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Abstract

AI-generated summaries and reports are increasingly used in
high-stakes settings, like policing, despite considerable evi-
dence that AI often generates misleading or inaccurate infor-
mation. This research asked: do errors in AI-generated sum-
maries distort human memory? To answer this question, we
adopted two methodological approaches. First, we conducted
an analysis of AI summary output, prompting popular large
language models to generate summaries of videos. This anal-
ysis quantified how often AI summaries contain errors and the
categories of these errors (e.g., omission of critical details;
hallucinations), providing insight into the kinds of mislead-
ing information that may distort human memory. Second, we
conducted a human-subjects experiment to empirically test
the impact of misleading information in AI-generated sum-
maries on human memory. Participants were first exposed to
an event via watching a video of a car-pedestrian accident,
and later read an AI-generated summary describing the video
that either contained misleading or accurate information. Par-
ticipants’ memory for the original event was assessed in a
memory recognition test. This work contributes several novel
findings. In the AI analysis, we found a high frequency of
mistakes in AI summaries, and particularly frequent omis-
sions of critical details. For instance, the majority of sum-
maries omitted the most central event of the video, a critical
error which is likely to be impactful in high-stakes settings.
We also observed a strong effect of AI misinformation on
human memory. People who read a misleading AI summary
were significantly less likely to accurately recall the origi-
nal event, compared to people who read an accurate AI sum-
mary. These findings have implications for how AI should be
used in critical settings. Though “humans-in-the-loop” are of-
ten expected to correct for AI’s mistakes, our work suggests
human memory can instead be distorted by these mistakes.
AI has the potential to generate misinformation, even absent
any adversarial intent, which can meaningfully impact human
memory.

Data and Supplementary Materials —
https://osf.io/wmjtn

Introduction
Generative AI is being rapidly adopted and integrated for
use in high-stakes settings, like policing (Potts et al. 2024),
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hiring (Schellmann 2024), and healthcare (Doximity 2026).
For instance, police departments can now automatically gen-
erate police reports from body-worn camera footage or au-
dio (Kulkarni et al. 2025). However, these AI-generated re-
ports or summaries can include mistakes. In one such ex-
ample, an AI-generated police report mistakenly claimed a
police officer shape-shifted into a frog after picking up on
audio from “The Princess and the Frog” playing in the back-
ground (Tangermann 2026). To account for AI’s fallibility
in high-stakes settings, guidelines typically suggest human
oversight, in which a person should check AI output to en-
sure the accuracy of the information (Potts et al. 2024).

Unfortunately, human memory is also fallible, and the
assumption that people can notice and correct for errors
in AI output may not always be true. In our work, we
ask: how might misleading information in an AI-generated
summary impact human memory? In fact, human memo-
ries can be quite susceptible to mistakes or misleading in-
formation. A seminal theory in the field of human memory,
the misinformation effect, demonstrates that people’s mem-
ories for events can be distorted by exposure to mislead-
ing information or misinformation after an event (Loftus,
Miller, and Burns 1978; Loftus 2005).1 Because AI can re-
lay information (and misinformation) confidently and per-
suasively (Danry et al. 2025; Kabir et al. 2024; Kidd and
Birhane 2023), and because these outputs are used in a vari-
ety of impactful settings (Potts et al. 2024; Doximity 2026),
there is a real risk of AI creating misinformation at an un-
precedented scale — and perhaps impacting human mem-
ory, as well.

We adopted two distinct approaches to explore the impact
of AI summaries on human memory. First, we conducted
an analysis of AI summary output to quantify the fre-
quency and the category of errors that appear in AI-
generated summaries. Here, we prompted popular large
language models (LLMs) to summarize videos before quan-
tifying how often errors occur and how errors occur — in
other words, what categories or classes of errors arise in the
output? Rather than conducting a systematic analysis of a

1Throughout this paper, we use the term “misinformation” con-
sistent with its use in the human memory literature, which refers to
misinformation via both its definition as misleading or inaccurate
information, and as the psychological effect misleading informa-
tion has on human memory (the “misinformation effect”).
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wide range of videos, we conducted a more limited analysis
of two brief, straightforward videos that are classically used
in the human memory literature (Loftus, Miller, and Burns
1978; Wiechert et al. 2026) to more deeply understand the
AI errors that might impact human memory. This analysis
posed the following hypothesis:

• H1: AI-generated summaries will include a meaningful
frequency of errors across a range of categories that could
be impactful for human memory.

Second, we conducted a human-subjects experiment to
empirically test the impact of errors in AI-generated
summaries on human memory. Here, people witnessed an
event (by watching the same classic memory videos used
in the above analysis) before reading an AI-generated sum-
mary of the event that either contained accurate or mis-
leading information about the event. People then completed
a memory test assessing their recollection for the original
event. Our central hypothesis was:

• H2: Misleading information in an AI-generated sum-
mary will distort people’s memories for an event: i.e., an
AI-enabled misinformation effect.

We also tested whether people’s susceptibility to misin-
formation would depend on whether they believed the sum-
mary was AI-generated versus human-written. To do so, hu-
man participants were first told that the summary was writ-
ten by either an AI model or a human (though in actual-
ity, the summary was identical across conditions and was
generated by ChatGPT). People also responded to questions
assessing their trust in AI. This test posed three alternative
hypotheses:

• H3a: People will be similarly susceptible to misinforma-
tion believed to be generated by AI and humans.

• H3b: People will be more or less susceptible to misinfor-
mation believed to be generated by AI than by a human.

• H3c: People’s susceptibility to misinformation will de-
pend on how much they trust AI.

This work makes several contributions. To foreshadow
our findings, we observed that AI-generated summaries in-
cluded a high frequency of errors across a range of cate-
gories. For instance, we found frequent omissions of criti-
cal details in each AI summary in our analysis, a type of
error that can likely degrade human memory. Centrally, we
also found that misleading information in an AI-generated
summary distorted people’s memory. People were suscepti-
ble to misleading information in AI summaries, regardless
of whether they believed the summary was AI-generated or
human-written, and regardless of how much they trusted AI
or used AI. These findings have real implications for human-
AI collaboration in high-stakes settings. Whereas humans
are often positioned to account for and mitigate AI’s mis-
takes, our work demonstrates that these mistakes in AI out-
put could instead manipulate human memory, even for those
who might be more skeptical of AI’s output. By apply-
ing psychological theories of human memory to the rapidly
evolving landscape of generative AI, we demonstrate both

human memory and AI are fallible, together painting a con-
cerning picture for human-AI collaboration in critical set-
tings where AI is increasingly adopted.

Background and Related Work
Misinformation and False Memories
For over 50 years, human memory researchers have ex-
plored the ways in which our memories are susceptible
to manipulation (Loftus 1975, 2005). This research sur-
faced a phenomenon now known as the misinformation ef-
fect: people’s recollection of events are often altered after
exposure to inaccurate or misleading information (Loftus,
Miller, and Burns 1978). In this classic study (and later
replications) (Wiechert et al. 2026), people witnessed a car-
pedestrian accident, in which a car comes to an intersection
with either a stop sign or a yield sign. After, people were
exposed to information about the traffic sign that was either
accurate, misleading, or neutral (no mention). Finally, in a
forced-choice memory recognition task, people had to recall
whether they originally saw a stop sign or a yield sign. Those
who were exposed to misleading information were consid-
erably more likely to misremember the critical traffic sign
detail.

The impact of misleading information can be quite pow-
erful. Indeed, even a seemingly minor semantic detail, such
as the strength of a verb used to describe a car crash (e.g.,
“smashed” versus “hit”), can alter later memory for related
details like the speed of the cars (Loftus and Palmer 1974).
More dramatic examples of misinformation include what
are sometimes called “rich false memories,” in which 25%–
35% of adult participants were susceptible to a detailed false
memory of being lost in the mall as a child (Loftus and Pick-
rell 1995; Murphy et al. 2023).

Once a false memory is implanted, it can also be quite ro-
bust and resilient. The effect of misleading information on
human memory often persists even when people are directly
warned that they were exposed to misinformation (Eakin,
Schreiber, and Sergent-Marshall 2003), and when people are
told that everything they read after an event was inaccu-
rate (Lindsay 1990). In other words, many people’s mem-
ories are still swayed by misleading information, even when
they are told to ignore the information (cf. Highhouse and
Bottrill 1995). Once a false memory is implanted, it can be
difficult to correct the memory later.

Though the misinformation effect is widely studied, tech-
nological advances facilitate novel ways of spreading mis-
information and potentially impacting human cognition. In
our work, we investigated how AI might facilitate a new it-
eration of the misinformation effect.

AI Misinformation and Its Impacts on People
It is now widely documented that LLMs (e.g., ChatGPT,
Gemini) have a tendency to “hallucinate” (Rawte et al. 2023;
Xu, Jain, and Kankanhalli 2024), perpetuate bias (Gue-
orguieva and Caliskan 2026; Nicolas and Caliskan 2025;
Raj et al. 2026; Wilson and Caliskan 2024), omit relevant
information (Oukelmoun et al. 2025), and make otherwise
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inaccurate claims (Kabir et al. 2024; Zhou et al. 2023). Con-
sequently, AI has the potential to spread impactful misinfor-
mation, even absent any adversarial intent.

A full review of the literature on LLM failure rates and
categories is beyond the scope of our paper, but this work
supports the idea that AI output frequently contains errors
that could impact human memory. Researchers have sur-
faced, quantified, and taxonomized categories of errors in
AI-generated summaries (Rawte et al. 2023; Xu et al. 2024).
In research on dialogue summaries, for example, the output
inaccurately ordered chronological events, missed important
details, and made baseless inferences (Ramprasad, Ferra-
cane, and Lipton 2024). Errors are also studied in higher-
stakes contexts where AI-generated summaries are increas-
ingly used. For instance, AI-generated medical summaries
sometimes include hallucinations and omissions (Oukel-
moun et al. 2025; Asgari et al. 2025), errors which could
be highly impactful in a clinical context. Such mistakes per-
sist in human-AI interactions beyond summarization. For in-
stance, seeking information from ChatGPT often yields in-
accurate responses (Kabir et al. 2024). Further, AI chatbots
or companions are prone to highly sycophantic behaviors
like flattering and agreeing with users, which can degrade
the output’s accuracy and reliability (Cheng et al. 2026;
Fanous et al. 2025; Lee et al. 2026). Though we do not con-
duct a large-scale AI analysis to systematically study model
behavior, questions which are thoroughly studied by these
researchers and many others, our research is the first to be-
gin to categorize AI summary misinformation (i.e., errors)
in ways relevant to human memory effects.

In the face of considerable evidence for the fallibility of
AI, increasing attention has turned toward understanding
how AI interaction or exposure may be impactful for hu-
man cognition. For instance, exposure to biased simulated
output from LLMs and text-to-image models can impact hu-
mans’ own decision-making (Wilson et al. 2025) and im-
plicit bias (Sim et al. 2025). Interactions with AI can even in-
fluence personal beliefs and attitudes more powerfully than
typical interventions (Lin et al. 2025; Hackenburg et al.
2025). Indeed, persuasive messages generated by AI are of-
ten perceived as stronger than human-generated persuasive
messages (Karinshak et al. 2023).

Of increasing interest is how AI-generated misinforma-
tion in particular might impact users (Kidd and Birhane
2023). People are often susceptible to this misinformation:
for instance, when verifying answers to programming ques-
tions provided by ChatGPT, programmers overlooked nearly
40% of errors in ChatGPT’s responses (Kabir et al. 2024).
Chatbots can even influence people’s political preferences
by presenting relevant evidence and facts, including inac-
curate and hallucinated claims (Lin et al. 2025; Hacken-
burg et al. 2025). Purposefully deceptive misinformation
generated by AI can also be highly impactful and persua-
sive (Danry et al. 2025; Goldstein et al. 2024; Zhou et al.
2023). Relevant to the present work, AI misinformation can
also impact human memory. Memories for news articles
or photos were influenced by interacting with a mislead-
ing chatbot (Pataranutaporn et al. 2025a) or exposure to AI-
edited images (Pataranutaporn et al. 2025b). Building on this

work, we study how misleading AI-generated summaries,
increasingly used in a variety of contexts, may impact hu-
man memory.

A related and novel question investigated in our work
is whether people’s susceptibility to misinformation is im-
pacted by the belief that the information was human-written
versus AI-generated. Information source can impact human
perception: people tend to prefer AI-generated information
unless it is explicitly labeled as AI-generated (Karinshak
et al. 2023). Further, people are aware that AI-generated in-
formation contains errors, and thus are more skeptical of
its output (Kabir et al. 2024). Yet users also increasingly
rely on AI for work, information-gathering, and other high-
stakes tasks for which accuracy is key (Angrisani et al.
2026; Milella and Cabitza 2026), suggesting at least some
users see AI as a highly reliable source. Further, sources
that appear confident and objective, like AI, are more read-
ily trusted (Kidd and Birhane 2023). Therefore, we explored
whether human memory’s susceptibility to misleading infor-
mation depends on the supposed source: AI or human.

Methodology
Our methodology consisted of two parts. First, we con-
ducted an analysis of popular AI models with video-to-text
summarization capabilities to quantify the number of AI out-
put errors and the category of these errors. Second, we con-
ducted a human-subjects experiment in which we tested the
degree to which an error in an AI-generated summary would
distort people’s memories — that is, an AI-enabled misinfor-
mation effect.

AI Summary Analysis Procedure
We conducted an analysis to quantify and categorize the er-
rors produced in AI-generated video summaries with two of
the most popular large language models with video-to-text
summarization capabilities: ChatGPT-5.5 (OpenAI 2026)
and Gemini 2.5 Flash-Lite (Gemini Team 2025). We focused
the analysis on the two 25-second videos that were also
presented to participants in the human-subjects study (see
Human Memory Study Procedure below), both of which
were used in prior memory studies and depict an animated
car-pedestrian accident (Wiechert et al. 2026). Rather than
conducting a large-scale analysis of many videos, we con-
ducted a smaller analysis of these two videos, prompting
each model five times per video. This analysis allowed us
to use the same videos across both the AI analysis and
the human study, so that our work is consistent and deeply
grounded in the human memory literature (Loftus, Miller,
and Burns 1978; Wiechert et al. 2026). This also allowed
us to investigate the consistency of models across time —
that is, do models consistently make the same errors, or
do models make different errors randomly across repeated
tests? The videos were also a conservative test of errors:
videos were short, simplistic, and presented minimal details
or events, which may actually reduce the likelihood of errors
and make any resulting errors more striking. This process led
to 20 total video summaries which were qualitatively coded
for errors.
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Videos. The two videos were created in a recent replica-
tion study (Wiechert et al. 2026), which modernized mate-
rials from a classic human memory study paradigm (Lof-
tus, Miller, and Burns 1978). We selected these videos be-
cause of the significance of this study paradigm in the hu-
man memory literature, and because the videos were pub-
licly available online. The videos showed an animated de-
piction of a car-pedestrian accident created in Grand Theft
Auto V (Rockstar Games 2013). The two videos were simi-
lar in content with the exception of a traffic sign: the videos
show a red car approaching an intersection with either a stop
sign or a yield sign. Both videos show the red car turning
right at an intersection as a pedestrian walks into the road.
The car collides with the pedestrian, who falls to the ground.
The pedestrian stands up, the driver of the car exits the vehi-
cle, and the driver and the pedestrian meet.

Prompting the Models. We chose to use a single prompt
across the AI analysis because the goal of this work was
not to systematically study how different prompts change the
output of LLMs, questions that other researchers are study-
ing deeply (Cantini and De Mauro 2026; Marvin et al. 2024;
Schulhoff et al. 2025). Instead, our goal was to select a high-
quality prompt with which we could quantify the different
kinds of errors arising in LLM output.

In order to select the prompt, we conducted a series
of preliminary tests trying different prompts and models
for video summarization. For instance, we experimented
with example prompts designed to summarize body cam
footage (Adams 2024). We also prompted ChatGPT to gen-
erate a prompt idea based on our basic experimental design,
which we tested. These prompts all included explicit instruc-
tions to maintain neutrality, be factual, and avoid making in-
ferences. When testing prompts that omitted neutrality in-
structions, we observed what appeared to be qualitatively
different summaries as a result, often lower quality with
more erroneous assumptions. In order to adopt a conserva-
tive approach with reasonable, higher-quality instructions,
our prompt included direction to generate neutral and fac-
tual summaries.

Further, we included a word minimum to generate sum-
maries of fairly consistent lengths (at least 300 words),
based on some existing guidelines for standard-length AI-
generated reports (Axon 2026). We also conservatively
added instructions to ensure everything important is in-
cluded in the summary, due to a high frequency of notable
omissions observed in initial testing. These prompt choices
were intended to give the model its “best chance” at gener-
ating accurate summaries.

The final prompt reads:
I am seeking your expertise in generating a narrative
from a video. Generate a factual, neutral text sum-
mary that is at least 300 words and provides a coher-
ent narrative of everything that happens in this video.
Do not introduce new facts, speculation, or interpreta-
tions. Make sure everything important is included in
the summary. Write in third person, past tense. Pro-
duce only the summary text.

All final queries were done in Spring 2026. To ensure re-

peated prompt responses were not affected by prior memory
of the video, each query was run using a fresh upload of
the video and prompt each time, on fresh instantiations of
the model, five separate times. This created a corpus of five
responses from the yield sign video with Gemini, five re-
sponses from the stop sign video with Gemini, five responses
from the yield sign video with ChatGPT, five responses from
the stop sign video with ChatGPT — or 20 total summaries;
10 for each video; and 10 for each model. The responses
from the model were saved to a CSV.

Coding Analysis. In order to code the AI summaries,
three researchers first independently coded videos for arti-
facts before meeting to refine and standardize a list of what
we considered to be the “central details” of the event. The
list was generally intended to capture the “who,” “what,”
“when,” “where,” and “why” of the event. The final list in-
cluded 19 central details.

Prior to coding the summaries, we agreed upon four dif-
ferent classes or categories of errors to analyze based on
our initial testing: 1) omissions, or failure to mention one
or more of the 19 central details; 2) critical inaccuracies, or
errors describing the 19 central details; 3) non-critical inac-
curacies, or errors unrelated to the central details; and 4) ad-
ditions, or hallucination-like addition of details not present
in the event. Each error could only be coded in a single cat-
egory.

Two researchers independently coded each resulting sum-
mary to quantify and categorize the errors. To do so, both
researchers coded each independent occurrence of a cen-
tral detail omitted, a central detail described inaccurately,
a non-central detail described inaccurately, and hallucinated
additions, resulting in “counts” within each class of error
for each summary. Whereas the first two categories were
coded based on the pre-determined central details list, the
latter two categories were coded without pre-determining a
list of non-central details or potential hallucinations; in other
words, researchers simply coded any other inaccuracies or
additions in the summaries that were inconsistent with the
videos. The researchers met to resolve disagreements, re-
viewing the videos to reach a final consensus.

Human Memory Study Procedure
Participants completed a two-part study online via Prolific.
The experimental design was a conceptual replication and
extension of a classic memory study paradigm in which
participants see a car-pedestrian accident and later read a
summary of the accident that manipulates whether the car
came to a stop sign or a yield sign, a critical detail which
participants are then asked about in a memory recognition
task (Loftus, Miller, and Burns 1978; Wiechert et al. 2026).
We retain these core elements of the paradigm and extend
it to investigate whether AI-generated summaries produce
a misinformation effect amongst human participants, and
whether participants’ memories are further influenced by be-
lieving that the summary is either AI-generated or human-
generated. See Appendix for the full materials and measures.

Part 1: Encoding the Original Event. In the first part of
the study, participants were told they would be acting as
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Gender % Age % Race/Ethnicity %
Man 51.8 18-24 5.2 White/European American 77.1
Woman 46.6 25-34 23.8 Asian/Asian American 10.4
Non-Binary 1.2 35-44 32.3 Black/African American 9.5

45-54 23.5 Hispanic/Latino 6.1
55-64 7.9 Multiple Identities Selected 5.2
65+ 7.3 Native Hawaiian/Pacific Islander 0.3

Table 1: Participant self-reported demographic frequencies.

an eye-witness to an animated car-pedestrian accident and
were asked to pay close attention to the video. Participants
watched one of two 25-second animated videos created in
Grand Theft Auto V by researchers of the original study;
videos are available online via their paper (Wiechert et al.
2026). The videos showed a red car approaching an inter-
section with either a stop sign or a yield sign. The traffic
sign was counterbalanced across videos (i.e., people were
randomly assigned to see one of the two signs) to rule out
potential stimulus effects, such as if one traffic sign was par-
ticularly memorable and created unique effects. Otherwise,
both videos showed the same events with differences in only
peripheral visual details (see description in “Videos” sec-
tion of AI Summary Analysis Procedure). After participants
watched the video, they answered an attention check ques-
tion which asked the color of the main car in the video to
ensure they paid attention. Only participants who correctly
answered “red” were invited to take the second part of the
study.

Part 2a: Post-Event Summary. We implemented a 24–
48 hour gap between the two parts of the study, consistent
with findings that the impact of misleading information on
memory is stronger after a longer time delay (Loftus, Miller,
and Burns 1978; Wiechert et al. 2026). Twenty-four hours
after watching the video, participants who passed the atten-
tion check were invited to take part in the rest of the study via
Prolific, which was live online for the subsequent 24 hours
or until all participants completed the study.

In the second portion of the experiment, participants read
a 21-sentence AI-generated text summary describing the de-
tails of the video.

The AI-Generated Summary. In our experimentation
with video summarization, ChatGPT often produced sum-
maries with errors, such as the omission of critical details,
and these errors were often irregular or inconsistent across
responses. Thus, one researcher (on a separate account
from the AI summary analysis prompting) repeatedly re-
prompted ChatGPT, ultimately selecting one of the higher-
quality summaries returned to show participants (with minor
modifications to ensure accuracy, described below; see Ap-
pendix for the full original and modified summary).2 While

2After noticing prompts were omitting details of the car-
pedestrian accident, one researcher used a new ChatGPT account
(separate from the account used in the AI analysis) to re-prompt
the model until the accident was included in the resulting summary.
Subsequently, in some cases, ChatGPT would return accurate de-
tails, whereas in other cases, it would not. We consider it beyond

this re-prompting process may not accurately represent all
uses for ChatGPT-based summarization (i.e., we already
knew the central details of the video and were striving to
ensure the AI summary included those details), our process
ensured that the summary used in this part of the study was
a valid ChatGPT output.

The final summary was generated using the same prompt
as in the AI Summary Analysis Procedure, and summarized
the yield-sign video. There were slight peripheral differ-
ences between the yield video and the stop video, such as
different advertisement boards and surrounding buildings.
However, we chose to use one consistent summary for all
participants in order to avoid confounding differences across
conditions. Indeed, generating two separate summaries for
different videos in ChatGPT often yielded meaningfully dif-
ferent text, with variability in descriptions and errors.

Thus, we made only minor edits, such as removing the
specific details that were inconsistent across the yield and
stop videos so that the summary would be accurate regard-
less of which video participants watched (e.g., removing de-
scriptions of specific ad signs), and adding minor text that
had been previously generated by ChatGPT. For instance, in
prior experimentation, AI summaries of the stop sign video
described it as a “red stop sign,” and thus, this AI-generated
text was injected back into the summary for participants who
were assigned to read the stop sign summary.

Experimental Conditions. Prior to reading the summary,
participants were first randomly assigned to one of two
“Summary Conditions,” in which they read that the sum-
mary was written by either an AI software designed to pro-
fessionally transcribe videos (AI Condition), or a person who
works as a professional video transcriber (Human Condi-
tion). In actuality, the summary was identical for all partic-
ipants (with the exception of one critical traffic sign detail)
and was generated by ChatGPT.

In addition, participants were randomly assigned to one
of two “Information Conditions,” in which the summary in-
cluded a description of the traffic sign that was either consis-
tent with the sign from the video (Consistent Condition) or
inconsistent with the sign from the video (Misleading Con-
dition) — in other words, the summary described either a
stop sign or a yield sign, either of which could be consis-
tent or misleading depending on the original video. Though
we controlled the presence of the traffic sign description to
experimentally manipulate misinformation, we did so using

the scope of this study to diagnose exactly when and how ChatGPT
can evolve to produce better summaries.
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actual language output by ChatGPT, so that all text included
in the summary was originally AI-generated.

Part 2b: Remembering the Event. Immediately after
reading the summary, participants completed filler questions
assessing the quality of the summary. Participants were then
instructed to think back to the original video event (rather
than the AI- or human-generated summary) to answer a se-
ries of questions, emphasizing their answers should be based
on their own recollection of the video.

Participants responded to a 12-item memory recognition
task with two-choice response options based on the details
of the video. Ten of these questions were taken directly from
prior work (Wiechert et al. 2026). Of central interest was the
critical question, asking at which traffic sign the car came
to a hold at the intersection. Participants could select either
“stop” or “yield.”

Participants responded to a 10-item scale assessing trust
in AI (Wang et al. 2026), and reported their frequency of AI
use and other basic demographics before being debriefed.

Participants. All participants were recruited from Prolific
and compensated at the minimum wage rate of the first
author’s city, which is higher than the federal minimum
wage. We relied on an a priori power analysis conducted
in G*Power (Faul et al. 2007) from prior work (Wiechert
et al. 2026), which determined that at least 63 participants
per condition would provide 80% power to detect a medium
effect size in a Chi Square test (w = 0.25, df = 1). We over-
sampled to account for participant drop-off and attention
check failures, collecting data from 360 adult U.S.-based
participants in part 1. Using Prolific’s available screeners,
participants were required to be fluent in English and to re-
port having no issues seeing colors. Five of these 360 partic-
ipants were not invited to participate in the full study due to
a failed attention check (but were still paid for their partici-
pation in part 1).

In total, 331 participants completed both parts of the
study. Three of these participants failed an attention check
in part 2, leaving 328 participants included in analyses (AI
Consistent Condition n = 82; AI Misleading Condition
n = 80; Human Consistent Condition n = 83; Human Mis-
leading Condition n = 83). See demographics in Table 1.

Results
All data and supplementary appendix materials are available
online (https://osf.io/wmjtn) for reproducibility and open
science.

AI Summary Analysis Results
We first quantified and categorized errors in AI summary
output (H1). We connected each category of error to find-
ings in the psychology literature that suggest the error could
likely be impactful for human memory.

AI Summary Errors Are Frequent and Irregular. We
first tested H1 to quantify the frequency and category of er-
rors in AI-generated summaries of our test videos.3

3See Appendix for a table including the counts of each error cat-
egory occurring across all twenty individual summaries (i.e., across

All twenty summaries included mistakes. Table 2 shows
the percentage of summaries that included each category of
error. We found a minimum of seven errors in each summary,
up to a maximum of twenty-one errors in a given summary
— notably high in summaries that averaged just 305 words.
Both ChatGPT and Gemini made mistakes, though the mis-
takes themselves descriptively varied. For instance, whereas
ChatGPT output included more errors of “addition,” Gemini
output included more errors when describing central details
of the event. In short, both AI models were prone to gener-
ating mistakes when summarizing videos.

The mistakes themselves were often inconsistent across
summaries. For instance, a car would be omitted in one
summary, but included in the next; hallucinated vehicles or
pedestrians would appear spuriously; the main car would
be described as turning right in one summary, and left in
the next. Although certain errors were particularly common
(e.g., omissions described in the next section), overall, errors
in AI summaries were not consistent or uniform.

AI Summaries Omit Critical Details. What kinds of mis-
takes arose most often in AI summaries? The most common
category of error was omission, or failure to mention the pri-
mary events of the video. Unlike the other categories of er-
rors, omission errors were present in every summary.

Table 3 shows the percentage of central details across
all summaries that were omitted, inaccurate, or accurate
(whereas Table 2 shows the percentage of summaries with
each category of error, Table 3 shows the percentage of cen-
tral details that were omitted altogether or misconstrued in
some way). Across all prompts and models, the summaries
omitted 51.6% of central details on average.

Most notably, all but one summary (95% of summaries)
omitted the single most central detail of the event: the car
colliding with the pedestrian. 90% of summaries also omit-
ted related key details of the event, in which the pedestrian is
lying on the ground and stands up after the collision. Some
summaries even omitted the pedestrian altogether, such as
one summary that goes so far as to say “no other characters
or vehicles interacted directly with the scene.”

Result: AI summaries omitted critical details.
Connection to Human Memory: Human memory
is often degraded when accurate details are omit-
ted from (human-written) text (Loftus, Miller, and
Burns 1978).

AI Summaries Misconstrue Critical and Peripheral De-
tails. AI summaries also included a notable number of
critical inaccuracies, or errors when describing the 19 cen-
tral details of the videos. 65% of summaries inaccurately
described at least one central detail. Summaries contained
an average of 1.15 errors related to central details, or 6.1%
of central details described inaccurately across summaries.
For instance, summaries often inaccurately described inter-
actions between different elements of the scene (e.g., a car
passing around another car), patterns of movement (e.g., a

the two models and repeated prompts for the stop and yield videos).
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Omissions Critical Inaccuracies Non-Critical Inaccuracies Additions
ChatGPT 100% 30% 80% 70%
Gemini 100% 100% 100% 50%
Total 100% 65% 90% 60%

Table 2: Percent of summaries that included at least one of each category of error.

Omissions Inaccuracies Accuracies
ChatGPT 52.1% 3.2% 44.7%
Gemini 51.1% 9% 40%
Total 51.6% 6.1% 42.4%

Table 3: Percent of central details omitted, inaccurate,
or accurate across all summaries in each model.

car turning right, a pedestrian walking into the road), and
chronological sequences of events (e.g., a car stopping be-
fore a driver exits the car). In our analysis, Gemini appeared
more prone to this category of error compared to ChatGPT.

AI summaries misconstrued more peripheral or non-
central details of the videos, as well, averaging 2.05 non-
critical inaccuracies per summary. For instance, summaries
often inaccurately described visual elements of the scene
like the text on signs or positions of the cars.

Result: AI summaries inaccurately described im-
portant and minor details.
Connection to Human Memory: Inaccurate de-
scriptions of both central and peripheral details
in (human-written) summaries can distort mem-
ory (O’Donnell and Chan 2025).

AI Summaries Hallucinate and Directly Contradict or
Alter Central Details. Finally, AI summaries also in-
cluded notable hallucinations or additions of details not in-
cluded in the videos, with an average of 1.6 errors per sum-
mary. Over half of the summaries (60%) included at least
one hallucination or addition. For instance, summaries hal-
lucinated additional pedestrians and vehicles, erratic vehicle
movements, and inferences about characters’ intentions, all
of which meaningfully alter or misconstrue important events
in the video.

Some AI summaries included errors that directly contra-
dicted important details. For instance, one summary stated
that the pedestrian slightly repositions but does not enter the
roadway, whereas the video shows the pedestrian walking
into the road, a key sequence of events which causes the car-
pedestrian accident.

Result: AI summaries added erroneous details.
Connection to Human Memory: Inaccurate addi-
tions to an event in (human-written) text can implant
false memories (Loftus 1975).

Human Memory Study Results
We next empirically tested the claim that an error in an
AI summary could distort human memory (H2), with data
from the human-subjects experiment. We further investi-
gated whether human susceptibility to misinformation de-
pended on the supposed source of information or people’s
trust in AI (H3).

A Misleading AI Summary Distorts Human Memory.
We tested our central hypothesis (H2) that AI summaries
containing misleading information would impair people’s
memory for that information. There was a significant rela-
tionship between the Information Condition and the like-
lihood of answering the critical traffic sign question cor-
rectly, χ2 = 53.937, p < .001. Consistent with our hy-
pothesis, 83.6% of participants who read a consistent sum-
mary answered the critical question correctly, compared to
only 44.8% of participants who were correct after reading
a misleading summary.4 These results demonstrate a strong
AI-enabled misinformation effect, whereby misleading AI
summaries distort memory.

Memory Finding: Misleading information in an AI
summary can distort people’s memory for an event.

People are Similarly Susceptible to AI and Human
Misinformation Regardless of Their Trust in AI. We
next tested whether susceptibility to misleading information
would depend on whether people believed the summary was
written by an AI model versus a human (H3). There was
no significant relationship between the Summary Condition
(AI- versus human-labeled) and the likelihood of answering
the critical question correctly, within either the consistent
condition, χ2 = 1.181, p = .277, ϕ = .085, or the mislead-
ing condition, χ2 = 0.136, p = .712, ϕ = −.029.

In other words, there was a strong misinformation effect
regardless of how people believed the summary was writ-
ten, indicated by significant relationships between the Infor-
mation Condition and the likelihood of answering the criti-
cal question correctly, within both the AI-labeled summary
condition, χ2 = 20.499, p < .001, ϕ = −.356, and the

4The misinformation effect was strong in magnitude regard-
less of whether participants originally saw the stop sign video,
χ2 = 37.995, p < .001, ϕ = −.481, or the yield sign video,
χ2 = 25.002, p < .001, ϕ = −.390, though overall accuracy was
higher for those who saw the stop sign video. Prior work found peo-
ple do encode the traffic sign to memory without summaries, with
80.26% of people correctly recalling the traffic sign after watching
the video (Wiechert et al. 2026).
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human-labeled summary condition, χ2 = 34.345, p < .001,
ϕ = −.455 (see Figure 1).

Descriptively, amongst participants who read misleading
summaries, just 46.3% in the AI condition and 43.4% in the
human condition answered the critical question correctly.
Human memory was strongly susceptible to misinformation,
regardless of whether the summary was supposedly written
by a human or an AI model, supporting Hypothesis 3a.

Memory Finding: Misleading AI summaries can
consistently distort human memory, regardless of
whether summaries are supposedly human-written
or AI-written.

We also explored whether participants’ level of trust in
AI or frequency of using AI would moderate the extent to
which they were susceptible to misinformation across the AI
and human conditions. We first created a composite AI Trust
variable averaging across 10 items (α = .959; M = 3.10,
SD = 0.97; higher numbers = more AI trust).

We conducted a binary logistic regression to investigate
the interaction between Summary Condition (Human = 0,
AI = 1), Information Condition (Consistent = 0, Mislead-
ing = 1), and AI Trust (mean-centered) on the likelihood
of answering the critical traffic sign question correctly (0
= incorrect; 1 = correct). There were no significant interac-
tions (ps > .16), including the central three-way interac-
tion, β = −0.131, SE = 0.577, p = .820, exp(β) = .877,
nor was there a significant relationship between AI trust and
the likelihood of answering the critical question correctly,
β = −0.344, SE = 0.381, p = .366, exp(β) = .709.

Running the same binary logistic model but with partici-
pants’ reported frequency of AI chatbot use (mean-centered;
M = 3.06, SD = 0.93) replacing AI trust, the three-way
interaction was not significant, β = −0.240, SE = 0.397,
p = .547, exp(β) = .787, nor was there a significant re-
lationship between frequency of AI use and the likelihood
of answering the critical question correctly, β = −0.068,
SE = 0.188, p = .718, exp(β) = .934.

Memory Finding: The extent to which people trust
AI or use AI does not change their susceptibility to
misleading AI summaries.

Therefore, the susceptibility of human memory to misin-
formation did not depend on whether people believed the
summary was written by an AI model or a human, nor did it
depend on trust or familiarity with AI.

Non-Critical Questions. Finally, we explored several
non-critical questions. We tested accuracy on non-critical
memory questions to address the possible critique that par-
ticipants had no memory of the original video event, and
were instead relying entirely on the text summary. We tested
accuracy on a question which was not mentioned in the sum-
mary: namely, the time at which the accident occurred (day
versus night). 96.6% of participants correctly identified that
the accident occurred in the daytime, providing strong evi-
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Figure 1: Percent of participants who answered the critical
question correctly across conditions. Vertical error bars rep-
resent 95% confidence intervals.

dence that participants were able to recall the original event.
On average, participants answered correctly to 91.4% out of
11 non-critical questions.

Although not central to our hypotheses, we also investi-
gated whether participant ratings of summary clarity, read-
ability, or enjoyment would differ across conditions. There
were no significant effects of Information Condition (ps >
.410, n2

ps < .003), nor significant interactions between
Summary Condition and Information Condition (ps > .290,
n2
ps < .004), on any of these variables. However, there

was a significant effect of Summary Condition on per-
ceived clarity of the text summary, F (1, 326) = 7.800,
p = .006, n2

p = .024. Participants believed the human-
labeled summary was more clearly written (M = 9.01,
SD = 1.07) than the AI-labeled summary (M = 8.62,
SD = 1.47), t(326) = −2.792, p = .006, d = −0.31,
95%CI[−0.53,−0.09] (though in actuality, the summaries
were identical). Participants also rated the human-labeled
summary as descriptively (but not significantly) more read-
able (M = 9.16, SD = 1.14) than the AI-labeled summary
(M = 8.97, SD = 1.34), p = .159, d = −0.16.

Discussion
The extent to which mistakes in AI summaries impact hu-
man cognition is critical to understand as AI is increasingly
used to summarize important information in real-world con-
texts. In this work, we adopted two distinct methodologi-
cal approaches to investigate errors in AI summaries and
their impact on human memory. Centrally, we conducted
a human-subjects experiment simulating human-AI interac-
tion in which we empirically demonstrated that misleading
information in an AI summary distorted people’s memories
for an event (H2). Given the widespread use of LLMs in
both organizational contexts and amongst daily individual
users (Angrisani et al. 2026; Doximity 2026; Milella and
Cabitza 2026; Potts et al. 2024), our findings suggest the po-
tential for AI to create misleading information at scale —
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with real consequences for human memory.
We also found that people were susceptible to misinfor-

mation in AI summaries regardless of whether they believed
the summary was written by AI or a human (H3). This find-
ing extends our theoretical understanding of the misinfor-
mation effect, a phenomenon studied in the psychology lit-
erature for over 50 years (Loftus 1975, 2005). Misleading
information, as classically written or administered by hu-
mans, has a robust impact on human memory. Our find-
ings contribute to a recent wave of work on AI and mem-
ory (Pataranutaporn et al. 2025a,b), which extends the mis-
information effect to generative AI technologies, and we
provide novel evidence that the effect may be robust to the
apparent source of misinformation. Indeed, people are often
more skeptical of information believed to be generated by
AI (Kabir et al. 2024; Karinshak et al. 2023), though many
people also increasingly rely on AI for information (An-
grisani et al. 2026; Milella and Cabitza 2026). Despite po-
tentially polarizing opinions about AI, we found that the
misinformation effect is strong in magnitude, regardless of
whether the source is believed to be AI or human.

Even further, the impact of misleading AI summaries on
human memory did not depend on people’s trust or famil-
iarity with AI. These results are particularly striking: even
those who are critical of AI may be susceptible to an AI-
enabled misinformation effect. In other words, an awareness
that AI makes mistakes may not be enough to combat the
effect of misleading information in an AI summary on hu-
man memory. Yet AI frequently generates mistakes, biases,
and hallucinations (Rawte et al. 2023; Wilson and Caliskan
2024; Kabir et al. 2024), and in some contexts, people col-
laborating with AI are expected to notice and mitigate these
errors (Tabassi 2023). Though we interpret a non-significant
statistical finding with caution, our results suggest that solu-
tions like increasing AI literacy alone may not be enough to
combat these effects.

AI Summary Errors in Human Memory Context
We also conducted an analysis of AI summary output for
videos that are significant to the human memory literature,
illustrating a high frequency of errors that are likely to im-
pact human memory (H1). A significant body of work is
focused on detecting, categorizing, and minimizing errors
in LLM output (Ramprasad, Ferracane, and Lipton 2024;
Rawte et al. 2023; Xu et al. 2024; Xu, Jain, and Kankan-
halli 2024). Our findings contribute to this literature and the
literature on human-AI interaction by connecting common
classes of errors in AI summaries to psychological mem-
ory effects, suggesting the errors could have a real impact
on people. For instance, the most common category of AI
summary error was omission, in which the summary failed
to mention central details of the videos. This type of error
has been empirically observed in higher-stakes AI-generated
summaries such as those used in medical settings (Oukel-
moun et al. 2025), and also has significant connections to
the human memory literature. Some studies of the misinfor-
mation effect include a “no information” condition, in which
people are exposed to summaries or post-event information
that omits a critical detail altogether. Though typically con-

sidered a control condition, people are less able to accurately
recall critical details after exposure to no information as
compared to accurate information (Loftus, Miller, and Burns
1978). Therefore, if AI-generated summaries omit important
details, this error may have impactful consequences for hu-
man memory.

In fact, all categories of errors we observed in AI-
generated summaries may be likely to impact human mem-
ory. In our human-subjects experiment, we implanted a false
detail into an AI summary that is akin to a critical inac-
curacy, or an inaccurate description of a central detail of
the video. This is perhaps one of the most commonly stud-
ied types of misinformation in the human memory litera-
ture, along with inaccuracies related to more peripheral de-
tails (O’Donnell and Chan 2025), with robust effects on hu-
man memory (as also demonstrated in our study). Relevant
to the error of hallucinations, which are frequently studied in
analyses of LLM behavior (Xu, Jain, and Kankanhalli 2024),
other studies demonstrated that “false presuppositions,” in
which people suggest the existence of objects that were not
actually present in an event, can implant false memories of
those objects (Loftus 1975). Thus, hallucinations or erro-
neous additions in AI summaries may be able to manipulate
human memory, as well.

Implications for AI Summaries in Practice
Broadly, our findings have implications for how AI should
be used in real-world settings. As generative AI is increas-
ingly aiding humans in high-impact decisions, most guide-
lines stress the importance of “humans-in-the-loop” to col-
laborate with AI and ensure the accuracy or appropriateness
of final decisions (Tabassi 2023). In other words, people are
expected to notice and mitigate potential biases or errors in
AI output. However, our work and other recent work calls
into question the effectiveness of this approach. For instance,
when collaborating with AI to make hiring decisions, people
tend to over-rely on AI recommendations, even when these
recommendations are racially biased (Wilson et al. 2025).

Our work contributes to growing evidence that the human-
in-the-loop strategy is not enough to account for AI’s mis-
takes. That errors in AI-generated summaries distort human
memory paints a particularly concerning picture when con-
sidering how AI may be used to summarize information in
real-world contexts, like policing. Though outlandish mis-
takes like an officer turning into a frog may be more easily
corrected (Tangermann 2026), our work demonstrates that
AI summaries could include a range of more subtle (yet still
impactful) errors, and these errors can alter human memory.

Notably, policing has been at the forefront of discussions
around the misinformation effect for as long as the effect has
been studied in psychology. The misinformation effect is of-
ten connected to eyewitness testimony, in which misleading
questions or interrogations can manipulate eyewitness mem-
ory (Loftus 1975; Loftus and Klemfuss 2024). Now, the use
of AI in policing and related settings raises new questions
about how the misinformation effect might manifest in a le-
gal context. Technological advances can change and exac-
erbate the influence of misinformation, problems worthy of
continued research and deep consideration as AI is adopted
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into these critical settings.
Finally, although a great deal of work in the area

of misinformation studies deliberate disinformation cam-
paigns (Goldstein et al. 2024; Zhou et al. 2023), in which
adversaries may seek to spread misinformation to manipu-
late or cause harm, the present work highlights a potential
harm that could arise with or without an adversary. AI gen-
erates misleading information without malicious intent, and
this misinformation can distort human memory. Together,
this presents a real risk of an AI-enabled misinformation ef-
fect, whereby AI can widely create misleading information
and consequently impact human cognition.

Open Questions and Limitations
The current work had limitations that may motivate fu-
ture work. First, we conducted a more limited analysis of
AI model output, which constrains the conclusions we can
make about LLM behavior. This analysis was based on two
videos previously utilized in the memory literature depict-
ing video game footage of a simple car accident, which lim-
its the generalizability of this work to other more realistic
videos. Further, we used a single standardized prompt and
analyzed a smaller number of resulting summaries. The goal
of our research was not to systematically study all errors in
LLM behavior, but rather to assess and illustrate how errors
manifest in videos grounded in the human memory litera-
ture. That we found errors with both ChatGPT and Gemini
does suggest the possibility for errors could be systemic: in
the summaries of two videos, both AI systems had signifi-
cant issues. However, we encourage future research to study
a higher volume of realistic videos and summaries to bet-
ter understand these errors, while also pointing to a signifi-
cant existing literature that more deeply studies current LLM
behavior (Ramprasad, Ferracane, and Lipton 2024; Rawte
et al. 2023; Xu et al. 2024; Xu, Jain, and Kankanhalli 2024).

Second, we tested whether people’s susceptibility to mis-
information in a video summary would differ depending on
whether they believed the summary was written by AI versus
a human. However, in actuality, all participants read an iden-
tical summary generated by ChatGPT. This design choice
provided us with more experimental control, whereby any
differences observed across conditions could be attributed to
the manipulation, rather than to confounding differences in
summary text. One possible weakness of this design is par-
ticipants in the human condition could have suspected that
the summary was actually AI-generated, reducing potential
differences across the AI and human conditions. However,
if true, we would not expect to see significant differences in
the perceived clarity of the identical summary across human-
labeled and AI-labeled conditions. Even further, participants
were similarly susceptible to supposedly human or AI mis-
information regardless of their trust in AI or how often they
reported using AI, suggesting human memory may be simi-
larly fallible regardless of the source.

Third, while video summarization can be a critical task in
some contexts, some real-world use cases may summarize
other forms of media, like audio transcripts (Kulkarni et al.
2025). It will be important for future work to investigate how
different forms of media may impact the accuracy and reli-

ability of AI summaries. In fact, one hypothesis is that sum-
maries created from audio transcripts alone could be less ac-
curate, given the wealth of visual contextual information that
would be missing from such transcripts. The methodological
choice to summarize videos may have served as a more con-
servative test of the errors in AI summary output, but future
work could study context-dependent methods of AI summa-
rization.

Fourth, we conducted a highly controlled human-subjects
experiment to expose people to an event and subsequent
misinformation, following typical procedures in the psy-
chological memory literature. However, complementary fu-
ture work may benefit from exploring how the misinforma-
tion effect manifests in more naturalistic studies conducted
within real high-stakes settings. Further, the conclusions of
our work are limited by studying only one type of misinfor-
mation in simple animated car accident videos. Future iter-
ations of these studies could include a range of frequently
occurring errors (e.g., omissions of critical details) based on
more realistic videos or events to further understand the im-
pact of AI errors on human cognition.

Inspired by our findings, another question to explore in
future work is whether or how to intervene during human-
AI collaboration. If AI summaries are used in high-stakes
settings like policing, are there strategies that can be imple-
mented to help officers resist the influence of misleading in-
formation? For instance, noticing or detecting discrepancies
between the original event and later misinformation can re-
duce the impact of misleading information on human mem-
ory (Putnam, Sungkhasettee, and Roediger III 2017). Warn-
ing people about potential discrepancies or misinformation
prior to reading AI-generated summaries may help prompt
people to notice errors (Greene, Flynn, and Loftus 1982;
Loftus and Klemfuss 2024). However, warnings are not al-
ways effective (Loftus 2005), and human memory can still
be susceptible to misinformation after such warnings (Eakin,
Schreiber, and Sergent-Marshall 2003). Given the robust ef-
fect of misleading information on human memory in our
findings, and the critical decisions at stake, a deeper question
to consider is whether AI should be used in these contexts at
all.

Conclusion
Taken together, we found that errors in AI-generated sum-
maries can distort human memory. The present work con-
tributes to a growing body of research suggesting AI has real
consequences for human cognition. Further, these findings
have implications for how AI should be used in high-stakes
settings, where humans who are meant to correct for AI’s
mistakes might instead be susceptible to false memories.
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