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Abstract
Many people now use AI chatbots to obtain summaries of complex topics, yet we know little about
how this affects knowledge acquisition, including how the effects might vary across different groups
of people. We conducted two experiments comparing how well people recalled factual information
after reading AI-generated or human-written historical summaries. Participants who read AI-
generated summaries scored significantly higher on knowledge tests than those who read
expert-written blog posts (Study 1) or Wikipedia articles (Study 2). These improvements were
present regardless of whether readers knew the content was AI-generated or if the AI summaries
were politically biased. Moreover, AI summaries improved recall across various demographic
groups, including gender, race, income, education, and digital literacy levels. This suggets that using AI
tools for everyday factual queries does not create new knowledge inequalities but could still amplify
existing ones through differential access. Our findings indicate that the increasingly routine use of AI
for information-seeking could enhance factual learning, with implications for education policy and
addressing inequality.
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Introduction

Artificial intelligence (AI) is transforming many domains of social life, including work, education,
and healthcare (Joyce et al., 2021). This includes recent large language models (LLMs) that are
already revolutionizing how many people access and consume information (Capraro et al., 2024;
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Liao et al., 2024; Milmo & Robins-Early, 2024). People can now find answers to a variety of
questions by asking chatbots, like OpenAI’s ChatGPT, or by using tools like Google’s AI
Overviews or Perplexity to summarize web queries. These tools have become widely adopted:
one-third of American adults report using chatbots according to an April 2025 Pew Survey
(McClain et al., 2025), and ChatGPT is reported to have over 500 million weekly active users.1 To
date, the implications of these novel technologies for learning are not well understood, with
scholarship emphasizing both promises and risks (Yan et al., 2024).

The goal of our research is to better understand how the everyday use of AI tools to learn factual
information influences knowledge acquisition and the extent to which this varies across social
groups. To do so, we address three related issues, building upon an emerging literature on the
impacts of AI usage. First, much of the existing work on AI and learning focuses on formal
schooling contexts (Bastani et al., 2025; Ma & Zhong, 2025; Zhu et al., 2025) rather than the
increasingly ubiquitous use of these tools for simple, mundane factual queries. As a result, we
know relatively less about how this kind of consumption of AI-generated content affects
knowledge acquisition compared to the consumption of easily accessible existing information
sources. Second, AI technologies risk “reinforcing hegemonic biases” present in their training data
(Bender et al., 2021, p. 613; Gillespie, 2024), potentially reproducing structural inequalities (Joyce
& Cruz, 2024; Joyce et al., 2021; Zajko, 2022), as other algorithmic technologies have done
(Benjamin, 2019; Noble, 2018). However, the precise mechanisms through which everyday AI
use for factual queries could perpetuate inequity remain unclear. Third, while scholarship em-
phasizes how AI can be used to create misinformation (Feuerriegel et al., 2023; Kreps et al., 2022;
Makhortykh et al., 2023), its outputs can easily be politicized (Argyle, Busby, et al., 2023) even if
they are not factually inaccurate. Thus, politicized yet factually sound summaries may affect
knowledge acquisition in distinct ways.

We focus on historical events, a relatively accessible form of knowledge that is widely en-
countered on the internet, often in the form of simplified summaries, and which offers an ideal case
for evaluating the impacts of AI on learning.Most people know how to approach andmake sense of a
text about a historical event, compared to descriptions of more abstruse topics like biological
mechanisms or statistical formulas. Additionally, people often construct an understanding of their
current social environment by referencing past events. Learning about the past (even, and perhaps
especially, from short summaries) is a common and familiar practice involved in understanding the
present. Moreover, recent media coverage indicates that AI is shaping the craft of professional
historians (Wasik, 2025), suggesting that the way AI describes events has significant implications for
how human history is presented.

We conduct two online experiments that test whether learning about a historical event by
reading summaries produced by ChatGPT results in a better or worse factual recall than reading
summaries written by humans. We compare the synthetic summaries against texts from two online
sources that people commonly turn to when seeking to learn about history: blog posts and articles
on Wikipedia, the largest online encyclopedia, which attracts around ten billion page views a
month.2 The second experiment additionally tests whether the effect of reading synthetic sum-
maries varies depending on whether the content is labeled as AI-generated and whether it conveys
a politically ideological slant. We also analyze how learning from synthetic content varies across
social and demographic attributes to examine inequalities in its effects.

We find that AI-generated summaries lead to higher factual recall about historical events than
human-written summaries. The results of the first study (N = 193) show that individuals who read a
synthetic historical summary of the Seattle General Strike (SGS) correctly answered, on average,
more factual questions about the event than individuals who read a blog post written by experts.
The preregistered second study replicates the findings of the first study when drawing on a sample
that reflects the population of the United States (US) along several social and demographic
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dimensions (N = 1907). It compares synthetic summaries to Wikipedia, testing both SGS and an
additional historical event, the Third World Liberation Front (TWLF) student protests. The results
also show that reading synthetic summaries contributed positively to knowledge, regardless of
whether individuals knew the summary was generated by AI and whether the synthetic summaries
framed the events in a politically biased manner. Additional analyses in Study 2 suggest that
reading synthetic summaries led to gains in factual knowledge regardless of gender, ethnicity, race,
household income, educational attainment, and digital literacy. This suggests that AI tools may not
directly exacerbate inequalities in knowledge, but rather, existing inequalities will be exacerbated
by unequal access to AI.

Background and Research Questions

Recent research has shed important light on how AI-generated content influences people’s at-
titudes, opinions, and beliefs (Bai, Voelkel, et al., 2025; Costello et al., 2024; Hackenburg &
Margetts, 2024), how AI assistants can shape social relations by mediating interactions among
people (Argyle, Bail, et al., 2023; McKee et al., 2023; Ueshima et al., 2024), and how AI can
change people’s understanding of the social world by altering how they perceive the people and
events (Karell et al., 2025; Laba, 2024). Yet, it remains less clear how the use of these tools affects
factual knowledge. Scholarship on AI and education has focused on the potential of AI to aid
learning by innovating personalized and diverse learning materials and assessment methods, while
also introducing potential risks due to inaccuracies, ethical issues, and disruption of traditional
learning methods (Yan et al., 2024). Meanwhile, meta-analyses of AI use in schools and uni-
versities find mixed impacts of AI on learning (Ma & Zhong, 2025; Zhu et al., 2025). We look
beyond classroom settings and study the increasingly common use of AI to access information and
learn about the world on the internet. Chatbots like ChatGPT, Gemini, and Claude have reached
large audiences, and AI-generated syntheses now feature prominently in search engine results,
augmenting or replacing traditional information sources.

To illustrate how AI-infused information ecosystems now operate, we performed a Google
search for the term “seattle general strike,” one of the events in the experiements, using a private
browser session. The results, shown in Figure 1, feature an “AI Overview” of the event at the top
that was produced using one of Google’s Gemini models. The results also include hyperlinks to a
Wikipedia page and expert resources at the University ofWashington, as well as a panel with some
basic information. This highlights how information from AI-generated summaries has become
prominent and intermingled with resources written by humans, both expert and amateur.
Moreover, there is emerging evidence that these AI summaries are supplanting existing sources:
Wikipedia recently reported a substantial drop in traffic, blaming generative AI, and noting how its
content was being used to create summaries that substituted visits to the website (Miller, 2025).
The goal of our research is to establish whether learning differs when people read such AI-
generated content compared to material written by humans.

Existing scholarship suggests the potential for diverging impacts on knowledge and learning.
On one hand, there are reasons to expect that obtaining information from synthetic content may
impede or even undermine the acquisition of knowledge. There are widespread concerns that the
LLMs underlying chatbots may be “hallucinating,” producing plausible-sounding responses to
queries that are interwoven with misleading and embellished half-truths, or outright falsehoods
(Bender et al., 2021; Farquhar et al., 2024; Yan et al., 2024). Moreover, popular AI tools can
produce derivative text that has less lexical diversity than human writing (Padmakumar & He,
2023) and skews toward homogeneity (Doshi & Hauser, 2024; Karell et al., 2025; Laba, 2024).
These characteristics may make synthetic content less interesting to readers than human-created
content, thereby dampening engagement and undermining the retention of factual information.
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On the other hand, chatbots like ChatGPT have been designed to “write” in clear, familiar, and
easily comprehensible ways that could support factual recall (Padmakumar & He, 2023; Spitale
et al., 2023). Furthermore, there is evidence that LLMs can contribute to creative thinking
(Ueshima et al., 2024), engage users’ views in personalized ways (Costello et al., 2024), and
appear more “professional,” which users have found pleasant to read (Doshi & Hauser, 2024). If
people learn about the past through clearer, more comprehensible, and more engaging content,
they may be more likely to retain facts they learn from synthetic texts and increase their
knowledge. The countervailing expectations of how synthetic historical summaries may affect
people’s knowledge motivate our first research question:

RQ1: Does reading AI-generated summaries about historical events help or hinder the
acquisition of knowledge, compared to reading human-written summaries?

Understanding the consequences of reading synthetic summaries for learning requires con-
sidering how individuals’ awareness of AI provenance affects their factual recall. The increasing
sophistication and proliferation of AI content have drawn attention to many people’s difficulty

Figure 1. Top Google search results for the query “seattle general strike”. The search was performed in a
new private browsing session. Screenshot by the authors
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distinguishing between real and AI-generated texts and images (Clark et al., 2021; Nightingale &
Farid, 2022; Spitale et al., 2023). As a result, some media outlets and platforms have begun
labeling or watermarking synthetic content (Dathathri et al., 2024). Thus, people seeking in-
formation about historical events will sometimes be explicitly informed that they are reading
synthetic texts, but at other times, they will not. And, when they know about the source, they may
value it differently than text known to be written by humans (Gilardi et al., 2024; Palmer &
Spirling, 2023; Zhang &Gosline, 2023), an effect which sometimes further depends on the content
domain (Altay & Gilardi, 2024; Gallegos et al., 2025). We therefore examine whether telling
individuals that AI-generated texts are synthetic affects their knowledge acquisition:

RQ2: Does being informed about the AI or human provenance of a historical summary help or
hinder readers’ knowledge acquisition?

There is evidence that generative AI models can produce biased outputs, including hateful
language and offensive stereotypes (Abid et al., 2021; Bianchi et al., 2023; Hofman et al., 2024).
Scholars argue that these biases are learned from the data used to train the models, as well as
subsequent reinforcement learning (Bender et al., 2021; Gillespie, 2024; Steinert & Kazenwadel,
2024). AI companies have attempted to mitigate some of the more egregious biases, but they can
be challenging to eliminate entirely (Bai, Wang, et al., 2025; Ouyang et al., 2022). Moreover, it is
relatively straightforward to prompt these models to convey information with different per-
spectives and to induce political biases (Argyle, Busby, et al., 2023). This kind of politicization of
AI models is particularly evident in xAI’s Grok. Although Elon Musk has stated that Grok should
be “politically neutral,” the model’s responses have shifted across the political spectrum as its
instructions have been modified (Thompson et al., 2025). In July 2025, for example, an update to
Grok’s instructions led the model to produce racist and antisemitic posts on the social media
platform X, at one point referring to itself as “MechaHitler” (Hagen et al., 2025).3 Such biases,
whether intentional or not, could influence how people receive and retain the information they
encounter. Thus, the deep-rooted and pervasive nature of biases in generative AI motivates our
third research question.

RQ3:Do politically biased historical summaries generated by AI promote or hinder knowledge
acquisition, compared to human-written summaries?

When people use generative AI tools to gather information about the world, they do so with
perspectives and skills that are, in part, shaped by their own characteristics. It is therefore rea-
sonable to expect that individuals’ social and demographic attributes could condition how reading
synthetic summaries affects their knowledge acquisition. For example, AI tools that tend to write
in a simpler and more accessible style might not confer significant benefits for individuals with
relatively high educational attainment but could be particularly effective at conveying information
to those with less formal education. Any such disparities could have significant implications for
AI’s impact on social inequality (Joyce & Cruz, 2024; Joyce et al., 2021; Zajko, 2022).

If socially disadvantaged individuals learn better from synthetic summaries, then AI tools may
hold promise for improving information accessibility and alleviating certain types of social in-
equality. By contrast, if people with social advantages benefit more from reading synthetic
summaries, this could mean that AI technologies will worsen existing inequities. For instance,
individuals who are highly “digitally literate” can usually better discern the quality of information
found in digital sources and therefore be selective about what they incorporate into their
knowledge (Hargittai & Micheli, 2019; McCosker, 2024). This, in turn, could compound existing
digital divides by privileging those who already have the resources to develop technological
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competencies (Capraro et al., 2024; Yan et al., 2024). To examine these possibilities, we analyze
the effect of learning from AI-generated text across the individual-level attributes of gender,
ethnicity, race, household income, educational attainment, and digital literacy.

RQ4:How do individuals’ social and demographic attributes condition the effect of reading AI
historical summaries on acquiring knowledge?

Materials and Methods

To answer our research questions, we conducted two online human-subjects experiments during
the spring of 2024.4

Study 1

Data Collection. We recruited 200 study participants through the online platform Prolific, which
provides access to a large pool of verified potential study participants. To participate, they had to
be aged 18 years or older, located in the US, and fluent in English. From these, we removed seven
participants who spent less than 30 seconds reading the historical summary since reading and
understanding an approximately 500-word text in less than 30 seconds was implausible. This
created a final sample of 193.5 See Supplemental Information (SI) Section A for the composition
of the sample across various social and demographic attributes. We discuss a post hoc power
analysis in SI Section B.

Materials. Study 1 examined how reading an AI-generated summary of a historical event affected
participants’ knowledge about the event compared to reading a summary written by expert
humans. The human-written text was adapted from an online blog post summarizing the SGS,
written by the Civil Rights and Labor History Consortium at the University of Washington.6 The
SGS was the first solidarity, or “general,” strike in the US. Around 65,000 workers in Seattle from
multiple industries and unions stopped work from February 6 to 11, 1919. We selected the SGS for
our study because it was a significant enough event to have sufficient content online to enable
LLMs to write cogent summaries, but at the same time, it is not so familiar that most Americans
would know key facts about it.

We used ChatGPT to produce the synthetic summary, which we refer to as the “baseline AI”
summary, because ChatGPT is the most widely used and one of the most capable chatbots,
providing strong external validity. Specifically, we provided ChatGPT (using GPT-4o, the latest
version at the time of our study) with the human-written text and prompted it to create five
questions about the SGS that had factual answers in the human-written text (SI Section C). Then,
in a separate ChatGPT session, we provided a prompt with three parts: a simple request to provide
a 500-word overview of the SGS; instructions stating that the summary should contain information
allowing readers to answer the following questions; and the five knowledge questions, along with
their answers. This procedure was designed to create content comparable to that which a user
might receive when querying a chatbot to summarize an event, while ensuring that the returned
content contained the required factual knowledge. This design thus reduced the possibility of
hallucination, allowing us to compare texts that contain the same basic facts. We fixed the
temperature parameter to zero for all our experiments to produce the most deterministic response
to each query.

SI Section C displays the prompts, and SI Section D presents the various texts. Consult SI
Section E for the questions generated from the human-written text that we used to create the
synthetic summary.
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Design and Analyses. Upon entering the study, participants answered a series of questions about
their social and demographic characteristics. Then, they were randomized with equal probability
into one of two treatment conditions. One condition presented participants with the baseline AI
summary of the SGS, while the other presented them with the expert-written text.

After reading the assigned summary, participants answered a set of questions to measure their
knowledge of the SGS. Each participant attempted to answer the same questions. We used their
responses to construct the outcome variable, their knowledge score, which was a sum of the
number of questions they answered correctly. We analyzed differences in this outcome across
treatment conditions by estimating Cohen’s d, the standardized difference between the mean
knowledge score of the group that read the AI summary and the group that read the expert-written
text.7 See SI Section E for the questions and SI Section I for the relationship between the
summaries and the questions.

Study 2

Data Collection. For our second study, we recruited 2410 participants through the online platform
Bovitz Forthright, a platform similar to Prolific. Potential participants had to be 18 years of age or
older, located in the US, and fluent in English. We excluded 402 participants who failed to
complete the study. Of these, 253 failed to answer the first set of outcome questions, and an
additional 149 did not answer the second set of outcome questions. To better understand the risk
that this posttreatment attrition posed to our results (Montgomery et al., 2018), we analyzed
whether the participants who left the study had a different treatment exposure than those par-
ticipants who remained. A chi-squared test indicated no significant difference overall between the
two distributions of treatment assignment (p ≈ 0.83). From the remaining 2008, we removed
115 participants who spent less than 30 seconds reading at least one of the texts, as in Study 1.8

Thus, the final analytical sample comprised 1912 participants.
The sample reflects the US population in terms of gender, age, region of residence, race and

Hispanic ethnicity, education, household income, and political ideology (based on population
benchmarks from the 2019 American Community Survey). We report the composition of the
sample across these attributes in SI Section A. See SI Section B for design analyses (Gelman &
Carlin, 2014) and a discussion of post hoc power analyses.

Materials. Study 2 replicated and extended Study 1. We evaluated responses to summaries of the
SGS and a second historical event, the Third World Liberation Front (TWLF) protests. We added
this event to assess whether the findings of Study 1 were dependent upon the specific event. The
TWLF event consisted of the formation of a coalition of university student groups (primarily based
on ethnic identities and initially in the San Francisco Bay area) in 1968, followed by their activism
supporting greater representation of ethnic minority views and experiences within academia. This
activism led to the creation of Ethnic Studies departments in many universities. Like the SGS, the
event was historically significant but is not so widely known that most participants would have
good factual recall before reading the summaries. However, compared to the SGS, it is more
closely related to contemporary debates that were occurring when we conducted this study, which
centered on the roles of student activism and diversity, equity, and inclusion in universities. In
addition, the TWLF activists were successful, whereas those involved in the SGS were not. These
features enabled us to account for how effects might vary according to the relevance of events and
whether they resulted in progressive social change.

To produce Study 2’s summaries, we first generated baseline summaries of the TWLF and SGS
events again using GPT-4o, the latest version at the time. When doing so, we used system
messages and prompts tailored to create summaries that approximated “default” summaries a
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person may encounter in everyday life when using a straightforward prompt to have a chatbot
summarize a historical event. As such, our “baseline” summaries did not explicitly contain biases
other than those already latent in ChatGPT. The system messages and prompts are presented in SI
Section F of the SI, and Section G displays the generated texts.

We then created two biased synthetic summaries for each event, a politically conservative one
(“conservative AI”) and a politically liberal one (“liberal AI”). We provided a system message that
articulated a conservative or liberal worldview, using a methodology similar to that proposed by
Argyle, Busby, et al. (2023). Each message comprised a series of survey questions from the
General Social Survey about important political issues, along with the responses to these questions
that aligned with a particular political ideology. That is, the “conservative” system message had
ideologically conservative answers to the questions, while the “liberal” system message had
ideologically liberal answers. After each system message, we provided a prompt that created the
summary. This procedure simulates a method by which chatbots can be easily manipulated to
inject a biased perspective. Note that the systemmessages were the same for the summaries of both
events, while the user prompts were particular to the events. See SI Section F for the system
messages and prompts, and see SI Section G for the generated summaries.

For the human-written texts, we relied onWikipedia, one of the main online sources people use
to learn about historical events. Indeed, Wikipedia was the top result for the SGS when we
searched for the event on Google (Figure 1), and it was the second result for the TWLF.9While we
consider Wikipedia to be a reliable source of information (Steinsson, 2024), it is important to
emphasize that we do not believe any source, including Wikipedia, can be “unbiased.” Our goal is
not to compare AI-generated summaries to an ideal “unbiased” text, but rather to compare them to
sources that people could reasonably be expected to consult when learning about the past online.

To produce the human-written summaries, we downloaded Wikipedia articles about the SGS
and TWLF events and lightly edited each article to match its length with that of the synthetic
summaries. We used the current version of the Wikipedia articles at the time of the study, as the
most recent versions have undergone the most revisions and tend to be the most neutral and
authoritative (Greenstein & Zhu, 2018). When editing, we were careful not to remove any core
information about the events. The human-written summaries are also shown in SI Section G.

Finally, we used all the texts to create knowledge questions that constitute the outcome
variables. For each event, we began with a systemmessage telling a ChatGPTassistant that it was a
historian and teacher knowledgeable about the given historical event. Then, we prompted it to
create six multiple-choice questions that could be answered with facts found across the Wikipedia
text and each AI variant, all of which were included in the prompt. This procedure helped us
identify fact-based questions that could be answered after reading any of the summaries or, seen
from a different angle, ensured that the summaries shared the relevant content. We also used this
AI-assisted question-generation procedure because it can be easily scaled to a larger number of
events in future studies. After manually checking the generated questions and all the summaries,
we selected three questions to include in the study and analyses. Consult SI Section F for the
system messages and prompts used to create the questions and SI Section H for the questions
included in the study.

Design and Analyses. The study began with participants answering questions about their social and
demographic characteristics. (See SI Section A for the number of participants across levels of each
characteristic.)

After answering the questions, participants were randomly assigned with equal probability to
one of four treatment conditions: reading the baseline AI, conservative AI, liberal AI, orWikipedia
summaries of the events. Within each condition, participants first read the text summarizing the
TWLF, then the text about the SGS. Both texts were always aligned with the condition. For
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example, if a participant was in the “conservative AI” condition, both the texts she read were
generated with AI using the conservative-bias system message.

Upon being placed into one of the reading conditions, participants were further randomized
with equal probability into one of two “labeling” conditions. Specifically, they were either told
about the summaries’ provenance or not. In the labeled condition, the summaries were identified as
AI-generated if they were synthetic or identified as human-written if they were from Wikipedia.
The labels appeared in a short paragraph introducing each of the summaries. Participants were told
that they would read AI-generated material before reading the TWLF summary and again before
reading the SGS summary. Participants in the unlabeled condition were not provided with any
information about the texts’ provenance. SI Section K presents the labels inserted into the
paragraphs introducing each summary.

After reading each summary, participants answered questions that measured their factual
knowledge about the events. All participants were shown the same questions. We included an
attention check question after the first summary and corresponding questions. After answering the
second set of knowledge questions, participants had an opportunity to share feedback and were
debriefed. See SI Section H for the questions and SI Section L for the relationship between the
summaries and the questions.

As with Study 1, we constructed our outcome variable, knowledge score, by summing the number
of questions each participant answered correctly. We analyzed this outcome by calculating the mean
knowledge scores for each treatment group and comparing the differences between groups. To
determinewhether any differences are statistically significant, we report themeans, distributions, and
p-values, which are adjusted using the Holm-Bonferroni method when appropriate.10

We additionally examined how reading synthetic summaries affected knowledge scores
conditional on participants’ social and demographic attributes. To test for differences across
social and demographic groups and answer RQ4, we fitted linear models with a multiplicative
term that interacted the treatment condition with social or demographic attributes of interest:
gender, Hispanic ethnicity, race, household income, level of educational attainment, and digital
literacy.11 These models compared the knowledge scores of the group who read the Wikipedia
summary to the scores of just those who read the baseline AI summary, across the participants’
attributes.

All models adjusted for whether participants read the labeled or unlabeled version of the
summaries and were fit using ordinary least squares.12 We present the results by showing the
estimated marginal effects of the treatment across each level of a given attribute. When cal-
culating the marginal effects, we averaged over levels of the labeling indicator variable. To
assess statistical significance, we applied the Bonferroni correction and then calculated 95%
confidence intervals.13

Results

AI-Generated Historical Summaries can Improve Knowledge

Our analyses compared the effect of reading AI-generated or human-written summaries of
historical events on the factual recall of the events. We begin by reporting consistent results across
Study 1 and Study 2, summarized in Figure 2. On average, participants in both experiments
correctly answered more knowledge questions when shown the synthetic summary compared to
the human summary. The results indicated strong statistical significance, and we found com-
parable effect sizes across both studies (Study 1, d = 0.48, p = 0.001; Study 2, d = 0.48, p < .001).14

This similarity is notable because the studies employed different procedures to generate the
synthetic summaries, varied types of human summaries, different questions to measure

Karell et al. 9

https://journals.sagepub.com/doi/supp/10.1177/08944393251409744
https://journals.sagepub.com/doi/supp/10.1177/08944393251409744
https://journals.sagepub.com/doi/supp/10.1177/08944393251409744


knowledge, different samples, and different platforms for implementing the experiments. In Study
2, we also find evidence of synthetic summaries’ relative positive effect on knowledge when we
tested the summaries of each event, SGS and TWLF, separately (SI Section M) and when we used
the complete sample (SI Section N).

Figure 2. Readers of AI-generated historical summaries correctly answered more factual questions than
readers of human-written summaries, on average

Figure 3. Readers of AI-generated historical summaries correctly answered more factual questions than
readers of human-written summaries, on average, whether or not they were aware of summaries’ AI
provenance
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AI-Labeling Does Not Impact Knowledge

Does awareness of the provenance of synthetic summaries alter how people answer knowledge
questions? Figure 3 shows that participants performed better under the synthetic condition re-
gardless of whether they were informed that the texts were AI-generated. In both synthetic
conditions, we observe positive, statistically significant differences in answers to the knowledge
questions compared to the Wikipedia condition. The improvement was greatest for the labeled
condition—when subjects were told that they were reading AI-generated summaries—although
there is no statistically significant difference between the labeled and unlabeled synthetic con-
ditions. We observe similar results when examining the effect across events, as well as when
comparing readers of labeled and unlabeled synthetic texts to readers of labeled and unlabeled
human-written texts (SI Section M)15, and when using the complete sample (SI Section N).
Together, these findings indicate that readers’ awareness of a text’s AI provenance does not
diminish the acquisition of knowledge from synthetic materials.

Political Bias in AI-Generated Summaries Does Not Impact Knowledge

So far, we have considered the baseline synthetic summaries that were not designed to convey any
ideological slant. We now examine how the relationship between reading synthetic summaries and

Figure 4. Readers of AI-generated historical summaries correctly answered more factual questions than
readers of human-written summaries, on average, whether or not the summaries were politically biased
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knowledge may change when the synthetic summaries frame historical events in politically biased
ways. Figure 4 shows that both biased synthetic summaries led to significantly higher knowledge
scores than the Wikipedia summary. This suggests that, holding key factual information constant,
texts with an ideological slant do not necessarily undermine knowledge retention. We also observe
some variation between the texts, as the readers of the conservative synthetic summary tended to
perform slightly better than both readeres of the baseline and liberal AI summaries. The results are
largely consistent when we examined the two historical events separately (SI Section M) and used
the complete sample (SI Section N).

Figure 5. Baseline AI summaries, compared to human-written summaries, had a positive effect on
knowledge across social and demographic groups. Error bars denote 95% confidence intervals
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Baseline AI Summaries Improve Knowledge for Most People

The preceding results together show the robustness of our main finding: synthetic summaries of
historical events can help people learn facts about the past more effectively than human-written
summaries. However, as discussed earlier, it is possible that this positive effect only applies to
certain groups of people.

Figure 5 suggests that this is not the case. Compared to the Wikipedia summaries, exposure to
baseline synthetic summaries had a positive effect across a variety of individual-level attributes.
There is scant evidence of heterogeneity across social and demographic groups. Both men and
women benefited, as did Hispanic and non-Hispanic individuals and individuals with different
racial identities. The only racial group that may not have benefited was those who self-identified as
Black or African-American, although this null finding may be due to the somewhat small number
of subjects (n = 115), as the estimate remains positive. We also observe consistent positive effects
across different income levels, educational attainment, and digital literacy.

Discussion and Conclusion

Tools like ChatGPT, Claude, and Google’s AI Overview have become common ways to access
and synthesize information (Capraro et al., 2024; Liao et al., 2024; Milmo & Robins-Early, 2024).
Our growing reliance on AI-generated information can have significant social consequences,
which to date are not well understood. For example, AI may or may not help people gain factual
knowledge compared to existing methods of obtaining information, and as a result, potentially
exacerbate or reduce inequalities in knowledge and learning. In this paper, we have examined
these potential consequences of using AI with two online experiments.

Summery of findings and implications

The results provide compelling answers to our first three research questions: reading AI-
generated summaries of historical events has a positive effect on factual knowledge compared to
human-written summaries (RQ1), and this effect exists whether or not the synthetic summaries
are labeled as AI-generated (RQ2) and whether or not these summaries frame the events in a
politically biased manner (RQ3). In other words, when they function well, AI tools can facilitate
learning. Study 2 additionally demonstrates that the improvements in knowledge from reading
AI-generated summaries can occurr across various social and demographic groups. Therefore, to
answer RQ4: men and women, Hispanic and non-Hispanic, individuals identifying with most
races, and individuals at each income bracket, level of educational attainment, and level of
digital literacy all benefited, on average, from reading the synthetic summaries of historical
events.

Our findings suggest that AI is effective at synthesizing factual information, thereby providing
an important corrective when more conventional resources, such as search engines, yield low-
quality results that can reinforce misperceptions (Aslett et al., 2023). Furthermore, while the
awareness of AI, as when Google labels information as “AI Overview” (Figure 1), has mixed
impacts in different domains (Altay & Gilardi, 2024; Gallegos et al., 2025; Gilardi et al., 2024),
our study suggests that it does not diminish factual learning. Nonetheless, the integration of AI
tools into online-based knowledge acquisition is not necessarily a universal good. We suspect that
any existing advantages in learning, such as the advantages that individuals from wealthier
households have over those from less wealthy households (Hällsten & Pfeffer, 2017), will
probably continue uninterrupted by the adoption of AI tools. In other words, our findings indicate
that the effect on social inequality will likely depend on access. It is the digital divide, or the
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inequity in AI access and effective use, which will exacerbate inequality rather than the tools
themselves (see also Capraro et al., 2024; Yan et al., 2024).

Why does AI enhance learning relative to the texts from exerpts’ blog posts andWikipedia? It is
beyond the scope of our study to definitively explain why AI-generated summaries are effective,
but we expect that two core features of ChatGPTand other LLMs make them particularly effective
at conveying information. First, summarization is one of the main applications of LLMs; these
models have been developed to excel at the exact task of generating texts that summarize existing
information in a clear and concise manner. Second, post-training techniques such as reinforcement
learning from human feedback (RLHF) enable models to produce output aligned with people’s
preferences (Ouyang et al., 2022). Models are built to generate the kinds of texts readers want and
are optimized to deliver highly readable content (Doshi & Hauser, 2024; Karell et al., 2025;
Padmakumar &He, 2023; Spitale et al., 2023). While we cannot draw conclusive inferences due to
the small number of texts in our studies,16 metrics computed on our texts indicate that the
sentences in the AI summaries tend to be shorter than those in the Wikipedia texts, and they are
more readable, based on the Flesch-Kincaid and SMOG indices, two widely used quantitative
measures of readability (SI Section O).

Limitations and Directions for Further Research

Our paper is a step towards understanding the relationship between AI and learning, knowledge, and
inequality. As such, we highlight three limitations of our research and areas for further research.

First, we tested only a small number of synthetic summaries and focused on two historical
events. Future studies should expand the breadth of the texts generated to include both a greater
number of events, as well as contexts beyond history. For any given event, it is also possible to
generate multiple different synthetic versions, either by varying the prompt, the model, or the
model parameters. In our case, we explored some prompt variations, but we used a single model,
GPT-4o, and fixed the temperature parameter to obtain more deterministic results. Each of these
aspects could be varied to examine how different prompts, models, and parameters impact the
qualities of synthetic texts across various domains.

Second, our design necessitated creating texts with comparable length, which may simplify how
AI summaries are encountered in the world and how people read different kinds of texts. Fur-
thermore, the approach to ensuring internal validity in Study 1may represent a best-case scenario for
AI, insofar as we specified the factual content that must be included, potentially enabling the models
to prioritize this material in a way that may not have been central to the production of human-written
texts. However, the models did not simply “game” the task by placing the answers to the factual
questions at the forefront of the summaries, as evidenced in SI Section I. In Study 2, we generated
questions that can be answered from any of the texts, so there is less risk of gaming. As the examples
in SI Section L show, the texts are of a similar length to the human-written examples (6–8 para-
graphs), and the sentences containing the answers in AI-generated texts are spread throughout the
texts. Based on this, we are confident that any differences are a function of the way that information
is presented in the texts. Of course, some of the differences may be artifacts of the data construction
process rather than true differences in human and AI-written texts, and future work should build
upon this design by testing a broader range of texts, including those that have undergone no manual
editing. Nonetheless, we expect that this design has external validity insofar as AI companies may
use similar prompting strategies to present factual information, nudging the model to avoid hal-
lucinating key facts from source materials.

Third, the study focused on one-off interactions that mimic how people query a chatbot or read
a Wikipedia article to obtain the desired information. This design has strong external validity as
these are common ways to use these resources in everyday life. However, people can also learn
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from chatbots during extended dialogue sessions (Costello et al., 2024) or even during a semester-
long college courses (Carpraro et al., 2024; Yan et al., 2024). In these cases, the effect of synthetic
content on knowledge may differ. For example, the attributes of synthetic style that are potentially
beneficial in one-off settings—such as greater readability, simpler syntax, shorter words—might
render synthetic summaries repetitive and dull in conversational or multi-use settings, hindering
their positive effect. Moreover, recent research on AI in classroom settings shows that the way in
which AI is used matters, with AI “tutors” that provide hints being more effective at facilitating
longer-term learning than models that give answers immediately (Bastani et al., 2025). Thus,
future research should examine the relationship between AI tools and learning in settings with
repeated interactions and different pedagogical strategies. In addition, future work should measure
knowledge in other ways than immediate factual recall to better understand more in-depth and
higher-level knowledge outcomes (Melumad & Yun, 2025).

Ultimately, this research is a step towards understanding how these new technologies shape the
way we learn. Further research is needed to fully understand the broader implications of utilizing
AI tools for learning about history and other aspects of society. While we show that biases in texts
do not always hamper learning, it is plausible that these biases could have downstream impli-
cations for people’s attitudes and beliefs and subsequent political polarization (Baldassarri &
Gelman, 2008; DellaPosta, 2020; DiMaggio et al., 1996), particularly as traditional media
consumption and trust in institutions continues to decline (Finkel et al., 2020). Our findings
suggest that accurate yet instrumentalized synthetic text could be effective at propagating curated
facts that advance certain political and social agendas (Makhortykh et al., 2023), along with false
and misleading synthetic text (Kreps et al., 2022; Spitale et al., 2023). While AI companies have
taken steps to safeguard against these uses, it is important to emphasize that unethical use of these
tools has profound societal implications.
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Notes
1. https://uk.finance.yahoo.com/news/sam-altman-faces-scrutiny-ted-022805407.html (last accessed No-

vember 2025).
2. See https://en.wikipedia.org/wiki/Wikipedia:Statistics (last accessed December 2024).
3. The embedding of ideological perspectives in models has also become subject to government regulation.

Trump’s second presidential administration issued an executive order titled “Preventing Woke AI in the
Federal Government,” mandating that models used by the federal government do not “sacrifice
truthfulness and accuracy to ideological agendas” (The White House, 2025).

4. The experiments were approved by the Institutional ReviewBoard at Yale University. The preregistration
plan for Study 2 is available at https://osf.io/xtgnk/overview.

5. In the main analyses, we did not include respondents who spent less than 30 seconds reading at least one
of the texts (n = 7). But since time spent reading is a posttreatment variable and conditioning on it can bias
our estimates (Montgomery et al., 2018), we conducted the main analyses a second time using the
complete sample and obtained consistent results (SI Section N).

6. Specifically, we used the text of the summary provided by the Civil Rights and Labor History Consortium
(https://depts.washington.edu/labhist/strike/; last accessed September 2024) except for references to the
other multimedia material.

7. We computed Cohen’s d using the effectsize package for R (version 0.8.9) and visualized the results
using the ggstatsplot package for R (version 0.12.3).

8. As earlier mentioned, participants’ time spent reading is a posttreatment variable (Montgomery et al.,
2018), so we replicated all of Study 2’s analyses with the main sample of 2008 and obtained consistent
results (SI Section N).

9. We performed these searches using a private browsing session.
10. We conducted the analyses using the R packages effectsize (version 0.8.9) and ggstatsplot (version

0.12.3).
11. When analyzing race, we grouped together Asians, American Indians, Alaska Natives, Native Ha-

waiians, Pacific Islanders, and people who reported being multiracial or some other race since these
categories all had relatively few participants.

12. We implemented the models using the stats package for R (version 4.3.0).
13. We estimated the marginal effects and conducted Bonferroni corrections for multiple comparisons using

the emmeans package for R (version 1.10.5).
14. The results of a design analysis indicate that these results of Study 2, as well as all its following results,

are strongly powered and have negligible Type S error and Type M error. In addition, the results of a post
hoc power analysis support Study 1’s conclusions. For discussion and detailed results of these analyses,
see SI Section B.

15. In our main discussion of the results, we pool the organic labeling conditions to focus attention on how
types of synthetic summaries compared to organic summaries overall.
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16. We used only a small number of texts in our studies, so we do not have sufficient material to perform an
analysis intended to detect average effects of distinct textual attributes.
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