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Recent advances in artificial intelligence technologies such as ChatGPT have provided new tools
for students to implement when studying text materials. However, little empirical research has
been conducted to evaluate whether use of such technologies is actually beneficial for learning
and metacognitive outcomes. The present study connects the fields of artificial intelligence and
metacognition to evaluate the effects of artificial intelligence-generated study materials on memory,
comprehension, and metacognitive monitoring. Participants read a series of text passages about
the natural and social sciences, made metacomprehension judgments, studied the text passages
either by re-reading, reviewing a non-interactive ChatGPT-generated study guide, or reviewing
an interactive ChatGPT-generated study guide with fill-in-the-blank components, and finally took
a multiple-choice test assessing their memory and comprehension of the texts. While reviewing
ChatGPT study guides did not improve overall, memory, or comprehension test performance above

and beyond re-reading, participants reported greater enjoyment and engagement with reviewing



interactive and non-interactive ChatGPT study guides as compared to re-reading text passages. For
participants who reviewed interactive ChatGPT study guides, there was a boost in test performance
on questions which matched fill-in-the-blank components and a reduction in overconfidence for
metacognitive judgments, resulting in better absolute and relative metacomprehension accuracy
compared to participants who re-read text passages or reviewed non-interactive ChatGPT study
guides. Overall, results suggest that artificial intelligence generated study materials do not improve
test performance relative to re-reading, but do provide some benefits for metacomprehension

accuracy.
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Chapter 1: Introduction

Since the release of OpenAl’s ChatGPT in November of 2022, artificial intelligence (AI)
has rapidly infiltrated the every-day lives of individuals all around the world. From integration
with major search engines like Google, to taking over entry-level and administrative tasks in the
workplace, it is nearly impossible to avoid Al. Advances in Al technologies have also provided a
plethora of new tools for students to implement in their academic work. Therefore, it is a crucial
time to investigate the benefits (or detriments) of Al usage in academic settings. The goal of the
present study is to empirically assess the usefulness of Al tools for learning and studying text-based

materials.

Artificial Intelligence in Education

Usage Among Students

Several large, global surveys have reported remarkably high rates of Al usage among
students. Amoah and colleagues (2025) found that over 70% of college students across 109
developed and developing nations reported using ChatGPT, with this percentage even higher (74%)
for developed nations specifically. Similarly, 74% of college students in Brazil, India, Japan,
the United Kingdom, and the United States reported a willingness to use ChatGPT for academic
purposes despite potential ethical implications, with students most commonly citing that they
believe it improves their skills and saves time (Ibrahim et al., 2023). Another survey of 516
Taiwanese undergraduate students found that ChatGPT was viewed as a “tool” and “tutor” for
academic work, with over 50% of students reporting using it at least once a week (Yu et al., 2024).

Ibrahim and colleagues (2023), in addition to surveying student and educator attitudes towards



ChatGPT, compared the AI’s ability to answer sample test questions created by instructors for a
variety of university courses. Performance of ChatGPT on these questions was comparable to that
of real students in disciplines such as Biopsychology, Management, Public Policy, Data Science,
and Civil Engineering (Ibrahim et al., 2023). While this finding suggests that Al can access
sufficient knowledge to assist students and educators across many domains, it also contributes to

concerns that students can use Al tools like ChatGPT in lieu of doing their own work (and succeed).

Benefits for Learning

As Al has become increasingly capable and popular among students, researchers have sought
to better understand its potential applications in education. Many studies over the last few years have
investigated the effects of Al-based interventions on student learning outcomes and perceptions,
often with conflicting findings. In fields such as computer science, Al-powered chatbots have
been found to be as good or better than human teaching assistants at helping students solve coding
problems and build on their knowledge (e.g., Lee et al., 2023; Liu et al., 2024). Meanwhile, other
studies have found no difference in task performance between students who used ChatGPT for
assistance with programming assignments and those who did not (e.g., Johnson et al., 2024; Kosar
etal., 2024). Similarly, conflicting findings have been obtained with regard to students’ perceptions
of their own learning; Johnson and colleagues (2024) reported significantly lower programming
self-efficacy scores for students who used ChatGPT, while Urban and colleagues (2024) reported
significantly higher problem-solving self-efficacy scores for students who used ChatGPT.

A recent meta-analysis by Wang and Fan (2025) comprised 51 experimental and quasi-
experimental studies on ChatGPT as a learning tool in educational settings. Overall, there was a

strong, positive effect of ChatGPT usage on students’ learning performance, learning perceptions,



and higher-order thinking. Several moderating factors, including the role of ChatGPT (as an intelli-
gent tutor, learning tool, conversational partner), type of course (STEM, language learning/writing,
skills and competencies), and the learning model used (tailored to students’ needs, solving authen-
tic real-world problems, engaging in extended projects) were not found to impact the effectiveness
of ChatGPT on enhancing learning outcomes or perceptions. However, Wang and Fan’s (2025)
meta-analysis also highlights a number of limiting factors. First, many of the included studies are
severely underpowered, with some sample sizes as low as just nine participants per experimental
group. Second, most of the studies take place in real educational settings, which provide high levels
of external validity, but also results in a lack of control as to how participants are actually using
ChatGPT throughout the study. Finally, studies both within and beyond this meta-analysis primarily
focus on the application of ChatGPT in skill- and rule-based learning contexts such as program-
ming, language learning, academic writing, and teaching. There has been little to no exploration
of Al tools for coursework in fields like the social sciences, which often involve less project-based
or problem-solving outcomes and more passive learning of text-based materials for evaluation of
memory and understanding on traditional tests. The present study seeks to address some of these

gaps by integrating the study of Al tools for learning with the field of metacomprehension.

Metacomprehension of Text Materials

Preparing for exams often requires college students to read and study text-based materials
(e.g., course textbooks). It is important that students are able to not only remember key information
and draw inferences from the material, but also to accurately assess their own learning in order to
make informed decisions about how to study. This is referred to as metacomprehension, a form

of metacognitive monitoring specifically pertaining to the understanding of text materials (Maki



& Berry, 1984). Several studies have found that students use metacomprehension to guide their
learning by regulating study decisions (Dunlosky et al., 2005; Thiede et al., 2003). However,
metacomprehension accuracy, the degree to which students’ judgments of their understanding are
predictive of their actual performance on some evaluation of understanding (i.e., a comprehension
test) for text materials, is often very poor (Maki, 1998). Therefore, researchers have investigated

various methods to try to improve students’ metacomprehension accuracy.

The Rereading Effect

In a typical metacomprehension task, participants read a series of text passages, make
judgments of their understanding, and then take a test. One of the simplest interventions that
has been implemented to improve metacomprehension is re-reading. Rawson and colleagues
(2000) assigned half of their participants to read each text passage twice prior to rating their
own comprehension, followed by a multiple-choice test. Participants who read text passages
twice compared to participants who read text passages just once displayed significantly improved
metacomprehension accuracy in the form of the correlation between comprehension ratings and
test performance for each individual (referred to as relative accuracy). This finding, which Rawson
and colleagues (2000) termed “the rereading effect”, was successfully replicated in a follow-up
study with slightly different procedures and materials.

The theoretical underpinnings of the rereading effect stem from the intersection of theories
of metacognitive monitoring and theories of text comprehension. The construction-integration
theory of comprehension put forth by Kintsch (1988) proposes that mental representations of text
materials are built across three levels: the lexical level (surface features and syntactic information),

the textbase level (explicit semantic meaning), and the situation model (the integration of meaning



with one’s own prior knowledge and experiences). Performance on tests of comprehension of text
materials has been found to be largely related to the quality of the situation model constructed
(Kintsch, 1994). When initially reading a text passage, cognitive resources are primarily dedicated
to processing information at the lexical and textbase levels. At the time of the second reading,
the individual can access previously constructed basic representations of the text and devote more
cognitive resources to construction of the situation model, thereby improving comprehension.

Theories of metacognitive monitoring propose that metacomprehension judgments are
inferential in nature, based on a variety of cues such as reading fluency, prior knowledge, and
accessibility of information (Dunlosky, 2005; Rawson et al., 2000). The degree to which these
cues are aligned with evaluations of comprehension determines the accuracy of metacomprehension
judgments. One cue which has been shown to be influential when making metacomprehension
judgments is the amount of disruptions in comprehension processes that occur when reading a text
(Rawson & Dunlosky, 2002). Disruptions in processing can occur at any level of the construction-
integration model, but are most accurate as cues when processing text at the situational level due to
its importance for comprehension. Therefore, the disruption cues to metacomprehension that may
be accessed at the time of initial reading are less strongly associated with comprehension, while
the disruption cues at the time of re-reading are more likely to come from the situational level
and are therefore more strongly associated with comprehension, thus forming the rereading effect
(Dunlosky, 2005; Rawson & Dunlosky, 2002; Rawson et al., 2000).

While several studies have successfully replicated the rereading effect (e.g., Chiang et al.,
2010; Dunlosky, 2005; Griffin et al., 2008), other recent re-evaluations have produced inconsistent

results. For example, Margolin and Snyder (2018) found that while relative metacomprehension



accuracy increased with re-reading for texts with added negations (e.g., no, not, etc. which has
been found to make texts more difficult to read), this was not the case for texts in their original
form; in particular, the correlations between metacomprehension judgments and test performance
for standard text passages read twice were not significantly different from zero, despite being
significant for standard text passages read only once. Wong and Moss (2022) failed to find a
rereading effect at all, with no significant difference in metacomprehension accuracy between
participants who read passages once and participants who read passages twice. One possible
explanation for this discrepancy is in the stimuli used, with several studies that found a rereading
effect using the exact same text materials (e.g., Chiang et al., 2010; Dunlosky, 2005; Rawson et al.,
2000), while more recent studies that failed to find a rereading effect such as those by Margolin
and Snyder (2018) and Wong and Moss (2022) using new stimuli. If text passages are easy enough
to comprehend on the first read, then the metacognitive cues may already be based on the situation
level of comprehension processing, adding no benefit when reading a second time. Inversely, if
text passages are more difficult, then cognitive resources may still be allocated to processing at the
lexical and textbase levels even during the second reading, resulting in metacognitive cues at these

levels which are less predictive of performance.

Other Interventions for Improving Metacomprehension

The rereading effect is not the only way in which researchers have been able to (at least some
of the time) improve metacomprehension accuracy. Griffin and colleagues (2008) assigned one
group of participants to a self-explanation condition in which they received additional instructions
prior to reading text passages for the second time to reflect on the meaning and contributions

of each paragraph to the text passages as a whole. The self-explanation instruction improved



metacomprehension accuracy above and beyond simply re-reading text passages (Griffin et al.,
2008). Manipulating participants’ expectations of the type of test they will be taking also affects
the accuracy of their metacomprehension judgments. Across multiple experiments, Thiede and
Griffin (2011) and Griffin and colleagues (2019) found that students who were told they would be
taking tests that assessed their ability to make inferences about information in the text passages, and
provided with practice test items, showed improved metacognitive accuracy for inference-based
tests compared to memory-based tests (with the opposite being true for students instructed that they
would receive memory-based tests regarding explicit details from the text passages).

Other interventions aimed at improving metacomprehension accuracy have focused on
more active, generation-based processes. For example, studies have found that when students write
summaries of text passages prior to making metacomprehension judgments, metacomprehension
accuracy is improved (Anderson & Thiede, 2008; Thiede & Anderson, 2003). Further research
suggests that writing full summaries are not required to reap this benefit; generating keywords
that capture the essence of text passages prior to making metacomprehension judgments can also
improve their accuracy (Thiede et al., 2003, 2005). Finally, asking participants to explicitly practice
recall of information from text passages prior to making metacognitive judgments has been found

to increase the accuracy of those judgments (Dunlosky et al., 2005).

Facilitating Learning of Text Materials

Findings from Metacomprehension Research

While improving metacomprehension accuracy can be important, improving actual learning

of text materials and test performance is also of great interest to researchers. In many studies, re-



reading text passages has been found to not only improve metacomprehension accuracy, but also to
enhance performance on tests of text materials (e.g., Margolin & Snyder, 2018; Rawson & Kintsch,
2005; Rawson et al., 2000; Wong & Moss, 2022). It should be noted, though, that this is not always
the case; other studies have found no difference in test performance between participants who read
text passages once and participants who read text passages twice (e.g., Dunlosky, 2005; Griffin
et al., 2008), suggesting that the benefits of re-reading text passages for test performance may be
moderated by other factors such as the specific text materials used and sample characteristics like

comprehension ability or working memory capacity.

The Testing Effect

Independent of metacomprehension, researchers have examined the effects of various in-
terventions aimed at improving students’ memory for and comprehension of text materials. One
prominent method of improving long-term retention for information from text passages is the
testing effect, in which taking tests or practicing retrieval of information while learning text mate-
rials results in better test performance later on than simply reviewing those materials (Roediger &
Karpicke, 2006). The testing effect has been found across a variety of material types, test types,
and contexts, including with real learning materials in classroom settings beyond the laboratory
(Dirkx et al., 2014; McDaniel et al., 2007). In an example of particular relevance to the present
study, Hinze and Wiley (2011) found some success with using fill-in-the-blank tests as retrieval
practice for text materials. However, this study also highlights a key limitation of the testing effect,
which is that it often only applies when identical items are used for retrieval practice and actual
tests. Additionally, some evidence suggests that the testing effect dissipates when the complexity

of text materials is very high (see van Gog & Sweller, 2015, for a review and meta-analysis).



Outlining and The Adjunct Display Effect

Another line of work which is highly relevant to the present study focuses on the outlining
of text materials. Outlines are succinct, hierarchically-structured and linearly organized documents
which summarize the key points of text materials. The two most common forms of outlining
research examine the effects of generating outlines of text materials as part of the learning process
and the effects of presenting outlines alongside text materials (also referred to as an “adjunct
display”). Learner-generated outlines are thought to activate a multitude of cognitive processes
including selecting, organizing, and integrating information from text passages in order to promote
effective learning and test performance. Instructor-provided outlines are thought to engage similar
processes but in a passive manner, with learners being directed to important information and
given the organizational structure. In a comprehensive meta-analysis of the outlining literature,
Ponce and colleagues (2023) found that both learner-generated and instructor-provided outlines
enhanced learning outcomes (including both memory and comprehension test performance) in
college students compared to only reviewing text materials. Given these benefits, tools that can

efficiently generate outlines may provide a useful resource for students to support their own learning.

The Present Study

Popular Al chatbots like Google’s NotebookLM have built-in features that can quickly create
various types of outlines (commonly referred to as “study guides”) for text-based source materials.
Students are already leveraging such tools to help break-down complex material and evaluate their
own understanding, but it is unknown to both students and teachers alike whether using Al is to the

benefit or detriment of students’ learning and, of course, their performance on a test. In the present



study, we sought to bring together research on Al and metacomprehension to evaluate the effects
of Al-generated study guides on students’ memory, comprehension, and metacognitive accuracy.
Participants read a series of text passages on various topics in the natural and social sciences,
made metacomprehension judgments, studied the text passages either by re-reading or review-
ing a ChatGPT-generated study guide, made a second round of metacomprehension judgments,
and finally took a multiple choice test comprised of both memory-based and comprehension- or
inference-based questions. Two forms of study guides were generated using Al: non-interactive
study guides, which were simple, outline-style, hierarchically organized documents based on text
passages; and interactive study guides, which were adaptations of non-interactive study guides with
embedded multiple-choice fill-in-the-blank components in place of key words and phrases. These
study guides represent two different ways students might choose to approach Al-assisted studying,
either passively by reviewing some output or actively by having to engage with that output.

To address our research questions, we analyzed participants’ overall test performance,
memory-specific test performance, comprehension-specific test performance, relative and absolute
metacognitive accuracy, trust in artificial intelligence, and use of artificial intelligence. We hy-
pothesized that overall test performance (including both comprehension and memory test items),
comprehension-specific test performance, and memory-specific test performance would be better
for participants who reviewed either interactive or non-interactive ChatGPT study guides com-
pared to participants who only re-read text passages. Study guides are thought to help participants
identify the most relevant information from texts and provide an organizational structure for that
information, both of which have been previously shown to improve test performance as per the

adjunct display effect (Ponce et al., 2023). We also expected there to be an improvement in test

10



performance for participants who engaged with interactive ChatGPT study guides compared to
those who reviewed non-interactive ChatGPT study guides due to retrieval practice instigated by
completing interactive components, creating something akin to a testing effect (Hinze & Wiley,
2011; Roediger & Karpicke, 2006), or the act of having to complete interactive components drawing
more attentional resources to the study guide itself.

However, it is also possible that participants may focus solely on the interactive components
of the study guides and ignore the remainder of the content, resulting in a decrement in perfor-
mance compared to participants who review non-interactive study guides. To investigate whether
ChatGPT-generated study guides are only beneficial for learning or remembering the exact infor-
mation they contain, as opposed to facilitating learning for the entirety of the material, we tested the
following series of research questions: Are there differences in memory-specific test performance
for questions whose answers are versus are not explicitly stated in the ChatGPT study guides? Are
there differences in memory-specific test performance for questions whose answers are versus are
not included in interactive components of the ChatGPT study guides? And, does this effect depend
on whether the interactive components corresponding to those questions were answered correctly
during the study phase?

With regard to metacognitive accuracy, we hypothesized that the accuracy of metacompre-
hension judgments would improve between the initial reading phase and the study phase for all
three study conditions. This prediction is based on an extension of the re-reading effect, in which
the second presentation of text passages either on their own or alongside study guides would allow
for readers to construct a better situation model and thereby access metacognitive cues that are more

predictive of later test performance (Dunlosky, 2005; Kintsch, 1988; Rawson & Dunlosky, 2002;

11



Rawson et al., 2000). We further hypothesized that this improvement in metacognitive accuracy
would be greater for participants who reviewed non-interactive or interactive ChatGPT study guides
compared to those who only re-read text passages in line with findings regarding recall practice by
Dunlosky and colleagues (2005).

Finally, we hypothesized that participants’ level of trust in Al would be related to both their
test performance and metacognitive accuracy in either the non-interactive or interactive ChatGPT
study guide conditions. This analysis was largely exploratory, as prior research has independently
examined Al trust (e.g., Hoffman et al., 2023; Perrig et al., 2023) and the effects of Al on learning
(e.g., Wang & Fan, 2025). It is conceivable that participants who are hesitant to trust AI may not
be as willing to rely on the provided ChatGPT study guides to review the information from the
text passages, and therefore would not see any change in their test performance or metacognitive
accuracy as a result. We do not expect such a relationship for participants in the re-read condition,
as they do not have any contact with Al-related materials throughout the experiment. However,
it is also possible that the relationship between Al trust and test performance or metacognitive
accuracy persists across all conditions, in which case the measure of trust may be related to some
other underlying psychological construct that also predicts test performance and metacognitive
accuracy. For example, Agler and colleagues (2021) found that Openness to Experience (one
of the Big Five personality traits) was positively related to both comprehension performance and
metacomprehension accuracy, while Bockle and colleagues (2021) and Oksanen and colleagues

(2020) found that Openness to Experience was positively related to trust in Al systems.
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Chapter 2: Methods

This study, including its hypotheses, methodology, and general analysis plan, was pre-
registered on the Open Science Framework (https://osf.io/4zqs5). All materials, including text

stimuli, test questions, and survey items are also available on the Open Science Framework.

Participants

Undergraduate students enrolled in psychology courses at the University of Maryland,
College Park (N = 279) were randomly assigned to either re-read text passages (Re-Read), review
non-interactive ChatGPT study guides (Non-Interactive), or review interactive ChatGPT study
guides (Interactive). Six participants failed to complete the entirety of the experiment and were
thus excluded from analysis. The final sample consisted of 273 participants, with 61.17% identifying
as female, 38.09% identifying as male, 0.37% identifying as non-binary, and 0.37% identifying as
other. In addition, 41.39% identified as White, 23.44% identified as Black or African American,
20.51% identified as Asian, 9.89% identified as Hispanic or Latino, 0.37% identified as American
Indian or Alaskan Native, and 4.40% identified as other. Participants ranged from 18 to 23 years

of age (M = 18.96, SD = 1.14).

Materials

Text Passages

Six expository text passages on various topics in the natural and social sciences were adapted
from Griffin and colleagues (2019). Text passages were originally between 549—1086 words with
varying levels of difficulty in terms of grade level, reading ease, and words per sentence. Text

passages were re-written with the help of Perplexity on March 4th, 2025 to be “at a consistent
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length (850-1000 words) and consistent difficulty level (college)”. Text passages were re-generated
by Perplexity until they matched the length and difficulty requirements as closely as possible, some-
times requiring re-prompting to remove imposed organizational structures or missing information,
then manually revised to ensure that all critical content for answering test questions (in the manner
described below) was present. The final versions of the text passages ranged from 873-937 words

in length with similar readability levels, allowing for consistency in reading times across texts.

ChatGPT Study Guides

For each text passage, two study guides were created: a non-interactive, hierarchically
organized outline-style study guide, and an interactive version. To create non-interactive study
guides, revised text passages were pasted into ChatGPT-40 on March 4th, 2025 with the prompt,
“generate a study guide based on the following text”. ChatGPT was blind to the nature and content
of test questions in an attempt to reduce potential bias in the study guides and increase external
validity (as students typically do not know the exact content of tests when creating study materials).
Minimal manual revisions were made; titles and bold or italic formatting within text were removed
for consistency across passages, and small words such as “e.g.” and “via” were added or removed for
grammatical correctness. Study guides were also modified to ensure that they contained the same
information as the text passages needed to answer all (five) of the inference-based test questions,
half (four) of the memory-based test questions, and excluded the information in the text passages
needed to answer the other half (four) of the memory-based test questions.

ChatGPT was then used to create interactive study guides, which were designed to encourage
participants to engage with the material more than they might naturally if they were simply reviewing

a non-interactive study guide. The non-interactive study guides were pasted into ChatGPT-40 on
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March 23rd, 2025 with the prompt, “Edit the below study guide to remove key words and replace
them with 4 alternative choices for each word (while keeping the rest exactly the same)”. In the
experiment, interactive study guides were formatted such that each interactive component consisted
of a blank space highlighted in blue on the study guide in place of one to three words. Selecting
a dropdown arrow on the interactive component revealed 4 alternatives which could be used to fill
in that particular blank. Once an alternative was selected, it automatically populated in the study
guide in place of the blank space while remaining highlighted.

Due to the state of Large Language Models at the time of stimuli creation, more extensive
revisions were required for the interactive study guides such as excluding blanks that did not have a
correct answer option, had answer options that were too similar, or had words that were redundant
(e.g., in the title, heading, or prior line). For the sake of time and consistency across passages,
interactive study guides were reduced to have only 20 interactive components each by removing
multiple interactive components in a sentence or list, as well as removal by section to ensure an
approximately even distribution across study guides. Of the four memory-based questions whose
answers were explicitly included in study guides, the answers to half (two) of those questions
were included in interactive keyword components, while answers to the other half (two) of those
questions were only included in their standard non-interactive form. The answers to inference-based
questions were not always contained in the interactive components, as they often required multiple
pieces of information and were not explicitly stated in texts or study guides, and in total ranged

from 0-3 relevant interactive keyword components per question.
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Test Questions

There were a total of 13 four-alternative multiple-choice test questions corresponding to
each text passage. Eight questions corresponding to each passage were memory-based, regarding
explicit details from the text passages, and five questions corresponding to each passage were
comprehension-based, requiring connections to be made between concepts in the text passages that
were not explicitly stated (these items are also commonly referred to as inference-based questions
in the metacomprehension literature). All five comprehension-based questions and five of the
eight memory-based questions were taken verbatim from Griffin and colleagues (2019). The three
additional memory-based questions were created to conform to the structure of the existing test
questions with the help of ChatGPT-40 on March 25th, 2025. As previously mentioned, half (four)
of the eight memory-based questions could be answered directly from the ChatGPT study guides,
and half (two) of those four memory-based questions could be answered directly from interactive

components of ChatGPT study guides.

Procedure

Design & Randomization

A 3x6 mixed design was used. Participants were randomly assigned to one of three between-
subjects study conditions (Re-Read: n = 92; Non-Interactive: n = 91; Interactive: n = 90). The
repeated measure consisted of the six text passages presented to each participant in a random order,
with the order of passages remaining consistent within participants throughout the experiment for
the study and test phases. The 13 test questions for each text passage were presented in a random

order for each participant. Answer choices for each test question were randomly ordered for each
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participant, with the exception of questions whose answer choices followed a numerical order, had a
final option of “all of the above”, or had a final option combining two prior options such as “both A
and B”. For interactive ChatGPT study guides, multiple-choice options for interactive components

were also randomly ordered for each participant following the same criteria as test questions.

Reading Phase

Participants were given five minutes to read each text passage. Texts were presented one at
a time on a computer screen, and participants could not advance to the next passage until the five
minutes were up (see Figure 1 for an example). The topic of the text passage was written in bold
at the top of the page. A count-down timer was visible in the top right corner of the screen during
all timed portions of the experiment. Immediately after reading each text passage, participants
were asked to provide two forms of metacomprehension ratings: first, a judgment of understanding
which asked, “How well do you understand the text about [topic]?” on a scale of 1-7, with 1
being “Not well at all” and 7 being “Very well”; and second, a prediction of performance which
asked, “Imagine you were given a 100-question multiple-choice test on the text about [topic]. What

percent of the questions do you think you would get right?”” on a scale of 0—100, in increments of 1.

Study Phase

After reading and providing metacomprehension judgments for all six text passages, partic-
ipants repeated the general procedure for their assigned study condition. In the Re-Read condition,
participants were simply instructed to re-read each text passage. In the Non-Interactive and In-
teractive conditions, participants were instructed to “review each ChatGPT study guide and text

passage”, which were presented simultaneously, with text passages on the left side of the screen and
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study guides on the right (see Figures 2 and 3 for examples of the Non-Interactive and Interactive
conditions, respectively). In the Interactive condition, participants were additionally told, “There
will be blank spaces highlighted in blue for you to fill in with the correct information. .. select the
option you feel best fits into the study guide based on the text passage”; participants were not forced
to respond to any or all of the blank spaces in interactive ChatGPT study guides. Participants were
given 5 minutes to study each text passage in the manner assigned to them, and each text was again

followed by two metacomprehension judgments as in the reading phase.

Test Phase

For each text passage, participants were presented with the entire set of 13 test questions
(including both memory-based and comprehension-based items) on the same page and given an
unlimited amount of time to answer them. The topic of the text which corresponded to each set of
questions was denoted at the top of the page. Participants were required to provide a response to
all test questions, and could not go back to change their answers once they moved on to the next
set. Prior to the test, participants were not given any details regarding the content or nature of the

test questions, aside from them being multiple-choice.

Self-Report Measures

In the last portion of the experiment, participants were given several self-report measures to
complete. First, they were asked to rate how knowledgeable they felt they were on each of the text
passage topics prior to the experiment on a scale of 1-5, with 1 being “No knowledge” and 5 being
“Expert knowledge”. Participants then completed a two-part scale about their perceptions of the

study condition they were assigned to (either re-reading text passages, reviewing non-interactive
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ChatGPT study guides, or reviewing interactive ChatGPT study guides). The first part of the scale
consisted of three items which asked participants about their level of enjoyment and engagement
while partaking in their respective study conditions, and whether they would use a similar study
strategy in their own work, on a 5-point scale from “Strongly Disagree” to “Strongly Agree”. The
second part consisted of four items which asked how helpful or detrimental the study condition was
for participants’ ability to understand the texts, answer test questions, remember specific details,
and make connections between concepts on a 5-point scale from “Very Detrimental” to “Very
Helpful”.

Finally, participants were asked to complete two Al-related measures. The first measure
asked about their use of Al for academic purposes, including whether they had used it (yes/no),
how frequently they used it (never/rarely/monthly/weekly/daily), average hours of use per week
(0-20), and preference for specific chatbot models. The second was a measure of trust in Al
adapted from the TXAI scale by Hoffman and colleagues (2023) using Perrig and colleagues’
(2023) recommendations for optimizing psychometric properties. This measure consisted of seven
statements about the reliability, accuracy, and usefulness of Al, which participants rated on a 5-point

scale from “I disagree strongly” to “I agree strongly”.

Statistical Analyses

All primary analyses were conducted using Bayesian regression models with the package
brms in the R Statistical Environment (Biirkner, 2017; R Core Team, 2025). Pairwise comparisons
were performed using the hypothesis() function from the brms package. All comparisons were
non-directional. The 95% credible intervals (CIs) provided by the hypothesis() function were used

as inference criteria; Cls that did not contain zero were considered to indicate a credible difference
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between the groups being compared. Bayes Factors were computed using the Savage-Dickey
density ratio to quantify the evidence in support of the alternative relative to the null hypothesis.
For example, a BFjg of 10 would indicate that the data are 10 times more likely to be observed
under the alternative hypothesis, whereas a BFo of 1/10 would indicate that the data are 10 times

more likely to be observed under the null hypothesis.
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Chapter 3: Results

Model Fitting

Bayesian regression models were run using 8 chains and 2,000 non-burn-in iterations per
chain, resulting in a total of 16,000 posterior samples for each model. There were no divergences
in any of the models. All R-hats were close to 1. Trace plots indicated that chains mixed well for all
models. The minimum bulk effective sample size for a given model was 1,841, while the minimum
tail effective sample size for a given model was 3,464, both well above the general recommendation

of at least 100 per chain (or a minimum of 800 for the 8 chains used).

Test Performance

Our first set of hypotheses sought to investigate whether our study condition manipulation
had any effect on participants’ test performance. Bayesian mixed effects regression models were
run predicting overall test performance, comprehension test performance, and memory test per-
formance for each text passage from study condition (three levels: re-read text passages; review
non-Interactive ChatGPT study guides; review interactive ChatGPT study guides). An aggregated
binomial regression approach was used to appropriately model the discrete, bounded nature of test
performance. Participants’ self-rated prior knowledge for each text passage topic was standardized
and included in the model as a fixed effect to control for its potential influence on performance
(means and standard deviations of prior knowledge ratings for each study condition and text passage
topic are presented in Table 1). Random intercepts were included for each participant, as well as
for each text passage topic to account for potential differences in difficulty. The results of each of

these models is presented below.

21



Overall Test Performance

Our first model examined overall test performance, which was defined as the number of
questions answered correctly out of the 13 test questions for each text passage (collapsing across
both memory-based and comprehension-based items). Means and standard deviations of overall
test performance for each study condition and text passage topic are presented in Table 2. Model
estimates are presented in Figure 4a; paired comparisons are visualized in Figure 4b. Prior
knowledge had a credibly positive relationship with overall test performance (Estimate = 0.178,
95% CI [0.141, 0.216], BF;y > 1.60 x 10*). There were no credible differences in overall test
performance between any of the study conditions (Re-Read vs Non-Interactive: Estimate = 0.128,
95% CI [-0.054, 0.307], BFjp = 1/5.62; Re-Read vs Interactive: Estimate = 0.021, 95% CI
[-0.161, 0.197], BFp = 1/10.70; Non-Interactive vs Interactive: Estimate = -0.108, 95% CI [-
0.289, 0.075], BFjo = 1/5.79). These results suggest that using Al-generated study guides did not
enhance participants’ test performance above and beyond re-reading text passages, and engaging
with interactive Al-generated study guides did not enhance participants’ test performance above

and beyond reviewing non-interactive Al-generated study guides.
Comprehension Test Performance

Comprehension test performance was defined as the number of questions answered correctly
out of the five comprehension-based items (those requiring connections to be made between
concepts in the text passages that were not explicitly stated). Means and standard deviations of
comprehension test performance for each study condition and text passage topic are presented in

Table 3. Model estimates are presented in Figure 5a; paired comparisons are visualized in Figure 5b.
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Prior knowledge had a credibly positive relationship with comprehension test performance (Estimate
= 0.190, 95% CI [0.129, 0.252], BF;p > 1.60 x 10*). There were no credible differences in
comprehension test performance between any of the study conditions (Re-Read vs Non-Interactive:
Estimate = 0.111, 95% CI [-0.105, 0.330], BF¢p = 1/7.90; Re-Read vs Interactive: Estimate =
-0.073, 95% CI [-0.290, 0.139], BF;o = 1/7.56; Non-Interactive vs Interactive: Estimate = -0.185,
95% CI [-0.404, 0.032], BFjp = 1/2.43). These results suggest that using Al-generated study
guides did not enhance participants’ comprehension-specific test performance above and beyond
re-reading text passages, and engaging with interactive Al-generated study guides did not enhance
participants’ comprehension-specific test performance above and beyond reviewing non-interactive

Al-generated study guides.
Memory Test Performance

Memory test performance for each text passage was defined as the number of questions
answered correctly out of the eight memory-based items (those regarding explicit details from the
text passages). Means and standard deviations of memory test performance for each study condition
and text passage topic are presented in Table 4. Model estimates are presented in Figure 6a; paired
comparisons are visualized in Figure 6b. Prior knowledge had a credibly positive relationship with
memory test performance (Estimate = 0.176, 95% CI [0.129, 0.223], BF9 > 1.60 X 10%). There
were no credible differences in memory test performance between any of the study conditions
(Re-Read vs Non-Interactive: Estimate = 0.139, 95% CI [-0.042, 0.318], BFyp = 1/4.83; Re-Read
vs Interactive: Estimate = 0.074, 95% CI [-0.106, 0.252], BF9 = 1/7.62; Non-Interactive vs
Interactive: Estimate =-0.065, 95% CI [-0.243, 0.115], BF;g = 1/8.28). These results suggest that

using Al-generated study guides did not enhance participants’ memory-specific test performance
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above and beyond re-reading text passages, and engaging with interactive Al-generated study guides
did not enhance participants’ memory-specific test performance above and beyond reviewing non-
interactive Al-generated study guides.

Study Guide Status. We further sub-divided memory-specific test performance into accu-
racy for questions whose answers were included or excluded from ChatGPT study guides, as well
as questions whose answers were included or excluded from interactive components of ChatGPT
study guides, to address our research questions regarding whether ChatGPT-generated study guides
are only beneficial for remembering the exact information they contain. A Bayesian mixed effects
regression model was run predicting memory test performance from the interaction between study
condition and study guide status (two levels: questions present in ChatGPT study guides; questions
absent from ChatGPT study guides). The structure of this model was otherwise the same as for the
models of overall, comprehension, and memory test performance. Model estimates are presented
in Figure 7a. We conducted two sets of post-hoc comparisons to explore the effect of study guide
status.

First, as shown in Figure 7b, we compared memory test performance for the four memory-
based questions whose answers were present in ChatGPT study guides to the four memory-based
questions whose answers were absent from ChatGPT study guides. Performance was greater for
questions present in study guides than questions absent from study guides in all study conditions
(Re-Read: Estimate = 0.354, 95% CI [0.231, 0.479], BF oy > 1.60 x 10*; Non-Interactive: Estimate
=0.382, 95% CI [0.256, 0.508], BF o > 1.60 x 10*; Interactive: Estimate = 0.549, 95% CI [0.425,
0.674], BFo > 1.60 x 10*). These results suggest that the questions whose answers were present in

ChatGPT study guides may have been less difficult than the questions whose answers were absent
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from ChatGPT study guides, but this was regardless of whether participants re-read text passages
or reviewed one of the ChatGPT study guides.

Second, as shown in Figure 7c, we compared memory test performance between study
conditions separately for the four memory-based questions whose answers were present in ChatGPT
study guides and the four memory-based questions whose answers were absent from ChatGPT study
guides. For questions present in study guides, there were no differences in memory test performance
(Re-Read vs Non-Interactive: Estimate = 0.126, 95% CI [-0.071, 0.325], BFp = 1/9.93; Re-Read
vs Interactive: Estimate = -0.027, 95% CI [-0.229, 0.174], BF;y = 1/13.83; Non-Interactive vs
Interactive: Estimate = -0.1531, 95% CI [-0.358, 0.050], BF¢p = 1/4.64). For questions absent
from study guides, there were also no differences (Re-Read vs Non-Interactive: Estimate = 0.154,
95% CI[-0.042, 0.352], BF;y = 1/4.66; Re-Read vs Interactive: Estimate =0.167, 95% CI [-0.033,
0.366], BFjg = 1/2.69; Non-Interactive vs Interactive: Estimate = 0.014, 95% CI [-0.193, 0.218],
BF;o = 1/9.85). These results suggest that participants who reviewed ChatGPT study guides did
not solely remember the information contained in those study guides, or at least not above and
beyond participants who re-read text passages.

Interactive Component Status. A Bayesian mixed effects regression model was run pre-
dicting memory test performance from the interaction between study condition and interactive
component status (two levels: questions present in interactive components of ChatGPT study
guides; questions absent from interactive components of ChatGPT study guides). The structure of
this model was otherwise the same as for the models of overall, comprehension, and memory test
performance. Model estimates are presented in Figure 8a. We again conducted two sets of post-hoc

comparisons to explore the effect of interactive component status.
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First, as shown in Figure 8b, we compared memory test performance for the two memory-
based questions whose answers were present in interactive components of ChatGPT study guides
to the two memory-based questions whose answers were absent from interactive components of
ChatGPT study guides (but still present in the non-interactive content of ChatGPT study guides).
For participants who re-read text passages, performance was credibly worse for questions present
in interactive components compared to questions absent from interactive components (Estimate
= -0.196, 95% CI [-0.373, -0.0186], BF;y = 1/1.51). However, this effect was not particularly
convincing according to the Bayes Factor, which indicated that the data were approximately equally
likely to be observed under the null as under the alternative hypothesis. For participants who
reviewed non-interactive ChatGPT study guides, there was no difference in performance between
questions present in interactive components and questions absent from interactive components
(Estimate = -0.181, 95% CI [-0.361, 0.001], BF¢ = 1/2.23). For participants who reviewed inter-
active ChatGPT study guides, performance was credibly better for questions present in interactive
components compared to questions absent from interactive components (Estimate = 0.265, 95%
CI [0.083, 0.442], BF|o = 6.25). These results suggest that participants who reviewed interactive
ChatGPT study guides received a boost in performance for questions whose answers were present
in interactive components.

Second, as shown in Figure 8c, we compared memory test performance between study con-
ditions separately for the two memory-based questions whose answers were present in interactive
components of ChatGPT study guides and the two memory-based questions whose answers were
absent from interactive components of ChatGPT study guides (but still present in the non-interactive

content of ChatGPT study guides). For questions whose answers were present in interactive com-
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ponents, there was no difference in memory test performance between participants who re-read text
passages and participants who reviewed non-interactive ChatGPT study guides (Estimate = 0.116,
95% CI [-0.138, 0.370], BFjp = 1/6.96), but performance was credibly better for participants
who reviewed interactive ChatGPT study guides compared to both participants who re-read text
passages and participants who reviewed non-interactive ChatGPT study guides (Re-Read vs Inter-
active: Estimate = -0.258, 95% CI [-0.507, -0.002], BFo = 1/1.11; Non-Interactive vs Interactive:
Estimate = -0.374, 95% CI [-0.624, -0.117], BF ¢ = 7.14). However, the difference in performance
between participants who reviewed interactive ChatGPT study guides and participants who re-read
text passages was not particularly convincing according to the Bayes Factor, which indicated that
the data were approximately equally likely to be observed under the null as under the alternative
hypothesis. For questions whose answers were present in the non-interactive content of ChatGPT
study guides but absent from interactive components of ChatGPT study guides, there were no
differences in memory test performance between study conditions (Re-Read vs Non-Interactive:
Estimate = 0.131, 95% CI [-0.126, 0.385], BF{y = 1/9.50; Re-Read vs Interactive: Estimate =
0.203, 95% CI [-0.047, 0.455], BFg = 1/3.61; Non-Interactive vs Interactive: Estimate = 0.072,
95% CI [-0.182, 0.330], BFjp = 1/9.87). These results suggest that, at least to some extent,
participants who reviewed interactive ChatGPT study guides performed better than participants
who re-read text passages or reviewed non-interactive ChatGPT study guides on questions whose
answers were present in those interactive components, but did not perform worse on questions

whose answers were not present in those interactive components.
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Interactive Study Guide Performance

We initially asked whether differences in memory test performance for questions whose
answers were present in interactive components of ChatGPT study guides was dependent on the
accuracy with which those specific interactive components were answered during the study phase.
However, it is not possible to compare this effect between study conditions because participants
who re-read text passages or reviewed non-interactive ChatGPT study guides did not have the op-
portunity to complete the question-related interactive components in the study phase. Therefore, we
instead conducted an exploratory analysis of the relationship between interactive component com-
pletion in the study phase and test performance only for participants assigned to review interactive
ChatGPT study guides. Means and standard deviations of the number of interactive components
completed, the number of interactive components completed correctly, and the number of interac-
tive components completed incorrectly by participants in the Interactive study condition for each
text passage topic are presented in Table 5.

Three separate Bayesian mixed effects regression models were run predicting overall test
performance (out of 13 questions), comprehension-specific test performance (out of eight questions)
and memory-specific test performance (out of five questions) from both the number of interactive
components correctly completed in the study phase and the number of interactive components
incorrectly completed in the study phase. As participants assigned to review interactive ChatGPT
study guides were not forced to respond to all interactive components, controlling for the number
of incorrectly completed interactive components in addition to the number of correctly completed

interactive components allowed us to account for the total number of interactive components
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completed, which varied by participant and text passage. The structures of these models were
otherwise the same as for the models of overall, comprehension, and memory test performance.
The relationship between the number of interactive components correctly completed in
the study phase and test performance was credibly positive across all three models (Overall test
performance: Estimate = 0.051, 95% CI [0.031, 0.071], BF;o > 1.60 X 10%; Comprehension
test performance: Estimate = 0.076, 95% CI [0.046, 0.107], BFjo > 1.60 X 10%; Memory test
performance: Estimate = 0.051, 95% CI [0.028, 0.072], BF;o = 50). Results were mixed for
the relationship between the number of interactive components incorrectly completed in the study
phase and test performance. For overall test performance, this relationship was credibly negative
(Estimate =-0.030, 95% CI [-0.056, -0.003], BF ;¢ = 1/7.24), but the Bayes Factor indicated that the
data were over seven times more likely to be observed under the null hypothesis of no relationship.
For comprehension test performance, this relationship was not different from zero (Estimate =
-0.018, 95% CI [-0.060, 0.026], BF;o = 1/32.51). Finally, for memory test performance, this
relationship was credibly negative (Estimate = -0.054, 95% CI [-0.083, -0.024], BF;p = 8.33).
These results suggest that participants who completed more interactive components correctly in the
study phase performed better on all types of test questions, but participants who completed more

interactive components incorrectly did not always perform worse.
Metacomprehension Accuracy

Our next set of hypotheses sought to investigate whether metacomprehension accuracy
improved between judgments made during the reading phase (time 1) and judgments made during
the study phase (time 2). For each time point, two types of metacomprehension judgments were

elicited: judgments of understanding, in which participants rated how well they understood each
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text passage on a scale of 1 (“Not well at all”) to 7 (“Very well”), and predictions of performance, in
which participants rated how many questions they thought they would get right on a test out of 100.
Means and standard deviations of judgments of understanding and predictions of performance for
each time point, study condition, and text passage topic are presented in Tables 6 and 7, respectively.
Two different measures of metacomprehension accuracy were used: absolute accuracy, computed as
the predicted proportion of questions correct subtracted by the actual proportion of questions correct
(including both memory-based and comprehension-based items) for each text passage, and relative
accuracy, computed using intraindividual Kendall’s tau-a correlations between metacomprehension
judgments and overall test performance across text passages. Relative accuracy was computed and
analyzed separately for both judgments of understanding and predictions of performance at each
time point. Absolute accuracy was only computed and analyzed for predictions of performance at
each time point because they were assumed to follow a continuous numeric scale, unlike judgments
of understanding, which were measured on a Likert scale and therefore not assumed to have equal
distances between scale points. Means and standard deviations of absolute accuracy scores for each
timepoint, study condition, and text passage topic are presented in Table 8. Means and standard
deviations of relative metacomprehension accuracy scores as measured by Kendall’s tau-a for each

timepoint, type of judgment, and study condition are presented in Table 9.
Absolute Accuracy

A Bayesian mixed effects linear regression model was run predicting absolute metacom-
prehension accuracy from study condition, judgment time (two levels: time 1, during the reading
phase; time 2, during the study phase), and their interaction.! Other effects in this model included

the fixed effect of standardized prior knowledge ratings, random intercepts for each participant, and
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random intercepts for each text passage topic. Model estimates are presented in Figure 9a; paired
comparisons are visualized in Figure 9b. Prior knowledge had a credibly positive relationship with
absolute accuracy (Estimate = 0.028, 95% CI [0.020, 0.036], BF;o > 1.60x 104). There was a cred-
ible difference between absolute accuracy at time 2 and time 1 for the Re-Read condition (Estimate
=0.061, 95% CI [0.041, 0.080], BF;o > 1.60 x 10*) and the Non-Interactive condition (Estimate =
0.072, 95% CI [0.053, 0.092], BF;¢ > 1.60 x 10*), but not for the Interactive condition (Estimate =
0.001, 95% CI [-0.019, 0.021], BF 9 = 1/98.75). Absolute accuracy is computed such that a score
of 0 indicates perfect absolute accuracy (an exact match between predicted and actual performance),
a score below 0 indicates underconfidence (lower predicted than actual performance), and a score
above 0 indicates overconfidence (higher predicted than actual performance). Based on model
estimates, absolute accuracy scores for the Re-Read condition increased from 0.05 at time 1 to 0.11
at time 2 and absolute accuracy scores for the Non-Interactive condition increased from 0.08 at
time 1 to 0.15 at time 2, both moving away from zero. Therefore, these results suggest that absolute
accuracy became poorer and overconfidence increased following the study phase for participants
who re-read text passages or reviewed non-interactive ChatGPT study guides. In contrast, absolute
accuracy remained the same for participants who reviewed interactive ChatGPT study guides, with
a mean estimate of 0.06 at both time 1 and time 2.

Since our initial hypothesis that absolute metacomprehension accuracy would improve
between judgments made during initial reading and judgments made during the study phase across
study conditions was not supported, it was not possible to then compare that improvement between
conditions. Instead, to evaluate the effect of the study condition on absolute metacomprehension

accuracy, we conducted a Bayesian mixed effects linear regression predicting absolute accuracy
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of judgments made during the study phase (time 2) from study condition, controlling for absolute
accuracy at time 1. Other effects in this model included the fixed effect of standardized prior
knowledge ratings, random intercepts for each participant, and random intercepts for each text
passage topic. Model estimates are presented in Figure 10a; paired comparisons are visualized in
Figure 10b. Absolute accuracy at time 1 had a credibly positive relationship with absolute accuracy
at time 2 (Estimate = 0.791, 95% CI [0.760, 0.822], BF;¢ > 1.60x 10*), but prior knowledge had no
relationship with absolute accuracy at time 2 when controlling for the influence of judgments made
at time 1 (Estimate = 0.000, 95% CI [-0.007, 0.007], BF;p = 1/261.09). There was no credible
difference in absolute accuracy between the Re-Read condition and the Non-Interactive condition
(Estimate = -0.017, 95% CI [-0.041, 0.008], BF;y = 1/44.62). There was a credible difference in
absolute accuracy between the Re-Read condition and the Interactive condition (Estimate = 0.058,
95% CI [0.034, 0.082], BF;o > 1.60 x 10%), as well as between the Non-Interactive condition and
the Interactive condition (Estimate = 0.075, 95% CI [0.051, 0.099], BF;o > 1.60 x 10%). Based
on model estimates, absolute accuracy was 0.12 at time 2 for the Re-Read condition, 0.14 for the
Non-Interactive condition, and 0.06 for the Interactive condition. Therefore, these results suggest
that absolute accuracy for judgments made during the study phase was better for participants
who reviewed interactive ChatGPT study guides compared to participants who either re-read text

passages or reviewed non-interactive ChatGPT study guides.
Relative Accuracy

Two separate Bayesian mixed effects linear regression models were run predicting relative
metacomprehension accuracy for Judgments of Understanding and predictions of performance from

study condition, judgment time, and their interaction with random intercepts for each participant.>
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Model estimates are presented in Figure 11a; paired comparisons are visualized in Figure 11b. For
participants in the Re-Read condition, there was a credible decrease in relative accuracy between
time 1 and time 2 for both judgments of understanding (Estimate = -0.094, 95% CI [-0.151,
-0.034], BF9p = 1/2.94) and predictions of performance (Estimate = -0.077, 95% CI [-0.139,
-0.017], BF¢ = 1/2.22). However, these differences were not particularly convincing for either
type of judgment according to the Bayes Factors, which would be considered non-informative
by conventional guidelines (Lee & Wagenmakers, 2014). For participants in the Non-Interactive
condition, there was no difference between relative accuracy at time 2 and time 1 for either judgments
of understanding (Estimate = -0.025, 95% CI [-0.084, 0.034], BF o = 1/33.92) or predictions of
performance (Estimate = -0.018, 95% CI [-0.078, 0.042], BF;p = 1/40.21). For participants in the
Interactive condition, there was also no difference between relative accuracy at time 2 and time 1 for
either judgments of understanding (Estimate = -0.002, 95% CI [-0.062, 0.056], BF;y = 1/33.03)
or predictions of performance (Estimate = 0.012, 95% CI [-0.048, 0.073], BFo = 1/30.43). These
results indicate that relative accuracy did not improve between the reading phase and the study
phase in any condition, and may have worsened to some extent for participants who re-read text
passages.

As was the case with absolute accuracy, since our initial hypothesis that relative accuracy
would improve between judgments made during initial reading and judgments made during the
study phase across study conditions was not supported, it was not possible to then compare that
improvement between conditions. Instead, to evaluate the effect of the study condition on relative
metacomprehension accuracy, we ran two separate Bayesian linear regression models predicting

relative accuracy of judgments of understanding and predictions of performance made during the
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study phase (time 2) from study condition, controlling for relative accuracy at time 1. Model
estimates are presented in Figure 12a, while post-hoc comparisons are visualized in Figure 12b.
There was no credible difference in relative accuracy between the Re-Read condition and the
Non-Interactive condition for either judgments of understanding (Estimate = -0.043, 95% CI [-
0.114, 0.029], BF|oy = 1/19.79) or predictions of performance (Estimate = -0.033, 95% CI [-0.107,
0.043], BFp = 1/26.42). Relative accuracy was credibly worse in the Re-Read condition than in
the Interactive condition for both judgments of understanding (Estimate = -0.116, 95% CI [-0.187,
-0.044], BFjo = 5.56) and predictions of performance (Estimate =-0.114, 95% CI [-0.188, -0.038],
BF;o = 2.04). Relative accuracy was also credibly worse in the Non-Interactive condition than in
the Interactive condition for both judgments of understanding (Estimate = -0.073, 95% CI [-0.145,
-0.002], BFjp = 1/3.64) and predictions of performance (Estimate = -0.081, 95% CI [-0.157,
-0.006], BF o = 1/2.93). However, the difference between the Re-Read and Interactive conditions
for predictions of performance was not particularly convincing according to the Bayes Factor,
which would be considered non-informative by conventional guidelines (Lee & Wagenmakers,
2014). Similarly, the difference between the Non-Interactive and Interactive conditions was not
particularly convincing, with Bayes Factors indicating that the data were 3.64 times more likely
under the null hypothesis of no difference for judgments of understanding and 2.93 times more
likely under the null hypothesis of no difference for predictions of performance. These results
suggest that relative accuracy during the study phase was somewhat better for participants who
reviewed interactive ChatGPT study guides compared to participants who re-read text passages or

reviewed non-interactive ChatGPT study guides.
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Trust in Artificial Intelligence

Our final set of hypotheses sought to evaluate whether trust in Al was related to test
performance and metacomprehension accuracy for participants who reviewed interactive or non-
interactive ChatGPT study guides. Responses to each of the items on the TXAI scale (Hoffman
et al., 2023; Perrig et al., 2023) were numerically re-coded from 1 (“I disagree strongly”) to 5 (“I
agree strongly”). Numeric responses were then summed across the seven items for each participant,
resulting in a composite Al trust score which could range from 5 (indicating a complete lack of trust
in Al) to 35 (indicating a strong sense of trust in Al). The average Al trust score across participants
was 20.05 with a standard deviation of 4.66. A Bayesian linear regression was run to predict Al
trust score from study condition. This model was then compared with an intercept-only equivalent
to evaluate whether trust differed by study condition. The intercept-only (null) model was favored
over the model including study condition (BFj¢p = 1/259.07), indicating that Al trust scores did
not vary by condition.

Four separate Bayesian mixed-effects regression models were run predicting overall test
performance, absolute metacomprehension accuracy, and relative metacomprehension accuracy of
judgments of understanding and predictions of performance (at time 2) from study condition, Al
trust score, and their interaction. Other fixed and random effects followed the same structure as
the primary analyses for each of the above outcomes, respectively. Post-hoc tests evaluating the
slope of Al trust for each study condition and outcome measure are presented in Table 10. There
were only two cases in which the slope for Al trust was credibly different from zero (and in fact

was negative): when predicting overall test performance for the Interactive condition (Estimate
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= -0.024, 95% CI [-0.047, -0.000], BFjp = 1/12.02) and when predicting relative accuracy of
judgments of understanding for the Non-Interactive condition (Estimate = -0.024, 95% CI [-0.044,
-0.004], BFp = 1/9.45). However, these results were not particularly convincing according to the
Bayes Factors, which indicated that the data were 12 times more likely in the case of overall test
performance and 9 times more likely in the case of relative accuracy to be observed under the null
hypothesis of no relationship with Al trust. All other slopes for Al trust were not credibly different
from zero in either direction, with Bayes Factors strongly favoring the null. Therefore, these results
suggest that level of trust in Al had no relationship with overall test performance, absolute accuracy,

or relative accuracy for participants in any study condition.
Usage of Artificial Intelligence

Though not part of the primary hypotheses we sought out to test, we also explored partic-
ipants’ self-reported usage of Al for academic purposes to contribute to the growing literature on
the popularity of Al among college students. Survey responses by study condition are presented in
Table 11. Three Bayesian regression models were run to predict participants’ responses for each
of the Al usage self-report items (whether or not they had ever used it, the frequency with which
they use it, and the average hours per week they use it) from study condition. These models were
then compared with intercept-only equivalents to evaluate whether responses varied by condition.
The intercept-only (null) model was favored for all items: whether participants had ever used
Al for academic purposes (BFjp = 1/12.11), the frequency with which participants used Al for
academic purposes (BFjg = 1/13.44), and the average hours per week participants used Al for
academic purposes (BFjo = 1/1.30 x 10?), indicating that there was no evidence for a difference

in self-reported Al usage by study condition. Therefore, we highlight notable results collapsing
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across study conditions below.

Of the 273 participants included in the final sample, 255 (93.4%) reported having used Al
chatbots such as ChatGPT for academic purposes. Participants most frequently reported using Al
for academic purposes on a weekly basis (39%), followed by using Al for academic purposes rarely
(23%), with an average usage of 2.41 hours per week (SD = 2.92). As for which Al chatbot models
students most frequently use, ChatGPT took first place with 239 out of 273 participants (87.5%)
reporting using it for academic purposes, followed by Gemini with 53 out of 273 participants
(19.4%). It is important to note that, as with all self-reported measures, there may be some
inconsistencies in participant responses. Specifically, three participants who reported not having
used Al for academic purposes subsequently reported using Al for academic purposes “rarely” as
opposed to “never”, and two of those participants reported using Al for academic purposes for
an average of 1.8 and 4 hours per week, respectively, as well as reporting specific models used
(including ChatGPT, Perplexity, and Gemini). Nonetheless, these results suggest that usage of Al

for academic purposes is rampant among students in our sample.

Study Condition Perceptions

Finally, we explored participants’ attitudes towards the study conditions they were assigned
to (re-reading text passages, reviewing non-interactive ChatGPT study guides, or reviewing inter-
active ChatGPT study guides) with a self-report scale. Because responses were provided on Likert
scales (from “Strongly disagree” to “Strongly agree” and “Very detrimental” to “Very helpful”),
Bayesian ordinal regression models were used to predict response distributions for each item from
study condition. These models were then compared with intercept-only equivalents to evaluate

whether responses varied by condition, followed by post-hoc comparisons between conditions
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when appropriate.

In the first part of the survey, participants were asked to rate their level of agreement with a
series of statements regarding their enjoyment of their study condition, their engagement with their
study condition, and their willingness to use their study condition as a strategy in their own academic
work. Participants’ responses to the first part of the survey by study condition are presented in
Table 12. For enjoyment, the model including study condition was favored over the intercept-only
model (BFjgp = 1.02x10'7), indicating that there was evidence for a difference between study
conditions. Post-hoc comparisons revealed that participants reported credibly lower enjoyment
for re-reading text passages than for reviewing non-interactive ChatGPT study guides (Estimate =
-2.604, 95% CI [-3.218, -2.020], BF}( > 1.60x 10*) or interactive ChatGPT study guides (Estimate
=-1.678, 95% CI [-2.209, -1.145], BF;o > 1.60x 104). Furthermore, participants reported credibly
higher enjoyment for reviewing non-interactive ChatGPT study guides than for reviewing interactive
ChatGPT study guides (Estimate = 0.926, 95% CI [0.395, 1.473], BF;o = 100). For engagement,
the model including study condition was favored over the intercept-only model (BF o = 2.64x10'7),
indicating that there was evidence for a difference between study conditions. Post-hoc comparisons
further revealed that participants reported credibly lower engagement with re-read text passages
than with reviewing non-interactive ChatGPT study guides (Estimate = -2.252, 95% CI [-2.842,
-1.690], BF;9 > 1.60 x 10%) or interactive ChatGPT study guides (Estimate = -2.300, 95% CI
[-2.863, -1.743], BFjp > 1.60 x 10%*). There was no credible difference between participants
who reviewed non-interactive compared to interactive ChatGPT study guides (Estimate = -0.048,
95% CI [-0.567, 0.467], BF o = 1/3.70). Finally, for willingness to use the study strategy, the

model including study condition was not favored over the intercept-only model (BF;o = 1/1.85),
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indicating that there was no evidence for a difference between study conditions. These results
suggest that participants enjoyed and were engaged with reviewing ChatGPT study guides more
than re-reading text passages, but were not more likely to select them as a study strategy in their
own academic work.

In the second part of the survey, participants were asked to rate how helpful or detrimental
their study condition was for their ability to understand the text passages, accurately answer the
test questions, remember details from the text passages, and make connections between concepts
within the text passages. Participants’ responses to the second part of the survey by study condition
are presented in Table 13. The models including study condition were not favored over intercept-
only models for any of the items (understand text passages: BF;p = 1.93; accurately answer
questions: BFjp = 1/14.29; remember details: BF;y = 1/8.33; make connections between
concepts: BF g = 1/4.35), indicating that there was no evidence for differences between conditions.
These results suggest that participants perceived both types of ChatGPT study guides to be equally
effective as re-reading text passages for learning purposes, which aligns with the findings for actual

test performance.
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Chapter 4: Discussion

The present study investigated whether Al-generated study materials could be used to
facilitate memory, comprehension, and metacomprehension of text materials. While reviewing
ChatGPT study guides did not provide a benefit to test performance above and beyond re-reading
text passages, participants reported more enjoyment and engagement with the study guides than
with re-reading. Furthermore, interactive ChatGPT study guides reduced overconfidence in meta-
comprehension judgments, resulting in better metacomprehension accuracy than non-interactive
ChatGPT study guides or re-reading text passages. We also found that participants reported en-
joying and feeling engaged with reviewing ChatGPT study guides to a greater extent than simply
re-reading text passages. Though ChatGPT study guides did not provide improve test performance
over re-reading, they also did not worsen test performance. Therefore, the results of the present
study suggest that participants who enjoy ChatGPT study guides more than the “traditional” study
method of re-reading can do so with an equal level of effectiveness for test performance, and
potentially additional benefits for metacomprehension.

In contrast to prior literature on outlines, we failed to find an adjunct display effect for Al-
generated study guides. This finding is not particularly surprising with regard to comprehension
test performance; the effect of instructor-provided outlines is generally weaker for comprehension-
based evaluations than for memory-based evaluations because they do not prime integration of
information as strongly as the act of generating an outline (Ponce et al., 2023). With regard to
memory test performance, however, there are several possible explanations for this finding. Some

studies have presented outlines to students as a preface for the to-be-learned material (e.g., Krug
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etal., 1989) or at the same time as their first and only opportunity to study the material (e.g., Kiewra
et al., 1999). In the present study, the adjunct displays (non-interactive and interactive ChatGPT
study guides) were only presented the second time participants were exposed to the material in
comparison with a third group who was also exposed to the material twice. Therefore, it is possible
that the study guides simply provided the same amount of benefit, if any, as re-reading text passages.
However, work by Marefat and Ghahari (2009) and Moradi and colleagues (2020) has shown an
adjunct display effect when outlines are provided to students following initial reading in comparison
with students who are provided the same texts for a second time. Importantly, though, both of
the aforementioned studies employed the exact same text materials, which differed from those
used in the present study. Differences in text passage length, difficulty, and questions used may
account for the discrepancy in the findings. Another key difference is that previous studies on the
adjunct display effect have employed instructor- or expert-generated outlines, as opposed to the Al-
generated study guides employed here. The current capabilities of Al simply may not be sufficient
to create study materials which match the level of an expert or instructor. In addition, instructor- or
expert-generated outlines likely contain all of the information required to answer all test questions
used. Our Al-generated study guides, however, were created “blind” to all test questions and were
further modified to ensure that only half of the memory-based questions could be answered solely
from the study guides. This was done to reflect the fact that students rarely know the exact contents
of an exam when generating study materials. It is therefore possible that if Al-generated study
guides contained all test-relevant information, they may show a greater benefit to memory-based
test performance than re-reading alone. This explanation is not strongly supported by the present

findings, though, as there was no difference in memory test performance between participants who

41



reviewed either type of ChatGPT study guide and participants who re-read text passages regardless
of whether or not test question answers were included in the study guide.

Though interactive ChatGPT study guides did not provide a general improvement in test
performance over re-reading text passages or reviewing non-interactive ChatGPT study guides,
we did find some evidence in support of a testing effect (Roediger & Karpicke, 2006). That is,
participants who reviewed interactive ChatGPT study guides performed better on memory-based
questions whose answers were included in interactive components. This is consistent with Hinze
and Wiley’s (2011) findings on fill-in-the-blank recall practice, which also only benefited test
performance for items matching the fill-in-the-blanks exactly. It is possible that if there were more
interactive components matching memory-based test questions, there would have been a greater
benefit in performance overall for participants who reviewed ChatGPT study guides. In fact,
interactive ChatGPT study guides originally contained far more interactive components overall,
including those which aligned with answers to memory-based test questions, but these interactive
components had to be manually reduced in the present study to ensure that participants would have
enough time to complete most of the study guides. Furthermore, we found that participants who
completed more interactive components of ChatGPT study guides correctly displayed better overall,
memory, and comprehension test performance. While completing more interactive components
correctly may have evidenced better learning of text passages in the first place, which would also
correspond to better test performance, it is also possible that participants who completed interactive
components correctly did so by referring back to the original texts to find information, which would
provide a benefit for test performance later. On average, participants were not able to complete

all 20 interactive components of ChatGPT study guides within the 5 minutes allotted, which
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likely disproportionately affected participants who had a slower reading speed or response time.
Therefore, test performance for participants who reviewed interactive ChatGPT study guides may
have further improved if participants had unlimited time to complete those interactive components,
as they would (to some extent) if studying on their own.

As for metacomprehension, we failed to find a rereading effect in the present study. Con-
trary to our hypotheses, participants’ metacomprehension accuracy was worse for judgments made
after re-reading text passages (or reviewing non-interactive ChatGPT study guides) compared to
judgments made after initial reading. Several methodological and analytical factors may contribute
to this finding. First, participants in the present study were shown each text passage in its entirety
for a set amount of time, in contrast to studies in which participants either read text passages one
sentence at a time or in their entirety but can advance when finished (e.g., Dunlosky, 2005; Rawson
& Dunlosky, 2002; Rawson et al., 2000). Therefore, it is possible for participants in the present
study to have read some or all of a text passage multiple times during “initial reading”, depending
on individual factors such as reading speed and motivation. The ability to re-read elements of
text passages may have allowed participants to construct a sufficient situation model during initial
reading, providing no benefit when reading again. Additionally, participants in the present study
were not aware that they would be shown text passages a second time (either on their own or in con-
junction with a ChatGPT study guide) in advance. This may have encouraged participants to read
more carefully initially, similarly allowing them to construct a better understanding of text passages
during initial reading, than if they knew that text passages would be presented for a second time prior
to testing. Second, studies examining the rereading effect typically do so between-subjects, where

one group of participants read a text passage once, then provide metacomprehension judgments,
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and another group of participants read a text passage twice, then provide metacomprehension judg-
ments (e.g., Dunlosky, 2005; Griffin et al., 2008; Rawson & Dunlosky, 2002; Rawson et al., 2000).
Instead, participants in the present study each made the same metacomprehension judgments at two
different timepoints, allowing for a within-subjects evaluation of the effect of re-reading. It is possi-
ble that the act of making metacomprehension judgments following initial reading of text passages
created an anchor based on which participants adjusted their second round of metacomprehension
judgments. In one of very few studies which has examined the rereading effect within-subjects,
Margolin and Snyder (2018) had the same participants read a series of text passages only one time
and a separate series of text passages twice, and elicited repeated metacomprehension judgments
(following initial reading and following re-reading) for text passages read twice. Their analyses
revealed that the magnitude of metacomprehension judgments (i.e., participants’ confidence in
their understanding of the material) significantly increased between initial reading and re-reading,
as was the case with predictions of performance in the present study. However, Margolin and
Snyder (2018) did not compute a measure of relative or absolute metacomprehension accuracy to
compare these two timepoints within text passages, so it is unclear whether the increase in judgment
magnitude made participants more or less metacognitively accurate. In the present study, increases
in confidence for predictions of performance moved participants’ judgments further away from
their actual test performance, making metacognitive accuracy worse after re-reading. This general
pattern of results supports Margolin and Snyder’s (2018) idea that reading a text passage twice
makes students think they understand it better, even when this is not necessarily the case.

Even when controlling for metacomprehension accuracy at time 1 (during initial reading),

participants who reviewed interactive ChatGPT study guides had better metacomprehension ac-
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curacy at time 2 (during the study phase) compared to participants who re-read text passages
or reviewed non-interactive ChatGPT study guides. This provides some evidence that retrieval
practice (in this case, the act of filling in interactive components with the correct information)
can support metacomprehension in addition to memory-based test performance (e.g., Dunlosky
et al., 2005). However, effects were weaker for relative as opposed to absolute accuracy, with some
evidence in support of no difference between interactive and non-interactive ChatGPT study guides
for relative accuracy. Similarly, while there were sharp decreases in absolute metacomprehension
accuracy between initial reading and the study phase for participants who re-read text passages or
reviewed non-interactive ChatGPT study guides, these effects were not as dramatic for relative meta-
comprehension accuracy. In fact, for participants who reviewed non-interactive ChatGPT study
guides, there was no change in relative accuracy between initial reading and the study phase for
either judgments of understanding or predictions of performance. Therefore, it seems that although
reviewing non-interactive ChatGPT study guides increased overconfidence in metacomprehension
judgments, these increases were consistent across text passages, resulting in no difference for rela-
tive accuracy. For participants who re-read text passages, there were credible but weak decreases
in relative accuracy between initial reading and re-reading. Differences in metacomprehension
accuracy between study conditions at time 2 (during the study phase) were also weaker for relative
than absolute accuracy. One possible reason for this pattern of results is that relative and absolute
accuracy provide different perspectives on metacomprehension abilities, and likely serve different
purposes as far as guiding students’ study decisions. Good relative accuracy can help students
determine which test materials they should prioritize when studying, while good absolute accuracy

can help students determine whether or not they need to study specific test materials. However, the
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limitations of relative accuracy as a measure of metacomprehension may also contribute to these
findings. Judgments of understanding are typically given on a Likert scale (such as “Not well at all”
to “Very well” for the present study), they are generally not considered to be continuous in nature
or to have equal distances between scale points (such as the distance between “Somewhat well”
and “Very well”). Therefore, researchers use measures of relative accuracy such as Kendall’s tau
or Goodman-Kruskal’s gamma, which are non-parametric correlations based on the rank-order of
both metacomprehension judgments and test performance across text passages within individuals.
These measures ignore the magnitude of differences between rankings, which limits the amount of
information they can convey. In addition, because relative accuracy is computed as a single score
for each participant, one loses the ability to employ a mixed-effects modeling approach, which can
account for text passage difficulty, self-rated prior knowledge, and participant abilities.

Future work should confirm the results obtained here to ensure their reliability across
samples. To this extent, an exact replication of the present study is currently in progress. More
research is needed to continue to assess the effectiveness of Al-generated study materials for
text materials as the capabilities of Al advance. In particular, researchers should explore the
implementation of Al in real educational contexts that rely on primarily text-based materials such
as textbook chapters or journal articles, moving beyond the literature’s focus on skills- and project-
based areas. Furthermore, as the present study only provided students with already-generated Al
study materials, researchers should explore whether interacting with Al chatbots directly differently
impacts the learning and studying of text materials. Future work should also study the rereading
effect for metacomprehension accuracy within-subjects to further disentangle potential theoretical

reasons why it may not present in the same way as in between-subjects designs. Lastly, future
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research should examine whether the improvements in metacomprehension accuracy gained by
reviewing interactive ChatGPT study guides are meaningful in helping students better regulate

their own studying and learning.
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Footnotes

1. Since absolute accuracy scores were continuous but bounded between -1 and 1, we also
conducted analyses using Beta regression models by transforming the data to a (0, 1) interval.
The results from both modelling techniques converged, and thus only the results for the linear
regression models on raw absolute accuracy scores are reported here for simplicity’s sake.

Models and post-hoc comparisons for Beta regression models can be found on OSF.

2. Since our measure of relative accuracy, Kendall’s tau-a, is continuous but bounded between
-1 and 1, we also conducted analyses using Beta regression models by transforming the
data to a (0, 1) interval and linear regression models by transforming the data to Fisher’s z
through Pearson’s r. The results from all three modelling techniques converged, and thus
only the results for the linear regression models on raw Kendall’s tau-a values are presented
for simplicity’s sake. Models and post-hoc comparisons for Beta regression models and

transformed linear regression models can be found on OSF.

3. Because relative accuracy was computed across text passages for each participant, fixed
effects for prior knowledge and random effects for text passage topic could not be included

in this model.
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Tables

Table 1

Prior Knowledge Ratings by Study Condition and Text Passage Topic

Topic Re-Read Non-Interactive Interactive
M SD M SD M SD
Volcanoes 2.32 0.86 2.44 0.87 2.31 0.87
Evolution 3.05 0.80 3.02 0.88 3.11 0.89
Ice Ages 2.27 0.90 2.23 0.90 222 0.83
Antibiotics 2.25 1.03 2.33 0.97 2.24 1.00

Intelligence Tests 3.30 0.95 3.13 1.04 3.27 0.98
Monetary Policy 2.16 1.19 2.24 1.12 2.14 0.98

Note. Prior knowledge was rated on a 1-5 scale for each text passage.

Table 2

Overall Test Performance by Study Condition and Text Passage Topic

Topic Re-Read Non-Interactive Interactive
M SD M SD M SD
Volcanoes 5.22 2.45 5.86 2.50 553 2.67
Evolution 8.33 2.38 7.53 2.90 8.17 2.98
Ice Ages 7.24 241 6.98 2.38 7.41 2.52
Antibiotics 5.63 2.15 5.10 2.03 5.00 223

Intelligence Tests 8.47 2.12 8.01 1.97 8.77 2.09
Monetary Policy 7.50 2.81 6.71 2.85 7.20 2.69

Note. Overall test performance was measured as the number of test questions answered correctly

out of a possible 13 for each text passage.
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Table 3

Comprehension Test Performance by Study Condition and Text Passage Topic

Topic Re-Read Non-Interactive Interactive
M SD M SD M SD
Volcanoes 2.09 1.22 2.58 1.33 2.38 1.39
Evolution 3.32 1.26 291 1.31 3.24 1.30
Ice Ages 2.99 1.19 2.81 1.22 3.21 1.24
Antibiotics 1.71 1.21 1.37 1.12 1.50 1.12

Intelligence Tests 3.57 1.14 3.49 1.00 3.83 1.19
Monetary Policy 2.63 1.40 2.41 1.39 2.59 1.38

Note. Comprehension test performance was measured as the number of comprehension-based test

questions answered correctly out of a possible 5 for each text passage.

Table 4

Memory Test Performance by Study Condition and Text Passage Topic

Topic Re-Read Non-Interactive Interactive
M SD M SD M SD
Volcanoes 3.13 1.58 3.27 1.59 3.16 1.73
Evolution 5.01 1.65 4.62 1.99 4.92 1.98
Ice Ages 4.25 1.69 4.16 1.66 4.20 1.66
Antibiotics 3.92 1.40 3.73 1.31 3.50 1.55

Intelligence Tests 4.90 1.33 4.52 1.29 4.93 1.23
Monetary Policy 4.87 1.76 4.31 1.90 4.61 1.72

Note. Memory test performance was measured as the number of memory-based test questions

answered correctly out of a possible 8 for each text passage.
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Table 5

Number of Interactive Components Completed, Correct, and Incorrect by Text Passage Topic

Topic Number Completed ~ Number Correct ~ Number Incorrect

M SD M SD M SD
Volcanoes 15.14 5.20 11.33 4.81 3.81 3.31
Evolution 18.96 2.80 16.84 3.58 2.11 2.70
Ice Ages 16.62 3.99 14.33 3.88 2.29 2.46
Antibiotics 14.84 4.61 10.89 3.95 3.96 4.10
Intelligence Tests 18.49 3.27 17.27 3.62 1.22 1.78
Monetary Policy 16.71 4.13 13.62 3.95 3.09 3.23

Note. Specific to the 90 participants in the Interactive study condition. Number completed, correct,

and incorrect are out of a possible 20 interactive components per study guide.
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Table 11

Table of Counts for Artificial Intelligence Usage by Study Condition

Condition n Usage Frequency
Yes No Daily Weekly  Monthly Rarely Never
Re-Read 92 84 8 14 38 14 19 7
Non-Interactive 91 87 4 13 35 17 23 3
Interactive 90 84 6 19 33 12 21 5
Total 273 255 18 46 106 43 63 15

Note. Usage: “Have you ever used Artificial Intelligence for academic purposes?” Frequency:

“How frequently do you use Artificial Intelligence for academic purposes?”

Table 12

Table of Counts for Perceived Enjoyment, Engagement, and Strategy Usage by Study Condition

Item Condition n Strongly Somewhat Neither Somewhat Strongly
Disagree Disagree Agree nor Agree Agree
Disagree

Re-Read 92 17 40 15 20 0

Item 1 Non-Interactive 91 1 9 12 45 24
Interactive 90 3 13 24 40 10
Re-Read 92 17 44 15 13 3

Item 2 Non-Interactive 91 2 14 10 44 21
Interactive 90 3 8 11 47 21
Re-Read 92 8 20 8 40 16

Item 3 Non-Interactive 91 7 10 13 30 31
Interactive 90 7 14 15 32 22

Note. Item 1: "I enjoyed [study condition]””; Item 2: "I was engaged in [study condition]”; Item 3:

I would choose to use [study condition] in my own academic work”.
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Table 13

Table of Counts for Perceived Helpfulness by Study Condition

Item Condition n Very Somewhat Neither Somewhat Very Helpful
Detrimental Detrimental Helpful nor Helpful
Detrimental
Re-Read 92 1 11 17 51 12
Item 1 Non-Interactive 91 0 2 15 53 21
Interactive 90 3 5 10 59 13
Re-Read 92 3 9 23 49 8
Item 2 Non-Interactive 91 2 11 26 45 7
Interactive 90 3 7 27 46 7
Re-Read 92 2 9 20 45 16
Item 3 Non-Interactive 91 3 8 15 41 24
Interactive 90 3 7 18 41 21
Re-Read 92 2 7 26 48 9
Item4 Non-Interactive 91 2 7 24 39 19
Interactive 90 5 6 31 36 12

Note. Item 1: Your ability to understand the text passages”; Item 2: ”Your ability to accurately
answer the test questions”; Item 3: “Your ability to remember specific details from the text

passages”’; Item 4: “Your ability to make connections between concepts within the text passages”.
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Figures

Figure 1

Example of Text Passage Presented During Initial Reading

@UNIVE%TYOF 04|4 O

Volcanoes: Text Passage

Volcanoes are among the most awe-inspiring and destructive natural phenomena on Earth. These geological features form when
magma from beneath the Earth's surface rises and erupts, often with dramatic consequences. The study of volcanoes, known as
volcanology, has advanced significantly in recent decades, providing insights into their formation, behavior, and impact on the

environment and human societies.

Volcanoes are not randomly distributed across the globe but are concentrated on the edges of continents, along island chains, or
beneath the sea forming long mountain ranges. More than half of the world’s active volcanoes above sea level form the "Ring of
Fire" encircling the Pacific Ocean. This distribution is closely tied to plate tectonics, the theory that explains the Earth's rigid outer
shell as a system of a dozen or so plates moving atop the more fluid upper mantle. At plate boundaries, significant geological

processes occur, including the formation of mountain ranges, earthquakes, and volcanic activity.

The global mid-ocean ridge system, though largely hidden underwater, represents one of the most prominent topographic features
on Earth. In the early 1960s, scientists proposed that these ridges mark structurally weak zones where oceanic plates are separating.
This process, known as seafloor spreading, involves the upwelling of magma from deep within the Earth, which erupts along the
ridge crests to create new oceanic crust. As new crust forms, older oceanic lithosphere is simultaneously destroyed, maintaining a
constant amount of crust on the planet's surface. In addition to generating new oceanic crust, these ridges host hydrothermal vents
that release mineral-rich fluids, supporting unique ecosystems based on chemosynthesis rather than sunlight.

Note. Excerpt of text passage on Volcanoes. Timer in top-right corner shows 4 minutes, 40 seconds remaining

out of 5 minutes. Participants could use the scroll bar to view the remainder of the text passage.
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Figure 2

Example of Non-Interactive ChatGPT Study Guide Presented During Study Phase

@)UNIVE%TY OF O 4|4 O

Volcanoes: Text Passage Volcanoes: ChatGPT Study Guide

Volcanoes are among the most awe-inspiring and destructive L. Introduction to Volcanoes

natural phenomena on Earth. These geological features form when

magma from beneath the Earth's surface rises and erupts, often * Volcanoes are natural geological features formed by the

. . eruption of magma from beneath the Earth's surface.
with dramatic consequences. The study of volcanoes, known as P €

volcanology, has advanced significantly in recent decades, * The study of volcanoes is called volcanology.

S . . . . . * Volcanoes can have dramatic consequences on the
providing insights into their formation, behavior, and impact on q

. . environment and human societies.
the environment and human societies.

1I. Global Distribution of Volcanoes
Volcanoes are not randomly distributed across the globe but are

concentrated on the edges of continents, along island chains, or * Volcanoes are mainly located along tectonic plate boundaries.
beneath the sea forming long mountain ranges. More than half of * The Ring of Fire encircles the Pacific Ocean and contains

the world’s active volcanoes above sea level form the "Ring of more than half of the world’s active volcanoes above sea
Fire" encircling the Pacific Ocean. This distribution is closely tied level.

to plate tectonics, the theory that explains the Earth's rigid outer * Mid-ocean ridges, such as the global mid-ocean ridge

shell as a system of a dozen or so plates moving atop the more system, form underwater volcanic mountain ranges.

fluid upper mantle. At plate boundaries, significant geological
processes occur, including the formation of mountain ranges, II1. Plate Tectonics and Volcanic Activity

Note. Excerpts of text passage (left) and non-interactive ChatGPT study guide (right) on Volcanoes. Timer
in top-right corner shows 4 minutes, 40 seconds remaining out of 5 minutes. Participants could use the scroll

bars to view the remainders of the text passage and study guide independently.

58



Figure 3

Example of Interactive ChatGPT Study Guide Presented During Study Phase

&

UNIVERSITY OF

Volcanoes: Text Passage

Volcanoes are among the most awe-inspiring and destructive
natural phenomena on Earth. These geological features form when
magma from beneath the Earth's surface rises and erupts, often
with dramatic consequences. The study of volcanoes, known as
volcanology, has advanced significantly in recent decades,
providing insights into their formation, behavior, and impact on

the environment and human societies.

Volcanoes are not randomly distributed across the globe but are
concentrated on the edges of continents, along island chains, or
beneath the sea forming long mountain ranges. More than half of
the world’s active volcanoes above sea level form the "Ring of
Fire" encircling the Pacific Ocean. This distribution is closely tied
to plate tectonics, the theory that explains the Earth's rigid outer
shell as a system of a dozen or so plates moving atop the more
fluid upper mantle. At plate boundaries, significant geological

processes occur, including the formation of mountain ranges,

0/414]0

Volcanoes: ChatGPT Study Guide

1. Introduction to Volcanoes

* Volcanoes are natural geological features formed by the
beneath the Earth's surface.

* The study (MEREEERER called volcanology.

eruption of ¥

* Volcanoes (RSl atic consequences on the

lava societies.
sediment

11. Global Distribution of Volcanoes

* Volcanoes are mainly located along .

* The Ring of Fire encircles the Pacific Ocean and contains
more than half of the world’s active volcanoes above sea
level.

* Mid-ocean ridges, such as the global mid-ocean ridge

system, form underwater volcanic .

II1. Plate Tectonics and Volcanic Activity

Note. Excerpts of text passage (left) and interactive ChatGPT study guide (right). Interactive components

highlighted in light blue at various stages: first interactive component selected to view drop-down answer

options; second interactive component blank; third interactive component with “mountain ranges” selected

as answer, embedded in text. Timer in top-right corner shows 4 minutes, 40 seconds remaining out of 5

minutes. Participants could use the scroll bars to view the remainders of the text passage and study guide

independently.
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Figure 4a

Model Estimates of Overall Test Performance by Study Condition
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Note. Bars represent Bayesian posterior distribution means for the number of test questions (including both
memory-based and comprehension-based items) answered correctly. Error bars represent 95% credible

intervals for Bayesian posterior distributions.
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Figure 4b

Paired Comparisons of Overall Test Performance Between Study Conditions

Re-Read vs Non-Interactive |
(BF10=1/5.62)

Re-Read vs Interactive |
(BF10=1/10.70)

{ Non-Interactive vs Interactive
(BF10=1/5.79)

05 -04 -03 -02 -0.1 0 0.1 02 03 04 05
Estimated Difference in Overall Test Performance
Note. Points represent differences in Bayesian posterior distribution means between study conditions for the
number of test questions (including both memory-based and comprehension-based items) answered correctly.
Error bars represent 95% credible intervals for differences in Bayesian posterior distribution means between

study conditions. Bayes Factors computed via the Savage-Dickey density ratio.
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Figure 5a

Model Estimates of Comprehension Test Performance by Study Condition
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Note. Bars represent Bayesian posterior distribution means for the number of comprehension-based test

questions answered correctly. Error bars represent 95% credible intervals for Bayesian posterior distributions.
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Figure 5b

Paired Comparisons of Comprehension Test Performance Between Study Conditions

Re-Read vs Non-Interactive |
(BF10=1/7.90)

{ Re-Read vs Interactive
(BF10=1/17.56)

{ Non-Interactive vs Interactive
(BF10=1/2.43)
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[ I S B o S

Estimated Difference in Comprehension Test Performance

Note. Points represent differences in Bayesian posterior distribution means between study conditions for
the number of comprehension-based test questions answered correctly. Error bars represent 95% credible
intervals for differences in Bayesian posterior distribution means between study conditions. Bayes Factors

computed via the Savage-Dickey density ratio.
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Figure 6a

Model Estimates of Memory Test Performance by Study Condition
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Note. Bars represent Bayesian posterior distribution means for the number of memory-based test questions

answered correctly. Error bars represent 95% credible intervals for Bayesian posterior distributions.
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Figure 6b

Paired Comparisons of Memory Test Performance Between Study Conditions

Re-Read vs Non-Interactive |
(BF10=1/4.83)

Re-Read vs Interactive |
(BF10=1/7.62)

{ Non-Interactive vs Interactive
(BF10=1/8.28)

-0.5 -04 -03 -02 -0.1 0 0.1 0.2 0.3 04 0.5

Estimated Difference in Memory Test Performance
Note. Points represent differences in Bayesian posterior distribution means between study conditions for the
number of memory-based test questions answered correctly. Error bars represent 95% credible intervals for
differences in Bayesian posterior distribution means between study conditions. Bayes Factors computed via

the Savage-Dickey density ratio.
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Figure 7a

Model Estimates of Memory Test Performance by Study Condition and Study Guide Status

4
Study Guide Status
1 Present
F~Z1 Absent
3 -

.
i [
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N

Number of Memory-Based Questions Correct

N
NN
W

Re-Read Non-Interactive Interactive

Study Condition

Note. Solid bars represent Bayesian posterior distribution means for the number of questions answered
correctly of the four memory-based questions whose answers were included in ChatGPT study guides
(“Present”). Striped bars represent Bayesian posterior distribution means for the number of questions
answered correctly of the four memory-based questions whose answers were not included in ChatGPT study

guides (“Absent”). Error bars represent 95% credible intervals for Bayesian posterior distributions.
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Figure 7b
Paired Comparisons of Memory Test Performance Between Questions Present and Absent from

Study Guides by Study Condition

Re-Read P—@—
(BF10 > 1.60 x 10%)

Non-Interactive —|r—m—
(BF10 > 1.60 x 10%)

Interactive  |——m—i
(BF10 > 1.60 x 10%)

-0.7 -0.6 -0.5 -04 -03 -02 -01 0 01 02 03 04 05 06 0.7

Estimated Difference in Memory Test Performance
(BStudy Guide Present — BStudy Guide Absent)

Note. Points represent differences in Bayesian posterior distribution means between accuracy for memory-
based questions whose answers were included in ChatGPT study guides and accuracy for memory-based
questions whose answers were not included in ChatGPT study guides within each study condition. Error bars
represent 95% credible intervals for differences in Bayesian posterior distribution means between question

types. Bayes Factors were computed via the Savage-Dickey density ratio.
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Figure 7c

Paired Comparisons of Memory Test Performance Between Questions Present and Absent from

Study Guides by Study Condition

Questions Present in Study Guides

Questions Absent from Study Guides

Re-Read vs Non-Interactive |

(BF10=1/9.93)

[ }

{ Re-Read vs Interactive

(BF10=1/13.83)

Non-Interactive vs Interactive

(BF10=1/4.64)

Re-Read vs Non-Interactive F

(BF10 =1/4.66)

Re-Read vs Interactive

(BF10=1/2.69)

Non-Interactive vs
Interactive (BF10 =1/9.85)

-05 -04 -03 -02 -01 O 01 02 03 04 05 -05 -04 -03 -02 -0.1 0 01 02 03 04 05

Estimated Difference in Memory Test Performance Estimated Difference in Memory Test Performance

Note. Points represent differences in Bayesian posterior distribution means between accuracy for memory-
based questions whose answers were included in ChatGPT study guides and accuracy for memory-based
questions whose answers were not included in ChatGPT study guides within each study condition. Error bars
represent 95% credible intervals for differences in Bayesian posterior distribution means between question

types. Bayes Factors were computed via the Savage-Dickey density ratio.
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Figure 8a
Model Estimates of Memory Test Performance by Study Condition and Interactive

Component Status

Interactive Status
1 Present
[ZZ1 Absent

r
1

Number of Memory-Based Questions Correct

NI

NN
NN

Re-Read Non-Interactive Interactive

Study Condition

Note. Solid bars represent Bayesian posterior distribution means for the number of questions answered
correctly of the two memory-based test questions whose answers were included in interactive components
of ChatGPT study guides (‘“Present”). Striped bars represent Bayesian posterior distribution means for
the number of questions answered correctly of the two memory-based test questions whose answers were
included in ChatGPT study guides, but not included in interactive components (“Absent”). Error bars

represent 95% credible intervals for Bayesian posterior distributions.
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Figure 8b
Paired Comparisons of Memory Test Performance Between Questions Present and Absent from

Interactive Components by Study Condition

Re-Read

I L 4 i
(BF10=1/1.51)
Non-Interactive

(BF10=1/2.23)

Interactive | @ i
(BF10 = 6.25)

-05 -04 -03 -02 -0.1 0 01 02 03 04 05

Estimated Difference in Memory Test Performance

(Blnteractive Component Present — Blnteractive Component Absent)

Note. Points represent differences in Bayesian posterior distribution means between accuracy for memory-
based questions whose answers were included in interactive components of ChatGPT study guides and
accuracy for memory-based questions whose answers were included in ChatGPT study guides, but not
included in interactive components, within each study condition. Error bars represent 95% credible inter-
vals for differences in Bayesian posterior distribution means between question types. Bayes Factors were

computed via the Savage-Dickey density ratio.

70



Figure 8c
Paired Comparisons of Memory Test Performance Between Study Conditions by Interactive

Component Status

Questions Present in Interactive Components Questions Absent from Interactive Components
Re-Read vs Non-Interactive | @ { Re-Read vs Non-Interactive | @ {
(BF10 = 1/6.96) (BF10 = 1/9.50)
, L 4 Re-Read vs Interactive Re-Read vs Interactive F L 4 |
(BF1o=1/1.11) (BF10=1/3.61)
b 4 { Non-Interactive vs Interactive Non-Interactive vs L 4 i
(BF10="7.14) Interactive (BF19 =1/9.87)
i

-0.7 -0.6 -0.5 -04 -03 -02-0.1 0 0.1 02 03 04 05 06 07 -0.7-0.6-0.5-04-03-02-01 0 0.1 02 03 04 05 06 0.7

Estimated Difference in Memory Test Performance Estimated Difference in Memory Test Performance

Note. Points represent differences in Bayesian posterior distribution means between study conditions for
the number of questions answered correctly of either the two memory-based test questions whose answers
were included in interactive components of ChatGPT study guides (left plot) or the two memory-based test
questions whose answers were included in ChatGPT study guides, but not included in interactive components
(right plot). Error bars represent 95% credible intervals for differences in Bayesian posterior distribution

means between study conditions. Bayes Factors computed via the Savage-Dickey density ratio.
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Figure 9a

Model Estimates of Absolute Metacomprehension Accuracy by Study Condition and Time of

Judgment
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Note. Round gray points represent Bayesian posterior distribution means for absolute metacomprehension
accuracy of predictions of performance made following the initial reading phase (“Time 1”). Diamond-shaped
black points represent Bayesian posterior distribution means for absolute metacomprehension accuracy of
predictions of performance made following the study phase (“Time 2”). Error bars represent 95% credible

intervals for Bayesian posterior distributions.
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Figure 9b
Paired Comparisons of Absolute Metacomprehension Accuracy Between Time 1 and Time 2

Judgments by Study Condition

@4 Re-Read
(BF10 > 1.60 x 10%)

@4 Non-Interactive
(BF10 > 1.60 x 10%)

I-‘-I Interactive
(BF10=1/99.72)
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Estimated Difference in Absolute Accuracy

(BTime 2= ﬁTime 1)

Note. Points represent differences in Bayesian posterior distribution means between absolute metacompre-
hension accuracy of predictions of performance made following the study phase (“Time 2”) and absolute
metacomprehension accuracy of predictions of performance made following the initial reading phase (“Time
1) within each study condition. Error bars represent 95% credible intervals for differences in Bayesian
posterior distribution means between time points. Bayes Factors were computed via the Savage-Dickey

density ratio.
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Figure 10a

Model Estimates of Absolute Metacomprehension Accuracy at Time 2 by Study Condition

@ Time?2
0.4 -
+
(&)
(D]
=
o
O
X 021
=
2 3 $
(@]
< 3
é 0.0
(D]
=
o
@)
NN
o 02
3
.2
o
(D]
e
-9
0.4

Re-Read Non-Interactive Interactive

Study Condition

Note. Diamond-shaped black points represent Bayesian posterior distribution means for absolute metacom-
prehension accuracy of predictions of performance made following the study phase (“Time 2”). Error bars

represent 95% credible intervals for Bayesian posterior distributions.
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Figure 10b

Paired Comparisons of Absolute Metacomprehension Accuracy at Time 2 between Study Conditions

Re-Read vs Non-Interactive H@H
(BF10=1/44.62)

@+ Re-Read vs Interactive
(BF10 > 1.60 x 10%)

@+ Non-Interactive vs Interactive
(BF10 > 1.60 x 10%)

-0.5 -04 -03 -02 -0.1 0 01 02 03 04 05
Estimated Difference in Absolute Accuracy at Time 2

Note. Points represent differences in Bayesian posterior distribution means between study conditions for

absolute metacomprehension accuracy of predictions of performance made following the study phase (“Time

2”). Error bars represent 95% credible intervals for differences in Bayesian posterior distribution means

between study conditions. Bayes Factors computed via the Savage-Dickey density ratio.
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Figure 11a

Model Estimates of Relative Metacomprehension Accuracy by Judgment Type, Judgment Time, and

Study Condition
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Note. Round grey points represent Bayesian posterior distribution means for relative metacomprehension
accuracy of judgments of understanding (left plot) and predictions of performance (right plot) made following
the initial reading phase (“Time 1”’). Diamond-shaped black points represent Bayesian posterior distribution
means for relative metacomprehension accuracy of judgments of understanding (left plot) and predictions
of performance (right plot) made following the study phase (“Time 2”). Error bars represent 95% credible

intervals for Bayesian posterior distributions.
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Figure 11b

Paired Comparisons of Relative Metacomprehension Accuracy Between Time 1 and Time 2

Judgments by Study Condition and Judgment Type

Judgments of Understanding

Predictions of Performance

—@— Re-Read
(BF10 = 2.86)

—@— Non-Interactive
(BF10=1/33.92)

—@— Interactive
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(Brime 2 — Brime 1)

Estimated Difference in Relative Accuracy
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Note. Left plot: points represent differences in Bayesian posterior distribution means between relative
metacomprehension accuracy of judgments of understanding made following the study phase (“Time 2”)
and relative metacomprehension accuracy of judgments of understanding made following the initial reading
phase (“Time 1) within each study condition. Right plot: points represent differences in Bayesian posterior
distribution means between relative metacomprehension accuracy of predictions of performance made fol-
lowing the study phase (“Time 2”) and relative metacomprehension accuracy of predictions of performance
made following the initial reading phase (“Time 1) within each study condition. Error bars represent 95%

credible intervals for differences in Bayesian posterior distribution means between time points. Bayes Factors

were computed via the Savage-Dickey density ratio.
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Figure 12a

Model Estimates of Relative Metacomprehension Accuracy at Time 2 by Judgment Type and Study

Condition
Judgments of Understanding Predictions of Performance
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Note. Diamond-shaped black points represent Bayesian posterior distribution means for relative metacom-
prehension accuracy of judgments of understanding (left plot) and predictions of performance (right plot)

made following the study phase (“Time 2”). Error bars represent 95% credible intervals for Bayesian

posterior distributions.
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Figure 12b

Paired Comparisons of Relative Metacomprehension Accuracy at Time 2 Between Study Conditions

by Judgment Type
Judgments of Understanding Predictions of Performance
—@—— Re-Read vs Non-Interactive —@—— Re-Read vs Non-Interactive
(BF10=1/19.79) (BF10=1/26.42)
—@—— Re-Read vs Interactive —@—— Re-Read vs Interactive
(BF10 =5.56) (BF10=2.04)
—@—— Non-Interactive vs Interactive ——@—: Non-Interactive vs Interactive
(BF10=1/3.64) (BF10=1/2.93)
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Estimated Difference in Relative Accuracy Estimated Difference in Relative Accuracy

Note. Points represent differences in Bayesian posterior distribution means between study conditions for
relative metacomprehension accuracy of judgments of understanding (left plot) and predictions of perfor-
mance (right plot) made following the study phase (“Time 2”). Error bars represent 95% credible intervals
for differences in Bayesian posterior distribution means between study conditions. Bayes Factors computed

via the Savage-Dickey density ratio.
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