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Figure 1: Low fidelity pen-and-paper mock up of topic-based auto-highlighting tool interface.

Abstract
Highlighting is a widely used note-taking and comprehension strat-
egy, but revisiting and organizing highlights can be cumbersome.
Previous research has explored methods like constrained highlight-
ing, which improves reading comprehension by encouraging se-
lective highlighting and learning efficient highlighting techniques
[5, 8]. Other works, such as automated highlighting systems like the
Semantic Reader Project, organize research papers by sections like
abstract, contributions, and results [2, 10]. This paper introduces a
novel thematic grouping tool that leverages large language models

Unpublished working draft. Not for distribution.Permission to make digital or hard copies of all or part of this work for personal or
classroom use is granted without fee provided that copies are not made or distributed
for profit or commercial advantage and that copies bear this notice and the full citation
on the first page. Copyrights for components of this work owned by others than the
author(s) must be honored. Abstracting with credit is permitted. To copy otherwise, or
republish, to post on servers or to redistribute to lists, requires prior specific permission
and/or a fee. Request permissions from permissions@acm.org.
Conference acronym ’XX, June 03–05, 2018, Woodstock, NY
© 2018 Copyright held by the owner/author(s). Publication rights licensed to ACM.
ACM ISBN 978-1-4503-XXXX-X/18/06
https://doi.org/XXXXXXX.XXXXXXX

(LLMs) to cluster highlights into meaningful groups, offering an
organized structure for text review. Prior approaches that focus on
improving initial reading comprehension or information retrieval
during the first read may bypass the initial cognitive engagement to
properly understand the text. Our approach aims to maintain cog-
nitive load during the initial reading while reducing future review
times. We conducted a two-phase crossover study to evaluate the
tool’s impact on review efficiency, comprehension, and user experi-
ence using both a short ACT passage and a research paper. While
our results revealed no significant differences in review speed, com-
prehension, or performance, qualitative findings indicate potential
benefits in enhancing user engagement and organizational support.
Additionally, we qualitatively observed an increased sense of con-
fidence in understanding the text and likelihood of reviewing the
text actively when using the tool.

CCS Concepts
• Human-centered computing→ Human computer interac-
tion (HCI).

2024-12-14 01:18. Page 1 of 1–5.

https://doi.org/XXXXXXX.XXXXXXX


Un
pu
bli
sh
ed
wo
rki
ng
dra
ft.

No
t fo
r d
ist
rib
uti
on
.

117

118

119

120

121

122

123

124

125

126

127

128

129

130

131

132

133

134

135

136

137

138

139

140

141

142

143

144

145

146

147

148

149

150

151

152

153

154

155

156

157

158

159

160

161

162

163

164

165

166

167

168

169

170

171

172

173

174

Conference acronym ’XX, June 03–05, 2018, Woodstock, NY Allen Jue and Temitayo Awosemo

175

176

177

178

179

180

181

182

183

184

185

186

187

188

189

190

191

192

193

194

195

196

197

198

199

200

201

202

203

204

205

206

207

208

209

210

211

212

213

214

215

216

217

218

219

220

221

222

223

224

225

226

227

228

229

230

231

232

Keywords
Auto-Highlighting, Highlighting, LLMs

ACM Reference Format:
Allen Jue and Temitayo Awosemo. 2018. Accelerating Review Efficiency:
Topic-based Auto-highlighting and Grouping with LLMs. In Proceedings of
Make sure to enter the correct conference title from your rights confirmation
emai (Conference acronym ’XX). ACM, New York, NY, USA, 5 pages. https:
//doi.org/XXXXXXX.XXXXXXX

1 Introduction
Reading is an integral part of our daily lives, and its impacts extend
far beyond basic literacy. The average reading rate of an average
American is 238 words per minute[1]. With just 30 minutes of
reading per day, the average American can expect to read over 2.6
million words anually. Despite its prevalence, making sense of text
can be difficult, and oftentimes, it is necessary to revisit a piece of
text to fully comprehend its meaning—a process that can be both
cognitively demanding and time-intensive.

To address this, researchers have found effective studying tech-
niques for reading, such as non-linear note taking, active highlight-
ing, and constrained highlighting[5, 6, 8, 14]. Highlighting is of
particular interest, as it is a ubiquitous tool that students use to
enhance their reading comprehension. It has been demonstrated
that highlighting can benefit learning, as simply deciding what
to highlight compels students to process the text at a higher con-
ceptual level. Other benefits include the von Rerstoff effect, where
pieces of text that are highlighted or visually different may be
more memorable[16]. Solutions like constrained highlighting em-
phasize how to highlight and prioritize the end result of recall and
comprehension. Other works, such as the Semantic Reader Project
and ScentHighlights try to lower the cognitive load of reading by
improving the information retrieval process [2, 10, 15].

While these approaches have many applications, these works
are focused on either proper note taking strategies and efficient
information retrieval during the first reading. Instead, our work
is focused on maintaining the natural cognitive effort required
for initial readings while accelerating subsequent review tasks. In
this paper, we explore an alternative approach of reducing reading
review time by leveraging large languagemodels (LLMs) to generate
automated highlights and topic groupings. We hypothesize that
such a tool can decrease review time while preserving recall and
comprehension.

Contributions:
• We create a text-highlighting prototype that integrates GPT-
4o mini to generate automatic topic groups and highlights.

• We evaluate the effectiveness of this system and find no sig-
nificant evidence that LLM-based topic grouping and high-
lighting reduce review time, though they maintain compara-
ble comprehension and recall.

2 Method
2.1 Tool Development
Our tool leverages the open-source repository, Epub.js, which is
integrated with a React front end to efficiently render electronic
books in ePub files and generate an intuitive and interactive reading

interface. We focused on maintaining a simple highlighting mecha-
nism, where users initiate text selection by pressing and dragging
the cursor, and highlighting ends upon releasing the cursor. We
added a sidebar that could be expanded, which contains the existing
highlights, and users can click show to maneuver to the highlight
or remove to remove the highlight. When users group topics, the
grouped topic names appear in the sidebar and can be expanded to
show which highlights are corresponding to which LLM-generated
topic.

To interface with GPT-4o mini, we utilized a client-server archi-
tecture that facilitates real-time topic generation and annotation
management. The server leverages the OpenAI API to communicate
with the GPT model, and it takes care of request handling, model
invocation, and response processing. The client-side implementa-
tion, built with React, handles user interaction and communication
with the server. The system begins with a structured prompt that
explicitly instructs the GPT model to organize the sentences into
descriptive and distinct topics. This step required careful prompt
engineering to ensure the responses were both accurate and easy
to parse. Choosing the appropriate model was a critical part of the
integration. After testing a few models, including GPT-3.5-turbo,
we selected GPT-4o-mini for its combination of speed and its ca-
pability to handle clustering tasks with high accuracy. The output
from GPT is returned as a JSON object, which the client processes
to display the topics in the expandable sidebar to the user.

2.2 Study Design
The evaluation of the tool’s effectiveness was conducted through a
two-phase crossover study design. This design aimed to assess re-
view efficiency, low-level understanding, and recall, while reducing
carryover effect from participant tool familiarity.

2.2.1 Phase One: Highlighting. Participants were randomly as-
signed to two groups, and they were provided with two reading
passages: a short narrative excerpt and a longer technical article.
The inclusion of both short and long passages aimed to capture
differences in reading behavior and comprehension across different
text types. The short passage that participants read is an excerpt
from The Men of Brewster Place, which is an standardized ACT read-
ing test passage [12]. The long passage is an excerpt from Beyond
Being There[7]. It was chosen because although it is research paper,
it is generally accessible to read without prior technical experi-
ence. The short passage is always read before the long passage to
control for reader fatigue and order effects. By standardizing the
sequence, the experiment minimizes the potential for participants
to be disproportionately influenced by the length of the passage or
the cumulative effort of reading multiple texts.

In Group 1, participants read the short passage using the the-
matic grouping tool and the long without it. Conversely, in Group
2, participants read the short passage without the tool and the
long passage with the thematic grouping tool. Participants were
instructed to read and highlight key points based on their judgment,
with no time constraints.

2.2.2 Phase Two: Review and Assessment. After a 10-day interval,
participants were tasked with reviewing their highlights. The delay
was introduced to mimic real-world scenarios where time elapses
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between initial reading and review, allowing for a natural forgetting
curve and creating a genuine need to revisit the material. Both
groups reviewed the two passages under the conditions set in Phase
One. Comprehension and recall were measured using a structured
questionnaire comprising of multiple-choice questions designed
to probe for the understanding of central themes in both passage.
For the short passage, we utilize the existing ACT questions, which
are recall and comprehension based, ranging from definitions to
inferring themes. For the long passage, questions were written to
emulate the difficulty of the ACT questions.

2.3 Data Collection
The study employed a mixed-methods approach to data collection,
using both quantitative metrics and qualitative feedback to evaluate
the tool’s impact comprehensively.

2.3.1 Quantitative Metrics. In phase 1, participants were timed to
measure the duration of their reading sessions. Additional quanti-
tative data includes the number of highlights and the frequency of
utilizing the tool for grouping actions. In phase 2, participants were
timed to measure the duration of their review sessions. Participants
were also timed for how long they took the for the assigned quizzes.
Their quiz scores were recorded to test for recall, comprehension,
and task efficiency.

2.3.2 Qualitative Feedback. To complement the quantitative met-
rics, qualitative insights were captured through behavioral obser-
vations and post-experiment surveys. Participants were asked to
share their impressions of the prototype, focusing on its usability,
effectiveness, and ease of use. Observations of user behavior during
the task, such as encountering bugs, confusion, and usage patterns
were also recorded to identify potential areas for improvement.

3 Results
At the time of writing, we have tested the model on the researchers
and undergraduate students (N=4).

3.1 User Performance
3.1.1 Phase One. User performance for the most part was intuitive
for phase one. For the longer text, users took a longer time to
read and usually utilized more highlights (𝜇 = 30.67, 𝜎 = 38.59),
compared to the shorter text (𝜇 = 8.67, 𝜎 = 10.78579). Of interest
is the variability in the amount of highlights. This high degree
of variability possibly stems from a lack of proper training with
highlighting. A small number of additional highlights were included
due to learning how to utilize the tool’s highlighting feature.

3.1.2 Phase Two. During phase two, users on average took less
time to review the passage compared to the initial reading, which
is likely attributed to memory from the first encounter. To deter-
mine if the treatment (e.g. highlighting or LLM generated highlight-
ing groups) significantly affected review time, we considered the
percent change in reading time to review time. This accounts for
individual differences, such as reading speed that may skew the
results. For instance, slower readers may take a longer time to read
the passage and review their notes.

We conducted a left-tailedMann-WhitneyU test to assesswhether
the percent change in review time for Group 1 was significantly

Figure 2: The average number of highlights for Beyond Being
There was on average higher than that of The Men of Brewster
Place. This makes sense, as it is a longer passage. However,
some participants highlighted significantly more than other
participants or none at all.

Figure 3: The average review time for Beyond Being There
was higher than for The Men of Brewster Place. This aligns
with expectations given the passage length. However, vari-
ability among participants suggests differences in individual
reading and review strategies.

smaller than that of Group 2. The null hypothesis assumed there
was no difference in review time between Group 1 and 2. We found
that there was not significant evidence (p=0.6667) that the tool
affected review time.

We also conducted a two-tailed paired t-test to evaluate whether
using our tool significantly improved evaluation scores. The null
hypothesis assumed there was no difference in evaluation scores
between the control and test group. The results of our analysis indi-
cated no statistically significant difference between the evaluation
scores between the two groups (p=0.45).

3.2 User Feedback
3.2.1 Phase One. During the initial reading, users found the tool
easy to understand and use for the most part. There were minor
visual bugs that were disorienting but could be dispelled by re-
freshing the page. As one user noted, “The highlighting feature was
a little glitchy, so fixing that would improve my experience." – P2

2024-12-14 01:18. Page 3 of 1–5.
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Figure 4: Scores for Beyond Being There and The Men of
Brewster Place were similar across both conditions, with
minor variations. This consistency implies the tool’s effect
on evaluation outcomes may not be substantial.

Users would also attempt to group topics during the start of the
experiment to understand the capabilities of the tool. As they read,
users ceased using the group topic mechanism until a final use at
the end of the passage, which may signal that users are looking
to situate the accumulation of highlights that they have marked
throughout the reading. Users also found the topic grouping mech-
anism interesting, as they stated that "The outline corresponding to
my highlights was helpful. " – P1.

3.2.2 Phase Two. During the second phase, participants occasion-
ally revisited the existing topics that were grouped when using
the tool. In particular, for the longer passage, one participant felt
encouraged to use the tool to revisit an earlier definition–"I must
return to the quote in the beginning. Let me return to what they mean
by mechanism." – P2.

After the second phase, participants completed a post-experiment
questionnaire with Likert-scale questions. Overall, participants re-
ported enjoying the experience of using the tool. While it did not
significantly improve review time or scores, participants found the
tool easy to understand and helpful for recalling key information.
It’s encouraging that users found the tool easy to use. By applying
user-centric design practices, the tool can be further enhanced to
meet user needs. Participants also indicated that they would recom-
mend it to peers for similar tasks, highlighting its potential value
for others in comparable contexts.

4 Discussion
4.1 Limitations and Future Work
Our studies sample of undergraduate students is small and unrep-
resentative of the general American populous. Our results may not
capture variations in reading across context, culture, and different
age groups. We also recognize the implicit biases as researchers
and how they may have affected how we designed the study and
conducted the analysis. These biases, along with the nature of the
feedback we received, may have influenced the prioritization of

Figure 5:We asked users general Likert-scale questions about
their experience with the tool. Most users found the tool intu-
itive, easy to understand, and confidence-boosting. However,
a notable drawback was the presence of minor visual bugs,
which detracted from the overall user experience. Addressing
these issues through debugging could significantly improve
usability.

certain features or functionalities in the development of the learn-
ing tool. Future work will be directed at a more diverse group of
readers with an iterative design to mitigate these limitations.

The thematic grouping tool depends on the capabilities of the
GPT-4o mini model, which may introduce non-deterministic be-
havior. This could lead to inconsistent user experiences, especially
when identical highlights produce varying thematic clusters. Ad-
dressing this issuewould involve fine-tuning themodel or providing
users with an option to lock in desired themes.

The interval between the highlighting phase and the review
phase was set at 10 days. However, this interval may not have been
sufficient to fully replicate the real-world challenges of long-term
retention. Future work will experiment with longer delays to better
evaluate the durability if the tool’s benefits over time.

The interface went through a few rounds of improvement, but
usability issues still remain. Participants reported difficulties distin-
guishing certain highlight colors and encountered the occasional
bugs in the grouping feature. One user noted that “I think it would
be helpful to also have a requirement to write a little blurb about
the highlighted section." Enhancing interface customization option
could improve user satisfaction and broaden accessibility.

Finally, highlighting is an acquired skill that can enhance knowl-
edge retention and comprehension when used correctly. However,
due to time constraints, we were unable to provide participants with
formal training on how to highlight effectively[9]. This disparity
in understanding how to highlight could have impacted the results,
as participants may have used highlighting in varying ways, which
could influence the outcomes in terms of comprehension and recall.

4.2 Implications for Learning
The results of our study revealed intriguing insights into how our
thematic grouping tool might impact learning. While the statistical
results do not confirm a significant advantage of using the high-
lighting tool, the trends observed in data, along with theoretical
considerations, suggest that the tool may foster deeper engagement
and understanding of the passages. The tool might provide a more
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structured engagement with the passages. Allowing users to high-
light passages and then automatically organizing the highlights
into groups encourages user to focus on key content. Although
the automatic grouping itself does not require critical thinking, the
organization of the highlighted material into themes may help users
visually categorize and connect related concepts, which can aid in
understanding and remembering the information. One potential
implication is that thematic grouping may facilitate the organiza-
tion of information into meaningful clusters, which aligns with
cognitive theories of chunking that state that people remember
information better when it is grouped into coherent blocks. The
process of presenting the highlights into a structured format might
reduce cognitive load during review and allow participants to focus
on higher-level understanding [11]. While further research is nec-
essary to validate all of these findings, the results observed suggest
that our tool could enhance learning experiences.

Users have expressed increased confidence when using the tool,
even though the benefits may be limited. This heightened confi-
dence could be a valuable metacognitive effect. Just by having an
LLM validate a users preconceived notions of their highlights may
suggest the application of this tool as an educational support item.

Another implication is that there might not be a shortcut to learn-
ing. In fact, research has shown that taking more time to deeply
process information improves retention. For instance, making text
harder to read, such as with obfuscated fonts, has been shown
to enhance recall [4, 13]. Similarly, for spatial digital tasks, it has
been found that effort-inducing interfaces, or interfaces that are
carefully parameterized to be frustrating can actually increase en-
gagement and spatial learning [3]. Therefore, designing a tool solely
to improve review time may not align with the ultimate goal of
enhancing comprehension and recall. Instead, there may be a deli-
cate balance between creating an interface that is both engaging
and challenging enough to encourage users to spend more time
processing and reflecting on the information.

5 Conclusion
This study introduces and evaluates a thematic grouping tool for
auto-highlighting using LLMs, aimed at improving the review pro-
cess for student by organizing manually annotated highlights into
coherent groups.While our quantitative results did not demonstrate
significant reductions in review time or improvements in compre-
hension scores, the tool maintained comparable comprehension
while also maintaining user satisfaction. Variability in user inter-
action with the tool, combined with qualitative feedback, suggest
that thematic grouping may have some merit, but it remains future
work to replicate the study with more participants. The results also
highlight the importance of user familiarity with effective high-
lighting strategies, as different highlighting techniques introduced
confounding variables. Overall, this study demonstrates that achiev-
ing substantial learning improvements requires a careful balance
of cognitive effort and usability. Iterative refinements will allow
further exploration of the tool’s potential to improve long-term
retention and broader applicability across diverse learning contexts.
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