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Abstract
Textbooks continue to be one of primary mediums of learning. Students often need 
additional support during the process of reading textbooks, leading to several re-
search efforts that aim to increase student engagement and provide tailored ex-
periences in textbook reading. However, providing excessive information beyond 
the textbook can also distract students from the reading task. When enhancing the 
reading experience, one has to strike a delicate balance between providing suf-
ficient informational support and maintaining students’ focus on textbook reading. 
Fusing together latest developments in large language models (LLMs) and their 
applications in education and several pedagogical theories, we design a textbook 
reading guidance mechanism. We introduce IRead, an interactive tool for textbook 
reading which uses LLMs with visualization and interaction techniques, to enhance 
students’ reading and learning experiences. IRead incorporates conceptual visual-
izations that reflect the textbook’s content and features an AI-driven question bot 
that generates questions in response to student reading and interaction history. We 
evaluate IRead with a between-subject user study and measure the effectiveness 
of our methodology in supporting the students’ reading experience based on the 
Bloom’s Taxonomy and the ARCS model. We collect feedback from participants 
ranging from undergraduate to doctorate students. The results highlight the effec-
tiveness of simple yet intuitive visualizations, such as the concept tree in IRead. We 
also derive general insights for the development of tools that enhance educational 
reading experiences.
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Introduction

With the latest advances in large language models (LLMs) and the increased focus 
on Human-AI collaboration, traditional methods of learning and teaching are under-
going significant transformations, introducing new opportunities and challenges to 
educational settings. The conventional process of textbook reading may also change, 
given the capabilities of LLMs to provide high-quality summaries (Zhang et al., 
2023, 2024; Cohan et al., 2018), retrieve information (Lewis et al., 2020; Zhu et al., 
2023), and answer questions (Ko et al., 2022; Guu et al., 2020). Institutions around 
the world are looking for ways to integrate LLM in teaching and learning, but are also 
concerned about risks of counterproductive outcomes (Kasneci et al., 2023; Jeon and 
Lee, 2023; Tlili et al., 2023). However, they also voice concerns that these new meth-
ods might completely replace traditional textbook reading practices, which would 
conflict with the university’s objective of fostering comprehensive student develop-
ment. Motivated by these insights, we explore and design a novel textbook reading 
tool, IRead1 for higher-education students grounded in pedagogical principles, aim-
ing to enhance rather than distract them from the learning process.

The core challenge of our research lies in maintaining a balance between provid-
ing sufficient supplementary information and avoiding distracting readers with an 
excess of it. Many existing AI-enhanced textbook or document reading tools aim to 
leverage the full potential of AI to offer maximum support. In contrast, we position 
our work within the context of higher education, focusing on designing mechanisms 
to control the volume of visual and textual information and deliver it at the appropri-
ate times for the users. For instance, consider two existing reading products: Apple 
Books and Kindle. Apple Books offers extensive reading materials with internal and 
external links, while Kindle provides a more streamlined reading environment. Inter-
estingly, students tend to use Apple Books for leisure reading and Kindle for serious 
academic reading (Moore, 2009). This dichotomy underscores the challenge of bal-
ancing educational objectives with student engagement. From a pedagogical point of 
view, we aim to encourage students to engage in a deeper reflection and explore the 
topic independently, though many of them prefer to seek the quickest and easiest path 
to complete their reading tasks (Bharuthram, 2017; Mizrachi et al., 2018). Therefore, 
the primary research focus of this work is to determine the right moments and meth-
ods to provide an appropriate level of informational support to learners.

Our solutions are grounded on the guided discovery learning theory (Brown, 1992; 
Brown and Campione, 1994; Palincsar et al., 1989), which balances didactic teaching 
and unassisted discovery learning (Dewey et al., 1897) by providing learners with 
carefully designed examples or tasks to help them discover the knowledge them-
selves. This approach is learner-centered and can foster their autonomy, curiosity, 
and critical thinking abilities (Bustos, 2020). To implement this approach, we employ 
questions as a means to guide and stimulate the reading process for students. We fol-
low Keller’s ARCS model (Attention, Relevance, Confidence, Satisfaction) (Keller, 
1987) to develop a question-triggering mechanism that identifies the right moments 

1 The project webpage and prototype system are available at https://iread.ethz.ch,
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to display the questions and motivate the reader. This mechanism is implemented 
in an AI-assisted textbook reading tool – IRead (Fig. 1). To equip IRead with high-
quality questions, we train a question generation model on a textbook corpus sourced 
from OpenStax2 Cui et al. (2024) and adapt it according to the constructivist learning 
theory (Matthews, 1998). In particular, the questions are individualized based on 
reader’s highlighting, note-taking or other interaction behaviors. Guided by these 
questions, the reader can further interact and read through IRead, as well as review-
ing their interaction history through a collapsible concept tree anytime they need.

We evaluate IRead and the question-triggering mechanism through a between-
subject comparison study. The results show that the participants prefer the novel 
reading experience provided by IRead, which also stimulated more diverse thinking 
compared to the baseline system. The results also indicate that participants with dif-
ferent levels of education, knowledge backgrounds, and reading habits demonstrated 
diverse preferences for the components of IRead. From the study, we see the power 
of simple yet intuitive visualizations, such as the concept tree in IRead, and have 
observed how various users use it in various ways to serve specific purposes.

Related Work

Guided Discovery Learning for Learning Engagement

The problem of driving learning engagement has existed in pedagogy for a long time 
and has been approached in various ways such as using instructions (Guthrie and 
Wigfield, 1997) or questions associated with the text (Guthrie et al., 1997). Among 

2 https://openstax.org

Fig. 1  The IRead interface comprises three major components: (1) A1 - an enhanced textbook reader 
with A2 - a minimap for logical overview and A3 - a query function for keyword searching; (2) B - a 
concept visualization for conceptual overview and interactive exploration of concept definitions; and 
(3) C - Question Wiz, which presents user interaction-specific questions for active and engaged read-
ing. Users can review their highlighting and note-taking records in D - a collapsible history view
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the existing attempts, one widely accepted theory is discovery learning developed by 
Jerome Bruner, John Dewey et al., where the student is provided with the learning 
materials rather than the exact answer so that they could find the answer themselves 
(Dewey et al., 1897). This learning technique also aligns with constructivist-based 
education principles (Matthews, 1998), where students actively construct their under-
standing and knowledge by integrating new information with their prior knowledge, 
rather than passively receiving new information. However, cognitive load theory 
reveals that “free exploration of a highly complex environment can overload working 
memory and hinder learning” (Kirschner et al., 2006). To balance didactic teaching 
and unassisted discovery learning, researchers have developed the guided discovery 
learning approach (Brown, 1992; Brown and Campione, 1994; Palincsar et al., 1989). 
In practice, such a guided discovery learning experience can be achieved through 
inquiry-based learning (Bruner, 1961), which fosters a deeper understanding of the 
material with reduced cognitive load. In this work, we facilitate discovery learning 
and enhance student engagement by developing an interactive textbook exploration 
tool. This tool generates questions based on the reader’s reading history, but does 
not provide answers. We combine teacher expertise with LLMs to develop a facilita-
tor that guides students through their learning adventures. This approach encourages 
students to seek answers through further exploration of the textbook, resulting in 
iterative rounds of discovery and constructivist-based learning.

Reading Facilitation Techniques

Enhancing the digital reading experience has long been explored by researchers in 
pedagogy and computer science. Before the advent of artificial intelligence (AI), 
various methods were developed to individually improve the reading experience, 
commonly measured by reading comprehension performance. One of the simplest 
methods is note taking, in which readers take independent notes and summarize the 
texts they read, demonstrating significant benefits (Rahmani and Sadeghi, 2011; 
Özçakmak, 2019). Another popular technique is manual text highlighting, which has 
also been effectively implemented with digital tools to improve the reading experi-
ence (Leroy and Kammerer, 2023).

In recent years, the surge of AI has created more possibilities to enhance the read-
ing experience. Natural language processing (NLP) techniques now enable auto-
matic highlighting of extracted keywords or concepts and displaying their definitions 
for readers (Zhang et al., 2021, 2023). Vision-language models can automatically 
enhance textbooks by matching images from the Web with textbook content (Singh 
et al., 2023). Beyond AI solutions alone, studies have shown that instructors seek 
high-quality human-AI teaming approaches to improve their teaching efficiency (Lu 
et al., 2023; Wang et al., 2022) and support students in reading (Wang et al., 2022). In 
response to this, Ruan et al. developed BookBuddy, which converts reading materials 
into interactive conversation-based tutors (Ruan et al., 2019). VR and AR technolo-
gies have also been applied to create immersive visual interactions for children with 
storybooks (Wang et al., 2024). However, many of these solutions target entertain-
ment reading for children, leaving a gap in addressing the balance between engage-
ment and learning outcomes in serious reading context. Although some approaches 
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incorporate question-answer practices into reading (Johnson et al., 2024; Willis et al., 
2019; Ruan et al., 2019), few explore the integration of additional visual and textual 
aids into an interactive textbook reading tool.

As outlined in Table 1, IRead stands out against other reading facilitation tools 
due to its textbook format that pairs visualizations with an AI-driven question bot. 
In particular, IRead employs concept tree visualizations, enabling learners to explore 
connections between ideas and have the ability to generate contextual questions, fos-
tering deeper engagement. Compared to tools such as QuizBot (Ruan et al., 2019), 
which focuses on active recall through dialogue, or ReadingQuizMaker (Lu et al., 
2023), aimed at generating quiz questions for educators, IRead uniquely addresses 
the need for a cohesive reading tool that improves comprehension without distracting 
from the primary text. This contributes to a more supportive learning environment, 
ultimately enhancing the student’s ability to grasp complex materials effectively.

NLP Techniques for Question Generation

NLP techniques have been widely used to support learning and teaching. For exam-
ple, they have been used to create educational content (Sarsa et al., 2022), simu-
late student behaviors (Markel et al., 2023), and offer adaptive feedback (Liu et al., 
2020). Among them, question generation, the technique to automatically create rel-
evant questions in a given context, has great potential to facilitate active learning 
(Kurdi et al., 2020). Existing question generation approaches typically adopt lan-
guage models, such as BART (Lewis et al., 2020) and T5 (Raffel et al., 2020), to 
create questions in an end-to-end manner. However, question generation systems in 
the NLP community mainly focus on the relevance and fluency of questions while 
overlooking their broader educational implications, such as the potential to foster 
deeper engagement with or critical thinking about the material (Zhang et al., 2022). 
As a result, recent efforts incorporate pedagogical principles into system design and 
demonstrate their effectiveness in various scenarios, such as math problem solving 
(Jiao et al., 2023) and language learning (Cui and Sachan, 2023). In addition to end-
to-end models, Wang et al. (2022); Lu et al. (2023) emphasize the iterative process 
of question creation and collect a suite of NLP tools for Human-NLP collaborative 
question generation, including text summarization, paraphrasing, and negation trans-
formation. However, the questions of most existing work are designed for assessment 
or practice purposes. In contrast, the question generation model in IRead is trained to 
mimic “what an instructor would ask students during the reading”, aiming to create 
an interactive reading experience.

ARCS Model

The ARCS model is a motivational design model that provides a systematic frame-
work to answer “how to create instruction that would stimulate the motivation to 
learn" (Keller, 1987). It extends the two motivational categories for engagement, the 
satisfaction of personal needs (the value aspect) and the positive expectancy for suc-
cess (the expectancy aspect), in the expectancy-value theory (Tolman, 1932; Lewin, 
1968), to four categories: (1) Attention–the extent to which students’ interest and 
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curiosity is stimulated by the lesson; (2) Relevance–the materials’ and instructions’ 
relatedness with students’ goals during the learning process; (3) Confidence–students’ 
perceived competence to achieve their educational goals; (4) Satisfaction–the extent 
to which students are satisfied with the course and their achievements. The author of 
the ARCS model also provides detailed subcategories and sample motivational strat-
egies for each category in Keller (1987). Guided by this model, following researchers 
created survey questions to measure the various dimensions of the motivation effects. 
It has been proved that the ARCS model is not only applicable to traditional class-
room (Feng and Tuan, 2005), but also to online learning (Huett et al., 2008) and even 
blended learning environments (Chang and Chen, 2015). Furthermore, the model has 
been adapted to incorporate elements of digital literacy and professional competency 
(Maiti et al., 2023), leveraging AI technologies to create more personalized and moti-
vating learning experiences (Wu and Liou, 2024). Therefore, the ARCS model is a 
good fit for our project to motivate the readers in the digital reading context.

Methods

Design Considerations

The design of IRead was informed by a preliminary study presented in Cui et al. 
(2024). In this study, participants were asked to read textbook articles with additional 
questions displayed in a side panel (see experiment interface in Appendix A). The 
results indicate that intriguing and informative questions can enhance engagement 
and stimulate thoughts, but participants disliked questions that were too easy or had 
immediate answers in the article. Moreover, participants’ criteria for good questions 
varied based on the reading scenario, e.g., first-time reading vs. content reviewing, 
learning scenarios vs. examination scenarios, and serious learning vs. casual reading. 
The study also identified a “cold start” phenomenon, where readers need more sup-
port at the beginning to grasp the context of an article. Based on these insights, we 
summarize the following requirements for a comprehensive reading assistance tool: 
R1	 Overview: The tool should provide a high-level overview of the content 
and structure of the textbook. This overview can take the form of a textual summary 
detailing the article content or a graphical diagram illustrating the logical structure, 
with the latter being the preferred choice for the majority of participants.
R2	 Comprehension Support: The tool should provide enhanced reading sup-
port compared to a standard PDF reader. In addition to conventional features such 
as highlighting, taking notes and searching for content, the tool should also provide 
supplementary information on terms that may impede the reading process. This addi-
tional information may include definitions, examples, external links, and illustrative 
figures.
R3	 Intelligent Guidance: The tool should aptly navigate the student’s reading 
process, tailoring guidance to their individual reading pace. An intelligent chatbot 
can be used to offer help when readers face challenges such as cold start, reading bar-
riers, or reading fatigue. The questions posed by the chatbot should be intelligently 
positioned, with an appropriate frequency, and of suitable complexity, ensuring that 
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they enhance the reading process rather than becoming a distraction.
R4	 Customized Information Inquire: The readers should have control over 
the extent of additional information they wish to access, catering to their individual 
reading preferences in various scenarios, such as first-time reading, in-depth reading, 
serious reading, and casual reading. This includes the ability to control the visibility 
of the information outlined in R1 to R3.
To fulfill the aforementioned requirements, we turn to the guided discovery learning 
theory (Brown, 1992; Brown and Campione, 1994; Palincsar et al., 1989) for provid-
ing a learner-centered reading experience. This theory emphasizes a balance between 
didactic teaching and unassisted discovery learning (Dewey et al., 1897), which could 
be implemented with questions that guide learners through the reading process. In order 
to determine the right moments to display these questions and motivate the reading 
process, we turn to another theory—Keller’s ARCS (Attention, Relevance, Confidence, 
and Satisfaction) model (Keller, 1987)—to develop a question-triggering mechanism 
that could provide context-sensitive information to motivate the reading process. We 
connected the four dimensions of the ARCS model with five typical types of interac-
tions in reading, designing specific question-triggering mechanisms for each interac-
tion type. Table 2 outlines these five interaction types, their triggering mechanisms, 
the presentation of questions, and the corresponding ARCS principles. Moreover, we 
followed the constructivist learning theory (Matthews, 1998) to individualize questions 
for each learner based on their highlighting, note-taking, and other interaction behav-
iors, as well as track their interaction history. Guided by these questions, readers will 
further read and get more individualized questions, accumulating knowledge through 
their unique learning paths.

Textbook Data Processing Workflow

The content presented in IRead is generated by the textbook data processing work-
flow illustrated in Fig. 2. This workflow is a one-time setup for every newly imported 
textbook. It takes the textbook chapters as input, and leverages an LLM to generate 
a structured overview of the main ideas (concept hierarchy) (Section “Concept Tree 
Generation”) and the table of contents for each chapter. It also feeds the textbook into 
a pre-trained question generation model to generate questions and fun facts about the 
book content (Section “Question Generation Model”).

Question Generation Model

The core idea behind IRead is a question-driven active reading mechanism. Our goal 
is to use questions as a communicative and interactive tool to maintain reader interest 
and attention and guide them through the reading process. However, existing ques-
tion generation (QG) systems are not adequate for our needs because:

	● Question generation models in the NLP community mainly focus on factual ques-
tions that lack educational value (Wang et al., 2022; Zhang et al., 2022).

	● Most questions are generated for evaluation purposes after reading, and it re-
mains unclear how to use them in an interactive scenario during reading, such as 
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when to present them to the reader.

To address these limitations, we have developed a question generation model consid-
ering three perspectives:

Table 2  An overview of five primary interaction types in IRead, their triggering operations, and corre-
sponding questions generated by Question Wiz
Interaction Trigger Question Wiz Prompt for Customization ARCS
Highlighting Select and 

highlight a piece 
of text

A question related to the 
selected sentence with a 
list of relevant concepts 
below

Paraphrase the following question 
such that it is intriguing, informative 
and stimulates thought and reflec-
tion: {original_question}

Relevance

Note-Taking Create a note for 
a selected piece 
of text

A question related to both 
the selected sentence and 
the note, with a list of 
relevant concepts below

Generate a question regarding 
“{question}” based on the emotion/
purpose indicated in {note}:

Relevance

Concept Query Click on an un-
derlined concept 
in the reader

A question related to the 
concept with a list of hint 
concepts below

Ask a question about the potential 
application of {concept} in the con-
text of {chapter_name}. The question 
should be open-ended and thought-
provoking. Return the question 
without any additional information.

Attention 
Relevance

Term Searching Search for a 
term, click on a 
search result to 
go to a different 
chapter and 
waits 5 seconds

A progress reminder of 
prior chapter reading, 
with a button to return to 
the prior chapter

- Attention 
Relevance 
Satisfaction

Inactivity There has been 
no activity on 
the page for two 
minutes

A fun fact about the 
current chapter that 
doesn’t demand problem-
solving or deep cognitive 
processing

Generate a fun fact for a college 
student reading a textbook called 
“{book_title}” in a chapter titled 
“{chapter_title}” and containing 
the following concepts: {concepts}. 
Simply return the fact without 
anything else.

Attention

These questions align with one or more ARCS principle dimensions and are further customized using an LLM

Fig. 2  Textbook data processing and interaction workflow
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From the data perspective  , we build our question generation model on a textbook 
corpus collected from OpenStax. The dataset consists of textbook chapters in vari-
ous disciplines, such as business and social sciences. In particular, instead of using 
assessment questions, we collect questions embedded in the content of the chapter. 
These in-text questions are designed by expert educators to provoke readers’ thoughts 
during reading and learning. Meanwhile, they perform a variety of interactional func-
tions to engage readers (Hyland, 2002), therefore, are the ideal choice to build our 
model.

From the model design perspective  , traditional QG models in NLP primarily 
focus on generating the content of questions, and optionally, their answers. How-
ever, effective questions should not only be relevant in content but also introduced 
at appropriate moments that align with the discourse structure and progression of 
the document (Cui et al., 2024). To address this, we incorporate question position 
into the learning objective, ensuring that each generated question is tied to a spe-
cific point in the source text—i.e., where it naturally fits within the flow of read-
ing. This better supports our goal of enhancing the overall reading experience.

From the interaction perspective  , we modify the configuration of the question 
generation model to adapt to our interaction mechanism (per Section “Interac-
tion”). In particular, we generate a baseline question for every sentence. In doing 
so, we ensure that each sentence is associated with a relevant question that can 
be evoked upon the user’s interaction. In cases where a sentence is less impor-
tant, the corresponding question may stem from a more significant surrounding 
sentence. Building upon these base questions, we further employ ChatGPT to 
integrate user input and customize the questions displayed based on their specific 
interactions.

As illustrated in Fig. 3, we implement our question generation model through 
data collection and model training. Specifically, we begin by extracting questions 
from OpenStax textbook chapters and selecting documents that contain more than 
three questions, as this indicates frequent use of questions and suggests their ped-
agogical importance. This results in 621 documents and 3,593 questions in total. 
For each question, we extract the preceding sentence to serve as its positional 
and contextual reference. Additionally, we employ ChatGPT to generate answers 
to these questions based on the chapter content. Based on the collected dataset, 
we fine-tune Flan-T5, an encoder-decoder based language model. We use chapter 
content as input, and train the model to generate a concatenation of the contextual 
sentence, the corresponding question, and its answer as output. During inference, 
the contextual sentence can be specified as the prefix to the output, enabling con-
trol over the sentence on which the generation should be conditioned.

The question generation model was evaluated with both automatic and human 
evaluations, both of which demonstrated strong performance. For automatic evalu-
ation, we used reference-based metrics (i.e., textual similarity between the genera-
tion and human-written question), achieving scores of 18.3 Rouge-L (Lin, 2004), 
20.7 Meteor (Banerjee and Lavie, 2005), and 84.5 BertScore (Zhang et al., 2019), 
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outperforming zero-shot GPT-4, which scored 15.7, 18.9, and 84.3, respectively. 
For human evaluation, we invited 15 annotators to evaluate 32 model-generated 
questions from five textbook chapters, and another 15 annotators to evaluate 32 
reference questions written by the textbook authors from the same chapters. The 
evaluation criteria include relevance to the context, appropriate positioning without 
distraction, and importance to the central topic. On a scale of 1 to 5, the model-
generated questions received scores of 4.2, 4.3, and 4.2 for the three criteria, respec-
tively. These scores are comparable to those for the reference questions, which 
received 4.0, 4.2, and 4.4. The participants’ final rating were averaged to mitigate 
individual variability. We measured the consistency of annotator judgments using 
Krippendorff’s Alpha, which yielded a moderate consistency score of 0.66. Given 
the subjective nature of the task, we consider this level of consistency acceptable.

Concept Tree Generation

In addition to the questions, IRead includes a concept visualization feature to visu-
ally illustrate key concepts in the textbook and their hierarchical relationships. To 
generate the concept tree data for visualization, we leverage the capabilities of 
LLMs, which excel in contextual comprehension and information synthesis. These 
models can also efficiently handle long texts due to their large context window 
sizes, allowing IRead to process an entire textbook chapter at once.

In practice, we instruct the LLM to identify key concepts and their related subcon-
cepts, along with their respective children, to structure the content hierarchically. We 
also request concept definitions and examples for inclusion in information cards and 
determine each concept’s frequency within the chapter to illustrate its prevalence in 
the visualization. The resultant data are formatted as a nested JSON object.

We iterated through various versions of the prompt to identify one that con-
sistently produces the desired data when applied to texts of varying lengths and 
domains. The prompt is provided in Appendix B-Listing 1, utilizing the GPT-4 

Fig. 3  An illustration of our question generation model. We construct our training dataset from a text-
book chapter corpus (left), and train a Flan-T5 model to generate questions, their corresponding an-
swers, and the contextual positions within the chapter where these questions should arise (right)
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(|gpt-4-turbo-preview|) model, which stands as OpenAI’s latest and most advanced 
model at the time of development. After autogeneration, we employ human over-
sight to ensure the balance of the tree structure and the quality of the concept, 
which are difficult to consistently manage through the prompt alone. In addition, 
we offer an interactive visual interface that allows authors and instructors to further 
edit the concepts. This method of automated concept tree generation, plus minimal 
post-inspection, is efficient as it eliminates the need for additional inputs beyond 
the text itself while maintaining the concept tree quality. It is also cost-effective as 
it only needs to be done once per chapter.

Concept Mapping

To bridge concept visualization with textbook content, we implement a fuzzy 
concept mapping technique that aligns the concept tree with the text. Instead of 
restricting the mapping to exact matches, our approach aims to identify words or 
phrases closely related to the concepts, even with slight variations. To achieve 
this, we devise a method that utilizes synonyms generated by the LLM to pin-
point specific terms corresponding to each concept. We employ word embed-
dings that map words or sentences into a multi-dimensional space, using cosine 
similarity through a sentence-transformer model. This allows us to assess how 
well these terms correlate with the concept within a sentence. Terms exceeding a 
predefined similarity threshold are highlighted as clickable links and associated 
with a concept in the visualization within IRead. For a detailed implementation 
overview, refer to Algorithm 1.

Algorithm 1  Naïve Concept Mapping with Semantic Similarity
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Interface Design

Visual Interface

To address the challenges discussed in Section “Introduction” and meet the design 
requirements outlined in Section “Design Considerations”, we design a visual 
interface (Section “Visual Interface”) and an interaction mechanism (Section 
“Interaction”) grounded in multiple pedagogical theories, as illustrated in Fig. 4. 
The visual interface and interaction mechanisms are coordinated to create a cohe-
sive, interactive learning environment, personalized for each user’s exploration of 
textbook content.

The IRead interface consists of three major components: an enhanced textbook 
reader (Fig. 1-A), a concept visualization (Fig. 1-B), and Question Wiz (Fig. 1-C). 
These components, along with their subcomponents, are designed to provide moder-
ate visual and textual aids for users.

Enhanced Textbook Reader  To provide a fundamental reading experience similar to 
typical PDF readers such as Acrobat, IRead includes annotative features to support 
active reading strategies. Users can highlight sentences in three different colors and 
add notes to selected text, which are automatically saved for future reference (R2). 
Furthermore, a sidebar (Fig. 1-D), which can be displayed or hidden, organizes and 
displays the saved highlights and notes, allowing users to review and edit them as 
needed. To provide a linear overview and help the reader navigate the text (R1), we 
include a minimap on the right side of the text, serving as a table of contents (Fig. 
1-A2). Clicking on the section titles takes the user directly to that section. Addition-
ally, a search function allows users to perform queries across different chapters (Fig. 
1-A3) and see how the same term is addressed in different contexts (R4).

Concept Visualization  Following the “overview first, details on demand” mantra 
(Shneiderman, 2003), this component graphically represents the concepts in the text-
book and their relationships within a hierarchical tree structure (R1). Concepts on the 
left side of the graph have higher-level and more abstract semantic meanings compared 

Fig. 4  The five different interaction mechanisms and corresponding implementation in IRead
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to those on the right side. When users hover over a concept, an information card appears 
with a definition and examples to aid comprehension (R2). Clicking on a node dynami-
cally adjusts the tree to reveal the direct children of the selected concept. By expanding 
or collapsing the concept nodes, users can navigate the tree, promoting an engaging and 
exploratory way of learning (R4). These concepts are also visually distinguished from 
other text with in the textbook reader. When a user clicks on such a 
term, the visualization of the concept updates to highlight this concept, revealing its 
information card and showing its family path in the tree. Meanwhile, Question Wiz will 
pose a relevant question, further engaging the user with the material.

Question Wiz  Located in the bottom right corner of the interface is the “Question 
Wiz”, IRead ’s reading assistant designed to show feedback from the various interac-
tion mechanisms presented in Section “Textbook Data Processing Workflow” (R3). 
When a question is posed, the assistant not only presents the question but also offers 
basic hints in the form of related concepts to aid in formulating an answer. Users can 
interact with these hints by clicking on them, which highlights the respective concept 
in the visualization, strategically positioned right above to facilitate quick cross-ref-
erencing. Additionally, when a user moves to a new chapter via search, the assistant 
will offer to return them to the last reading position from the previous chapter.

Concept Mapping in the Text  (Figure 1-A1). In IRead, the user will see that specific 
words are visually distinguished from others by being . 
These denote concepts and clicking such a term triggers two responses: it highlights the 
concept in the visualization and prompts the question bot to pose a relevant question, 
further engaging the user with the material. Concept mapping aids in comprehension 
and allows cross-referencing between textbook content and the visualization (R2).

Interaction

IRead provides an improved textbook reader tool that supports highlighting and note-tak-
ing, similar to a conventional PDF reader, and stores these user-specific records in a history 
view for later review (in line with constructivist learning principles). Moreover, users can 
query critical concepts that they find challenging or search for keywords in multiple chap-
ters of the textbook. IRead provides definitions and examples related to the concepts or 
presents the context of the keyword in all chapters for further understanding (aligning with 
inquiry-based learning principles). Furthermore, when users highlight, take notes, search 
concepts or pause reading with IRead, the corresponding questions are triggered to encour-
age them to continue reading and explore concepts they are interested in (in accordance 
with the principles of guided exploration learning).

User Study

We have designed and conducted a between-subject comparison study to explore 
our target users’ preferences and assess the effectiveness of IRead in enhancing their 
motivation and learning dynamics during textbook reading. Through this user study, 
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we aim to understand the following three research questions by gathering question-
naire responses and observing participants’ behavioral patterns: 
Q1:	 Can questions corresponding to various interactions effectively motivate 
users in reading and reflecting on the content? If so, what are the optimal content, 
frequency, and display timing for these questions?
Q2:	 Can the visualization we have designed aid in knowledge exploration? If so, 
what is the ideal level of detail and visual representation?
Q3:	 Can IRead, equipped with suitable prompted questions and visualization 
support, engage users in textbook reading and facilitate deeper content understanding?
In addition to these three research questions, we also aim to assess how well IRead 
fulfills the design requirements outlined in Section “Design Considerations”. Fur-
thermore, we seek to gather insights into users’ feedback on the usability of our sys-
tem and potential enhancements.

Participants

We recruited 30 participants for the user study: 15 for the experiment group and 15 
for the control group. All participants were current or past university students who 
read textbooks in their courses. They had good English reading and writing abilities 
and no mental, cognitive, or severe sight disabilities or impairments. On average, 
they read about 12 pages of text per day. The participants included 13 females and 17 
males with educational backgrounds in computer science, management, biology, eco-
nomics, and other fields. Among them were 2 undergraduate students, 16 Master’s 
students, 11 doctoral students, and 1 postdoc researcher.

Setup and Procedure

To involve participants globally and simulate their typical learning environments, we 
offered the option for them to participate either remotely or in person. Tutorials for 
IRead were shared with participants at least 24 hours before the online study session 
began. We set up a remote server for remote participants to access IRead and join the 
study with their own machine and external devices. To understand their cognitive 
process when interacting with IRead, participants were instructed to follow the think-
aloud protocol (Lewis, 1982) to continuously express their thoughts, reflecting on 
their understanding, strategies, and any difficulties they encountered. Their audio and 
screen activities were also recorded during the task. The participants were rewarded 
with a voucher corresponding to ∼$27/hr.

To understand the effects of the visual and textual aids in IRead, we design the user 
study as a between-subject comparison study. Participants in the experiment group 
use IRead for the study, while those in the control group use a baseline variation with 
only the PDF reader and annotation functions (i.e., A1 panel in Fig. 1). Informed by 
two pilot studies, we structured the study with four parts: a tutorial session, two task 
sessions, and an experience survey and interview session. In the tutorial session, we 
demonstrated the usage of the reading tool and asked the participants to perform a 
few mini-tasks themselves. Afterwards, we ask them to perform the two tasks below 
involving textbook reading and content question answering: 

1 3

3794



International Journal of Artificial Intelligence in Education (2025) 35:3780–3812

T1	 Textbook Reading. Participants need to read the first half of a textbook 
chapter titled “The Entrepreneurial Perspective”, available as an open-source re-
source on OpenStax. They are required to complete the reading within 25-30 minutes 
and were given the freedom to choose their preferred method of utilizing the assigned 
reading tool based on their individual reading habits.
T2	 Content Question Answering. Participants answer six open-ended ques-
tions regarding the textbook content within a time frame of 15-20 minutes. We for-
mulate the questions corresponding to the six levels of Bloom’s taxonomy (Bloom et 
al., 1956) to assess various depths of understanding of the participants. They are en-
couraged to refer to IRead as needed, simulating an open-book examination scenario.
After the two tasks, we ask the participants to respond to an experience survey adapted 
from the standard motivation questionnaires of ARCS (Keller, 1987; Ma and Lee, 
2021), which examines Attention, Relevance, Confidence, and Satisfaction individu-
ally. We also interview them promptly based on their responses to specific questions 
to better understand their learning experience, the reasons behind their actions, and 
the usability limitations of IRead. Additionally, participants were invited to respond 
to the following three questions either orally during the interview or in writing on the 
questionnaire.

	● What is the function(s) that you found the most helpful in IRead?
	● What are your most significant challenges when reading the textbook and an-

swering the content questions?
	● What types of additional information, visual clues, or interactions do you believe 

would be helpful in addressing these challenges?

Data Collection and Analysis

We collected three types of data from the study and analyzed them using different 
approaches. Specifically, the data and corresponding analysis include:

Participants’ responses to the six open-ended content questions: We con-
verted them from unstructured text into word embeddings with an open-sourced 
sentence transformer3 and calculated the average in-cluster answer distance, 
dans = 1

n

∑n
i=1 ∥vi − 1

n

∑n
j=1 vj∥, for both the control and experimental groups 

(see results in Fig 5(a)). The in-cluster answer distance could reflect the vari-
ability of participants’ responses to the same question, thus indicating the level 
of inspiration in their thoughts when using IRead or the baseline system. We also 
applied a dimensionality reduction algorithm to reduce the embeddings to 2D and 
visualize them in Fig. 5(b) and (c), which facilitates a more intuitive comparison.

Participants’ responses to the 5-point ARCS-model guided experience survey: 
We conducted a pairwise t-test to assess significant differences between the con-
trol and experimental groups. We also calculated the Pearson correlation coef-
ficient (r) to examine the relationship between participants’ education levels and 
their ratings of perceived question quality and distraction levels.

3 ​h​t​t​p​s​:​​​/​​/​h​u​g​g​i​n​g​f​a​c​​e​.​​c​​o​/​s​e​​n​t​e​n​​c​​e​-​t​r​a​​n​s​f​o​​r​m​e​​r​s​/​​a​l​l​-​M​i​n​​i​L​​M​-​L​6​-​v​2
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Participants’ oral feedback gathered through think-aloud protocols and post-
survey interviews: We converted the audio recordings from the think-aloud ses-
sions and short post-survey interviews into transcripts and conducted a thematic 
analysis of the transcripts. One co-author annotated the data, while another veri-
fied the results. We distilled insightful observations and explanations for the par-
ticipant behaviors we observed during the study.

Results

The statistical results show that IRead outperforms the baseline system in 8 out of 14 
measured dimensions, with 5 achieving statistical significance (see Table 3). Though 
no significant difference is detected, we observe a potential trend of IRead to reduce 
participants’ confidence in understanding the content and can sometimes be distract-
ing. We provide further discussion and explanations based on observations and inter-
views from the study as follows.

Question is Not Just Question  Although the questions in IRead were originally 
intended to engage the reader, the study shows that participants use them for vari-
ous purposes, including but not limited to previewing upcoming content, facilitating 
comprehension, and reviewing sections they have completed. For instance, P1 men-
tions that “sometimes it takes the context of the paragraph that’s coming next...so you 
know what’s the main point of the paragraph, and so you can read it even faster”. 
P12 creatively utilizes the hints of the questions to “pull up the concepts they want to 
check”. In addition, many participants find the questions regarding their highlighted 
content to be “good as a recap” (P3, P7) and “trigger reflection” (P4, P10, P14). As 
P3 commented, “It satisfies in a way that you feel like you learn double because it’s 
not just reading a text... I see where content is connected also with the question. It 
keeps me thinking about that and keeps me summarizing. It’s like, always a revision. 
It’s not just reading words, and then you forget. You continuously being in contact 
and remind of what you just read”. In general, the prompt questions perform a posi-
tive role in inspiring readers’ thoughts and improving learning effectiveness, which is 

Fig. 5  The average in-cluster answer distance indicates that participants using IRead (experiment 
group) were more inspired in their thoughts and thus provided more varied answers compared to those 
using the baseline system (control group) for 5 out of the 6 content-related questions designed accord-
ing to Bloom’s Taxonomy. The 2D projections of the word embeddings of participants’ answers also 
align with this insight
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also evidenced by the fact that participants in experiment group provides more vari-
ant answers to the content-related questions compared to the control group (Fig. 5).

Simple Visualizations Can Be Powerful  IRead employs a simple concept tree visualiza-
tion to present the semantic hierarchy of concepts. We have observed that the majority 
of participants react positively to this visualization and use it for various purposes in 
accordance with the design requirements. Their ratings for engagement and satisfac-
tion are also significantly higher than those of the baseline group (see Table 3-S10, 
S11, S14). Four participants in the experiment group utilize the concept tree to gain 
an overview and navigate through “the things they have to learn” before reading (R1). 
Six participants use it more frequently during the reading process to check concept 
definitions (R3) and search for answers to questions indicated by question hints (R2). 
They comment that “it’s really clear...better to understand...even better than a defini-
tion from Google or Wikipedia”(P1). Meanwhile, we have observed participants with 
a deeper background knowledge of the textbook topic (P5, P7) using the concept tree 
as a tool to review and confirm their understanding of all related key concepts in the 
chapter. In contrast, participants with almost zero background knowledge (P11) treat 
the concept tree itself as a learning material and directly learn from it. Additionally, we 
have observed three “non-visual people” (P3, P15) choose to skip the tree and use other 

Table 3  Comparison between experiment group with IRead and a control group with the baseline PDF 
reader in IRead
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functions to facilitate reading. This flexibility in using the same visualization in differ-
ent ways demonstrates the level of customization we provide for users with varying 
educational backgrounds and personal reading habits (R4).

Question Timing is Critical  In the study, all participants in the experiment group com-
ment and express their preferences regarding the timing of the questions. We track the 
timing of these questions based on interactions including highlighting, note-taking, 
and concept-definition checking initiated by the participants. Table 4 illustrates their 
opinions regarding questions about upcoming, current, and previously read content. 
We observed that most participants exhibited a consistent preference about upcoming 
and current content. This observation is also relevant to the convergent-thinking ver-
sus divergent-thinking reading habits. When the type of questions they prefer domi-
nates the reading process, participants tend to be more satisfied with the quality of the 
questions. It’s also worth noting that P5’s attitude towards all questions, especially 
early ones, changed from negative to positive after overcoming the learning curve 
and becoming accustomed to the questions in IRead.

Education Backgrounds Influence Preferences  Given that a significant number of 
participants find the distracting level of IRead to be high, we conduct a closer inves-
tigation and discover that higher academic ranks (bachelor, master, doctoral, post-
doctoral) correlate with lower perceived quality (ρ = 0.2) and increased reports of 
distraction (ρ = 0.1). This is computed as Pearson correlations (academic rank from 
0 to 3 against the target variable) with a significance level of p < 0.05 two-sided 
(Kowalski, 1972). Participants in these higher academic ranks express a preference 
for receiving less visual and textual aid from IRead or no questions at all (see P12, 
P15). In contrast, participants with lower academic ranks described their ideal AI 
tools as providing “intelligent summarization of content” (P2, P10) and high-quality 
questions (P10). This finding aligns with prior HCI studies that highlight the influ-
ence of user expertise (Sauer et al., 2010; Bubalo et al., 2016). For different ques-
tions with objective, personal, or inspiring content, participants’ opinions also vary. 
Divergent-thinking readers with business or management backgrounds (P3, P7, P14) 
prefer inspiring questions and questions that connect to their personal experiences. In 
contrast, convergent-thinking readers with mathematical or engineering backgrounds 
(P2, P13, P15) prefer more objective questions.

Reading Scenarios and States Influence Behaviors  During the study, participants exhibit 
three distinct modes influenced by time pressure and task requirements. In the initial 15-20 
minutes of T1, participants are relaxed to explore and comment on functions in IRead. 

Question Content Upcoming Current Previous
Positive 4 4 0
Negative 5 4 1
Neutral 3 2 1
Not Trigger 3 5 13
Questions about previously read content can only be triggered by 
highlighting a few heading sentences of subsections, so not all 
participants have the opportunity to encounter them

Table 4  Statistics of partici-
pants’ preference towards differ-
ent questions timing
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They tend to utilize highlighting and note-taking functions more extensively and engage in 
question answering and visualization exploration to deepen their learning. As the reading 
task approached the 10-minute mark, we reminded participants about the time, prompting 
most of them (13 out of 15) to transition into a pressure mode and prioritize the completion 
of the reading task. In this mode, their usage was limited to highlighting and concept defi-
nition functions. Finally, during T2, simulating an open-examination scenario, participants 
utilize content searching functions more frequently for questions corresponding to the 
“memorize” and “understanding” levels of Bloom’s taxonomy. Meanwhile, participants 
tend to review their own highlighting and note-taking history while also exploring the con-
cept visualization for addressing higher-level open questions that require deeper personal 
reflection. Some participants noted that their behavior might vary when using IRead with 
textbooks from different disciplines. For instance, P3 mentions their potential difference 
in behavior when using math textbooks, stating,“I would have very specific questions... it’s 
very hard to generate questions exactly focusing on this one...because you cannot make 
sure that it answered the questions I have, because maybe I don’t understand an example.” 
Moving forward, we plan to incorporate a customization component that involves instruc-
tors in contributing to the cultivation of the concept tree and the generation of questions.

Discussion

From the user study result in Section “User Study”, we observed interesting reading pat-
terns and varying attitudes toward the visual and textual support provided by IRead. In 
this section, we will further discuss these observations and reflect on the optimal ways 
to enhance the pedagogical context through appropriate AI and visualization technolo-
gies. To supplement this discussion with broader perspectives, we also presented IRead 
and gathered feedback from two textbook authors during unstructured interviews, as well 
as 21 potential users including professors, lecturers, scientists, and students, in an onsite 
Learning & Teaching Fair at a research university. Due to the diverse backgrounds of the 
interviewees and the limited interaction time, we were unable to establish a formal study 
format in advance. Nevertheless, we outline our plan to incorporate the insights gained 
into the next development iteration and to conduct more rigorous, large-scale studies in the 
future in Section “Limitation and Future Work”.

AI-Generated Content Quality

Although AI becomes increasingly popular in assisting various educational contexts, con-
cerns about the quality of AI-generated content continue to emerge (Jeon and Lee, 2023; 
Kasneci et al., 2023; Tlili et al., 2023). In our user study, participants with higher academic 
ranks (P12, P15) exhibited less trust in AI-generated questions, preferring less visual and 
textual aid from IRead or opting for no questions at all. Our interaction with potential users 
revealed that, while most of them had a positive impression of IRead and expressed a will-
ingness to explore the tool, they were less inclined to incorporate it into their daily teaching 
or learning routines. Five explicitly voiced concerns regarding the quality of AI-generated 
content. And when we showcased IRead to textbook authors with their own textbook, they 
can quickly identify any discrepancies between their own knowledge and the content gener-
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ated by the LLM. Nevertheless, they acknowledge that AI serves as a good starting point for 
them to work on, even if it cannot always discern subtle differences or generate content that 
satisfies the authors or instructors. To alleviate this issue, implementing a human-in-the-loop 
approach for quality control is an effective solution. This could involve more extensive post-
editing and customization of AI-generated content to ensure, as one textbook author noted, 
“at least we ensure nothing is wrong (before releasing it to the students)”. We also advocate 
for adherence to the transparency obligations outlined in the Artificial Intelligence Act of the 
European Union (EU AI Act) (Proposal for a Regulation of the European Parliament and of 
the Council Laying down Harmonised Rules on Artificial Intelligence, 2021) and explicitly 
annotate which parts are generated by AI to avoid potential confusion.

Information Support and Attention Guidance in Learning Context

Reflecting on the long learning curve and complex AI-generated content of many prior 
visual analytics systems, especially those with sophisticated workflow and AI-driven 
mechanisms (Zhang et al., 2023; Zytek et al., 2021), we make a different attempt in 
IRead to employ a simple collapsible tree for the concept visualization and a question 
bot rather than a chatbot for engagement. As demonstrated in Section “Results”, this 
design has yielded overwhelmingly positive feedback and has met nearly all require-
ments outlined in Section “Design Considerations”. From this practice, we learned that 
visualization for learning support should prioritize reducing cognitive load over show-
casing elaborate functionalities, facilitating a more intuitive transfer of information 
from the AI agent to users. This insight addresses our research question Q2.

Nevertheless, statistical results in Table 3 show that participants still felt IRead could 
be more distracting (statement S3) and confusing (statement S5) compared to the baseline 
tool, primarily due to the questions displayed in Question Wiz, which provide a relatively 
negative response to research question Q1. We partly attribute this to the adaptation curve 
associated with the new reading paradigm introduced in IRead (reading with continuously 
updating questions), and specifically to the lack of direct answers to those questions. Par-
ticipants’ perception that the content in IRead did not meet their expectations compared to 
the baseline system (statement S13) further supports this explanation. As a quick solution, 
we have implemented a “focus mode” in IRead, allowing readers to hide content generated 
by Question Wiz during reading and review them afterwards for self-checking.

Another potential cause of this issue is the fun fact triggered by inactivity, which might 
impose additional extraneous cognitive load (Clark et al., 2011; Abeysekera and Daw-
son, 2015) on readers. However, these fun facts are prompted to be simple, relevant, and 
without demanding problem-solving or deep cognitive processing. This design aligns 
with findings in multimedia learning, which suggest that well-placed “interesting but non-
demanding” elements can enhance engagement without impairing learning outcomes if 
managed effectively (Mayer, 2005). Moreover, fun facts appear only in rare instances 
when readers have paused their reading for a significant duration, indicating that learners 
have already disengaged from the learning process. At such moments, fun facts can help 
reorient disengaged learners rather than impose extraneous cognitive load. We believe that 
the new “focus mode” mentioned in the last paragraph can mitigate potential side effects. 
This mode enables self-paced learning, which is the primary recommendation in Clark et 
al. (2011) for reducing extraneous cognitive load. Additionally, Clark and Mayer (2023) 
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suggests emotional design as an alternative to extraneous text to enhance motivation and 
learning. To incorporate emotional design in IRead, we plan to display encouraging words 
alongside progress reminders or utilize the robot icon displayed at the lower right corner of 
Question Wiz, giving it varied expressions similar to the owl in the Duolingo App (Bick-
nell et al., 2023). This strategy aims to boost learner motivation without adding significant 
cognitive load from reading extra text.

In the meantime, our user study also revealed that some participants were not satisfied 
with the amount of information provided in IRead. For instance, four participants explicitly 
request that they want a Google Search function integrated in the tool to support search-
ing of any selected keyword, and three mention they would like to directly communicate 
with the chatbot. These features were intentionally avoided during the design phase, as 
we believed they could easily distract the readers from trivial topics. From their lower 
ratings on confidence-related dimensions (statement S7, S8) in the questionnaire and the 
follow-up interviews, we learned that such requests may be due to a lack of security and 
confidence. For instance, P6 mentions that “if I have more information, I feel safer. And 
then, I would like to learn more, not just the text”. They acknowledge that Google Search 
can be “kind of distracting”, but they still feel is necessary. As a tradeoff, we plan to pro-
vide a deprived version of internal search, but also try to maintain the reader’s attention by 
avoiding excessive information or external links.

Individual Difference in Reading Preference

During the user study and our conversation with textbook authors, we have identi-
fied some typical usage habits and preferences. We document the most common types 
along with the textbook authors’ opinions as a reference for future researchers in the 
field below. These varied reading patterns also indicate that there is no unified answer 
to research question Q3. Depending on the reader’s background, reading habits, and 
purpose, the role and effectiveness of IRead can vary.

Novice vs. Professional Reading  As evidenced in Section “Results”, the functionalities 
provided by IRead can already adaptively cater to varied reading requirements. How-
ever, we still want to highlight the different reading preferences of novice and profes-
sional readers. Novice readers usually benefit from a linear reading approach as they 
are unfamiliar with the organization of the content in the textbook. For these readers, 
it is critical to keep them engaged and guide them through the entire reading process. 
In contrast, professionals usually possess more domain knowledge and have specific 
information to find when they read. Their biggest challenge is usually “not knowing the 
exact name or location”, so we need to help them quickly find the content they need 
and filter out any AI-generated content that might distract them.

Linear vs. Nonlinear Reading  As mentioned above, we observed both linear and nonlinear 
reading styles during the user study. Contrary to our expectations, discussions with the 
textbook authors revealed a surprisingly open attitude toward students’ reading strategies. 
They did not intend to enforce the linear structure they designed for the textbook and 
agreed that “students have different reading strategies”. One of the authors, who also had 
experience instructing a master’s course using the textbook they wrote, mentioned that 
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they had tried to force students to read the textbook linearly, but “it didn’t work”. The 
enhanced PDF reader in IRead supports linear reading, while the visualization and search-
ing functions facilitate nonlinear reading. We believe this flexibility could allow readers to 
personalize their reading experiences, maximizing their benefit from the learning process.

Reading First vs. Question First  In IRead, the primary form of AI assistance is through 
AI-generated questions. And we observed that participants in the user study had vary-
ing preferences regarding when and how to utilize these questions. Some used the ques-
tions as a preview, while others employed them as a recap. For instance, P5 preferred 
to view questions before reading to “read with questions in mind”, whereas P7 and P15 
preferred to read all questions after completing the reading to maintain uninterrupted 
focus. In teaching practice, educators need to be aware that students may have differ-
ent understandings and approaches to use learning materials, particularly AI-generated 
content, which can easily be biased and misleading (Lee et al., 2024; Nguyen, 2024). 
While maintaining an open attitude towards diversity, educators should also be mindful 
of the potential risks and solutions associated with the misuse of such materials.

Limitation and Future Work

Our primary user study was conducted in a lab setting over a relatively short period, 
without tracking the long-term learning performance of students. Therefore, the mea-
sures obtained from the questionnaire developed based on the principles of the ARCS 
model may be limited and potentially subjective. As part of our future work, we 
aim to conduct a larger-scale field study to assess IRead in real-world educational 
contexts and measure longitudinal learning outcomes, such as comprehension and 
retention. We also plan to interview textbook authors and other stakeholders to col-
lect comprehensive feedback on IRead from diverse perspectives.

Due to time constraints in the development cycle of IRead, we were unable to imple-
ment high levels of customization or individualized feedback, such as enabling manual 
editing of the concept map or providing lightweight checkpoints for specific learners. 
Therefore, we recommend using IRead as one of several learning modes in a course, so that 
feedback mechanisms can be implemented in the wider course design (including quizzes, 
group work, assignments, discussions, exams). Besides, the scalability of the validation 
mechanisms for AI-generated questions and concept maps is also limited and still relies 
on manual oversight. To eliminate this problem, we plan to develop a flagging system that 
allows users (students or instructors) to highlight potentially incorrect or unclear content. 
We will also explore automated validation methods to improve scalability. For users who 
find the AI-generated questions and answer-feedback functionalities too distracting, we 
will provide an option to disable them.

Conclusion

In this paper, we present IRead, an interactive textbook reading tool grounded in guided 
learning theory. Our system integrates a state-of-the-art question generation model and 
an interactive visualization to enrich students’ reading and learning experiences. It also 
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implements a question-driven learning guidance mechanism built upon the ARCS model. 
Through a comparative study involving current and past students involved in higher educa-
tion, we demonstrate the effectiveness of our approach in engaging students with textbook 
reading and the potential of applying human-AI collaboration technologies for educational 
purposes. Two universities have already expressed interest in integrating IRead into their 
teaching and learning systems, motivating our immediate next step to deploy and fur-
ther evaluate its functionality in real-world teaching environments. Our ultimate goal is 
to make IRead publicly accessible and easily generalizable, allowing students of all loca-
tions, education levels, and knowledge backgrounds to benefit from the novel learning 
experiences offered by IRead and the new generation of AI-enhanced education.

Supplementary Information

We have provided a demo video to illustrate the interactions in IRead with the two 
use case scenarios described in Appendix C.

Appendix A Experiment Interface for Preliminary Study

The preliminary study described in Section “Design Considerations” was conducted 
using a textbook reading interface, as illustrated in Fig. 6.

Fig. 6  The document contains generated active reading questions. Paragraphs not yet reached by the 
reader are blurred
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Appendix B LLM Prompts

Listing 1 is the prompt used to generate the concept tree data described in Sec-
tion “Concept Tree Generation”. Listing 2 is the prompt used to generate the table of 
content data mentioned in Section “Visual Interface”.
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Appendix C Use Case Scenarios

C.1 Navigating New Knowledge as Novice Learner

In this use case, we describe a curious student with minimal background in psy-
chology using IRead to read a psychology textbook (Spielman et al., 2020) for a 
single-semester introductory psychology course. The student, interested in the topics 
of emotion and motivation, first browses the chapter titles and selects Chapter 10 
to begin reading. Once the chapter is loaded, the student immediately notices a fig-
ure from the book illustrating intrinsic and extrinsic motivation. Curious about these 
terms, they click on the underlined concept from the figure title, 
which updates the visualization in the upper right corner and reveals the hierarchical 
position of the concept. There, they learn that intrinsic and extrinsic motivation are 
the two main types of motivation. They also hover over the concept to reveal both 
the definition and examples of these terms, grasping an overview of the conceptual 
grounding before delving into the reading material. Meanwhile, IRead simultane-
ously prompts a related question in the reading assistant panel as shown in Fig. 7-A. 
This question, along with hints to related concepts, helps the student engage with the 
material early on.

As the student progresses with the reading, they encounter a statement that aligns 
with their previous findings from the visualization:“motivations can be intrinsic 
(arising from internal factors) or extrinsic (arising from external factors)”. They 
choose to highlight this as an important point using the yellow highlighting color. 
Upon creating the highlight, a new question appears: “What drives you to seek knowl-
edge and pursue education from within yourself?” Reflecting on and trying to answer 
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this question encourages a deeper personal connection with the content and enhances 
the student’s learning experience.

In further reading, the student notes the passage: “physical reinforcement (such as 
money) and verbal reinforcement (such as praise) may affect an individual in very 
different ways.” Wanting to personalize this information, the student highlights it and 
creates a note stating, “I am more likely to do something I dislike if I receive financial 
compensation.” They then pause to reflect on this topic and gradually drift away in 
thought. The system detects this inactivity and presents a fun fact about the current 
topic to re-engage the reader. This new information triggers the student’s curiosity 
and motivation, prompting them to resume reading. Eventually, the student finishes 
the chapter with determination and enthusiasm, in an interactive and immersive read-
ing environment fostered by IRead.

Reviewing Previous Content for Exam Preparation

The second use case illustrates how students can use IRead for review and exam 
preparation. Consider a business student who used the system throughout the semes-
ter and is now leveraging it to reinforce and self-test critical concepts related to entre-
preneurship in preparation for an exam. The student begins by carefully reviewing 
the concepts addressed in the chapter through the concept visualization, recalling 
the specific contexts in which they were discussed. They also turn on the frequency 
toggle within the visualization to identify the key concepts to focus on. During this 
process, they realize that they cannot clearly recall the meaning of “entrepreneurial 
perspective”, so they hover over the concept to review its definition and click on it to 
explore the children concepts.

Afterwards, the student turns to the textbook content. Given that this textbook was 
utilized throughout the semester, it already contains numerous notes and highlights 
made by the user (Fig. 1-D), making it easy for them to navigate through the con-
tent. They then notice a notable new sentence: “This combination of recognizing an 
opportunity to bring something new to the world and acting on that opportunity is 
what distinguishes an entrepreneur from a small business owner” and highlight this 
sentence in green. This interaction triggers a question: “What unique qualities sepa-

Fig. 7  IRead with a textbook on psychology while reading chapter 10 with “intrinsic motivation” as 
selected concept
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rate entrepreneurs from small business owners and drive innovation and growth in 
the business world?” Recognizing the importance of this question, the student spends 
extra time finding the answer. When faced with a similar question on the exam, they 
are able to answer correctly due to their thorough preparation.

As they continue reading, they come across another concept “brainstorming”. 
Remembering that this concept is addressed in multiple chapters with different con-
texts, they use the search feature to locate additional information. The search bar 
provides a list of chapters where the concept occurs, along with the frequency of 
its mentions. The student navigates to the top chapter listed in the search results, 
“Chapter 6 – Problem Solving and Need Recognition Techniques”, and review their 
previous highlights there (Fig.  1-A3). Recognizing this brief disruption, Question 
Wiz suggests returning to the prior reading and finishing reviewing the entire chapter 
by reminding the reading progress. The student accepts the suggestion and picks up 
their prior reading context. Finally, the student accesses all their notes and highlights 
in the sidebar, double-checking all concepts in the concept tree once more. Now, they 
feel well-prepared and confident for the upcoming exam.

Supplementary Information  The online version contains supplementary material available at ​h​t​t​p​s​:​/​/​d​o​i​.​
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