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ABSTRACT ARTICLE HISTORY

Academic reading can be challenging for students due to the complex structure and Received 22 July 2025

language of academic texts. Emerging Al-assisted approaches can facilitate academic Accepted 6 December 2025

reading, but how different Al-assisted approaches impact students requires further

research. To investigate this, we conducted a user study (n=29) where participants Al o .
g g o q A summarisation; academic

completed paper categorisation tasks under three conditions: (1) with conversational reading; structural

Al summarisation, (2) with structural Al summarisation, and (3) without Al support. summarisation;

Our findings indicate that structural Al summarisation helps students navigate text conversational Al; empirical

structure and locate information, while demonstrating a more positive user study

experience and lower perceived cognitive load compared to conversational Al

summarisation. However, concerns emerged, including time-consuming verification

and over-reliance. We build on our results to suggest design opportunities for future

Al-assisted reading support tools: (1) combining structural overviews with

conversational flexibility, (2) aligning summarisation with reading objectives through

intent clarification, (3) embedding verification features that maintain reading flow,

and (4) shifting from direct answer provision to guided questioning that promotes

critical engagement. Our findings are bounded by 10-minute paper categorisation

tasks performed by HCI graduate students across two LLM implementations. Our

paper contributes empirical findings comparing Al summarisation approaches and

suggests design opportunities that support interactive and critically engaged

academic reading.

KEYWORDS

1. Introduction

Understanding academic reading can be challenging for students, as influenced by text structure (Kendeou
& Van Den Broek, 2007; Kintsch & Van Dijk, 1978; Peregoy & Boyle, 2000), long sentences (Dubay, 2004), and
background knowledge (Ahmadi et al., 2013; Cromley & Azevedo, 2007; Kintsch & Van Dijk, 1978; Yi, 2014).
Large Language Models (LLMs) offer potential solutions to support academic reading through Al-powered
summarisation tools. Two distinct approaches have emerged: (1) Structural Al summarisation, such as mind
maps and bullet points, which we define as organising summarised content into structured formats that
facilitate information processing and comprehension (Dagdelen et al., 2024; Liu et al,, 2024a; Liu et al.,
2024b). (2) Conversational Al summarisation, such as ChatGPT, can generate tailored summaries through
an interactive dialogue with user inputs (Skjuve et al., 2023; Yang et al., n.d.). However, these approaches
differ in their technical requirements and interaction patterns, leaving uncertainty about when and how stu-
dents should employ each approach for optimal academic reading support.

As Al-assisted reading tools continue to develop, their educational impact requires further research. Pre-
vious research has highlighted benefits such as enhanced literature comprehension (Gu et al., 2024; Wang
et al., 2024), but raised concerns, including omitting key information (Gu et al., 2024; Salleh, 2023) and
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hallucination that generates plausible yet unfaithful content (Farquhar et al., 2024; Huang et al., 2025; Ji et al.,
2023). Recent neurocognitive research (Kosmyna et al, 2025) found that while LLM assistance initially
reduces cognitive load, extended use over four months results in weaker learning outcomes compared to
brain-only conditions across neural, linguistic, and scoring dimensions. Additionally, educators have
expressed concerns that students increasingly seek quick solutions over deep thinking, with Al tools poten-
tially amplifying superficial learning approaches (Malik et al., 2025). Effective use of Al-assisted tools requires
prompt engineering skills that demand learning and experience (Liu et al.,, 2023; Wang et al., 2024; Zamfi-
rescu-Pereira et al., 2023). Subramonyam et al. (Subramonyam et al., 2024) term “the gulf of envisioning”
as the cognitive distance between user intentions and effective prompt formulation, encompassing capa-
bility, instruction, and intentionality gaps.

Given the potential benefits and concerns of LLMs, understanding how different Al-assisted approaches
impact academic reading can be important. Therefore, our study examined how structural and conversa-
tional Al summarisation impact academic reading experiences among research students and suggested
design opportunities for future development. We conducted a within-subject user study (n = 29) comparing
three conditions: (1) reading with conversational Al summarisation, (2) structural Al summarisation, and (3)
without Al summarisation.

Our results indicate that structural Al summarisation helps navigate text structure while reducing cogni-
tive load, whereas conversational Al summarisation provides more flexible support. However, improved user
experience did not translate to better categorisation accuracy, and concerns emerged, including over-
reliance on Al outputs and time-consuming verification processes. We suggest four design opportunities
for future Al-assisted reading tools based on these findings: (1) combining structural overviews with conver-
sational flexibility, (2) aligning summarisation with reading objectives through intent clarification, (3) embed-
ding verification features that maintain reading flow, and (4) shifting from direct answer provision to guided
questioning that promotes critical engagement. Our findings contribute empirical evidence for comparing
structural and conversational Al summarisation approaches, and suggest design opportunities that promote
interactive, personalised, and critically engaged academic reading.

2. Related work
2.1. Academic reading

Academic reading involves understanding and critically evaluating scientific content (Le & Huynh, 2022;
Rocha et al., 2021). Understanding academic literature requires interpreting the text’s explicit and underlying
meanings to form a mental representation (Ahmadi et al., 2013; Anne Britt et al., 2014; Peregoy & Boyle,
2000). It is a complex process that is influenced by text structure (Anne Britt et al., 2014; Kendeou & Van
Den Broek, 2007; Peregoy & Boyle, 2000), cognitive load (DeStefano & LeFevre, 2007; Kirkland & Saunders,
1991; Zumbach & Mohraz, 2008), long and complex sentences (Dubay, 2004), background knowledge
(Ahmadi et al.,, 2013; Cromley & Azevedo, 2007; Yi, 2014), writing styles (Biber & Gray, 2010; Hayot, 2014),
and task difficulties (Bjork & Bjork, 2011) and goals (Rayner et al., 2016). Previous research has highlighted
the need for more easy-to-understand summaries tailored to different English reading skills (Wan et al.,
2010).

2.2. Al-assisted reading tools

LLMs have created new opportunities for Al-assisted reading tools through their capabilities in text summar-
isation (August et al., 2023; Aydin & Karaarslan, 2022; Gu et al., 2024; Wang et al.,, 2024) and concept expla-
nation (Kohnke et al., 2023). Meta-analysis of 44 experimental studies (Wang & Fan, 2025) showed ChatGPT
has large positive impacts on learning performance and moderate effects on learning perception and higher-
order thinking. Recent research has demonstrated LLMs’ potential and limitations across various academic
reading tasks, including literature reviews (Aydin & Karaarslan, 2022; Van Dis et al., 2023; Wang et al,,
2024) and reading comprehension (Gu et al., 2024; Wang et al., 2024). Wang et al. (Wang et al., 2024)
found that LLMs can enhance young scholars’ literature understanding, but cautioned that young scholars
might overlook ethical risks, recommending limitation-based training.
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However, Al-assisted reading tools can introduce errors, such as information omission that excludes
crucial details (Gu et al., 2024; Salleh, 2023) and hallucinated that generate plausible yet factually incorrect
claims that are not supported by source content (Farquhar et al., 2024; Huang et al., 2025; Ji et al., 2023).
Huang et al. (Huang et al., 2025) categorise LLM hallucinations into factuality errors for factual contradiction
and factual fabrication, and faithfulness failures covering interaction, context, and logical inconsistencies.
Additionally, prompt engineering is another challenge that requires learning and experience for effective
use (Liu et al, 2023; Wang et al., 2024; Zamfirescu-Pereira et al., 2023). Lee and Palmer (Lee & Palmer,
2025) indicated that prompt engineering currently lacks standardised evaluation metrics for success and
transferable prompt engineering frameworks. Subramonyam et al. (Subramonyam et al., 2024) theorised
users’ cognitive challenge in translating goals into effective prompts as “the gulf of envisioning”, comprising
three gaps: capability (what tasks LLMs perform), instruction (expressing intentions), and intentionality
(expectations and output evaluation).

Al-assisted tools’ educational effectiveness depends on the implementation approach (Weidlich et al.,
2025). Al-assisted tools can function as cognitive scaffolding (Wood et al., 1976), a temporary instructional
support that enables learners to perform tasks beyond their independent capabilities (Dhillon et al,,
2024). However, effective scaffolding within learners’ Zone of Proximal Development (Cole et al., 1978)
requires appropriate support levels that challenge without overwhelming, and gradual fading as compe-
tence develops. This theoretical framework helps explain why recent computer-assisted learning research
(Weidlich et al., 2025) found that ChatGPT can either support learning through productive tutoring inter-
actions or harm learning by enabling cognitive offloading that reduces engagement with essential learning
tasks. The ease of obtaining LLM answers may compromise germane cognitive load necessary for deep learn-
ing processes, suggesting reduced cognitive effort does not translate to enhanced learning outcomes
(Stadler et al.,, 2024). Recent neurocognitive research (Kosmyna et al., 2025) supports this concern: LLM
users showed weaker neural connectivity, lower essay ownership, and reduced performance compared to
brain-only groups across neural, linguistic, and scoring measures during essay writing tasks.

Therefore, there is growing interest (Long et al., 2023) in developing “Al literacy” to encourage critical Al
use (Long & Magerko, 2020; Malik et al., 2025; Park & Ahn, 2024; Walter, 2024; Wen et al., 2025; Yeh, 2025).
Higher education faculty suggest that the lack of Al literacy and institutional unpreparedness for ethics,
privacy, and assessment represent key implementation challenges (Mah & GroR3, 2024). Prior research has
addressed these limitations through system transparency (Kizilcec, 2016; Wu et al., 2022) with features
including confidence scores (Xiong et al., 2024; Xu et al., 2024) and context-rich explanations (Zavolokina
et al., 2024), which facilitate users to verify Al responses (Yun et al., 2025) and assess output reliability. Gu
et al. (Gu et al,, 2024) proposed a text-rendering approach that de-emphasises text, which supports users
in recovering from Al summarisation errors, including information omission. However, its adaptability
across various document types requires further investigation. These challenges underscore the need for
careful implementation of Al-assisted reading tools in academic settings.

2.3. Structural and conversational Al summarisation

As Al-assisted reading tools evolve, conversational and structural summarisation are emerging as key
approaches. Conversational Al can generate tailored summaries through an interactive, query-based
process (Skjuve et al., 2023; Yang et al.,, n.d.). Tools such as ChatGPT enable users to interact with documents
using natural language queries, facilitating efficient information extraction and comprehension (Yang et al.,
2024). The flexibility of conversational systems can support various academic tasks, including writing (Lee et
al., 2024) and experiment design (Dowling & Lucey, 2023).

Structural Al summarisation organises summarised content into structured formats that facilitate infor-
mation processing and has gathered research attention. Liu et al. (Liu et al., 2024a) identify that users
require LLM output constraints at two distinct levels: low-level constraints that follow structured output
formats and appropriate length, and high-level constraints that enforce semantic and stylistic guidelines
while preventing hallucination. Prior research further demonstrated that different structural formats serve
distinct purposes: mind maps support intuitive understanding of complex information (Chaudhri et al.,
2013), while bullet points facilitate efficient content selection and planning (Radensky et al., 2024). Users
express preferences for clearly structured summaries with bulleted information (Ellen et al., 2014), and
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structured formats such as lists and flowcharts are increasingly important for LLM integration in both human
comprehension and software development (Liu et al., 2024b).

Prior research implemented structural approaches with varied strategies. Addressing the limitations of
linear conversational structures that produce long-winded responses, Graphologue (Jiang et al., 2023) trans-
forms LLM outputs into interactive graphical diagrams, enabling non-linear exploration and flexible compre-
hension of information. Similarly, Suh et al. (Suh et al., 2023) developed interfaces combining canvas and
hierarchy views that support multilevel exploration by enabling users to navigate and organise information
across different abstraction levels. Dagdelen et al. (Dagdelen et al., 2024) further demonstrate that LLMs can
extract structured knowledge from scientific texts, capturing hierarchical entity relationships in simple sen-
tences or structured formats. However, LLMs face challenges in processing large amounts of structured
documents (Chen et al. 2024; Edge et al. 2024) and retrieving relevant information accurately (Gao et al.,
2024). Given the potential and challenges of conversational and structural Al summarisation, it is valuable
to investigate how these approaches differently impact students’ academic reading experiences.

3. Methodology

We conducted a user study with 29 students to understand the benefits, concerns, and design opportunities
of Al-assisted academic reading tools. Participants completed paper categorisation tasks under study under
three conditions: conversational Al summarisation (ChatGPT), structural Al summarisation (Linfo Al), and
without Al summarisation (Chrome PDF reader). Quantitative data measured user experience, cognitive
load, tool preferences, reading understanding, comprehension, and speed. Qualitative data were collected
through think-aloud protocols and interviews to understand participants’ internal thinking and suggestions
on tool design.

3.1. Conditions

Our user study compared three conditions: conversational Al summarisation (ChatGPT), structural Al sum-
marisation (Linfo Al), and a No-Al baseline (Chrome PDF reader). We selected ChatGPT (GPT-40) for its
large user base, with 2.6 billion monthly visits (Similarweb, 2024). Linfo Al Chrome plugin (v0.1.9) was
chosen because it provides structural summarisation without conversational features, enabling clear differ-
entiation between approaches (see Appendix A for configuration details). Linfo Al (Figure 1) includes three
features: a Snapshot providing 50-word summaries, an outline/mind-map view for structural summarisation,
and a click-to-source feature locating summaries with the original text (linfo.ai, 2024). Table 1 details the sup-
ported user actions across both Al tools. The No-Al baseline used the built-in Chrome PDF reader, providing
basic reading features, including text search and zooming. To ensure experimental consistency, participants
used a pre-configured test computer with pre-uploaded texts, were restricted to the three designated tools,
and conducted all interactions in English only.

The two Al conditions involved different LLMs (GPT-40 for ChatGPT versus Claude 3 Haiku for Linfo Al),
reflecting developers’ deliberate model choices aligned with each interface’s intended use. To quantify
semantic differences between model outputs, we applied SBERT (all-mpnet-base-v2) to encode both
models’ responses to identical Linfo structural summarisation prompts, computing semantic similarity
through cosine similarity of contextual embeddings. Cross-model analysis (Table 2) showed initial evidence
of high semantic similarity (M = 0.93, SD = 0.02) despite GPT-40 producing 48% longer responses on average.
Baseline comparisons (Table 3) revealed that within-model similarities across different papers were substan-
tially lower (GPT: M =0.49, SD =0.09; Claude: M =0.43, SD = 0.09), demonstrating that the observed cross-
model similarity (M =0.93) represents meaningful semantic similarity rather than typical similarity
between academic summaries. This pattern suggests that our LLM choice primarily affects presentation
style rather than core content quality, with both models extracting equivalent semantic information from
source materials. Therefore, the user performance differences may reflect interface design rather than under-
lying model capabilities, supporting our research focus on interaction approaches over raw model
performance.
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Figure 1. Linfo Al Chrome plugin appears as a side panel next to the paper. Including three features: (1) a 50-word snap-
shot summary, (2) an outline/mind-map view summary, and (3) a click-to-source feature for locating relevant text.

Table 1. Comparison of supported user actions between Linfo Al and ChatGPT, showing key interaction differences
between structural and conversational Al summarisation approaches.
Linfo Al

Automatic upon document load

50-word snapshots, bullet points, and mind maps
Structured mind map and bullet point
Click-to-source linking for direct verification
Predetermined template-defined depth levels
Static presentation, no conversational capability

ChatGPT

User-initiated through natural language prompts
Tailored responses based on user queries
Paragraph-based conversational text

Required manual cross-referencing
User-controlled through iterative prompting
Multi-round dialogue support

Supported User Action

Summary Acquisition
Summary Content
Summary Structure
Summary Verification
Summary Depth
Follow-up Questioning

3.2. Tasks

Our user study involved paper categorisation tasks under three conditions, informed by two pilot studies.
The first pilot study used GRE reading tasks but revealed two limitations. Participants achieved fully
correct scores (10/10) by copying questions directly into ChatGPT, and the 400-word passages did not
reflect typical academic paper lengths (5000-12,000 words). To address these issues, the second pilot intro-
duced paper categorisation tasks using longer academic texts. When participants attempted to copy ques-
tions into ChatGPT during the second pilot, their average scores dropped (4.67/10), indicating that longer
texts reduced the effectiveness of simple copy-paste strategies. The final task design, which used paper
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Table 2. Comparison of GPT-40 and Claude 3 Haiku structural summarisation
outputs. Word counts comparing each model’s responses to identical structural
summarisation prompts across six papers from the user study. Semantic
similarity metric measured by the SBERT model. Longer responses in bold.

Paper GPT Word Count Claude Word Count Semantic Similarity
Paper 1 766 506 0.892
Paper 2 1136 615 0.952
Paper 3 1174 605 0.930
Paper 4 460 638 0.937
Paper 5 737 587 0.951
Paper 6 773 458 0.943

Table 3. Semantic similarity baselines for model output comparisons. Within-model semantic similarities compare the same
model’s outputs across different papers. While cross-model semantic similarities are compared between both model
outputs using the same papers. Semantic similarity metric measured by the SBERT model. Best responses in bold.

Model (s) Mean SD Median Min Max Pairs
GPT-40 0.492 0.088 0.499 0.313 0.611 15
Claude 3 Haiku 0.426 0.086 0.434 0.253 0.557 15
GPT x Claude 0.934 0.020 0.940 0.892 0.952 6

categorisation with long academic texts, ensured fair comparisons across conditions and encouraged partici-
pants to perform gist categorisation supported by Al tools within time constraints.

Participants completed paper categorisation tasks that reflect the coding process in systematic literature
reviews, where researchers assess paper relevance and assign categorical codes. In each condition, partici-
pants read two academic papers and selected one or two categories from four available options within a 10-
minute time limit (Figure 2). We used multiple-choice categories to reflect that academic papers often cover
multiple topics. This 10-minute constraint served two purposes: reflecting common academic time con-
straints (Carson et al.,, 2013; Yi, 2014) and controlling total session duration to reduce participant fatigue
in our three-condition within-subjects design.
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writer's context and encourage writers to produce divergent
outcomes

Focus on supporting metaphor creation

Introduction

Computational support for creative writing has focused on
ing next or fully ing creative

output
4

Figure 2. A screenshot of the desktop layout during user study. Including (1) a Chrome browser showing two papers, (2) a
questionnaire for task answers, and (3) a 10-minute task timer.
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We measured reading performance by comparing participant categorisations against prior systematic
review results, scoring 20 points for correct categorisation and 10 points for partially correct responses.
Papers were distributed to three conditions in a balanced order using a 3 x 3 Latin Square Design. We
employed a within-subjects design, allowing participants to experience and compare all three conditions
while controlling for individual differences.

We selected six papers from a systematic review paper (Lee et al., 2024) that annotated 115 writing assist-
ant papers. Papers were chosen based on the Writing Stage dimension and its four codes: Drafting, Idea gen-
eration, Planning, and Revision. From 45 initially screened papers, we chose seven CHI papers (2019-2021) as
CHI is the premier HCl conference relevant to our participants’ field, ensuring content relevancy, research
quality and consistent layout to control formatting variations across venues. We excluded one paper
because its category was identifiable from the metadata. The final six papers ranged from 8500-14,000
words.

3.3. Procedure

Our user study consisted of six steps (Figure 3): (1) information consent and application questionnaire, (2) a
pre-study questionnaire, (3) an introduction with an example task and quiz, (4) three paper categorisation
tasks with post-task questionnaires and breaks, (5) a post-study questionnaire and break, and (6) a 30-
minute post-study interview. Participants completed all tasks remotely through a pre-configured
MacBook Pro, with Microsoft Teams used for screen recording and transcription. The study lasted around
100 minutes and was conducted from June to July 2024 with University Research Ethics Committee approval.

Participants categorised two papers within a 10-minute limit for each condition: conversational, structural,
and without Al summarisation (Appendix B). To ensure adequate understanding, participants received an
introduction that included procedure walkthroughs, example tasks and quizzes, and introductions to tool
features. Participants were encouraged to think aloud (Nielsen, 1994), verbalising their thought processes
during tasks. After each condition, participants completed post-task questionnaires measuring user experi-
ence through UEQ-S (Schrepp et al., 2017), cognitive load through NASA-TLX (Hart & Staveland, 1988), and
reading understanding through Modified Bloom’s Taxonomy (MBT) (Appendix C). We developed a four-item,
5-point Likert scale based on Bloom'’s Taxonomy’s “Understanding” category (Anderson & Krathwohl, 2001),
focusing on Exemplifying, Classifying, Summarising, and Comparing. As participants primarily categorised
rather than critically evaluated papers, we excluded three concepts that required deeper analytical processes
than our time-constrained categorisation task demanded. Three excluded concepts are: Interpreting

qQ») )

|n¥;/| Introduction of agenda ' Introduction of current tool \ Questionnaire of tools IE E:_al

= snd task background condition features 11 fesdback and Nkelihood

== : : " I
|_]= H ! of future use

Signed consent form Questionnaire of 30-minute Interview on
academic reading [m) E reading strategies and
preferences and Al- i 10-minute paper : Al tool suggestions
assisted tool usage Connect and control i categorisation tasks with

remote test computer ! think-aloud protocol HE
' 5-minute Break
o= :
Y—_/ = I :
o— v= : '
o & ; k . | Post-task questionnaire on |
i xample task practice | user experience, cognitive |
Questionnaire of ! load, and reading
demographic information ! understanding
0=
Quiz on task '
requirements ug
1 2-minute Break
Application Form Pre-study Main User Experiment

Questionnaire ! :
1 Introduction & preparation | 2 Paper categorisation task ; 3 Post-study questionnaire 4 Semi-structured interview

Figure 3. User study procedure in six parts and three stages, showing actions taken by participants.
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(paraphrasing across representations), Inferring (drawing logical conclusions), and Explaining (constructing
cause-and-effect models). However, our selection process should be considered an initial attempt requiring
further validation. The full question statements are available in Appendix C.3.

After completing all tasks, participants completed a post-study questionnaire (Appendix D). Participants
ranked the tool’s helpfulness for task completion, provided feedback on tool features, and indicated their
likelihood of future use. Finally, we conducted a 30-minute post-study semi-structured interview. We gath-
ered qualitative feedback regarding participants’ reactions to their task scores, reading strategies employed
across three conditions, and suggestions for future tool improvement.

3.4. Participants

The user study included 29 valid responses (Table 4). Participants were recruited through the university Slack
channel and WeChat groups. Recruitment was limited to HCI graduates and PhD students, ensuring familiarity
with HCl research papers used in the paper categorisation task and reducing domain knowledge bias. All par-
ticipants attended universities where English is the primary language and self-rated their English reading profi-
ciency above the “Beginner” level. We manually examined all responses and excluded one participant for
suspicious response patterns. Participants received a 20 GBP Amazon gift card as compensation.

3.5. Data analysis

We used a mixed-methods approach to analyse Al-assisted academic reading experiences. Quantitative data,
where applicable, were analysed with repeated measures ANOVA, with post-hoc pairwise comparisons using
Tukey's test. Post-hoc power analysis was conducted using G*Power 3.1.9.6 to assess whether near-signifi-
cant results reflected inadequate statistical power or genuine marginal effects. For qualitative data analysis,
we employed open coding (Thomas, 2003; Williams & Moser, 2019), which involved reviewing data without
predefined categories. The coding process involved four steps. Initially, the first four authors independently
coded transcripts. Secondly, authors swapped and cross-reviewed, ensuring that at least two authors
reviewed each transcript. Thirdly, we conducted multiple discussion sessions to refine the coding approach

Table 4. Demographics of the participants in the user study.

ID Age Gender Current Student Status English reading proficiency
P1 27 Female PhD student Native/Fluent
P2 27 Female PhD student Intermediate
P3 30 Female PhD student Intermediate
P4 26 Male Graduate student Native/Fluent
P5 30 Male PhD student Intermediate
P6 23 Male PhD student Native/Fluent
P7 27 Female PhD student Intermediate
P8 28 Male PhD student Advanced

P9 31 Female PhD student Advanced
P10 26 Female Graduate student Advanced
P11 26 Male Graduate student Intermediate
P12 26 Male PhD student Intermediate
P13 26 Male PhD student Advanced
P14 24 Male Graduate student Advanced
P15 25 Male PhD student Advanced
P16 28 Male PhD student Intermediate
P17 28 Female PhD student Advanced
P18 23 Female Graduate student Intermediate
P19 26 Female Graduate student Advanced
P20 26 Female PhD student Advanced
P21 27 Female PhD student Intermediate
P22 30 Female PhD student Advanced
P23 29 Female PhD student Intermediate
P24 22 Female Graduate student Advanced
P25 31 Male PhD student Advanced
P26 27 Male PhD student Advanced
P27 26 Non-binary Graduate student Native/Fluent
P28 23 Female Graduate student Advanced

P29 27 Female PhD student Intermediate
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and categorised codes into themes and patterns. Finally, the first author categorised all the codes, after
which the second author reviewed the final categorisation. Coding disagreements were discussed and
resolved through consensus. Inter-rater reliability was assessed using Krippendorff's Alpha (a =0.714), indi-
cating moderate reliability for exploratory qualitative research.

4, Results

This section presents our quantitative and qualitative results regarding Al-assisted reading tools’ benefits,
concerns, and design challenges from our user study (n = 29). We collected quantitative data on participants’
user experience, cognitive load, tool preferences, reading understanding (Table 5), comprehension, and
speed. Qualitative analysis of interviews and think-aloud protocols identified three categories (benefits, con-
cerns, and design challenges) with 11 themes and 41 sub-themes (Figure 4), derived from 1195 initial codes.

4.1. Benefits of Al-assisted reading tools

4.1.1. User experience differences

User experience was assessed using the UEQ-S scale across all three conditions (Figure 5a). Mauchly’s test
confirmed that the assumption of sphericity was satisfied (W= 0.98, x*(2) = 0.54, p = 0.76), eliminating the
need for degrees of freedom corrections. The analysis revealed differences in user experience ratings
across conditions (F(2,56) =53.78, p < 0.001, nf, =0.66, w>=0.64). According to Cohen (2013), both effect
size measures, partial eta squared (nf, =0.66) and the more conservative omega squared (w’=0.64),
exceed the 0.14 threshold for large effects. This large effect size, accounting for approximately 64-66% of
variance in user experience scores, suggests that Al-assisted conditions have a substantial impact on how
students perceive and engage with reading support tools. Descriptively, Linfo Al received the highest
mean ratings (M =1.16, SD=0.81), followed by ChatGPT (M =0.67, SD =0.80), while the No-Al baseline
scored lowest (M =-1.00, SD=0.85). Post-hoc pairwise comparisons with Holm-Bonferroni correction
revealed significant differences between the Al conditions and the baseline. Both Al conditions significantly
outperformed the No-Al baseline (ChatGPT: mean difference = —1.67, p < 0.001; Linfo Al: mean difference =
—2.15, p<0.001), representing meaningful improvements of 1.67 and 2.15 scale points, respectively. The
comparison between ChatGPT and Linfo Al did not reach statistical significance after correction (mean differ-
ence =—-0.48, p =0.086).

NASA-TLX results (Figure 5b) examined the impact of Al assistance on perceived cognitive workload.
Mauchly’s test indicated sphericity was met (W= 1.00, x2(2) =0.12, p =0.940). ANOVA results showed differ-
ences in perceived workload across conditions (F(2,56) = 11.06, p < 0.001, nf, =0.28, w* = 0.25), with a large
effect size. Post-hoc comparisons with Holm-Bonferroni correction showed that both Al conditions

Table 5. UEQ-S, NASA-TLX, and Modified Bloom’s Taxonomy (MBT) statistic results. We calculated the Mean (M) and
Standard Deviation (SD) for each scale and condition, along with the ANOVA results. The user experience measures with
UEQ-S, cognitive load measures with NASA-TLX, and the cognitive process of “understanding” measures with MBT. “LIB"
stands for “Lower Is Bette”, with best results in bold.

Metric / scales No-Al (SD) ChatGPT (SD) Linfo Al (SD) F P 77,%
UEQ-S: Pragmatic Quality -0.65 (0.98) 0.89 (1.05) 1.22 (1.12) F(2,56)=23.20 <0.001%** 0.45
UEQ-S: Hedonic Quality -1.35 (1.08) 0.46 (0.83) 1.09 (0.71) F(2,56)=63.24 <0.001*** 0.69
UEQ-S: Overall -1.00 (0.85) 0.67 (0.80) 1.16 (0.81) F(2,56)=53.78 <0.0071%** 0.66
NASA-TLX: Mental (LIB) 3.86 (0.79) 3.10 (0.86) 3.00 (1.04) F(2,56)=10.24 <0.007*** 0.27
NASA-TLX: Physical (LIB) 2.83 (1.10) 234 (0.97) 2.10 (1.01) F(2,56)=6.47 0.003** 0.19
NASA-TLX: Time (LIB) 3.55 (0.99) 3.04 (0.92) 2.86 (1.19) F(2,54)=3.10 0.053 0.10
NASA-TLX: Performance (LIB) 3.34 (0.81) 2.86 (0.83) 2.83 (0.89) F(2,56)=4.66 0.013* 0.14
NASA-TLX: Load (LIB) 3.79 (0.77) 2.90 (0.98) 2.96 (0.88) F(2,54)=11.71 <0.007*** 0.30
NASA-TLX: Frustration (LIB) 2.86 (0.99) 2.72 (1.16) 2.45 (1.06) F(2,56)=1.56 0.218 0.05
NASA-TLX: Overall (LIB) 3.37 (0.58) 2.83 (0.63) 2.70 (0.71) F(2,56)=11.06 <0.007*** 0.28
MBT: Exemplifying 3.17 (0.85) 3.72 (0. 92) 3.45 (0.95) F(2,56)=3.83 0.028* 0.12
MBT: Classifying 3.00 (1.07) 3.48 (0.83) 3.55 (0.99) F(2,56)=3.66 0.032*% 0.12
MBT: Summarising 2.52 (0.87) 3.10 (1.05) 3.52 (0.91) F(2,56)=8.66 <0.001%** 0.24
MBT: Comparing 2.72 (0.84) 3.03 (0.94) 3.34 (0.90) F(2,56)=3.58 0.035% 0.1
MBT: Overall 2.85 (0.74) 3.34 (0.69) 3.47 (0.68) F(2,56)=7.51 0.002%* 0.21
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Benefits Concerns Design Challenges
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Figure 4. Number of occurrences of each code applied to the user study transcript. Codes are organised into 11 themes
(boldface titles of groups) and 41 sub-themes, which in turn fall into three high-level categories (Benefits, Concerns, and
Design Opportunities).
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Figure 5. Box plots comparing participant-level mean scores of UEQ-S (a), NASA-TLX (b), and MBT (c) for No-Al baseline,
ChatGPT, and Linfo Al conditions. Significant differences (p < 0.050%, p < 0.01**, p < 0.001***) from Posthoc Tukey’s tests
are indicated.

significantly reduced perceived workload compared to the No-Al baseline (ChatGPT: mean difference =
0.54, p =0.004; Linfo Al: mean difference =0.67, p < 0.001). The difference between the two Al conditions
did not reach significance after correction (mean difference =0.13, p=1.000). Furthermore, post-hoc
power analysis for the temporal demand subscale showed adequate statistical power of 0.977 (1-p err
prob), indicating that the near-significant result (p =0.053) reflected a marginal effect size rather than
insufficient sample size.
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Figure 6. Perceived helpfulness for task completion (a) and likelihood of future use (b) across No-Al baseline, ChatGPT, and
Linfo Al conditions.

Participants showed distinct patterns in both perceived helpfulness and likelihood of future use across the
three tool conditions. For perceived helpfulness in task completion (Figure 6a), 15 of 29 participants ranked
Linfo Al highest. For likelihood of future use (Figure 6b), Mauchly’s test indicated borderline satisfaction of
the sphericity assumption (W =0.83, X*(2) = 4.99, p = 0.083), so Greenhouse-Geisser corrections were applied
as a conservative approach (e = 0.856). The corrected analysis showed a significant main effect of tool con-
ditions (F(1.711, 47.920) = 13.63, p < 0.001, nf, =0.33, w”=0.30). Post-hoc comparisons using Holm-Bonfer-
roni showed only the strongest effects survived correction: No-Al versus Linfo Al (mean difference =
—1.448, p < 0.001). While No-Al versus ChatGPT (p =0.041) and ChatGPT versus Linfo Al (p =0.050) did not
reach significance after correction, post-hoc power analyses confirmed adequate statistical power of 0.72
and 0.69 (1-B err prob), respectively, indicating these reflect moderate effects rather than insufficient
sample size.

4.1.2. Reading understanding

We applied Modified Bloom'’s Taxonomy (MBT) to measure participants’ understanding processes across con-
ditions. Mauchly’s test confirmed sphericity (W =0.98, x2(2) =0.52, p=0.772), requiring no corrections. The
ANOVA analysis showed significant differences in perceived understanding processes across conditions
(F(2,56)=7.51, p<0.001, nf,=0.21, w?=0.18), indicating a large effect size. Internal consistency analysis
showed condition-dependent reliability: No-Al baseline demonstrated good reliability (Cronbach’s a=
0.82, McDonald’s w =0.83), while both Al conditions showed acceptable reliability (ChatGPT: a=0.72, w =
0.71; Linfo Al: a=0.71, w=0.72). Post-hoc pairwise comparisons with Holm-Bonferroni correction showed
that only the comparison between No-Al and Linfo Al survived the stringent correction (mean difference
=-0.61, p=0.002). The comparison between ChatGPT and No-Al baseline did not reach statistical signifi-
cance after correction (mean difference = 0.49, p = 0.016). Results further showed ChatGPT excelled in Exem-
plifying (M=3.72, SD=0.16), while Linfo Al performed best in Summarising (M=3.52, SD=0.17) and
Comparing (M =3.34, SD=0.17).

All conditions achieved similar paper categorisation scores and reading speed. Paper categorisation
scores (Figure 7a) showed minimal differences across conditions. Linfo Al achieved the highest mean
score (M=19.66, SD=11.17), followed by No-Al baseline (M =17.93, SD =12.07) and ChatGPT (M =17.59,
SD =9.12). Task completion times (Figure 7b) averaged 9.71 minutes (SD = 1.55) for all conditions with no
significant differences.

4.1.3. Structural summarisation in Linfo Al

The benefits were twofold. Firstly, 17/29 participants reported that structural Al summarisation facilitates
their understanding of text structures and relationships. P4 mentioned that Linfo Al clarifies “the logical
relationship within the paper,” while P15 noted it helps “extract relationships between concepts”. Secondly,
structural summarisation helped nine participants locate information efficiently, enabled step-by-step com-
prehension (P9, 11, 16), and accelerated thinking for two others (P13, 24). As P24 explained: “Linfo Al lists the
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Figure 7. Scores (a) and completion times (b) of the paper categorisation task, comparing across three conditions.

structure of the paper [...] lets me know where to look for things. Otherwise, [...] would be time-consuming.”
Eight participants reported that reading with Linfo Al was similar to the No-Al baseline, relying on text struc-
ture (P11, 17, 19) and keywords (P26). However, P16 expressed a preference for manually developing mind
maps for comprehension, stating, “If mind maps are generated all at once, | don't think it would be beneficial.”

4.1.4. Click-to-source verification in Linfo Al

Nine participants expressed concerns about errors, distortion, and oversimplification in Al outputs. Thirteen
participants found Linfo Al's click-to-source feature helpful for locating and verifying key information by
navigating directly to the source text. As P15 noted: “It gives me instant access to the corresponding text,
which is very helpful [...] | can understand it in context.” However, four participants (P17, 18, 21, 22) reported
that Linfo Al sometimes failed to highlight the correct relevant text, limiting the feature’s reliability.

4.1.5. Flexibility of ChatGPT

While three participants (P5, 10, 21) found Linfo Al less adaptable, six participants preferred ChatGPT's flexi-
bility (P5, 6, 11, 16, 25, 17). Eight participants valued ChatGPT’s ability to provide direct answers, customise
responses (P5, 17, 25), ask follow-up questions (P5), and constrain summaries (P17). As P5 noted, “ChatGPT is
responsive [...] | can ask more in-depth questions and explain it.” Screen recordings showed participants used
ChatGPT for summaries (18/29), explanations (14/29), paper categorisation (12/29), and role-playing as a
researcher (3/29). However, participants encountered challenges with prompt writing (P13, 19, 25, 27),
found it time-consuming (P1, 12, 19, 28), and required repeated clarifications (P14).

4.2. Concerns about Al-assisted reading tools

4.2.1. Time required to verify Al responses
We observed varied attitudes towards verifying Al responses, ranging from reliance to scepticism. Notably,
12 of 29 participants copied task questions directly into ChatGPT for immediate answers. Screen recordings
revealed that nine participants skipped verifying ChatGPT responses entirely. P14 described using ChatGPT
as “an easy way of reading”, while P1 and P9 reported reduced motivation to engage with the source text
after receiving ChatGPT’s answers. Meanwhile, ChatGPT condition showed the lowest average categorisation
scores (Figure 7a). Nine participants expressed concerns about errors, distortion, and oversimplification in Al
outputs. P12 stressed that even minor Al errors could undermine trust and invalidate prior results.

In contrast, P15 achieved fully correct categorisation scores by treating ChatGPT interactions as “peer
review,” actively challenging the Al for robust evidence and clearer claims. However, four participants (P8,
12, 25, 28) reported verifying Al responses as more time-consuming than reading independently.

4.2.2. Information overload
While seventeen participants found Linfo Al’s structural summarisation helpful, six others (P3, 16, 17, 21, 22,
29) reported information overload. P16 stated: “The mind map [...] has too much information [...] defeats the
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purpose of the mind map.” In response to information overload, participants requested adjustable summar-
isation detail levels (P6, 17, 26) and expandable mind maps that “grow” as users read further in-depth (P15).

4.3. Design challenges of Al-assisted reading tools

4.3.1. Summarisation that aligns with reading objectives

Four participants found Linfo Al's predetermined summaries too general (P5, 7, 10, 21), with P10 suggesting
Al should “capture information based on provided research context” for more relevant outputs. Twelve partici-
pants expressed needs for Al summaries to align with reading objectives, including identifying research gaps
(P10, 25, 26), sourcing references for literature reviews (P9, 15, 16, 25, 28) and experiment design (P24, 25). As
P25 stated, “different (reading) objectives change how | use this tool”. Additionally, eight participants
requested features for efficient information recall during writing tasks, including paper relevance indicators
(P8, 10, 24) and quote location functionality (P21) based on their writing content. However, participants
raised concerns about losing valuable information during the relevancy assessment (P20, 28) and privacy
risks in understanding user intentions (P27).

4.3.2. Guidance during the reading process

Six participants (P5, 9, 10, 15, 20, 29) expressed interest in Al tools that guide them throughout reading, while
five (P10, 13, 26, 28, 29) reported challenges in formulating questions for Al. P15 emphasised the need for
reflective questioning to rationalise the reading process, explaining: “/ would like a supportive and constant
questioning experience that keeps asking me why | am doing certain things.” Participants suggested follow-up
question features that provide “useful reflections” (P9) and support detailed reading (P10). P22 suggested
reading assistance tailored to different reader roles, from helping new PhD students understand topics to
guiding PhD candidates in literature searches.

5. Discussion

Our mixed-method user study on Al-assisted academic reading for students revealed benefits, concerns, and
design opportunities. Our results indicated that structural summarisation facilitated navigating text struc-
ture, locating information, and lowering cognitive load. Conversational Al offers flexible support through
direct answers and follow-up questions. We based our findings on suggesting design opportunities for
Al-assisted academic reading tools.

5.1. Improved experience with maintained performance

Our study suggested that positive user experience may not translate to better performance in time-con-
strained paper categorisation tasks. Participants in Al-assisted conditions reported higher user experience
scores and lower cognitive load compared to No-Al baselines. However, no significant differences were
observed in reading speed or comprehension scores compared to No-Al baselines. This maintained perform-
ance aligns with prior cognitive studies showing that reduced cognitive load does not universally enhance
learning (Kosmyna et al., 2025), as students shift from active critical reasoning to passive oversight, compro-
mising deep understanding and schema development (Stadler et al., 2024). Meanwhile, known LLM limit-
ations in hallucination (Farquhar et al., 2024; Huang et al., 2025; Ji et al., 2023) and information omission
(Gu et al.,, 2024; Salleh, 2023) may affect comprehension despite positive user perceptions. Therefore,
future research should balance user satisfaction with learning effectiveness, designing reading support
that increases educational gains without degrading the positive user experience observed in this study.

5.2. Combining structural and conversational summarisation

Our results suggest distinct benefits and trade-offs between structural and conversational Al summarisation
approaches. Structural summarisation was found helpful by 17 of 29 participants for understanding text
structure and relationships, and quantitative data showed reduced cognitive load with a more positive
user experience. However, six participants reported information overload from dense detail, and three
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found predetermined summaries were too general. Meanwhile, conversational summarisation provided
flexibility valued by eight participants, but four struggled with prompt engineering, a skill that demands
training and experience (Liu et al., 2023; Zamfirescu-Pereira et al., 2023). Recent research on LLMs implemen-
tation in higher education (Park & Ahn, 2024; Wang et al., 2024) further identifies multiple risks, including
difficult prompt engineering and user expertise gaps, insufficient limitation-focused training, and trade-
offs between response speed and accuracy, that can negatively impact student learning experiences.

Our analysis indicates that both approaches rely on LLMs but vary in user controls. Structural summarisa-
tion provided cognitive scaffolding (Dhillon et al., 2024; Wood et al., 1976) through expert-defined templates,
reducing prompt engineering demands but producing predetermined outputs. Conversational Al enabled
personalised interactions through user-constructed prompts, but demanded greater prompt engineering
expertise (Liu et al., 2023; Zamfirescu-Pereira et al., 2023). This distinction aligns with scaffolding theory’s
emphasis on appropriate support within learners’ Zone of Proximal Development (Cole et al., 1978): struc-
tural summarisation may provide less flexible support, while conversational approaches may provide insuffi-
cient guidance. Recent research on context-based interaction modes (Gao et al., 2024b) suggests providing
predefined rules for specific tasks while adapting to user intent through inferring implicit queries. Therefore,
the observed complementary patterns suggest potential value for future research investigating hybrid
systems, balancing pre-defined templates consistency with conversational flexibility. For example, provide
structural overviews through mind maps while enabling conversational interactions for specific sections.
However, these design recommendations remain speculative, as our study examined these approaches sep-
arately. Future research should address managing multiple interaction modes while accommodating varying
prompt engineering abilities among users.

5.3. Intent clarification for academic reading objectives

Our results suggest a mismatch between diverse user reading objectives and current Al tool capabilities for
supporting intent clarification. 12 of 29 participants explicitly requested Al summaries aligned with specific
reading objectives, including research gap identification, literature reviews, and experiment design.
However, three participants found Linfo Al's summaries too generic for their specific needs, suggesting
expert-designed templates may fail without understanding user intent. Additionally, four participants
struggled with formulating prompts for ChatGPT, requiring repeated clarifications. These findings exemplify
the “capability gap” within Subramonyam et al.’s “gulf of envisioning” framework (Subramonyam et al.,
2024): users lack mental models of what tasks LLMs can perform and how to specify procedural intentions
for varied reading objectives.

These intent clarification challenges suggest opportunities for domain-specific prompting strategies in
academic reading tools. Domain-specific prompting strategies (Subramonyam et al., 2024) involve custom
approaches that steer LLM outputs towards usable end goals while minimising ambiguity, allowing users
to build task-specific mental models. Future research could implement semi-structured templates that
guide users through intent clarification via open-ended questions before generating summaries, similar
to conversational search systems that use clarifying questions to resolve query ambiguity (Wang et al.,
2023). Additionally, proactive prompt suggestions (Park & Ahn, 2024; Subramonyam et al., 2024) could
help users clarify reading objectives more precisely, enabling task-specific outputs. For example, prompts
for objective summaries focused on evidence for literature review tasks or towards creative analysis explor-
ing multiple perspectives for research ideation (Yun et al., 2025). However, future research should address
challenges in accurately capturing readers’ interests, context, and tasks (Gu et al., 2024; Zhang et al., 2025).

5.4. Embedded verification for Al content reliability

Our results suggest both the necessity and challenges of supporting the verification process in Al-assisted
reading tools. Nine participants expressed concerns about errors and oversimplification in Al outputs,
with P12 emphasising that even minor errors could undermine trust and invalidate prior results. These con-
cerns align with known LLM limitations, including hallucinated references, where Al-generated citations may
not align with actual source content (Shen et al., 2023). While thirteen participants found Linfo Al’s click-to-
source feature helpful for verifying information with source text, four participants reported that verifying Al



INTERACTIVE LEARNING ENVIRONMENTS . 15

responses was more time-consuming than reading independently. Critically, participants who actively
verified Al outputs, such as P15, achieved fully correct categorisation scores, suggesting that verification pro-
cesses could increase the performance. These findings suggest the challenge of designing verification mech-
anisms that maintain accuracy without disrupting reading workflows.

Based on our findings, we suggest embedded verification design recommendations. Prior research
demonstrated that the values of system transparency (Kizilcec, 2016; Wu et al, 2022) and confidence
scores (Xiong et al., 2024; Xu et al., 2024) could help users assess Al reliability. A recent study (Yun et al.,
2025) observed participants build confidence by cross-checking outputs against multiple sources,
suggesting the need for tracing Al-generated text back to its source evidence (Huang & Chang, 2024). We
propose that future Al-assisted reading tools could explore designs that support reliability assessment
without disrupting users’ natural reading flow (Zavolokina et al.,, 2024). One possible approach might
involve colour-coded click-to-source verification (Figure 8), where coloured underlines could indicate the
reliability of Al-generated content relative to the source text. Then, users could click on the underlined
text to instantly scroll to the source text for immediate verification. Such features would need to balance
informativeness with cognitive load, as overly complex visual systems could potentially be too intrusive
to be ignored or disabled by users (Zavolokina et al., 2024). Future research should empirically test
whether embedded verification could improve performance without degrading user experience, including
controlled studies comparing verification-support systems that could examine both comprehension scores
and user satisfaction across different interface designs. Specific research directions include comparing ver-
ification visual cues, investigating optimal reliability thresholds for colour-coding, and examining how ver-
ification workflow integration affects user behaviours and comprehension performance in academic
reading contexts.

5.5. From direct answers to guided questions

Participants showed concerning over-reliance patterns in Al verification. Twelve participants copied task
questions directly into ChatGPT for immediate answers, while nine skipped verifications entirely. This
pattern persisted despite pilot study modifications, where participants initially achieved fully correct
scores (10/10) by copying questions into ChatGPT without adequate reading. In contrast, P15 achieved
fully correct categorisation scores by actively challenging Al outputs for more robust evidence, rather
than passively accepting them. This successful critical engagement strategy aligned with the interests of
six participants in Al tools that guide them throughout reading, although five struggled with question for-
mulation. Malik et al. (Malik et al., 2025) revealed educator concerns that students increasingly seek quick
solutions over deep thinking, with Al tools potentially amplifying superficial learning. These concerns

3. Methodology

© citation Check 5 Confirmed, 1 Likely, 1 Uncertain

This is a fully accurate citation in the Al response. \
This is a partially accurate citation in the Al response.

This is a completely inaccurate citation in the AI response.

Figure 8. Mock-up interface for colour-coded click-to-source verification. Al-generated text is colour-underlined by confi-
dence scores, while clicking any underline instantly scrolls to the source text, supporting quick and non-intrusive
verification.
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reflect rich research in developing “Al literacy” to encourage critical Al use (Long et al, 2023; Long &
Magerko, 2020; Walter, 2024; Wen et al., 2025).

Question-guided interfaces emerge as a potential solution to address the over-reliance patterns and
maintained performance observed in our study. Prior research (August et al., 2023; Chaudhri et al., 2013)
demonstrated that Al-generated questions can support reading comprehension and information retention,
with “intended inconveniences” (Park & Ahn, 2024) cultivating critical thinking through iterative trial-and-
error processes. Meta-analysis evidence (Wang & Fan, 2025) shows ChatGPT functions effectively as an intel-
ligent tutor for enhancing higher-order thinking skills. Research on integrating Al tools with inquiry-based
learning shows potential for more interactive, student-centred learning environments that align Al capabili-
ties with pedagogical demands (Yeh, 2025). Building on this evidence, we propose a question-guided inter-
face (Figure 9) where users click highlighted text to receive Al-generated questions in margins, supported by
optional explanations. However, empirical validation remains necessary to evaluate whether such interfaces
could reduce over-reliance behaviours, foster critical reading, and ultimately improve comprehension scores
compared to direct answer provision. Future research could further compare different questioning strat-
egies, investigate optimal timing for question presentation, and examine how question complexity affects
both engagement and comprehension in academic reading tasks.

5.6. Limitations

Five limitations should be noted. First, this study examined categorisation tasks within a 10-minute time-
frame to control methodological variables and reduce participant fatigue in the within-subjects design. Aca-
demic reading typically takes longer than our 10-minute constraint, involving synthesis, evaluation, and
integration processes not captured in category-selection tasks. The time constraint may have limited oppor-
tunities for iterative dialogue in the conversational Al condition. This research boundary indicates that the
findings characterise gist extraction and quick assessment rather than comprehensive academic reading pro-
cesses. Future work should extend experimental timeframes to investigate deeper reading processes such as
inference-making, explanation, and evaluation.

Second, while semantic similarity testing (see Section 1) suggested comparable content extraction across
two LLMs, our study compared two Al conditions using developers’ default model choices. Future work
should isolate interface effects by testing identical models across different systems. Third, remote testing
lacked temporal controls for circadian rhythm effects on cognitive performance. Future work should standar-
dise testing times.

Fourth, our study examined participants’ self-reported reading understanding processes through a
Modified Bloom’s Taxonomy (MBT). As an initial measurement approach, MBT's psychometric properties
require further validation. While MBT results showed a main effect across conditions, the self-reported
nature of MBT captures perceived understanding processes rather than objective comprehension

3. Methodology

(@ Guiding Question

The paper discusses both benefits and concerns of e
@ Al-assisted reading tools. What perspectives or

stakeholders might be missing from this discussion?

How might including these change our

understanding of the implications?

Q1 v 4 View Al Responses e

Figure 9. Mock-up interface for Al-guided reading questions. Clicking a highlighted sentence (1) reveals guided questions
(2) for critical evaluation of the paper’s claims and view Al response (3) for additional support.
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performance. Future research should incorporate transfer tasks to assess whether perceived understanding
reflects objective learning outcomes. Finally, our recruitment targeted HCI graduate students from English-
medium universities (UK: n = 21, US: n = 6, Netherlands: n = 1, China: n = 1) through university channels, con-
trolled for domain knowledge and technology familiarity. This targeted sampling defines a boundary for the
findings, as this research does not address how tool effectiveness varies by Al literacy, language proficiency,
disciplinary background, or academic experience level. Future research should recruit broader participant
samples and include moderator analyses to improve generalisability and validity.

6. Conclusion

Al-assisted academic reading tools present both benefits and challenges for students. Our study suggests
that structural summarisation improves text structure navigation, facilitates information location, and
improves user experience while reducing cognitive load. Conversational Al provides flexible support
through direct answers and follow-up questions. However, participants’ varied attitudes towards verifying
Al responses ranged from over-reliance to time-consuming verification. Notably, improved user experience
with Al tools did not improve categorisation accuracy, suggesting positive experiences may not translate to
educational gains in time-constrained academic tasks. These findings should be interpreted within the
boundaries of 10-minute gist categorisation tasks, the use of different LLMs across conditions, and our
HCI graduate student sample.

Based on our findings, we suggest four design opportunities for future Al-assisted reading tools. First, we
propose hybrid approaches that combine structural overviews with conversational flexibility. Second, we
propose bridging the intent clarification gap through guided user interaction for diverse reading objectives.
Third, we recommend embedded verification features to resolve the tension between reliability assessment
and reading flow disruption. Fourth, we suggest shifting from direct answer provision to guided questioning
for addressing over-reliance concerns while fostering critical engagement. We hope our work inspires future
designs of new interactions and promotes the cautious use of Al-assisted reading tools.
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Appendices

A. Configuration details for Linfo Al

Prompt for Linfo Al structural summarisation was: “Your task is to transform the content into a complete comprehensive
structured mind map. This mind map should offer a thorough understanding of the essay’s core ideas. Please follow this
formatting structure of Markdown: Use # (h1) for the title of the content. Use ## (h2) for sub-categories. Ensure there are
ample sub-categories for clarity. Use ### (h3) for detailed statements summarised from the essay. Please use legit Mark-
down format. Please make the outcome coherent, and insightful. Strictly follow the original language of the article
above. Use the language of the majority of the article.” Linfo Al used Claude 3.5 Haiku through an API call with the temp-
erature set to 0.
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B. Paper categorisation task question

Writing Assistant Paper: Design and Evaluation of a Social Media Writing Support Tool for People with Dyslexia Cat-
egorise the writing assistant systems mentioned in the paper into the following writing stage(s). (Select one or two)

oOnNnw>»

w

. ldea generation: Brainstorming and developing concepts or content themes

. Planning: Organising the structure and content outline
. Drafting: Composing the written content

. Revision: Reviewing and refining the written material

Post task questionnaire

. Please choose the term that best describes your reading experience with Mind-map-based Al support. There are no

right or wrong answers, only your personal opinion counts. (7-point Likert Scale).

Obstructive (1) - Supportive (7)

Complicated (1) - Easy (7)

Inefficient (1) - Efficient (7)

Confusing (1) — Clear (7)

Boring (1) - Exciting (7)

Not interesting (1) - Interesting (7)

Conventional (1) - Inventive (7)

Usual (1) - Leading edge (7)
Considering your recent academic reading experience, please answer the following questions (5-point Likert scale: 1
= very low, 5 = very high).

How mentally demanding was the task?

How physically demanding was the task?

How hurried or rushed was the pace of the task?

How successful do you think you were in accomplishing the task?

How hard did you have to work to accomplish your level of performance?

How insecure, discouraged, irritated, stressed, and annoyed were you during the task?
Please indicate your level of agreement with the following statements (5-point Likert scale: 1 = strongly disagree, 5 =
strongly agree).

| can effectively find specific examples in the reading material to support my chosen writing stage(s).

| can effectively identify the writing stage(s) that the reading material belongs to.

| can effectively summarise a single statement that represents the reading material.

| can effectively detect similarities and differences between the reading material and different writing stage(s).

Post study questionnaire

. Please rank the three conditions from most to least helpful for answering the reading questions:

A. Non-Al Support

B. Conversational Al Support (ChatGPT)

C. Structural Al Support (Linfo Al)
What did you like the most about the condition you found the most helpful?
Are there any features missing that you would like to see in the condition you found the most helpful?
Considering your recent experience completing the reading task, please indicate the extent to which you agree with
the following statements (5-point Likert Scale).

1. 1 would like to use Non-Al support for academic reading in the future.

2. | would like to use conversational Al support for academic reading in the future.

3. ' would like to use structural Al support for academic reading in the future.
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