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Abstract
Electronic Theses and Dissertations (ETDs) provide broad access
to student scholarship and support the long-term preservation and
dissemination of academic research. Despite their central role in
digital libraries, little is known about their usability for people with
blindness or visual impairments (BVIs) who access scholarly docu-
ments using screen readers. We address this gap through a mixed-
methods study in which BVI participants completed representative
ETD interaction tasks followed by semi-structured interviews. Our
findings reveal a substantial gap between accessibility and usability.
Although the evaluated ETDs were technically accessible, partici-
pants struggled with information-seeking and navigation tasks and
experienced considerable cognitive load, even with AI assistance.
These challenges reflected limited screen reader AI capabilities, frag-
mented workflows, and poor integration between screen readers
and more capable third-party AI systems. Based on these findings,
we derive design considerations for assistive technologies that bet-
ter support usable interaction with long-form scholarly documents.
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• Human-centered computing→ Accessibility technologies;
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1 Introduction
Electronic Theses and Dissertations (ETDs)1 are a cornerstone
of modern digital libraries, providing long-term preservation and
broad access to graduate research [11, 54]. ETDs support the dis-
coverability, dissemination, and impact of scholarly work while
enabling interdisciplinary knowledge discovery and large-scale
analyses such as text mining and scientometrics [6, 14, 21, 42]. Con-
sequently, institutional ETD repositories have become a standard
component of digital library infrastructures worldwide [41, 47].
Ensuring that ETDs are not only technically accessible but also
practically usable in scholarly tasks is therefore important for eq-
uitable participation in research. This is particularly relevant for
people with blindness or visual impairments (BVIs), who primarily
access scholarly documents through screen readers [25, 30, 48].

Although digital accessibility has been extensively studied, exist-
ing research has focused primarily on ensuring that digital content
meets accessibility requirements such as semantic markup, alter-
native text, and screen reader compatibility [12, 27, 35]. Less work
has examined the usability of accessible content, including how
efficiently, and with what cognitive effort BVI users complete re-
alistic tasks within ETDs [1, 24, 34, 46]. Existing usability studies
have largely examined web browsing, desktop and mobile appli-
cations, and general PDF interaction [36, 40, 44]. However, these
findings do not directly generalize to ETDs, which are substantially
longer than web pages and shorter scholarly documents, exhibit
deeper hierarchical structures, and contain chapters, figures, tables,
mathematical expressions, citations, cross-references, and indexes
that make non-visual navigation and information retrieval more
demanding [4, 5, 51]. To the best of our knowledge, no prior work
has systematically investigated ETD usability through task-based
evaluation coupled with qualitative inquiry.

To address this gap, we conducted a mixed-methods study with
15 BVI participants with prior ETD experience. Participants com-
pleted representative tasks involving document navigation and
information seeking. The study employed two within-subject con-
ditions: (i) using only a screen reader, and (ii) using a screen reader
together with an AI assistant of the participant’s choosing. Across

1In this paper, we use ETD to refer specifically to the thesis or dissertation document
deposited in an institutional repository, rather than the repository interface, discovery
system, or submission workflow through which it is accessed.
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both conditions, we measured task time, task success, screen reader
navigation effort, and perceived workload using NASA-TLX. Semi-
structured interviews further explored participants’ experiences,
interaction needs, and design preferences.

Our findings triangulate task performance, interaction logs, work-
load measures, and participant accounts that highlight how tech-
nically accessible ETDs can remain difficult to navigate and inter-
pret non-visually. We highlight how limited page-level orientation,
application-specific commands, and cognitively demanding repre-
sentations of tables and figures contribute to these difficulties, while
contemporary AI better supports interpretation than navigation
because capable external tools remain disconnected from screen
reader and document state. We lastly discuss this gap between ac-
cessibility, usability, navigation, and interpretive assistance, and
derive design considerations for integrated AI support, document
navigation, semantic overviews, and task-oriented interpretation.

2 Related Work
Our work builds on two complementary bodies of literature: (i)
accessibility and usability of digital scholarly content for BVI users,
and (ii) assistive technologies and AI for non-visual scholarly docu-
ment interaction.

2.1 Accessibility and Usability of Digital
Libraries and Scholarly Content

Digital accessibility research has traditionally focused on mak-
ing scholarly documents compatible with assistive technologies
through semantic markup, alternative text, keyboard operability,
andmeaningful reading order. TheWebContent Accessibility Guide-
lines (WCAG) providewidely adopted recommendations formaking
digital content perceivable, understandable, and robust [49]. Re-
lated work on PDF accessibility has examined automated tagging,
remediation, structural validation, and accessible representations
of tables and figures [30, 40]. Universities, publishers, and digital
libraries have consequently adopted accessibility requirements and
guidance for scholarly PDF submissions, including ETDs [28, 38].

Recent HCI research has increasingly distinguished technical
accessibility from practical usability, arguing that content satisfying
accessibility guidelines may still require substantial effort for BVI
users to navigate, interpret, and retrieve information [1, 16]. Prior
usability studies have shown that screen reader users often perform
numerous navigation commands before locating desired informa-
tion, resulting in increased task completion time, cognitive load, and
user frustration [36, 37]. To reduce this burden, researchers have
proposed conversational interfaces and LLM-supported information
retrieval systems that minimize navigation effort across domains
such as web browsing, data visualization, documents, videos, and
digital libraries [13, 36, 45, 50].

Accessibility literature in Library and Information Science (LIS)
has further shown that BVI users encounter barriers throughout
digital-library information seeking, including search formulation,
result exploration, resource evaluation, and navigation [39]. Prior
work further documents difficulties maintaining awareness of one’s
location and navigation path, understanding digital-library struc-
tures, and determining the format or accessibility of retrieved re-
sources from available metadata [52, 53]. However, this literature

has focused largely on resource discovery and access, leaving less
known about usability after a blind reader opens a technically ac-
cessible scholarly document.

ETDs provide a particularly useful setting for examining this
gap. Their length and hierarchical structure require readers to move
across chapters and nested sections and selectively access tables,
figures, appendices, and references. These characteristics can am-
plify screen-reader navigation costs, working-memory demands,
and the consequences of losing one’s position. Thus, rather than ex-
amining barriers at the digital-library search or discovery interface,
our study focuses on interaction challenges that persist within a
technically accessible scholarly document after retrieval.

2.2 Assistive Technologies and AI for
Non-Visual Scholarly Document Interaction

Screen readers remain the primary means by which blind users
interact with digital documents and graphical user interfaces [2, 15,
31]. Because they ‘read aloud’ visually structured content sequen-
tially, users must maintain mental models of document structure
and navigate headings, tables, figures, and other elements using
application-specific commands [8, 22, 25, 26]. To reduce these inter-
action demands, recent LLM- and MLLM-based systems have been
used to generate image descriptions and alternative text [20, 43],
answer questions over documents and charts [36, 48], summarize
lengthy content [45], and support natural-language interactionwith
graphical interfaces [22, 33]. Similar capabilities have also appeared
in consumer assistive tools such as Be My AI [7] and Seeing AI [29],
enabling users to query visual and document content.

However, prior work largely evaluates isolated AI capabilities
or purpose-built interfaces rather than general-purpose AI assis-
tants used alongside screen readers during sustained document
interaction. Existing studies also report factual and navigational
inaccuracies, reduced performance on long documents, and inter-
action overhead when AI remains disconnected from screen reader
and document state [36, 45, 48]. It therefore remains unclear how
such assistants affect navigation and information seeking in long-
form scholarly documents such as ETDs. We address this gap in
research by examining ETD interaction under screen-reader-only
and screen-reader-plus-AI conditions.

3 Participants and Methods
We conducted a mixed-methods, within-subjects study to inves-
tigate the usability of technically accessible ETDs for BVI screen
reader users and to examine whether contemporary AI assistants
improve ETD interaction. The study combined task-based evalua-
tion, interaction logging, workload assessment, and semi-structured
interviews. It addressed the following research questions:

• RQ1: What usability barriers do BVI screen reader users
encounter when performing routine scholarly tasks in ETDs?

• RQ2: To what extent do contemporary AI assistants improve
the effectiveness, efficiency, and perceived workload of ETD
interaction for BVI users?

• RQ3: What needs and design preferences do BVI screen
reader users have for future assistive technologies support-
ing interaction with ETDs?
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ID
Age/

Gender
Age of

Vision Loss Occupation
Computer
Exp. (Years)

Screen
Reader(s) AI Tools

P1 26/F Since birth Student 4 NVDA ChatGPT, Gemini
P2 31/M Age 9 Accessibility Trainer 8–10 JAWS, NVDA, VoiceOver ChatGPT, Gemini, Claude
P3 24/M Don’t know Student 3 JAWS ChatGPT
P4 21/F Age 12 Student 5 JAWS, NVDA ChatGPT
P5 33/M Since birth Accessibility Trainer 11 JAWS, NVDA Claude, ChatGPT
P6 29/F Age 7 Accessibility Trainer 5 JAWS, NVDA ChatGPT, Gemini
P7 34/M Age 20 Self-employed 5–6 JAWS ChatGPT, Grok
P8 27/F Age 17 Student 11 JAWS, VoiceOver Gemini, ChatGPT
P9 30/F Don’t know Accessibility Trainer 10–11 JAWS, NVDA, VoiceOver ChatGPT
P10 23/M Since birth Student 2–3 NVDA ChatGPT
P11 32/M Age 11 Self-employed 7 JAWS, NVDA ChatGPT, Gemini
P12 22/M Don’t know Student 5 NVDA ChatGPT
P13 21/F Since birth Student 6 JAWS ChatGPT
P14 25/F Age 15 Student 3–4 NVDA ChatGPT
P15 28/F Age 22 Self-employed 11 JAWS, NVDA ChatGPT, Gemini

Table 1: Participant demographics. Participants self-reported all information. All participants were either college students or
graduates with prior experience with ETDs.

3.1 Participants
We recruited 15 BVI screen reader users through accessibility-
related mailing lists and word-of-mouth referrals. This sample size
is comparable to prior in-depth accessibility studies with BVI partic-
ipants [19, 23] and was intended to support both within-participant
comparisons and qualitative investigation of interaction experi-
ences. Participants were eligible if they: (i) were currently enrolled
in college or had completed a college degree; (ii) regularly used
a desktop screen reader; (iii) had prior experience with scholarly
documents including ETDs; (iv) had prior experience using at least
one general-purpose AI assistant; and (v) were fluent in English. We
excluded individuals whose hearing or motor impairments would
prevent them from completing the audio-based computer interac-
tion tasks used in the study.

The sample included 8 women and 7 men between 21 and 34
years of age. Eight participants were university students, four were
accessibility trainers, and three were self-employed college grad-
uates. Participants reported between 2 and 11 years of computer
experience and used JAWS, NVDA, VoiceOver, or combinations
of these screen readers. All participants also reported prior use
of AI assistants, most commonly ChatGPT and Gemini. Table 1
summarizes their characteristics.

3.2 ETD Materials and Study Tasks
We selected two ETDs from the same institutional repository.2 The
documents represented different disciplinary contexts but were
selected to be broadly comparable in length and structural com-
plexity and contained common ETD elements, including a table of
contents, chapters and subsections, figures, tables, references, and

2https://deepblue.lib.umich.edu/items/1d98b5c2-a3c8-4921-8d76-a76e7b4da671 and
https://deepblue.lib.umich.edu/items/fb228b59-698a-4056-a922-ecfcc537364e.

other navigational structures. Our selection therefore prioritized
comparable document structure rather than disciplinary similarity.
To prevent technical accessibility violations from dominating the
observed interaction difficulties, we remediated both PDFs using
Adobe Acrobat Pro. This allowed us to examine whether struc-
turally accessible ETDs remained practically usable during realistic
interaction tasks.

Participants completed four representative ETD tasks:
• T1—Document overview: Locate the table of contents to
understand how the thesis is organized.

• T2—Hierarchical navigation: Reach a named subsection
within a specified chapter to access a known part of the
thesis.

• T3—Table-based information seeking: Starting from the
page containing the target table, answer a question requir-
ing information to be identified and compared across table
entries.

• T4—Figure-based information seeking: Starting from the
page containing the target figure, answer a question requir-
ing interpretation of information presented in the figure.

We selected four representative tasks spanning two interaction
goals relevant to ETD use: document navigation (T1–T2) and local
information seeking and interpretation (T3–T4). These tasks were
intended to capture specific usability challenges rather than ex-
haustively represent all ETD activities. Parallel task variants were
constructed for the two ETDs so that participants performed the
same types of activities without repeating an identical task on the
same document.

3.3 Study Conditions
Each participant completed the tasks under two conditions:

https://deepblue.lib.umich.edu/items/1d98b5c2-a3c8-4921-8d76-a76e7b4da671
https://deepblue.lib.umich.edu/items/fb228b59-698a-4056-a922-ecfcc537364e
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• Screen Reader Only (SRO): Participants completed the
tasks using their preferred screen reader without assistance
from external AI tools.

• Screen Reader + AI (SAI): Participants could use their pre-
ferred general-purpose AI assistant in conjunction with their
screen reader. Participants determined when and how to
consult the AI assistant, thereby reflecting their established
interaction practices.

We used a within-subjects design because screen reader pro-
ficiency and navigation strategies vary substantially across indi-
viduals. Having each participant complete both conditions, there-
fore, enabled direct comparison while controlling for individual
differences. To mitigate learning, document, and order effects, we
counterbalanced both condition order and ETD assignment using
a Latin-square design [9], such that both ETDs appeared across
the SRO and SAI conditions and neither condition systematically
occurred first. Participants were distributed as evenly as possible
across the resulting sequences. At the beginning of every condi-
tion, the screen reader focus was placed at the top of the ETD’s
first page for navigational tasks (T1 and T2) and the top of the
page containing the table or figure for the information-seeking
tasks (T3 and T4). This starting-point design ensured separation
of document-level navigation demands in T1 and T2 from local
content interpretation demands in T3 and T4. Participants used
the same computer configuration and screen reader settings across
their two conditions.

3.4 Measures
We collected complementary measures of effectiveness, efficiency,
interaction effort, and perceived workload. For every task in both
conditions, we recorded:

• Task success, coded according to whether the participant
reached the requested location or provided the correct re-
quested information;

• Task time, measured from presentation of the task prompt
until completion or expiration of the time limit; and

• Screen reader navigation effort, operationalized as the
number of screen reader shortcut presses used during the
assigned task.

We also assessed perceived workload under each condition, us-
ing the NASA-TLX questionnaire [17]. Each task had a maximum
duration of 10 minutes. Tasks not completed correctly within this
period were coded as unsuccessful. The experimenter also doc-
umented notable navigation strategies, breakdowns, errors, and
recovery behaviors to contextualize the quantitative measures.

3.5 Interview Design
Following the task-based portion of the study, participants com-
pleted a semi-structured interview examining their experiences
with ETDs and AI-assisted scholarly document interaction. We de-
veloped the protocol using established interviewing guidelines [32]
and prior studies involving BVI participants [3, 24]. The interview
addressed participants’ prior ETD practices, challenges experienced
during the study, perceptions of the two conditions, unmet interac-
tion needs, and preferences for future assistive technologies. Exam-
ple seed questions included:

• “What challenges do you typically encounter when interacting
with ETDs, and which of these challenges did you experience
during today’s tasks?”

• “How did the availability of an AI assistant affect the way you
approached the tasks?”

• “In which situations did the AI assistant help, and in which
situations was it inaccurate, inefficient, or difficult to use?”

• “What forms of coordination between a screen reader and an
AI assistant would make ETD interaction more usable?”

• “What concerns would you have about relying on AI for navi-
gating or interpreting scholarly documents?”

The protocol was semi-structured rather than fixed. The inter-
viewer used follow-up questions to clarify participants’ statements,
elicit concrete examples, probe unexpected experiences, and explore
apparent inconsistencies [18].

3.6 Study Procedure
The study protocol was reviewed and approved by our institution’s
Institutional Review Board (IRB). Before beginning the study, each
participant reviewed an accessible consent form and provided in-
formed consent. Participants received a $100 gift card upon complet-
ing the session. Each session began with a demographic question-
naire and a brief discussion of the participant’s prior experience
with ETDs, screen readers, and AI assistants. The experimenter
then introduced the task procedure and confirmed that the par-
ticipant could operate the study computer using their preferred
screen reader. Participants completed the two conditions in their as-
signed counterbalanced order, with the corresponding ETD loaded
at the beginning of each condition. The experimenter read each task
prompt aloud and provided it in an accessible digital format but did
not offer assistance with completing the task. After each condition,
participants completed the NASA-TLX assessment for the tasks per-
formed in that condition. The semi-structured interview followed
completion of both conditions and lasted approximately one hour.
With participants’ permission, the interviews were audio-recorded
and subsequently transcribed for analysis.

3.7 Quantitative Data Analysis
We analyzed the quantitative data at both the individual-task and
participant levels. We first computed descriptive statistics for task
success, completion time, screen reader shortcut presses, and NASA-
TLX ratings. Because the study used a within-subjects design and
included a relatively small sample, we used paired non-parametric
tests rather than assuming normally distributed measurements. For
continuous and ordinal outcomes, including completion time, short-
cut presses, and NASA-TLX ratings, we used Wilcoxon signed-rank
tests for paired comparisons. Task-success rates were compared
using paired binary analyses, e.g., McNemar tests. We compared
the SRO and SAI conditions for each of the tasks, reflecting their
distinct interaction demands. Because the study involved multi-
ple task-level comparisons, we applied Holm correction separately
within each family of related statistical tests (i.e., task time, screen
reader command count, and task success) to control the family-wise
error rate. We report Holm-adjusted 𝑝-values together with the
corresponding effect sizes. Unless otherwise specified, statistical
tests used a two-sided significance threshold of 𝛼 = .05.
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3.8 Qualitative Data Analysis
We analyzed the interview transcripts and observational notes using
reflexive thematic analysis following Braun and Clarke’s six-phase
process [10]. This approach was appropriate because our goal was
to develop an interpretive understanding of participants’ ETD in-
teraction experiences, usability barriers, AI-related challenges, and
design preferences rather than to quantify predefined categories.
The analysis combined inductive coding grounded in participants’
accounts with deductive interpretation informed by the study’s
research questions.

The first author served as the primary analyst. The first author
and a second researcher independently conducted iterative, line-by-
line coding of assigned transcripts after familiarizing themselves
with the data, using in-vivo codes where participants’ own wording
captured important ideas. The first author subsequently reviewed
and synthesized the complete set of codes across all transcripts,
developing candidate themes that were further refined through
collaborative discussions with the research team. Throughout this
process, observational notes were used to contextualize partici-
pants’ interview accounts and examine whether reported expe-
riences aligned with behaviors observed during the study tasks.
Team discussions considered alternative interpretations and diver-
gent cases before refining and naming the final themes. Consistent
with reflexive thematic analysis, these discussions were intended
to enrich interpretation rather than establish coding reliability or
inter-coder agreement [10].

4 Results
We report medians and interquartile ranges (IQRs) because the
study involved paired observations from a relatively small sample
and several measures exhibited ceiling effects or skewed distri-
butions. We compared SRO and SAI using two-sided Wilcoxon
signed-rank tests for task time, screen reader command count, and
NASA-TLX workload. Rank-biserial correlation (𝑟rb) is reported
as the effect size, with larger absolute values indicating stronger
condition differences. Task success was compared using exact Mc-
Nemar tests. Holm correction was applied separately across the four
task-level comparisons for each outcome family. Unless otherwise
stated, reported 𝑝-values are Holm-adjusted.

4.1 T1: Navigating to the Table of Contents
AI assistance did not significantly improve performance on T1.
Median task time decreased from 459 seconds in SRO (IQR: 352.5–
561) to 402 seconds in SAI (IQR: 307–551.5), but the difference was
not statistically significant (𝑊 = 31, 𝑝 = .530, |𝑟rb | = .21) (Figure
1a). Screen reader command counts were also comparable between
SRO (𝑀𝑑𝑛 = 239, IQR: 134–291) and SAI (𝑀𝑑𝑛 = 154, IQR: 118–356;
𝑊 = 50, 𝑝 = 1.000, |𝑟rb | = .17) (Figure 1b). Eleven participants
completed the task successfully in SRO, compared with 12 in SAI;
this difference was not significant (exact McNemar 𝑝 = 1.000) (see
Figure 1c).

Behavioral observations help explain the limited effect of AI. In
SRO, participants primarily relied on basic arrow- and tab-based

navigation rather than more efficient PDF-specific commands. Par-
ticipants sometimes confused web-navigation commands with PDF-
reader commands, causing unexpected focus changes, disorienta-
tion, and, in some cases, a restart from the beginning of the docu-
ment. Several participants also attempted to use the PDF reader’s
search function, but broad queries such as “table of contents” re-
turned multiple matches and provided limited support for reaching
the desired heading.

AI did not remove these navigation barriers. Some participants
did not consult AI because they did not expect it to control or assist
navigation within the PDF reader. Others uploaded the ETD and
asked for the location of the table of contents. Although AI could
often provide a page number or reproduce the table of contents in
its own interface, participants still had to return to the PDF reader
and navigate manually. A few participants requested sequences of
screen reader commands fromAI and alternated between the AI and
PDF interfaces while executing the instructions. These instructions
were sometimes inconsistent with the active PDF interface or screen
reader state, introducing additional errors and recovery effort. Thus,
AI provided information about the document but could not directly
execute or reliably guide navigation within it.

4.2 T2: Navigating to a Specified Subsection
T2 was the most demanding navigation task under both conditions.
Median task time was 522 seconds in SRO (IQR: 472.5–600) and
445 seconds in SAI (IQR: 394–600). Although the reduction favored
SAI and had a moderate-to-large effect size, it was not statistically
significant after correction (𝑊 = 12, 𝑝 = .228, |𝑟rb | = .56) (Figure
2a). Similarly, the median screen reader command count decreased
from 296 in SRO (IQR: 253.5–350) to 287 in SAI (IQR: 164.5–319), but
the difference was not significant (𝑊 = 43, 𝑝 = 1.000, |𝑟rb | = .28)
(Figure 2b). Eight participants completed T2 successfully in SRO,
compared with 10 in SAI; this difference was also not significant
(exact McNemar 𝑝 = 1.000) (Figure 2c).

Participants exhibited many of the same navigation strategies
and breakdowns observed in T1, but the deeper document hier-
archy increased their impact. Locating a specified subsection re-
quired participants to maintain awareness of both chapter-level and
subsection-level structure while traversing a long sequential repre-
sentation. Participants frequently reverted to basic navigation com-
mands when they could not recall the relevant PDF-specific short-
cuts. Experimenter observations indicated more frequent pauses,
requests for breaks, and verbal expressions of fatigue than in T1.

As in T1, AI could sometimes identify the likely chapter, subsec-
tion, or page number, but it could not transfer screen reader focus
to that location. Participants, therefore, remained responsible for
translating the AI-provided information into application-specific
navigation actions. Switching between the AI and PDF interfaces
also disrupted their awareness of the current focus position. Overall,
SAI showed a numerical advantage, but AI did not reliably overcome
the interaction costs associated with hierarchical navigation.

4.3 T3: Interpreting Information in a Table
AI assistance produced substantial improvements on T3. Median
task time decreased from 258 seconds in SRO (IQR: 196–311.5) to
154 seconds in SAI (IQR: 96–192) (Figure 3a). Every participant
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Figure 1: Task T1 results.

Figure 2: Task T2 results.

completed the task more quickly in SAI than in SRO, yielding a
significant difference with the maximum observed effect size (𝑊 =

0, 𝑝 = .002, |𝑟rb | = 1.00). The median screen reader command count
similarly decreased from 125 in SRO (IQR: 101–145.5) to 74 in SAI
(IQR: 58.5–86;𝑊 = 0, 𝑝 = .003, |𝑟rb | = 1.00) (Figure 3b).

Task success increased from 9 of 15 participants (60%) in SRO to
15 of 15 participants (100%) in SAI. The unadjusted exact McNemar
test was significant (𝑝 = .031), but the comparison did not remain
significant after Holm correction across the four task-success tests
(𝑝 = .125) (Figure 3c). The improvement nevertheless represents
six participants who answered incorrectly in SRO but successfully
completed the task in SAI, with no changes in the opposite direction.

In SRO, participants navigated repeatedly among table cells while
attempting to retain and compare multiple numerical values. Sev-
eral participants lost track of the relationship between cell values
and their row or column headers, producing incorrect compar-
isons despite the table being technically accessible. Participants

also repeatedly revisited cells because they had forgotten previ-
ously encountered values, increasing both navigation effort and
cognitive demand.

In SAI, all participants sought AI assistance at the beginning
of the task. Participants generally captured an image of the page
containing the table and provided it to an AI assistant. This strategy
reduced the need for sequential cell-by-cell navigation and enabled
AI to perform the requested comparison directly. However, the
process was not frictionless. Some screenshots omitted part of
the table, requiring participants to repeat the capture-and-upload
process. Several participants also returned to the PDF to manually
verify the AI-generated answer before reporting it. Despite these
additional steps, SAI substantially reduced task time and screen
reader command use and enabled all participants to provide the
correct answer.
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Figure 3: Task T3 results.

Figure 4: Task T4 results.

4.4 T4: Interpreting Information in a Figure
AI assistance also significantly improved figure interpretation. Me-
dian task time decreased from 292 seconds in SRO (IQR: 270–321.5)
to 225 seconds in SAI (IQR: 208.5–240;𝑊 = 4, 𝑝 = .007, |𝑟rb | = .92)
(Figure 4a). Unlike T3, however, the number of screen reader com-
mands did not differ significantly. Participants used a median of
33 commands in SRO (IQR: 25–41) and 36 commands in SAI (IQR:
25.5–41;𝑊 = 49.5, 𝑝 = 1.000, |𝑟rb | = .18) (Figure 4b).

As in T3, task success increased from 9 of 15 participants (60%)
in SRO to 15 of 15 participants (100%) in SAI (Figure 4c). The unad-
justed exact McNemar test was significant (𝑝 = .031), but the result
did not remain significant after Holm correction (𝑝 = .125). All six
discordant cases favored SAI.

In SRO, participants typically listened to the figure’s alt-text
multiple times before answering. Although the alt-text contained
the information needed to complete the task, participants had to
retain multiple labels, values, and trends in working memory while

determining which label corresponded to the highest value. Partici-
pants also listened to nearby text to establish context and frequently
expressed listening and mental fatigue during repeated playback.

In SAI, all participants used AI assistance from the beginning.
Many initially usedAI functionality embedded in their screen reader
before consulting a third-party assistant. Participants followed two
primary strategies: providing only the figure to the AI or capturing
both the figure and its surrounding text. The latter strategy sup-
plied additional scholarly context that was not available when the
figure was processed in isolation. Participants often asked the AI
for confirmation or reformulated their questions before finalizing
an answer, but they rarely returned to the PDF after obtaining an
adequate response. These behaviors suggest that AI accelerated
the extraction and interpretation of figure content, even though
interacting with the AI interface required a comparable number of
screen reader commands.
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4.5 Perceived Workload
Participants reported lower workload in the AI-assisted condition.
The median NASA-TLX score decreased from 66.67 in SRO (IQR:
62.33–67.67) to 51.67 in SAI (IQR: 48.83–59.33). All 15 participants
reported lower workload in SAI than in SRO, producing a statisti-
cally significant difference with the maximum observed effect size
(𝑊 = 0, 𝑝 < .001, |𝑟rb | = 1.00).

This reduction should be interpreted alongside the task-specific
findings. AI did not significantly improve the two document-navigation
tasks, but it substantially reduced the effort required to interpret
tables and figures. Participants’ overall workload ratings there-
fore appear to reflect the value of replacing repeated sequential
inspection and working-memory-intensive comparison with direct
natural-language assistance, even though interface switching and
manual navigation remained burdensome.

4.6 Qualitative Findings
Reflexive thematic analysis of the interviews identified four themes
that contextualize and extend the task-level findings.

4.6.1 Alternative Text Provides Access but Imposes Substantial Inter-
pretive Effort. Participants consistently distinguished the presence
of alternative text from the usability of that text. Although detailed
descriptions made charts and figures technically accessible, partici-
pants found it difficult to retain multiple values, compare trends,
and construct an overall understanding through sequential audio
alone. Repeated listening increased both cognitive and auditory
fatigue. P6 explained:

“Descriptive text for graphs is tiring. Too much to keep
in mind as you listen. Then mentally comparing val-
ues and figuring out what the graph is conveying is
overwhelming to me most of the time.”

Participants therefore wanted representations that communi-
cated relationships and salient trends rather than merely verbal-
izing visual elements. Some suggested dialog-based presentations
in which multiple speakers progressively discussed the important
findings in a figure. P6 continued:

“I would rather the screen reader provide information
as a dialog between two parties. As the dialog flows, the
parties can proactively discuss the salient trends in data.
This will also be very engaging and less stressful.”

These accounts reinforce the T4 results: even sufficiently detailed
alternative text required substantial repeated listening and mental
comparison, whereas AI could more directly answer a focused
question about the figure.

4.6.2 Efficient Navigation Requires Better Page-Level Orientation.
Participants described page-level navigation as a persistent weak-
ness of current PDF interaction. Many knew that PDF readers of-
fered thumbnail-based navigation but could not recall the application-
specific commands required to access it. This difficulty often caused
them to fall back on slow, linear navigation even when a more
efficient feature existed.

Participants also noted that conventional thumbnail interfaces
provide little useful nonvisual information about page content. They
wanted dynamically generated summaries that would communicate

the main contents of each page while moving through thumbnails.
P9 stated:

“When I go from page to page searching for something,
I would like to hear a summary of what is there in that
page instead of just the first line in that page. This will
help me decide quickly if I have to jump to the next
page or search closer in the current page.”

Such summaries could support rapid orientation without requir-
ing users to enter each page and inspect its contents sequentially.
This need reflects the difficulties observed in T1 and T2, where
technical document structure did not provide an efficient overview
of the ETD.

4.6.3 Application-Specific Commands Fragment Screen Reader Inter-
action. Participants found it difficult to remember and distinguish
the different screen reader commands required across web browsers,
PDF readers, and other applications. Even experienced users re-
ported confusing command sets or forgetting efficient application-
specific combinations. When this occurred, they reverted to generic
arrow- and tab-based navigation, substantially increasing interac-
tion time and effort in long ETDs.

Participants wanted customizable or reusable commands that
worked consistently across applications, potentially enabled through
AI-mediated translation of familiar commands into application-
specific actions. P2 explained:

“It will be great if I can just use the web shortcuts I am
very familiar with in theses too. Can AI help me with
that? I think such a feature will dramatically increase
my speed and productivity in theses documents.”

This theme provides qualitative support for the navigation-task
results. AI assistants could describe where content was located or
suggest commands, but they could not normalize the interaction
vocabulary across interfaces or execute the corresponding screen
reader-navigation actions.

4.6.4 AI Support Is Divided Between Limited Embedded Features
and Powerful but Disconnected External Tools. Participants valued
the increasing availability of AI within screen readers, particularly
for obtaining descriptions of figures and charts. However, they
considered current embedded functionality too narrow for schol-
arly reading. Participants reported that image descriptions often
lacked awareness of surrounding text, introduced unexplained ab-
breviations, or failed to connect a figure with relevant discussion
elsewhere in the ETD. P14 stated:

“I don’t have to take a snapshot every time to get both
text and image. If I ask for an image description, the AI
should be smart enough to look at related text before
generating the description.”

Participants also wanted embedded AI to assist with textual
comprehension and cross-document navigation rather than only
visual description. P11 explained:

“I just don’t need help with figures. I need help with
the text too. If I don’t understand something, I would
like AI to help me understand that part or redirect me
to another chapter in the thesis where I can get more
contextual details.”
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Third-party AI assistants offered broader question-answering
and interpretation capabilities but remained disconnected from the
screen reader and PDF application. Participants described taking
screenshots, locating and uploading files, and repeatedly switching
interfaces as time-consuming and frustrating. P12 summarized the
desired interaction:

“I wish that it took just three or four shortcuts for me to
select what I want in a thesis and ask questions about it
using my favorite ChatGPT. I don’t want to go through
hoops to do this.”

Together, these findings reveal a division between embedded
AI that is integrated but limited and third-party AI that is more
capable but operationally disconnected. Participants wanted an
integrated assistant that could access the current document context,
answer questions about both text and visual content, and directly
coordinate with screen reader navigation rather than requiring
manual transfer of information across applications.

5 Discussion
Our findings reinforce the distinction between technical accessi-
bility and practical usability established in prior accessibility re-
search [1, 16]. Prior work on accessible PDFs has largely focused
on ensuring structural access through tagging, reading-order cor-
rection, alternative text, and remediation [30, 40]. We extend this
work by showing that these provisions do not necessarily make
long-form scholarly documents efficient to navigate or interpret.
More importantly, our findings reveal why these difficulties persist
and where contemporary AI does and does not reduce them. In
the remainder of this section, we revisit these findings in light of
our research questions and then derive design guidelines for AI-
Powered Assistive Technologies that enable usable access to ETDs
for BVI users.

5.1 Answering the Research Questions
RQ1: What usability barriers do BVI screen reader users en-
counter while interacting with ETDs? The primary barriers
arose from the interaction between long document structures and
sequential screen reader access. Prior work has shown that screen
reader users construct mental models by sequentially traversing in-
terface elements and rely heavily on structural cues and learned nav-
igation strategies [8, 26]. ETDs amplify these demands: headings,
figures, tables, and cross-references may be technically exposed,
but locating and relating them across a long hierarchy requires
users to repeatedly establish where they are and what surrounds
the current element. This helps explain why remediation alone did
not eliminate navigation effort in our study. Similarly, detailed al-
ternative text provided access to figures but required participants to
retain and compare multiple values through sequential audio. Thus,
the remaining usability cost was not primarily missing information,
but the effort required to orient, integrate, and act on information
that was technically available.

RQ2: To what extent do contemporary AI assistants im-
prove ETD interaction? AI produced markedly different effects
for interpretation and navigation. For tables and figures, AI could
compress information that otherwise required repeated sequen-
tial inspection into a direct, task-relevant response. This reduced

the working-memory and comparison demands associated with
listening to multiple values, consistent with prior work showing
the value of conversational access to complex or distributed in-
formation [13, 36, 48]. Navigation required a different capability.
Reaching a location depended on the user’s current focus, docu-
ment hierarchy, PDF-reader state, and application-specific screen
reader commands. External AI assistants had access to document
content but not this interaction state, while embedded screen reader
AI had access to the interface but offered more limited reasoning
capabilities. This separation explains why AI improved content
interpretation but produced little benefit for navigation. The lim-
itation therefore appears to lie not only in model capability, but
in the lack of coordination between document understanding and
assistive interaction.

RQ3:What needs and design preferences do BVI users have
for future assistive technologies? Participants’ preferences fur-
ther suggest that improving AI support requires tighter coupling
with existing screen reader workflows rather than simply adding
more capable question answering. Prior work has explored LLMs
as a means of reducing interaction complexity and translating user
intent into interface actions [22]. Our findings extend this direc-
tion to scholarly documents: participants wanted assistance that
knew their current position, could interpret surrounding document
context, and could act through familiar screen reader interactions.
Such integration could support both orientation and interpretation
without requiring users to repeatedly move between applications
or reconstruct context. This motivates assistive systems in which
AI operates as part of the navigation loop rather than as a separate
destination for document questions.

5.2 Design Considerations for Future
AI-Powered Assistive Technologies

Our findings suggest several opportunities for improving non-visual
interaction with scholarly documents by reducing interface frag-
mentation, supporting efficient navigation, and providing context-
sensitive assistance.

DC1: Integrate AI directly into screen reader workflows.
Rather than requiring users to switch between PDF readers and
external AI assistants, future systems should provide seamless AI
assistance within the screen reader itself. Such integration would
reduce interaction overhead while allowing AI to access the current
document, page, selected element, and navigation state. This would
enable users to ask context-dependent questions without repeat-
edly uploading files, capturing screenshots, or re-establishing their
location in the document.

DC2: Support AI-assisted document navigation. Current
AI assistants effectively answer questions about document con-
tent but provide limited support for reaching the relevant content.
Future systems should enable AI to interpret document structure,
identify target chapters or sections, and coordinate directly with
screen-reader and PDF-reader commands to move users to relevant
locations. The system should also confirm the destination and pre-
serve the user’s prior position so that navigation actions remain
understandable and reversible.

DC3: Provide semantic document overviews. Long ETDs
require users to repeatedly inspect pages to determine whether



JCDL ’26, October 13–16, 2026, Frisco, TX, USA Akshay Kolgar Nayak et al.

they contain relevant information. AI-generated page summaries,
chapter overviews, and semantic thumbnail descriptions could sub-
stantially improve orientation and reduce navigation effort during
exploratory reading. These summaries should be available at multi-
ple levels of detail and linked to the corresponding source locations
so that users can move directly from an overview to the relevant
content in the ETD.

DC4: Move beyond descriptive accessibility toward inter-
pretive assistance. Participants valued AI not simply because
it verbalized inaccessible content, but because it could transform
dense, sequential information into task-relevant explanations. Fu-
ture assistive systems should therefore support interpretive assis-
tance, helping users identify relationships, compare values, sum-
marize trends, and answer questions while remaining grounded in
the source. For example, rather than reading every bar in a chart,
a system could explain which category changed most and why
that pattern is notable; in a large table, it could identify outliers
or compare selected rows; and in a long policy or technical doc-
ument, it could synthesize related requirements scattered across
sections. Such assistance should remain inspectable by identifying
the source elements underlying each interpretation and allowing
users to return directly to them for verification.

5.3 Limitations
This study has a few limitations that should be considered when in-
terpreting the findings. First, the study included 15 BVI participants,
which is comparable to prior accessibility research involving blind
users but nevertheless limits statistical power and the generaliz-
ability of the findings. Larger-scale studies involving more diverse
participant populations would strengthen external validity. Sec-
ond, although the study used two ETDs from different disciplinary
contexts, they cannot represent the diversity of ETDs available
across disciplines. We also did not control for alignment between
participants’ academic backgrounds and the ETD subject matter,
which may have influenced content-intensive tasks. Future work
should investigate documents from a broader range of subject areas
and examine whether document domain influences navigation and
information-seeking performance.

Third, both ETDs were remediated to satisfy accessibility require-
ments, representing a comparatively favorable case rather than the
range of unremediated or structurally complex ETDs encountered
in practice. Future work should therefore examine ETDs with vary-
ing levels of accessibility and structural complexity. Fourth, the
study was conducted in a controlled laboratory setting using four
predefined tasks that captured selected forms of navigation and in-
formation seeking rather than the full range of ETD activities, such
as exploratory reading, cross-document comparison, citation trac-
ing, or sustained research workflows. Future longitudinal studies
should examine AI-supported ETD interaction in participants’ ev-
eryday academic workflows. Finally, while all participants had prior
experience reading ETDs, the sample consisted primarily of uni-
versity students and college-educated adults. Future work should
examine broader populations, including lifelong learners and mem-
bers of the general public who access ETDs through institutional
and public repositories.

Beyond these limitations, our study intentionally evaluated par-
ticipants’ existing AI-assisted workflows rather than a standardized
AI system. Participants used different AI assistants, including Chat-
GPT, Gemini, Claude, and Grok, which vary in long-document
understanding and multimodal processing capabilities. Participants
also differed in the number of AI tools they used, introducing
additional variability in familiarity and tool-selection strategies.
Although this design reflects current real-world practice, these
differences may have influenced task performance. Future work
should compare specific AI models under controlled conditions and
standardize tool exposure to better isolate the contribution of AI
capabilities to scholarly document accessibility.

6 Conclusion
Electronic Theses and Dissertations (ETDs) are among the valuable
resources in digital libraries, making their effective use essential
for equitable participation in scholarly research. Through a mixed-
methods study with 15 BVI users, we showed that technical acces-
sibility alone does not guarantee practical usability. Although the
evaluated ETDs satisfied accessibility requirements, participants
experienced substantial challenges navigating long document struc-
tures and interpreting complex visual content. Contemporary AI
assistants significantly improved table and figure interpretation,
reducing task time and perceived workload, but offered limited sup-
port for document navigation because they remained disconnected
from screen reader workflows. Building on these findings, we iden-
tified key usability barriers, uncovered users’ needs and preferences,
and proposed design considerations for future AI-powered assis-
tive technologies that tightly integrate document understanding,
navigation, and screen reader interaction.
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