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Abstract 
Designing accessible lectures and lecture materials is crucial to 
promote inclusive higher education. We conducted need-finding 
interviews with 12 students who are blind or have low vision to 
learn their perspectives on how lectures and lecture material could 
become more accessible through Artificial Intelligence (AI) tech-
nologies. Key insights from the interviews reveal that students 
envision AI to automatically customize lecture material, connect 
disparate information sources, for example, to better keep track of 
the current lecture slide, and enhance interaction and engagement 
with lecture material. Based on these insights, we developed the 
LectureAssistant prototype, employing an iterative design process 
with visually impaired users that features AI-assisted video nav-
igation and chatbot interaction. In a final evaluation with seven 
students, the participants expressed enthusiasm for features such 
as AI-powered video search and the possibility of asking questions 
about visual content in the current video frame. They provided valu-
able suggestions for future improvements, including notifications 
for lecture slide transitions and the provision of a short overview 
function for a slide. Insights from the study indicate great poten-
tial of the prototype to improve accessibility of lecture videos for 
students with visual impairments, although they also point to cru-
cial areas for improvement, such as more reliable and personalized 
image descriptions. 
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1 Introduction 
Digital formats in education, such as online lectures, hybrid for-
mats, or digital material in the form of lecture slides, PDFs, or video 
uploads, have become indispensable since the coronavirus pan-
demic in 2020 at the latest. For students who are blind or have low 
vision, this has brought new challenges in terms of accessibility 
because there is an increasing need to transform digital material 
into formats that are accessible through screen readers or braille 
displays [41]. However, students who are blind or have low vision 
often lack access to structural support [4, 31], they need to put a 
lot of effort into obtaining accessible material and more time than 
the average student to prepare for or comprehend lecture mate-
rial [6, 18, 32]. Manually preparing material such that it is accessible 
to students with blindness or low vision usually costs a lot of time 
and effort, for example, when alternative text descriptions must be 
crafted for images or charts [40, 43, 56, 57, 62]. Artificial intelligence 
(AI) has the potential here to make this process more efficient [36], 
which is, in the case of alternative text descriptions for images, 
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facilitated due to the rapid development of vision language models 
(VLM) during the last few years. VLMs are now capable of giving 
detailed descriptions of images or even extracting text from a photo 
or scan, creating new opportunities for an effortless and efficient 
transfer of visual information into textual or auditive information. 
Furthermore, the development of large language models (LLMs) in 
general has great potential to individualize learning and adapt to 
individual needs [66, 71, 78], making it possible, for example, to 
generate summaries, transfer an explanation into easier language 
or go deeper for a specific topic. 

In our need-finding interview study, there was strong agree-
ment among the participants that current practice in universities 
discriminates students who are blind or have low vision due to a 
lack of resources and support infrastructure or by social structures 
and stereotypes. A common example provided by participants was 
that lecturers often do not understand their needs or do not feel 
responsible for offering accessible lectures or lecture materials. Al-
though this work does not address these structural and social issues 
directly, our objective is to develop an accessible AI-assisted lecture 
video platform for students to help them become more independent 
of these structural and social barriers. 

Although there is a lot of work on how to make lecture material 
more accessible by developing automatic conversion approaches [11, 
36, 81, 84], or other work that discusses the potential of AI to make 
lectures more accessible [7], there are few studies that approach AI 
solutions for education in a human-centered approach, integrating 
potential users as a central part of the development process [20, 59]. 
However, a human-centered approach is crucial in order to avoid 
the ’Disability Dongle’ [16],which describes the phenomenon in 
which developers or designers create technological solutions for 
people with a disability that they think are useful and innovative, 
without knowing the needs and preferences of end users [16]. In 
the book Design Justice [23] it is further argued that neglecting 
the inclusion of marginalized groups in the design process can 
lead to systems that inherently favor privileged individuals. This 
bias arises because developers tend to belong to privileged groups, 
which influences their perspectives and design decisions [23]. Rec-
ognizing the importance of user-centered design for accessibility, 
this study integrates potential users from the beginning with the 
goal of designing a prototype that makes lectures more accessible 
to students who are blind or have low vision. We will henceforth 
refer to this prototype as LectureAssistant. Our research questions 
are as follows. 

• RQ1: How do students who are blind or have low vision 
envision using AI technology to support their studies? 

• RQ2: How do students who are blind or have low vision 
perceive the LectureAssistant prototype? 
In particular, we wanted to investigate: 
– RQ2-A: How do students assess the usefulness of the pro-
totype?, 

– RQ2-B: How accessible is the prototype for them?, and 
– RQ2-C: What is the perceived ease of use of the prototype 
among students? 

We address RQ1 by conducting semi-structured interviews that 
include questions about students’ challenges in their study life, 
their suggestions for possible improvements, and where they see 

potential to use AI-assisted technology for their studies. Based on 
the interviews, we collected concrete implementation requirements 
for the LectureAssistant prototype. The second part of this paper fo-
cuses on the iterative design process of the prototype with potential 
users. Finally, we evaluated the prototype to answer RQ2. Therefore, 
we included open questions about ease of use, accessibility, and 
usefulness. 

The contributions of this paper are the following. 
• A thematic synthesis that illustrates students’ main chal-
lenges with inaccessible lecture material along with their 
perspectives on AI assistance to mitigate these barriers. 

• LectureAssistant, an AI-based prototype that features lecture 
video navigation through an AI chatbot and visual question 
answering through a vision-language model. 

• Based on the evaluation of LectureAssistant, we provide 
insight into challenges and opportunities for implementing 
future accessible lecture assistance tools. 

2 Related Work 
Assistive technology can improve access to educational material [42]. 
Depending on the degree of vision loss, blind people or people with 
low vision use optical or electronic magnifiers, large keyboards 
or large printed books [74], screen readers that read digital text 
aloud [9], braille displays or tactile devices [72], or a combination of 
them. The main barriers to these tools include that many websites 
or learning resources are not accessible to the screen reader [9] and 
the high cost of the tools [74]. During the last few years, AI has sig-
nificantly impacted assistive technology also within the educational 
sector. Although there have been great advances in intelligent tu-
toring systems for education before the rise of LLMs [44, 86], LLMs 
have tremendously accelerated the pace of assistive systems for 
education [58, 76]. An overview of AI technologies used particu-
larly to support people who are blind or have low vision is given 
by [80], highlighting the potential of AI to facilitate learning and 
help foster autonomy and independence. The following subsections 
discuss different fields of assistive AI technologies that can be used 
to make lecture material more accessible. 

2.1 Automatic Text Conversion Approaches 
Multiple approaches have been proposed to convert educational 
material into other formats that are accessible to students who are 
blind or have low vision. A semi-automated approach to convert 
the exams into a more accessible format has been proposed by [84]. 
They focused on how to make the hierarchy of an exam document 
more screen-reader friendly, applying Yolov8 [67] to split the doc-
ument into content blocks and then applying heuristic rules to 
define the order of the contents [84]. Another approach of [81], 
called SciA11y, is specifically tailored to convert scientific articles 
into HTML code that generates hyperlinks to improve navigation 
for blind users. Their tool integrates several different algorithms 
to detect bounding boxes for figures and tables or to identify and 
extract textual elements. Another example of automatic conversion 
of PDFs into markup language is the transformer-based algorithm, 
Nougat, proposed by [11]. These approaches focus on conversion, 
without taking on a human-centered perspective or exploring how 
interactive engagement with the material is possible. 
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2.2 Alternative Text Description with VLMs 
There was a rapid improvement in the ability of VLMs to generate 
high-quality image descriptions [34]. VLMs combine a pre-trained 
LLM with a vision encoder to generate visual descriptions in natural 
language [34]. Examples of open source models that have evolved 
during the last years are Blip-2 [46], Flamingo [3], MiniGPT-4 [88], 
LLaVA [48], Minicpm-v [87], LLaMA 3.2-vision [26], DeepSeek-
VL [51] or internVL [21]. 

Although there is a growing effort to build accessible applications 
with open-source models, app solutions from big tech companies 
like SeeingAI [73] from Microsoft or Be My AI from Be My Eyes [28] 
that work with gpt-4v from OpenAI [2] are still predominant, as 
they can usually offer more computational resources and thus more 
accurate image descriptions. However, these apps work through an 
Application Programming Interface (API) to external servers and 
data privacy cannot be guaranteed. In addition, the number of user 
requests is often limited, not free of charge, or both. Another exam-
ple is TapTapSee [79] that uses the CloudSight Image Recognition 
API, is free, but explicitly collects user data and shares this with 
external partners. 

2.3 Making Video or Slide Information 
Accessible 

An approach to make video information accessible to people who 
are blind or have low vision was given in 2021 by [12], who gen-
erated video commentary by combining methods such as optical 
character recognition (OCR) to detect text within a video frame, au-
tomatic object detection with Yolov3 [29], as well as convolutional 
neural network (CNN) architectures to detect objects and bounding 
boxes. However, their approach does not allow us to interactively 
engage with the video or ask detailed questions about the content. 
The rapid development of AI algorithms now provides new state-
of-the-art approaches. An example of a real-time object detection 
algorithm is YOLOv8 [67]. 

A more recent approach that is more specifically tailored for 
lectures is DiagramVoice, a tool to generate video commentary for 
images within a lecture video [27]. Although it possesses some 
degree of adaptability by generating short or long commentary, it 
still lacks the capability for question and answering (Q&A) and is 
therefore limited to providing a broad overview of what is happen-
ing in a lecture video. As investigated in depth by [39], it depends 
on context, scenario, and individual preferences what and how 
users want video commentary. Therefore, it might be difficult to 
efficiently provide the information the user is looking for in such a 
generic approach. 

A system introduced by [64] called Slidecho allows users to 
extract text or image captions from a video or to receive notifi-
cations of undescribed elements. However, their tool also lacks 
the capability for interactive engagement with the video’s content. 
Furthermore, despite evaluating the tool within a user study, the 
end-users were not directly involved in the design process. 

[50] developed heuristics for measuring the accessibility of a 
video. An example is that accessibility is low when there are vi-
sual references without detailed explanations of the visual objects. 
However, a Q&A function with vision-language capabilities should 

also allow stopping the video and asking for more details to fill the 
information gap, which we address in our approach. 

3 Part 1: Need-finding Interviews 
To explore the challenges of students who are blind or have low 
vision and their perspectives on prospective AI solutions for accessi-
bility, we conducted need-finding interviews, which are commonly 
used to understand user needs and problems [63]. The entire work 
of this paper was approved by the ethics committee of our home 
institution, as well as by the responsible data protection officer. 

3.1 Method 
In line with related work that collected requirements for the human-
centered development of prototypes [37, 54], we use semi-structured 
interviews to explore the perspectives of the target group and ap-
plied a thematic analysis (TA) as a technique to synthesize these 
findings. Finally, on the basis of these results, we discuss implica-
tions for the development of LectureAssistant. 

3.1.1 Interview Questions. We designed an interview guideline to 
explore the experiences and perspectives of students who are blind 
or have low vision. Questions about the students’ experiences were 
detailed on their study routines, but also focused on challenges, 
their current use of technology, and how they envision further 
integration of AI. The complete list of questions is available in the 
Appendix 3. 

3.1.2 Participants. Ensuring a variety of perspectives, we reached 
out to prospective participants by contacting representatives for 
accessibility at various German universities, who forwarded the 
invitation using mailing lists. To participate, individuals must be 
over 18 years old, have completed or enrolled in their studies in 
the last two years, and have a vision acuity equal to or less than 
5%. 12 students from six different universities participated in the 
interviews. Due to Braun and Clark [15], the appropriate number 
of participants should be based on saturation. Observing that after 
feedback from several participants, the student’s feedback did not 
introduce a lot of novel insights, we stopped recruiting further 
participants. 

Two of the participants identified as women, one as non-binary, 
and nine as men. All of them were still enrolled in their studies, 
except one who participated in a program for several months to 
get to know university life. The study fields included Physics, Law, 
Economy, Philosophy, Computer Science, Education, Psychology, 
and Languages. Many of the interviewees work visually with mag-
nification, whereas others completely or mainly work with audio 
via screen reader and sometimes in addition with a braille display. 
Please note that two of the participants did not strictly meet the 
criterion of having less than 5% visual acuity. One had a severe 
reduction in the visual field, the other had a vision acuity of 6%. We 
decided to include them in the study because we considered their 
experience to be comparable. The characteristics of the participants 
are detailed in Table 1. 

3.1.3 Procedure. Prior to the interviews, participants received 
study information and data protection information. The interviews 
lasted between 30 minutes and 1 hour and were compensated with 



ASSETS ’25, October 26–29, 2025, Denver, CO, USA Katharina Anderer, Karin Müller, Lukas Strobel, Matthias Wölfel, Jan Niehues, and Kathrin Gerling 

Table 1: Participant Characteristics. 

ID Gender Vision 
Acuity 

Working Style Inter-
view 

Evalu-
ation 

P1 m 2% screen reader, 
braille display 

Yes Yes 

P2 m blind screen reader, 
braille display 

Yes Yes 

P3 m ≤ 5 % of 
vision field, 
30% of vi-
sion acuity 

works mostly 
visually, 
rarely screen 
reader 

Yes Yes 

P4 m ≤ 2% works mostly 
visually, 
screen reader 
for larger 
texts 

Yes No 

P5 nb ≤ 2% screen reader, 
a bit visually 

Yes Yes 

P6 m ≤ 6% works mostly 
visually, 
rarely screen 
reader 

Yes Yes 

P7 m blind screen reader, 
braille display 

Yes No 

P8 f ≤ 5% screen reader 
and visually 

Yes No 

P9 m ≤ 5% screen reader 
and visually 

Yes Yes 

P10 m ≤ 5% screen reader 
and visually 

Yes No 

P11 m ≤ 5% mostly visu-
ally working, 
screen reader 
for longer 
texts 

Yes Yes 

P12 f ≤ 2% mostly screen 
reader, par-
tially with 
magnification 

Yes No 

10 euros. Ten interviews were conducted online through BigBlue-
Button [10], and two in person. 

3.1.4 Data Analysis. We audio recorded the interviews and tran-
scribed them afterwards. To synthesize the findings of the inter-
views, we applied a reflexive TA, based on the procedure outlined by 
Braun and Clarke [14, 22]. By ongoing reflection, reflexive analysis 
allows the researcher to engage with the data in-depth, uncover-
ing nuanced interpretations, thereby providing a more profound 
understanding of it. 

The first author, who also conducted the interviews, transcribed 
the interviews and crafted initial codes inductively. To ensure qual-
ity and a variety of perspectives, we collaboratively grouped the 
codes and crafted initial themes, which we then revised and re-
viewed in further discussions. 

3.1.5 Positionality Statement. It is important to acknowledge sub-
jectivity and privilege in qualitative research and reflect on how 
this can influence one’s perspective. All authors have no visual im-
pairment or have corrected vision and belong to Western, Educated, 
Industrialized, Rich, and Democratic (WEIRD) societies. Addition-
ally, in the context of our research, it is important to underline that 
we, the authors, support the use of AI as one factor towards more 
accessibility, but we strongly argue for a carefully considered use 
of AI that is open to everyone. 

The first author, who conducted the interviews and led the quali-
tative analysis, has a background in cognitive science, AI, and com-
puter science. Reflecting on possible biases for the TA, we might 
have put more weight on participants’ comments that matched our 
vision of a prototype as we already had the implementation of an 
AI-assisted prototype in mind before conducting the interviews. 

3.2 Findings of the Thematic Analysis 
We crafted three themes that address RQ1, illustrating the chal-
lenges of students during studies and their perspectives on how lec-
tures can become more accessible using AI technology. The quotes 
were translated into English as all interviews were conducted in 
German. For the sake of brevity, we will refer to the participants as 
P1-P12, as detailed in Table 1. 

3.2.1 Customizability can make current lecture materials more ac-
cessible. Customizability has the potential to better address the 
diverse needs of students who are blind or have low vision. Specifi-
cally, customizing the visual representation of lecture materials, but 
also the alternative presentation of visual information, can enhance 
accessibility. 

Prospective AI assistants could help users visually adapt lecture 
material more efficiently, so that it is possible to "feed the AI with 
how I want the lecture slides to be prepared. Basically, I need the texts 
to be bigger or with more contrast" (P11). Other adaptation needs 
expressed for visual presentation of text included different font 
sizes or spacing. 

Concerning alternative text descriptions of images or lecture 
slides, preferences ranged from interpretations to neutral descrip-
tions of images, or with fewer details. Furthermore, there was a 
desire for more contextualized descriptions. This indicates that the 
assistive system may need to provide different levels of alterna-
tive descriptions to properly engage with the content and support 
understanding of visual content. 

The interviews highlighted different preferences for input and 
output modalities for an assistance system depending on the con-
text, such as whether it is used during lectures or individual learning. 
The input modality during lectures should be "something keyboard-
like or something with different short keys that generate different 
prompts, because you don’t want to talk in the lecture" (P1), or alter-
natively using touch gestures (P5). As an output modality, some 
participants prefer to combine audio and braille output simulta-
neously, or headphones during lectures to get descriptions in a 
situation where "You have a graph and the lecturer says take a quick 
look at it. At that moment, you just put a pair of headphones in your 
ears or just have a set in parallel and then say [to the AI], describe it 
to me quickly". 
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These different preferences regarding visual descriptions or in-
put and output modalities underscore the need for customizability 
within different contexts. 

3.2.2 AI can empower interactive learning and engagement. The par-
ticipants envisioned AI as a tool that supports interaction with the 
lecture material to make knowledge consolidation more accessible 
and efficient. AI assistants could provide clarification of inaccessible 
material, but could also assist in finding specific content. 

Various participants had the idea of an interactive AI assistant 
that can be asked general questions about the current slide or to 
make inquiries about an image or graph on the slide, for instance, to 
"ask the AI program what is currently displayed" (P9), or to possibly 
implement multi-modal input, "AI can then perhaps recognize where 
I am pointing at, so that it interprets the finger as an arrow and... 
shows... what text is there" (P5). This provides an opportunity to 
compensate for information gaps that result from non-accessible 
visual information in study material. P9 said that the visual infor-
mation gap could be compensated for as"it is precisely this visual 
aspect, which you do not notice in the slides, that [AI] could take over 
this part". This is even crucial for study success, as P7 described 
the situation that "in study groups or mock exams, I realized that I 
hadn’t really grasped a lot of things because many visualizations are 
used in lectures. 

Furthermore, it was expressed that look-up functions would be 
useful, for example, to ask something general about the lecture, 
and the AI assistant would query the entire lecture content. P3 
suggested to "store the spoken word [of the lecturer], so that you can 
perhaps look for certain words and not have to look through 90 minutes 
to see when the word... came up" (P3). Such an interaction with AI has 
potential for a significant increase in efficiency in engaging with a 
lecture. Individuals without blindness or low vision can navigate 
a video or a transcript by visually skimming. Although it benefits 
all students, a lookup function is more crucial for students who are 
blind or have low vision. In general, the participants’ expressed 
desire for a Q&A function, especially for visual elements, highlights 
their need for deeper engagement with lecture material and the 
opportunity to fill information gaps resulting from non-accessible 
visual information. 

3.2.3 Different sources of information can be synchronized and con-
nected via AI. The interviews revealed a recurring emphasis of the 
participants on automatically coupled and synchronized lecture 
content. Participants expressed a desire for more integrated and 
accessible learning experiences "because this linking of slide and 
visual content and then in the auditory makes a huge difference" 
(P9). A common challenge mentioned by participants was to keep 
track of the current slide, e.g., P8 stating: "When lecturers make a 
digression, I am often confused as to which slide we are actually on". 
P6 suggested "a kind of combination of glasses that simultaneously 
see what the lecturer is doing in front and simultaneously combine 
the slides" so that, for instance, a note could be added on the slide 
if the lecturer mentions something that is particularly relevant for 
exams. This parallel representation and synchronization of different 
content sources would help to address students’ concerns not to 
"have to lose track" (P8). 

Such connections could be facilitated through automated content 
summaries and note taking. For example, P7 further argued that a 

tool that was capable of making notes, but without using the exact 
word phrases of the lecturer, could help mitigate data protection is-
sues. In addition, "something that automatically converts blackboard 
images into text ... and then provides ... a suitable note" (P7) could 
further enrich the original content with additional representations. 

The participants’ suggestions on automated note taking indicate 
a desire for tools that help them to concentrate more on following 
along with the lecture by integrating different knowledge sources 
for them. 

Connecting different sources of information could also reduce 
the information gap that students experience when lecturers do not 
talk explicitly about visual content, and "write things on the board 
and, in the worst case, don’t say what they are writing, and perhaps 
point somewhere and refer to it" (P11). 

4 Part 2: Design and Implementation of 
LectureAssistant 

This section details the basic features of LectureAssistant and its 
development process. The implementation requirements are based 
on need-finding interviews, as we describe next. Furthermore, we 
applied an iterative design that incorporates feedback from two 
people, one blind and one with low vision, which will be described 
below. 

4.1 Requirements based on Need-Finding 
Interviews 

The participants envisioned AI as a means to improve accessibility, 
having different ideas and visions for this. We decided to develop an 
AI-assisted prototype for lecture video recordings as videos, due to 
their inherently visual nature and dense information presentation, 
pose particular accessibility challenges that we want to address 
with our prototype. The features of LectureAssistant prototype 
address the following specific needs and visions that the students 
articulated in the interviews: To facilitate greater adaptability of 
lecture materials, we implemented a toggle to switch between dark 
and light mode, and adaptable font sizes. To account for a more 
interactive and engaging learning experience, we decided to imple-
ment a chatbot function to retrieve information from the lecture 
based on a large-language model and a chatbot function to answer 
visual questions about the current video frame with the help of 
a vision-language model. To address the theme of connecting dif-
ferent sources of information, we implemented a connection and 
synchronization of the transcript and the lecture video, so that a 
user can navigate from the transcript to the video and the other way, 
and we enabled navigation through the chatbot to video sections 
aligned with the user’s question. Finally, we made the prototype 
more accessible to the screen reader and used contrasts that align 
with the WCAG 2.0 standards [19]. 

Ultimately, our prototype is built entirely on open source frame-
works. We hope that this contributes to solutions independent of 
financial constraints and promotes widespread accessibility. 

4.2 Implementation of the Basic Features 
The architecture of LectureAssistant was built on the open source 
project of [38], who introduce a video platform called ’Lecture 
Translator’ (LT) that allows students to watch videos in conjunction 
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Figure 1: Application Interface: Lecture video player (i) is 
on the upper left, AI chatbot window (ii) on the lower left 
and transcript window (iii) on the upper right. The current 
position of the speaker is highlighted in the transcript. 

with the transcript of the lecture and to translate the transcript into 
different languages. The user interface of LectureAssistant contains 
three main windows with the following functionalities: (i) video 
player, (ii) AI chatbot, and (iii) transcript. A screenshot of these 
three windows is shown in Fig. 1. oh super, das 

4.2.1 Technical details. Here, we briefly describe the technical 
framework of LT, which was also incorporated by LectureAssistant. 
For more detail, the reader can refer to, for example, [38]. LT is a 
component-based architecture with a central component, called 
’mediator’ that communicates between the different components. 
Through interaction with the application interface, the user can 
send requests to an API component that forwards the request to the 
mediator. When a video is uploaded, a component for automatic 
speech recognition gets the audio information from the video and 
can process the speech. The results are sent back to the mediator 
and from there other components can retrieve the information for 
further processing. There are multiple other components such as 
a chatbot component using the LlamaIndex framework [49], or a 
logging component that allows to store the user-chatbot interaction. 

The entire system is hosted locally on servers of our home in-
stitution, such that the data of the users is only stored locally, and 
aligns with data protection rules of the institute’s data protection 
department. In the following sections, we elaborate on the different 
features. 

4.2.2 Video player. An HTML5 video player allows basic functions 
like setting the video speed, starting and stopping the video, or 
adding subtitles. It is possible to use shortcuts to start the video or 
search forward or backward in steps of 10 seconds. 

4.2.3 Chatbot. The chatbot is based on the open source LLM Llama 
3.1 [26] and allows the user to ask questions about the lecture 
transcript. This is made possible by retrieval-augmented generation 
(RAG), which was conceptually introduced by [45]. The transcript 
of the lecture is represented as vectors and is stored in a data store. 

Figure 2: The figure displays a use case where a user is asking 
the AI chatbot about a detailed description of the formulas 
on the current slide. The chatbot gives back the formula in 
latex code and gives further context information about the 
nabla operator used as a tool to find the rate of change of a 
function. 

When a user asks a question, the chatbot compares the question 
with the vectors in the data store, which represent small sections of 
the lecture transcript, and finds the most similar sections according 
to the user’s question. These sections are then provided to the Llama 
3.1 model along with the user’s question. Furthermore, in order to 
allow for Q&A, the chatbot is enriched with a VLM called Minicpm-
v [87]. This model is used when the Llama 3.1 agent determines 
that visual information is needed to answer a question. An agent 
in this context refers to the part of the chatbot that decides which 
tools or models to use to generate the best response. In such cases, 
a screenshot of the current video frame is sent to the VLM. The 
response generated by the VLM is then sent back to the agent, which 
creates the final answer. The final response can include additional 
context from the lecture, as the agent can use both the RAG and the 
VLM component. An exemplary use case is shown in Fig. 2 where 
a user asks the chatbot about the formulas on the slide. 

4.2.4 Transcript and Post-Processing. The transcript of the lecture 
video is further processed by different components. One compo-
nent automatically generates summaries, based on the algorithm 
presented by [69] and another generates chapters of the transcript, 
which are based on the algorithm presented by [68]. The transcript 
is synchronized with the video, and as soon as the user starts play-
ing the video, the transcript window scrolls to the current speech so 
that the user can visually follow where the speech is currently. For 
screen reader users, we have implemented a focus on the current 
speech, which is discussed in further detail in Section 4.3.2. 

The transcript can be displayed in two different modes on the 
user interface: (i) original transcript, and (ii) markup view with chap-
ters and summaries. The user can toggle between these two modes 
via a button. The markup view presents the generated chapters and 
summaries of the video. Screen reader navigation is implemented 
by buttons with ARIA-labels and marked text regions. 

4.2.5 Interaction with the Interface. We have prioritized accessi-
bility for the screen reader by implementing several key features. 
For example, the system provides notification messages for updates 
and button state changes, establishes a logical focus order for all 
HTML elements, and ensures headers are correctly tagged. These 
measures enable users to receive audio output or even haptic feed-
back through a braille display. Beyond its main functionalities, the 
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system also offers light- and dark-mode toggling and allows users to 
control interface text size via their browser’s font settings, enhanc-
ing readability. Designing a system compatible with the assistive 
technologies users were already comfortable with seemed to be 
advantageous to us. The decision to focus on screen reader accessi-
bility and, for instance, to not integrate a feature for voice input, was 
influenced by the need-finding interviews, as many participants 
reported using their own specialized speech synthesis software, 
and we wanted to avoid potential interference. Users can therefore 
interact with the chatbot through text or braille input. While direct 
voice input isn’t integrated, some participants utilized personal 
speech-to-text software to interact with the LectureAssistant via 
voice. 

4.3 Iterative Feedback Loop 
After implementing the core features, we conducted user feed-
back sessions with two people to refine the prototype based on 
human-centered insights. We chose an iterative design protocol to 
implement and test the prototype with the features that stemmed 
from the need-finding interviews. In this phase, we had a concrete 
plan for what we were going to design, so open-ended co-creation 
was not seen as a suitable paradigm. The first participant, P13, is 
blind with no light perception and uses a screen reader and a braille 
display. The second participant, P14, has low vision with a visual 
acuity of approximately 10% and works visually with magnification 
software. These sessions aimed to collect feedback from users with 
diverse visual needs, ensuring screen reader accessibility on the 
one hand, and better visual readability on the other. We encouraged 
participants to think aloud during the exploration of the prototype. 

4.3.1 First feedback round. Feedback from P13 was mainly related 
to the navigation of the screen reader. Despite the fact that most 
elements were already well accessible via screen reader, some screen 
reader notifications were still missing. We therefore added improved 
labeling to notify the user, for example, when the video jumped to 
a different chapter. 

P13 also gave suggestions on useful shortcuts for video naviga-
tion. We implemented shortcuts in order to start and stop the video 
or search forward and backward, regardless of whether the video 
was in focus or not. In addition, it was suggested to implement 
a shortcut to switch between the three main windows, which we 
then realized with the shortcut "Ctrl + 1". 

Furthermore, P13 expressed the wish for a copy function for the 
chatbot responses, which we therefore added to the prototype. 

During testing the prototype, P13 expressed that allowing video 
navigation through the transcript chapters would be very beneficial 
for more efficient video navigation. We integrated this idea by a 
"Video Control" button to the right of the chapter header, which 
enables to navigate the video to the beginning of the corresponding 
chapter. 

Feedback from P14 was mainly about simplifying the user inter-
face. The three windows of chatbot, transcript and video, should not 
necessarily be displayed at the same time, but preferable only two 
windows appear next to each other for more clarity and simplicity 
in the interface. The user should be able to choose the displayed 
windows. In order to meet these criteria, we changed the layout 
of the user interface by arranging two columns next to each other, 

such that only two windows are displayed at a time and the third is 
displayed at the bottom. Switch positions of the windows, to bring 
a different window into focus, is enabled by dragging one window 
to the position of another and dropping it there. 

Furthermore, P14 suggested that windows should be resizable so 
that magnification software can be well applied. If the window is, 
for example, already large and not resizable, some of the text will 
be out of focus when zooming in. 

4.3.2 Second feedback loop. Prior to the final evaluation of the 
prototype, we made the web application available to P13 and P14 
for a second feedback. P13 still identified some minor accessibility 
issues with the transcript’s chapter headers, suggesting to mark 
them with appropriate HTML header tags. Additionally, P13 noted 
that the prototype lacked a mechanism to quickly navigate the 
transcript to the current speaker’s position via screen reader. To 
address this, we implemented a focus mechanism for screen reader 
users, directing them to the current spoken words. However, the 
evaluation section will discuss the need for a more nuanced and 
cautious approach to this feature, as the forced focus interfered 
with the navigation of the application. 

P14 was satisfied with the implemented version and had no 
further suggestions. 

After the second feedback loop, main suggestions made by the 
two participants were addressed, such that we decided to proceed 
with the evaluation of the prototype. 

5 Part 3: Evaluation of LectureAssistant 
This study aims to address RQ2, that is, how LectureAssistant is 
perceived by students who are blind or have low vision. We were 
particularly interested in how they think about the prototype with 
respect to accessibility, usability, and ease of use. We start by de-
scribing the evaluation procedure and then move on to the analysis 
and findings of participants feedback. The evaluation should be 
seen as an initial assessment of the prototype in its early stage. 
Thus, we were especially interested in qualitative user feedback 
and did not incorporate any quantitative methods. 

5.1 Participants 
We contacted the participants of the need-finding interviews who 
had agreed to contact them again for evaluation. Seven of these 
participants (P1, P2, P3, P5, P6, P9, P11) participated in the eval-
uation (see Table 1). Two of the students use screen reader and 
braille display only, where the others work to some extent visually 
and with screen reader. Participants could participate in person or 
remotely using BigBlueButton [10]. Given our focus on qualitative 
feedback, we assume, in line with Braun and Clarke [15], that this 
sample size is appropriate, as we have observed that after some 
initial interviews, student feedback tends to converge and there are 
no significant new findings. 

5.2 Procedure 
For the prototype test, we made the web application available via a 
password-protected URL to make remote testing possible. A detailed 
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testing protocol was prepared to ensure a standard testing proce-
dure, which included the following phases: (1) pre-study prepara-
tion, (2) demographic questions and experience, (3) familiarization, 
(4) prototype testing, and (5) post-study interview. 

5.2.1 Pre-study preparation. Participants received study informa-
tion and data protection information prior to the test. They had the 
choice to select a lecture video that was used for the application 
or choose a topic with which they are familiar to avoid unfamiliar 
content. 

5.2.2 Demographic questions and experience. First, we asked par-
ticipants questions about their demographics, their use of assistive 
tools, and their experience with AI-based systems and video plat-
forms. The full list of questions can be found in the Appendix B. 

5.2.3 Familiarization. The application was then explained in detail, 
including the available shortcuts. The participants could explore 
the application freely for about 10 minutes and ask questions at 
any time. In addition, we encouraged participants to think aloud 
and share their thoughts at any time. 

5.2.4 Testing of the prototype. After familiarization, we asked the 
participants to perform specific tasks to ensure that important func-
tions were tested. The following tasks were included: (i) navigate 
the video roughly to the middle and start and stop the video there, 
(ii) ask the chatbot two or three questions about the current video 
frame, (iii) activate the ’Video Control’ mode of the chatbot and 
ask the chatbot a question in order to test whether the video jumps 
to a position that fits to the question, (iv) navigate to the transcript 
window and navigate the video to an arbitrary chapter through the 
’Video Control’ of the chapter, and (v) test whether the text of the 
chapter is accessible. 

5.2.5 Post-study interview. After the testing, we provided open-
ended questions to obtain detailed feedback, to answer RQ2 about 
how participants perceive LectureAssistant in terms of usefulness, 
accessibility, and ease of use. The complete list of open feedback 
questions is shown in Table 2. 

5.3 Analysis of Feedback 
We conducted a content analysis [60] to systematically analyze 
user feedback, using the following deductive categories: (C1) Initial 
General Impressions, (C2) Experienced Barriers, (C3) Comparative 
Analysis, (C4) Perceived Utility, and (C5) Improvement Suggestions. 
The deductive categories were derived from open-ended feedback 
questions to capture user experiences relevant to RQ2. Table 4 
shows how the categories relate to the questions. 

5.3.1 Coding process. The interview transcripts were coded by 
the first author only due to limited project resources. The coding 
process and the categories are described in the following. 

The first category, Initial General Impressions (C1), acknowl-
edges the significant impact of initial impressions on user percep-
tions, as highlighted, for example, in [47]. It is directly based on the 
first open feedback question. This category captures users’ imme-
diate reactions and general feelings about the tool’s features. 

The second category, Experienced Barriers (C2), is about obsta-
cles encountered by participants. Although open feedback questions 

Table 2: Post-Study Interview: Open Feedback Questions for 
Evaluation of Prototype Study (translated from German) 
with the corresponding deductive categories for content anal-
ysis. 

No. Questions Derived 
Category 

1. What are your thoughts on the features of 
the tool? 

C1 

2. Have you experienced any specific barriers 
while using the tool? If so, which ones? 

C2 

3. How easy or difficult did you find the navi-
gation of the application? 

C2 

4. Do you find the tool to be beneficial or hin-
dering in terms of accessibility? How so? 

C4 

5. How helpful do you find the application’s 
features in relation to your studies? 

C4 

6. Do you think the application helps to com-
plete tasks or review faster? 

C4 

7. How do you assess the range of functions 
and what additional functions would you 
like to see? 

C4 

8. Do you think you would use the application 
more frequently? 

C4 

9. Where do you see differences compared to 
other lecture platforms or video platforms? 
Are there advantages/disadvantages? 

C3 

10. How did you like the image descriptions 
provided by the assistant? 

C5 & C4 

11. How did you perceive the chatbot? How 
well did you find its responses? 

C5 & C4 

12. Do you have any general improvement sug-
gestions? 

C5 

13. Do you have any other general comments? C5 

already specifically include a question about navigational barriers, 
the other two subcategories Visibility and Perception were derived 
after going through the data. Navigation barriers refer to barriers in 
finding specific functions or moving through the interface (e.g., ’It 
did not work to navigate to the video’). Visibility barriers relate to 
issues in the visual presentation of the application (e.g., ’The boxes 
were too small’). Perception barriers refer to barriers in perceiving 
changes or notifications of the application (e.g., ’I did not get a 
notification when the answer had been generated’). 

The third category, Comparative Analysis (C3), collects ad-
vantages and disadvantages compared to other video platforms 
that users already know. The Diffusion of Innovations Theory, in-
troduced by Rogers in 1962, states that the relative advantage of 
an innovation influences its adoption [85]. Therefore, it is an im-
portant factor whether users think that the application offers any 
advantages compared to the status quo, which influences whether 
they will adopt the innovation [85]. 

The fourth category, Perceived Utility (C4) intends to help un-
derstand users’ beliefs about the ability of the prototype to improve 
their productivity, the envisioned benefits, and the hypothetical 
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frequency of use. After going through the first three interviews, 
the categories were revised and questions 4-8, as well as aspects of 
the answers of questions 10 and 11 were merged into this category, 
similar to the construct of Perceived Usefulness of the Technology 
Acceptance Model (TAM), introduced by [24]. 

Finally, the fifth category, Improvement Suggestions (C5), 
collects user suggestions for improvement. Consistent with the sub-
categories of the Experienced Barriers category, we initially divided 
into the same sub-categories Navigation, Visibility and Percep-
tion, as before. Recognizing the specific importance of the AI chat-
bot within the prototype, we additionally included a sub-category 
for AI Chatbot specific suggestions, allowing for a focused analysis 
of feedback related to this key feature. After revising and finalizing 
of categories and subcategories, the remaining interviews were 
worked through. 

The codes are finally analyzed in the next section. 

5.4 Findings 
In this section, we present the results of the content analysis of the 
evaluation. 

5.4.1 Initial General Impressions. The participants generally had 
positive impressions of the application, stating, for example, that 
"this is completely new. I think you can make a lot out of it" (P2) 
or "I would have really liked that in Corona times" (P6). Four par-
ticipants (P6, P2, P1, P5) highlighted the usefulness of the video 
control function to search within the video using the AI bot. P1 
and P6 expressed to find the shortcuts intuitive and easy to use. 
Other comments included appreciation for automatic generation of 
chapters and chapter headings (P2, P1). 

5.4.2 Barriers. Participants who work visually primarily men-
tioned visibility issues, those who use screen readers reported more 
navigation and perception barriers. Although not directly a barrier 
of the prototype, we note that there were also concerns about struc-
tural barriers such as data protection issues or the lack of lecturer’s 
willingness to upload their videos. 

Visibility issues. These included poor contrast (P11, P3), small 
box sizes (P3), difficulty finding video control elements (P5), and 
challenges to get an overview of the application (P9). 

Navigation barriers. Screen reader users reported that a forced 
focus on the transcript blocked other functions (P1, P5, P9). Some 
participants suggested implementing a shortcut to jump to the 
current position in the transcript and removing forced focus. In 
addition, screen reader users mentioned unexpected jumps during 
navigation (P2, P9) and difficulties in navigating the video (P5). 
Furthermore, the transcript area was difficult to access (P2, P5) and 
the video slider was not easily usable via screen reader (P2, P9). 

Perception barriers. Participants encountered the lack of audio or 
tactile feedback during AI responses (P2) and the lack of notification 
for slide switches (P1). LectureAssistant therefore needs further 
improvement to provide multi-modal feedback for all features. 

5.4.3 Comparative Analysis. All participants saw advantages of 
the application compared to common video platforms for lectures 
they have used. P6 and P11 stated that it is more clearly arranged. 

P2 stated that the AI chatbot with the video control function is a 
great advantage because "YouTube is a good place to watch a video. 
But as soon as the video is longer than about 20 minutes, it becomes 
super difficult to search or navigate through it.". Regarding YouTube, 
P1 stated that while it is well accessible, it is usually not chosen 
for lectures. Other points mentioned were that in contrast to other 
platforms visual elements are made accessible (P3, P5) because "on 
other video platforms, you just don’t have access to the visual content 
at all" (P5). Furthermore, chapters are automatically generated and 
allow efficient navigation (P9), and finally, as P1 stated, "the biggest 
difference is that it works for blind users.". 

This suggests that the application is generally considered an 
improvement in comparison to other video platforms for lectures, 
indicating that participants perceive the application as more accessi-
ble and perceive its features as helpful. As Diffusion of Innovations 
Theory suggests, this is an indicator of whether potential users are 
motivated to adopt a new innovation or not [85]. 

5.4.4 Perceived Utility. Although all participants stated that they 
saw the potential of LectureAssistant to be beneficial, some stated 
that the testing time was too short to evaluate this well (P11, P5, P9). 
For instance, P9 stated "I don’t think even a few hours are enough 
[for] test applications... And then somehow you realize that this seems 
great, but it is not. That is why I am perhaps a bit more technically 
critical. I honestly see a lot of potential there.". Similarly, regarding 
the question whether the participant thinks to use this tool more 
frequently, all stated either they would clearly use it (P6, P11, P2, 
P3) or they would use it under some conditions such as that the 
AI chat should work more reliably and have an explicit function 
to reliably retrieve text on the current video frame (P2), or that it 
depends on whether the tool conforms to data privacy standards 
and is openly available (P5). P9 formulated the wish to further try 
the tool out. Most of the participants expressed that the application 
would be useful for their studies. P1 said "I think it is really good 
that there is something like that now. And I would have liked that 
during my studies. Especially for the transcript and for jumping in 
the video. That would have been great. And if it worked really well, 
so that the AI would not use the wrong tool, then I would have used 
it a lot." . Similarly P2 stated that "as long as there exist videos for 
lectures, I would use this platform for it, I guess". 

5.4.5 Improvement Suggestions. Four participants (P6, P11, P2, P5) 
suggested a feature to upload their own videos to be independent 
of lecturers or to work with openly available videos within the plat-
form. Other feedback is divided into the subcategories AI Chatbot, 
Navigation, and Perception. 

AI Chatbot. The AI chatbot was in general easy to understand 
(P9, P11) and the participant "actually felt personally addressed some-
where" (P9), it was perceived as "not very casual or too complex (P11), 
"actually pretty good, somehow not artificial, or not extra complicated 
scientific" (P9), or "quite good" (P3). However, others felt that it 
was limited in understanding the intent of the user or in language 
capabilities (P2, P6, P5). During testing, the chatbot occasionally 
misidentified user intents and called the wrong tool, leading to un-
expected answers. To address this issue, P1 suggested introducing 
short keys to call agent tools more reliably. Furthermore, partici-
pants sometimes asked questions that the chatbot could not answer 
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with its available tools, and it was not clear to users why this was 
the case. Understanding how the chatbot works could help users 
adapt their prompts and align them with the chatbot’s capabilities, 
as stated by P1. These comments indicate that the chatbot’s func-
tionality should be made more transparent to users. Furthermore, 
it was suggested that the chatbot should have a specific optical 
character recognition (OCR) function to retrieve only the text of 
the video frame, without the danger that the LLM paraphrases 
it (P1). P5 suggested that the video control function of the chat-
bot should allow for more specific user requests allowing it, for 
example, to search a topic within the first half of the lecture or 
towards the end. This would contribute to a more efficient search. 
P11 and P2 wanted chat history storage to avoid the need to retype 
questions after browser reloads. Other wishes included chapter 
summaries by AI chatbot (P11), AI-generated exam study questions 
(P6), and automatic video frame overviews (P11). Many suggestions 
aim for a more personalized and efficient learning experience with 
an effective and reliable chatbot interaction. 

Concerning specifically the image descriptions of the chatbot, 
P2 stated that the image descriptions were just right from the level 
of detail and just as a person would describe it. However, for many 
participants, they were not detailed enough and too condensed 
(P1, P9, P3). P11 and P5 stated that the descriptions should include 
more context-relevant information. Furthermore, the model some-
times described things that were actually not in the video frame, 
a phenomenon known as ’hallucination.’ P5 and P6 stated that it 
should work more reliably, especially for handwritten board notes. 
In order to increase the perceived usefulness of the tool, improv-
ing the reliability and context-awareness for image descriptions 
would be important. In addition, the personalization of the image 
descriptions could deal with different user preferences. 

Navigation. P1 expressed a desire to extend the video control 
function for the chapters, allowing jumps to specific video posi-
tions via text blocks within the chapters. Furthermore, optimizing 
navigation using arrow keys was suggested (P1). During testing, 
we focused on screen reader navigation using the ’Tab’ key. How-
ever, P1 noted that the navigation order differs between ’Tab’ and 
arrow keys. P5 recommended improving the navigation to the last 
chat message, as the screen reader consistently navigated to the 
first message instead. This did not happen in all tests, suggesting 
compatibility issues for different browsers and screen readers. Im-
plementing these suggestions would primarily improve ease of 
use. 

Perception. P1 suggested adding a signal tone when the slide 
in the video changes, addressing the challenge of keeping track 
of the current slide. Similarly, P11 recommended including a brief 
slide overview in parentheses within the transcript when the slide 
changes. Another suggestion was a tone or tactile feedback as long 
as the AI is generating its answer (P2). All of these suggestions are 
derived from a lack of adequate feedback on what is happening 
visually. This underscores that developers should always provide 
multimodal feedback to ensure that all users receive the necessary 
information. Some screen readers did not automatically read the 
new AI-generated answers, leading P2 to suggest implementing a 
more robust toast message or using an independent text-to-speech 
function. However, there was no consensus among participants on 

this, as a separate text-to-speech function could interfere with the 
screen reader, potentially causing irritation. 

6 Discussion 
In this paper, we explore the potential of an AI-assisted lecture 
tool to increase accessibility of lecture videos for students who are 
blind or have low vision. Here, we first answer research questions 
and then reflect on the challenges and opportunities of assistive 
technology in higher education. 

6.1 RQ1: How Do Students Who Are Blind or 
Have Low Vision Envision Using AI 
Technology to Support Their Academic Life? 

In summary, the participants of our study envisioned the use of AI 
technology to customize lecture content, interactive engagement 
with the lecture, as well as synchronization and connection of 
different information sources. 

Customazibility of material. The study highlights the partici-
pants’ wish for customizability of lecture content, where AI assis-
tance could help to automatically adapt visual, but also alternative 
representations of lecture material to user needs. Lecture material 
should be made accessible via different modalities and tools, such 
as a screen reader, braille display, or magnification software. The 
participants envisioned that AI could personalize alternative text 
descriptions of images or automatically adapt lecture material. The 
personalization of image descriptions is not addressed yet by the 
current prototype. User preferences differ, which also depends on 
the context in which an image is provided as worked on by [52, 77] 
has analyzed. Users could potentially control both the level of detail 
and semantics through the application interface options or by spec-
ifying their general image description preferences to an AI chatbot 
during onboarding. 

Interactive learning and engagement. AI can help create an inter-
active learning experience that allows the user to pose questions at 
any time and engage in discussions about the material. The partici-
pants envisioned using an AI chatbot to query the lecture or get 
information about visual material. As the evaluation of LectureAs-
sistant made apparent, the participants wished for an even higher 
degree of interactivity, as currently implemented. This could be 
achieved with additional modes, such as a testing feature in which 
the AI generates exam questions, as suggested by a participant. 
Interactivity can increase the student’s motivation as shown, for in-
stance, by [8]. Therefore, all students would benefit from increased 
interactivity. In particular, for students who are blind or have low 
vision, it helps to mitigate visual information gaps. 

Synchronizing and connecting different information sources. Fur-
thermore, participants in the study envisioned using artificial intel-
ligence to connect different sources of information, which could, 
for example, help them keep track of where the lecturer is pointing 
on the slide or when the slide is changing. They also saw poten-
tial to use AI for automated note taking, which could be used to 
connect the lecture slide’s content with the lecturer’s comments 
on it. The connection of information sources of LectureAssistant 
could still be extended as highlighted in the open feedback. For 
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instance, one participant suggested using an auditory cue for slide 
changes, while another proposed incorporating annotations within 
the transcript to indicate changes in the video’s visual content. A 
similar feature was implemented by [64], as discussed in the related 
work section. Integrating such a functionality into LectureAssistant 
appears beneficial to participants, related to Perception Barriers 
reported in Section 5.4.2. 

6.2 RQ2: How do Participants Perceive the 
LectureAssistant Prototype? 

In general, the prototype was perceived by participants as useful, 
accessible, and easy to use. However, they noted that issues such as 
lack of reliability and navigation barriers limited perceived utility 
and accessibility to some extent. We subsequently discuss RQ2 in 
more detail with regard to usefulness, accessibility, and ease of use. 

Usefulness. Regarding the perceived usefulness of LectureAssis-
tant, all participants reported that they found it beneficial or rather 
beneficial, with the limitation that for some testing time felt too 
short to evaluate the prototype in depth. During the evaluation of 
LectureAssistant, it became apparent that the current state of the 
prototype has limitations regarding reliability, context awareness, 
and level of detail for image descriptions. From the participants’ 
perspective, a crucial factor for a regular use of the prototype would 
be the ability to reliably extract text from video frames and provide 
accurate qualitative image descriptions. We concur that achieving 
this reliability is a significant challenge, particularly for smaller 
open-source VLMs prone to hallucinations. Although research aims 
to address this issue [35, 82], hallucinations remain an open chal-
lenge. If users cannot independently verify the output of VLMs, 
their use should be carefully considered, especially within academic 
contexts. 

Accessibility. Although participants generally perceived the pro-
totype as accessible, there were still some barriers that participants 
reported. These included visibility issues for video control elements 
or buttons and navigation barriers, such as difficult navigation to 
the video or the transcript. Accessibility standards such as WCAG 
2.0 [19] are dynamically evolving, and new technologies or applica-
tions can introduce novel barriers, as described by [13]. Although 
this study provides initial information, a larger and more diverse 
sample would be needed to comprehensively assess the general 
accessibility of the application. Furthermore, initial training for 
LectureAssistant could significantly enhance its accessibility. This 
recommendation emerged from the feedback of a participant and 
aligns with [19]’s observation that a lack of training for assistive 
technology often hinders accessibility. 

Ease of use. Regarding the ease of use of LectureAssistant, most 
of the participants found it intuitive, particularly highlighting the 
helpful shortcuts and the clear layout of the user interface. However, 
several improvements should be made, specifically in relation to 
seamless screen reader navigation. In addition to human-centered 
development, further research could also look at the principle of 
affordance [61], which states that the functionality of interactive 
elements should be self-evident to the user, minimizing the need 
for explicit instruction and increasing ease of use. 

6.3 Reflection on Challenges and Opportunities 
of AI Technology to Increase Accessibility of 
Higher Education 

This section reflects on the potential and challenges associated 
with the introduction of artificial intelligence technology in higher 
education addressing students who are blind or have low vision. We 
consider the factors that influence the successful application of AI 
technology. Furthermore, we discuss the importance of embedding 
AI technology in a wider effort to provide more inclusive lectures. 
Finally, we reflect on the social implications that AI technology 
may have in this context. 

6.3.1 Sociotechnical factors influence the success of AI.. AI tech-
nology offers significant potential for automating the creation of 
accessible lecture material and to enable interactive engagement 
and efficient querying of lecture material using chatbots. Partici-
pants in our study were generally optimistic that AI technology can 
increase accessibility to lecture material and offer helpful assistance 
(see Section 3.2). However, while AI was seen as a promising tool 
for accessible learning, its practical impact was perceived as con-
tingent on content availability. Here, participants raised concerns 
about the willingness of the lecturers to upload digital material (see 
Section 5.4.2). To address this, numerous participants emphasized 
that the value of LectureAssistant would be greatly improved by 
allowing users to upload their own video content, increasing user 
agency, and broadening the applicability of the system. Finally, we 
note that previous work has highlighted that AI literacy and tech-
nology skills are a key determinant of successful integration of AI 
technology [30, 70]. Thus, both students and lecturers need to be 
aware of potential issues and scope of a specific chatbot. 

6.3.2 AI technology is not a replacement for inclusive lectures. There 
is a risk that AI technology is seen as an opportunity to delegate 
efforts to make lectures accessible. We want to note that the develop-
ment of assistive AI technology should not be seen as a replacement 
for the creation of inclusive lectures, but should go hand in hand 
with general efforts to speak in an inclusive way, echoing previous 
findings on the use of assistive technology in classroom settings 
[17, 33, 55]. For example, to facilitate equitable access of students 
who are blind or have low vision to live lectures - which are a 
unique experience - lecturers should be trained in steps they can 
take to be more inclusive, for example by proactively offering verbal 
descriptions for images and explicitly reading formulas written on 
the board [65, 83]. An approach to automatically generate feedback 
for lecturers on how well they describe visual elements is presented 
by [65]. Having assistive AI technology should therefore not pro-
vide an excuse to not reflect on the diverse needs of students, and 
we encourage critical reflection on the fact that the heavy reliance 
of higher education on visual communication is inherently exclu-
sionary [25]. Therefore, assistive AI technology should only be 
seen as a tool to mitigate barriers, but not as the only component 
to achieving inclusive higher education. 

6.3.3 Social implications of AI technology in education. As a soci-
ety, we should also carefully consider how assistive AI technology 
affects the isolation of students who are blind or have low vision. 
In particular, increased interaction with technology could reduce 
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interpersonal interactions and participation in traditional lectures, 
and classroom use of such systems can be seen as stigmatizing. 
Here, work by [75] that addresses social accessibility of assistive 
technology argues that it should be ’built into mainstream tech-
nology’ to increase acceptance and lower risk of social stigma. As 
LectureAssistant focuses on self-study before or after lectures for 
now, the risk of technology interfering in live interactions is not 
as high. However, the tool could be extended for real-time lecture 
assistance, a feature that was also of interest to some participants in 
our study. Here, future work must explore how to achieve suitable 
integration into classrooms and lecture halls. 

7 Limitations and Future Work 
There are a few limitations that we want to acknowledge. Although 
the prototype was developed and tested with VoiceOver [5] and 
NVDA [1] with Google Chrome as a browser, it was not optimized 
for the full spectrum of screen readers and browsers. We made a 
conscious decision to allow participants to use their own setups, in-
cluding preferred browsers and laptops, to facilitate realistic remote 
testing and to reach more participants. Therefore, performance vari-
ations based on browser and screen reader type could have affected References 
user study outcomes. Likewise, men were overrepresented in our 
sample, which needs to be addressed in future studies to include 
more women and non-binary people. We acknowledge that a self-
selection bias cannot be excluded, such as some reason why male felt 
more motivated or comfortable to participate in the study. Overall, 
for stronger conclusions about usability and technology acceptance 
of our prototype, a longer testing phase would be required, ideally 
over a whole semester, where users can get used to LectureAssistant 
and use the tool with their own study materials. Furthermore, a 
larger sample could provide more diverse information on different 
challenges and needs with respect to different types or degrees of 
visual disability, various study subjects, or learning preferences. 
A larger sample would also give the opportunity to incorporate 
quantitative metrics about, for example, usability or technology 
acceptance [24]. 

Another potential limitation might arise from the repeated partic-
ipation of participants. We invited participants from the interviews 
to the final study to assess how well our prototype addressed their 
visions, aligning with our iterative design approach. We cannot 
rule out the possibility that they were biased, for instance, by liking 
the prototype more because it originated from their ideas. 

Finally, although AI assistance in the form of an LLM and VLM-
based chatbot can help derive alternative text descriptions, it only 
offers a linear content representation, which may lack efficiency. 
Visual representations usually convey lots of information in parallel. 
To address this, research should not neglect to investigate and 
search for alternative representations such as haptic representations 
for graphs [53, 57]. This is also an interesting avenue for future 
extensions of LectureAssistant. 

8 Conclusion 
This paper presented a prototype design process centered on the 
needs of students who are blind or have low vision for an AI-
assisted lecture video platform. Our initial need-finding interviews 
revealed that participants perceived significant potential in using 

AI technology to improve accessibility in education, offering con-
crete suggestions by students for its implementation. Subsequently, 
during the testing and evaluation of our prototype, participants 
expressed overall positive feedback, finding it easy to navigate and 
with a clear layout. In particular, the AI chatbot function for the 
in-video search yielded the most enthusiasm. Future development 
iterations should prioritize improving the quality and adaptability 
of AI-generated image descriptions and ensuring compatibility with 
diverse screen readers to maximize the usability and accessibility 
of such a system. 
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A Semi-Structured Interview Questions 

Table 3: Semi-Structured Interview Questions (Translated 
from German) 

No. Questions 
1. Could you please tell me what your current field of study 

is and how long you have been studying? 
2. What is your visual acuity? 
3. Can you please describe your study life? Sub-questions: Do 

you usually attend lectures in person, online, or a combi-
nation? What study formats do you usually have? What 
types of study material do you use? Are there any assistive 
tools that you regularly use? 

4. Do you face any challenges in your study life? 
5. What, in your perspective, should be done to make your 

study life more inclusive and accessible? 
6. Are alternative text descriptions for images usually pro-

vided to you? Sub-questions: If they are provided, how 
would you generally rate their quality and usefulness? 

7. Do you use large language models like ChatGPT for study-
ing? Sub-questions: If yes, how helpful do you perceive the 
use of it? Have you encountered any accessibility barriers 
using it? 

8. Do lecturers usually present or teach in an inclusive way? 
How accessible do you find the lecture material that is 
provided to you? 

9. Considering an AI-assisted tool designed to support you 
during lectures, do you believe such a tool could be bene-
ficial? In what specific contexts or aspects of lectures do 
you think AI assistance could be helpful? Do you have any 
concrete ideas or features you would wish for regarding 
an AI-assisted tool? 

10. We plan to implement a prototype based on this interview 
study and then evaluate it. Would you be open to participate 
in the evaluation study again? Could we contact you a 
second time for that? 

B Survey Questions for Evaluation 

Table 4: Pre-Survey of Prototype Evaluation (Translated from 
German) 

No. Questions 
1. What is your age? 
2. What is the gender you feel you belong to? 
3. What are you studying and for how long? 
4. What is your visual acuity? 
5. Are there video platforms for lectures that you use or are 

familiar with? If yes, which one? What is your typical 
workflow? 

6. Do you use large language models like ChatGPT? If yes, 
how often? For what? 

7. Do you work with a screen reader, visual aids, or both? 
If a screen reader, which one do you use and with which 
browser? If visual aids or both, do you use magnification 
tools? Which ones? 
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