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Figure 1: A depiction of the process of using a image recognition app, how visual explainability methods are flawed for the
primary target userbase of such applications, and how verifiability remains a problem with language descriptions.

Abstract
Artificial intelligence systems are widely used by people with sen-
sory disabilities, like loss of vision or hearing, to help perceive or
navigate the world around them. This includes tasks like describing
an image or object they cannot touch, reading documents, automati-
cally captioning speech, and so on. Presently, models used for these
tasks are based on deep neural networks and are thusly black boxes.
Explainable AI (XAI) describes methods that can explain why a
model gave the output it did. However, existing XAI methodologies
are rarely accessible or designed with disabled users in mind. In
this paper, we survey existing work in XAI with a focus on human-
centered and accessibility-centered approaches or evaluations. We
show that there is next-to-no XAI work that accounts for people

This work is licensed under a Creative Commons Attribution 4.0 International License.
CHI EA ’26, Barcelona, Spain
© 2026 Copyright held by the owner/author(s).
ACM ISBN 978-1-4503-XXXX-X/2018/06
https://doi.org/10.1145/3772363.3799105

with sensory disabilities, that many typical explanations are dif-
ficult for them to comprehend, and propose possible avenues for
future work in Accessible Human-Centered XAI.
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1 Introduction
Using Artificial Intelligence (AI), digital systems can now emulate
human behavior under a strict, narrow scope. For example, an
object recognition model, given an image of an object, can return
the name or description of that object, just like a person looking at
the picture could. Assistive devices and software designed today
regularly take advantage of these capabilities. An individual who
is blind or has low-vision (BLV) could use such a model to “see”
nearby objects without having to touch and feel them. Apps such as
Seeing AI 1, Lookout 2, Envision 3, and TapTapSee 4 all use AI. These
are not niche applications either — Lookout and TapTapSee both
have over 500k downloads on Android devices, while the other two
have over 100k downloads.

Similarly, an individual who is deaf or hard-of-hearing (DHH)
can use a speech captioning model to convert spoken language that
they can’t hear to written language that they can read. Otter 5 is the
most widely used standalone app for this (with north of 5 million
downloads on Android), but most modern devices and video calling
software now also have built-in closed captioning.

How does one know if the output of a model is accurate or
reliable? One way is to have an intimate knowledge of how the
model was designed and trained. The other way is to study the way
the model processes an input and arrives to a particular conclusion.
’Interpretability’ and ’Explainability’ both cover this from different
perspectives — Interpretability focuses on understanding how the
model works in a way that machine learning practitioners can use
the insights [31]. Explainability attempts to describe or exhibit the
model’s behaviour in such a way that a layperson can understand
how themodel works to some extent [14]. Explainability is generally
post-hoc, which means there is no need to dive into a model’s
internals or design processes to understand it.

Explainability methods like SHAP [35] or LIME [42] explain the
outputs by listing how important the different components of the
input (a.k.a. features) were for the final output. However, this is only
feasible for inputs with few features, such as a table of values. CAM
or GRAD-CAM [43, 55] are more useful for the object recognition
models typically used in apps for BLV users; they generate a ’heat
map’ overlaid on top of the original input, showing which parts of
the image were used to recognize the object.

At this stage, one can recognize the obvious issue: GRAD-CAM
points to different parts of the image. But someone who is blind or
low-vision may not be able to perceive the image in the first place.
The explanation is useless to them! There’s a perceptual gap created
by the fact the inputs and explanations are both in a particular
modality, while the user’s perception or mode of sensing isn’t.

Users without any sensory disabilities are always able to exam-
ine the input to determine if a model is reliable or not [8, 17, 24].
But disabled users are typically unable to do that without external
support [3], which is a major blow to their independence. To make

1https://www.seeingai.com/
2https://play.google.com/store/apps/details?id=com.google.android.apps.accessibility.
reveal
3https://www.letsenvision.com/
4https://taptapseeapp.com/
5https://otter.ai/

matters worse, the majority of the applications listed above are pro-
prietary, so it is also not possible for external reviewers or auditors
to analyze these models either.

Explainability is also crucial for accountability [4, 13]. If an AI
system makes a mistake, who is at fault? The designers of the
system for not making it sufficiently robust? The user for using it
in scenarios it was unintended for? The annotators further up in
the pipeline for inaccurately labelling the training data? The blame
game is an easy one to play, but without any explanation for the
model’s behaviour it’s also a fruitless endeavour. And once again,
disabled users are unable to make effective use of this facility.

Hence, we ask two questions:
RQ1: To what extent does existing work in Explainable AI support

or center the needs of users with disabilities?
RQ2: How can researchers in Accessibility and Explainable AI

work together to improve the accessibility and usage of XAI
in assistive technologies?

To that end, we survey existing literature in Accessibility and
XAI to understand where researchers have highlighted such con-
cerns previously. We find only a handful of works have considered
this problem, and that there has been almost no work done on
integrating Accessible XAI in assistive technology. Following the
survey, we offer some suggestions on how can XAI methodology
be made more accessible.

Broadly, we offer a provocation to Explainable AI: How can peo-
ple participate as shareholders by acknowledging explanations and
contest errors in AI outputs when they are incapable of perceiving the
ground truth?

1.1 Explainability and Accessibility
Theways in which XAI fails people with disabilities may not be intu-
itive to abled people. Before focusing on the two research questions,
an accounting of existing XAI methods, the scenarios where they
are commonly applied, and how they fail people with disabilities,
is needed.

1.1.1 Explaining Vision. Vision, both as a modality and as an ac-
cessibility problem, is more thoroughly represented than any other.
A majority of accessibility work is done for the benefit of BLV peo-
ple [36], and a majority of research into human senses in general
also focuses on visual perception [26]. An extremely wide body
of research exists on Visual XAI, arising mainly from the original
CAM paper, such as GradCAM, SmoothCam, ScoreCAM, Layer-
CAM [27, 39, 43, 50]. An alternative are Prototypes [12, 18], which
take parts of the original input directly rather than generating heat
maps. Visual models also easily lend themselves to counterfactual
explanations [10, 49].

BLV users are excluded from almost all of those aforementioned
methods, since they can perceive neither the original image, nor the
generated heat map or prototype. Existing apps for BLV users tend
to rely on uncertainty percentages, which don’t ’explain’ much [3].
That said, there is one method they aren’t excluded from: Language.

Visual models can also have language-based explanations [23],
as shown in Figure 1. Language is versatile and can be expressed
in multiple modalities: visually (text), aurally (speech), and tac-
tilely (braille), making it uniquely suited to accessibility contexts.
However, they still have drawbacks — speaking can be slow, while
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braille displays are specialized devices not available everywhere.
Explanations can be unhelpful, focusing on the wrong details, or
simply be incorrect [11, 21, 46].

1.1.2 Explaining Speech and Language. There is not as much work
on the Explainability of speech and language models in general.
A wide range of tasks fall under this category: captioning speech,
describing or classifying sounds in general, or recognizing and
generating sign language.

For speech captioning, feature-based explanations are often used
[1], alongside breaking down individual phonemes [53]. Confidence
scores can also help give users some idea of which parts of the
captions are correct or incorrect [33], but there are challenges for
comprehensibility in real-world applications [5].

For audio descriptions, features, spectrogram images (which are
difficult for laypeople to parse), and language descriptions [2] are
used. Sign language is typically visual, so there’s no perceptual gap
for deaf users. However, deaf-blind users still face challenges, and
research on tactile sign languages is very sparse.

The perceptual gap in Audio XAI isn’t as severe as in Visual XAI.
Some existing explanation methods in audio, such as spectrograms,
are already visual rather than auditory. Reading text is also much
faster than listening to speech, so language descriptions work bet-
ter. That said, simply explaining isn’t the entire goal here: good
explanations can teach users how the models work, and very little
work has been done in this aspect for audio.

2 Previous Work
2.1 Search Methodology
ForRQ1, we focus our search on the ACMDigital Library, where the
major venues for disseminating accessibility and human-computer
interaction research publish their proceedings [36]. We select four
primary venues for accessibility research: ASSETS, TACCESS, CHI,
and TOCHI. Works that were published in other venues, were
known to the authors prior to the search, or were found in prelimi-
nary searches, are listed under ’Other’. We applied the following
filters progresssively, and Table 1. shows the resulting counts:

Access: accessib* OR disab* OR “impaired”
AI/ML: “machine learning” OR “ML” OR “computer
vision” OR “object recognition” OR “image caption-
ing” OR “automatic speech recognition” OR “ASR” OR
“speech synthesis” OR “natural language processing”
OR “NLP” OR “language model”
XAI: explainab* OR interpretab* OR “XAI”

Many of these papers simply use the term "explainable" or "inter-
pretability" in a way unrelated to AI, or mention Explainable AI as
a part of the introduction or background only. Hence, we manually
verified each result from the final XAI filter. Other terms related
to XAI, such as ’uncertainty’, ’calibration’ or ’trust’ returned too
many results to verify, and the majority were still unrelated to the
problem at hand. So, while there may be some gaps in our review,
it’s clear that both the Human-Centered AI and the Accessibility
communities at large have yet to focus on this intersection.

Other venues and workshops that focus on XAI or Accessibility
specifically [16, 48] also do not have any work relevant to the
accessibility of XAI.

Venue Access AI/ML XAI Verified
ASSETS 1,097 426 34 3
CHI 1,083 393 54 1
TACCESS 261 117 12 1
TOCHI 422 156 47 0
Other - - - 5
Total 2936 1,092 147 10

Table 1: Count of papers per venue based on the above filters.

2.2 Discussion
These results are unfortunate, but not unexpected. Previous work
[41, 45, 47] has shown only a small fraction of XAI research actually
validates their systems through user studies, and the intersection
of sensory disabilities and XAI is even more niche.

The closest work to this paper is a similar survey on Accessible
Explainable AI by Nwokoye et al. [38]. Compared to that survey,
we focus more more narrowly on the HCI and Accessibility com-
munities, while casting a broader net in terms of RQ1 — we also
discuss upstream problems that lead to the need for XAI, or parallel
works that help users understand the models without explicitly
using XAI methodology. As a position paper, we aim to also situate
this problem in the broader canon of human-centered XAI.

At first glance, [15] seems unrelated to accessibility. However,
it uses the example of BLV or DHH visitors experiencing cultural
heritages as a place where accessible XAI may be needed. Wolf and
Ringland [52] similarly notes that all explanations should be tailored
to specific audiences and use appropriate interfaces. Peixoto et al.
[41] both surveys XAI research and sets forth similar guidelines.

Both Alharbi et al. [3] and Fernando et al. [19] approach the
problem of trust and verifiability for BLV users of accessibility soft-
ware qualitatively. The interviewed participants highlight multiple
problems with existing applications: that they only express uncer-
tainty through a single ’confidence’ score value, and it takes a long
time or a lot of effort to interact with responses from the app. These
issues boil down to the fact that XAI methods are not designed for
users like them. Khan et al. [32] focuses specifically on the issues
brought up in the reviews of apps used by BLV users. While most
reviews are positive, some reviews also mention similar problems
with accuracy and the consequences of an incorrect output. Hong
and Kacorri [25] go into the details of how blind users handle er-
rors, and note how unsuitable existing XAI techniques are for blind
users.

ImageExplorer [34] uses scene graphs to break down images into
components for easier interrogation. This lets users interact with
the image and understand if an output from a model is accurate
or not. While not strictly using an XAI method, this approach is
similar to how abled users might interact with prototypical or heat
map explanations.

Finally, Peixoto et al. [40] directly engages with the problem of
XAI in Accessibility tools. They discuss how BLV users can interact
with audio descriptions as XAI for automatic video captioning, and
also survey existing work in sound-based XAI.

All of the above focus on visually-disabled users or visual models.
What about audio and speech? As mentioned in Section 1.1.2, audio
suffers from less of a perceptual gap. However, XAI is still both
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underutilized and understudied in this area, and a few works such
as [9, 30] have called attention to it.

3 Making XAI Accessible
In this section, we focus on RQ2 and offer some suggestions to
XAI, Accessibility and even Visualization researchers to help solve
the problems described so far. This is not an exhaustive list, and is
phrased as questions and suggestions for future research directions
that would improve the trustworthiness of assistive technology
that uses AI, allowing disabled users to maintain a greater degree
of independence.

3.1 What is Verifiable and what is not?
As Figure 1 shows, a language description may have some com-
ponents that can be verified using other senses (touch, hearing or
smell) while other components may be hard or impossible to verify
(background details or colour). The ’verifiability’ of a component
can also depend on the context. E.g., the background of an image
inside one’s own house is verifiable, but not of an outdoors image.

In the near term, future work could consider integrating the idea
of verifiability into multimodal models (Sections 3.2 and 3.5). In the
long run, we need to understand what people with sensory disabil-
ities consider ’verifiable’, and how to personalize such systems to
account for varying contexts, use cases, and individual needs.

3.2 Where do Language Descriptions fall short,
and how can they be improved?

Existing language descriptions rely on standard visual captioning
models, which are annotated by abled people. When used in ac-
cessibility applications downstream, they often veer away from
disabled users’ needs [20]. Gurari et al. [22]’s VizWiz dataset takes
a step in the right direction, involving disabled people in the data
collection part. However, the labelling and captioning afterwards
were still done by abled people.

In the near term, researchers should aim to simply create more
accurate vision-language models that give verifiable (Section 3.1)
descriptions, or emulate the perceptual experience of disabled users
better. In the long term, people with disabilities should be included
at every step of the process of training models, which means we
must design new interfaces and procedures for them to interact
with training data and model evaluations in detail.

3.3 Can XAI Visualizations be made more
Accessible?

Feature-based explanations are typically visualized as graphs or
charts [6], which can be effectively described [44]. Heat-map-based
visual explanations pose a greater challenge, but could be combined
with methods like [34] and [7] to create accessible explanations.

Many methods of visualization are now more accessible [25]. In
future research, we encourage Visualization, XAI and Accessibil-
ity researchers to collaborate and implement these advances into
existing assistive software or into the training process of machine
learning models.

3.4 Can better Explanations lead to better
Teaching?

Teachable AI describes systems that are designed from the ground
up to be personalizable to the needs of a very small group or even
a single individual [28, 29, 37, 51].

Since Teachable AI systems are not infallible, future work in
this area should consider integrating XAI into them. That would
both help disabled users better understand the cause behind those
failures [31] and ’teach’ the systems better, while also improving
education and trust about such AI systems in general.

3.5 Can Explaining Multimodal inputs improve
Trust and Verifiability?

People with sensory disabilities rely on multiple other senses. For
instance, A DHH person might feel vibrations on the floor, and
intuit someone’s running around nearby even if they cannot see the
other person. This principle can be extended to modern multimodal
models as well. Even tactile models [54] could be used here, basing
outputs off vibrations, impact, and the feel of different materials.

In future work, multimodal inputs can be a pathway to improving
verifiability (Section 3.1) in assistive technologies.

4 Conclusion
Many modern assistive apps and tools now use machine learning
models. Since these models are not always reliable, it is important
that users are able to understand the processes or verify the out-
puts. Explainable AI is the primary tool for solving this problem.
However, due to a perceptual gap, users with sensory disabilities
are excluded from most XAI methods.

Hence, we propose some general research directions focused on
two key points — that explanations and outputs should be designed
in such a way as to be verifiable by disabled users, and that disabled
users should be able to participate at all steps of the training pro-
cess of the models they will use. We hope this paper encourages
researchers to look deeper at the largely understudied intersection
of Accessibility and Explainable AI, to improve trust and reliability,
and allow people with disabilities to empower their use of assistive
technologies and maintain independent lives.
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