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Abstract

Understanding how algorithmic systems reinforce ableist
norms, structures, and beliefs can help reduce their harmful
impact on disabled people, and inform the development of
more inclusive technologies. Recent research has examined
the impact of algorithmic systems on disability communities
via fairness, structural and methodological lenses. However,
most prior work focuses on a particular algorithm system or
disability community. We lack a cohesive summary of harm
across individual (micro), community (meso), and societal
(macro) levels, as well as across different types of algorith-
mic systems. To bridge this gap, we conducted a systematic
review of literature (n=76) from human-computer interaction,
accessibility, and responsible Al venues. Applying the taxon-
omy proposed by Shelby et al., we annotated 175 instances of
harm and present a synthesized summary across the original
categories of representational, allocative, quality-of-service,
interpersonal, and societal harms. Additionally, we identify
three patterns of harm specific to the intersection of disability
and algorithmic systems. We connect these harms to existing
manifestations systemic ableism, concluding with a discus-
sion of challenges and potential pathways toward more equi-
table algorithmic systems.

Harm annotations table — https://bit.ly/disability-ai

Introduction

As adoption of algorithmic systems becomes increasingly
widespread, their impact on marginalized groups also ex-
pands in scope and complexity. Analyses of the sociotechni-
cal harms of such systems have primarily centered on axes
of race and gender (Buolamwini and Gebru 2018; Keyes
2018). In recent years, attention has also turned to iden-
tifying harms that impact disability communities (Bennett
and Keyes 2020; Whittaker et al. 2019; Trewin et al. 2019).
However, most existing literature tends to focus on harms
experienced by a single disability community (Kane, Guo,
and Morris 2020) or in a particular application context (Guo
et al. 2020) making it difficult to contextualize findings
within a “big picture” understanding of algorithmic harms
that supports both individual and societal level analyses.
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To address the need for an overview of harm grounded in
lived experience, we conducted a systematic review of post-
2018 literature on algorithmic harm and disability. Utilizing
the taxonomy of harm proposed by Shelby et. al (2023), we
annotated and categorized instances of harm for each paper,
grouping them by theme to synthesize broader patterns. This
allows to surface harms across diverse disability communi-
ties and contexts, revealing patterns that would otherwise be
obscured if reported in isolation. Specifically, we ask:

RQ1 How does sociotechnical harm, as conceptualized by
Shelby et al., manifest in the context of disability? What
are the prevailing patterns of harm?

RQ2 How are disability communities represented in the al-
gorithmic harm literature, and in what contexts do these
harms occur?

We find 48 patterns of harm across five primary cate-
gories: representational, allocative, interpersonal, quality of
service, and societal. Each category is further divided into
sub-categories. Except for Environmental harm, our survey
reflects all sub-categories from the original taxonomy, with
Quality of Service harms being especially prevalent. Some
harms impact disability communities broadly, while oth-
ers implicate certain types of disability. The stigmatization
of disability in particular shapes harms related to privacy,
health, and representation. We also identify three new pat-
terns of harm uniquely pertaining to disability:

o Inability to verify algorithmic output: For users with sen-
sory disabilities, verifying a model’s output can be chal-
lenging or impossible (Quality of Service harm)

* Rushed or forced adoption of assistive technology: To
meet accommodation requirements at minimal cost, pre-
mature adoption of assistive technology can undermine
existing accessibility supports. (Quality of Service harm)

* Legitimization of the medical model of disability: By un-
critically adopting this model, widely critiqued by dis-
ability studies scholars and activists, algorithmic systems
risk amplifying harm and hiding their impact. (Cultural
harm)

This paper contributes a systematic review of recent liter-
ature on sociotechnical harms in algorithmic systems which
center the perspectives of disabled individuals. We situate



harms within broader social and cultural histories of disabil-
ity as well as disability studies, and identify new categories
of harm impacting disabled people' absent from existing
taxonomies. With this work, we hope to provide a unify-
ing framework and reference to discuss the implications and
risks of algorithmic systems for disabled people.

Related Work

This work builds on broader literature addressing algorith-
mic harms, identity, and disability critiques of Al

Algorithmic Harms and Identity

Algorithmic systems have faced criticism for encoding
bias towards marginalized groups (Buolamwini and Gebru
2018), leading to the formation of FATE (Fairness, Account-
ability, Transparency, and Ethics) discourses (Bates et al.
2020). However, articulations of bias—and consequently, def-
initions of “algorithmic harm”—vary, shaped by researchers’
epistemological stance and the mode of critique.

Although there are disagreements as to what is an
“ideal outcome”, fairness critiques conceptualize algorith-
mic harm as differing outcomes experienced by end-users
resulting from their social identities (Fleisher 2021). Pro-
posed remediation typically focus on dataset interventions,
where increasing representation from marginalized groups
ideally enhances the system’s ability to adapt to these
groups, with intersectionality also operationalized this way
(Wang, Ramaswamy, and Russakovsky 2022).

In tension with fairness critiques that focus solely on per-
formance disparities, structural critiques assert that “some
systems may be inherently unethical, even violent, whether
or not they are fair” (Williams et al. 2022; Leavy, Siapera,
and O’Sullivan 2021), highlighting limitations of the fair-
ness approach (Weinberg 2022). Structural critiques define
harm from the lens of power relationships, ethics systems,
and justice, especially as wielded by institutions with the
power to shape users’ material realities.

Epistemic critiques of Al examine how algorithmic sys-
tems commit epistemic violence by legitimizing certain
modes of knowledge over others—by “seeing” the world
through certain gazes (Kotliar 2020). For example, algorith-
mic classification of gender reinforces colonialist (Scheuer-
man, Pape, and Hanna 2021), essentialist, and binary un-
derstandings of gender in both the annotation (Scheuerman
et al. 2020) and classification (Keyes 2018) process. Epis-
temic critiques can be in tension with or complement fair-
ness approaches, as they focus on how social categories are
operationalized and urge caution towards flattening complex
constructs such as race and gender (Hanna et al. 2020).

Lastly, methodological critiques focus on harms in how
algorithmic systems are developed—including their design,
dataset sharing, and deployment—advocating for meaningful
inclusion of those most impacted (Bondi et al. 2021) through
community-led participatory methods (Sloane et al. 2022),

'In this work, we use identity first language “disabled people”)
rather than person first language “people with disabilities”), as rec-
ommended by Sharif et al. (2022)’s work on disability communi-
ties’ terminology references
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and applying “critical refusal” to uncover power dynamics
around consent in data collection (Garcia et al. 2022).

This work employs a taxonomy of algorithmic harms de-
fined by Shelby et al. (2023) which accommodates harms
generated by all four modes of critique, enabling us to levy
the contributions and strengths of each.

Disability Critiques of Al

Articulating how algorithmic harms intersect with disability
is a complex task, as the definition and boundaries of dis-
ability can shift depending on academic field and researcher
background (Gibson, Bowen, and Hanson 2021). Indeed, re-
cent research shows that the underlying model of disability,
whether explicitly or implicitly defined, plays a critical role
in shaping potential harm. Depending on the assumptions of
what being disabled means, certain biases and harms may be
amplified downstream (Newman-Griffis et al. 2022).

Within the context of disability critiques of Al, a few
trends have emerged. Fairness critiques emphasize potential
performance disparities and inclusion issues, citing the risk
of disabled people’s input being treated as outliers (Trewin
2018). Structural critiques emphasize the role of algorithms
in perpetuating societal ableism, such as algorithmically as-
sessing disabled people’s eligibility for benefits (van Toorn
and Scully 2023); reduced privacy and surveillance for dis-
abled users (Berridge and Grigorovich 2022; Kamikubo,
Lee, and Kacorri 2023); and the implications of algorith-
mically mediated diagnosis (Keyes 2020). Methodological
critiques call for greater inclusion of disability communities
in the development process, informed by disability justice
perspectives (Sum et al. 2024, 2022).

Method

We followed the PRISMA (Preferred Reporting Items for
Systematic Reviews and Meta-Analysis) process (Page et al.
2021) for this systematic review. Our research questions, de-
tailed in the introduction, are to identify algorithmic harms
experienced by disability communities—both those captured
in the original framework by Shelby et al. (Shelby et al.
2023) and those extending beyond it. The process of paper
identification and screening began in January 2024. The full
list of included papers and their harm annotations are pub-
licly available in the link at the beginning of the paper.

Identifying Discourse on Algorithmic Harms and
Disability

ACM Digital Library. We used this database as our primary
source, searching with the query ”(’disability’) AND (’algo-
rithmic’ OR ’ai’ OR ’machine learning’) AND ("harm’ OR
bias’)”, and further refined the results by:

* Year. We included papers from the last five years at the
time of initial sourcing (2019-2023). Our rationale for
this time frame reflects the quickened development of Al
in recent years, and rising interest in sociotechnical ap-
proaches in assessing Al’s impacts exemplified by direct-
to-consumer LLMs like ChatGPT.



e Venue. We further scoped by venue using two criteria.
First, as the concept of ‘harm’ is inherently sociotechni-
cal, we focused on interdisciplinary venues at the inter-
section of Al and ethics, philosophy, and technology and
information studies. Based on this, we selected the Con-
ference for Fairness, Accountability, and Transparency
(FAccT), Al Ethics and Society (AIES), and AI Matters.
Second, to center disabled people, we selected venues
focused on end-user experiences, particularly Human-
Computer Interaction (HCI) venues and those focused
on disability and access. These included the ACM Con-
ference on Computer Human Interaction (CHI), ACM
Transactions on Computer-Human Interaction (TOCHI),
Designing Interactive Systems (DIS), the Proceedings
of the ACM on Human-Computer Interaction (CSCW),
SIGACCESS Conference on Computers and Accessibil-
ity (ASSETS), Transactions on Accessible Computing
(TACCESS), and Web4All (W4A).

Non-ACM and non-academic venues. We included non-
ACM journals from sociology and ethics/philosophy, such
as First Monday and the Journal for Sociotechnical Cri-
tique, applying the same search query as above. Addition-
ally, we included notable publications from nonprofits dis-
cussing AI’s societal impacts: AI Now, and the Center for
Democracy and Technology. Our rationale is that nonprofits
are uniquely positioned to assess macro-level harms and pol-
icy implications of Al, particularly for marginalized groups.

Additional sources. We identified additional relevant pub-
lications (n=1) using our domain knowledge and expertise.

Screening and Annotating Discourse on
Algorithmic Harms and Disability

Our search in the ACM Digital Library, supplemented with
additional sources, identified 423 publications. We then ex-
cluded publications based on the following criteria:

* Nominal mention of disability; not focused on disabled
people’s interaction with technology (n=150).

» Limited focus on algorithmic harms; no significant anal-
ysis of risks or biases (n=160).

» Not focused on disability or algorithmic harms (n=29).
» Lacking detailed discussion of harms (n==8).

This excluded 347 publications, leaving 76 for review. Of
these, 94% (n=72) were from ACM venues (FAccT: 9, CHI:
13, TOCHI: 16, DIS: 1, ASSETS: 13, TACCESS: 13, W4A:
3, AIES: 3, Al Matters: 1) and 3% (n=4) from other sources
(Journal of Sociotechnical Critique: 1, First Monday: 1, Al
Now: 1, Center for Democracy and Technology: 1).

Annotation. We annotated harms in two passes. First, we
identified potential harm scenarios, defined as comments or
testimonies by disabled participants or researchers implicat-
ing algorithmic systems in the well-being of disabled users.
Each scenario was tagged with applicable categories from
the taxonomy by Shelby et al (Shelby et al. 2023). Since
harm categories were rarely mentioned explicitly, we relied
on interpretive labeling (see positionality statement). For ex-
ample, in Gadiraju et al.’s paper (2023), we identified a harm
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scenario where a chatbot reproduced stereotypical descrip-
tions of disability. This was tagged as both “Stereotyping
social groups™ as well as “Erasing social groups”, reflecting
the lack of representation for non-physical disabilities. As
harms are often inter-related, tagging scenarios with com-
prehensive harm categories was inherently complex. In the
second pass, we refined the harm categories by either iden-
tifying a central “root” harm and discarding others or sepa-
rating them into distinct harm instances.

We also annotated: 1) the source of concern i.e. whether
the excerpt came from participant or author identifying as
disabled, a nondisabled contributor, or was unknown; 2) ori-
gin of concern i.e. whether the harm arose from a real-world
system, research artifact, theoretical scenario, or other; and
3) disability communities mentioned. In total, we identified
175 harm instances across 5 top-level and 20 sub-types, fol-
lowing Shelby et al.’s taxonomy (2023).

Synthesis and summarization. To synthesize harm
themes, we used visual diagramming to identify pat-
terns by category. For example, privacy concerns and re-
identification risks in datasets were grouped together under
“non-consensual disclosure or identification of disabled in-
dividuals by Al systems.” For categories affecting diverse
disability groups, we grouped harms by community. The
first author, closely familiar with the data, performed anno-
tation and synthesis, resulting in 48 harm themes across 5
top-level categories and 22 sub-categories. 2

Results
Representational Harms

Representational harms occur when algorithmic systems
replicate normative social hierarchies on the basis of iden-
tity (Shelby et al. 2023), ranging from direct subordination
of marginalized groups via demeaning and stereotyping, or
more subtly via erasure and alienation. Generative AI mod-
els, such as large language models (LLMs), are particularly
likely to cause representational harm (Katzman et al. 2023;
Gautam, Venkit, and Ghosh 2024), as their ouput reflects the
bias of their training dataset. Classifiers can also produce
this type of harm; a binary gender classifier both alienates
and erases those who do not align with the gender binary,
while potentially misgendering gender-non-conforming in-
dividuals (Keyes 2018). In this section, we interpret repre-
sentational harms through the lens of disability, supplement-
ing with relevant historical and social histories of disability.

Stereotyping social groups. We define this harm, in the
context of disability, as the reproduction of stereotypical
definitions and ableist tropes by algorithms. Gadiraju et al.
(2023) demonstrate this with a dialogue model that gener-
ated narratives reproducing ableist tropes from popular cul-
ture (Shew 2022). These included portraying disabled in-
dividuals as passive, helpless, or bestowed with superhu-
man abilities, while suggesting that the ideal resolution was
eradicating their disability. Based on this, articipants in the

"Due to space limitations, not all themes are represented in the
Results. We recommend visiting the publicly available database
linked at the beginning of the paper for complete descriptions.



Harm Sub-Type

Example

Stereotyping social groups

Demeaning social groups

Erasing social groups

Alienating social groups

Denying opportunity to self-identify

Reifying essentialist social categories

“Participants observed that the chatbot tended to disregard diverse identities in the disability
community and fixated on a narrow set of ‘physical’ or ‘visible’ disabilities.” (Gadiraju et al.
2023,p.9)

“There are many social experiment videos that involve people with disabilities [...] and those
videos get high views. I'm a little upset that many people watch those videos.” (Choi, Lee, and
Hong 2022, p. 11)

“It’s definitely frustrating having this sort of technology get integral parts of my identity wrong.
And I find it frustrating that these sorts of apps only tend to recognize two binary genders.”
(Bennett et al. 2021, p. 12)

“P3 recalled that she had once showed her middle finger when livestreaming and her livestream
room was immediately banned, even though she actually just meant to say the word ‘middle
finger’, as she said, ‘I didn’t mean to be rude.”” (Cao et al. 2023, p. 11)

“A question came up asking me to name the type of disability I have. It did not include options
for depression, anxiety disorder or panic disorder. I could not move forward unless I said that 1
did not have a disability, which was not true.” (van Nuenen, Such, and Cote 2022, p. 11)

“It’s just one more microaggression that I have to put up with from technology that’s supposed to
help... I'm sure many people say that some description is better than none. Well what if part of the
picture is to illustrate to the viewer that, Hey, I am trans, you know, I may have been [misgender]

assigned at birth, but I am not.” (Bennett et al. 2021, p. 12)

Table 1: Representational harms.

study theorized that the chatbot implicitly used the medi-
cal model and definition of disability, which we identify as
harmful in the Societal Harms section. Similarly, Mack et
al. (2024) found that text-to-image models produced stereo-
typical notions of disability, often using wheelchair as the
primary identifier of disability.

Demeaning social groups. This harm refers to the ways
in which algorithmic systems surface demeaning and de-
humanizing discourses about marginalized groups (Shelby
et al. 2023; Noble 2018). For example, some slurs are ex-
plicit references to disability (Andrews et al. 2019), which
are then used to demean disabled people (Holzbauer 2008).
Historically, the dehumanization of disabled individuals has
produced disastrous consequences, such as eugenics cam-
paigns aimed at eliminating disability (Wilson 2021), and
violence in both gendered and racialized contexts (Mays
2006; Mueller, Forber-Pratt, and Sriken 2019). Algorithmic
systems that encode demeaning representations of disabled
people can be seen as an extension of existing cultural dis-
courses in which disabled people are seen as “lesser than.”

Demeaning representations of disability often manifest
in classification tasks. Text classification models are more
likely to label disability-related terms—particularly those as-
sociated with mental illness—as toxic compared to statements
without disability mentions (Hutchinson et al. 2020; Mei,
Fereidooni, and Caliskan 2023). Content moderation algo-
rithms may mistakenly flag mentions of disability as toxic,
censoring disabled users (Choi, Lee, and Hong 2022). Simi-
larly, Deaf streamers report that moderation algorithms mis-
interpret signs like the middle finger, used referentially, as
toxic content (Cao et al. 2023).

Recommender algorithms on social media can also per-
petuate demeaning representations of disability. To boost
their content’s virality, some creators produce exploitative
videos in which disabled people were the subjects of humil-
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iating social experiments (Choi, Lee, and Hong 2022), illus-
trating how algorithms designed to maximize engagement
can inadvertently promote ableism (Seaver 2019).

Erasing social groups. This harm describes how some so-
cial groups are systematically rendered invisible by algorith-
mic systems (Shelby et al. 2023), stemming from excluding
data about these groups in training data (Mickel 2024) and
failing to involve them meaningfully in the design process
(Sloane et al. 2022). Disabled people have long faced era-
sure in many forms, ranging from societal (Abes and Wal-
lace 2018) and institutional (Ben-Moshe 2013), to linguistic
(Andrews et al. 2019) and archival (Brilmyer 2022).

Generative Al systems can erase certain disability identi-
ties in their output. Gadiraju et al. (2023) found that when
prompted to include disabled individuals in stories, chatbots
consistently excluded those with non-physical or invisible
disabilities, even when explicitly asked.

Al-enabled assistive technologies can also perpetuate the
erasure of users with multiple marginalized identities. Bragg
et al. (2021) noted that sign language generation models ex-
clude dialects used by Deaf users who are Black Ameri-
can, mirroring the degraded performance of speech recog-
nition systems for Black American users (Mengesha et al.
2021). Image description apps like Seeing Al can reinforce
the gender binary, provoking frustration and alienation for
blind non-binary users (Bennett et al. 2021).

Alienating social groups. Alienation is a type of repre-
sentational harm in which subjects are disconnected from
social and political histories through the absence of relevant
context (Katzman et al. 2023). Many algorithmic systems
assume the medical model of disability, which implies an
innate deficiency (Kafai 2021)-rather than, for example, a
social model which defines disability as the product of a lack
of support from the environment (Shakespeare 2006). This
is an example of alienation because it forecloses the possi-



bility of understanding one’s disability from a political/rela-
tional (Kafer 2013), affirmational (Swain and French 2000),
or other lenses not centered on deficit.

Denying the opportunity to self-identify. This harm is
similar to erasure, but focuses on the loss of autonomy
and consent experienced by the end-user in the classifica-
tion process (Katzman et al. 2023). For example, during
data collection, disabled individuals may be denied self-
identification if their disability is not represented in a static
list of options, removing participants’ agency to define their
disability on their own terms (van Nuenen, Such, and Cote
2022). In turn, this potentially reinforces stereotypical rep-
resentations of people with disabilities .

Reifying essentialist social categories. This harm refers
to how constructed social categories, such as race and gen-
der, are interpreted as static, natural and intrinsic attributes,
which in turn can reinforce stereotyping and erasure. For ex-
ample, classification models can reify essentialist notions of
gender as binary (Bennett et al. 2021; Keyes 2018). If de-
ployed via assistive technology for blind individuals, this
harms both users and bystanders classified by these systems
(Lee et al. 2020). Whittaker et al. (2019) argue that disabil-
ity is an “identity that can only be understood in relation to
a given social and material context”. Algorithms designed
to detect disability (Moura 2023) and mental illness (Ma,
Patitsas, and Sterne 2023) contribute to the essentialization
of disability by assuming it can be inferred from data, with-
out the inclusion of such context.

Allocative Harms

Allocative harm refers to how algorithmic systems perpet-
uate the inequitable distribution of material resources and
opportunities (Shelby et al. 2023). This includes significant
consequences for disabled people’s access to employment
(e.g., hiring algorithms), healthcare (e.g., diagnostic mod-
els), and housing (e.g., welfare allocation models), among
other contexts (Trewin et al. 2019).

Opportunity loss . Algorithmic systems that extend insti-
tutional gatekeeping of resources such as healthcare, hous-
ing, and education generate opportunity loss. Even if mod-
els do not reference disability explicitly, proxies—features
in models that may implicitly correlate with disability—
can still discreetly produce inequities. For example, remote
proctoring systems that failing to account for access needs,
or by flagging behaviors like uncontrolled eye movement
as suspicious, discriminate against disabled students (Brown
et al. 2022). Hiring systems can encode normative assump-
tions of “ideal” employees, labeling disabled individuals
with ‘deviant’ behaviors (Trewin et al. 2019).

Lack of dataset transparency can also create an account-
ability gap in rectifying bias against protected categories
(Nakamura 2019). Using proxies for disability allows al-
gorithmic systems to bypass discrimination protections in
regulations such as the General Data Protection Regulation
(GDPR) (Buyl et al. 2022).

Economic loss. Marketplace platforms such as Etsy can
economically disadvantage disabled creators by using po-
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tentially inaccessible metrics, such as response and ship-
ping times (Borgos-Rodriguez and Piper 2023). Similarly,
gig platforms often overlook accessibility when matching
workers with tasks (Sannon and Cosley 2022); if a disabled
worker declines a task due to lack of accessibility, the plat-
form may lower their rating, risking eventual exclusion. This
harm extends beyond economic disadvantage to affect work-
ers’ well-being, as discussed in section 4.4.3 (Diminished
health and well-being).

Quality of Service Harms

Alienation. Alienation refers to how algorithmic systems
create separation—either between marginalized individu-
als and their societies or within individuals themselves
(Leopold 2022). When marginalized people interact with
these systems, and the system’s performance degrees, they
are reminded of their “otherness” (Shelby et al. 2023). In
the context of disability, alienation rarely exists in isola-
tion but adds another dimension to other types of quality-
of-service harms. Most harms in the Service/benefit loss cat-
egory also imply alienation, as they evoke feelings of “dif-
ference” or“‘unwelcome contrast” with others.

Alienation by algorithmic systems occurs when there is
a failure of recognition. For example, participants with sen-
sory disabilities reported that smart sensors often failed to
detect their presence, leaving them feeling “invisible” to
lights and doors (Kane, Guo, and Morris 2020). Similarly, a
wheelchair user described how smart cameras failed to rec-
ognize them (Alharbi, Tang, and Henderson 2023), reinforc-
ing feelings of exclusion. In one study, a participant with
Tourette’s shared how Zoom’s speech recognition algorithm
repeatedly asking if they wanted to unmute, which reminded
them of “how 'weird’ [they were[]’(Tang 2021).

Algorithms also produce alienation by limiting social par-
ticipation. Deaf participants noted that autogenerated video
captions omitted important details (e.g. abbreviating a joke
as [joke]), excluding them from shared moments with their
hearing friends (Li et al. 2022). For social media creators,
engagement metrics like participating in viral trends could
be inaccessible, as were features like applying filters, which
led to harassment when used by disabled creators, in one
case causing blind streamers to feel “locked in a cage” as
they struggled to expand their audience (Rong et al. 2022).
CAPTCHAs, problematically synonymous with proof of hu-
manity, are often not accessible for disabled people, exclud-
ing them from online participation (Nakamura 2019; Kane,
Guo, and Morris 2020; Guo et al. 2020).

Increased labor. Our analysis combines the Increased la-
bor category with Service/benefit loss (Shelby et al. 2023)
as in the context of disability, these harms are often inter-
twined. Both stem from performance disparities, differing in
severity. When disabled people’s input as illegible to algo-
rithmic systems, additional effort (i.e. increased labor) from
disabled users is needed to achieve the equivalent utility, or
negate their utility entirely (i.e. service/benefit loss).
Al-infused systems introduce many performance dispari-
ties for disabled people, especially in biometric recognition.
Nakamura (2019) emphasizes the need to understand such



Harm Sub-Type Example

Opportunity loss

“I'm terrified to take other tests [...] using this tech given my past experiences along with a congenital eye condition

I have that causes uncontrolled eye movement, that I suspect will also get my test flagged.” (Brown et al. 2022, p. 9)

Economic loss

“P1 received a yellow dollar sign, signifying demonetization of his video, but managed to restore that video’s mone-

tization status by replacing the word blindness in the title with other words.” (Choi, Lee, and Hong 2022, p. 11)

Table 2: Allocative harms.

Harm Sub-Type Example

Alienation

“When I use the 'Hello’ [face verification software] on Windows to open my computer, it won’t recognize

me but it will recognize my cat [...] If I get out of my [wheel]chair and get on the floor I can usually get it to
recognize me.” (Kane, Guo, and Morris 2020, p. 6)

Increased labor

“Spelling is not that important to me [...] If I could know where a stop is, it could help me to understand

the content of the sentence. Without punctuation, it puts lots of mental effort while watching the videos on

YouTube...” (Li et al. 2022, p. 11)
Rushed or forced adoption
et al. 2021, p. 13)

“..there is just so much wrong with the idea of okay, it is biased, let’s just give it to people anyway.” (Bennett

Table 3: Quality of service harms.

systems within a larger sociotechnical framework of ableist
structures that define a hegemonic “normal” while “system-
atically excluding disabled people at each stage of the de-
sign process” (Findlater et al. 2020). Indeed, this category
contributed the most harms, only a few of which we present
here. It impacts a wide range of disabilities, especially sen-
sory and physical disabilities; blind users may struggle with
face recognition technologies due to unconventional head
positioning relative to the camera (Guo et al. 2020). Their
photos and text may also challenge object recognizers and
handwriting recognition algorithms (Park et al. 2021). Those
with facial differences—such as those with craniofacial con-
ditions, Down Syndrome, and other conditions—often expe-
rience reduced accuracy in facial (Brown et al. 2022) and
emotion recognition (Guo et al. 2020) systems. Fingerprint
authentication systems may fail for those with tremor or
spastic motion (Kane, Guo, and Morris 2020).

Algorithmic systems are also evaluated against metrics
that may exclude needs of disabled users. For example, Deaf
and hard-of-hearing (DHH) users’ needs are not reflected in
metrics like word error rate (Kafle et al. 2020), as punctua-
tion errors in captions hinder DHH users more than spelling
mistakes (Li et al. 2022). Similarly, metrics like walk scores
do not account for the needs of people with motor disabil-
ities (e.g. ignoring sidewalk maintenance), reducing their
usefulness (Diaz and Diakopoulos 2019). Fairness metrics
designed to identify bias may be limited in their concep-
tion of disability, flattening the complexity of access needs
(Trewin et al. 2019). These systems are then perceived as
functioning “as expected”, making it harder to identify and
close performance gaps (Nakamura 2019).

Furthermore, Al systems can underperform for disabled
individuals with multiple marginalized identities, with per-
formance disparities well-documented for Western culture,
race, and gender. Assistive technologies may embed simi-
lar biases; for example, privacy obfuscation algorithms in
image description miss culturally relevant objects due to
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Western-centric datasets (Alharbi, Brewer, and Schoenebeck
2022), making them less effective for disabled users from
the Global South. Datasets, despite being sourced from
disabled users, can lack diversity in other identity axes
(Kamikubo et al. 2022). This has implications for diagnos-
tic settings (Trewin et al. 2019); for example, biomarker-
based depression detection algorithms yielding false posi-
tives when the recipient speaks a non-dominant language or
is neurodivergent (Ma, Patitsas, and Sterne 2023), or delayed
autism diagnoses for women (Kamikubo et al. 2022).

Rushed or forced adoption of assistive technology under-
mines existing accessibility supports. Degraded quality
of service also occurs when adoption of assistive technology
undermines existing accessibility supports—a type of harm
specific to the infrastructure of disability.

Al-infused assistive technologies may meet minimum le-
gal accommodation requirements, but at the cost of quality.
For example, replacing human interpreters with a cheap but
underperforming automatic sign language translation ser-
vice gives the impression of access, while leaving Deaf peo-
ple’s needs unmet (Kafle et al. 2020). Furthermore, much
discourse around Al-infused assistive technologies assumes
adding AI provides benefits—an over-trusting attitude to-
wards Al which has been extensively studied across con-
texts (Buginca, Malaya, and Gajos 2021), possibly result-
ing in over-reliance over time. One blind participant shared
their reservations about image description systems, noting
that rushing to deploy—despite potential shortcomings like
biased content about marginalized groups—felt disrespect-
ful to the dignity of disabled people (Bennett et al. 2021).

Interpersonal Harms

Loss of agency or control. This harm alludes to how al-
gorithmic systems reduce individual autonomy (Shelby et al.
2023). For example, content recommendation systems may
infer a user has a certain disability and mistakenly treat iden-
tity as preference, leading to intrusive targeted ads that dis-



Harm Sub-Type Example

Loss of agency or control

“When she repeatedly received suggestions for TBI groups, she felt it was too ‘freaky’ that Facebook

algorithm knew she had a TBL.” (Lim et al. 2023, p. 13)

Technology-facilitated violence

“Inaccurate recognition results can mislead the user, magnifying their vulnerability and even harming

their safety (e.g., recognizing a stranger as a friend).” (Findlater et al. 2020, p. 1)

Diminished health and well-being

“Data subjects could be exposed to other harms [...] participants in this study described their an-

ticipation to conforming to expectations placed onto them by the workplace environment.” (Corvite

et al. 2023, p. 22)
Privacy violations

“I am concerned about privacy when my personal life is being intruded on... what I read, what I say

online, what meal I ate, who I talk to, where I go. These are all mine.” (Stangl et al. 2020, p. 7)

Inability to verify output

“Unless someone was there saying that listening to same thing I was listening to and tell me if it was

right or wrong, I had to depend on it.” (Lee et al. 2021, p. 10)

Table 4: Interpersonal harms.

tress disabled individuals (e.g., people with bipolar disorder
(van Nuenen, Such, and Cote 2022) or traumatic brain in-
jury (TBI) (Lim et al. 2023)). Disabled data contributors fear
the exploitation of their data to generate targeted ads (Bragg
et al. 2021; Kamikubo, Lee, and Kacorri 2023), illustrating
how disability can be co-opted for capitalist gain.

Social media recommendation algorithms mediate visibil-
ity of content created by disabled people, in a way that lim-
its their agency. Disabled creators risk being pigeonholed,
decreasing viewership if they create non-disability-related
content. Some may amplify their disability identity to in-
crease viewership, incorporating it into branding strategy or
using provocative titles (Choi, Lee, and Hong 2022). Yet,
hypervisibility can invite harassment, with few options for
recourse (Sannon et al. 2023; Rong et al. 2022). Attempts
to take down content mocking disability, in which disabled
people were the recipient of social experiments, were ig-
nored despite repeated reports by disabled viewers, who
theorized that disability was seen as a “niche” topic carry-
ing less weight (Choi, Lee, and Hong 2022). Other systems
reduce self-expression, even when well-intentioned. Auto-
mated transcription of medical appointments can inhibit pa-
tients from speaking freely due to fears that their words
might be misinterpreted and lead to denial of disability ben-
efits (Wilcox, Brewer, and Diaz 2023). In contrast, a trusted
doctor can be appropriately selective about what to record.

Technology-facilitated violence. Compared to the gen-
eral population, disabled individuals experience higher rates
of intimate partner violence (IPV) (Lin et al. 2010), with
elevated risks for those with intellectual disabilities (Harris
and Woodlock 2021). IPV can also lead to disability, such
as PTSD and chronic illness (Iverson, Dardis, and Pogoda
2017). While our review found no explicit harms at the in-
tersection of disability, IPV and Al, we theorize that harms
related to Privacy Violations could enable IPV. For example,
technologically adept abusers could exploit sensitive data
about a victim’s disability to control and isolate them.
Online, hypervisibility can lead to technology-facilitated
abuse such as harassment, doxxing, and trolling. Disabled
TikTok creators suggested that harassment stemmed from
their content being served to non-receptive audiences. These
audiences provided surface-level engagement, prompting
recommendation algorithms to continue amplifying the con-
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tent, thereby enabling further abuse (Sannon et al. 2023).

Diminished health and well-being. Disabled workers
often report being forced to choose between well-being
and job stability (Foster 2018). This effect is highlighted
when surveillance is enacted by algorithmic systems in
the workplace. Gig work platforms often enforce inaccessi-
ble productivity standards, reflecting what disability studies
scholar Robert McRuer calls “compulsory able-bodiedness”
(McRuer 2010), in which disabled workers are penalized for
not meeting ableist norms. For example, an Amazon de-
livery driver with endometriosis was forced to deliver on
bumpy routes that worsened her condition as the platform
did not allow alternative routes (Sannon and Cosley 2022).
Algorithmic control of productivity in Amazon warehouses
is also responsible for causing injury and potentially disabil-
ity at unprecedented rates, with 41% of workers reporting
being injured (Gutelius and Pinto 2023). Algorithmic mon-
itoring can also exacerbate disabilities when accessibility
needs are misinterpreted as abnormal behavior (Bernhardt,
Kresge, and Suleiman 2023; Brown et al. 2022). For exam-
ple, tracking or limiting the frequency of bathroom breaks
has been shown to cause significant stress (Cheon 2024).

Outside the workplace, users are also surveilled by con-
tent moderation algorithms monitoring for “problematic”
content in the name of wellness. This can hinder users—many
with mental health disabilities or marginalized identities—
from seeking support (Brown et al. 2022) or express-
ing themselves due to fear of law enforcement escalation
(Gillett, Stardust, and Burgess 2022). These interventions
also lack effectiveness (Adam Borecky and Dubov 2019).

Al itself has a history of exploitative data labor practices
(Miceli and Posada 2022; Uzor et al. 2021), may also worsen
or generate disability. A study of disabled crowdworkers on
Amazon’s Mechanical Turk found that the platform’s task
response time requirements worsened symptoms of depres-
sion, anxiety and PTSD (Uzor et al. 2021).

Disabled people are also at risk of physical harm by Al-
infused technologies. Simulations have shown that naviga-
tional algorithms for automated vehicles may fail to recog-
nize wheelchair users as pedestrian, even when trained on
wheelchair-inclusive data (Treviranus 2019). Similarly, al-
gorithms struggle to predict the trajectories of individuals
with unique posture or movement patterns (Guo et al. 2020;



Kim et al. 2024). Assistive technology for blind people also
present risks, leading to potentially unsafe interactions, like
hugging a stranger the algorithm mistakenly identified as a
friend (Findlater et al. 2020). Another system might blur per-
ceived sensitive content, such as a street sign, inadvertently
withholding critical context from the blind user and their as-
sistant (Alharbi, Brewer, and Schoenebeck 2022).

Dependency on Al as a result of inability to verify out-
put. A compounding harm occurs with Al-infused assis-
tive technology intended to augment a certain sense through
inference, such as automated video captioning or image
descriptions. When users cannot independently verify the
model’s output, they are dependent on its predictions, cre-
ating heightened emotional and physical risks if the model
fails (Lee et al. 2021; Bennett et al. 2021). Such technology
also introduces a power imbalance, as users must rely on
output without the ability to correct or verify it. Inaccurate
predictions can cause emotional distress and reduce agency
by shifting decision making to an automated system (Ben-
nett and Keyes 2020). Disabled people have reported anxiety
about social embarrassment from acting on incorrect infer-
ences, such as those related to gender or age (Akter et al.
2022, 2020; Lee et al. 2020).

Machine learning techniques, such as explainability, can
also be inaccessible to disabled users who cannot verify
the model’s output. While explainability is intended to help
users verify correctness, it often relies on senses that are in-
accessible, such as visual explanations highlighting parts of
an image (Findlater et al. 2020). This also applies to privacy-
preserving algorithms, which are critical for assistive tech-
nologies like head-worn cameras for blind users (Lee et al.
2021). Techniques such as selective blurring or obfuscation
(Alharbi, Brewer, and Schoenebeck 2022) fall into the same
dependency paradox, limiting their usefulness.

Privacy violations. Privacy violations are common in al-
gorithmic systems on social media platforms, often in the
form of intrusive recommendations that may resurface past
trauma (Little 2023). This is especially concerning in the
disability context, where systems may infer sensitive traits
to promote related content or ads. For example, a partic-
ipant with TBI found it “freaky” that Facebook suggested
TBI support groups without her disclosure, though she ac-
knowledged it might help others access them.

Similarly, privacy violations occur when models detect
disability without consent. For example, systems that detect
Parkinson’s via mouse movement or depression via voice
data (Ma, Patitsas, and Sterne 2023) may provide accurate
diagnoses, at the cost of violating user privacy and reinforc-
ing surveillance structures (Whittaker et al. 2019). Some dis-
abilities are particularly vulnerable to identification and re-
identification even from anonymized datasets (Trewin et al.
2019; Kacorri, Dwivedi, and Kamikubo 2020)—potentially
making participants vulnerable to scams, as seen with cog-
nitive disabilities (Tanis and Lewis 2020). This further com-
plicates efforts towards greater data inclusion (Bragg et al.
2021; Kamikubo, Lee, and Kacorri 2023).

Assistive technology can also introduce gaps in privacy
protection. Blind users reported concerns about lack of

2656

transparency regarding data storage in Al-infused apps, du-
ration, and potential exploitation for legal or training pur-
poses (Stangl et al. 2020, 2023). They also worried about
violating the privacy of marginalized bystanders (Findlater
et al. 2020; Akter et al. 2020; Bennett et al. 2021) and ex-
pressed skepticism about algorithmically obfuscating pri-
vate content, as privacy is inherently contextual and specific
(Stangl et al. 2023).

Societal Harms

Information harms. Information harms arise through
misinformation (misleading information), malinformation
(genuine information shared with harmful intent), and dis-
information (false information), as well as suppression of
knowledge outside dominant narratives (Shelby et al. 2023).
In the context of disability, misinformation such as anti-
vax campaigns exploit the fear of becoming disabled (Gabis
et al. 2022). Furthermore, disabled perspectives have his-
torically been systematically excluded, or “ontologically
erased” (Nusbaum and Steinborn 2019). Limited under-
standings of disability can constitute misinformation, lead-
ing to harms such as invalidating those with invisible disabil-
ities and fostering infantilizing attitudes towards disabled
people (Lynch and Hill 2021). Gadiraju et al. (2023) demon-
strated that AI chatbots spread misinformation about what
disabled people can and cannot do; when asked why a dis-
abled character cannot play basketball, the chatbot incor-
rectly attributed it to their use of a wheelchair. Similarly,
topic modeling can perpetuate misinformation if they are
trained on faulty data—for example, blog posts asserting
that vaccines cause autism (Baumer and McGee 2019).
While the autism community predominantly views ABA
as harmful to autistic people (Wilkenfeld and McCarthy
2020; Shkedy, Shkedy, and Sandoval-Norton 2021; Kupfer-
stein 2018), this perspective contrasts with mainstream med-
ical views (Arthur et al. 2023). Fact-checking algorithms
trained on academic texts may prioritize institutional per-
spectives, disregarding the actual preferences of disabled
people (Sannon et al. 2023), a form of epistemic injus-
tice (Bird, Ungless, and Kasirzadeh 2023; Neumann, De-
Arteaga, and Fazelpour 2022; Juneja and Mitra 2022).

Cultural harms. Algorithmic systems circulate harmful
beliefs, ideas, and values, producing cultural harms (Shelby
et al. 2023). For example, incorrect or offensive image de-
scriptions can perpetuate harmful understandings of race,
gender, disability, and other identities within the disability
community (Bennett et al. 2021).

Cultural harm can also arise from the inadvertent appro-
priation of disabled people’s data. For example, sign lan-
guage technologies for the Deaf community often require
data from fluent signers. However, such data collection can
be extractive if data stewards do not respect the cultural im-
portance of signing (Park et al. 2021). This concern is es-
pecially heightened if Deaf individuals are excluded from
decisions about data use (Bragg et al. 2021).

Epistemologically, algorithmic systems amplify and ob-
fuscate existing harms by elevating certain types of knowl-
edge over others (Moura 2023), such as excluding disabled



Harm Sub-Type Example

Information harms

“Chatbot: Tom'’s friends are playing basketball & Tom is in a wheelchair.. Tom says, “I wish I could

play basketball with you.” User: Why can’t Tom play basketball? Chatbot: Tom’s friends say, “You
can’t play basketball because you are in a wheelchair.” (Gadiraju et al. 2023, p. 7)

Cultural harms

“Underlying these ideas is the ableist and ocularcentrist notion that image descriptions cannot be an

artform in and of themselves. Image description can be art [..] not simply seen as an imitation of the
‘true’ (i.e., sighted) experience.” (James Edwards et al. 2021, p. 11)

Political and civic harms

“I had one video that I posted where I literally just said [a character] should be cast by a Black

disabled woman [..] and then TikTok took the video down for bullying and harassment.” (Sannon et al.

2023, p.7)
Macro socio-economic harms

“Although participation is not required, the presence of reward systems puts an additional pressure

on shop owners to follow ableist business practices in order to find success.” (Borgos-Rodriguez and

Piper 2023, p. 15)
Legitimization of medical model

“Disability is implicitly understood to be undesirable, with Al positioned as ’solving’ the ‘problem’

of disability.” (Whittaker et al. 2019, p. 14)

Table 5: Societal harms.

people from algorithm design decisions that directly impact
them. They also undermine disabled people’s way of know-
ing by emphasizing vision (ocularcentrism) over other forms
of sense-making (Bennett and Keyes 2020). Along with nat-
ural language processing, computer vision has historically
dominated both machine learning and Al-infused assistive
technology development (Russakovsky et al. 2015), in turn
influencing the scope of fairness and responsible Al litera-
ture. While image description systems improve accessibil-
ity, for example, they also reinforce an image-centric epis-
temology in which text descriptions are subordinate to what
sighted individuals perceive (James Edwards et al. 2021).

Political and civic harms. These harms describe how
algorithmic systems perpetuate the disenfranchisement of
marginalized groups. Disabled people already face barri-
ers to voting, with a nearly 10% lower participation rate
(Schur, Ameri, and Adya 2017). Signature matching, used
to detect and remove fraudulent votes, can produce false
positives for blind people and those with motor disabilities
(Jensen 2021; Bender 2022). Additionally, algorithmic risk
assessment scores—used in some US counties to determine
sentencing and voting eligibility (Schwerzmann 2021)—are
likely to discriminate against disabled people, further re-
stricting civic participation (Brown et al. 2022).

Socio-economic harms. Text-to-image models exploit the
work of creative professionals while dwindling their eco-
nomic opportunities—a harm that could disproportionately
affect disabled people already excluded from the labor mar-
ket. Similarly, automated sign language translation, adopted
as a cost-saving measure, can limits work opportunities for
human sign language interpreters supporting the Deaf com-
munity. Assistive technologies may be economically inac-
cessible to disabled people (L. Woodin and Theil 2021); Al-
infused assistive tools are often classified as “‘experimental”
and not covered by insurance (Milallos et al. 2021).

Environmental harms. We were unable to find direct ex-
amples of this harm. However, we theorize that the climate
costs of training Al systems (Luccioni, Jernite, and Strubell
2024; Patterson et al. 2021) will disproportionately impact
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disabled people; existing literature points to both the exacer-
bation and creation of new disabilities as a result of climate
change, with compounding effects if an individual holds ad-
ditional marginalized identities (King and Gregg 2022).

Legitimization of the medical model of disability. We
argue that algorithmic systems perpetuating a medical model
of disability, centered on deficiency, harms disabled individ-
uals by forcing them to see themselves as inferior and abnor-
mal, needing to be “fixed (Zaks 2024). As Eli Clare notes,
the medical model introduces a “politics of cure”, in which
what is considered normal, healthy, or natural is presented
as intrinsic instead of politically and culturally constructed
(Clare 2017). Often, this model is implicit in the purpose
of an Al system when its goal is to detect“abnormal” be-
havior (Kang 2023; Ma, Patitsas, and Sterne 2023) or eradi-
cate disability (Whittaker et al. 2019). For example, algorith-
mic systems for diagnosis often assume a biomedical view
of disability that invalidates and flattens lived experiences,
such as those of autistic people (Bennett et al. 2021) and
people with mental illness (Mathur, Lustig, and Kaziunas
2022). This can be especially problematic when diagnosis is
required for disability benefits (National Academy of Social
Insurance; Scendoni et al. 2023).

Discussion

This systematic review describes algorithmic harms impact-
ing disability communities, as articulated by researchers
and disabled participants in human-computer interaction,
accessibility, and responsible Al publications from 2019-
2023, using the taxonomy of algorithmic harms proposed by
Shelby et al. (2023). While not comprehensive, this survey
aims to encourage researchers and practitioners to anticipate
and reflect on how algorithmic systems may harm disabled
people at individual, community, and societal levels, across a
range of contexts, model tasks, and disability communities.

Harm Pattern Representation

We identified harms (n=175) for all of the original cate-
gories described in Shelby et al. (2023), except Environ-
mental harm—in domains ranging from social institutions



like education, healthcare access, housing, hiring and work,
and policing; to day-to-day tasks such as navigation, social
media, and assistive technology use (RQ1). Out of the top
level categories, Interpersonal harms (n=61) were most rep-
resented, highlighting how ableist beliefs can be relation-
ally propagated by algorithmic systems. The most prevalent
sub-category was Service/Benefit loss (n=28), mentioned in
17 papers. However, we caution against mapping these dis-
tributions to real world patterns of harm. While we priori-
tized disabled people’s direct experiences by selecting pa-
pers from venues that focus on end-user interactions, this
biases the distribution of harms towards those that can be
captured at the individual level. Allocative harms, for ex-
ample, comprised only 10% of identified harms, creating an
opportunity for future work in further identifying meso- and
macro-level harms.

Applying the Shelby et al. (2023) taxonomy also high-
lighted the limitations of quantitative approaches to fairness,
which typically focus on Representational and Quality of
Service harms as they are easier to measure or test (Balayn
et al. 2023). Societal, Allocative, and Interpersonal harms
are harder to capture within most fairness approaches, as
they require an analysis of power relationships in which an
algorithmic system is embedded, which is usually not mea-
surable (Miceli, Posada, and Yang 2022).

Disability Community Representation

Many papers in this review identify harms generated by
computer vision systems, potentially directing focus to
harms impacting blind or visually impaired (BVI) people.
Indeed, this community is the most frequently mentioned,
representing a third of included publications (n=23), surfac-
ing primarily in the contexts of navigation, assistive tech-
nology use, and sensing (RQ2). This aligns with research
showing that visual disabilities are disproportionally repre-
sented in accessibility research compared to other disabili-
ties (Mack et al. 2021).

The next most represented group is Deaf and hard-of-
hearing people, followed by people with chronic illnesses
(n=7), mental health disabilities (n=6), and neurodivergent
people (n=5) (people self identifying as autistic and those
with ADHD). Excluding harms referencing the nondescript
term‘“people with disabilities” (n=58), these five groups
comprise over 80% of all harms—highlighting the need to
examine impacts for less represented communities, such as
those with motor, learning, or cognitive disabilities. This
also presents an opportunity for future work.

The context representing the most communities is hir-
ing and the workplace, which aligns with disability studies
scholarship that maps the inherent tension between disability
and (exploitation under) capitalism, as well as capitalism’s
role in defining and perpetuating disability (Russell 2019).
For example, in Diminished health and well-being, we ob-
served how algorithmic systems extend the already exploita-
tive labor practices of gig economies. For Quality of Service
harms, Rushed or forced adoption is shaped by capitalist in-
centives of cost efficiency. This suggests that the root cause
of harms may stem from a system’s purpose of perpetuat-
ing oppressive power structures (Keyes, Hutson, and Durbin
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2019; Bennett and Keyes 2020; Newman-Griffis et al. 2022).

Participatory Approaches

Participatory approaches proactively incorporate the lived
experiences of marginalized communities in the design pro-
cess, making them useful for identifying and mitigating
harms in algorithmic system development. They comple-
ment this paper by offering a harm reduction method for
real-world implementations of algorithmic systems. Acces-
sibility research shows that users feel a greater sense of
agency with these approaches, rather than viewing them-
selves as passive recipients (Morrison et al. 2021). Such ap-
proaches can apply to contexts ranging from data collection
and sharing (Park et al. 2021; Kamikubo et al. 2024) to ex-
plainability and validation techniques (Alharbi et al. 2024).

However, participatory design is not a panacea. As Sloane
et al. (2022) notes, participatory design can quickly turn
into“participation-washing”—i.e., using the language of
participation to mask underlying logics of extraction. In ad-
dition, what counts as“participation” ranges from inviting
users to a single co-design session, to empowering users
to define the purpose and ideal outcome of a system (Va-
lencia et al. 2023; Kamikubo et al. 2025), with significant
implications for agency. Outside of institutional structures
and settings, disabled people have already creatively har-
nessed these systems. GoblinTools, an app of Al-powered
tools built by and for “neurospicy” people (Buyser)), is one
such example of “participatory design” led by and for a par-
ticular disability community. Applying this type of partici-
patory design to various Al domains is left for future work.

Limitations

Although we aim to center disabled people’s experiences,
this harm-focused review risks framing them as passive re-
cipients of technology, leaving unmentioned instances of
collective resistance as well as strategic usage.

Our search method also has limitations. Ideally, we would
include all participants who self-identify as disabled. How-
ever, as verifying this is impractical, we rely on the authors’
designation when a participant does not self-identify. The
keyword “disability” may exclude particular groups, such
as the Deaf and hard of hearing community. The list of key-
words for “harm” and “bias” could be expanded, as it may
exclude harms not labeled as such by researchers. While we
sought to include venues beyond the ACM, this was not
systematic. Fields such as science and technologies stud-
ies (STS) and critical disability studies can offer especially
valuable insights, drawing upon theoretical frameworks that
may be less utilized in HCI and accessibility research. Ex-
panding to these venues in the future could capture harms
more holistically, especially macro-level harms which are
currently underrepresented.

Finally, there has been an exponential increase in adoption
of consumer-facing Al in the last two years, including by
people with disabilities. The impacts of such systems, which
are still unfolding, are not fully captured by this paper; we
leave this for future work.
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Researcher Positionality Statement

Reflecting on author positionality, we note that this research
was conducted by East Asian, South-Asian, and white schol-
ars in computing, one of whom identified as non-binary, and
one identified as neurodivergent/disabled. As scholars in the
interpretivist tradition, we saw annotating as a vital compo-
nent of the process of understanding algorithmic harms. Our
annotation approach was guided by our diverse perspectives,
which in-turn were uniquely shaped by our identity, schol-
arly training and lived experiences. This meant that we did
not seek to reach agreement with annotations in our discus-
sions (McDonald, Schoenebeck, and Forte 2019), but saw
conflicting and contradictory opinions as important to teas-
ing apart nuanced perspectives on algorithmic harms.
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