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“Nothing About Us – Without 
Algorithms?”
A Theoretical Synthesis of the 
Contradictions in the Relationship Between 
Artificial Intelligence and Disability

Abstract

Artificial intelligence (AI) is one of the most transformative forces of the 21st century; it reshapes industries, 
economies, governmental systems, and the functioning of societies at an unprecedented pace. The tools 
of AI, including large language models (LLMs), are reshaping the frameworks of human communication, 
knowledge transmission, and social participation. From the perspective of disability studies, these 
technologies exhibit a dual nature: they offer access and new instruments to support inclusion, while also 
carrying the risk of exclusion. These systems are therefore both technological and normative constructions: 

A cikkek a Creative Commons Attribution 4.0 International License (CC BY-NC-SA 4.0 Deed) licenc alatt állnak.
Publications are licensed under the Creative Commons Attribution 4.0 International License (CC BY-NC-SA 4.0 Deed)
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the linguistic patterns and cultural assumptions embedded in them determine who appears in the digital 
space and how they are represented. Focusing on this duality, the study examines how the issues of fairness, 
autonomy, transparency, and accessibility emerge in the development and application of large language 
models, with a specific focus on people with disabilities.

Keywords: artificial intelligence, ethics, disability, fairness, large language models, LLM

„Semmit rólunk – algoritmusok nélkül?”

A mesterséges intelligencia és a fogyatékosság kapcsolatában megjelenő  
ellentmondások elméleti szintézise

Absztrakt

A mesterséges intelligencia (MI) a 21. század egyik legátalakítóbb ereje; példátlan ütemben formálja át az 
iparágakat, a  gazdaságokat, a  kormányzati rendszereket és a  társadalmak működését. Az MI eszközei, 
köztük a nagy nyelvi modellek (Large Language Models, LLM-ek) újraformálják az emberi kommunikáció, 
a tudásközvetítés és a társadalmi részvétel kereteit. A fogyatékosságtudomány szemszögéből e technológi-
ák kettős természetet mutatnak: egyszerre kínálnak hozzáférést és új eszközöket az inklúzió támogatására, 
ugyanakkor a kirekesztés kockázatát is magukban hordozzák. Ezek a rendszerek tehát egyszerre technoló-
giai és normatív konstrukciók is: a bennük rejlő nyelvi mintázatok és kulturális előfeltevések meghatározzák, 
kik és hogyan jelennek meg a digitális térben. A tanulmány erre a kettősségre fókuszálva vizsgálja, hogy mi-
ként jelennek meg a méltányosság, autonómia, átláthatóság és hozzáférhetőség kérdései a nagy nyelvi mo-
dellek fejlesztésében és alkalmazásában, különös tekintettel a fogyatékossággal élő emberek csoportjára. 

Kulcsszavak: mesterséges intelligencia, etika, fogyatékosság, méltányosság, nagy nyelvi modellek, LLM

“Nothing About Us – Without 
Algorithms?”
A Theoretical Synthesis of the 
Contradictions in the Relationship Between 
Artificial Intelligence and Disability

1. Introduction
Artificial intelligence, particularly generative systems, are increasingly redefining 
human interactions in both digital and physical spaces. Analyses by international 
policy bodies have noted that AI is increasingly embedded in public services and 
administrative practices, where it can enhance productivity, tailor services to citizen 
needs, and support decision-making, but also raises concerns about transparency, 
accountability and equitable access (OECD, 2025). Natural language models such 
as ChatGPT are capable of producing human-like responses, conducting natural 
dialogues, and generating coherent, creative texts (Dwivedi et al., 2023). Large 
language models are highly sensitive technologies that mediate the linguistic and 
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cognitive dimensions of human communication and, in doing so—often in hidden 
ways—also carry values, cultural assumptions, and social norms (Bender et al., 
2021; Navigli et al., 2023). Linguistic and cultural biases embedded in datasets may 
render the experiences of people with disabilities invisible or reinforce stereotypes, 
thus reproducing social exclusion in digital form.

Floridi’s (2013) “information ethics” asserts that the handling of data and models 
is always a moral decision: every act of data processing is a choice of representation, 
determining whose story enters the digital canon and who is left out. Information 
systems are consequently not value-neutral; the “infosphere” conveys the values and 
norms of human contexts.

The application of AI in education and special education further illustrates 
these dynamics. An increasing number of studies examine the opportunities and 
challenges that AI-based tools pose for inclusive pedagogy and learning innovation. 
AI in education is not entirely new, but its application has entered a new dimension 
with the emergence of next-generation generative models (e.g., ChatGPT, Synthesia, 
NotebookLM, DALL·E, Elicit). The integration of AI tools into educational practice may, 
even in the short term, lead to the formation of new learning settings supported by 
adaptive learning management systems, learning analytics procedures that analyse 
student performance, and systems that provide automated feedback (Horváth, 2023). 
These technological solutions initiate institutional-organisational transformations as 
well as methodological changes, which raise ethical and social issues at the level of 
educational practice (Bokor, 2023). 

There is a growing interest in AI tools within the field of special education. However, 
the practical implementation is shaped by motivational, competency-related, and 
ethical considerations alike (Mező, 2025). At the same time, the application of AI in 
education is often described in an instrument-oriented manner in the literature and 
is not always accompanied by appropriate methodological or inclusive conceptual 
frameworks (Borsodi & Virányi, 2024).

The post-model of disability provides a  critical lens for examining digital 
infrastructures as cultural environments rather than merely technical artefacts. 
If disability is understood as discursively constructed, shaped by social and 
environmental contexts, then AI systems—particularly language models—become 
active participants in constructing the meaning of disability in the digital sphere. 
Thus, AI ethics and disability theory intersect in their shared concern with power, 
representation, and the conditions of participation.

This paper offers a theoretical synthesis at the intersection of disability studies 
and AI ethics, drawing on interdisciplinary scholarship in disability theory, algorithmic 
fairness research, and AI governance. It aims to:

1)	 analyse how the post-model of disability reframes the ethical evaluation of 
large language models;

2)	 identify structural tensions between statistical AI systems and the 
heterogeneity of disability;

3)	 examine how algorithmic bias, representational homogenisation, and 
technoableist assumptions shape the digital construction of disability;

4)	 outline normative and technical approaches toward disability-inclusive AI 
development.
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The evidentiary basis consists primarily of peer-reviewed academic publications, 
complemented by publicly available policy documents and recent scholarly preprints. 
The literature was selected according to its thematic relevance to these analytical 
objectives and identified through focused searches in major international academic 
databases (including Scopus and Web of Science Core Collection, as well as 
discipline-specific repositories such as the ACM Digital Library and IEEE Xplore), 
complemented by citation tracing of influential works in disability studies and AI ethics. 
The corpus integrates foundational theoretical contributions with contemporary 
research published between 2019 and 2025, reflecting the period during which large 
language models and generative AI systems became widely deployed and disability-
focused critiques of these algorithms intensified. The analysis moves from key 
developments in disability theory to the structural characteristics of AI systems, before 
examining manifestations of algorithmic bias and discussing possible governance 
and design-level responses.

2. The Post-Model of Disability and the 
New Dimensions of the Technological 
Environment
The conceptualisation of disability shifted in the second half of the twentieth century 
from the individualising perspective of the medical model to the collective approach 
of the social model (Barnes, 1998; Oliver, 1990). This shift redirected attention from 
individual impairment to the role of social and environmental barriers and is reflected 
in the World Health Organization’s International Classification of Functioning, 
Disability and Health (ICF), which adopts a biopsychosocial framework integrating 
functional, social and environmental dimensions (World Health Organization, 2001). 

Building on the conceptual contributions of the social model, the human rights model 
of disability emerged through disability-led civil rights movements and international 
human rights advocacy and was institutionally articulated at the normative level in the 
UN Convention on the Rights of Persons with Disabilities (UNCRPD; United Nations, 
2006). The UNCRPD declares that people with disabilities must be ensured access 
to all areas of social life, including information and communication technologies 
and systems. This logic may also be extended to the information environment: the 
informational sphere can itself be limiting if it excludes or misrepresents certain 
groups. Accordingly, the accessibility or biased operation of algorithmic systems 
constitutes a technological issue as well as a human rights concern.

In Hungarian disability studies, the social model of disability was expanded by 
Könczei and Hernádi (2011) toward the post-model, which understands disability as 
an open and discursive cultural construction. This conceptualisation is consistent 
with developments in international disability studies that have moved beyond 
a rigid opposition between medical and social models. Relational approaches have 
examined the cultural and representational dimensions of disability (Shakespeare, 
2014; Garland-Thomson, 2002), while intersectional analyses have explored how 
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disability interacts with gender, race, and socio-economic position within broader 
social structures (Erevelles, 2011). 

From this standpoint, the examination of the technological environment also 
reveals that the norms, categorisation logics, and representations that operate in AI 
systems reflect how the concept of “disability” is constructed in information society 
(Foley & Melese, 2025). The analytical shift from social space to digital infrastructure 
allows disability theory to inform the interpretation of machine learning architectures 
and their socio-cultural effects. 

Contemporary AI ethics scholarship likewise emphasises that AI systems should 
be understood as socio-technical constructs embedded in institutional, cultural, and 
regulatory contexts rather than purely technical artefacts (Jobin et al., 2019; Stahl, 
2021). From this perspective, disability theory and AI ethics intersect in their shared 
concern with fairness, representation, and participation. If disability emerges within 
structured environments, then algorithmic systems that organise communication 
may also influence how disability is represented, interpreted, and evaluated in digital 
spaces. Designing ethical and inclusive AI systems therefore requires approaches 
that foreground lived experience, user needs, and contextual understanding, 
principles often associated with human-centred design (Jain, 2025).

Automated assistive technologies for communication, speech recognition, and 
image-based support may create new forms of participation, while algorithms trained 
on incomplete datasets may reproduce social prejudices and the digital-informational 
forms of exclusion (Nazer et al., 2023; Soldatic et al., 2025). Recent reviews indicate 
that AI research concerning disability remains strongly influenced by the medical 
model and often reflects ableist assumptions (El Morr et al., 2024).

The concept of ableism (Campbell, 2009) is based on the implicit assumption 
that the “able” body and mind constitute the normative state, thus framing disability 
through the lens of deficit or lack. In the discourse on the relationship between 
technology and people with disabilities, the notion of technoableism has become 
increasingly prominent: a technology-based form of ableism that makes visible the 
often hidden prejudices and normative expectations behind the seeming inclusivity 
of technological advancement. Ashley Shew (2020) introduced the term to describe 
the widespread assumption that technology is inherently “good” for people with 
disabilities and is both capable and obliged to “fix” disability. 

The phenomenon of technoableism can thus be described as dual in nature: while 
technology operates with the promise of “empowerment,” it often continues to rest 
on the implicit assumption that the normative body and mind are the desirable state 
to which people with disabilities must adapt. Shew (2020) presents technoableist 
thinking as more than a flawed application of technology, describing it as a structural 
ideology that ties disability to an individualised biological deficit, disregarding the role 
of social and environmental barriers.

The technological support of “independence” and “autonomous living” often 
further reinforces this ideology by obscuring the naturalness of mutually dependent 
human relations—that assistance is not deviance, but a fundamental part of human 
existence. According to Shew (2020), this does not mean that the critique of 
technoableism entails an anti-technology stance. Quite the contrary: it advocates 
the creation of a  radically participatory technological vision in which people with 
disabilities go beyond being “users” or test subjects, and instead take part as active 
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creators and critics of technological innovations (Shew, 2020). This approach is 
likewise embodied in the Crip technoscience movement, which places the lived 
experience and knowledge of people with disabilities at the centre of technological 
development (Hamraie & Fritsch, 2019).

Taken together, these theoretical developments frame disability as relational, 
context-dependent, and shaped by cultural and institutional environments. The 
post-model thus shifts attention from individual deficit to the structures that organise 
interaction and meaning. This conceptual orientation provides the basis for examining 
how digital systems participate in the construction and portrayal of disability.

3. The Structural Contradictions of 
Artificial Intelligence
The structural characteristics of contemporary AI systems generate several 
tensions when examined from the perspective of disability studies. The following 
sections analyse these dynamics across four interrelated dimensions: statistical 
homogenisation in machine learning systems, representational bias in AI-generated 
narratives, intersectional forms of exclusion, and the cognitive and institutional 
dynamics that shape human–AI interaction.

3.1. Statistical homogenisation and algorithmic 
monoculture
Large language models are statistical technologies that model the probability 
distributions of linguistic patterns, visual depictions, and behavioural data. Their 
outputs therefore mirror the most frequently occurring (“average”) structures in the 
training data (Bender et al., 2021; Bommasani et al., 2022; Jurafsky & Martin, 2025). 
This gives rise to the problem of homogenisation: although AI technologies promise 
new forms of access and participation for people with disabilities, the logic of their 
operation tends to smooth differences out and reinforce typical patterns.

Among protected minority groups, people with disabilities form the most 
heterogeneous population (McGuire, 2020). The concept of disability is itself complex 
and dynamic, encompassing a broad spectrum of sensory, physical, cognitive, and 
psychosocial conditions (World Health Organization, 2001; United Nations, 2006; 
World Health Organization & World Bank, 2011). This complexity poses challenges for 
machine learning models, which often rely on uniform parameters and are therefore 
especially prone to disregarding differences between groups (Trewin et al., 2019; 
Mehrabi et al., 2021). Consequently, the diversity that the post-model recognises as 
a fundamental characteristic of human experience may gradually disappear through 
the statistical homogenisation inherent in machine learning systems. 

The literature refers to this phenomenon as algorithmic monoculture, which 
occurs when widely used models lead to converging outputs (Kleinberg & Raghavan, 
2021; Bommasani et al., 2022). The consequence of conformity to a  statistical 
average is that rarer linguistic, bodily, or cognitive patterns become less visible in 
model outputs. 
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For people with disabilities, this homogenisation may appear as implicit, 
“silent” exclusion. Large language models do not necessarily generate overtly 
offensive content but reproduce subtle, paternalistic schemas that portray people 
with disabilities more as objects (sources of inspiration or moral lessons) than as 
autonomous agents (Trewin et al., 2019). 

It is important to emphasise that the dangers of homogenisation are not only 
cultural but may also have clinical consequences. When AI is used to process 
medical or care documentation, standardisation aligned to an “average” may obscure 
individual differences and context-dependent details, ultimately leading to diagnostic 
bias and inequality in access to care (Obermeyer et al., 2019; Ghassemi et al., 2021). 

3.2. Representational bias and ableist narratives
The statistical tendencies described above extend beyond internal model dynamics 
and shape the cultural and representational dimensions of AI-generated content. In 
the case of large language models, the question of how people with disabilities are 
represented in datasets and algorithms—and how AI shapes the social narrative 
about them—demands careful consideration. According to the digital interpretation 
of the “nothing about us without us” principle (Charlton, 1998), ethical technological 
development is inconceivable without the participation of those concerned. 

The problem of homogenisation is further complicated by the fact that AI is not only 
a technological but also an interpretive medium. Language models such as ChatGPT 
or Gemini operate in the realm of communication and meaning-making and therefore 
become mediators of cultural norms. Since their learning processes rely on biased 
datasets and linguistic assumptions, the resulting outputs are prone to reproducing 
social prejudices (Hu et al., 2025; Nazer et al., 2023). In relation to disability, this 
may mean that instead of nuanced understandings of human differences, AI systems 
reinforce a simplified dichotomy of normality and deficiency. 

According to the New York City Bar Association (2025), portrayals of disability in 
generative systems often follow stereotypical patterns (e.g., heroism, dependency, 
pity) and provide visually homogenised portrayals (most often white men with visible 
physical disabilities), which—through narrative homogenisation—contribute to the 
cultural marginalisation of people with disabilities.

Anglo-centrism is a practical manifestation of linguistic and cultural dominance in 
AI-driven systems. Most large language models learn predominantly from English-
language sources, embedding Western—and more specifically Eurocentric—cultural 
values and discourses as defaults (Bender & Friedman, 2018; Joshi et al., 2020). This 
data dependency particularly disadvantages those communities—including people 
with disabilities—whose experiences and expressive forms rarely appear in English-
language corpora (Blasi et al., 2022). Interestingly, models trained in non-English 
languages are not exempt from distortion either: in translation-based systems, the 
prejudices embedded in the source language are transferred and may further distort 
outputs in the target language (Prates et al., 2020).

The corpora used to train LLMs and other machine learning systems are 
constructed largely from non-accessible digital content, mirroring the structural 
absence of accessibility in algorithms as well (WebAIM, 2023). According to WebAIM’s 
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(2023) annual report, the homepages of 97% of the world’s one million most visited 
websites did not comply with the basic criteria of the Web Content Accessibility 
Guidelines (WCAG; World Wide Web Consortium [W3C], 2023). Structural exclusion 
in the digital sphere is thus reproduced at the level of model training.

3.3. Intersectionality and structural exclusion
Representational absences and statistical distortions do not remain at the level of 
internal model logic. Numerous studies (AI Now Institute, 2019; Glazko et al., 2024; 
Kamruzzaman & Kim, 2025; Tilmes, 2022) have demonstrated that AI—and large 
language models in particular—reproduce systemic biases against people with 
disabilities. 

In AI-supported labour-market selection systems, applicants who openly 
disclosed their disability often received lower scores, even when they had identical 
qualifications, professional experience, gender, and ethnic backgrounds to non-
disabled applicants (Kamruzzaman & Kim, 2025). This indicates that LLMs and other 
AI systems may favour “normative” characteristics aligned with ableist social norms, 
thereby implicitly disadvantaging people with disabilities. 

Bias often intensifies intersectionally, when disability intersects with other 
marginalised identities—such as gender, ethnicity, or social class (Phutane et al., 
2025). To identify disability-related biases in AI systems, Phutane and colleagues 
(2025) introduce the ABLEist framework, which identifies four main forms of harm 
associated with ableism: ableism, inspirational narrative, superhumanisation, and 
tokenism. Alongside ableism, inspirational narratives position people with disabilities as 
tools of motivation for others, often wrapping their biographies in emotionally charged 
praise (e.g., “if they can do it, you can too”) (Young, 2014). Related to this is the concept 
of superhumanisation which depicts people with disabilities as superheroes who 
overcome their bodily or cognitive “limitations” with extraordinary strength (Garland-
Thomson, 2002). Although seemingly uplifting, this narrative imposes expectations and 
obscures structural barriers. Finally, tokenism (Ahmed, 2012) creates the appearance 
of inclusion without meaningful participation. Intersectional harms—especially 
tokenism and superhumanisation—disproportionately affect disabled women and 
socially disadvantaged disabled individuals (Phutane et al., 2025).

3.4. Cognitive, relational and governance dimensions
Beyond representational and structural biases, AI systems also influence how 
users perceive and interact with technological systems. One such contradiction 
lies between independence and dependence: while assistive technologies aim to 
enhance autonomy, they may simultaneously create new forms of technological 
dependence. 

Research has demonstrated that although language models can improve human 
cognitive performance, they also weaken the accuracy of self-reflection and critical 
self-evaluation. Fernandes and colleagues (2025) examined how the use of LLMs 
influences logical reasoning performance and metacognitive accuracy. According to 
their findings, participants who used ChatGPT achieved significantly higher scores 
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on logical tasks from the Law School Admission Test, yet overestimated their own 
knowledge and accuracy, indicating metacognitive bias. This phenomenon relates to 
the Dunning–Kruger effect (Kruger & Dunning, 1999), whereby individuals with low 
performance tend to overestimate their abilities, while highly competent individuals 
tend to underestimate their knowledge. This metacognitive distortion stems from the 
fact that poor performance is often accompanied by the absence of the knowledge 
required for accurate self-assessment (Kruger & Dunning, 1999; Pennycook et al., 
2017). According to Fernandes and colleagues (2025), the use of LLMs interestingly 
mitigated this distortion: the Dunning–Kruger effect weakened because AI support 
increased the performance of lower-skilled participants, while participants with 
higher AI literacy showed greater confidence but lower accuracy in self-evaluation. 
This indicates that AI-assisted systems may narrow performance gaps, yet at the 
same time increase overconfidence and reduce the capacity for self-reflection and 
metacognitive awareness (Buçinca et al., 2021).

Recent research highlights that the relationship between humans and AI may 
create a  form of psychological dependence. Through constant interaction with AI 
systems—especially language models and voice-based services—users tend to 
attribute human qualities to technology, which enhances trust but reduces critical 
distance. According to Naseer, Ahmad and Chishti (2025), this process creates 
the “illusion of technological comfort,” while increasing cognitive dependence and 
decreasing reflective autonomy. AI-based decision support thus paradoxically 
both increases and limits autonomy. One of the main psychological drivers of the 
phenomenon is anthropomorphism: the attribution of human characteristics to 
machine systems. Analysing the structural model of trust in AI, Dang and Li (2026) 
concluded that the main components of user trust—competence, benevolence, and 
integrity—are constructed through anthropomorphic attributions. That is, the more 
human-like an AI system appears, the more likely users are to project human norms 
of reliability onto it, even when the decisions of the algorithm cannot be interpreted 
through such norms.

Marketing and consumer psychology research has revealed similar dynamics. 
According to Gomes, Lopes and Nogueira (2025), anthropomorphic AI models 
increase emotional attachment and brand loyalty, while also encouraging shifts 
in user behaviour toward psychological dependency, especially where the system 
creates the appearance of empathy or attentiveness.

Transparency is one of the greatest challenges for AI tools, including large 
language models, and has become, since the 2010s, a  cornerstone of ethical AI 
discourse, together with the concept of accountability (Diakopoulos, 2016; Ananny 
& Crawford, 2018).  The increasingly complex functioning of AI systems gradually 
undermines trust between developers, decision-makers, and users through the 
so-called “black box problem” (Burrell, 2016; Carabantes, 2020; Lipton, 2018). 
Diakopoulos (2016) defines the concept of algorithmic responsibility as maintaining 
a  trace of human decisions throughout the entire process of development, 
deployment, and evaluation. Ananny and Crawford (2018) further nuance the 
concept: transparency alone does not ensure ethical operation if social context and 
power relations remain unacknowledged. The notion of human-centred transparency 
(Liao & Vaughan, 2023) builds on these insights. According to this, transparency 
does not mean the disclosure of code or data, but the support of user understanding: 
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ensuring that stakeholders—developers, users, decision-makers—comprehend 
how the model operates in ways aligned with their roles and competencies. Inclusive 
design approaches similarly emphasise that technological systems must account for 
human variability from the outset. In this framework, complexity and diversity are 
considered inherent features of system architecture and development processes 
(Treviranus, 2023).

In recent years, numerous technical and methodological initiatives have emerged 
to increase the transparency of AI systems. Examples include model cards (Mitchell 
et al., 2019) and datasheets for datasets (Gebru et al., 2021), which aim to make the 
development process and the origins, limitations, and purposes of the data used 
transparent. Additionally, the field of explainable AI (Doshi-Velez & Kim, 2017; Miller, 
2019) seeks to ensure that AI decisions are accurate while remaining understandable 
and traceable from a human perspective.

From the standpoint of disability studies, all this is crucial because transparency 
and interpretability enable users with different abilities to understand and critically 
evaluate the functioning of AI. Mapping the terrain of algorithmic ethics, Mittelstadt 
and colleagues (2016) warn that transparency is not solely a  technical matter: the 
lack of interpretability may reproduce social inequalities, as AI decisions often appear 
unquestionable to non-expert users.

Legal regulations also aim to reduce AI bias. For example, the European Union’s 
regulation on AI establishes a  common legal framework for the development and 
use of AI systems in Europe (European Parliament & Council of the European Union, 
2024). In October 2025, Hungary adopted the first comprehensive piece of legislation 
aimed at implementing this regulation at the national level. Act LXXV of 2025, which 
entered into force on 1 December 2025, places emphasis on ensuring a balance 
between technological innovation and the protection of fundamental rights in the 
development and application of AI. The legislation stresses that the use of AI tools 
must not violate the principle of human dignity and requires special consideration 
for vulnerable groups. The Act also acknowledges the uncertainties arising from 
the rapid technological changes associated with AI applications: in the absence of 
practical experience with implementation, it deems necessary the issuance of unified 
guidance, recommendations, and opinions to support consistent legal practice (Act 
LXXV of 2025 on the Hungarian implementation of the European Union’s regulation 
on artificial intelligence).

The structural characteristics of large-scale AI systems—statistical optimisation, 
dependence on training data, and the amplification of dominant patterns—create 
conditions under which minority perspectives risk marginalisation. These dynamics 
emerge from the operational logic of machine learning rather than from isolated 
technical errors. Understanding this structural dimension is essential for analysing 
how disability is represented in AI-mediated environments.

4. Technical Responses to Algorithmic Bias
For people with disabilities, AI thus offers opportunities yet carries risks. Language 
models often invisibly encode the social assumptions that interpret disability as 
deficit rather than identity.
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Reducing AI bias is also an important issue in educational practice, especially 
when AI is used to assess learning outcomes or personalise learner support. 
According to empirical research by Demeter and Mező (2023), the majority of 
Hungarian special education teacher trainees are open to the application of AI; 
however, the management of algorithmic bias, data protection concerns, and ethical 
risks is a necessary condition for AI to create genuine pedagogical value for learners 
with special educational needs. Mező (2025) emphasises that, in addition to bias 
mitigation techniques, the creation of specialised databases and the involvement 
of users—including representatives of vulnerable groups—are indispensable for 
establishing fair AI systems in pedagogy.

The literature agrees that these systems require both value-based and technically 
fairness-aware approaches (Li et al., 2023; Gallegos et al., 2023). In recent years, 
increasing attention has been paid to technological models and algorithmic solutions 
designed to reduce bias, preserve diversity, and support inclusive participation.

Fairness is not a single algorithm or metric, but a set of design decisions and 
technical procedures layered together. The classical literature distinguishes three 
complementary approaches: preprocessing, in-processing, and post-processing.

1) Preprocessing

Interventions at the dataset level constitute the first line of defence against bias. 
The aim of preprocessing is to mitigate distortions in the distribution of input training 
data before the model learns from them. Classic methods include reweighting and 
resampling, which address disproportionalities between groups by adjusting their 
relative representation (Kamiran & Calders, 2012).

In educational AI systems, besides reweighting, synthetic data augmentation is 
often used to increase the representation of underrepresented learner groups (such 
as students with special educational needs or minority language speakers) in the 
model training space. The “counterfactual data augmentation” technique described 
by Li and colleagues (2023), for example, inserts artificially generated samples into 
training datasets that model the characteristics of minority groups, thereby balancing 
training distributions. Through such procedures, the model does not evaluate 
individuals against a “normative” learner profile but learns from a broader and more 
realistic diversity.

2) In-processing

At the level of model training, adversarial debiasing has become increasingly 
widespread in recent years. This approach creates a balance between two competing 
components of the model: while one component optimises the primary task, the 
other seeks to identify and neutralise sensitive attributes (e.g., gender, language, 
disability). The MinDiff algorithm developed by Google Research, for instance, 
applies a loss function that explicitly penalises the model if it produces different error 
rates for different groups (Google Developers, 2024). Such solutions are well suited 
to educational LLM systems, where equal evaluation is essential when processing 
student feedback, essays, or speech patterns.
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3) Post-processing

When the model is already built, post-processing modifies its outputs. The latest 
developments in post-processing include the integration of fairness-checking metrics 
into AI systems. According to the taxonomy presented by Gallegos and colleagues 
(2023), probabilistic fine-tuning and output regulation are increasingly common in 
modern LLMs, applying real-time statistical correction to balance model outputs. This 
means that the system automatically checks whether it prefers certain vocabularies, 
social groups, or cultural perspectives before presenting the text to the user.

Table 1. below summarises the main risks and opportunities identified in the 
previous sections, together with corresponding ethical and technical responses 
discussed in the literature.

Table 1. Risks, opportunities and ethical responses in disability-inclusive AI

Dimension Risks Opportunities Ethical / Technical 
Responses

Data  
and modelling

Statistical 
homogenisation and 
underrepresentation 
of disability-related 
experiences in training 
data

AI-enabled assistive 
technologies and 
accessibility tools

Diversified datasets, 
dataset documentation, 
bias evaluation methods

Representation

Reproduction of 
ableist narratives and 
stereotypical portrayals 
of disability in datasets 
and outputs

Greater visibility of 
disability perspectives in 
digital environments

Participatory design 
and disability-sensitive 
evaluation frameworks

Intersectionality

Amplification of 
inequalities where 
disability intersects 
with gender, ethnicity 
or socio-economic 
disadvantage

Potential improvement of 
access to services and 
information

Intersectional bias 
auditing and inclusive 
governance approaches

Human–AI 
interaction

Cognitive overreliance, 
anthropomorphism, 
and reduced critical 
evaluation of automated 
outputs

Support for reasoning, 
communication and 
learning processes

AI literacy, explainability, 
and human-centred 
transparency

Governance  
and regulation

Limited transparency 
and accountability in 
complex AI systems

Regulatory frameworks 
may promote 
responsible AI 
development

Transparency 
requirements, auditing 
mechanisms, and AI 
governance frameworks

In pedagogical contexts, these technological solutions play a  central role as AI 
generates content while shaping learning experiences. The inclusive educational 
AI systems examined by Kooli and Chakraoui (2025), for example, create new 
forms of participation for students with special educational needs through assistive 
technologies based on speech recognition and image processing, while built-in bias-
filtering algorithms ensure that the system does not privilege “average” language-use 
patterns.
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5. Conclusion
The relationship between AI and disability is both a  technological and a  social 
issue, shaped by the deep structures of digital systems together with the theoretical 
frameworks of disability studies. Databases, learning patterns, and informational 
environments that influence the functioning of large language models are not neutral: 
they reflect the cultural assumptions, norms, and asymmetries that also condition 
social perceptions of disability.

One of the most important intersections between the post-model of disability and 
the analysis of AI systems is that both direct attention to the complex interactions 
between environment and individual. The post-model emphasises that disability 
is not an internal deficit, but a social-spatial construction that emerges in different 
interactional and communicational situations. Extending this logic to the digital 
sphere reveals that AI operates with the limitations and preferences embedded in 
datasets and algorithmic procedures.

The statistical functioning of large language models is based on the amplification 
of frequent patterns and the backgrounding of rare ones, a mechanism that creates 
structurally disadvantageous conditions for minority groups. Due to the heterogeneity 
of people with disabilities, this effect is further intensified: linguistic, cognitive, or 
cultural experiences that are sparsely documented often fail to appear in the 
training data, leaving the models without an adequate basis for producing nuanced 
representations. This study has highlighted that algorithmic homogenisation, ableist 
representations, and Anglo- and Eurocentric data dependency are not merely side-
effects but phenomena inherent in the internal logic of machine learning systems.

While the continually evolving technical procedures of bias mitigation may 
offer some advancement, they cannot substitute for the involvement of people with 
disabilities throughout the entire development process. Participatory auditing, critical 
design methodologies, and approaches grounded in community knowledge are 
tools capable of alleviating the shortcomings that arise from exclusively technical 
perspectives. 

In practical terms, disability-inclusive AI development requires:
1)	 institutionalised participation of persons with disabilities in AI design and 

auditing processes;
2)	 the systematic integration of disability-sensitive fairness metrics in LLM 

evaluation;
3)	 the expansion of multilingual and accessibility-compliant datasets;
4)	 the embedding of disability studies perspectives into AI ethics guidelines and 

regulatory frameworks;
5)	 the development of AI literacy initiatives addressing metacognitive risks and 

technological dependence.
These directions point toward a model of AI development in which considerations 
of disability are integrated into the foundational stages of system design rather than 
treated as subsequent corrections. The dialogue between AI ethics and disability 
studies remains essential for shaping digital environments that support diversity and 
equitable participation. 
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