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Abstract: The increasing use of Artificial Intelligence (AI) in education is a concern because these technologies
often strengthen the very colonial power structures they are meant to challenge. The impact of Al-based learning
systems on Indian university students' experiences was examined in detail in our study. We employed a critical
framework that integrated critical data studies, critical pedagogy, and postcolonial theory. In order to collect our
data, 113 students from a variety of institutional, linguistic, and socioeconomic backgrounds participated in a cross-
sectional survey that was guided by Community-Based Participatory Action Research (CPAR). Using logistic regression
and chi-square tests, our analysis revealed distinct patterns of algorithmic bias. One significant discovery was the
pervasive linguistic marginalization: more than half of the participants (53.10%) stated that their mother tongue
influence or accent prevented Al from correctly identifying them. This problem was significantly worse for students
who speak tribal languages (x2=18.43, p<0.001) and for first-generation learners (x2=12.67, p<0.01). Additionally,
we found a significant cultural mismatch. Only about one-third of the students (35.41%) felt that Al accurately
reflected Indian contexts, while a large majority (53.09%) felt the content was dominated by Western perspectives.
The frequency of surveillance-related harm was also high: 60.16% of students reported discomfort during Al
proctoring, and SC/ST students reported misrecognition rates that were 2.3 times higher (OR=2.34, 95% CI: 1.45-
3.78, p<0.001). Students from distant learning programs and government institutions experienced more algorithmic
bias (x2=15.82, p<0.01). Students used linguistic self-censorship (85%), avoiding cultural examples when interacting
with Al (68%), and selectively disengaging from Al (55%) as resistance tactics. Results demonstrate that educational
Al cannot be considered neutral if epistemic, cultural and sociotechnical inequality are not taken into consideration.
There is a need for decolonial AI frameworks that prioritize community governance, multilingual representation,
culturally sustaining pedagogy, and algorithmic transparency.

Keywords: Algorithmic Bias, Decolonial Pedagogy, Al in Education, Digital Inequality, Indian Higher Education,
Critical Data Studies.

1. Introduction

The intrusion of artificial intelligence into the modern educational ecosystem has electrified the debates
connected with power, representation and epistemic injustice. Although digital technologies are celebrated as
democratizing elements, several scholars have countered this discourse, suggesting that they merely carry on from
previous colonial logics, where the knowledge position of the West was privileged over all other systems of non-
Western knowledge (Chaka, 2022; Abas, 2025). From the automated writing evaluators, adaptive tutoring platforms
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and remote proctoring systems, all Al tools work within data infrastructures and algorithmic architectures created
mainly within the Global North. Because of this, they often encode linguistic hierarchies, cultural biases, and
normative assumptions that put learners hailing from diverse social, linguistic, and caste backgrounds at a
disadvantage in India. Emerging scholarship increasingly reveals that neither Al nor algorithms can be disconnected
from political economies and their embeddedness in knowledge systems; neither can mediate algorithmic systems
in education either reduce structural inequality or do anything other than reproduce it (Singh & Mohanty, 2025).

The latter becomes evident when tracing the historical transition from chalkboards to chatbots, in the context
of an enduring colonial legacy. Standardized curricula, linguistic suppression, and hierarchical assessment models
were the hallmarks of colonial schooling, as it looked to shape the compliant subject who internalized the Western
worldview. Today's Al-mediated learning environments-despite their modern technical sophistication-frequently
reproduce this logic through putatively "objective" algorithmic processes that privilege English-centric grammar,
Western cultural examples, and Euro-American knowledge frames (Walle, 2025). The grammatical patterns of Indian
vernacular languages and the distinctive rhetorical styles of learners' writing are frequently unfairly penalized by
algorithmic scoring systems. In the same way, Euro-American knowledge systems serve as the foundation for the
content and problem-solving strategies used by adaptive learning systems. This phenomenon is referred to by critical
data studies scholars as a technological "continuity of control," where the use of Al in education functions as a kind
of data colonialism. This procedure reinforces prevailing knowledge structures globally while simultaneously deriving
value from student interactions (Nemorin, 2024).

Thus, Al systems serve as a potent, hidden curriculum; they do more than simply impart knowledge; they
also quietly affect what constitutes acceptable expression, valid knowledge, and academic success. For example,
proctoring software has been demonstrated to penalize physical differences, darker skin tones, and unfavourable
home environments, while automated writing evaluators enforce standard English norms. Additionally, a cognitive
style consistent with Western pedagogical presumptions is preferred by adaptive learning systems. These
mechanisms demonstrate how algorithmic systems subtly, frequently without the students' knowledge, affect their
behaviour, identity, and self-perception. In Al-enhanced classrooms, this embedded bias dictates whose knowledge,
language, and cultural identity are valued and accepted. According to recent research, Al-driven education
perpetuates colonial hierarchies by elevating Anglo-Western knowledge and downplaying non-Western perspectives
(Muldoon & Wu, 2023; Amin, 2025).

Therefore, the primary goal of this study is to empirically investigate these dynamics in the unique setting
of India, where algorithmic bias is particularly problematic due to the country's high linguistic diversity, severe caste-
based inequality, and unequal access to technology. A quantitative, CPAR-aligned survey of 113 students from various
Indian higher education institutions is presented in this paper. Clear patterns of linguistic misrecognition, cultural
misalignment, and unease with surveillance are revealed by this survey, indicating structural biases in commonly
used Al learning tools. In particular, participants observed a preponderance of Western examples in Al content,
frequently reported miscommunications because of their accent or mother tongue influence, and expressed
discomfort with the identity-verification systems used in online proctoring. These findings emphasize the importance
of viewing Al critically, not just as a technological tool, but also as a sociopolitical force acting in digitally mediated
classrooms. By concentrating on student experiences, this study demonstrates how algorithmic infrastructures
actively affect academic equity, self-expression, and a sense of epistemic belonging.

This viewpoint is influenced by extensive work in postcolonial scholarship, critical pedagogy, and the quest
for epistemic justice in Indian higher education. The development of the research questions, the interpretation of
student accounts, and the comprehension of structural inequalities are all directly influenced by this background,
which spans a variety of linguistic and social contexts. So, this viewpoint consistently acknowledges that the creation
of knowledge is never neutral and frequently mirrors the very hierarchies that the study seeks to question. Thus,
reflexivity is a fundamental principle of decolonial inquiry, necessitating constant examination of power relations in
the technologies (Berg, 2022). The need to prevent unintentional normative closure is acknowledged by making this
position clear. The voices of students who are underrepresented in prevailing discourses on Al in education are also
given more analytical weight as a result. The study aims to provide analytical space for voices that are marginalized
in prevailing narratives of technological advancement by placing the researcher's position within larger sociohistorical
structures.
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This research is guided by four related research questions:

1 To what extent do students coming from different linguistic, caste, and socio-economic backgrounds
face differential patterns of algorithmic bias in AI-mediated learning spaces?

2 How do Al systems reproduce linguistic hierarchies and cultural erasure in educational content, and what
statistical relationships exist between the student identity markers and those experiences?

3 What forms of surveillance-related harm are students experiencing within Al-based proctoring systems,
and how do such experiences manifest differently across marginalized student populations?

4 What adaptive/resistant strategies do students employ to navigate algorithmic bias, and how might these
strategies reflect broader patterns of agency within digital coloniality?

These questions build upon empirical patterns identified during preliminary data exploration situated within
the critical pedagogy, postcolonial theory, critical race theory, and critical data studies integrated theoretical
framework.

2. Theoretical Framework
2.1 Critical Pedagogy

Critical pedagogy provides the fundamental lens for studying power and resistance, together with meaning-
making in AI-mediated learning spaces. The critique by Freire of the "banking model" of education remains cogent
to this day, since Al systems, particularly automated scoring tools and adaptive learning platforms, position learners
as the passive recipients of algorithmically curated knowledge, rather than as co-creators of meaning. More recent
scholarship suggests that such digital platforms generally reinforce hierarchical flows of knowledge, limiting the
potential of the more dialogical problem-posing at the heart of emancipatory pedagogies (Lunevich, 2022).
Meanwhile, there appears to be a particular relevance to bell hooks' framing of education as a practice of freedom,
shaped through love, relationality, and recognition of lived experience, when learners from marginalized groups
encounter AI systems that misconstrue linguistic expressions or penalize culturally grounded epistemological
patterns. Critical scholarship has more latterly claimed that Al-enhanced classrooms risk undermining critical
consciousness through concealing the value judgments driving algorithmic output (Akgln et a/.,, 2024). In this paper,
critical pedagogy facilitates an exploration of how AI tools reproduce domination or disrupt it, and how learners
negotiate these structures through adopting, resisting, and reinterpreting them.

2.2 Postcolonial Theory

Postcolonial theory extends this critique by highlighting how contemporary educational technologies remain
entangled with colonial histories of epistemic domination. The concept of Orientalism by Said helps in understanding
how the Western-trained AI models might develop “universal” knowledge systems that marginalize the
epistemologies of the non-Western world. The concept of epistemic violence derived from Spivak perhaps offers an
insightful analytical tool to study how Al systems misrecognize indigenous cultural expressions or treat vernacular
linguistic structures as errors, thus contributing to the erasure of subaltern voices (Thrift, 2006). The concept derived
from Bhabha is perhaps relevant in considering how Indian learners negotiate hybrid cultural-technical terrains
constituted by both local linguistic identity and globalised Al infrastructures. Research in postcolonial digital
humanities underscores how algorithmic systems embed geopolitical biases, favouring Anglo-American historical
narratives, cultural metaphors, and moral framings, among others (Thong, 2022).

2.3 Critical Race Theory in Education

Critical Race Theory provides a way to understand the various forms of systemic inequalities being
reproduced through algorithmic systems, where overtly neutral processes provide racially differentiated outcomes.
Although it was developed in the United States, its conceptual tools do shed light on caste- and ethnicity-based
inequalities in Indian educational contexts. The notion of "whiteness as property" can be used to interpret how
proficiency in English, Western styles of argumentation, and Eurocentric linguistic norms become signs of academic

: .- : Asian |. Interdicip. Res, 8(4) (2025), 301-330 | 303



Vol 8 Iss 4 Year 2025 R. Suraj Begum et al., /2025 d @10.54392/ajir25417

legitimacy in Al scoring mechanisms and language-correction systems (Harris, 1993). Interest convergence-located
within CRT-offers an explanation for precisely why ed-tech corporations engaged in diversity-oriented rhetoric fail to
meaningfully address algorithmic bias, as structural change seldom aligns with corporate benefit. Researchers have
demonstrated the way Al-driven proctoring systems disproportionately misidentify darker-skinned students, echoing
long-standing racialized patterns of surveillance and suspicion in educational spaces (Emily et a/,, 2021). In India,
these dynamics cut across caste, region, and linguistic identity, given that students from Adivasi, Dalit, or rural
linguistic backgrounds experience greater misrecognition in automated systems. CRT helps in analyzing, through this
dissertation, how algorithmic tools shape the logics of belonging, legitimacy, and academic trajectories across these
intersecting identities.

2.4 Critical Data Studies

This theoretical toolkit is further expanded by Critical Data Studies (CDS), which positions AI within political
economy of data extraction, classification, and governance. The aforementioned behaviour is referred to by Couldry
and Mejias as "data colonialism," a process in which digital systems use quantification to reshape social interactions
while extracting value from human life activities (Taylor, 2017). This is demonstrated in education through the
widespread datafication of performance patterns, emotional states, language choices, and learning habits. While
proctoring systems legitimize invasive biometric surveillance, automated scoring platforms convert culturally rooted
student writing into quantitative attributes. Noble analysis of algorithmic oppression is an important player in
interpreting how Al systems amplify preexisting social hierarchies by reflecting and reinforcing biases inherent in
training data itself (winter, 2018). Lehtiniemi & Ruckenstein, 2019 explains how the educational Al ecosystem collects
student data not for pedagogical goals, but for predictive analytics, risk modelling, and institutional decision-making.
Within this paper, CDS bequeaths the necessary vocabulary to analyze how Indian learners’ data gets extracted,
categorized, and operationalized by AI systems that most often remain bereft of any transparency, accountability,
or cultural sensitivity.

2.5 An Integrated Decolonial Framework

As shown in Figure 1, this study synthesizes various theoretical traditions into an integrated decolonial
framework for examining algorithmic coloniality in education rather than viewing them as distinct lenses. According
to this concept, Al-mediated learning is a sociotechnical assemblage with four interconnected dimensions.

Dimension 1: Epistemic Power - The Al system itself decides what constitutes valid knowledge, giving pride
of place to Western epistemologies while marginalizing Indigenous and sub-national knowledge systems. This occurs
in content creation, example selection, and knowledge verification.

Dimension 2: Pedagogical Authority (Critical Pedagogy) - Al tools act as mediators of relationships between
teachers, students, and knowledge, often supporting banking models and failing to enable forms of dialogic, problem-
posing education. Conscientizacao is constrained by algorithmic systems, which obscure embedded value judgments.

Dimension 3: Racialized Legitimacy (Critical Race Theory) - Algorithmic systems encode "whiteness as
property" through linguistic norms, cultural assumptions, and surveillance mechanisms that disproportionately
criminalize marginalized bodies. In India, these intersect with caste, region, and mother tongue.

Dimension 4: Extraction of data (critical data studies) - Education Al uses the logics of surveillance
capitalism to extract student data while enforcing quantification regimes that transform learning into processes that
can be measured and controlled.

This theoretical hypothesis of this framework are,
H1: Linguistic minority students will report significantly higher Al misrecognition rates.
H2: Cultural misalignment perceptions will relate positively to Western content dominance perceptions.

H3: Students who are marginalized (SC/ST, first-generation, and from rural areas) will experience
compounded algorithmic harm in multiple ways.
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H4: Students who perceive bias in one area, like proctoring, will show more bias in other areas, like language
processing.
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Figure 1. Integrated decolonial framework for analysing algorithmic coloniality in education

3. Literature Review

Critiques of coloniality in education have centred around the complex relationship between technology,
power and knowledge. For example, contemporary scholarship has demonstrated how Al, despite its frequent
framing as a pedagogically transformative force, is rapidly expanding in classrooms and reinscribing structural
inequalities that have long shaped educational systems in the Global South. This literature review examines such
continuities across four major strands of research: the historical legacy of colonial education technologies, the
dominance of Western epistemologies in present-day Al systems, documented biases in learning algorithms, and
emerging counter-narratives resisting digital colonialism.

3.1 Historical Context: Technology and Colonial Education

Historically, colonial education functioned as an instrument of epistemic governance, systematically
privileging Western linguistic, cultural and intellectual norms. Missionary schooling, print technologies and
standardized examinations were designed not only to disseminate content but also to discipline cognition, behaviour
and cultural identity. Recent postcolonial education research argues that these technologies served as “epistemic
infrastructures” through which colonial authorities shaped what counted as legitimate knowledge (Fregoso Bailon &
De Lissovoy, 2018). Standardized testing, still deeply influential in India, has been particularly criticized as a colonial
residue that continues to reproduce linguistic and cultural disadvantage by evaluating diverse learners against rigid
Western-derived norms (Cunningham, 2018). Contemporary digital tools, although more sophisticated, retain similar
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logics of classification, comparison and control. Studies of digital inequality in South Asia further demonstrate how
technological artefacts often mediate existing hierarchies of caste, language and region, reinforcing educational
stratification rather than dismantling it (Heeks, 2022; Abas et al., 2025).

3.2 Current State of Al in Education

The global Al-in-education (AIED) ecosystem is overwhelmingly dominated by corporations, research
institutions and datasets from North America and Western Europe. Such geopolitical concentration is a serious
epistemic issue. Al tutors, automated writing evaluators and adaptive learning platforms often draw on knowledge
repositories and pedagogic models optimized for Western learners, with little to no cultural or linguistic adaptation
for Global South contexts. Researchers argue that Eurocentric presumptions about literacy, argumentation, and
knowledge relevance are often reflected in Al development pipelines, from data collection to annotation and
modelling (Dixon-Roman et al., 2019). This English-centric design is still especially significant in India, where learners
navigating multilingual environments come across systems that label Indian English variants as "deviations" or
"errors." Furthermore, research indicates that Al systems trained predominantly on Western data often fail to
understand indigenous knowledge systems, culturally based metaphors, and non-linear writing styles (Amorim et al.,
2018). This systematic misinterpretation frequently leads to lower evaluation scores for students whose
communication and knowledge construction fall outside of the dominant linguistic norms. These persistent trends
clearly show that Al in Education (AIED) is deeply connected to larger global structures of knowledge extraction and
digital capitalism.

3.3 Documented Biases in Educational AI

Racial, linguistic, and cultural biases are replicated by Al systems used in educational settings, according to
a growing body of empirical evidence. Commercial speech recognition systems have substantially higher error rates
for African American Vernacular English than for Standard American English, demonstrating structural linguistic
discrimination embedded in training data, according to one of the most cited studies (Koenecke et al., 2020). Indian
English and other regional linguistic varieties have also been found to exhibit accent-related misrecognition, which
makes it challenging for students to use voice-based tutoring programs or oral assessment instruments. It has been
demonstrated that automated essay scoring systems penalize non-standard grammar, culturally situated rhetorical
structures, and region-specific vocabulary, with marginalized linguistic groups consistently receiving lower scores
(Amorim et al., 2018). Another major issue with remote proctoring systems is bias. Due to racial biases in computer
vision models, it has been shown that major proctoring platforms often misidentify test takers with darker skin tones,
resulting in false suspicion flags that impact academic performance and psychological well-being (Emily et al,, 2021).
These patterns echo long-standing critiques of surveillance practices that disproportionately target racialized and
marginalized communities.

3.4 Resistance and Counter-Narratives

Nevertheless, communities from the Global South have elaborated impressive counter-narratives and
resistance strategies. The indigenous data sovereignty movements have globally called for community-controlled
datasets, ethical governance models, and epistemic autonomy in the face of algorithmic extractivism (Ofosu-Asare,
2024). In education, scholars and activists are urging culturally sustaining pedagogies that center linguistic
diversities, place-based knowledge, and decolonial standpoints within digital platforms (Paris, 2012). Participatory
technology design projects in both Asia and Latin America show that co-designing the development of digital tools
with marginalized learners leads to more relevant forms of digital systems representative of local epistemologies,
pushing against the homogenizing pulls of global AI markets (Ahrweiler et a/, 2025). Lastly, critical digital literacy
programs have arrived as strong complements, providing students with the analytical resources to question
algorithmic authority, uncover occluded biases, and assert agency within Al-mediated learning environments
(Stewart & Rodgers, 2025).
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4. Methodology: Critical Participatory Action Research
4.1 Epistemological Foundations

This study is epistemologically located in the tradition of Critical Participatory Action Research, wherein
knowledge is theorized as relational, co-constituted, and politically situated, rather than neutral or technocratic. CPAR
foregrounds the lived expertise of marginalized learners and treats their narratives as valid epistemic contributions
to resisting dominant, colonial forms of knowledge production. In the present project, CPAR functions foremost as
an epistemological stance rather than a fully enacted methodological cycle, given the structural and logistical barriers
to conducting participatory research across geographically dispersed student communities over extended periods of
infrastructural instability in Indian higher education. This is in line with recent scholarship that has argued that even
when full action-research cycles are not possible, CPAR principles can inform ethical decision-making, tool design,
and interpretation of findings through their anchoring of marginalized participants at every stage of the research
process. In order to retain the core commitments of CPAR, the study foregrounded four epistemic pillars: (a)
recognition of student knowledge as situated and embodied; (b) the moral and political obligation to document
structural harms emerging from algorithmic systems; (c) an explicitly reflexive researcher stance that acknowledges
power asymmetries in digital research ecologies; and (d) a praxis orientation focused on generating actionable
insights for institutional and policy transformation. These research commitments are consistent with critical digital
scholarship, which strongly argues that algorithmic bias must be studied by looking at issues of privilege, power, and
data colonialism, rather than treating Al failures as mere, isolated technical errors (Taylor, 2017).

Full Community-Based Participatory Action Research (CPAR), which entails ongoing, iterative cycles of co-
planning, group action, and reflection, was our original goal. However, these complete cycles were not possible
because of practical limitations, particularly those imposed by the pandemic era, current digital disparities, and the
absence of formal mechanisms for long-term student participation in governance. Rather, we deliberately
incorporated CPAR concepts into a critical survey approach. We were able to achieve a wide national reach while
upholding participatory ethics thanks to this strategy. Notably, eight student advisors from different institutional and
linguistic backgrounds worked together to develop the final survey instrument. Instead of concentrating on externally
imposed research priorities, this co-design process made sure that the questions directly addressed students' actual,
lived experiences, such as algorithmic misrecognition, linguistic suppression, and anxiety related to surveillance. This
co-design process takes up recent methodological innovations embedding participatory co-creation within large-scale
digital surveys as a means to enhance construct validity while reducing extractive tendencies in data production
(Mukeriji et al., 2024).

This adapted approach aimed at the minimum possible epistemic extraction through restricting data
collection to only necessary variables, avoiding demographic hyper surveillance, and ensuring that participants
maintain full autonomy, anonymity, and control over disclosure. Additionally, the interpretive phase of this research
deliberately foregrounded student narratives and response patterns in concert with decolonial research positions that
argue for a necessary privileging of the viewpoints of those most harmed by technological inequities. By doing so, it
places itself within a growing body of Global South research, which contests universalising claims about the neutrality
of Al and instead reveals how linguistic hierarchies and socio-economic stratification produce algorithmic encounters.
However, the translation of CPAR into a single-time-point online format necessarily entails some epistemic and
methodological compromises. It was not possible, for example, to enable any collective analysis or co-development
of action steps with participants, essential elements of full CPAR's transformative agenda. The research therefore
aligns epistemologically with participatory and decolonial commitments but has limited immediate structural
transformation capacity. This is a compromise necessitated by the research landscape on Al-in-education in India,
given the empirical baselines on algorithmic bias remain few and far between, and large-scale mapping is urgently
required to inform future participatory cycles. The current study should be viewed as a CPAR-aligned foundational
diagnosis, setting the empirical platform for more in-depth involvement with communities through iterative action
research procedures.

4.2 Research Design

The study used a quantitative, cross-sectional survey design that was guided by CPAR values. In order to
facilitate broad participation among geographically dispersed organizations, the design was specifically selected. This
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approach satisfied the critical need for low barriers to access given the wide variations in digital connectivity and
device availability throughout the Indian higher education sector. Even though classical CPAR entails iterative cycles
of reflection and group action, the constraints imposed by remote research during the study period necessitated
methodological adaptation. The survey design upheld the CPAR emphasis on capturing the experiences of
marginalized learners in all their nuance through objective but socially sensitive variables such as linguistic identity,
caste and community-based categories, institutional type, and specific encounters with Al tools. Therefore, our
approach extends beyond demographic profiling to investigate how structural inequality influences interactions with
algorithmic systems in educational settings.

4.3 Participant Selection

The study included 113 students from various Indian universities. To attract participants, the survey URL
was freely posted online via academic networks, student organizations, and institutional mailing lists. Anonymous,
voluntary, and based on digital informed consent, participation took place. Although the participant distribution
resembled the heterogeneity of Indian higher education, the sampling strategy is consistent with non-probability
voluntary response sampling given this mode of recruitment. Students represented a variety of disciplines and
generations by participating in undergraduate, graduate, engineering, arts, sciences, distance learning, and diploma
programs. Participants reported Hindi, Tamil, Telugu, Odia, Bengali, tribal/indigenous languages, Khasi-Mizo-
Manipuri clusters, and English as their primary home languages, demonstrating the wide range of linguistic diversity.
Additionally, students self-identified as first-generation learners, migrants, economically disadvantaged, SC/ST, OBC,
tribal/indigenous, and learners with disabilities. Institutional types ranged across government colleges, private
colleges, central universities, state universities, and open/distance institutions. This breadth of representation allowed
for meaningful examination of how social, linguistic, and institutional contexts mediate experiences of Al bias.

Table 1 offers an overall picture of the demographic features of the participants, and chi-square goodness-
of-fit tests were conducted in order to evaluate the representativeness of the sample across national higher-education
distribution based on AISHE 2021-22. Gender representation in the sample (58% male, 40% female, and 2%
identifying as other) closely approximated national patterns of 54% male and 46% female, and the difference was
not statistically significant x2 = 3.21, p = 0.201, thereby indicating reasonable gender comparability. However, strong
institutional differences existed: private universities were over-represented in the sample, at 42% compared with
28% nationally; government colleges were under-represented, at 35% compared with 48% nationally, and these
differences were statistically significant x2 = 12.45, p = 0.002. Geographically, South India accounted for 68% of
the sample (mostly Karnataka, Tamil Nadu, Kerala, and Telangana), followed by East India (Odisha and West Bengal)
at 22% and North and Central India at 10%.

Significant selection effects are reflected in these patterns. Students with poor or inconsistent internet access
are naturally excluded from the sample because recruitment was done online. This digital divide probably lowers the
participation of economically disadvantaged students and contributes to the underrepresentation of rural learners,
who make up only 18% of the sample compared to an estimated 25% nationally. On the other hand, there is an
overrepresentation of students who regularly use digital learning environments or who are more technologically
literate. Because the students who are most susceptible to linguistic bias, algorithmic misrecognition, and proctoring
harms are also the least likely to take part in online surveys, these sampling dynamics introduce conservative bias
into the dataset. Therefore, rather than being comprehensive measurements of the actual degree of harm throughout
Indian higher education, the prevalence estimates of algorithmic bias presented in this study should be taken as
lower-bound estimations.

4.4 Instrumentation

The seven structured sections of the instrument, A through G, were designed to capture the many aspects
of experiences related to Al-mediated learning while maintaining objectivity and accounting for the possibility of
respondent tiredness. Section A gathered detailed profiling information on the program of study, linguistic identity,
and self-identified community category and institutional type.
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Table 1. Participant Demographics and Sample Characteristics (N=113)

Characteristic Category n | % | National Comparator (%)
Male 66 | 58.4 54.0
Gender Female 45 | 39.8 46.0
Non-binary/Other 2 | 1.8 -
Undergraduate 48 | 42.5 78.0%*
Postgraduate 42 | 37.2 14.0%*
Program Level -
Diploma 11| 9.7 5.0%*
Distance/Open 12 | 10.6 3.0*
Engineering/Tech 35| 31.0 28.0
Discipline Sciences 28 | 24.8 22.0
Arts/Humanities 31| 27.4 30.0
Commerce/Mgmt 19 | 16.8 20.0
Private University 47 | 41.6 28.0**
Institution Type Government College 40 | 35.4 48.0%*
Central University 15| 13.3 12.0
State University 11| 9.7 12.0
Hindi 32| 28.3 43.6
Tamil 18 | 15.9 5.9
Telugu 14 | 124 7.4
Primary Language Bengali 11| 9.7 8.3
English 10 | 8.8 0.02
Odia 8 | 71 3.5
Tribal/Indigenous 12 | 10.6 1.1
Other 8 | 71 30.0
General 48 | 42.5 40.0
Community Category OBC 35| 31.0 42.0
SC/ST 22 | 19.5 23.0
Tribal/Indigenous 8|71 11.0
First-generation learner 34 | 30.1 48.0
Socioeconomic Status Economically disadvantaged | 28 | 24.8 ~35.0
Urban background 93 | 82.3 ~75.0
Rural background 20 | 17.7 ~25.0
South India 77 | 68.1 33.0
Geographic Region East India 251 22.1 18.0
North/Central India 11| 9.7 49.0

*Note: National data from AISHE 2022-23 Annual Report
**y2 test indicates significant difference (p<0.01) between sample and national distribution

Section B ascertained exposure to different Al-powered learning tools: conversational Al, automated essay
scoring systems, online proctoring platforms, adaptive learning systems, and language correction tools, along with
frequency and purpose of use. Section C captured experiences of algorithmic bias: linguistic misrecognition, culturally
incongruent feedback, and proctoring errors. Section D ascertained perceptions of cultural representation within the
Al systems and dominance of Western epistemic frames. Section E investigated the ways in which experiences
related to surveillance, particularly discomfort and misidentification during Al-supervised assessments, were dealt
with. Section F explored potential coping and resistance strategies that students engaged in, such as rephrasing to
standardized English or reducing use of AI-powered tools. Section G elicited consent for academic purposes. All items
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were thus developed as objective or multi-select options, reflecting a felt need for quantitative comparability across
different social categories.

4.5 Data Collection Procedure

In order to ensure inclusion for students from rural, semi-urban, and metropolitan contexts, data collection
was conducted over a two-month period utilizing a questionnaire that remained available across devices and
bandwidth levels. Respondents had to attest to their voluntary participation before they could access the
guestionnaire. No personally identifiable information was collected. After the submission window closed, the
responses were moved to Microsoft Excel for cleaning and analysis. Incomplete submissions were removed, and
categorical data was carefully encoded to allow clear frequency comparisons. Multi-select fields were maintained as
string-based categorical composites. The final dataset contained 113 complete and valid responses.

4.6 Data Analysis Framework

The multi-layered quantitative approach to analysis concentrated on the details of both deeper structural
patterns of algorithmic inequity and surface-level trends in Al-mediated learning environments. This phased approach
aligns with recent methodological advancements in critical data studies and educational analytics, which have
emphasized the importance of integrating intersectional, inferential, and descriptive approaches to study
sociotechnical systems (Bentley ef a/.,, 2023). Therefore, rather than focusing only on statistical relationships, the
analysis was placed within a decolonial interpretive lens that highlights how the legacies of colonialism, linguistic
hierarchies, and systemic exclusions manifest within algorithmic interactions. A comprehensive descriptive statistical
mapping was first carried out to ascertain the basic distributions of linguistic backgrounds, program categories,
institutional affiliations, and reported Al experiences. We conducted frequency analyses and cross-tabulations to look
at emerging patterns of AI misrecognition, cultural misalignment, and surveillance discomfort across demographic
groupings. Descriptive diagnostics of this nature are increasingly considered integral to detecting bias trends in large-
scale digital education datasets, particularly in multilingual and socioeconomically stratified contexts (Scalise et al.,
2021). Analyses allowed for a tracing of how the prevalence of Al misrecognition varied across Hindi, Tamil, Odia,
and tribal language speakers, how perceptions of Western epistemic dominance varied according to institutional
type, and how access barriers aligned with caste, regional, and socioeconomic indicators.

The second analytical step then used chi-square tests of independence to explore bivariate relationships
between demographic characteristics and experiences of Al. These included linguistic background x misrecognition
frequency, community category x proctoring discomfort, and institutional type x cultural misalignment. Cramér's V
was used to interpret effect sizes on the basis of providing a standardized estimate of the association strength that
supports meaningful cross-construct comparisons. This use of bivariate analyses reflects recent best practices for
the analysis of educational equity; wherein bivariate analyses detail how algorithmic harm is to be differentially
concentrated among marginalised groups (Boateng & Boateng, 2025). In the third step, multivariate logistic
regression models isolated independent predictors of three outcome variables: high-frequency AI misrecognition,
proctoring discomfort, and pronounced perceptions of Western dominance in Al-generated content. Predictor
variables included linguistic background, caste/community category, institutional type, program level, self-reported
digital access, and AI usage frequency. Odds ratios, confidence intervals, and Nagelkerke R2 values were calculated
to estimate each variable’s predictive power. This model is consistent with recent scholarship that suggests logistic
regression is an effective means by which to lay bare the structural drivers of algorithmic harm and also account for,
within predictive frameworks, intersectional identities (Lester ef al., 2022).

The fourth stage concentrated on compounding effects among multiple marginalized groups, particularly
rural SC/ST learners who identify tribal or Indigenous languages as their primary language of communication. This
stage is derived from intersectionality-informed quantitative approaches that emphasize testing multidimensional
disadvantage markers instead of viewing identity variables as stand-alone predictors (Harari & Lee, 2021).
Misrecognition odds increased when linguistic marginalization was combined with socioeconomic and regional
disadvantage, according to stratified analyses, reflecting systemic patterns established by algorithmic colonialism.
R4 and SPSS 28.0 were used for statistical analyses, with a = 0.05 (two-tailed). List wise deletion was used to
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address the small percentage of missing values (3.5%) in order to preserve internal validity. Throughout the analysis,
the decolonial theoretical framework outlined in Section 2.5 guided interpretation and treated quantitative results as
empirical expressions of how power, privilege, and digital coloniality shape learners' experiences with Al systems in
India. This combination of statistical rigor and critical theoretical interpretation responds to current calls for hybrid
approaches capable of uncovering structural disparities entrenched in algorithmic educational technology (Pelosi et
al,, 2025).

4.7 Ethical Considerations

The study was informed by ethical considerations common to CPAR practice and digital research. Digital
informed consent was obtained before access to the questionnaire, and participation was voluntary, anonymous, and
reversible. Sensitive personal information was not gathered. Formal institutional ethics approval was not necessary
because the design was a low-risk, non-intrusive survey and because of the current Indian guidelines on educational
research. Social identification categories reflecting the lived reality of Indian learners were named in order to avoid
extractive data methods and to preserve cultural sensitivity. The decolonial principle, which states that research
should not only record injustice but also aid in its disruption, is one of the main ethical tenets guiding this
investigation.

4.8 Limitations

It is important to recognize a number of methodological limitations. Differential representation may arise
from the voluntary online respondent sampling, especially among students from low-digital literacy areas or those
with limited Internet access. The interpretive depth characteristic of CPAR studies is limited by the absence of open-
ended qualitative responses. The cross-sectional design provides no information about how the perception of bias in
Al varies over time or in different learning environments. However, the approach guarantees that this is a solid
empirical study of how students in India comprehend and deal with algorithmic bias in learning environments while
adhering to the critical and decolonial commitments of the larger research.

5. Findings
5.1 Linguistic Marginalization and Algorithmic Misrecognition

One of the most widespread and deeply ingrained types of algorithmic bias identified in this study is linguistic
marginalization, which reflects persistent hierarchies between the multilingual realities of India and English. According
to survey data (N = 113), 53.10% of participants said that AI misrecognized their inputs "very frequently" (24.78%)
or "sometimes" (28.32%). Students whose first languages include Hindi, Tamil, Odia, Marathi, and various
Adivasi/tribal languages were disproportionately affected. These trends are consistent with an increasing amount of
evidence that Al language models, which are typically trained on Western, monolingual, standardized English
corpora, perform worse when processing linguistic varieties from the Global South, such as low-resource languages
and non-standard English dialects (Joshi et a/., 2025). In India, socioeconomic privilege and elite English proficiency
have historically been linked. By favouring students who adhere to elite linguistic norms and disadvantaging students
from rural, first-generation, and linguistically diverse backgrounds, algorithmic behaviour of this kind usually serves
to solidify structural injustices. Indeed, issues of accent, dialect, and grammar reflect deeper epistemic presumptions
that equate linguistic "correctness" with whiteness and Western middle-class norms, as empirical studies of NLP
systems have long demonstrated. By penalizing or misinterpreting linguistic practices typical of Indian English
speakers, such as code-mixing, regional phonetic structures, and culturally embedded idioms, large language models
enact this hierarchy. Indeed, global evaluations of speech recognition systems have consistently returned similar
findings, with error rates for speakers from India, Africa, and Southeast Asia remaining substantially higher than for
American or British speakers-a form of computational accent bias with direct contributions to educational
disadvantage. The pervasive expectation of "standard English" thus creates in Al-mediated classrooms an implicit
linguistic gatekeeping mechanism, subtly signalling to students that their linguistic identities are lacking, incorrect or
inferior. Chi-square analysis revealed significant associations between linguistic background and AI misrecognition
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frequency [x2 (18, N=113) = 34.67, p = 0.011, Cramér's V = 0.32]. Table 2 presents disaggregated results of Al
Misrecognition by Linguistic Background.

Table 2. Al Misrecognition by Linguistic Background

Primary Language | Very Frequently (%) | Sometimes (%) | Rarely (%) | Never (%) | Total n
Tribal/Indigenous | 58.3 33.3 8.3 0.0 12
Odia 37.5 37.5 25.0 0.0 8
Tamil 33.3 27.8 27.8 11.1 18
Telugu 28.6 35.7 28.6 7.1 14
Hindi 21.9 31.3 34.4 12.5 32
Bengali 18.2 27.3 36.4 18.2 11
English 10.0 10.0 40.0 40.0 10
Other 12.5 25.0 37.5 25.0 8

Several significant differences in misrecognition rates among language groups were found by post-hoc
pairwise comparisons that were Bonferroni-corrected to account for multiple tests. In particular, misrecognition was
significantly higher among Tribal/Indigenous language speakers compared to English speakers (p < 0.001).
Additionally, compared to Hindi speakers, speakers of Odia and Tribal/Indigenous languages showed a significant
difference in misrecognition (p < 0.05). On the other hand, misrecognition rates among the Hindi, Bengali, and
"Other" language groups did not differ significantly (p > 0.10). As shown in Table 3, Model 1 was utilized to
investigate the particular predictors of high-frequency Al misrecognition after these comparisons.

Table 3. Logistic Regression Predicting High-Frequency Al Misrecognition

Predictor B SE | Wald | p OR | 95% CI
Tribal/Indigenous language 2.18 | 0.67 | 10.58 | 0.001 | 8.85 | 2.38-32.91
Other regional language (vs. Hindi) | 0.89 | 0.38 | 5.47 | 0.019 | 2.44 | 1.16-5.13
SC/ST category 0.85 | 0.41|4.29 |0.038 |2.34|1.05-5.21
First-generation learner 0.72 | 0.36 | 4.00 | 0.045 2.05 | 1.01-4.16
Rural background 0.61 | 044|192 |0.166 | 1.84 | 0.78-4.34
Al usage frequency (high) -043 | 0.35| 1.51 | 0.219 | 0.65| 0.33-1.28
Constant -2.34 | 0.58 | 16.23 | <0.001 | 0.10 | -

Model fit: x2(6) = 28.43, p < 0.001; Nagelkerke R2 = 0.36

When other variables were taken into account, tribal/Indigenous language speakers were almost nine times
more likely than Hindi speakers to encounter high-frequency misrecognition. First-generation students and SC/ST
students also had much higher odds. The small sample size (n = 20) may have contributed to the non-significant
trend (p = 0.166) in rural background. Interestingly, 15.22% of participants said they used Al-based language
correction tools; this practice shows both self-censorship and adaptation. Students explained how they frequently
reword inputs to "sound more standard," steer clear of culturally specific terminology, or employ simpler grammar
to lower misrecognition. In order to prevent unfavourable results or misunderstandings from Al systems, learners
internalize algorithmic preferences and alter their linguistic practices, according to similar patterns found in recent
qualitative studies (Xia & Guo, 2025). His effect is consistent with the idea of algorithmic normativity, in which
technology shape user behaviour by implicitly defining acceptable language. These dynamics serve as a type of
digital linguistic assimilation in the context of deep linguistic heterogeneity found in Indian higher education. The
Western Dominance and Cultural Representation in AI Content are explained in Figure 2.

Results indicate that there is actual pressure on students from marginalized backgrounds, first-generation
learners, and respondents from Scheduled Tribes or Scheduled Castes, who have reported the highest rates of
linguistic misrecognition. This is consistent with the discovery that language models often misclassify or devalue
dialects associated with marginalized groups, reflecting and amplifying caste-based language hierarchies
(Vijayaraghavan et al, 2025). Such misrecognition has serious educational and psychological repercussions in
addition to being annoying. Students report feeling less confident, reluctant to use Al tools for assignments, and that
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"AI understands others better than me," which is consistent with research on how algorithmic bias reinforces feelings
of exclusion and academic self-doubt (Ghasemaghaei & Kordzadeh, 2024). The dataset presented in this paper
indicates that the linguistic landscape of Al-assisted learning is anything but level. Instead, at the expense of English-
centric knowledge and the marginalization of regional and Indigenous language identities, Al systems often reinforce
long-standing linguistic hierarchies rooted in colonial legacies. These findings reinforce the appeal for decolonial
methods to Al development that prioritize linguistic justice, incorporate multilingual training data from multiple
sociolinguistic communities, and resist the universalizing pull of Western language standards inscribed in today's Al

Al represents
Indian culture
accurately

AT content is
Western
dominant

50 75 100

0 25

Percentage (%)
I Strongly Disagree [l Disagree WM Neuiral [l Agree [ Sirongly Agree

Figure 2. Cultural Representation and Western Dominance in AI Content

5.2 Cultural Mismatch and Dominance of Western Epistemology

The findings suggest a deep-seated structural problem-cultural misalignment in Al-mediated learning
environments, echoing broader patterns of Western epistemic dominance in algorithmic systems. A large proportion
of participants expressed dissatisfaction with the cultural relevance of the Al-generated educational content.
Specifically, 24.78% strongly disagreed and 21.23% disagreed that Al platforms reflected Indian cultural, social, and
educational realities. In contrast, 27.43% strongly agreed and 25.66% agreed that Al explanations, examples, and
problem framing were oriented toward the West. These results are in tune with global critiques that generative Al
systems reproduce Eurocentric epistemologies, privileging Western histories, values, and knowledge systems
because of training data that is heavily sourced from North America and Europe (Muldoon & Wu, 2023). Recent
scholarship demonstrates that algorithmic knowledge creation is not neutral on cultural grounds; instead, it embodies
hegemonies buried in the training data, privileged Western cultural narratives, canons, and pedagogical forms at the
expense of non-Western modes of knowing (Smets, 2024). For Indian students, this materializes in the form of
examples produced by Al referring to holidays celebrated in the West rather than Indian festivals, biology
explanations anchored in North American ecologies rather than local biodiversity, or ethics problem sets relating to
Western legal frameworks. And such patterns echo findings that educational Al systems often erase or distorting
Global South perspectives support a quiet but resilient hierarchy of cultural legitimacy (Molla & Ahsan, 2025).

The effect of this cultural mismatch is particularly pronounced in STEM content, where there was a consistent
report of a lack of localized contextual anchoring from students. Several respondents described AI-generated
explanations about environmental science that referenced species, climatic patterns, or conservation policies
irrelevant to Indian ecosystems. This finds corroboration in emerging research that shows that AI models trained on
Western-centric scientific literature and data repositories propagate environmental knowledge that is geographically
and culturally skewed, with underrepresentation of Global South ecological frameworks and Indigenous
environmental knowledge systems (Pawar et a/., 2025). Because of this, Indian students face a kind of algorithmic
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curricular coloniality, whereby the scientific worldview presented by Al reinforces epistemic hierarchies resting on
colonial knowledge structures.

Cultural erasure was further evident in humanities and social science outputs. Many students recounted that
Al-generated essays or discussions on caste, gender, or postcolonial history had a tendency toward neutralizing
structural oppression or reframing Indian sociopolitical issues through Western liberal paradigms. Indeed, similar
findings in recent scholarship on AI demonstrate that generative models often reduce complex local issues to
universalized, Western-centric frameworks that obscure power dynamics, historical trauma, and culturally specific
modes of knowing (Rapanta ef al., 2025). This then reinforces what postcolonial theorists have described as epistemic
flattening, where diverse ways of knowing are subordinated to singular, dominant narratives. The dataset also shows
a clear pattern of cultural misalignment to students' trust and usage patterns. Participants who strongly perceived
the dominance of Western culture in Al content were significantly more likely to report low trust in AI-mediated
learning and avoid using Al tools for high-stakes academic work. This finding is in consonance with previous evidence
that when students are culturally unrepresented, Al functions less as a pedagogical aid and more as a site of
alienation and epistemic invalidation (Omodan, 2023). The effects are not evenly distributed: students from rural
areas, first-generation learners, and newcomers to state universities are more likely to report cultural disconnection,
which reflects larger disparities in how educational technologies fit into India's varied sociocultural landscape.

Crucially, cultural misalignment is a predictable result of data colonialism rather than an unintentional
consequence of technological design i.e., data produced by Global South communities is extracted, cleaned, or
decontextualized to fit into machine learning pipelines that are Western-centric (Couldry & Mejias, 2019). This leads
to platforms that use Western cultural allusions by default in the field of educational AI; Indian or Indigenous
knowledge systems are either excluded or treated as exceptions. The idea that authoritative knowledge exists outside
of learners' sociocultural experiences is subtly reinforced by this asymmetry, which trains learners' cognitive frames.
The findings from the two sections highlight the necessity of decolonial AI models, which acknowledge cultural
plurality as a fundamental design principle. Al systems in educational settings will reinforce Western epistemologies
in ways that threaten students' own cultural identities and replicate knowledge relations typical of colonial contexts
in the absence of culturally sustaining datasets, locally situated validation processes, and meaningful engagement
with communities most affected by technological infrastructure.

5.3 Differential Access, Digital Inequality, and Algorithmic Redlining

Our study results clearly reveal that AlI-mediated learning in India is substantially shaped by long-standing
digital access gaps. This leads in varying patterns of access, opportunity, and vulnerability to algorithmic harm. The
quantitative data on Al usage across academic programs clearly demonstrates this disparity: students in professional
streams such as B.Tech and M.Sc. utilize Al learning tools on a daily or almost daily basis. However, Al usage falls
considerably for students in diploma programs, remote education, and certain undergraduate Arts courses, with
many reporting monthly or even less regular usage. These distinctions are more than just a matter of personal
preference; they hint to greater structural challenges such as dependable connectivity, institutional resource
distribution, and digital literacy. Such differences support previous studies on the Global South, which indicates that
digital infrastructures reinforce existing socioeconomic hierarchies. Al thus adds another layer to the "digital divide
2.0," where meaningful access extends beyond simply possessing a device or connectivity to include access to data-
rich and pedagogically relevant Al systems (Singh & Mohanty, 2025).

Institutional affiliation complicates the question of access. Students at private universities report having more
constant access to Al technologies and adaptable platforms offered directly by their institution. In contrast, students
at government colleges, who make up the majority of our sample, rely mostly on free, generalist tools such as
ChatGPT versions or simple language correction systems. The lack of institutional Al assistance in many cheap or
public-sector colleges contributes to the technological stratification identified in recent Indian research. Private
institutions frequently lead as early adopters of instructional Al, whereas public institutions fall behind due to resource
constraints. This results in large asymmetries, not only in pedagogical exposure but also in students' technical
proficiency (Ayanwale et al, 2024). This divide is consistent with international research demonstrating that Al
adoption correlates directly with variations in institutional finance and infrastructural capability, contributing to what
scholars refer to as "ed-tech privilege" in higher education (Komljenovic et a/., 2024).
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The diversity of economic and social backgrounds is emerging as a salient factor in determining experiences
of algorithmic bias. Students from economically deprived backgrounds, first-generation learners, and those from
Scheduled Caste / Scheduled Tribe categories are overrepresented among frequent recipients of unfair or biased
feedback from Al systems. This is in line with theoretical work that has argued that Al systems reproduce structural
inequalities since their training data encode patterns of historical discrimination, including educational marginalization
of disadvantaged communities (Zajko, 2022). In the Indian context, this might be seen to amount to a form of
algorithmic redlining, where Al systems reflect design assumptions misaligned with the linguistic reality, cultural life
worlds, or epistemic standpoints of learners from socioeconomically marginalised communities. This asymmetry
silently informs and shapes students' academic self-concept, access to learning opportunities, and evaluation of
performance.

Frequency of use of Al tools also reflects unequal digital competencies. Rural or peri-urban participants
report disproportionately poor access to stable internet or good-enough devices, leading to fragmented or
inconsistent use of Al tools. This reflects national digital equity concerns that have become more acute after the
COVID-19 pandemic. In India, empirical evidence shows how rural learners are hampered by a slew of compounding
issues, device shortages, low-bandwidth connectivity, and limited technical ecosystems for support that ultimately
limit their ability to benefit from AI-mediated learning innovations (Venugopal et al,, 2026). These intersecting
hurdles exacerbate performance gaps and diminish the probability that at-risk students will use Al for personalized
learning, exam preparation, or academic writing assistance, reinforcing systemic educational disadvantage.

The poll also identifies program-level stratification. Distance and open-university students, who make up an
increasingly large proportion of India's higher education enrollment, report increased monthly but lower daily use of
Al tools. This points to a pattern of "episodic Al engagement,” in which students use Al tools for specific tasks like
preparing assignments but do not have the ongoing exposure that is typical of environments with institutional
support. This pattern is consistent with research showing that distant learners in the Global South typically use
mobile-first access or public digital infrastructures, which results in uneven use of high-bandwidth or interactive Al
platforms (Zhang & Hu, 2024).

When taken as a whole, these results show how Al-driven learning environments in India both reproduce
and, in certain situations, worsen institutional and socioeconomic disparities. The unequal distribution of Al access
and familiarity among programs, institutions, and social groups raises the possibility that Al is an agent influencing
educational paths rather than a value-neutral addition to higher education. Such discrepancies run the risk of creating
a technologically mediated hierarchy in the absence of clear intervention, where privileged students gain from
regular, high-quality interactions with AI while marginalized groups are systematically shut out of the educational
and cognitive advantages of Al-enabled instruction. The need for decolonial and justice-oriented approaches to Al
integration in Indian higher education is highlighted by this layered inequality, which guarantees that AI will increase
rather than maintain educational stratification through more equal access to education.

5.4 Surveillance, Discomfort, and the Criminalization of Bodies

The findings demonstrated that Al-enabled proctoring and monitoring systems function as both technical
and sociopolitical tools, replicating past surveillance patterns that target and punish marginalized groups. When
taking the exam under Al supervision, a sizable portion of the participants expressed discomfort: 38.93% reported
discomfort, and 21.23% said they were extremely uncomfortable, indicating high levels of anxiety regarding digital
surveillance. This degree of discomfort was common in both government and private institutions, as most have
adapted to Al-based proctoring and do not retain specific institutional practices. This trend is in tune with the current
scholarship that evidences how algorithmic surveillance reconfigures the classroom into a "digital panopticon" in
which students come to internalize a sense of constant visibility and potential suspicion (Chaka, 2022). Figure 3
shows the Student Discomfort with AI-Based Proctoring Systems.

Table 4 and Table 5 compares the proctoring discomfort observations. Chi-square analysis confirmed
significant associations between community category and proctoring discomfort [x2 (8, N=113) = 19.73, p = 0.011,
Cramér's V = 0.30]. SC/ST students reported discomfort at higher rates (77.3%) compared to General category
students (52.1%).
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Figure 3. Student Discomfort with AI-Based Proctoring Systems
Table 4. Proctoring Discomfort by Student Background
Background VeryUncomfortable Uncomfortable CombinedDiscomfort N
Characteristic (%) (%) (%)
SC/ST 31.8 45.5 77.3 22
Tribal/Indigenous 417 33.3 750 12
language
First-generation learner 26.5 41.2 67.7 34
Rural background 30.0 35.0 65.0 20
Government institution 22.5 42.5 65.0 40
General category 14.6 37.5 52.1 48
(urban)
Table 5. Logistic Regression Predicting Proctoring Discomfort

Predictor B SE | Wald | p OR | 95% CI

SC/ST category 0.85 [ 0.39|4.76 |0.029 | 2.34]| 1.09-5.03

Tribal/Indigenous language 1.12 | 0.58 | 3.73 | 0.053 | 3.06 | 0.98-9.56

Rural background 0.68 | 0.47 | 2.09 |0.148 | 1.97 | 0.79-4.92

Low-light home environment* 1.24 | 0.42|8.71 | 0.003 3.46 | 1.52-7.87

Previous misrecognition experience | 0.91 | 0.36 | 6.39 | 0.011 2.48 | 1.23-5.01

Government institution 047 (035|181 |0.178 1.60 | 0.81-3.16

Constant -1.87 |1 0.51 | 13.44 | <0.001 | 0.15 | -

Model fit: x2(6) = 24.68, p < 0.001; Nagelkerke R2 = 0.31
*Self-reported inadequate lighting in primary study location

The major predictors of proctoring discomfort among students were revealed in the analysis. Students from
SC/ST categories had 2.34 times higher odds to report discomfort during proctoring, with p = 0.029. In a similar
vein, exams taken at low light conditions have 3.46 times higher odds of being associated with discomfort, with a
value of p = 0.003. More importantly, the hypothesis of compounded algorithmic harm is supported by the fact that
a student's prior experience with linguistic misrecognition significantly predicted their subsequent proctoring
discomfort (p = 0.011). Additionally, the concentration of this discomfort was highlighted by an intersectional
analysis. 100% of the extremely small subgroup of students (n = 6) who were SC/ST, from rural backgrounds, and

whose first language was Tribal/Indigenous expressed discomfort with proctoring. This stands in high contrast to the
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52.1% rate of discomfort by students belonging to the General category, living in urban areas, and whose primary
language was English or Hindi.

Across all linguistic, caste, and regional backgrounds, students consistently spoke of the fear of being wrongly
flagged for “suspicious behaviour,” but several linked the issue to environmental and socio-material conditions i.e.,
low lighting, unstable internet connectivity, and background noise, that disproportionately affect learners from
economically disadvantaged and rural households. This echoes wider critiques of the way in which proctoring
software design assumes the normativity of Western, urban, and well-resourced conditions of learning, therefore
penalizing students who do not inhabit those environments (Darling-Hammond et a/, 2019). The inability of
algorithmic systems to recognize faces in low-light settings or with lower-resolution cameras is also consistent with
documented skin-tone and racial biases in facial recognition technologies, in particular the reduced accuracy on
darker-skinned individuals as demonstrated in recent empirical work (Perkowitz, 2021). Although this study does not
collect biometric data, participant narratives show strong resonance with the literature in indicating that the
misrecognition experiences faced by Indian students echo broader, globally observed algorithmic inequities.

For most respondents, the proctoring systems induced a sense of criminalization rather than support.
Students reported an affective feeling of being treated as a cheater by default, consistent with scholarship on
algorithmic surveillance that frames Al-based monitoring as automated suspicion that disproportionately burdens
marginalized populations (Bareis & Katzenbach, 2021). The Al-proctoring systems worsened inequality in the Indian
context, where students from underrepresented groups frequently encounter major barriers to private study spaces,
by misinterpreting everyday household activities like moving around in shared rooms or having background
conversations as proof of candidate misconduct. These circumstances increase students' anxiety, especially during
high-stakes exams, and are in line with recent research showing how algorithmic proctoring technologies alter
students' emotional and cognitive states, frequently impairing performance through stress and hypervigilance (Druga
et al., 2022).

Misclassification was also found to be caused by other cultural and religious markers. In line with findings
from other international studies that have tended to show that Al-powered vision systems frequently misrecognize
the appearance of people wearing non-Western attire or head coverings, participants who wore hijabs, bindis, and
turbans reported face detection issues more frequently (Yang, 2025). These failures demonstrate how AI systems
increasingly marginalize students whose identities differ from Western-centric standards embedded in training
datasets by operationalizing a culturally limited concept of a "valid" student body. This restriction emphasizes the
relationship between algorithmic surveillance and cultural othering, a digitally mediated hierarchy in which some
bodies become intelligible and reliable while others remain unclear or suspicious.

The evidence shows that students who experienced misrecognition in proctoring contexts frequently reported
meeting prejudice in Al feedback in general, indicating a cumulative burden of algorithmic damage. This is consistent
with theoretical arguments that algorithmic systems generate interconnected realms of oppression that reinforce
each other across educational contexts, rather than isolated forms of bias (Tweissi et al.,, 2022). In other words,
students who are algorithmically marginalized in one domain (e.g., facial recognition) are more likely to be
marginalized in others (e.g., language processing, cultural representation), making clear that algorithmic oppression
is decidedly multidimensional in nature. The psychological impact of Al-mediated surveillance was pervasive. Many
students described states of hypervisibility, stress, and fear of false accusation-emotional states in line with the
concept of “surveillance-related trauma” emerging in contemporary studies of remote examination technologies (Kim
et al,, 2025). In turn, trauma amplifies for students whose linguistic, cultural, or socioeconomic identities already
locate them within systems of scrutiny. Evidence points that Al-based proctoring does not merely fail to offer equal
academic monitoring but reproduces colonial structures of discipline, suspicion, and bodily control in digital learning
environments.

5.5 Resistance, Adaptation, and Coping Strategies

Learners in this study actively negotiated the algorithmically structured learning environment, employing
diverse adaptive and resistant practices. This negotiation occurred despite documented feelings of inequity and
misrecognition. In order to avoid algorithmic penalties in automated scoring, grammar correction systems, and
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generative Al platforms, more than half of participants stated that they routinely reword their sentences to conform
to "standard" or "neutral" English. This behavioural adaptation is consistent with recent research showing that
students frequently internalize the linguistic hierarchies ingrained in machine-learning models, rearranging their
communication practices to conform to algorithmically preferred norms, frequently at the price of cultural
expressiveness and authenticity (Liu, 2025). Such behaviours demonstrate how AI systems discipline linguistic
behaviour in subtle ways, resulting in an implicit curriculum of linguistic compliance that disproportionately affects
non-dominant dialect speakers. Figure 4 compares student resistance and adaptation strategies.
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Figure 4. Student Resistance and Adaptation Strategies

The data also reflect a tendency for a substantial number of students, particularly those classified as “first-
gen” college students and those who spoke a non-English language in their homes, to consciously eschew using
cultural tropes in their submissions and Al-assisted activities due to a concern that those technologies would
misunderstand, downplay, and/or penalize them for doing so. This reflects a set of findings regarding algorithmic
erasure, in which “marginalized individuals are prompted to suppress their characteristics in order for their “legibility”
to be guaranteed” as a means of being legible in algorithmically-mediated spaces, rather than being seen as a target
for discriminatory dissonance, as explored in this body of scholarship (Bareis & Katzenbach, 2021). These students
reported that using local history, caste knowledge, indigenous knowledge systems, and/or locally situated examples
would often result in “off-target” corrections, decreased grades, and/or decreased quality in their prompts, further
solidifying the understanding that those technologies are set up with a Eurocentric epistemology.

Another set of strategies that were also common involved using translation paraphrase software, but this
was for a "protective" reason, to effectively "neutralize" regional linguistics in order to feed content into an AI system.
More than 40% of respondents use software like Google Translate, Grammarly, and/or Quillbot purely for covering
up "linguistic dialectical markers and/or Mother Tongue Interaction." Although it has a function for promoting access,
being "intermediaries as a necessity” signifies how students provide their own ways of using Couldry and Mejias'
"data colonialism” in which "one adjusts their own linguistic expression of self in order to conform to expectations of
systems built around a dominant cultural norm” (Couldry & Mejias, 2018). This means that AI not only enables
communication but also reconfigures it, as it governs those linguistic communications that are deemed legitimate in
an academic institution.

On the other hand, it was also noticed that many students were developing a certain skepticism about AI-
based tools, with nearly 19.47% of students claiming that they never use AI, and some students admitting that they
use Al very selectively. This trend aligns with findings obtained from cross-national studies that reveal how algorithm-
based systems marginalize students due to perceptions of bias, even when this bias is not always true, in order to
create uneven access to technology-based opportunities for learning (Belenguer, 2022). In this Indian setting, this

Asian |. Interdicip. Res, 8(4) (2025), 301-330 | 318




Vol 8 Iss 4 Year 2025 R. Suraj Begum et al., /2025 d g1o.54392/ajir25417

takes on a certain significance, since it creates a self-reinforcing cycle where those who are in most pressing need
of support from AI are also those who are being alienated from it. Some of the other important counter spaces that
were established were peer networks and human support systems. Here, students would not completely rely upon
the suggestions that were produced by the AI algorithm but would check with their peers, tutors, and teachers. Such
resistance has been referred to in critical studies of digital literacy, which has shown that human support systems
are a means of resistance in algorithm-driven oppression, but it also represents a site of agency in this oppression
(Rapanta et al., 2025). Thus, with a focus on human support, students would develop their own environments of
autonomy in epistemology.

However, a smaller but equally significant subset of students resisted even more, adopting even more overtly
resistance-minded tactics like "gaming" algorithmic recommendations, critically evaluating system output, or
completely avoiding algorithm-driven proctoring and surveillance. These actions fall under the category of
"algorithmic disobedience," which refers to users' deliberate attempts to cause disruption and refuse to comply with
a particular digital system as a form of political and epistemological resistance (Romanishyn et al., 2025). A growing
awareness of how racial, class, and linguistic disparities are encoded in Al was largely responsible for this rejection
rather than a lack of digital literacy. The strategies of coping and resistance that were identified in this research are
all indicative of algorithmic bias as a lived experience that impacts linguistic practices, cultural expression, and
academic identity. These students are actively working with their own positioning in Al-enabled environments of
learning, in a way that takes turns between accommodation and resistance, as a means of highlighting, in a powerful
way, how subjects and agents are not only enmeshed in questions of power, privilege, and agency, but also in online
education environments. This research provides a critical viewpoint on marginalized students as Al subjects while
also emphasizing their agency as subjects critical of Al systems that want to manage them in a specific way.

5.6 Synthesis of Quantitative Patterns

Before proceeding with theoretical explanation, we will first synthesize key data tendencies from our
research. Linguistic Stratification: Algorithmic injury occurs along a unique linguistic divide, with speakers of
tribal/Indigenous languages being most negatively impacted by misrecognition (OR= 8.85), followed by speakers of
regional languages (OR= 2.44), and those speaking English being the least harmed. These gradations echo linguistic
divides unearthed in postcolonial studies of education. Intersectional Compounding: Students bearing multiple
intersecting marginalized identities are subject to multiply rather than merely additively harmful algorithmic effects.
For example, SC/ST status + tribal language + rural background yield 100% proctoring discomfort rates, against
52.1% in privileged groups. Figure 5 shows the Intersectional Patterns of Algorithmic Harm.
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Figure 5. Intersectional Patterns of Algorithmic Harm
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Cross-domain correlation: Experiences of bias in one domain predict bias in others. Students who reported
high linguistic misrecognition were 2.48 times more likely to experience proctoring discomfort (p=0.011), suggesting
algorithmic systems create interlocking fields of oppression rather than isolated incidents. Institutional Mediation:
Whereas the overall differences between government versus private institutional type did not reach significance in
our multivariate models (p = 0.178), descriptive patterns confirm that 65.0% of students attending government
institutions experienced discomfort with proctoring compared to 55.3% at private institutions, indicating institutional
resources partially buffer algorithmic harms. Resistance as Norm: More than 85% of students employed at least one
adaptation strategy, with linguistic self-censorship near universal among non-English speakers. This would imply that
mitigating algorithmic bias has how become normalised labour for these marginalised students. These patterns offer
empirical validation for our theoretical predictions outlined in Section 2.5, and help to confirm that AI-mediated
environments reproduce a colonial hierarchy.

6. Discussion

Our results offer powerful evidence to support a conclusion that Al-mediated Learning Environments in
Indian Higher Education are far from being a set of exemplary, value-free, teaching technology tools; rather, our
data provides evidence that Al-mediated Learning Environments are far from being passive agents of teaching but
are themselves actively perpetuating colonial structures of power. The set of statistical associations established in
Section 5, specifically 8.85 for misrecognition among speakers of tribal languages and 100% for proctoring discomfort
among multiply marginalized students, provide potent evidence that algorithmic bias patterns are themselves a
symptom of epistemic violence. "Linguistic stratification, as evidenced in our data in Table 2, literally confirms
postcolonial theories of epistemic violence perpetrated through languages." The near 9-fold increase in risks of
misrecognition by Al for speakers of tribal/Indigenous languages over Hindi speakers, with negligible effects for
English speakers, particular to this article, substantiates a postcolonial theorized silencing of subaltern voices in
Spivak’s "Can the Subaltern Speak?" from 1988 (Piu, 2023). Our findings can be seen to develop her theorizing in
that this "silencing of subaltern voices has been automated in digital technology."

Comparison with Previous Studies: While our results are consistent with those of Koenecke et a/. in
2020 in showing that African American Vernacular English has been systematically misrecognized with error rate
differentials of 19-35%, our results expose even sharper patterns in India. Koenecke, Nam, Lake, Nudell, Quartey,
Mengesha, Toups, Rickford, Jurafsky, and Goel tested "whether five commercial, state-of-the-art automated speech
recognition systems, developed by Amazon, Apple, Google, IBM, and Microsoft, could accurately transcribe structured
interviews, finding that all five systems performed severely differently for Black and White speakers, with a 0.35 vs.
0.19 average word error rate for Black vs. White speakers" in a study published in (Koenecke et a/., 2020). Although
Koenecke et al. found that there are racial disadvantages in automated ASR in a homogeneous country with a fifty-
two-million-strong population, our findings expose how multilingual postcolonial nations erect sharper hierarchies.
The 58.3% "very frequent" misrecognition rate for speakers of tribal languages, as opposed to 10% for English,
translates to a 5.8-fold discrepancy, which exceeds most other reported cross-national differences.

The above patterns verify our theoretical frame work's assertion that "whiteness as property" is instantiated
in "linguistic norms" by AI, H1. This means that knowledge of "English," which has long been defined as "cultural
capital" through "colonial education," has now become "algorithmic capital" in order for an individual to effectively
use "Al-mediated learning." This finding complicates techno-optimist narratives of positioning Al as democratizing
by showing how AI amplifies existing linguistic stratifications. The first major finding-pervasive linguistic
misrecognition-aligns directly with Paulo Freire's critique of the "banking" model of education, wherein dominant
systems define what counts as legitimate knowledge and language. Al technologies trained disproportionately on
Western or conventional English corpora have a similar silencing effect, penalizing or misinterpreting Indian linguistic
variation. This supports Freire's claim that oppressive institutions work by silencing minority voices and forcing
conformity to dominant modes of communication. Students' purposeful rephrasing of words to sound like standard
English, as well as their avoidance of culturally grounded instances, suggest a new sort of linguistic domestication in
which AI systems influence communication based on the norms of an algorithmically favoured elite.

Postcolonial theory expands on these dynamics by situating algorithmic misrecognition within the context of
epistemic violence. Spivak and Bhabha's writings demonstrate how colonialism continues through frameworks that
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invalidate subaltern knowledge systems. The dataset reveals that students from Indigenous, rural, and multilingual
backgrounds had higher misunderstanding rates, demonstrating how Al's epistemic architecture aligns with what
Couldry and Mejias refer to as "data colonialism": knowledge extraction and hierarchization in ways that extend the
logics of colonial extractive economies (Couldry & Mejias, 2018). The Al-generated content's lack of consideration
for Indian cultural, historical, and ethical contexts, combined with participants' perceptions of Western cultural
dominance, highlights how algorithmic systems reproduce the very cultural erasures that postcolonial scholars have
long criticized.

Critical race theory in education adds another important layer to this research. Even though the dataset does
not collect explicit racial data, the patterns of misrecognition reported particularly in AI-based proctoring, where
students with darker skin tones or low light conditions face more frequent flagging, are consistent with international
findings on racially biased facial recognition systems. Scholars have already documented serious accuracy differences
in commercial face recognition systems, showing much higher error rates across different skin tones and genders.
For instance, across major commercial systems, the error rate for darker-skinned women was 34.7%, dramatically
higher than the 0.8% error rate for lighter-skinned men (Obermeyer & Sendhil, 2019). The emotional toll reported
by our participants—their fear of being suspected, the anxiety of being misread, and the discomfort of constant
monitoring—mirrors the concepts of Critical Race Theory, which explains how surveillance disproportionately targets
and criminalizes marginalized groups. In the Indian context, where caste, class, and regional identities intersect with
skin tone and language, algorithmic misrecognition deepens already existing forms of social stratification.

Critical data studies further this critique by demonstrating how AI systems implement forms of surveillance
capitalism that are fundamentally incompatible with equitable education. The students' feeling of unease with
proctoring systems, the sense of being perpetually watched, and the worry about being falsely flagged align with
models of digital governance that prioritize institutional control over student autonomy. Studies on digital education
governance reveal how technology alters educational oversight through data collection and new accountability
measures, often undermining student privacy and freedom (Williamson, 2015). Crucially, our data highlights that
experiencing misrecognition in proctoring is linked to a higher frequency of general Al bias reports. This suggests
that algorithmic oppression is not a collection of isolated incidents; instead, it is a silent, accumulating issue across
multiple domains, indicating that AI systems function as interconnected surveillance infrastructures rather than
simple, distinct tools. The study’s findings regarding students’ adaptive and resistant strategies offer hope for
decolonial transformation in Al-mediated education. For example, the participants' preference for relying on peers
and teachers over AI recommendations, their selective rejection and use of certain Al tools, and their developing
critical awareness of algorithmic biases all demonstrate an emerging sense of digital agency. These practices align
with critical digital literacy, which emphasizes the students' ability to question and challenge algorithmic power
structures. Such actions reveal that learners are not passive recipients of Al authority but are active challengers,
negotiators, and resistors of digital coloniality.

These insights lead us to synthesize the findings and call for a decolonial approach to educational Al. This
approach must move beyond mere technical correction and focus on restructuring the core knowledge foundations.
Decolonial Al demands the development of pluriversal design methodologies, where diverse ways of knowing,
speaking, and learning are purposefully embedded in the datasets, training pipelines, and evaluation criteria. Above
all, it requires shifting AI's role from a tool that enforces standardization to one that supports relational, culturally
sustaining, and critically reflective pedagogies. Ultimately, this research confirms that algorithmic bias in education
is not an accidental outcome of poor data but a structural result of technologies developed within a framework of
unequal global power relations. To achieve a just Al-mediated learning environment, educational institutions,
policymakers, and developers must confront the legacies of colonialism. They must reconceptualize Al not as an
instrument of discipline, prediction, and control, but as an opportunity for liberation—rooted in equity, cultural
integrity, and epistemic plurality.

7. Implications and Recommendations

The empirical patterns identified in this study urgently necessitate systemic changes in AI-mediated learning
environments. Specifically, the high incidence of linguistic misrecognition, cultural misalignment, proctoring-related
discomfort, and the dominance of Western pedagogical outputs signal that current educational Al is designed to
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reproduce—rather than fix—longstanding colonial power structures, undermining the goal of equitable learning.
These findings demand immediate interventions at the levels of pedagogy, policy, research, and technological design.
Adopting a decolonial perspective toward Al in education requires prioritizing epistemic justice, multilingual inclusion,
cultural sustainability, transparency, and community participation.

7.1 Pedagogical Implications: Toward Critical AI Literacy

Our research highlights the need for pedagogical reforms that go beyond simply training students to use Al
tools. We must foster critical, reflexive, and justice-oriented digital competencies to address the linguistic
marginalization, cultural misalignment, and surveillance distress we found. For instance, recent work shows that
students who receive structured critical Al literacy training—focused on how data is gathered, how models are
trained, and how power operates within algorithmic systems—are more likely to develop the deep competencies
needed to identify and challenge biased outputs, interpret Al-generated information ethically, and avoid over-reliance
on automated systems (Dasgupta & Hill, 2020). Given India's higher education context, where deep linguistic diversity
intersects with entrenched social hierarchies, this literacy must be framed not as a technical skill but as an
epistemically empowering practice through which students can critically interrogate the sociocultural assumptions
embedded in Al system design.

This is corroborated in our empirical results. Most participants described the frequency of misrecognition or
linguistic distortion; more than two-thirds reported changing grammar and/or vocabulary to fit perceived "standard
English" norms, and/or culturally specific references. These adjustments are what critical pedagogy terms "linguistic
assimilation pressures"-learners internalise dominant norms so as not to be penalized by algorithms. Critical AI
literacy modules embedded into existing curriculum-particularly within the first-year undergraduate curriculum-can
counter such pressures by inviting students to consider the biases in training data, the auditing of output from Al
models, and the understanding of the political economies of global Al development. Recent research shows that
such pedagogical interventions strengthen agency and collective resistance among students as they are being shaped
toward algorithmic inequity, bringing forth dispositions consistent with Freirean problem-posing education that
encourage critical consciousness (conscientizacao) over passivity (Williamson, 2015).

The increased level of cultural misalignment reported by students is indicative of the importance of culturally
sustaining pedagogy in Al-mediated classrooms. In reviewing Al outputs for their alignment with Indian
epistemologies, local histories, and community knowledge, learners are afforded possibilities of identifying Western
overrepresentation in training corpora and resisting the implicit hierarchies encoded in Al systems. Class-based audits
of Al text, picture, or scoring outputs might thus function as both a learning approach and a participatory oversight
mechanism, allowing students to generate proof of algorithmic coloniality. These are pedagogical ways that resonate
with growing scholarly consensus about how algorithmic literacy and culturally responsive digital pedagogy are
important countermeasures to epistemic injustices perpetrated through global Al infrastructures.

7.2 Policy Recommendations

The empirical patterns described in this study call for multi-level institutional, state, and national policy
responses, considering the growing deployment of Al services across Indian higher education. The extent of
misrecognition faced by tribal-language and non-English speakers-as reflected in odds ratios greater than 8.0 in our
dataset-reflects the insufficiency of current Al systems for linguistically diverse populations. This aligns with global
results on how performance differentials in algorithms disproportionately marginalize speakers of under-represented
languages and accents (Naveena et al, 2021). Institutions are, therefore, duty-bound to undertake AIA as a
mandatory step before procurement or deployment of educational Al services. Such impact assessments must involve
multilingual fairness testing, bias auditing under conditions of low resource use, and disaggregated harm analysis
for SC/ST, tribal, first-generation learners, etc. Scholarship on various Al governance models increasingly flags this
type of pre-implementation review as essential to prevent structural discrimination and adherence to standards of
ethics in use (Mennella et al., 2024). Given the significant link between proctoring systems and increased discomfort
among marginalized students, institutions are under an obligation to introduce tight procurement guidelines in line
with the principles of algorithmic sovereignty, including the training of Al systems on linguistically and culturally
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diverse datasets that maintain residency in India, along with model cards that document known risks or performance
gaps. Various research has proved that the procurement requirements related to transparency, representation, and
accountability can always push vendors to alter the training pipelines, integrate non-English data, and perform
independent audits (Gradwohl & Tennenholtz, 2022).

The use of AI in large-scale, high-stakes educational applications needs to be overseen by regulatory
mechanisms both at the state and at national levels. International research warns that unregulated educational AI
tools can entrench existing inequalities and expose students to harmful surveillance practices (Akgun & Greenhow,
2021). A tiered regulatory framework would prohibit high-risk applications such as automated proctoring for students
in low-resource environments, require approval for adaptive scoring or predictive systems, and permit only low-risk
informational tools.

Finally, there is a need for a national mandate for linguistic justice in educational Al. A literature review has
shown that language-driven algorithmic inequalities result in structural exclusion in online learning spaces. A policy
requiring support for Indian languages in Al can help minimize error rate differentials between Anglo-American and
Indian languages, and policies that incorporate tribal/endangered languages in development agendas can help
promote multilingual equality in line with Indian constitutional values while challenging Western-driven linguistic
standardizations in worldwide AI architectures.

7.3 Research Implications: Methodological Imperatives for Decolonial AI Scholarship

Findings point towards a pressing need for a paradigm shift in the approaches used in Al in education studies.
The prevailing approaches in current studies continue to reinforce a positivist model of investigation, with a focus on
technical efficiency rather than lived experience. This study has shown how community participation-based
approaches in Mixed Methodology models, such as CPAR, offer a richer understanding of how AI influences
educational realities. Further studies are needed in this area, with a continuing longitudinal focus on how students
are impacted by biased Al systems. Furthermore, in addition to this, intersectional patterns that emerge from this
data, in relation to language, socio-economics, and institution types, are also indicative of how important it has been
to use intersectionality in quantitative studies. The oppression with regards to algorithmic studies has, as has been
highlighted with rising trends in literature, a multi-dimensionality that, as has been cited, “cannot be adequately
captured by traditional analyses along a single axis” (Arjun et al, 2023). With this in mind, it becomes important
that those individuals most affected are consulted, as part of a body of research, from question definition through
to interpretation and resolution design, in order to align with increasing pressures for community.

7.4. Recommendations for Design of Technology: Decolonial AI Principles

Technological implications of this research are much broader than mere bias correction. A decolonial
approach to Al involves a fundamental transformation of how educational technologies are envisioned, developed,
and evaluated. Firstly, it involves compliance with pluriversality in developing, where various epistemologies, forms
of expression, and cultural references are incorporated. This involves developing datasets, which are representative
of linguistic diversity in India. Also, incorporation of Indigenous and Local Knowledge systems into AI-produced
content. Another key aspect that needs to be considered is that of transparency. The students felt a sense of distrust
when it came to using proctoring technology and automated scoring. If Al decision-making in education becomes
opaque, it poses a challenge to trust in AI technology in education. Educational Al needs to incorporate transparency
by design, aligned with worldwide guidance, and it becomes a necessity from a learner’s point of view that “they
must know why and how decisions are taken”. Lastly, educational Al needs democratized development and needs
to move from corporate-controlled models to community-controlled models. There needs to be a shift from corporate-
controlled models of Al development to community-controlled data governance in education. Community-controlled
bodies would then monitor data development, model testing, and ethical considerations of AI development, ensuring
that Al technology in education benefits equity in education and not corporate interests. According to critical data
studies, “transferring ownership from extractive data regimes represents a key step in reversing data colonialism”
(Muldoon & Wu, 2023).
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8. Limitations & Future Research Directions

This research offers important insights into structural injustices in AI-mediated education, but it also contains
important limitations that must categorically structure how this data ought to be interpreted. First, the method of
sampling and recruitment-a digitally distributed survey-is likely to have generated a selection bias by excluding
students without stable access to the internet or with poor devices (Bethlehem, 2010). Those most likely to be
harmed by algorithms are thus under-sampled, such as learners from rural areas or socio-economically disadvantaged
backgrounds. Furthermore, given only approximately 18% of the respondents self-identified as rural, which is below
national estimates of rural enrolment in higher education, our findings likely represent a conservative lower bound
of digital inequality and algorithmic harm. This underrepresentation implies that in wider population-level estimates,
the prevalence of misrecognition, surveillance discomfort, and cultural alienation may be significantly higher.
Moreover, the study relies exclusively on self-report measures, rather than on objective, technical audits of Al system
performance or algorithmic error rates. While subjective experience is epistemologically valid-particularly in a
Community-Participatory Action Research (CPAR)-oriented framework-it precludes definitive attribution of
misrecognition and bias to Al systems rather than to user-side constraints such as poor bandwidth, device hardware,
lighting conditions, etc,. In the absence of parallel technical audits, performance testing across devices and
conditions, or fairness analyses across languages and demographic groups, the findings remain interpretive and
indicative rather than confirmatory. Future work should include algorithmic fairness audits that use frameworks in a
systematic manner to discover and decrease biases embedded in algorithms across more languages and
sociodemographic contexts.

A second limitation is measurement validity. The questionnaire contained humerous multi-option and multi-
select items. It had not been formally psychometrically validated, including reliability analysis, pilot testing, or checks
for consistency. Terms like "very frequently" and "sometimes" are without standardized operational definitions;
therefore, variation in interpretation by respondents might have occurred (Mei & Zhang, 2025). This reduces the
precision, reliability, and comparability of data. Development of a validated standardized scale-including, for example,
Likert-type constructs with defined reference periods and anchor definitions, as investigated in recent contemporary
psychometric practice-and measures of behavioural frequency, each with well-defined response anchors, would
improve internal consistency. Such instruments should be used in future studies and reliability measured by
Cronbach's alpha or coefficient omega.

The cross-sectional design further constrains the study's power to capture the temporal dynamics. Data
reflect one point in time, and therefore cannot reveal how repeated exposure to biased Al systems may shape
students' academic trajectories, linguistic identity development, psychological wellbeing, or long-term educational
outcomes over time (Dutta et a/, 2021). It would take a few longitudinal cohort studies to establish whether an
increase in cumulative algorithmic harm leads to an increased risk of dropout, decreased academic engagement, or
internalized linguistic inferiority. Prospective designs afford better causal inference and can illustrate just how
algorithmic marginalization compounds over time.

Demographic coding in this study limited intersectional analysis. While broad categories of SC/ST status or
institutional type were captured, data were not disaggregated by specific caste sub-groups, religious minorities,
gender identity, or disability status that are particularly salient in the Indian context. Our research faced constraints
due to ethical concerns regarding data security and participant anonymity, which limited our choice of methodology.
This remains a significant limitation, as it prevented a deep exploration of how complex intersections of caste,
religion, language, gender, and class contribute to algorithmic disadvantage. Future studies must address this gap
by adopting an ethically robust, intersectional data collection framework. This framework should prioritize participant
privacy and agency while fully capturing the multi-dimensional nature of algorithmic harm. Epistemologically, while
this study was grounded in the philosophy of Community-Based Participatory Action Research (CPAR), reducing CPAR
to a remote, survey-based format inherently curtailed the methodology's transformative, dialogical, and co-analytic
dimensions (Fine & Torre, 2021). We could not conduct collective reflection, shared analysis, or community-led action
to translate the findings into immediate pedagogical or institutional change. Thus, the work was largely diagnostic
rather than interventionist. This underscores the urgent need for subsequent research to execute full CPAR cycles
including focus groups, participatory workshops, collaborative audits of Al tools, and the co-design of alternative,
culturally sustaining Al systems based on sustained community engagement. Finally, the study’s focus specifically
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on Indian higher education limits its generalizability across diverse global contexts. Postcolonial societies vary widely
in their colonial histories, linguistic environments, institutional structures, and socio-economic conditions. What is
true for India may not directly apply to other Global South contexts. Therefore, there is an urgent need for
comparative, cross-national research to differentiate between algorithmic harms that are universal and those that
are heavily influenced by local history and context. Despite these limitations, this study offers a crucial empirical
foundation that spotlights the issue of algorithmic inequality within educational Al It presents robust, exploratory
evidence of structural inequities and strongly motivates future scholarship focused on epistemic justice, participatory
design, and the decolonial transformation of digital education systems. Future research should invest in mixed-
method and participative methods that embed subjective experiences within technical audits, interdisciplinary
analyses, and community engagement. Longitudinal cohort studies are needed to track the long-term effects of
repeated Al exposure on linguistic identity, academic progress, and psychosocial well-being, using validated
measurement instruments and standardized response anchors.

Ethical research frameworks must embed intersectional data collection to thoroughly examine the cumulative
consequences of caste, class, language, gender, region, and disability. Privacy-preserving methodologies, such as
$k$-anonymity and clustering-based approaches, should be integrated to safeguard participant confidentiality while
enabling nuanced research into how algorithmic harms accrue across intersecting axes of social difference (Su et al.,
2023).0n the design side, there is a critical need for decolonial Al development: systems that are multilingual,
culturally grounded, community-governed, and transparent, designed to challenge rather than reinforce, epistemic
hierarchies. Technical audits utilizing causal fairness frameworks and demographic parity assessments must be
conducted across multiple languages, device types, and socioeconomic conditions to detect performance differences
and mitigate them before deployment. Developers should follow pluriversal design principles, centering the voices of
marginalized communities throughout all stages of algorithmic development from dataset curation to model
evaluation and ongoing monitoring. Only comparative, cross-national research informed by post-colonial perspectives
can effectively illuminate how algorithmic colonialism manifests across various Global South contexts while
establishing universal principles for equitable Al governance that remain sensitive to contextual specificity.
Comprehensive CPAR cycles must be enacted, allowing communities to act as co-researchers and co-designers,
thereby translating research findings into institutional policy changes, decolonized pedagogies, and alternative
technological infrastructures that champion cultural sustainability, epistemic plurality, and liberatory learning.
Through such integrative, reflective, and justice-oriented inquiry, educational AI can shift from a tool of
standardization and surveillance to a medium for equitable, pluralistic, and liberatory learning.

9. Conclusion

This paper provides strong empirical evidence that Al-mediated learning environments in India actively
reproduce long-standing colonial hierarchies. We found measurable linguistic bias, significant cultural marginalization,
and unequal surveillance practices. Our analysis of the 113-student sample revealed statistically significant patterns
of harm that disproportionately affect communities already facing structural disadvantages. Specifically, students
who speak tribal and Indigenous languages faced an eightfold increase in the odds of being algorithmically
misrecognized. Similarly, students from Scheduled Caste (SC), Scheduled Tribe (ST) backgrounds, and rural areas
reported heightened discomfort with automated proctoring systems. These findings confirm that Al systems used in
education are not neutral tools; rather, they are sociotechnical infrastructures that embed epistemic violence. They
privilege English-dominant, urban, and higher-status linguistic identities while consistently devaluing culturally
diverse forms of expression. The clear mismatch between the students' cultural realities and the AI-generated
content, coupled with reports of widespread linguistic self-censorship, demonstrates how Al subtly influences
academic identity and reinforces Western-centric norms in knowledge production.

Therefore, this study integrates critical pedagogy, postcolonial theory, critical race theory, and critical data
studies to establish a decolonial analytic framework. This framework allows us to interpret the quantitative patterns
observed as clear manifestations of systemic inequality, not as simple, isolated technical errors. The immediate
implications of our work call for educational institutions to take swift action: they must integrate critical Al literacy
into curricula, adopt bias-aware policies for technology procurement, strictly regulate high-risk applications like
automated proctoring, and actively support the development of truly multilingual and culturally grounded AI systems.
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Simultaneously, the resistant and adaptive strategies used by the students themselves suggest inherent forms of
agency, which can be strengthened through participatory and community-led approaches. Future research should
prioritize conducting full Community-Based Participatory Action Research (CPAR) cycles, where learners are involved
as co-researchers and co-designers of equitable educational technologies. Only through such collective efforts can
we transform Al from a mechanism that reinforces coloniality into one that delivers epistemic justice and builds truly
inclusive digital futures.
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