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Abstract

The integration of Artificial Intelligence into Education (AIEd) promises enhanced
personalisation, educational efficiency, and learning outcomes, yet raises complex ethical
challenges that warrant scrutiny. One important challenge is the growing use of Al
sensing technologies that monitor and analyse student learning behaviour and emotional
states to inform teaching interventions. However, the rapid rise of these Al-enabled
sensing and intervention technologies has outpaced a comprehensive understanding of
their broader implications. For instance, the adoption of these technologies potentially
impacts learners’ autonomy and educational interactions. Existing ethical discussions and
frameworks predominantly focus on computational concerns such as data privacy,
algorithmic bias and fairness. However, they often neglect the lived experiences of people
affected by the system, particularly students, the primary recipients of its impacts.
Students’ perspectives and concerns remain underexplored. Moreover, AIEd adoption
involves multiple stakeholder groups whose competing values and power dynamics shape
design and implementation processes. How these actors negotiate ethical considerations,
and how such decisions may contribute to or overlook ethical risks, remains unknown.
Without insights into both the consequences of AIEd adoption and the dynamics behind
decision-making, current approaches risk failing to safeguard students from unintended

harm.

This thesis addresses these issues through a bottom-up exploration of how different
stakeholder groups perceive and respond to AIEd and its impacts. It investigates three
core questions: What are the ethical challenges of AIEd from students’ perspectives? How
do stakeholder dynamics shape ethical risks? And what values do students prioritise in
AIEd adoption? This thesis comprises three empirical studies involving 71 student-
generated narratives, 30 semi-structured interviews, and 131 survey responses collected

through an online experiment.

Study 1 employs a speculative story-completion method to explore students’
perceptions of AIEd. It reveals concerns about psychological discomfort, behavioural
change, diminished learning autonomy, altered pedagogical landscape, and changing
social dynamics in Al-mediated classrooms. It underscores the complex, interwoven

impacts of AIEd beyond technical or functional considerations.
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Study 2 uses semi-structured interviews with developers, parents, and school
decision-makers to examine their ethical considerations in AIEd design and adoption. It
uncovers critical ethical gaps rooted in power imbalances and divergent priorities
amongst stakeholders. It reveals the systematic exclusion of students’ perspectives and a

significant accountability gap that fails to protect them from potential harm.

Study 3 employs a mixed-methods online experiment to investigate students’
affective responses, beliefs about learning, and ethical priorities in relation to specific
AIEd features. It validates the findings of Study 1 about emotional discomfort regarding
monitoring features and shows a strong student preference for autonomy and privacy over
presumed learning benefits. This misalignment with institutional priorities identified in
Study 2 is not just a difference in preference but a critical ethical fault line that, if

unaddressed, may erode students’ trust, engagement, and well-being.

Together, these studies contribute novel empirical evidence that advances ethical,
human-centred, and context-sensitive AIEd design and governance. The thesis extends
current AIEd ethics discourse by foregrounding students’ lived experiences and
advocating for emotional well-being and user agency as central to responsible AIEd
development. It calls for governance frameworks that are inclusive, reflexive, and

responsive to those most affected yet least empowered in technology adoption.
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Preface

This PhD project has generated nine peer-reviewed outputs of which I am the first author.
As thesis with publication, five of these papers (published or under review) are included
as the core chapters of this thesis; the remaining four also stem from this project but are

not reproduced in the main body.

Peer-reviewed publications included in this thesis

The following five papers are presented in their author-accepted versions, with only minor
formatting amendments to ensure consistency across the thesis. Their inclusion complies
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literature reviews, collected and analysed the data, and wrote full drafts of all the papers.
Throughout this process, I consulted my supervisors, George Buchanan, Dana McKay,
Simon Coghlan, and Wally Smith, who provided feedback and suggestions regarding
direction and writing. In the second paper presented in Chapter 4, my research fellow, Dr
Sadia Nawaz, contributed to paper restructuring and editing on the final paper drafts. In
the paper presented in Chapter 6, my fellow PhD candidate, Ying Ma, contributed to

quantitative data analysis.

Listed below are the publication status and full references for each article,

structured according to the thesis chapters in which they are presented.
Chapter 4

Paper 1 - Published by the Association for Computing Machinery (ACM) in Dec 2022.

Bingyi Han, George Buchanan, and Dana McKay. 2023. Learning in the Panopticon: Examining
the Potential Impacts of Al Monitoring on Students. In Proceedings of the 34th Australian
Conference on Human-Computer Interaction (OzCHI '22). Association for Computing
Machinery, New York, NY, USA, 9-21. https://doi.org/10.1145/3572921.3572937

Paper 2 - Published by Springer Nature in Jan 2025.

Bingyi Han, Sadia Nawaz, George Buchanan, and Dana McKay. 2025. Students’ Perceptions:
Exploring the Interplay of Ethical and Pedagogical Impacts for Adopting Al in Higher Education.
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International  Journal of Artificial Intelligence in  Education. Jan 2025:1-26.
https://doi.org/10.1007/s40593-024-00456-4

Paper 3 - Published by the Association for Computing Machinery (ACM) in Apr 2025.

Bingyi Han, Simon Coghlan, George Buchanan, and Dana McKay. 2025. Who is Helping Whom?
Student Concerns about Al-Teacher Collaboration in Higher Education Classrooms. Proceedings
of the ACM on Human-Computer Interaction 9.2, 1-32. https://doi.org/10.1145/3711104

Chapter 5
Paper 4 - Submitted for publication to Elsevier - International Journal of Human-
Computer Studies (IJHCS) in Mar 2025.

Bingyi Han, Simon Coghlan, George Buchanan, and Dana McKay. Ethical Gaps and Power
Dynamics in Decision-Making about AI Adoption: The Case of AI for Monitoring Student
Learning in Education. [under review]

Chapter 6
Paper 5 - Submitted for publication to the Association for Computing Machinery (ACM)
CHI 2026 Conference in Sep 2025.

Bingyi Han, Ying Ma, Dana McKay, George Buchanan, Simon Coghlan, Wally Smith. Al Sensing
Technologies in Higher Education: Students’ Learning Perceptions, Affective Responses, and
Ethical Concerns. [under review]

Peer-reviewed article based on this thesis research (not included in this thesis)

Four additional works (a book chapter, a conference paper, and two journal manuscripts
currently under review) also stem from this thesis research but are not included in the
main thesis body. As noted above, I led all stages of the research and writing process for

these articles in consultation with my supervisors. These works are listed below.

Paper 6 - Published by Springer Nature in Jun 2023.

Bingyi Han, Sadia Nawaz, George Buchanan, and Dana McKay. 2023. Ethical and Pedagogical
Impacts of Al in Education. International Conference on Artificial Intelligence in Education.
Cham: Springer Nature Switzerland. https://doi.org/10.1007/978-3-031-36272-9_54

Paper 7 - Published by Springer Nature in Dec 2025. The book chapter draft was included
in Appendix A.

Bingyi Han, Simon Coghlan, George Buchanan, and Dana McKay. 2025. The Values of Academic
Integrity in the Era of Surveillance Al in Classrooms. Chapter 8 on Artificial Intelligence and
Academic Integrity - Navigating Ethical Challenges of Al in Education. Springer Nature
Singapore 2025. https://books.google.com.au/books?id=arOGOQEACAAJ
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Consequences, Stakeholder Power, and Procedural Justice. [under review]
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Chapter 1: Introduction

Al adoption into education (AIEd) presents both transformative opportunities and
critical challenges. On one hand, it promises to enhance teaching, learning, and education
management (Miao et al., 2021) through ‘intelligent’, ‘adaptive’, and ‘personalised’
systems (Holmes & Porayska-Pomsta, 2023). On the other hand, concerns arise over its
computational issues, such as data privacy — ensuring student data is securely handled
(Drachsler & Greller, 2016); algorithm bias — where Al may unintentionally favour
certain groups over others (Baker & Hawn, 2022); and fairness — whether Al-driven
decisions treat all students equitably (Madaio et al., 2022). Beyond these technical risks,
sociotechnical implications include autonomy — how much control students have over Al-
driven decisions (Sclater, 2016); and inclusion — ensuring Al benefits all learners rather
than reinforcing existing inequalities (Holmes et al., 2021). Without careful design,
implementation, and governance, AIEd risks unintended harm, particularly to vulnerable

users — students.

AIEd adoption is intricate, impacting and being impacted by multiple stakeholders,
including students, teachers, admins and institutions within the educational ecosystem.
While ensuring its ethical and effective implementation requires cross-disciplinary effort
among computer science, learning sciences, ethics, and public policy (Luckin et al., 2016),
current discussions often lack empirical insights into how AIEd is experienced, adopted,
and governed. There is limited understanding of its real-world consequences, how
adoption decisions are made, and the broader sociotechnical considerations that shape its
impact. This thesis addresses these problems by providing a human-centred, empirically

grounded perspective on AIEd design, adoption and its ethical challenges.

This thesis, rooted in the discipline of human-computer interaction (HCI), examines
the lived experiences' and decision-making processes of key stakeholders — students,

parents, school governors, teacher representatives and developers. Rather than focusing

!'In this thesis, the term “lived experiences” is used in the HCI tradition to denote participants’ authentic,
situated perspectives on technologies, rather than in a phenomenological sense. While phenomenology
(Van Manen, 2016) seeks to uncover the essential structures of lived experiences, this thesis adopts a
symbolic interactionist stance (see Chapter 3 Methodology), examining how meanings are constructed in
social interactions and situated context.
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solely on computational concerns, it explores how different stakeholder groups interpret,
prioritise, and negotiate their concerns about AIEd adoption, particularly in relation to
Al-powered classroom sensing and intervention systems. By adopting a constructionist
paradigm, this thesis unpacks the sociotechnical dynamics that shape AIEd’s adoption
and impact, providing empirical evidence on unanticipated ethical consequences and
power imbalances in decision-making. It challenges technology-centric ethical
discussions by foregrounding students’ lived experiences, well-being, and agency, filling
gaps in existing Al Ethics and AIEd governance frameworks. Furthermore, this thesis
bridges HCI, AIEd, and Al ethics by advocating for context-sensitive, human-centred
ethical principles that account for the complex realities of technology adoption. By taking
a bottom-up approach, it supplements normative ethical frameworks — policy-driven
ethical guidelines — ensuring that AIEd adoption aligns with human-centred values,

particularly for those most vulnerable and with the least agency in these decisions.

This introductory chapter outlines the background of this thesis and my motivation
for this research topic (Section 1.1), presents the problem of the research (Section 1.2),
articulates its aims and scope (Section 1.3), and discusses the research significance

(Section 1.4). Finally, Section 1.5 provides an overview of the subsequent chapters.

1.1 BACKGROUND

Artificial Intelligence in Education (AIEd) refers to the application of artificial
intelligence (Al) technologies to enhance learning experiences, teaching practices, and
educational decision-making. It integrates techniques such as machine learning, natural
language processing, and computer vision to support personalised learning, automate
assessment, and improve administrative efficiency (UNESCO, 2019). Al-powered
solutions hold transformative potential, contributing to UNESCO’s Sustainable
Development Goals (SDG) (Vivar & Penalvo, 2023) on quality and inclusive education
(Miao & Holmes, 2023). Al adoption in education has been marked by the development
of ‘Intelligent’, ‘adaptive’, and ‘personalised’ learning systems, primarily driven by the
private sector for global deployment in schools and higher education institutions (Miao

& Holmes, 2023).

The introduction of AIEd dates back to the 1970s, with early systems using rule-
based techniques to tailor learning experiences for individual students (Carbonell, 1970).

Over time, AIEd has evolved into three key domains - student-facing, teacher-facing, and
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system-facing applications (Baker & Smith, 2019) - which now involve multiple
stakeholders in more dynamic educational interactions. Today, advanced AIEd leverages
machine learning, learning analytics, and educational data mining to model students’
cognitive and affective states, generating deeper insights into learning processes. These
insights drive applications such as intelligent tutoring systems, virtual pedagogical agents,
and smart classroom systems to work with teachers and students (detailed in section 2.1.1).
Current AIEd efforts focus on two salient challenges identified by Luckin et al. (2016):
developing reliable and valid indicators to track learner progress across various skills and
capabilities and gaining a deeper understanding of the most effective teaching approaches

and learning contexts.

To address these challenges, recent AIEd development has focused on deploying
classroom sensing techniques, such as facial recognition, gaze-tracking, and systems
designed to infer students’ emotional and attentional engagement in real time. This trend
reflects a growing reliance on collecting extensive data from students, encompassing their
academic interactions to biometric information, to facilitate classroom observations, real-
time analysis, and performance assessments. These systems can then provide teachers
with actionable teaching strategies and timely intervention suggestions, and offer students
personalised learning feedback and support. Many schools and universities have eagerly
embraced such technologies to enhance teaching and learning in diverse settings, from
general university classrooms (Alexander et al., 2019; Smolaks, 2019) to more specialised
fields such as engineering education (Alzoubi et al.,, 2021) and nursing education
(Martinez-Maldonado et al., 2023). This type of Al-powered classroom sensing and

intervention system is the main focus of this thesis, which I will detail in Section 2.1.2.

These rapid technological developments and increasing deployment of AIEd have
inevitably introduced numerous risks and challenges, which “have so far outpaced policy
debates and regulatory frameworks” ((Miao & Holmes, 2023), p.1). Key concerns include
data privacy, algorithmic bias, fairness, and transparency (I will detail these in section
2.3). These challenges are compounded by the vast volumes of sensitive student data
collected, especially inferred emotional states and behavioural patterns. If left unchecked,
for instance, biases inherent in the data or algorithm risk perpetuating inequities,
potentially disadvantaging underrepresented or marginalised student groups (Holmes et

al., 2021). Furthermore, the opacity of Al decision-making processes complicates
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accountability and trust, especially when these systems directly influence educational

outcomes or classroom dynamics.

To address these concerns, the AIEd community has introduced governance
frameworks and ethical guidelines emphasising informed consent, data security, and
algorithmic fairness (I will detail these in section 2.3.1). However, these efforts
predominantly focus on technical and computational issues, especially on data use and
management (Holmes et al., 2021). While essential, these frameworks fail to account for
broader sociotechnical implications of AIEd adoption, such as its impacts on the

autonomy, agency, and well-being of students and teachers.

Currently, no ethical frameworks specifically address the human-centred
implications of AIEd adoption, particularly its long-term consequences (Holmes et al.,
2021) on learning experiences, pedagogy, and social dynamics in education. There are no
formal principles - such as codified rules or established guidelines - to regulate ethical
AIEd design and adoption practices. Likewise, no informal principles - such as culturally
embedded norms and socially agreed-upon standards - exist to guide ethical decision-
making in AIEd implementation. This absence creates a critical oversight, risking the

misalignment of AIEd adoption with fundamental educational and ethical values.

Yet, as Holmes et al. (2021) observed, there remains a “disappointingly low level
of interest in the (ethics) topic from the broader AIED community”, and a lack of
“meaningful ethical reflection necessary for innovation in AIED”. Without deeper ethical
engagement, AIEd risks being designed and adopted in ways that compromise students’
well-being. From a student’s perspective, addressing only technical safeguards, such as
data security and algorithmic regulation, is insufficient. AIEd’s introduction in
classrooms raises concerns about well-being, autonomy, and comfort, which are often
sidelined in governance-focused technical solutions. This gap in ethical reflection and

human-centred considerations forms the foundation of my research motivation.

In 2019, even before the rise of generative Al, I came across a news report about a
university piloting Al facial and emotion recognition technology in classrooms (Smolaks,
2019). This system tracked and quantified students’ attention, posture, and participation
in class (how many times a student put their head on the desk, fell asleep, browsed their
phone, raised their hands, etc). As a student, I felt personally unsettled by the thought of
such invasive monitoring, and I wanted to know if the potential benefits of these systems

outweigh the ethical concerns. My conversations with peers revealed widespread
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resistance to such technologies. My initial research confirmed that this trial was not an
isolated case; rather, advancing these technologies was a mainstream focus in the AIEd

community.

This realisation led me to question whether designers, developers, and educational
decision makers understand how students perceive such technologies. Are students’
voices being heard in the design and deployment of these systems? How are stakeholders,
including students, involved in the decision-making process, and to what extent are
students’ opinions being taken into account? If students’ perspectives are neglected, it
raises critical ethical and practical concerns, as they are the primary recipients of both the
positive and negative impacts of AIEd adoption. Students represent a vulnerable and
essential stakeholder group whose well-being must be prioritised. These unanswered
questions and the broader implications for multi-stakeholder engagement in AIEd design
ultimately shaped the focus of my PhD research. It also became one of my idealistic
missions in pursuing this PhD: If AIEd developers and researchers do not know how
students perceive and respond to these technologies, they should. If they do not think they
need to know, they absolutely should.

1.2 PROBLEMS

As discussed in the previous section, AIEd advancements are becoming
increasingly pervasive and potentially more intrusive. Technologies such as facial
recognition, behavioural tracking, and emotion detection are pushing the boundaries of
what is possible to transform the learning environment. While these innovations hold
promise, they also introduce a host of challenges and complexities that remain largely
unaddressed. The rapid adoption of AIEd raises critical concerns regarding its impact on
students, its ethical implications, and the governance of AIEd design and use. At the heart
of these challenges lie four key problems that must be addressed to ensure the responsible

and inclusive integration of AIEd in education.
Problem 1: Lack of Understanding of Unintended Consequences of AIEd

The most visible and urgent issue is that, as AIEd technologies become more
integrated into education, their unanticipated and broader consequences remain poorly
understood. Much of the existing research focuses on intended benefits, such as
personalised learning, adaptive feedback, improved administrative efficiency, and

enhanced educational outcomes. Much effort is put into technological advancement to
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track students’ in-class behaviours and thus more accurately capture students’ learning
performances and processes. However, there is little empirical evidence of the real-world
effects of AIEd adoption on students, particularly its potential risks to individuals’

autonomy, agency, and learning experiences.

More than affecting individual students, AIEd technologies, particularly more
intrusive ones such as those incorporating facial recognition, behavioural tracking, and
emotion detection, may reshape learning environments in unforeseen ways. For instance,
these systems might inadvertently introduce new forms of student monitoring and
behavioural control, raising concerns about surveillance-oriented environments and
students’ motivation. However, these potential impacts are less discussed and remain

largely unexplored (I will explore them in Chapter 2 of the literature review).

This lack of empirical understanding of potential negative consequences of AIEd
limits the ability to design proactive safeguards. The ethical risks of AIEd adoption often
emerge in subtle, context-dependent ways, making it difficult to identify problems before
they manifest at scale. If negative consequences are only recognised after harm has
already occurred, it may be too late to mitigate their impact effectively. Knowing about
impacts is a foundation for ethical action. We need a thorough understanding of the full
spectrum of when, where, and how harm can occur and an understanding of who might
be harmed and who causes harm (Nunes Vilaza et al., 2022). This understanding is
required to ensure that ethical considerations are in place to guide the entire process of
technology from creation to adoption before it becomes deeply entrenched in educational

systems.
Problem 2: Limited Understanding of Stakeholder Dynamics in AIEd Adoption

Why do unintended consequences occur? We lacked an understanding of how
decisions of AIEd design and adoption are made. AIEd adoption does not happen in
isolation; the educational ecosystem involves multiple stakeholders. It includes students,
teachers, educational institutions, policymakers, developers, and researchers, each with
different interests, priorities, and ethical considerations. These considerations can vary
according to their specific roles, backgrounds and contexts. Designing, implementing,
and governing AIEd technologies in a way that addresses these diverse needs is inherently

complex.
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There are unresolved questions about how different stakeholder groups perceive
AIEd design and adoption, how their needs intersect in practice, and how relationships
and potential tensions among these stakeholders complicate decision-making processes.
For example, it remains unclear to what extent students’ needs are considered in these
processes and how ethical decisions account for students' concerns. Without a
comprehensive understanding of these dynamics, attempts to foster ethical and inclusive
AIEd systems risk being uninformed and ineffective. Moreover, understanding the
practical obstacles and challenges involved in implementing ethics-related decisions in
AIEd is critical to making productive and actionable recommendations for ethical design

and governance.
Problem 3: Neglecting Students’ Perspectives in AIEd Design

An even more critical problem stemming from the unknown stakeholder dynamics
is the neglect of students’ perspectives in the design and development of AIEd systems
(Problem 4). As the primary recipients of these technologies, students are directly
impacted by how Al shapes their learning experiences and are more vulnerable to its risks.
Despite AIEd’s intention to influence student behaviour, little is known about how
students perceive these interventions and whether they consider the technology useful,

effective, ethical, or acceptable.

Designing technologies purportedly to benefit students without a clear
understanding of their genuine needs, values, and ethical concerns is inherently
problematic. This lack of insight risks creating AIEd systems that are misaligned with
students’ expectations and educational goals, and could undermine their engagement,
trust, and willingness to adopt these technologies. This misalignment can undermine the

educational benefits AIEd aims to deliver and ultimately hinder its effectiveness.

Furthermore, this issue of misalignment is exacerbated by the absence of user-
centred design principles in AIEd development (Holmes et al., 2021). Without integrating
students’ perspectives into the design process, AIEd systems are more likely to overlook
critical considerations related to their needs and ethical concerns. For AIEd technologies
to be effective and ethically responsible, it is essential to centre students’ voices from the
outset of development, ensuring that these systems align with their values and contribute

positively to their learning experiences and goals.
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Problem 4: Limited Understanding of Ethics of AIEd, Lacking a Human-Centred
Approach

There is no universally agreed-upon understanding of the ethics of AIEd yet, though
scholars have explored it from different perspectives (detailed in Chapter 2). For instance,
some emphasise that AIEd ethics extends beyond technical concerns - data and
computational aspects such as data privacy, algorithmic fairness, and transparency - to
encompass broader educational and social values (e.g., Holmes and Porayska-Pomsta
(2023), Holmes et al. (2021)). Similarly, Nguyen et al. (2023) seek to establish a global
consensus on ethical AIEd through seven core principles to ensure AIEd remains
transparent, fair, accountable, inclusive, and aligned with human-centred values. From
these discussions, the ethics of AIEd can be understood as the principles and values that
guide the responsible design, deployment, and governance of Al technologies in
education to ensure that Al enhances education without compromising human dignity and
causing harm. Ethical AIEd should encompass both technical safeguards and
sociotechnical considerations (e.g., ensure Al aligns with pedagogical and human-centred

values).

However, our current understanding of the ethics of AIEd remains insufficient, as
it primarily addresses technical dimensions (Holmes et al., 2021), overlooking the
sociotechnical consequences of AIEd adoption. It includes how these systems interact
with and reshape social dynamics in education, influencing students, teachers, and
learning environments in nuanced and often unpredictable ways. We currently lack the
depth of understanding needed to capture the complexities of these technologies in
educational settings. Ethical risks extend beyond “known unknowns” - anticipated
technical challenges - to “unknown unknowns” (Holmes et al., 2021), the unintended
consequences that emerge only through real-world use. For instance, while algorithmic
bias and fairness are well-recognised problems, how AIEd shapes teacher-student
relationships, influences educational inequalities, or alters the nature of learning itself
remains underexplored. Yet, as emphasised in Problem 1, we lack empirical evidence to
identify and address these unforeseen risks. Without this foundation, ethical guidelines
risk being abstract ideals rather than actionable frameworks that protect students and
educators from unintended harm. Problem 1 also forms this fundamental issue that we do

not yet fully understand the scope of ethical issues at play.

8 Chapter 1: Introduction



Another challenge is that a lot of AIEd researchers and developers are not equipped
to tackle emerging ethical questions (Holmes et al., 2021), leading to a disconnect
between technological aspirations and ethical considerations. Disappointingly, the AIEd
research community (as reflected in discussions and presentations at the International
Conference on Artificial Intelligence in Education, a leading venue for Al and education
research) has shown a low level of engagement with ethical issues (Holmes et al., 2021),
even as education is recognised as a high-stakes domain for integrating AI (Campolo et
al., 2017). Many ethical concerns arise not because of intentional harm but due to
oversights in design and deployment. This lack of ethical attention and expertise
(knowledge, skills, resources) from the AIEd community may be because of how AIEd
interacts with complex educational settings and because the potential unintended

consequences are not yet well-identified.

To address this insufficient understanding of the ethical landscape of AIEd design,
adoption and governance, we must move beyond technical and compliance-driven
discussions within the AIEd community. We need a human-centred approach to
determine what ethical considerations should be included, drawing from the perspective
of those directly affected by these systems. A more holistic human-centred ethical focus
accounts for user experiences and socio-technical dynamics, to ensure AIEd systems align
with educational values and user well-being. Without this shift in ethical frameworks,
issues in Problems 1, 2 and 3 will persist. To inform human-centred ethical principles that
reflect the realities of Al-driven educational environments, we need to engage with key

stakeholders and users of AIEd.
Summary

This section has highlighted four critical challenges in the ethical and responsible
adoption of Al in educational contexts. Central to these challenges is the need for a robust
empirical understanding of the potential ethical consequences of AIEd, the complex
interactions among key stakeholders in educational ecosystems, and the perspectives of
students as the primary beneficiaries. Addressing these issues will not only inform the
design of future AIEd systems but also provide a theoretical framework for the AIEd
community to meaningfully engage with ethical concerns. Ultimately, these insights will
help inform user-centred design principles that prioritise ethical considerations

throughout the development and deployment of AIEd technologies. Additionally, they
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will enhance the existing Al and AIEd ethical frameworks by incorporating human-

centred approaches that foreground users’ lived experiences and well-being.

1.3 AIMS AND SCOPE

This thesis aims to address the problems identified in the previous section by
providing a more comprehensive empirical understanding of ethical AIEd design and
adoption. It focuses on examining how different stakeholder groups perceive and respond
to AIEd adoption and its impacts (Aim 1). By filling the gap in understanding the
sociotechnical consequences of AIEd, this thesis seeks to expand the ethical discourse of
AIEd through a human-centred approach (Aim 2). Building on these insights, this thesis
aims to offer actionable implications and recommendations for ethical AIEd design,
adoption, and governance that are grounded in stakeholder concerns and ethical
considerations (Aim 3). The overarching objective is to inform the development of
human-centred, ethically responsible AIEd systems that align with educational needs and
human values. To achieve this, the aims of this thesis have been translated into the

following research questions:

Overarching Research Question: What are the ethical challenges in adopting
artificial intelligence in education (AIEd) from the perspectives of different

stakeholder groups?
RQ1: What ethical challenges do students perceive in the adoption of AIEd?
RQ2: How do stakeholder dynamics shape ethical risks in AIEd adoption?

RQ3: What are students’ affective responses, beliefs about learning, and

prioritised ethical values respecting AIEd design and implementation?

These three sub-questions are designed to address the overarching research question,
with the thesis structured correspondingly around them through three studies. To answer
these questions, this PhD project focuses on various key stakeholder groups, categorised

by their roles in interacting with AIEd:

Students: the primary target and proposed beneficiary of AIEd technologies,
whose experiences and needs are central to understanding the ethical implications

of their adoption.
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Decision Makers: This group includes more influential stakeholders involved in
the design, implementation, and oversight of AIEd, such as parents, school

governors and teacher representatives, and AIEd developers and practitioners.

In the studies presented in this thesis, I engaged with multiple stakeholder groups
to explore their responses to ethical AIEd design and adoption. The primary focus is on
students — their perceptions and concerns of AIEd adoption (study 1), and whether other
stakeholders, such as parents, developers and school decision makers, have adequately
considered their concerns during the design and implementation (study 2). Finally, this
thesis investigates whether students agree with the values prioritised by decision-makers
in the AIEd ecosystem (study 3). Importantly, this study does not aim to critique specific
technologies but seeks to genuinely uncover stakeholder perspectives to inform future

design and encourage ethical reflection within the AIEd community.

As a thesis with publications, there are five papers (three published, one under
review, and one manuscript) presented in this dissertation, demonstrating findings from
three studies across Chapters 4-6. Each of the studies has evolved alongside and informed
how I developed the key research question and its associated aims. While each of the five
papers attends to the Overarching Research Question in various ways, they must be taken
as a whole to answer it in a comprehensive manner. As such, the answers to the research
question will be reflected on throughout the thesis, in the introductions to the study

publications and in the comprehensive discussion in Chapter 7.

Regarding AIEd technologies, this thesis focuses on Al-enabled classroom sensing
and intervention systems. This focus is for several reasons: First, these technologies align
with the systems that initially inspired this research, such as Al facial and emotion
recognition systems. Second, these systems represent some of the more intrusive
applications of AIEd, involving real-time monitoring of students in the classroom. Also,
the classroom dynamic is more complex, involving interactions among students, teachers
and Al systems. Third, they are among the most popular research streams in the current
AIEd community. I will detail this research trend of AIEd in Chapter 2, the literature
review. By concentrating on the domain of Al-enabled classroom sensing and
intervention systems, the study seeks to provide rich, actionable insights that can spark
broader discussions and improvements in AIEd design. For conciseness, the term ‘AIEd’
will sometimes be used throughout the thesis to refer to these technologies, even though

it is a broader concept.

Chapter 1: Introduction 11



The context of this PhD project has evolved alongside the specific research
questions addressed in each study. Initially, the focus was on understanding students'
perspectives within higher education institutions. However, ethical issues identified in
higher education - where students tend to have greater autonomy - are likely to be even
more acute for younger, more vulnerable students in compulsory education settings like
K12. As the research progressed to explore the dynamics of multiple stakeholders for
Aim 1b, I shifted the focus to K-12 education. This shift allowed for the examination of
a more complex context, involving not only younger students but also parents as key
additional stakeholders. This shift in attention was done to capture a broader spectrum of
ethical and sociotechnical challenges, reflecting the varying vulnerabilities and

stakeholder interactions present in different educational contexts.

This study is fundamentally centred on ethics, with a specific focus on the ethical
concerns expressed by stakeholders regarding AIEd adoption and design. As discussed in
the previous section, one of the key challenges lies in the limited scope and application
of current ethical frameworks (which I will explore further in Chapter 2, Literature
Review). Normative ethical frameworks often remain abstract and detached from the
practical realities of Al adoption in specific contexts. For instance, they do not sufficiently
address how AIEd impacts social dynamics and pedagogical interactions. Hence, rather
than adopting a top-down normative approach, this research takes a grounded, human-
centred approach, informed by stakeholders’ lived experiences and perspectives. This
approach explores the meaning of ethics by examining how individuals understand AIEd
and perceive its rightness or wrongness. This aligns with my constructionist approach,
which I will detail in Chapter 3. Ultimately, this thesis aims to expand the current ethical
discourse about Al in education by incorporating critical human-centred considerations,

enriching the development of future human-centred ethical principles for AIEd.

1.4 SIGNIFICANCE

This thesis research is significant in its contribution to empirical knowledge
surrounding the ethical challenges of adopting Al in education. Specifically, from a
constructionist approach, it presents how stakeholders understand Al adoption and
perceive its ethical risks, and any challenges derived from those multistakeholder

ecosystems of AIEd design and adoption.
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Study 1 adopts a future-oriented speculative research method — Story Completion
— to comprehensively examine the potential consequences of AIEd adoption from
students’ perspectives. Study 1 addresses Problems 1, 2, and 4. This study contributes
five publications (three of which are included in this thesis in Chapter 4), exploring
students’ perceived impacts across multiple dimensions. Paper 1 presents individual-level
consequences, such as psychological and behavioural changes resulting from direct
interactions with Al monitoring systems in the classroom. Paper 2 presents pedagogical-
level impacts, such as influences on learner autonomy, learning processes and approaches,
teacher-student relationships, and pedagogical roles. Paper 3 (along with Paper 2)
demonstrates how these impacts interact dynamically, influencing one another rather than
existing in isolation. These findings highlight the far-reaching implications of AIEd,
extending beyond interactions among students and teachers to reshape the broader
educational ecosystem. This interdependence challenges conventional AIEd design
approaches that focus narrowly on technological advancement and system performance
with fixed intended outcomes. Instead, it advocates for more holistic, context-sensitive
perspectives, recognising Al, teachers, students and the educational environment as an
integrated ecosystem. It needs to better account for nuanced social dynamics within
education that are mediated by AIEd. It also shifts the ethical discussion from technology-
centric concerns to a more student-centred sociotechnical perspective that respects
students’ lived experiences. These insights emphasise the importance of embedding
ethical considerations into AIEd development, ensuring that systems align with the
complex realities of educational environments rather than simply optimising for

efficiency or automation.

Study 2 examines the ethical considerations and power dynamics in the AIEd
design and adoption decision-making processes among key stakeholders, including
developers, school representatives, and parents. Study 2 addresses Problems 2 and 3. This
study contributes an under-review paper (included in Chapter 5) that critically analyses
the problems in decision-making processes that may lead to unethical outcomes. Through
semi-structured interviews, Study 2 reveals how power imbalances, institutional
pressures, and limited Al literacy can lead to skewed value priorities, flawed adoption
decisions, and accountability gaps. This study shifts the ethical focus from AIEd
technology itself to the decision-making structures and dynamics. It reconfigures the

understanding of ethical risks by highlighting how stakeholder interactions and power
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imbalances shape ethical and practical challenges. The findings offer valuable insights
for fostering more equitable and inclusive AIEd adoption and a more effective

accountability mechanism to oversee AIEd adoption.

Study 3 examines a critical yet underexplored aspect of AIEd adoption: students’
emotional well-being, beliefs about learning, and ethical values, particularly in the
context of intrusive technologies. Study 3 addresses Problems 1, 2, 3, and 4, and
contributes a manuscript for future submission (included in Chapter 6). Study 3 uses an
online experiment with technology probes — video mock-ups of Al-driven classroom
sensing and intervention systems. The results reveal a consistently negative reception to
Al monitoring. It extends prior findings by showing that students’ resistance stems not
only from privacy concerns (Drachsler & Greller, 2016) but also from discomfort, loss of
autonomy, and disruptions to the social dynamics of learning environments. It further
highlights the misalignment between the value priorities of students (e.g., autonomy and
privacy) and more powerful stakeholders (as identified in Study 2). This study
underscores the need for non-intrusive, customisable, and socially sensitive Al systems,
offering critical insights for AIEd developers. By synthesising and validating findings
from Study 1 and Study 2, Study 3 strengthens the thesis’s overarching argument: AIEd
adoption must respect students’ values and well-being to ensure ethical and effective

implementation.

Across these three studies, this multidisciplinary thesis makes various contributions

to the fields of AIEd, HCI, and Ethics:

To AIEd, this thesis provides empirical evidence, ethical insights, and actionable
design recommendations to inform more student-centred and ethically responsible AIEd
development. It foregrounds students’ needs, values, and emotional well-being —
dimensions often overlooked in current design practices — and highlights unanticipated
consequences of AIEd adoption that may arise in real-world adoption. The findings
challenge system-centric approaches for AIEd design and development, advocating for a
holistic, context-sensitive view of AIEd systems embedded within complex educational
environments. This approach, rooted in HCI, considers the interconnected relationships
between AIEd systems, students, teachers, and the broader education ecosystem. In doing
so, this work shifts the discourse from a technology-driven mindset toward a human-
centred paradigm that prioritises meaningful, inclusive, and ethical integration of Al in

education.
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To HCI, this research builds on its foundational perspective of technology’s situated
nature (Suchman, 1987), reinforcing its relevance in educational contexts through an
empirical case study of Al adoption in education. This thesis also critiques conventional
HCT user studies that evaluate innovative technology, which often rely on user acceptance
metrics focused on system functionality and task performance. Instead, it advocates for a
richer examination of users’ lived experiences and ethical considerations when interacting
with the technology. This thesis also contributes to HCI’s understanding of designing and
adopting multi-user technologies by exposing how stakeholder power dynamics
complicate participatory design and inclusive innovation in practice and increase the risk
of ethical challenges. These insights inform broader HCI discussions on the socio-
technical complexities of designing and governing emerging technologies in sensitive
settings, particularly where multiple stakeholder groups are involved within imbalanced

power structures.

To Al Ethics, this thesis broadens the ethical discourse beyond technical safeguards
by centring human-centred values, lived experiences, and well-being. It demonstrates the
need to supplement existing ethical frameworks and general principles with empirical
insights grounded in specific sociotechnical contexts. In particular, it contributes concrete
empirical details to the principles such as beneficence, well-being and justice, by showing
how students perceive and potentially experience the lived consequences of AIEd
adoption. By highlighting the emotional and relational dimensions of AIEd use —
specifically, how Al systems shape, influence, and mediate human relationships within
the learning environment — this thesis lays the foundation for more human-centred ethical

approaches that better reflect the complexity of real-world educational settings.

Collectively, these contributions reframe ethical AIEd design and governance as a
fundamentally human issue — one that requires attention not only to systems and

principles, but to the everyday realities, values, and vulnerability of those most affected.

1.5 THESIS OUTLINE

This thesis is structured into 7 main chapters. It starts with the present introduction
(Chapter 1), followed by the literature review (Chapter 2), research approach (Chapter 3),
findings from three studies (Chapters 4-6), a discussion that synthesises the findings and
reflections (Chapter 7) and the conclusion (Chapter 8). As a thesis by publication,

Chapters 4-6 present three peer-reviewed papers, and two under-review manuscripts,
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authored primarily by me, with introductory sections and discussions situating the

publications within the overall thesis.

Chapter 2: Literature Review. This chapter reviews the current state of AIEd
technologies (more specifically, classroom sensing technology that this thesis focuses on),
user perceptions and experiences with AIEd, and existing ethics discussions and
frameworks related to AIEd. It synthesises literature across disciplines from AIEd, HCI,
and ethics, highlighting gaps in the existing research and the limited focus of current
ethical approaches. This chapter establishes the foundation for the later discussion on the
findings of this thesis (Chapter 7), which demonstrates how these findings address the

identified gaps and expand or challenge existing ethical approaches.

Chapter 3: Research Approach. This chapter outlines the epistemology
(constructionism), theoretical underpinning (symbolic interactionism and pragmatism),
and specific methods of data collection and analysis used for each study: story completion
with lite-version grounded theory for Study 1, semi-structured interviews with reflexive
thematic analysis for Study 2, and an online experiment using a mixed-method approach
for Study 3. This chapter also reflects on the rationale behind these methodological

choices and the challenges I encountered during the research journey.

Chapter 4: Study 1 Findings. This chapter presents the first study, which
comprises three published papers. It begins with a recap on its research approach, then
summarises the key findings and contributions to the thesis. This chapter then presents
three publications, each demonstrating different dimensions of the impacts of AIEd
adoption from students’ perspectives. It finally presents additional reflections that were
not included in the publications. Chapters 5 and 6 follow the same structure outlined in

this chapter.

Chapter 5: Study 2 Findings. This chapter presents the second study and a
manuscript that has been submitted for publication and is currently under review. The
paper demonstrates three critical ethical gaps in AIEd adoption processes and the power

dynamics that underpin these gaps.

Chapter 6: Study 3 Findings. This chapter presents the third study and a
manuscript that has been submitted for publication and is currently under review. The
paper demonstrates students’ affective responses, beliefs on learning, and ethical

priorities in the context of Al-enabled classroom sensing-intervention technologies.
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Chapter 7: Discussion. This chapter synthesises the findings presented in Chapters
4-6, revisiting and responding to the main research questions and aims of the thesis. It
weaves together the insight from the three studies into a cohesive manner, articulating the
overarching arguments of the thesis. This chapter also presents the implications for the
ethics of AIEd and the future of AIEd, provides suggestions for more inclusive, human-
centred, and context-sensitive AIEd design and governance, and discusses

methodological reflections.

Chapter 8: Conclusion. This chapter summarises the key contributions of the
thesis, outlines its limitations and future directions where the study may be extended, and
concludes with key takeaways for researchers and designers developing ethical Al in

education.

The overall structure of this thesis is shown in Fig.1 and Fig.1 (a). (see next page).
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section aligned to a specific aim. The Conclusion chapter summarises key contributions. The relationship
between problems, aims, sub-research questions (RQs), and chapters is detailed in the main text but
summarised in Fig 1(a) to illustrate the thesis logic.
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Chapter 2: Literature Review

This chapter reviews a range of interdisciplinary academic literature and
institutional frameworks to examine the ethical challenges associated with the adoption
of Artificial Intelligence in Education (AIEd). It draws on research from AIEd, Al ethics,
and Human-Computer Interaction (HCI), as well as relevant government reports. The
chapter is structured into three main sections: (1) the technological advancements and
applications of AIEd in recent years (Section 2.1), (2) user experiences and perceptions
toward AIEd (Section 2.2), and (3) ethical considerations and approaches surrounding

AIEd (Section 2.3).

Section 2.1 introduces the technological landscape of AIEd, focusing on its
increasing complexity and intrusiveness, setting the stage for the ethical focus of this
thesis. Subsection 2.1.1 introduces key Al tools and techniques used in educational
settings, while Subsection 2.1.2 narrows in on more sophisticated systems - Al sensing
technologies in classrooms — which are central to this thesis. Then Subsection 2.1.3
reviews the current trend of AIEd research. This section establishes the need for an
empirical understanding of how stakeholders perceive and interact with these
technologies as they become more deeply embedded in educational settings and

increasingly process more sensitive user data.

Section 2.2 reviews existing research on users’ perceptions and experiences with
AIEd, highlighting its narrow focus on system functionality and technical performance.
It critiques the conventional technology evaluation frameworks and attitudinal scales that
are commonly used in HCI and educational research, for failing to capture the deeper
human aspects of learning. This section reveals a lack of understanding within existing
AIEd research and governance frameworks regarding users’ lived experiences, along with

insufficient empirical evidence on AIEd adoption.

Section 2.3 explores ethical concerns surrounding AIEd. Subsection 2.3.1 reviews
existing ethics frameworks, highlighting their limited consideration of socio-technical
implications and the absence of human-centred ethical principles. Subsection 2.3.2
expands on ethical concerns not covered by these frameworks and emphasises the lack of

empirical evidence about AIEd’s broader consequences.
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Together, this chapter identifies three key research gaps: (1) a lack of understanding
of stakeholders’ lived experiences and individual interactions with AIEd (Section 2.2),
(2) alack of empirical evidence on AIEd adoption and its broader consequences (Sections
2.2, 2.3.2), and (3) ethical frameworks failing to address human-centred concerns
(Section 2.3). These gaps highlight the need for a more empirical and human-centred

approach to assessing AIEd’s ethical impact, forming the foundation of this thesis.

2.1 AIIN EDUCATION

Artificial Intelligence (AI) has been increasingly integrated into education over the
past decade, promising to revolutionise teaching and learning. This thesis focuses on a
specific category of Al in Education (AIEd) that is sophisticated and relatively more
intrusive technologies used in classroom settings. These tools aim to empower teachers
with data-driven insights for understanding students’ learning status and enabling
customised instruction while supporting students with timely assistance that is tailored to

their needs.

This section first provides an overview of key Al techniques, tools and applications
in the educational context (Section 2.1.1), then dives into the specific AIEd technologies
central to this thesis — Al sensing technology (Section 2.1.2). It finally reviews the current

trend of research in AIEd (Section 2.1.3).

2.1.1 Types of Al in Education

Three key Al techniques are broadly utilised in education: Machine Learning,
Learning Analytics, and Educational Data Mining (Avella et al., 2016; Chen et al., 2020;
Luckin et al., 2016):

1. Machine Learning (ML) is a subset of Al techniques. It discovers structured
knowledge, identifies patterns, and builds predictive models from large datasets
without being pre-programmed. ML in AIEd could be applied to tasks such as

predicting students’ academic performance and outcomes (Kucak et al., 2018).

2. Learning Analytics (LA) applies ML to education with a practice-oriented focus
to enhance teaching and learning practices and outcomes (Lemay et al., 2021).
LA involves collecting, measuring, analysing, and interpreting data from

learners and their learning contexts (Romero & Ventura, 2013), and providing
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insights into students’ learning behaviours to inform effective teaching

interventions (Arroway et al., 2015).

3. Educational Data Mining (EDM) develops methods to extract meanings from
large-scale data generated by learners’ actions in educational settings. It focuses
on discovering new patterns and trends within educational datasets (Baker &
Yacef, 2009). While EDM and LA overlap, EDM focuses more on
methodological advancement, and often emphasises knowledge discovery using
structured data; LA is more application-driven, aiming to directly improve

educational practices (Lemay et al., 2021).

Those techniques, all of which rely on extensive student data, are often employed
together in AIEd artifacts. From the application perspective, Baker and Smith (2019)
grouped AIEd in three broad categories, noting that some artifacts combine features from
multiple categories: 1) Learning-facing AIEd, which supports students to receive and
understand information and respond to their individual needs. For instance, the Intelligent
Tutoring System (ITS) diagnoses students’ strengths, weaknesses, and knowledge gaps
to provide automated and customised feedback. 2) Teacher-facing AIEd, which offers
data-driven insights about individual students or class-wide progress, enabling teachers
to effectively target their attention and automate administrative tasks like assessment and
feedback. This positions teachers as “orchestrators of when and how to use AIEd tools”
(Luckin et al., 2016). 3) System-facing AIEd, which assists with administrative and
managerial decisions at the institutional level, such as organising timetables to predict

school performance outcomes.

Current advancements in AIEd technologies have primarily focused on enhancing
teaching and learning processes (Southgate et al., 2019). Three key trending teaching-
facing and learning-facing tools have been identified: pedagogical agents, intelligent
tutoring systems (ITS), and smart classroom technologies (Southgate et al., 2019). These
technologies (see Fig.2) are often integrated to foster collaborations and innovative
interactions among teachers, students, and Al-enabled systems. These applications are at

the heart of this thesis.

Chapter 2: Literature Review 23



may include may be enabled by
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Learning

Learning School Management
Analytics Systems

Fig. 2. Overview of typical AIEd applications and their relationships (Southgate et al., 2019).

Pedagogical agents are virtual characters - either text-based or visual - designed to
act as digital tutors, mentors, or facilitators that are integrated into educational
technologies. They facilitate learning by interacting with students through guidance,
feedback, and navigation of learning content while enhancing students’ engagement
(Heidig & Clarebout, 2011). These agents are often embedded within ITS, providing

personalised feedback and adaptive instruction to learners.

Intelligent Tutoring Systems (ITS) simulate one-on-one human tutoring (Luckin et
al., 2016). From a technical view, ITS comprises several key components (Southgate et
al., 2019): a domain or expert model that stores expert knowledge to assess the correctness
of learner responses; a pedagogical model that contains pedagogical and tutorial strategies
that guide the system in providing feedback and instructional steps; a learner model that
stores learner characteristics and tracks the student’s understanding and actions in the ITS
system; and an interface that facilitates interaction between the learner and the system,
employing written or natural language dialogue, with or without virtual pedagogical

agents representing the ITS (Du Boulay, 2016).

The development of these technologies draws on interdisciplinary knowledge
spanning cognitive science, psychology, education, and information systems to inform
their design and functionality (Southgate et al., 2019). With these models, ITS systems
collect data and make inferences about students’ knowledge, emotions, or motivation,
diagnosing gaps and offering personalised tasks, hints, or feedback to support learning

(Koedinger et al., 2013). More sophisticated ITS, such as emotion-aware ITS,
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dynamically adapt to students’ emotional status (e.g., confidence, frustration, surprise or
boredom) by using cameras and sensors with eye-tracking and emotion recognition
software. This type of system is also known as a key tenant of smart classrooms or smart
learning environments, which use technology to monitor and observe individuals’
location, movement, and engagement within learning environments. We will dive into the

details of this technology in the next subsection.

Smart classroom technologies integrate hardware (e.g., wearable biometric sensors,
motion-sensing cameras, environmental sensors for tracking noise levels), software (e.g.,
ITS), and Internet of Things devices (e.g., Al-powered facial recognition cameras or eye-
tracking techniques for monitoring attendance and student engagement) to create
interactive, data-driven learning environments. These technologies often integrate with
ITS and pedagogical agents, aiming to empower teachers by enabling real-time diagnosis
of students’ needs and delivering personalised learning resources and interventions
(Baker, 2016). These Al-powered learning environments often capture significant
amounts of data on learner performance and engagement, which, through learning
analytics, aim to provide insights to guide resource allocation (e.g., teachers’ attention),
prompt reflection on learning and teaching practices, and improve student learning

experiences (Siemens & Long, 2011).

These systems, which actively collaborate with teachers and students in Al-
powered classrooms, are central to this thesis. While this type of AIEd demonstrates
significant potential, researchers have noted that existing ITS implementations in schools
often rely on very simple pedagogy and student modelling, such as determining student
comprehension based on solving three tasks in a row correctly (Southgate et al., 2019).
More technically sophisticated applications, such as emotion-aware ITS, remain largely
in pilot testing or feasibility stages (Baker, 2016). These systems, which involve close
personal monitoring through technologies like eye-tracking and facial emotion
recognition, represent a relatively new area of development within computer science,
machine learning, and cognitive psychology. However, these advancements have sparked
ethical debate regarding the collection and use of sensitive data, especially for vulnerable
populations like students. Such unresolved ethical challenges represent a significant

barrier to realising its full technological potential (Southgate et al., 2019).

This thesis focuses on these more sophisticated yet closely monitoring technologies,

exploring stakeholders’ perceptions and concerns. In the next section, we delve into the
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key technologies enabling real-time classroom observation and detection of students’

learning status, introducing a central concept — Al sensing technology.

2.1.2 Al Sensing Technologies in Education

Al sensing technologies in education are developed to monitor students’ physical
behaviours and emotional states to inform classroom dynamics and provide classroom
observations. These insights are used for real-time analysis and performance assessments,
which are then fed to human teachers and pedagogical agents to offer personalised

feedback about student behaviours and suggestions for teaching strategies.

Within the realm of Al sensing, wearable sensors and environmental tools are
developed to gather data on students’ physiological responses, bodily expressions, and
behaviours: (1) Wearable sensors, which involve devices such as wristbands or bracelets
equipped with biometric sensors, detect physiological signals such as heart rate (e.g., to
identify student stress (Yan et al., 2023)), measure electrodermal activity as an indicator
for arousal states (Haataja et al., 2018), or sense skin conductance to monitor emotional
arousal (Arroyo et al., 2009). (2) Environmental tools, such as Al-embedded cameras and
ambient sensors, are employed to capture and assess students’ physical behaviours,
cognitive states, engagement levels, and interactions within educational environments
(Vierhauser et al., 2024; Wang et al., 2023). Those tools leverage advanced computer
vision and machine learning techniques, enabling facial and emotion recognition to
monitor students’ body movements, facial emotional expressions, and gaze behaviours.

This thesis specifically focuses on this type of Al sensing technology.

Data can be obtained through facial emotional expressions such as confusion and
frustration (Aslan et al., 2019; Ez-Zaouia et al., 2020); body language, including gestures
(Kim et al., 2018; Lyu et al., 2023) and head orientation (e.g., nodding, shaking) (Ahuja
et al., 2019; Peng et al., 2023); and eye movements, such as gaze direction, to determine

attentional focus (Ahuja et al., 2021; Hutt et al., 2021; Linson et al., 2022).

These data feed into models of students’ cognitive-affective and physiological
states, which use indicators like body motions (Lyu et al., 2023) and arousal levels (Yan
etal., 2023) to assess learning performance. Derived from quantified indicators (Zawacki-
Richter et al., 2019), AIEd tools interpret in-class behavioural performance (Alyuz et al.,
2017) and provide insights into students’ real-time emotional and attentional engagement

(Aslan et al., 2019; Hutt et al., 2021; Ruan et al., 2023). These systems classify students
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into categories such as “engaged,” “disengaged,” “struggling,” (Aslan et al., 2019;
D'mello & Graesser, 2013; Nawaz et al., 2018), or even “at-risk” for poor performance
or potential drop-out (Namoun & Alshanqiti, 2020). The inferred insights are then
delivered to intelligent tutoring systems (Ruan et al., 2023) or to human teachers (Alzoubi
et al., 2021; Aslan et al., 2019; Jiménez-Mijangos et al., 2023) for further functions or

action.

Al sensing technologies can be deployed in education in two ways: 1) Class-wide
sensing systems, which capture data from an entire classroom. For instance, a front-facing
camera monitors all students in the classroom simultaneously, analysing both individual
students and group dynamics. Existing technologies for class-wide sensing include
Lumilo (Holstein et al., 2018), Edusense (Ahuja et al., 2019), TeachActive (Alzoubi et
al., 2021), Classroom Digital Twin (Ahuja et al., 2021), and ClassID (Patidar et al., 2024).
These systems may be seen as attempting to follow the “co-orchestration” model for
teachers and Al tools (Holstein et al., 2019; Martinez-Maldonado et al., 2015; Yang et al.,
2023), which aims to synergise human expertise and Al capabilities; 2) Individual-wide
sensing systems, which capture data from specific students’ devices, such as laptop
cameras (Lin et al., 2014) or wearable sensors like biometric bracelets (Arroyo et al.,

2009).

2.1.3 Research in AIEd

Research efforts on designing and advancing AIEd, spanning decades, were
intended to address educational challenges and enhance learning. The earliest AIEd
research emphasised generating evidence to inform the design of systems that support
individual learners. Efforts were dedicated to empirical studies aimed at understanding
learners’ needs and how they could be effectively supported through engagement with
AIEd systems (Kay, 2012). This learner-centred approach reflected a commitment to
prioritising the learner’s well-being, placing their needs at the heart of AIEd research
design (Self, 1998). Even a decade later, this focus on the learner persisted, with
intentions to understand how expert teachers enhance learning in one-on-one contexts and

to translate these insights into digital learning environments.

Over time, the scope of AIEd research expanded to develop precise computational
models of educational, psychological, and social knowledge, aiming to make these
models a cornerstone of AIEd’s contribution to education (Kay, 2012). The AIEd

community began to recognise AIEd’s role within a larger learning ecosystem,
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incorporating not just learners, but educators, families, and other external factors
influencing the learner’s experience. We can observe a shift in trends — from an initial
focus on understanding learners’ needs to an increasing emphasis on advancing
computational models. While these approaches are not inherently in conflict, this shift
raises questions about whether technological advancement continues to align with the

goal of supporting learner well-being.

However, AIEd scholars have long cautioned against an overreliance on data
science and computational methods when seeking to innovate educational technologies.
They argue that these approaches alone are insufficient for capturing the full depth of
individuals’ learning experiences and social contexts (Bond et al., 2019; Veletsianos et
al., 2015). Learning processes, they assert, are inherently social and cannot be fully
reduced to algorithms and computational models (Fynn, 2016; Holmes et al., 2021,
Siemens, 2013). This social nature of learning requires qualitative rather than merely
quantitative evidence to provide deeper insights into how AIEd systems are designed and
adopted. This is particularly important in educational settings, where technology use is
deeply situated and shaped by emotional experiences and interpersonal relationships

(Brown et al., 2007).

Despite these warnings, quantitative research continues to dominate the field of
AIEd (Fox, 2022). This persisting emphasis on quantitative methods has created a gap in
deeper empirical evidence, particularly regarding the nuanced social and ethical
dimensions of AIEd design and adoption. We therefore need a more balanced approach
that includes both quantitative and qualitative data to offer deeper insights into the social
context of AIEd adoption. This will ensure that advancements remain learner-centred and

continue to prioritise the well-being and benefits of learners.

2.2 USER PERCEPTIONS & EXPERIENCES OF AIED

In the field of HCI, it has long been recognised that understanding users’
perceptions and experiences of technology is critical to human-centred approaches that
align with their values and needs (Aragon et al., 2016; Borning & Muller, 2012). In the
context of adopting Al in education, learners as key users are the primary recipients of
AIEd’s impact. However, there is a lack of empirical evidence for understanding students’
perceptions and attitudes towards AIEd. Current research regarding student attitudes

tends to take an exploratory approach to general Al use in education rather than specific
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aspects of AIEd. User studies on specific AIEd technology often focus narrowly on
technology performance (Chu et al., 2022), overlooking broader factors. Although there
are existing scales for evaluating user experience and attitude, these tools typically have
a general focus and fail to adequately capture the unique experience of students within

the educational context.

Studies showed that students generally have positive attitudes toward incorporating
Al in education (Almaraz-Lopez et al., 2023; Katsantonis & Katsantonis, 2024; Pinto dos
Santos et al., 2019). For instance, students advocated for Al inclusion in educational
training in fields like medicine (Pinto dos Santos et al., 2019), business, and education
(Almaraz-Lopez et al., 2023). They expected benefits from customised learning services
such as identifying learning struggles (Gray et al., 2022), providing timely feedback
(Schumacher & Ifenthaler, 2018), informing educators’ pedagogical decisions (Falcao et
al., 2020), and enhancing teaching quality (Gray et al., 2022). However, significant
concerns from students also existed, including issues around data privacy (Jones et al.,
2020; 2020), transparency and consent (Whitelock-Wainwright et al.,, 2021)

(Whitelock - Wainwright et al., 2019), potential data misuse or misinterpretation

(Schumacher & Ifenthaler, 2018) (Gray et al.,, 2022), and excessive monitoring of
learning activities (Schumacher & Ifenthaler, 2018) (I will detail ethical concerns in the
next section). While these studies highlighted a range of student attitudes, many were
broad and did not focus specifically on any AIEd technologies or delve very deeply into
the nature of various concerns. In particular, many studies either focused on general Al
in education or limited their scope to issues like data privacy. This left a gap in

understanding the full range of students’ perceptions and concerns in the AIEd context.

Various scales specifically assessing student attitudes towards Al adoption in
education have been developed. For instance, the General Attitudes towards Artificial
Intelligence Scale (GAAIS) (Schepman & Rodway, 2023) evaluated students’ attitudes
towards Al applications in higher education. It includes two subscales: positive attitudes,
which include perceptions of AI’s utility and benefits and positive emotions (e.g.,
excitement); and negative attitudes, focused on unethical uses, errors, and negative
emotions (e.g., discomfort). Using this scale, a recent study (Rodway & Schepman, 2023)
found that while students were generally comfortable with Al, they expressed discomfort
with its use in decision-making, such as grading and admissions. Another scale called

Student Attitudes Toward Artificial Intelligence (SATAI) (Suh & Ahn, 2022) specifically
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captures students’ cognitive, affective, and behavioural responses to Al use in general.
Recent findings from a SATAI-based study (Katsantonis & Katsantonis, 2024) indicated
that students’ emotional responses were the most significant factors shaping their overall
attitudes toward Al. However, these scales typically maintained a general focus, leaving
a gap in more context-specific investigations into student cognitive, affective, and

behavioural responses within AIEd.

Although some empirical user studies have explored AIEd technologies, they
typically focused on technology performance and usability (Chu et al., 2022), with limited
attention to the broader implications and experiences. Most of those studies used
quantitative methods to measure learning outcomes, effectiveness, and engagement as the
impact of AIEd technologies on students. They often reported statistically significant
improvements in learning (Fontaine et al., 2019), by comparing pre- and post-use scores
(Latham et al., 2012; Lin et al., 2014) or task-completion times (Moundridou & Virvou,
2002) with the designed intelligent tutoring systems and affective tutoring systems. Those
studies also adopted user attitude and technology acceptance scales, which often reported
positive feedback regarding system usability, perceived usefulness, helpfulness, and
increased confidence in learning (Latham et al., 2012; Lin et al., 2014; Moundridou &
Virvou, 2002). However, the scales commonly used in those studies, such as UTAUT
(Venkatesh et al., 2003), are very much technology-centred. Those scales barely dive
deeper into the human aspects of learning with AIEd systems, such as the nuanced
experience of students interacting with Al in the learning environment, including students’
learning status, higher-order thinking skills, self-efficacy, and their specific beliefs and
concerns (Chu et al., 2022). There is a lack of deeper empirical evidence of AIEd adoption,
especially in understanding users’ lived learning experiences and the nuances of their

interaction with AIEd.

HCI has underscored the complex situated nature of technology adoption
(Fitzpatrick & Ellingsen, 2013; Ismail et al., 2023) and the importance of understanding
its impacts and user perceptions, not just on functionality but also on the broader social
and emotional facets of people's lives (Kaye, 2006). Furthermore, it is well known that
actual user interactions with technology can diverge from what designers anticipate
(Preece et al., 2002; Suchman, 1987). Indeed, the value promoted by the system might
even contradict and undermine design intentions (Flanagan et al., 2005). This is

particularly concerning in the educational context, as any potential adverse effects of
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unintended impacts are possibly significant and harmful. However, as I have stressed, the
intricate dynamics between students and the evolving AIEd environment, as well as the
consequences for students, are underexplored. These concerns point to a deeper ethical
dimension of AIEd adoption - one that demands closer scrutiny. The next section explores

how current ethical frameworks engage with these issues, and where critical gaps remain.

2.3 ETHICAL DISCUSSIONS AND FRAMEWORKS

Ethical discussions and frameworks addressing Al in education (AIEd) often
continue to mirror earlier trends in Al ethics, maintaining a primary focus on addressing
data-centric and computational concerns. Gaining an understanding of this overarching
Al ethics landscape is essential for positioning AIEd ethics within the broader Al field,
as well as for leveraging insights from this established body of work. Hence, this section
first reviews the general ethical considerations of Al before delving into the specific
ethical challenges of AIEd. Additionally, this section highlights the limitations of current
ethical approaches: a lack of human-centred ethical principles results from a lack of
thorough examination of consequences. Finally, this section explores ongoing discussions

about the broader implications of AIEd technologies.

2.3.1 Current Approach to Ethics of AI and Ethics of AIEd

The ethics of Al — an emerging interdisciplinary field spanning philosophy,
computer science, law and social sciences - has garnered increasing attention from
academia (e.g., (Floridi & Cowls, 2022; Jobin et al., 2019)), global institutions (e.g.,
(UNESCO, 2021; World-Economic-Forum, 2019)), and government departments (e.g.,
(Southgate et al., 2019)). In response, a wide range of frameworks and guidelines have
been developed by policymakers, researchers, and industry consortia to guide ethical
design, development and deployment of Al systems. These are typically grounded in a

set of core principles, often drawn in part from bioethics.

Jobin et al. (2019) identified 84 sets of principles or guidelines, distilling five
globally recognised principles: transparency, justice and fairness, non-maleficence,
responsibility, and privacy. Similarly, Floridi and Cowls (2022) introduced the 5P
framework, which consolidates six major ethical Al proposals, including the Asilomar Al
Principles (2017), the Montreal Declaration for Responsible Al (2017), and the IEEE
General Principles (2017), the ethical Al principles from the European Commission’s

European Group on Ethics in Science and New Technologies (2018), the UK House of
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Lords Al code (2018), and the Tenets of the Partnership on AI (2018). The 5P framework
includes beneficence, non-maleficence, autonomy, justice, and explicability, aiming for
universal applicability across domains of Al use. Despite their broad scope, these
frameworks often lack concrete and practical guidance for real-world Al applications
(Holmes & Porayska-Pomsta, 2023) — for instance, how those principles might be
actioned in specific contexts (Holmes et al., 2021), such as in education. UNESCO (2021)
stresses the importance of contextualising Al ethics by considering the broader
environment in which Al operates. Yet, in Al in Education (AIEd), ethical considerations

remain peripheral (Holmes et al., 2021).

Al ethics has become increasingly interdisciplinary - moving beyond its historically
dominant focus on technical, computational, and data-centric issues (Holmes et al., 2021)
such as data privacy (Tsai, Whitelock-Wainwright, et al., 2020), algorithmic bias and
fairness (Jiang & Pardos, 2021; Sha et al., 2022), and transparency (Robertson et al.,
2021). However, in the context of AIEd, ethical discussions remain largely centred on Al
techniques themselves (Holmes et al., 2021). Recent systematic reviews of AIEd
literature confirmed this limited focus (Hakimi et al., 2021; Holmes et al., 2021; Murchan
& Siddiq, 2021; Tzimas & Demetriadis, 2021), noting that little attention has been paid

to the broader socio-technical impacts on students, teachers, and other stakeholders.

This narrow (though important) ethical focus extended to governance frameworks
of AIEd and relevant Al-empowered educational techniques (e.g., Learning Analytics).
A lot of concrete frameworks addressed data issues, but few offered structural
mechanisms to address broader socio-technical and human-centred implications. For
instance, DELICATE (Drachsler & Greller, 2016) provided a step-by-step checklist for
institutions implementing ethical Learning Analytics (LA), emphasising that failure to
address privacy concerns risks student resistance or legal challenges. It suggested that
institutions can use DELICATE to develop data governance policies to build student trust.
However, students’ concerns often extend beyond data privacy. There may be further,
unintended negative consequences that directly harm students. Other framework, such as
the EEAI framework (Southgate et al., 2019), IEAIEd's (The-Institute-for-Ethical-Al-in-
Education, 2021), advocated for human-centred values in AIEd, yet their
recommendations remained broad and lacked context-specific actionable strategies to
mitigate unforeseen ethical risks. Even the SHEILA framework (Tsai et al., 2018),

arguably the most comprehensive LA framework grounded in empirical research, focused
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on securing stakeholder buy-in and identifying behavioural changes that LA systems
should facilitate while overlooking how LA adoption may unintentionally reshape
students’ learning experiences. This gap was critiqued by SHEILAs architects, with Tsai
et al. (Tsai & Gasevic, 2017) emphasising the lack of research on how technology affects
the student experience and learning journey. Ignoring these possible unintended
consequences and implications risks undermining the trust and acceptance of AIEd, as

compliance does not guarantee a positive user experience in practice.

Despite students being the primary users impacted by AIEd, their role in
governance structures and decision-making remained limited. Most governance models
were not explicitly designed from a student-centred perspective, and few provided
mechanisms for students to voice concerns or to help shape ethical guidelines. For
example, Greller and Drachsler (2012)’s Learning Analytics framework introduced a
stakeholder dimension, but it defined students merely as data subjects, while teachers and
institutions - who use the data to inform educational decisions — were positioned as data
clients and primary beneficiaries of LA. The Code of Practice for LA (2016) made a better
attempt to adopt a participatory approach and include a student representative in the
advisory group in developing the framework. The framework established a taxonomy of
ethical issues in LA that accounts for potential adverse impacts on students. However,
while this inclusion was a positive step, it still lacked empirical validation grounded in
students’ lived experiences, leaving a gap in understanding how AIEd policies translate
into real-world educational settings. Without stronger empirical evidence from students
themselves, governance efforts regarding AIEd risk being theoretically well-intended but

practically misaligned with student needs and concerns.

This section has demonstrated that, while existing Al or AIEd ethics frameworks
address important technical issues, they fail to account for the real-world context of AIEd
interactions. Holmes et al. (2021) have created an AIEd ethics framework (see Fig.3
below), calling for attention to the “unknown unknowns” in AIEd ethics research. This
thesis argues that a vital set of “unknown unknowns” is the human-centred ethical issues
that arise for students and educators from their direct interactions with AIEd systems.
However, a significant gap remains in the development of human-centred ethical
principles for AIEd design and adoption. In the next section, I explore the broader ethical

implications of AIEd on its users.
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Fig. 3. AIEd Ethics Frameworks (Holmes et al., 2021)

2.3.2 Broader Ethical and Sociotechnical Implications of Al in Education

The absence of human-centred ethical principles in AIEd is closely tied to a lack of
empirical evidence on the consequences of AIEd adoption for key users (e.g., students
and educators), their lived experience, and the broader educational ecosystem. Although

these issues are frequently discussed, they remain scattered and underexplored.

Critics have raised concerns about the potential pedagogical and sociotechnical
implications of AIEd. For instance, some critics claimed that Al-enabled classroom
monitoring and intervention, with a quantified analysis of students’ learning and social
interactions (Lu, Dillahunt, et al., 2021), may encourage compliance in student behaviour
(Williamson, 2019), undermining learning autonomy (Thompson & Prinsloo, 2022), and
fostering a surveillance-like atmosphere in educational settings (Cox et al., 2022). Others
claimed that the data-driven approach might cause datafication of education (Manolev et
al., 2019), which may also promote performativity, where educational practices shift to
prioritise metrics over meaningful learning outcomes, often fostering a “league table
mentality” (Cox et al., 2022). Furthermore, AIEd algorithms may label students as
‘disengaged’ (Nawaz et al., 2018), perpetuating stereotypes (Lawson et al., 2016) and
reinforcing biases related to race, gender, and culture (Lu, Marcu, et al., 2021). These
biases can have subtle but significant social justice implications (Holmes & Porayska-
Pomsta, 2023), yet they remain poorly addressed in existing literature. These critiques
often lacked a robust empirical foundation, leaving many questions about the socio-

technical consequences of AIEd unanswered.

As Holmes and Porayska-Pomsta (2023) noted, most of the AIEd literature has

proceeded without serious engagement with its potential ethical consequences. As
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introduced in Section 2.2, even though there are user studies from AIEd research, they
typically focus on system functionality, rather than deeper user experience, such as
students’ learning journey. An understanding of specific ethical issues raised by AIEd is
only beginning to emerge. However, there is no comprehensive framework, guidelines,
or policies that have been developed to address ethical concerns (Holmes & Porayska-
Pomsta, 2023). The ethics of AIEd is more nuanced than simply being ‘good’; what

constitutes an ethical approach remains uncertain (Holmes & Porayska-Pomsta, 2023).

A human-centred approach offers a promising solution to this gap, as it focuses on
the perspectives and values of the individuals directly affected by AIEd, namely students
and teachers. By aligning technology design with the values, lived experiences and well-
being of its users, this approach ensures that AIEd systems support the needs of students

and educators in meaningful ways.

Ultimately, a holistic, empirical understanding of user experience, particularly from
the student’s perspective, is crucial to comprehending the full scope of AIEd’s impact.
Such an understanding will be foundational in shaping ethical frameworks that guide
AIEd development and adoption, ensuring that it serves both educational and ethical

goals.

24 SUMMARY - THE NEED FOR HUMAN-CENTRED ETHICS

This chapter has reviewed AIEd advancements, particularly Al sensing
technologies, which are becoming increasingly complex and reliant on sensitive user data.
Existing research developing AIEd largely focuses on technological performance and
system effectiveness while neglecting users’ lived experiences and their nuanced
interactions with AIEd (Gap 1). Furthermore, there is a lack of empirical evidence on how
AIEd is adopted in real-world educational settings and its broader consequences (Gap 2).
These two gaps contribute to a third fundamental issue: the lack of empirical
understanding needed to inform human-centred ethical principles to guide AIEd design
and governance. As a result, existing ethical frameworks remain primarily technical-
oriented, failing to address the socio-technical and human-centred ethical concerns of

AIEd (Gap 3).

To address these gaps, this thesis takes a human-centred approach to understanding
the ethical challenges of AIEd adoption. While current ethical discussions and

frameworks focus predominantly on data governance and computational concerns, this
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study argues that the ethics of AIEd extend far beyond these technical-ethical aspects.
The broader socio-technical and pedagogical implications of AIEd on users’ interactions
and learning experiences remain underexplored. Therefore, rather than applying
predefined normative ethical frameworks to identify ethical challenges, this study adopts
a bottom-up approach, deriving ethical insights directly from stakeholders’ lived
experiences. This thesis explores how different stakeholders perceive and respond to
AIEd and its impacts. By providing an empirical understanding of AIEd’s ethical
consequences and challenges from the perspective of direct users, particularly students,
this research aims to inform the human-centred ethical principles for AIEd design and

governance.

This thesis seeks to answer the research question: What are the ethical challenges
in adopting AIEd, from the perspectives of different stakeholder groups? This inquiry also
shapes the methodological and epistemological stance of the study. Grounded in
constructionism, this research acknowledges that meaning is constructed through
individuals’ perceptions and interactions with the world rather than being objectively
predefined. This approach allows for a deeper exploration of how stakeholders interpret
and navigate AIEd technologies, which will be further detailed in the next chapter on
methodology.
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Chapter 3: Research Approach

Following the identification of key gaps in the literature review, this chapter
introduces the research design and methodology developed to address the research

questions that emerged from these gaps, as outlined in Chapter 1:

Overarching Research Question: What are the ethical challenges in adopting
artificial intelligence in education (AIEd) from the perspectives of different

stakeholder groups?
RQ1: What ethical challenges do students perceive in the adoption of AIEd?
RQ2: How do stakeholder dynamics shape ethical risks in AIEd adoption?

RQ3: What are students’ affective responses, beliefs about learning, and

prioritised ethical values respecting AIEd design and implementation?

This chapter goes beyond merely outlining the research methodologies - the “how”
of this research has been developed and unfolded. It also offers a personal reflection on
the “why” behind my design choices and the “what” of the struggles and gains I

encountered throughout the research journey.

As such, the structure of this chapter mirrors the progression of my reflective
process, starting from Section 3.1, which presents the overall strategic design thinking of
the research. It then follows Crotty (1998)’s four elements to “scaffold” the choices of
research process design and justify the methodologies and methods: the epistemology;
theoretical perspective; methodology; and methods. Section 3.22 discusses the
epistemological stance — constructionism, which this research primarily leans on. Section
3.3 discusses the theoretical underpinnings — symbolic interactionism that informed the
study’s approach. Then, Section 3.4, Section 3.5, and Section 3.6 detail the methodology
and specific data collection and analysis methods for study 1, study 2, and study 3,

respectively. Finally, Section 3.7 summarises this chapter.

3.1 OVERALL STRATEGIC DESIGN THINKING

As introduced in Chapter 1, this PhD research is motivated by my aspiration to
prioritise students’ concerns in adoption decisions and ensure that future AIEd adoption

considers their values and well-being. Reflecting on my discomfort at being monitored
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and analysed while learning, I questioned why such adoption decisions are still being
made despite potential students’ dissatisfaction. Or why is technology being so
enthusiastically developed and implemented without addressing students’ concerns?
These two questions led to my first and second studies — revealing students’ concerns,
and examining whether powerful stakeholders, like school decision-makers, developers,
and parents, have effectively considered and addressed students’ concerns. With this
purpose, this thesis primarily leans on a constructionism approach, which I will detail in

the next section.

Originally, my third study aimed to understand or resolve the potential value
tensions between students and more powerful stakeholders, with the hope of achieving a
model for more student-friendly AIEd design and adoption. However, the second study
revealed the value tensions and power dynamics that I wished to understand earlier than
expected. As a result of this boon, I started to reconsider my approach for my last study.
I looked back at my previous two studies and found both are problem-oriented, focusing
on exposing the ethical issues and gaps in current practices. I asked myself what would
truly bring value to the final phase of this research. Value tensions among stakeholder
groups seemed like a long-existing common problem in the field of HCI and ethics studies
- too complex and far-reaching to solve in one study. Furthermore, AIEd introduces
additional layers of complexity, such as issues surrounding explainability, transparency,
and data ownership, which further complicate ethical decision-making and stakeholder
alignment. These considerations led me to explore various possibilities: Should I create
frameworks to empower less powerful stakeholders? Propose Al literacy initiatives for
schools? Offer regulatory insights for restricting vendors, or ask developers to better
anticipate risks? Should I focus on educating parents and students, and ensuring informed
consent for the potential risks of AIEd? While these are valuable, I returned to the core

reason that inspired this PhD: students’ voices are often neglected.

What I ultimately wanted to contribute was a detailed and nuanced understanding
of what students care about when we adopt Al in their learning - their concerns,
preferences, and ethical priorities. I wanted those voices to be heard and recognised, and
to inform future AIEd design. Rather than drawing conclusive solutions, I want my
research to offer suggestive insights. Therefore, I decided to pivot my original aim of the
third study - from resolving tensions to validating students’ concerns and uncovering their

ethical priorities. To do this, I chose a pragmatic approach with an experimental study.
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Table 1 below provides an overview of the study approaches. In the following
subsections, I introduce the overall epistemology of this thesis, as well as the theoretical
lens and methodological approaches for each study. While these sections are presented in
a sequence from epistemology to specific methods, this research was not initially driven
by epistemological assumptions. As I stated earlier, this research grew from specific
research aims and questions, which then informed the choice of methodology and data
collection methods. The epistemology and theoretical perspectives were developed and
articulated progressively as the research unfolded and progressed with my ongoing

reflection.

Table 1. Summary of research approach and study components of this thesis

Epistemology Constructionism
Theoretical Interpretivism - Symbolic Interactionism Pragmatism
Perspective
Studies Study 1 Study 2 Study 3
Students’ Powerful stakeholders’ | Students’ responses
perspectives perspectives and ethical priorities
Finding Chapter | Chapter 4 Chapter 5 Chapter 6
Methodology Qualitative Qualitative Experimental
Research
Methods Story ~ Completion | Semi-Structured Survey
Data Collection | Method (n=71) Interviews (n=30) (n=132)
Methods Reflexive Thematic | Reflexive Thematic | Statistical Analysis;
Data Analysis Analysis; Analysis Inductive Thematic
Grounded Theory Analysis
Lite

3.2 OVERALL EPISTEMOLOGICAL STANCE: CONSTRUCTIONISM

Epistemology refers to the way of understanding and explaining how we know what
we know and what it means to know. It deals with ‘the nature of knowledge’ (Crotty,
1998), its validity, scope, and general basis, as well as methods of acquiring knowledge.
By introducing epistemology in this section, I explain how I, as a researcher, frame my
research in the pursuit of knowledge, and how the reader can interpret the knowledge and

evaluate its outcome.

My general way of understanding the world is with constructionism — truth or
meaning emerges with human beings interacting with and interpreting the realities of the
world. As Crotty (1998) noted, “There is no meaning without a mind. Meaning is not
discovered but constructed.” This stance rejects the objectivist belief that there is an

objective truth waiting to be discovered. Rather, in the constructionist view, meaningful
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reality is developed by human practices within a social context. These contexts are not
fixed — they are dynamic and situated within specific cultural, temporal, and experiential
circumstances. As a result, knowledge or meanings might not be universal. They vary and

evolve with changing interactions.

This dynamic and interpretive process underpins how I approach this research,
especially within the field of Human-Computer Interaction (HCI). In HCI, users actively
construct their understanding and experience of technology through their interactions
with the technology, environments, and other users. Applied to AIEd adoption, this
constructionist perspective views reality and meaning as co-constructed. They emerge
through the ongoing interactions between various stakeholder groups (students, parents,
educators, and institutions) and with the Al technologies embedded within the educational

ecosystems.

The educational context for Al adoption is uniquely complex. It involves diverse
student populations shaped by intersecting factors such as age, gender, sexual identity,
race, and culture. It is further affected by layered power structures involving multiple
stakeholders, each with distinct values and priorities. Individuals’ interactions with AIEd
systems are shaped by their backgrounds, leading to varied and potentially unpredictable
specific circumstances and responses. Moreover, as the educational environment evolves
by adopting ever-evolving Al technologies, so too do the interactions and meanings
construct around them. While AIEd technology may exist as a physical object in the world
regardless of being observed by a conscious mind, the meaning associated with it — How
AIEd is applied, valued, and perceived - is shaped through human interaction and the

sociocultural understanding in which it is used.

Ethics is a central focus of this thesis. Ethical understandings around Al are socially
constructed and vary across time and cultural contexts (Wong, 2020). Ethical values and
interpretations are shaped by individual lived experiences and broader societal norms.
While much of the Al ethics discourse is governance-oriented - focusing on frameworks
and strategies to manage risks (Corréa et al., 2023) - this research contributes a bottom-
up approach. It begins with individual perspectives, then identifies broader patterns, and
ultimately contributes to a more collective ethical understanding. This form of inquiry

echoes constructivism (Denzin, 2012).

Given these research purposes - to explore how stakeholders interpret and respond

to AIEd and its ethical concerns - the overall epistemological stance leans toward
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constructionism?. This approach is driven by a desire to understand the complex and
multifaceted realities of technology adoption, rather than seeking to predict a singular
truth. As Crotty (1998) noted, constructionist research does not claim to offer the only
“true” way of understanding phenomena, as (post-)positivist studies might frame their
research. Instead, the value of constructionist work lies in providing plausible, insightful,
and contextually meaningful interpretations of the defined topic, grounded in the

interactions and social dynamics it investigates.

From this perspective, the quality and value of my qualitative research could be
evaluated through the depth of understanding it offers. Qualitative studies prioritise the
identification and discussion of themes over numerical significance (as quantitative
studies typically do) (Braun, Clarke, Hayfield, & Terry, 2019; Pyett, 2003). The rigour of
constructionist work emphasises transparency in the analytical process and the production
of “thick descriptions” supported by detailed examples of raw data (Seale & Silverman,
1997). Consistent with this approach, I aim for the research outcomes to be suggestive

rather than conclusive, aligning with the principles of constructionism.

3.3 THEORETICAL UNDERPINNING - SYMBOLIC INTERACTIONISM

A theoretical perspective provides a way to understand the human world and social
life within that world, and make sense of it by providing context of the process and
grounding the logic and criteria within that world (Crotty, 1998). This section outlines
how the constructionist epistemology furthers the symbolic interactionist theoretical

foundation of this study.

As a specific theoretical perspective within constructionism, symbolic
interactionism is a social theory that perceives the world as socially constructed through
the meanings individuals assign to events and interactions (Crotty, 1998). It assumes that
people create meaning for elements in their environment and respond to it through

symbolic communication such as language, gestures, and actions. It emphasises micro-

2] adopted “constructionism” rather than “constructivism” — two closely related theories but differ in their
focus, particularly in epistemology and research paradigms. Constructivism emphasises how individuals
construct meaning from their personal experiences. Constructionism builds on constructivism by adding a
social dimension, emphasising that knowledge is constructed not just individually but also socially, through
interaction with others and external artifacts such as technology (Crotty, 1998). My research, which
involves multiple stakeholder groups interacting and negotiating ethical concerns, considers the role of
AIEd (as artifacts) in mediating these interactions, shaping stakeholders’ perceptions of ethical challenges
and influencing social dynamics. These characteristics align strongly with constructionism, which forms
the theoretical basis for my study.
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level social interactions, where individuals constantly interpret and re-interpret meaning
in response to evolving social situations. In this way, reality is seen as constructed through

dynamic interactions and negotiated meanings.

A central notion of symbolic interactionism is role-taking: placing oneself in others’
positions to understand their perspectives. Methodologically, this requires researchers to
adopt the standpoint of those being studied (Denzin, 1974) to see the social world from
their perspective. This approach encourages researchers to understand how individuals

construct their realities through their roles and interactions.

Since this thesis explores stakeholders’ ethical understanding of AIEd adoption and
takes into account each individual’s experience and social circumstances, constructionism
and symbolic interactionism offer an effective lens for perceiving the social foundations
of AIEd. Especially, I examine how individual students, teachers, and Al co-create the
education environment, focusing on the meaning and roles they attach to interaction
patterns that can shape educational experiences and norms. With this approach, my
personal experience and background also shape how the research is conducted. I am
currently a student and educator (I worked as an academic tutor alongside my PhD). [ am
a former Al industrial professional (I completed my bachelor’s and master’s in
information systems and worked for an IT consulting vendor and Al company as a project
manager and product manager). With this identity, I apply symbolic interactionism’s
encouragement to empathise with various stakeholder perspectives. This theoretical
grounding informs the intensive use of reflexive thematic analysis, which I will detail in

section 3.5.

In the following sections, I will outline my choice of research method in the
sequence of Study 1(section 3.4), Study 2 (section 3.5), and Study 3 (section 3.6). While
I have detailed the research methods in each paper (see later chapters), this section focuses

on my design thinking and reflections.

3.4 STUDY 1-STORY COMPLETION RESEARCH

Study 1 was designed to answer sub-question 1: What are the ethical challenges of
implementing AIEd from students’ perspectives? Study 1 adopted the story completion
method to collect data to explore students’ responses to AIEd adoption. I initially used

thematic analysis to analyse the data, then adopted grounded theory-lite.
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3.4.1 Story Completion Method

Story completion is a method rooted in speculative and creative research
approaches, enabling participants to project their beliefs, feelings, and assumptions
through completing open-ended story prompts (Lawson et al., 2015). This method is
particularly effective for uncovering socially constructed meanings and exploring
complex and sensitive topics in an indirect and imaginative manner (Clarke et al., 2019).
Given the ethical and personal nature of concerns around Al in education, story
completion offers a valuable way to access students' deeper, and possibly unspoken,
attitudes toward the technology. Furthermore, with AIEd technologies still in their
nascent state and few mature applications available, this approach facilitates proactive
explorations for potential concerns before widespread adoption and any potential negative

impacts emerge.

This approach aligns well with the constructionist epistemology underpinning the
study, as it allows participants to actively construct and narrate their perspectives on Al
within a hypothetical context. By engaging participants in speculative scenarios, this
method creates rich data that reveals nuanced socially embedded concerns about AIEd

adoption — concerns that might otherwise go unexamined.

The speculative and indirect nature of story completion introduces certain
methodological challenges. One key risk was to ensure the story prompts were realistic
and sufficiently grounded to ensure participants’ responses were relevant and meaningful
to the research aims. To address this, I crafted three story stems anchored in existing AIEd
literature that reflect current advancements, to provide enough contextual detail to
immerse participants in the scenario. The three scenarios, each progressively delving
deeper into the implications of Al-driven tools in education, are provided in the

publication appendix presented in Chapter 4.

Another challenge was fostering participants’ imagination and engagement while
balancing creativity with maintaining relevance to the research scope. To address this, I
intentionally incorporated ambiguity in the scenarios to encourage imagination, allowing
participants the space to project their own interpretations and concerns (Braun, Clarke,
Hayfield, Frith, et al., 2019). For example, I intentionally left the Al's mechanisms and
criteria for student evaluation vague to encourage participants to engage more deeply with
the ethical and emotional dimensions of the scenarios. To further focus their responses, I

offered hints in the task description to encourage affective, behavioural and cognitive
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reactions (e.g., asking “If you were the main character in the scenario, how would you
feel and behave?”), and suggesting a minimum time of 5 minutes per task. This immersive
approach was validated by three pilot participants, who found the tasks engaging and
produced rich, valid data, demonstrating the effectiveness of the method in eliciting

relevant insights.

There is also a challenge that speculative prompts might inadvertently lead
participants toward specific concerns or biases. To mitigate this, my research team and I
carefully selected neutral language in the scenarios to avoid suggestive or leading
phrasing. Additionally, the introductory materials emphasised that the goal was to
understand participants’ genuine feelings and perspectives, rather than to critique the
technology. These measures help ensure that the findings authentically reflect
participants’ own values, beliefs, and concerns, rather than the researcher’s assumptions.

I will further reflect on the story bias in the later section in Chapter 4.

3.4.2 Participant Recruitment — Prioritising Diversity of Opinions

Participants in this study were 71 university students and recent graduates. Initially,
I recruited participants with strong storytelling skills, such as those studying film and
screenwriting, to ensure rich narratives. While their responses provided valuable
philosophical depth, I recognised the potential risk of bias if my dataset came from a large
number of this participant group, due to their socially critical perspectives. To address
this, I broadened the recruitment to include participants from diverse academic and
personal backgrounds, ensuring a wider range of opinions. Reflecting on the essence of
qualitative research and the goal of exploring ethical considerations, I realised that
quantitative representativeness was less relevant. Thus, my primary focus shifted to
gathering a broad, diverse spectrum of viewpoints rather than ensuring strict demographic

proportions.

A related concern arose regarding participants with backgrounds in Al or related
fields. I briefly considered excluding students from Al or IT majors to avoid potential
bias, as I suspect their technical knowledge might lead them to overestimate or
underestimate the ethical issues compared to non-technical participants (I incorporated
this element of participants who are Al-literate to compare their responses to AIEd
features in study 3). However, I ultimately decided not to filter participants based on their
majors or Al experience, recognising that in real educational settings, students have

diverse backgrounds and levels of Al literacy. This decision aligns with the research goal
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of capturing a broad spectrum of concerns from all types of students, reflecting the

diversity present in real-world university contexts.

3.4.3 From Thematic Analysis to Grounded Theory Coding

The findings were initially analysed from the thematic level by adopting Thematic
Analysis (TA) (Braun & Clarke, 2019). I sorted the codes into initial themes and sketched
their relationships on mind maps (Braun & Clarke, 2006). I found that many identified

codes and themes interact, and TA could not support interpreting this intricate interplay.

To navigate this complexity, I transitioned to employing the techniques from
Grounded Theory (GT), following Glaser and Strauss (2017), renowned for its capacity
to elucidate relationships, particularly consequential ones, among concepts and codes
(Walker & Myrick, 2006). Rather than adopting the full grounded theory, which aims at
theorising or developing new frameworks grounded in data, I adopted the most frequently
used form of grounded theory, known as grounded theory-lite. A grounded theory-lite
involves using GT coding and relevant techniques to develop a set of categories, aiming
at understanding the relationship between various categories to find hierarchy, shared,
breaching/disagreed codes (Pidgeon & Henwood, 2013). The detailed coding and data
analysis procedures have been introduced in the paper in the following sections, while

this chapter primarily focuses on my reflection while conducting data analysis.
Challenging the Dogmatism of Grounded Theory Coding

During the process of adopting the Grounded Theory (GT) structure coding scheme
to analyse my data, I reflected on the challenges of adhering strictly to purist GT
frameworks. I encountered several practical issues that led me to question the rigidity of
the methodology. For example, some codes did not fit neatly into a single category, while
others were symbiotic, belonging to multiple categories simultaneously. In some cases,
an open code could also serve as an independent axial code, or sub-codes were interrelated
and tagged each other, even though they were located in separate higher-level codes. It is
complex to assign certain data points to distinct categories due to their messy and

interdependent relationships.

In practice, I found that not all data could be clearly divisible or categorised without
losing its contextual richness. To address this, I occasionally deviated from the strict
instructions of the GT coding structure, allowing for a more fluid approach that better

captured the complexity of the data. This decision stemmed from the realisation that strict
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methodological adherence can sometimes feel counterproductive when dealing with

nuanced human data, causing the data to lose its meaning.

Ethically, I believe that pure methodological frameworks do not always align with
the realities of research practice. Forcing participants’ narratives into rigid categories
risks being disrespectful to the depth and context of what they shared. It is important to
honour the nature of participants’ voices rather than impose artificial structures that may
distort their meaning. By embracing a more flexible approach, I aimed to remain faithful
to the integrity of the data and the experiences it represented, ensuring that my analysis

was both ethically and contextually grounded.
Reflections on Applying Ethical Frameworks in Data Analysis

During the data analysis process, I initially attempted to align my findings with
existing frameworks from Al ethics or AIEd ethics as a way to provide theoretical
grounding. However, this approach revealed significant challenges. As I emphasised in
the previous chapters, current ethical frameworks predominantly address technical
concerns and computational issues (Holmes et al., 2021) such as data privacy, algorithmic
bias, transparency, and fairness. While these governance-oriented, legal-centred
frameworks aim to prevent data-related or algorithm-related issues through regulation
and principles, they rarely cover issues grow from the nuanced interactions between users
and the technology. In contrast, my focus highlights ethical concerns derived from users’
lived experiences. The themes identified in my analysis, particularly the pedagogical
impacts and sociotechnical implications such as students’ emotional responses and
potential behavioural change, extend beyond the scope of traditional ethical frameworks.
I became concerned that forcing these findings into rigid structures could dilute the

original objective of revealing students’ concerns and diminish the focus of the discussion.

This realisation shaped how I approached the analysis. Instead of strictly adhering
to pre-existing frameworks, I allowed the data to highlight ethical dimensions that
governance-level concerns often overlook. By doing so, my research highlighted that
governance-focused principles are necessary but insufficient. It also addressed a critical
gap in AIEd ethics, as highlighted earlier: the lack of validation of ethical impacts from
the perspective of actual users, particularly students. This shift not only brought clarity to
my analysis but also underscored the importance of grounding ethical considerations in

real-world, context-specific concerns rather than abstract principles.
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3.5 STUDY 2 -INTERVIEW STUDY

After revealing students’ concerns about AIEd adoption in depth, I sought to
interrogate whether other key stakeholders — those with decision-making power -
effectively considered or addressed these concerns. While study 1 focuses on higher
education, study 2 shifted to the K-12 context, adding complexity to the decision-making
dynamics by involving multiple stakeholders, including parents (who act as decision-
makers for their children), school governors (who approve decisions on technology
adoption in their schools), and industrial vendors (who develop and implement the
technology). This shift was intentional, as K-12 students are under 18, making them more
vulnerable. The study was designed to answer the sub-question 2 “How do the complex
stakeholder dynamics increase ethical risks?”, by exploring the ethical considerations of
responsible stakeholder groups (e.g., parents, school governors, developers) regarding
AIEd adoption. To gather perspectives, I conducted semi-structured interviews with 30

participants, 10 for each stakeholder group.

3.5.1 Semi-Structured Interview

Initially, I considered workshops or focus groups, as group discussions can reveal
shared or conflicting attitudes among participants. However, the diversity within each
stakeholder group posed challenges for these methods. For instance, parents have varying
experiences based on their children’s school types (e.g., rural vs. urban), while school
representatives include individuals with vastly different responsibilities, such as IT
admins or experts, teacher representatives, and principals. Similarly, developers’ roles in
designing, developing, or implementing AIEd differ significantly. These variations made
semi-structured interviews a more suitable choice, allowing for a deeper exploration of
one’s lived experiences, values, concerns, and reflections in individual contexts (Seidman,

2006).

In line with the constructionist commitment to understanding and interpreting data,
the interview questions were mostly open-ended and flexible (Bearman, 2019; Creswell
& Clark, 2017), allowing participants to construct meaning based on their lived
experiences. As interviews are an active, co-constructed process (Terry & Hayfield, 2021)
created through the conversational relationship between participants and the researcher
(Kvale, 2009), the knowledge generated is collaboratively shaped through the interplay
of questions and answers and “co-authored by interviewers and interviewees” (Kvale,

2009).
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My background as an IT project professional, educator, and student, allowed me to
build rapport with my participants, fostering a conversational tone that allowed for a rich
exchange of perspectives. The interviews were designed to provide both descriptive
insights into everyday experiences and epistemological reflections, which were

discursively explored and justified through the interview conversation (Kvale, 2009).

To ensure ethical rigour, I carefully designed and refined interview questions to
minimise bias. For instance, participants were first asked about general experiences with
AlEd, avoiding prompts that could steer them toward positive or negative responses.
Follow-ups encouraged them to consider both sides if their answers were one-sided.
When discussing the potential issues, I always prepared questions to encourage a balanced
view, such as asking about opportunities, positive outcomes, or benefits. I also avoided
leading questions. For example, instead of directly asking, “Who is responsible for
potential ethical harm of technology adoption?” I rephrased it to, “Did you encounter any

ethical challenges in your role?”

I piloted the interview process with one parent, one school governor, and one
developer. I realised that participants without prior experience with AIEd found it difficult
to imagine specific scenarios using AIEd. To facilitate more focused and consistent
responses, | created AIEd-specific artifact introductions aligned with the story stem
scenarios from Study 1 (which I also used for Study 3). At the start of each interview,
participants were asked to imagine their role in a given context: Developers - Imagine
your client requests you to design and develop this AIEd system; School governors -
Imagine your school is planning to implement this AIEd system; Parents - Imagine your
child’s school is adopting this AIEd system. This approach grounded three stakeholder

groups’ responses in the same scenario more effectively.

The semi-structured interviews were conducted with 10 school governors, 10
parents, and 10 industry vendors, each lasting 45-70 minutes. I tried to create a non-
judgmental and supportive conversational environment. At the beginning of the interview,
I assured participants - particularly vendors and school governors - that their responses
would remain anonymous and would not represent their organisations, encouraging them
to share their views freely. During the interviews, while I adhered to the interview agenda
to ensure all key questions were addressed, the discussions were guided by what I
interpreted to be meaningful to the interviewees. This approach allowed conversations to

flow naturally, often weaving in and out of different predefined topics and questions
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(Byrne, 2022). I took notes during the interviews and documented my thoughts and
reflections immediately afterwards. These notes significantly informed the interpretation

and final analysis of my dataset.

3.5.2 Reflexive Thematic Analysis: From Frustration to Reflexivity

Study 2 analysis followed a Reflexive Thematic Analysis (RTA)3 approach. The
data analysis process was iterative and reflexive, involving multiple rounds of refinement,
self-reflection, and navigating uncertainty in method application. This section reflects on

the evolution of the analytic process, the challenges encountered, and the insights gained.

After completing all the interviews, I began with an impression of shared and
conflicting concerns among developers, school governors, and parents. I initially
observed patterns that pointed to structured stakeholder interactions and power dynamics

influencing AIEd design and adoption decisions.

At first, I attempted to adopt Activity Theory (AT) (Engestrém, 2000) as a
framework to organise these findings to understand the systematic phenomena of AIEd
adoption. AT provides a lens to examine technology adoption as a dynamic, multiple-
stakeholder process shaped by social, institutional, and material factors, and helps identify
tensions that emerge when new technologies are introduced (Engestrom, 2000). Using
AT, I categorised codes and themes into “design and implementation” and “post-adoption”
phases and mapped them against AT’s structural elements (e.g., Tools, Rules, Community,
Division of Labour). While this framework offered a systematic way to organise the data,
it felt overly mechanical. The resulting themes and storylines were broad, disconnected,
and failed to capture the nuance of the data. Recognising these limitations, I shifted to a

more interpretive approach, Reflexive Thematic Analysis (RTA) (Braun & Clarke, 2019).

I re-assembled the codes and reframed my analysis around key interpretive
questions, as a starting point for constructing a logical argument: a) How do (ethical)
considerations from each group influence the collection and implementation of design
needs, and what is missing in their focus? b) What tensions and contradictions arise

between stakeholder groups during AIEd adoption? c) What are the power structures

3 Although Interpretative Phenomenological Analysis (IPA) was considered, this study adopted Reflexive
Thematic Analysis because the aim was to map and theorise shared patterns of meaning across a diverse
dataset rather than conduct idiographic, phenomenology-driven exploration of individual lived experience,
for which IPA is primarily suited (Braun & Clarke, 2019).
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among stakeholders, and what role do they play in decision-making? While this approach
provided a more cohesive narrative, the findings still felt shallow. I felt the full potential
of the dataset was untapped. I then refined the questions further to explore: a) What ethical
issues are overlooked (covertly or overtly) by each group, and what risks do they pose?
b) How do power dynamics and hierarchical relationships influence ethical AIEd design
and adoption? c) What gaps exist in stakeholders’ expected versus actual roles and
responsibilities? These refinements allowed me to identify richer themes, such as explicit
value tensions and implicit gaps in knowledge and capacity. However, after multiple
iterations, the analysis still lacked analytical depth. I found myself over-coding the data

and struggling to generate meaningful insights.

A turning point came when I fully embraced the interpretive orientation of RTA.
Rather than merely categorising data into descriptive themes, I realised that RTA required
a deeper engagement with data - blending my observations and interpretations into the
analysis. The themes need to move from “domain summaries” to a more integrated,
narrative-driven approach (Braun, Clarke, Hayfield, & Terry, 2019). This shift enabled
me to craft a storyline, connect patterns across stakeholder groups and articulate the

deeper structural and ethical tensions underlying AIEd adoption.

Crucially, I recognised my active role in shaping the analysis, consistent with the
constructionist epistemology. I, as a researcher, with my own values, background, and
interests, could reflexively influence the data interpretations and knowledge production
(Braun & Clarke, 2019), rather than simply sitting objectively outside the data to uncover
pre-existing truths (Terry & Hayfield, 2020). While recognising this role, I also aimed to

faithfully take into account my participants’ experiences and perspectives.

In this process, I considered positionality as a central analytics tool in RTA (Trainor
& Bundon, 2021). Positionality helped me refocus my analysis by integrating my
positional stances into data interpretation. I reflected on my dual perspectives - as a
student, deeply concerned about the unintended negative consequences of AIEd and the
neglect of students’ voices; and as an IT project professional, familiar with the practical
constraints vendors face. While I strongly wished that students’ concerns, which I
revealed from Study 1, could be well covered and addressed, I also empathised with the
vendor’s challenges. This reflection clarified the core tension that interested me most in

this research: addressing ethical issues without considering practical realities risks
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remaining in a vacuum. The gap between ethical ideals and real-world project delivery

became a critical lens for understanding the dataset and anchoring the analysis.

Another key aspect of my reflexive process involved revisiting emotional and non-
verbal cues from the interviews. These moments, marked by surprise, frustration, or
recognition of unexpected patterns, often signalled valuable findings. For example, the
tone-shifting when vendors were asked who should bear responsibility for ethical
consequences post-adoption, as when one vendor candidly admitted, “actually, I don’t
give a shit, this is the common truth [because of a tight project deadline with financial
pressure].” Vendors’ detachment from ethical considerations post-delivery, together with
schools’ poor knowledge capacity about Al issues, revealed significant gaps in
accountability. Similarly, parents expressed resignation to systemic challenges, likening
AIEd adoption to mandatory vaccination policies where individual agency is limited in
the specific cultural context. These moments of surprise became analytical anchors for

uncovering deeper underlying tensions.

Through six rounds of iterative refinements, the analysis transitioned from
fragmented coding to a more cohesive analytical narrative, moving beyond surface-level
observations to explore the underlying dynamics within the stakeholder ecosystem.
Throughout this journey, I documented each stage of theme development with
encountered frustrations and reflected critically on my analytical decisions. This
documentation brought clarity to my findings and ultimately enabled a richer
interpretation of the lived realities of the participants, particularly the stakeholder

dynamics and the ethical gaps in AIEd adoption decision-making.

In retrospect, this iterative journey exemplifies the essence of Reflexive Thematic
Analysis, which emphasises the evolving nature of research questions and the importance
of maintaining a dialogue between data patterns and analytical focus (Braun & Clarke,
2019). My approach aligns seamlessly with RTA’s principles, where initial research
questions serve as an open “starting point” that might become more focused, or expand,
or even shift in focus, as data collection and analysis progress. Honing and refining
research questions are not indicators of poor-quality practice or design, but instead reflect

a process through which deeper insight and arguments are generated (Byrne, 2022).
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3.6 STUDY 3 - EXPERIMENTAL STUDY

Study 3 design intended to amplify students’ voices by validating their concerns,
preferences and ethical priorities regarding AIEd adoption. Building on the themes from
Studies 1 and 2, Study 3 aimed to test earlier conclusions, extend insights, and integrate
findings from the previous studies to offer a structured examination of how students
perceive AIEd technologies in use. Study 3 addresses sub-question 3: “What are students’
affective responses, beliefs about learning, and prioritised ethical values respecting AIEd

design and implementation?

Study 1 and Study 2 highlighted a disconnect among stakeholders’ considerations.
Particularly, school representatives and parents expect to compromise students’ privacy
and emotional discomfort for perceived educational gains (e.g., improved scores), despite
recognising students’ potential resistance. Study 3 sought to investigate whether students
agree with such trade-offs and which values, such as privacy or educational gains, they

prioritise most.

To achieve these objectives, I adopted a pragmatic approach, using mixed methods
in an online experimental study, integrating insights from Studies 1 and 2. One rationale
for this experiment design stemmed from the realisation that not all AIEd features elicit
negative responses; some may be acceptable or even desirable to students. The
experiment was designed to identify which features students favour and which they reject,

providing clarity on their ethical priorities.

I carefully considered this transition from a purely qualitative approach to an
experimental approach, with a methodological reflection: qualitative research, in my view,
serves as a critical preliminary stage when little is known about a subject or phenomenon,
uncovering insights from people’s experiences, perceptions, and opinions. Once these
insights take shape, quantitative methods can validate, refine and complement them, and
strengthen the robustness of the research on a given topic. With Studies 1 and 2 being
exploratory and revealing potential concerns and gaps, Study 3 aimed to validate these

findings, offering deeper insights into the challenges of ethical AIEd design and adoption.
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The experimental study* consisted of two parts. The first part focused on students’
responses to different AIEd features. I created video prototypes aligned with the prompts
used in Studies 1 and 2, incorporating independent variables representing various AIEd
features. The independent variables were awareness of the sensing technology’s presence,
detection method (gaze-based attention detection vs. facial-based emotion detection), and
teaching intervention (system-generated hints vs. human tutor assistance). While
designing the survey instruments for dependent variables, I reviewed existing scales
measuring user acceptance and attitudes. However, I found those scales were often
shallow, emphasising task-oriented system functions rather than capturing users’ deeper
experiences, such as affective responses. To address this gap, I developed instruments
that integrated themes from Study 1 that reflect students’ specific concerns, existing
theories or cognitive models for user attitude and technology acceptance, and user
emotional reaction to technology models. At the end of this part, I included an open-ended
question to invite participants to elaborate on their responses in relation to all of the

prototypes viewed.

The second part of the experiment explored students’ ethical priorities. Participants
were presented with ethical terms related to the AIEd features shown in the prototypes
and asked to rate their level of concern for each term. They were then asked to rank these
ethical terms in order of priority. This experiment was inspired by the Moral Machine
Experiment (Awad et al., 2018), which asked participants to make moral decisions in
hypothetical autonomous vehicle scenarios and examined how individuals prioritised
values such as saving pedestrians versus passengers. Similarly, in Study 3, students were
asked to select out of two offerings the ethical term that they value more. This approach
provided insights into the ethical trade-offs students were willing to make and the values

they considered most important.

Quantitative data were analysed using descriptive and comparative statistical
methods. Open-ended responses were analysed qualitatively using inductive Thematic

Analysis to gain deeper insights into students’ perspectives.

* In HCI research, studies that systematically expose participants to different conditions using mock-ups or
technology probes thereby allowing controlled comparison of responses, are commonly described as
“experiments” (Shneiderman, 2010). In education research traditions, however, such designs are often
classified as a non-experimental elicitation or explanatory studies (Robson & McCartan, 2002; Johnson &
Christensen, 2024). This thesis follows the HCI usage while acknowledging this disciplinary distinction.
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3.7 SUMMARY OF RESEARCH APPROACH

This chapter outlined the research approach of this thesis, following Crotty (1998)’s
four elements that scaffold the research design process. The epistemological stance
underpinning this thesis is primarily constructionism, which views knowledge and
meaning as constructed through human interactions with objects in the world and shaped
by social and cultural context. This epistemological foundation was closely aligned with
the theoretical perspective of symbolic interactionism, which emphasises the role of
social interactions in the construction of meaning, reality and social behaviour. Symbolic
interactionism further informs how individuals create and interpret meanings through
their interactions and how these meanings influence their actions and relationships.
Together, these frameworks guided the choice of methodologies and methods employed

in this research.

Study 1 employed a speculative method - story completion - to explore students’
responses and concerns regarding AIEd adoption. The data were analysed qualitatively
using thematic analysis with partial application of grounded theory techniques to uncover
patterns and themes. After understanding students’ attitudes, Study 2 examined whether
other powerful stakeholders involved in AIEd adoption, such as school decision-makers
and developers, had addressed or considered student concerns. This study used semi-
structured interviews for data collection and reflexive thematic analysis to analyse the
data, focusing on understanding the dynamics of decision-making and stakeholder
interactions. Then, Study 3 adopted a pragmatic mixed-method approach to investigate
students’ preferences for different AIEd features and their ethical priorities. Quantitative
data were analysed using statistical methods, while qualitative data provided deeper

insights through inductive thematic analysis.
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Chapter 4: Students’ Perspective: Ethical and
Sociotechnical Consequences of
AIEd Adoption

This chapter presents Study 1 of this thesis - an exploratory investigation into the
broad spectrum of students’ responses regarding AIEd adoption. Study 1 answers the RQ1:
“What ethical challenges do students perceive in the adoption of AIEd?” While ethical
discussions on AIEd largely focus on technical and governance issues, little is known
about how students experience and respond to these systems in practice (as identified in
Chapter 2). To bridge this gap, Study 1 adopted a student-centred speculative research
method - story completion - and invited 71 higher education students to generate
narratives about AIEd adoption. Through qualitative analysis, the study reveals potential
impacts in three key dimensions: individual, pedagogical, and classroom collaboration
dynamics. The findings were disseminated through multiple publications, three of which

are included in this chapter, each corresponding to one of the three dimensions.

The findings from Study 1 establish a thematic foundation for the subsequent
studies by offering an in-depth empirical perspective on the ethical and sociotechnical
implications of AIEd adoption. Study 2 builds on these insights to examine whether key
decision-makers acknowledge and address students’ concerns. Study 1 findings also
informed my approach to interviewing stakeholders in Study 2, allowing me to critically
reflect on their responses. Study 1 findings also shaped the experimental design in Study
3, with scale elements derived from the themes identified in Study 1. As the thesis
progressed, the significance of Study 1 became increasingly clear — its findings revealed
concerns that are deeply important to students (validated in Chapter 6) but often dismissed

or compromised by more powerful stakeholders (detailed in Chapter 5).

This chapter begins with a brief recap of the study’s approach (Section 4.1), and its
contribution to the thesis (Section 4.2), followed by an outline of publication information
where the publications arising from Study 1 (Section 4.3), with detailed presentations of
three published papers in Sections 4.4, 4.5, and 4.6. Finally, Section 4.7 introduces
additional reflections and discussions of data analysis and findings that have not been

covered in the publications.
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4.1 APPROACH FOR STUDY 1

As detailed in Chapter 3, Section 3.4, Study 1 employed the story completion
method for its speculative approach, enabling the proactive identification of potential
concerns from students. Story stem scenarios were carefully crafted based on existing
literature that reflects current AIEd advancements. A total of 71 higher education students
elaborated on these story stems, providing rich narratives for qualitative analysis.
Thematic analysis, supported by techniques from grounded theory, was employed to

identify relationships among themes and codes.

4.2 FINDINGS AND CONTRIBUTION TO THE THESIS

Study 1 contributes to the overarching research question of this thesis — “What are
the ethical challenges in adopting artificial intelligence in education (AIEd) from the
perspectives of different stakeholder groups?” — by first examining the perspectives of
students, the most vulnerable stakeholders directly affected by AIEd. By focusing on
students’ responses, this study uncovers a nuanced understanding of its potential impacts
on individuals, the pedagogical environment, and the broader educational ecosystem. The

key findings are summarised as follows:

Individual Impacts. Students reported potential negative emotional and
psychological influences from AIEd monitoring, such as heightened anxiety and
stress. These were accompanied by behavioural changes, such as acting,
pretending, or pandering to the Al monitoring mechanism. Such emotional
responses not only affect students’ well-being but also influence how they engage
with learning environments, which could further reshape the pedagogical

landscape.

Pedagogical Impacts. Students highlighted shifts in learner autonomy, learning
environments and pedagogical approaches, teacher-student interactions,
pedagogical relationships and roles. These concerns raise critical questions about

how AIEd mediates and transforms traditional teaching and learning dynamics.

Classroom Dynamics Impacts. Students identified challenges with Al
decontextualising educational contexts, where the complexity of pedagogical
dynamics is oversimplified (e.g., the system reduces human affective status to
quantifiable indicators). They also raised issues about Al-teacher collaboration,

noting susceptibility to bias concerns and power disparities between teachers and
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students. Additionally, unintended consequences of adopting Al monitoring and
intervention can create a Situated Changing Circle: Al monitoring prompts
inauthentic changes in student behaviour; these altered behaviours feed back into
the system as collected student data, subsequently disrupting the Al system’s
efficacy.

Study 1 contributes a three-dimensional framework (individual, pedagogical, and
classroom dynamics) to advance the understanding of unintended consequences of AIEd
adoption. These three dimensions together provide a comprehensive thematic picture and
serve as the basis for a potential conceptual model that anticipates and critically evaluates
the risks of educational Al. The identified themes, which have been presented separately

across individual publications, are consolidated in Table 2 below:

Table 2. Dimensions and themes of potential consequences identified in Study 1.

Dimension Themes Where to review full
code sets &illustrations

Individual | Affective Responses Fig. 1 in Section 4.4
Impacts .
Behavioural Change (Han et al, 2021) OzCHI
Cognitive Beliefs
Pedagogical | Learner Status (Autonomy) Table 1 and Fig. 1 in
Impacts Section 4.5

Learning Environment & Experience
Educational Process & Approach (Han etal, 2025) LIAIE
Pedagogical Interaction

Social and Educational Relationship

Role Changing

Classroom | Al models Decontextualise Educational Context Fig. 1 in Section 4.6
Dynamics Human Bias and Power Disparity in Al-teacher Cooperation | (Han et al, 2025) CSCW
AT’s Impact on Students’ Behavioural Change Further
Challenges Al Effectiveness

Study 1 directly addresses Problem 3: Neglecting Students’ Perspectives in AIEd
Design, by foregrounding students’ ethical concerns, expectations, and lived experiences.
These findings also contribute to Problem 1: Lack of Understanding of Unintended
Consequences of AIEd, offering concrete empirical evidence on its potential ethical and
sociotechnical implications. The findings across the three dimensions reveal that AIEd’s
potential impacts are not isolated but interact in nuanced ways, highlighting the contextual

complexity of real-world educational environments.
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Building on this, Study 1 also expands the ethical discourse of AIEd, helping to
address Problem 4: Limited Understanding of Ethics in AIEd. The findings challenge
existing ethical frameworks in AIEd, which primarily address technology-centric
concerns. It offers a human-centred lens demonstrating that ethical risks are deeply
embedded in the structure of educational interactions. Instead of treating AIEd as a
standalone tool, Study 1 highlights its reciprocal relationship with the broader educational
ecosystem, emphasising that ethical considerations must be integrated into the social and

pedagogical context.

Ultimately, by centring students’ perspectives, Study 1 provides foundational
knowledge that advances the thesis’s overarching aim of promoting ethical, context-

sensitive Al design and adoption in educational settings.

4.3 PUBLICATION INFORMATION

Study 1 has resulted in five publications?, reflecting its findings across various

dimensions:

Individual Dimension. The findings were published at the 34" Australian
Conference on Human-Computer Interaction (OzCHI 2021) and presented in
Canberra, Australia, in November 2021. This paper and presentation won the best

paper award.

Pedagogical Dimension. The findings were first published as a short paper at the
23" International Conference on Artificial Intelligence in Education (AIEd
Conference 2022), and presented in Tokyo, Japan, in June 2022. An extended full
version of the paper was later published in the International Journal of Artificial

Intelligence in Education (IJAIEd) in 2025.

Classroom Dynamic Dimension. The findings were accepted and published at the
28th ACM SIGCHI Conference on Computer-Supported Cooperative Work &
Social Computing (CSCW 2025), presented in Bergen, Norway, in October 2025.

> While the findings across separate dimensions are presented in different papers, these dimensions are
inherently interconnected. I emphasised this interplay, particularly the relationship between individual
psychological and behavioural changes and their impact on the pedagogical environment. However, to
maintain focus and cater to different audiences, each paper prioritised specific aspects of the findings.
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An additional reflection paper expanding on Study 1’s findings has been accepted
as a book chapter in Artificial Intelligence and Academic Integrity: Navigating Ethical
Challenges of Al in Education. This chapter explores the value of academic integrity in
the era of monitoring Al in classrooms. While the book chapter is not included in the

main body of this thesis, it is provided in Appendix A.

All five papers underwent anonymous peer review by at least three reviewers before

acceptance. Below is a summary of the publication details and acceptance rates:

= OzCHI 2021: Acceptance rate ~50% (362 out of 729 submissions), with the Best

Paper award (1 out of 729 submissions).
= AIED 2022: CORE A-ranked conference with an acceptance rate of ~21%.

= [JAIEd Journal: A Q1 journal recognised as a top-tier venue for research on Al

applications in education.
= (CSCW 2025: CORE A-ranked conference with an acceptance rate of ~21%.

In accordance with the University of Melbourne’s 2025 guidelines for thesis with
publication, the author-accepted versions of these papers are included in the following

sections. Each section corresponds to a specific dimension of the findings.

4.4 IMPACTS ON INDIVIDUALS: EMOTIONAL DISCOMFORT,
BEHAVIOURAL CHANGE, AND COGNITIVE DISRUPTION

Full citation: Bingyi Han, George Buchanan, and Dana McKay. 2022. Learning in
the Panopticon: Examining the Potential Impacts of Al Monitoring on Students. In
Proceedings of the 34th Australian Conference on Human-Computer Interaction
(OzCHI ’22), November 29—December 02, 2022, Canberra, ACT, Australia. ACM, New
York, NY, USA, 13 pages. https://doi.org/10.1145/3572921.3572937

The published paper begins on the next page.
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ABSTRACT

In a panopticon, people are intrusively monitored across all areas of
their lives. AI monitoring has been ever more widely adopted in ed-
ucation, with increasingly intrusive monitoring of students. These
changes potentially create ethical harms, but current ethical dis-
cussions predominantly focus on legal and governance issues. The
concerns of the majority of users—namely students—are neglected.
Overlooking students’ concerns further increases their vulnerabil-
ity. We use a student-centred and speculative approach through the
Story Completion Method (SCM) to explore how students would po-
tentially respond to intrusive Al monitoring in a higher education
setting. Our study included 71 participants who elaborated on the
story stems we provided to them. Through a blending of thematic
analysis coding and the techniques of developing grounded the-
ory, we reveal that the common responses of students to extensive
Al monitoring included impacts on personal psychology, changed
behaviour, and cognition. There are likely major disruptions to
personal autonomy, identity and educational relationships. If we
are to avoid a future ‘big brother’ classroom, further investigations
using HCI methods are critical to understanding how to protect
students in Al-dominated learning.
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1 INTRODUCTION

The educational landscape has been shaped by the increasing adop-
tion of AI [1]. In the conventional education system, educators
evaluate students’ performance by observing and monitoring their
in-class behaviours and activities [2], then reflect on learning sug-
gestions and adjust teaching strategies [3]. The introduction of
Al in Education (AIEd), especially the use of automated Learning
Analytics, results in constant observation of students (by e.g. close
real-time monitoring [4]) and the ability to collect learning arte-
facts and evaluate them at scale [5]. The extent of this monitoring
would not be possible with human effort alone. The AIEd approach
potentially facilitates more frequent formative assessment and pre-
dictions [6] or more insight into students’ learning, for example,
successful learning patterns [7]. Those benefits rely heavily on the
extensive data that is pervasively collected and processed by Al
during students’ educational practices, which raises ethical con-
cerns over the heightened surveillance and privacy issues [8, 9].
However, the ethical consequences from the lens of students are
little understood [10].

A significant gap remains in the field: existing ethical discussions
are mostly theoretical [11] and focus on governance [12]. While
governance has been considered, the students affected by AIEd
have been neither consulted nor considered: existing work is not
student-centric [10]. There is also an absence of qualitative studies
to understand the social-technical factors of AIEd’s design [13]
and empirical understanding of the ethical implications of AIEd’s
use [14]. An ethical discussion informed and led by the HCI com-
munity is missing. In pursuing the positive potential of emerging
educational technology, the unintended (potentially negative) con-
sequences are often overlooked [15]. HCI researchers are ideally
placed to understand the potential negative effects of AIEd, partic-
ularly in vulnerable populations. HCI research can also advocate
for a more fair and ethical approach. The HCI community can sig-
nificantly contribute by providing a foundational understanding of
the ethical problems by focusing on students’ needs and concerns.

Within AIEd, Al monitoring technologies have been increas-
ingly adopted in school sectors, from campus security to in-class
behaviour management [8]. Techniques are becoming more detailed
and intrusive, from facial recognition to check attendance [16] to
affective recognition of emotions such as boredom, confusion, frus-
tration, or delight, to in turn detecting students’ (dis)engagement
during learning [17]. AIEd has long been investigating facial expres-
sions and affective analysis to detect signs of learning engagement,
especially in the higher education [8]. Currently, there are no ma-
ture applications yet in the market but it remains a goal for both
academia and industry [17, 18]. What is unclear is the degree to
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which the possible ethical risks of this approach are understood.
Typical ’perpetual beta’ approaches, where the negative conse-
quences of technology are considered only post-implementation
are unethical and ineffective in sensitive settings such as education.
Hence, rather than ask about current existing experience, we will
take a further step by asking about the “might-become” impacts
in the context of “what if” (when future monitoring Al comes to
students) by using the Story Completion Method in a new study.

The Story Completion Method (SCM) leverages speculative de-
sign [19, 20] and research fiction [21, 22]. One of the significant
threads of speculative design is to explore the ethical and moral
dilemmas of emerging technology [19]. As a speculative method,
the SCM has been specifically used as a critical tool to question the
status and development of the existing or future technology [23].
In Story Completion Tasks (SCT), participants are invited to create
narratives, which present their socially constructed ideas [24, 25].
Those fictions help speak out about the potential implications and
social consequences of adopting a technology [26].

We collected 71 stories created by our participants with two
story stem openings that describe different scenarios of using Al
monitoring in the classroom, to see how students would likely react
and respond to the Al during learning. Specifically, our focus is
the role of Al monitoring in tertiary education. We then analysed
those stories qualitatively. We revealed several unintended conse-
quences of adopting Al monitoring in education, such as negative
emotional/psychological impacts, behavioural changes in response
to the presence of such systems, and influenced cognitions. Un-
derstanding those implications for individual students and their
attitudes is key for the further design of safer educational envi-
ronments. We summarise the contributions of this paper as: 1) A
critical investigation of monitoring AI's impact on students from a
user-centred HCI perspective; 2) Revealing the potential interac-
tions among the impacts of Al monitoring, such as how emotional
responses might lead to students’ behavioural changes and dis-
rupted cognition; 3) An initial study of the consequential ethics of
the deployment of Al in Education.

2 RELATED WORK

In this section, we will review some existing monitoring educa-
tional technologies both developed for the research use and the
market, followed by previous discussions around the impact of
those technologies, to better understand the gap of lacking students’
perspectives on Al monitoring’s adoption and its implications.

2.1 Monitoring Technologies used in Education

Several monitoring educational technologies have been recently
developed both in the market and for research. For instance, Hol-
stein [27] developed the Spatial Classroom Log Explorer (SPACLE),
a prototype tool that produces a moment-by-moment analysis of
students’ and teachers’ behaviours within a particular learning con-
text. Their study with SPACLE suggests that students’ awareness
of being monitored by teachers will promote learning; fewer “off-
task” or “gaming” behaviours were shown. After SPACLE, Lumilo
was developed by the same research group [28]. Lumilo is a mixed-
reality tool provided for teachers, which monitors and evaluates
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students’ in-class performance by displaying the real-time indica-
tors of students’ metacognitive and behavioural learning process. It
then offers customised suggestions of intervention for teachers. It
demonstrated that this real-time analytics for teachers can support
students’ learning by integrating human and machine intelligence
[28, 29]. Apart from these research-focused tools, there are several
other AIEd applications in the market that some schools have im-
plemented. One such popular tool is the data-driven behavioural
management system used in classroom settings called ClassDojo
[30], another is the virtual school software called Class by Intel [31].
Both primary affordances include tracking and categorising stu-
dents’ in-class behaviours and reporting to teachers, or providing
immediate feedback to students [30]. These systems aim to support
personalization, reflection, recommendation and intervention [32]
in learning and teaching.

Some AIEd applications, specifically detect and quantify students’
facial expressions and possible emotional status. These applications
aim to increase teachers’ awareness of students’ emotional states
to help teachers reflect on their teaching and promote positive
learning outcomes for students. Emotion detection applications
include the Intel Class [31], EMODA [33] and EMODASH [18].
Except for those emotional detection techniques which are mainly
provided for teachers, it has also been raised that emotion analysis
could be offered to students as a self-regulated learning tool. The
findings of detection (such as students’ behaviour, interaction, and
affective status) can encourage self-reflection [34-36] and motivate
positive changes [37, 38] during their learning process.

Those monitoring tools are often investigated for intended posi-
tive outcomes such as enhancing students’ learning [28] and adjust-
ing educators’ teaching strategies [39] by providing personalization
and intervention. However, unintended impacts caused by the Al
monitoring do potentially exist. Negative concerns have been lightly
discussed in previous research that report AIEd developments. For
instance, privacy issues have been mentioned with the monitoring
tools which detect cheating behaviours in online tests [40]. How-
ever, privacy might not be the only ethical impact. Another recent
CSCW study investigated the positive support for learning and
teaching by tracking students’ real-time understanding and sharing
for both students and instructors [41]. In their future work, they
note how this will impact interactions or discomfort that need fur-
ther investigation. The following subsection will present existing
ethical discussions about monitoring AL

2.2 Impacts of Monitoring Technology on
Education

Some studies aim to explore the impacts of Al monitoring tools
across multidisciplinary fields involving not only HCI but also ed-
ucation and pedagogy. For instance, pedagogical studies raised
concerns about the datafication of education [42, 43], which leads
to changed relationships and role reconstruction within the ed-
ucational environment [44]. Another example is concerns about
quantification of students’ behaviours and in-class performance,
which encourages obedience in the classroom practices [9] and de-
creases learning autonomy [45]. Arguments have also been raised
around other widespread ethical risks from the technological per-
spective such as data management and invaded privacy [15, 46],
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algorithmic fairness and bias issues [11, 47, 48], and labelling and
stereotyping learners 7, 49]. To this end, several frameworks aim at
mitigating the ethical harm to students, such as Slade and Prinsloo’s
framework [50], Sclater’s Code of Practice [51], and Southgate’s
The Education, Ethics and AI (EEAI) framework [52]. However,
most of those discussions are theoretical [11] or from a governance
perspective [12] with a top-down approach. They still lack actual
users’ perspectives and thus understanding of the socio-technical
implications [14] of monitoring AIEds.

Several recent empirical studies from HCI such as Lu’s [47], in-
volve teachers in investigating the unintended effects resulting from
the use of a classroom surveillance system, ClassDojo, which moni-
tors and quantifies students’ in-class performance and reports to
teachers. Their interview study with teachers reveals the negative
psychological impacts on children which come from the monitoring
technologies’ measuring, codifying, and simplifying the psycho-
social factors existing in the educational environment. The same
research group of Lu’s [53] has also revealed that the monitoring
AT has challenged teachers as they also feel surveilled by parents,
students, and school administrators. Consequently, teachers had to
be careful of using students’ data, and negotiate care and control
of those data. They have to balance the optimistic hopes that stu-
dents can be better cared for (e.g., emotional issues), with ethical
dilemmas such as intrusion. This series of unintended consequences
might disrupt the pedagogical relationships in the conventional
education landscape. However, this work is explicitly from the
teachers’ perspective, even though those studies aimed at revealing
the impact on students. Understanding based on students’ actual
responses is still scant.

Some empirical research on AIEd involves students but the objec-
tives are students’ functional preferences for the AIEd tool design
and implementation, rather than ethical impacts [54, 55].

There are some studies investigating ethical considerations from
the students’ perspective., but these are often focused on a specific
known issue. One such issue is privacy, which is the main or even
only targeted problem in some studies [15, 56]. Similarly, Tasi et
al. [57] explore students’ expectations of privacy, however, they
mainly focus on the technical perspective of ethical issues such as
transparency and information asymmetry. Hence, there remains a
lack of students’ perspectives in exploring the impact of monitoring
AL

We have summarised the literature on AIEd adoption. The spread
of monitoring technologies is growing, and these technologies are
increasingly intrusive. Some governance frameworks focusing on is-
sues such as fairness have attempted to address the use of AIEd, but
these have been highly theoretical. Some behavioural changes, dis-
ruptions to relationships, and negative consequences as a result of
AIEd have already been detected in studies of teachers. Ultimately,
though most of the impacts of the AIEd adoption, both positive
and negative, are directly on students, and studies of students’ ex-
periences of monitoring technology have been highly focused on
privacy, to the exclusion of other concerns. A lack of “evidence of
impact” [58] especially from the perspective of learners increases
the difficulty of understanding and preventing ethical harm, which
is also seen as a critical barrier to buy-in for AIEd adoption [59]. To
address this, discussions of AIEd must adopt consequential ethics,
an understanding of the ethical issues that arise as the result of
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the adoption of these technologies. However, technical artifacts of
Al are often perceived as isolated in the ethical discussion while
the consideration of the broader contexts in which Al systems are
embedded is lacking [60]. We cannot use a framework of consequen-
tial ethics until the consequences surface. Hence, we conducted a
speculative study to explore the possible consequential ethical risks
of adopting monitoring Al that might come to students.

3 RESEARCH METHOD

The purpose of this study is to explore the possible impacts of the
prospective Al monitoring applications on students in tertiary edu-
cation. We focus on facial recognition and emotion detection tech-
niques which are most ambitiously envisioned by both academia
and industry [17, 18]. We hope to bring the future prospective AIEd
scenarios to the current table of ethical discussions, and thus pre-
vent ethical harm to students before it happens. Hence, we adopted
the Story Completion Method (SCM) to collect data by inviting
participants to co-create stories with the given Story Completion
Tasks (SCT), where those stories are informed by their social and
cultural knowledge or experience. This research approach was ap-
proved by the Human Research Ethics Committee at the University
of Melbourne.

One criticism of this method is that SCM cannot inform us of
actual psychological states and should be only considered as stories
[24]. So, we will use SCM to investigate commonly held assump-
tions from the perspective of social constructivism and perceive
our results as a “might be” instead of a “will be”. By conducting this
speculative study under dramatic futuristic scenarios of the class-
room with Al monitoring, we will reveal the socially constructed
visions of its impacts on students. Recent HCI studies have effec-
tively used SCM for exploring emerging issues in sensitive topics
[61] of technology design such as VR pornography [25] and sex
robots [62]. In the school context, student groups comprise a vast
population with a complex variety, such as sexual identity, race, and
arange of cognitive abilities. We thus perceive SCM as an inclusive
approach to address potential sensitivities, as the ethical concerns
among cultural or identity groups vary.

The SCTs we crafted (see Table 1) constrained the participants to
the context of our research interests [63]. Specifically, we focused
on the invasive adoption of Al monitoring techniques in university
classrooms. We left other details deliberately ambiguous such as
the explanation of mentioned AIEd artifacts, functions, or concepts.
This deliberate vagueness is a common tactic in SCM to motivate
participants to cast their own interpretation and imagination [64].
Unlike other former HCI studies exploring future technology design
(e.g. [25, 62]) which used story openings with only one or two
sentences, our SCTs offer more immersive scenarios. We provided
more descriptions to help participants understand the story context.
A similar example of providing immersion through SCT can be
seen in a recent HCI research [61] which extends the SCM with
interactive storytelling gamification. At the end of the SCT, we
prompted our participants by asking them what would happen next
and how the character would think, feel, and behave.

We recruited 71 participants who completed both story comple-
tion tasks, along with a brief demographic survey that recorded
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Table 1: Story Completion Tasks

Scenario 1: During this summer break, Charlie’s university has implemented an
intelligent AI System with an education system which will assist teaching. It is the

Scenario 2: The lecturer said: “let’s have a
group discussion”. Charlie then heard another

first lecture of this semester. Charlie walks into the classroom. He heard his classmates ~whisper from his classmates:
whispering: There will be an In-Class Surveillance by using the Classroom Behaviour ~During the in-class groupwork practice, the

Analysis System:

- When students walk into the classroom, the system records their attendance by

system will also identify what each student is
doing and saying, by using Facial Recognition

Facial Recognition Technology. It will then be generated as engagement data stored in and Voice Recognition. Eye Tracking

Classroom Attendance System.

- During the class, the system will capture students’ affective (emotional) states, such
as when a student is either confused or confident, using an Emotion Recognition
Technology. Then the analysis report will be created for teachers to understand
students’ emotional readiness and cognitive needs for their learning.

- Each student’s learning material and feedback will be generated via real-time
analysis in class, to build a profile of the student’s progress in each class. Across a

term, this data will generate a personal “Education Profile”.
Now the class bell rings, Charlie feels . ..

Technology will be used to capture the amount
of time that each student is focused on each
learning resource. Then the analysis report will
be created by the Eye Tracking for the teachers
to understand the learning progress of the class
and the efficacy of the chosen learning
recourses.

Now the classroom becomes noisy and full of
conversations, Charlie . ..

gender, age, cultural background, and whether they had any teach-
ing experience. Participants included current university students,
and recent graduates. We recruited our participants from two cul-
tural backgrounds: Chinese and Australian. We did this to under-
stand whether there are cultural differences when perceiving ethical
concepts or harm, because these two cultures demonstrably have
varied cultural perceptions of, e.g., privacy [65]. We further split
the Chinese group into students who only have only experience of
studying domestically (within China), and students who have more
than one year’s experience studying abroad. We did this to under-
stand whether lived experiences in different cultures can influence
people’s perceptions of ethical concepts. Finally, participants with
teaching experiences were singled out in the lab, as we are curious
whether having teaching experiences will differ their insights into
learning with AL In total, there are 25 participants from the Chi-
nese cohort, 25 from the cohort of Chinese with international living
experience, and 15 from the Australian cohort. 23 participants had
teaching experience or are currently working as teachers. There
are 6 incomplete stories that are not conduced in our analysis. We
translated the Chinese stories to English before data analysis. Each
participant is labelled with their cultural background (CHN for
Chinese, IECHN for Chinese participants who studied abroad, and
AUS for Australian participants), a number, and the suffix T if they
have teaching experience, so CHN1-T is Chinese participant 1, who
has teaching experience.

We firstly conducted the Thematic Analysis (TA) based on the
participants-created stories, where we identified the lower-level
codes and higher-level themes. In addition, we realised complex
relationships exist between various codes and themes: many of
them interplay or interact with each other, within and among dif-
ferent themes. We thus found that TA did not provide explicit
support for this analysis. We therefore decided to adopt part of
Grounded Theory Methodology (GT). Grounded Theory provides
an exploratory method that enables the identification of relation-
ships among concepts [66]. Building upon qualitative data sets [67],
Grounded Theory offers a structure of three major coding stages:
Open Coding, Axial Coding, and Selective Coding in the analysis

procedure, which helps with identifying the concepts, high-level
phenomena, and interpretation. We translated the initial codes from
TA to the open codes for GT. By following the GT analysis struc-
ture, we further identified the Causal Condition (e.g., a specific
function - surveillance), the Phenomenon (e.g., the affected emo-
tions of students), the Objective (e.g., to gain good performance),
the Action and Interactive Strategy (e.g., behavioural change), and
the Consequences (e.g., the affected learning experiences). Then we
recognised the Process Relationship and Cause-Effect Relationship
among those identified impacts due to the Al monitoring adoption.
The analysis will be further demonstrated in the following sections.

4 FINDINGS: IMPACTS OF AI MONITORING IN
EDUCATION

Through thematic analysis of the collected 71 stories, we identified
the unintended social-technical and ethical impacts of AI monitor-
ing on various elements in the educational system. Affected parts
of the system include learners, their learning status (e.g., learning
autonomy), pedagogical roles and relationships, learning environ-
ments and experiences. So far, there is not enough evidence to
indicate significant cultural differences in participants’ attitudes
toward Al monitoring adoption, so this is not further discussed in
this paper. This paper will mainly present the impacts on individual
students due to their direct interaction with AI monitoring, includ-
ing the affected personal psychology, changes in behaviour and
disrupted cognition. It was clear that those impacts entangled with
each other, for instance, the impact on students’ emotions led to
behavioural responses. So, by further conducting the analysis fol-
lowing the techniques of constructing Grounded Theory, we finally
unfold the consequential relationships between those identified
codes, as shown in Fig. 1 (See Section 4.4).

4.1 Influence of AI Monitoring on Personal
Feelings and Emotions

As we did our first inductive coding, we saw there is a consistent fo-
cus by most participants on the predominantly negative emotional
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Table 2: Codes Developed based on Participants’ Responses

Core CategoryAxial Sub-CategoryOpen Code (Mentioned Frequency)
Code
IMPACTS ON INDIVIDUALS

Behaviour Change Cheat the surveillance (25)

Pander to the surveillance mechanism (16)

Forced performance (15)

Decreased social interactions (7)
Personal Discomfort

- Anxiety due to being monitored (21)

Affected Personal
Psychology

Elude surveillance - privacy seeking (23)
Rebellion against the system (19)
Unauthentic behaviours (7)

Have to be cautious of in-class behaviours (5)
Sense of uncertainty (rules, standards) (9)
Unconfident (9)

- Pressure due to being constantly evaluated (15)

- Need time to be away and off (21)

- Fear of bad performance being recorded (6)

Disturbed Cognition  Internalised Disturbance:

- On individual identity and autonomy (12)

Educational Disturbance:
On social interactions (7)
Concentration on study (27)

- Invaded privacy (30)
IMPACTS ON PEDAGOGICAL ELEMENTS
Affected Learning A scary learning environment (Students generally live with fear) (22)
Environment & Assuming strict rules and supervisions (18)
Experience More efforts are needed for learning (6)

More engaged class (13)
Educational disruption (27)

Losing enjoyment and fun of learning experiences (6)

effects of constant surveillance and evaluation. We will discuss
these speculative emotional responses in detail in this section.

Personal Discomfort

The most frequently mentioned emotional response is the strong
personal discomfort. For instance, being monitored and constantly
evaluated make students feel “apprehensive” (AUS10-T), “stressed
and under pressure” (AUS3-T), “nervous” (CHN22-T), “scared”
(IECHNT12), “fear ” (AUS15-T), “irritable ” IECHN17), “overwhelmed ”
(CHN17), “anxious” (AUS14-T), “self-consciousness ” (AUS10), “wor-
ried” (AUS13-T), “panic” (AUS2), “insecure for lack of privacy”
(CHN2), “as he knows Big Brother is watching” (AUS3-T), or “cannot
relax at all once stepping into the classroom with this surveillance”
(IECHN11).

Lack Of Transparency Leads to the Sense of Uncertainty and
a Fear of Showing Poor Performance

Under the surveillance, the student “fears his poor performance
being recorded” (CHN2) and worries if "the system “interpreted
or labelled his behaviour as negative” (IECHNS-T). It might be
due to the system’s lack of transparency as we did not explicitly
give the participants a detailed description of the monitoring and
evaluation mechanism. Consequently, this opaque system provides
the context which leads to the student’s sense of uncertainty. This
sense of uncertainty includes the uncertain boundary and scope
of monitoring, and the uncertain influence of evaluation. These
uncertainties further construct the unclear standard of how students
should behave in this learning environment with a monitoring Al
This feeling of uncertainty raises stronger personal discomfort such
as worries, which further bring suspicion towards both surveillance
and evaluation:

“The lecturers have told the students to just ignore
it, but Charlie knows that he will not be able to do
that. He feels uneasy knowing that his every move
may be captured and calculated by the class behaviour
analysis system. What exactly is it looking for? Should
he be writing notes constantly? Should he be nodding
along even when the teacher is not looking at him?”
(AUS4-T)

“He feels really confused and taken aback that he
had no idea about the system before beginning the
class. He starts to feel angry that the university wasn’t
transparent about how they were going to run the
class. He worries that if he says the "wrong" thing
it will go on his record and it will impact his grades.
Charlie doesn’t know what to do - should he ask the
lecturer more about the system? Should he lodge a
complaint? He worries that his expression is being
recorded and that his anger and anxiety will show
through. He wonders what the consequence of that
could be” (AUS14-T)

Uncertainty and a New Surveillance Panopticon

It is worth noting how other consequences chain from the
oft-mentioned sense of uncertainty described above. Once non-
transparent surveillance with unquantified rules and judgement
mechanisms is implemented, a power distance exists between the
individual student and the system. As a result, the sense of uncer-
tainty leads some individuals to subconsciously assume particularly
stringent requirements alongside a high standard for behaviour.
Participants described assuming that “the monitoring is ubiquitous”
(CHNS6) and “eyes staring at me all the time” (IECHN12) where
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the surveillance catches every slack moment in class and “being
distracted (or loaf on the study) is not allowed” (IECHN1). This
psychological process was seen in many stories. Consequentially,
students considered the classroom as an intense and strict learning
environment with “a scary atmosphere” (CHN7) where individu-
als “generally live with fear, the fear of poor performance being
recorded” (IECHNZ23). For this reason, the students believe more
efforts are needed for learning under this system where he/she
“must be constantly switched on” (AUS6-T), or “to engage more
actively” (AUS12), or “to act as a perfect self” (IECHN2), to ensure
his/her performances meet the imagined required evaluation stan-
dard. Unsurprisingly, this constant performance leads to personal
discomfort. This discomfort is described in a large number of sto-
ries, for example, the participant described the environment as “too
stressful to be a good student” (IECHN1); or said, “it is tiring as it
seems not allowed to be away and off with the surveillance. .. even
tigers sometimes doze” (CHN9-T).

The following story clearly shows a student’s assumption of
strict surveillance where being distracted is not allowed:

“He feels uncomfortable that every word and deed
of his own will be under surveillance. . .Thinking of
this, Charlie suddenly realised that the scene of his
wandering mind just now should be recorded by the
surveillance. He then stopped thinking and continued
to listen to the class” (CHN3)

Two stories show the student has to always perform to avoid poor
performance scores:

“Iwould feel very nervous because I feel like all my ac-
tions are being monitored and recorded and my every
move affects my grades. So I would try to behave in an
unnatural way/ in a way that I think will give me high
marks from the perspective of the machine.. Now
with the additional voice recognition and eye track-
ing, I would feel even more nervous since not paying
100% attention at all times will be tracked, and there-
fore can impact my grades.” (AUS5)

“Charlie is worried. . . he can’t let his guard down and
must be constantly "switched on". If he is labelled as
disinterested or if he has a bad day he may be called
up and reprimanded. If he is performing poorly his
teacher may assign more onto his workload and stress
him out.” (AUS6-T)

Uncertainty Decreases Confidence During Learning

In addition to the consequence of the uncertainty demonstrated
above, as this feeling of uncertain leads to the student assuming
the strict rules with high standards, and assuming that the system
compares all individuals. As a result, the student becomes less
confident in his/her in-class performance, as described in many
stories. Furthermore, this fear of poor performance being recorded
seems to exacerbate confidence problems:

“As the system recorded his performance, he already
felt nervous and worried about seeming dumb in front
of his classmates. He is worried if the system shows
that he is terrible at this subject and if his peers notice
this and treat him differently than others. His mind
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is racing. He can’t concentrate on learning as he is
worried about so many things, such as if this will
affect his grades, stop him from graduating, or affect
his ability to get a job” (AUS17-T)

“...Heisalso alittle reluctant to participate in answer-
ing questions since he fears that if his responses are
not high quality, he may look a bit stupid.” (AUS7-T)

Alongside losing self-confidence, a few respondents expressed
their worries that their historical recorded poor performance will
make teachers lose confidence and raise biased opinions about
them:

“Charlie was worried that the poor evaluation scores
would stop his teachers from believing him as a good
student and not giving him the attention that he used
to have.” (IECHN?7)

4.2 Behaviour Change and Performativity

We have just discussed one major theme of emotional and psycho-
logical responses. Interestingly, we have noticed in many stories
that, most of those emotional impacts have later consequences on
how individuals react to Al surveillance and evaluation. In this
section, we will discuss the second major theme of potential be-
haviour changes of the students. We will demonstrate examples
of the consequential relationships: each is labelled in italics in this
section, and we use a narrative approach to show their interplay
and similarities.

Most frequently, the student’s Fear of Poor Performance Being
Recorded associated with their wish to gain good performance
scores leads to the student’s various interactive strategies. Holding
this objective, mentioned actions include Cheating/Pandering to
the Surveillance Mechanism with Performativity after figuring out
how to survive and adapt to it. E.g., the student would be compelled
to act: “a smarter student is likely to become an actor and pretend
with perfect performances” ([ECHN2). More specifically, “everyone
deliberately performed as a good student, pretending they under-
stand the new delivered knowledge” (CHN21-T). Other mentioned
strategies include “developing an Emotional Self-Check Software. . .
to avoid being identified as a negative emotion” (CHN18), or “create
the High-Score-Dictionary” which summarised the “high-frequency
words” that help with gaining scores (CHN19). One story also men-
tioned, “to buy high score notes from seniors as a cheat sheet. ... to
pass the strict evaluation” (AUS2).

There are also Privacy-Seeking Attempts to escape from moni-
toring, such as by speaking another language (IECHN13) or “unde-
tectable accents and dialects” (IECHNS) to elude voice recognition,
or by hiding real emotional or facial expressions for getting away
from the emotion/facial recognition. Participants also described
seeking private spaces for study or practice so the student can “be
free to make mistakes” (AUS5) as “those mistakes won’t be tracked
and recorded” (IECHN17-T). A more extreme story mentioned that
the student would “drop out of this school”, as believing that “learn-
ing within this environment is harmful to mental health.” (CHN2)

The practice of Avoiding Mistakes commonly led to students
Being Cautious of In-Class Expressions and Behaviours. Feeling this
“self-conscious” (AUS17-T) is often accompanied by discomforts
such as “feel more anxious” (AUS17-T). Many stories also expressed
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a “forced performance” (CHN10-T), especially with more active and
positive participation during class:

“Charlie forced himself to participate in the discussion

although he had no idea about the topic. He partici-

pated only because he’s being watched, and he wants

to behave himself” (IECHN25)

“I have to be active in the group discussions but to

make sure my expressions are correct” (CHN8-T)

Knowing he was being monitored, “he started to pretend to
engage more in the class, such as asking questions, taking notes,
and wearing a positive emotion on his face. Although this may
somehow motivate him to be actively involved in the class, a 2-
hour lecture seems quite stressful and leads to some pressure he
might not be able to handle” (IECHN18-T)
In contrast, some stories consider this forced performance as

a positive consequence of Enhancing the In-class Engagement of
students:

“Even Kevin, the naughty boy who is usually the most

difficult to engage in class, is actively participating in

the discussion and expressing his views. . .Charlie felt

that the classroom behaviour analysis system seemed

to play a positive role in promoting learning in the

classroom.” (CHN21-T)

“He should behave better than what he used to be... It

is certainly a good thing that students can be made

more engaged with the class and their learning mate-

rials” (IECHN14-T)
More often, these behaviour changes especially forced performance
and being cautious of self-behaviours, are aware as Unauthentic
Performance, which is unnaturally different compared to how the
student is supposed to behave without the monitoring Al It is often
accompanied by or leads to Personal Discomforts, such as feeling
self-conscious and panicking:

“Charlie feels quite self-conscious about what his fa-

cial expressions may reveal. He tries to keep a "poker’

face all through the lesson. He is also a little reluctant

to participate in answering questions since he fears

that if his responses are not high quality, he may look

a bit stupid. His friend is aware that Charlie is not

being his usual self. ..” (AUS7-T)

He felt scared because of the AI monitored him inva-
sively, “he used to be eloquent and outgoing, now he
became taciturn, which was quite wrong compared
to usual. (IECHN12)

“It forces me to perform in a certain manner which I
may not be comfortable with.” (AUS16)

4.3 Disrupted Concentration, Privacy, and
Identity

We have seen the speculative emotional and behavioural responses
to monitoring Al adoption in the classroom. Beyond that, there are
other disturbances to the internal cognitive world of students, such
as the threats to concentration on the study, privacy, social relation-
ships, and self-identity. These concerns were not just within one
person, but also compounded with the emotional and behavioural

0zCHI *22, November 29-December 02, 2022, Canberra, ACT, Australia

changes. In this section, we will reveal those cognitive disruptions
in detail.

Educational Disruption

Those earlier-mentioned forced pretending or acting behaviours,
as well as being self-conscious, are frequently perceived as “an extra
effort” (AUS12) responding to the student’s fear of bad performance
being recorded. These extra efforts in turn disrupted the student’s
learning. Many stories more directly pointed out that the existence
of monitoring and constant evaluation itself “distracts the student’s
concentration on studying” (IECHN4) and especially when the
student is aware of the monitoring leading to personal discomfort:

“Eventually the emotion tracking will just encourage
more people to put effort into faking emotions and
distract from focusing on work.” (AUS6-T)

He knows that all his behaviours will be recorded
and “he is feeling nervous. .. He struggles with the
exercise because he is so distracted..” (AUS17-T)

Moreover, the sense of uncertainty distracts the student away as
they have to spend time wondering about the unclear standard, and
be cautious of their in-class behaviours:

He is stressed about the group discussion after know-

ing he will be watched and assessed constantly by the

Al .. “He is hardly thinking about the question the

teacher asked, rather he is concerned about when he

should enter the discussion. What if he accidentally

cuts someone off? Will the machine interpret that as

poor social behaviour? How can it interpret the natu-

ral flows and intricacies of conversation? What was

the question again? Charlie’s head feels like spinning

and he tries to bring his thoughts back to the class..”

(AUS4-T)
As a result, quite a few respondents believe their learning environ-
ment and experience are dramatically influenced by the existence
of the surveillance and evaluation system:

“He must behave carefully to meet the requirements
of evaluation. Under this intense monitoring, group
discussion loses its enjoyment. The learning expe-
rience is no longer relaxing and rewarding because
every motion is captured for analysis. He thinks about
the new system instead of the learning content. .. He
feels no longer easy, creative to express his ideas as
he used to be” (IECHN19-T)

Internalised Disturbances

Alongside learning-related practical influences, many stories
also expressed a direct disturbance to individuals’ sense of privacy,
their social relations, and to minority groups’ social identities as a
result of surveillance.

Nearly half the participants expressed concerns about violated
privacy, along with varying levels of personal discomfort such
as feeling “a bit worrisome” (AUS15-T), oppressed, anxious, and
“unprecedentedly uneasy” (CHN9-T). Even more, many colourful
similes/metaphors describe their psychological response to their
invaded privacy. For example: “I feel myself being naked both physi-
cally and mentally” with nowhere to hide the mental state and body
(CHN9-T); “feel like a captive animal” in front of the surveillance
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for no privacy (CHN25); whilst the whole environment “sounds
like a prison” (IECHN17-T) where students are “studying in a cage,
not a university” (IECHN25); “everyone in this classroom is like a
white mouse in a laboratory, being observed all the time with per-
formed behavioural analysis” (CHN22-T). These privacy concerns
predominantly come from the AI detection of in-class behaviours
and emotions.

Concerns about other non-learning-related information about
individuals being revealed have also been raised. Most of these
worries are related to an individual’s social relations, especially the
emotional intimacy that happens in schools:

“He is concerned that he spent some time looking at
one of the new female students and thought he might
want to get to know her better - did the Al system see
that emotion?” (AUS13-T)

Consequently, many participants described their decreased will-
ingness to have informal interactions with other students in the
classroom and attempts to hide or avoid the social behaviours from
the monitoring. This would in turn influence the social and peda-
gogical relationship among students:

Knowing all students are observed, “I wouldn’t feel
comfortable with discussing with my classmates and
sometimes joking around.” (IECHN17-T)

“He avoids eye contact with the friend who teased
him before.” (AUS7-T)

“He doesn’t interact with his fellow students anymore,
in case the system sees this as time-wasting or that
he is lacking confidence. He misses that interaction -
that’s where he learnt a lot” (AUS13-T)

Interestingly, two stories reveal disturbance for individuals from
a minority social identity group, such as being homosexual, an
identity that can be either public or closeted. For closeted students,
stress comes from the fact that the system might capture this se-
cret, and the possibility of being outed becomes a burden to the
individual student:

“Will the Al analysis conclude on his sexual orienta-
tion after recording the content he browsed on TikTok
during the class?” (CHN15)

“Idon’t like the feeling of being monitored. Maybe it is
because of my fear that the teacher or other students
could know my secret beyond my study through mon-
itoring records. . .Then Charlie suddenly thought of
his best friend John. Charlie has a special feeling to
John. .. he is worried about his special feeling toward
John will be monitored through his eyes and mood,
which will all be captured and recorded. He didn’t
want to be treated differently by others because of his
little secret..” (IECHN?7)

It is unethical that people cannot keep things they wish to hide
from their groups such as classmates and schools. As respondent
CHN16 expressed, “Everyone needs a sense of safety that comes
from holding their secrets.” However, whether the Al monitor can
walk away, or perform with silence and allow those things shrouded
in secrecy is yet to be discussed.
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4.4 Summary and Overview: Impacts of Al
Monitoring and Their Interplay

We abstracted the most frequently mentioned consequences from
the stories, including: the function of Surveillance and Evaluation di-
rectly impacts the Emotions (Section 4.1); many of those emotional
responses further lead to Behavioural Change (Section 4.2), and
Cognitive Disruption (Section 4.3). The Learning Environment and
Experience and Educational Relationships as a pedagogical impact
are also disturbed. There are other pedagogical impacts as further
consequences, such as the Status of Learners, the Pedagogical Roles,
which will not be discussed in this paper.

Participants’ stories have revealed various levels of psychological
discomfort due to constant monitoring and evaluation. While on the
other hand, the system’s lack of transparency leads to the student’s
sense of uncertainty about the rules, supervision, and behaviour
standards. As a result, individuals assume that the learning environ-
ment is harsh, with more or extra learning efforts needed for learn-
ing. The sense of uncertainty also decreases students’ confidence,
which further causes behavioural change with frequent performa-
tivity. That is, the student panders to the surveillance by pretend-
ing or acting, to gain good performance scores. Also, the student
fears showing poor/inappropriate performance as the academic
scores will be affected. Consequently, they would force themselves
to engage during the class, while being cautious of their in-class
expressions and behaviours to avoid making mistakes. Generally, in-
authentic behaviour or performance has been frequently expressed
as a reaction to the monitoring, whilst these behavioural changes
also cause personal discomfort. Those behavioural responses under
the surveillance disrupt students’ concentration on the study and
the initiative for learning. Moreover, the concern of invaded pri-
vacy includes a disturbance of individual identity and their social
relation which all increases the vulnerability of students.

It is clear to be seen that those impacts do not exist standalone,
they rather interact with each other which complicates matters
further. In another word, one impact is often the result or cause
of other impacts. Further, those interactions happen across the
individual and pedagogical dimensions, as shown in Fig .1.

While most emotional and behavioural responses were described
by participants as negative, there are still few positive attitudes.
For example, several respondents see forced engagement as a way
of enhancing learning during class. We have demonstrated both
sides of responses from students’ perspectives where our focus in
this paper is the classroom monitoring setting’s direct impact on
individuals. In the next section, we will draw on broader discussions
around the mentioned concerns.

5 DISCUSSION

As pointed out earlier by Prinsloo [68], surveillance has increased
students’ vulnerability to privacy invasion and information collec-
tion, processing, and dissemination. These concerns have been re-
flected in our data: constant collection and evaluation of behavioural
causes intrusion to privacy and individual identity, and disturbs
learning. These concerns all potentially exacerbate the vulnera-
bility of students, which consequently increases the difficulty of
protecting students from ethical harm.
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Figure 1: Impacts of AI Monitoring & Constant Evaluation on Individuals

In addition to the increased vulnerability, the speculated expe-
rience of students touches all three components of the Breckler’s
[69] ABC Model of Attitude, i.e., Affect, Behaviour and Cognition,
reflecting students’ attitude toward the adoption of Al in the class-
room. We have seen the possible negative emotions as affective
responses; the unauthentic behavioural changes and acts; and the
cognitive beliefs of being invaded and disrupted. These concerns
demonstrate the seriousness of AI monitoring, since it potentially
affects the student’s spirit (or emotion), body, and mind. In the
following subsections, we will discuss in detail the implications of
those three affected elements: emotional responses, behavioural
change, and disrupted cognition. We will also discuss the utility of
the Story Completion Method for exploring sensitive topics.

This paper is part of a wider study on how AIEd adoption might
impact students’ learning. This paper focuses on AI monitoring
before we explore further functions such as customised recom-
mendations and intervention. The impacts mentioned are from
the perspective of individual students. There are aggregated ped-
agogical impacts such as the benefits and issues that come from
the evaluation of the whole class, and also the support of learning
processes. Those topics will be covered in another paper.

5.1 The Emotional Impacts of Al Monitoring

From our findings, recurring personal discomforts come directly
from the constant surveillance and evaluation, such as anxiety, fear,
pressure, insecurity, and lack of confidence. Similar concerns have
also been raised by other earlier research, which shows that con-
stant surveillance used in education will impact students’ physical
and psychological well-being, e.g. the chilling effect of students’
fear of surreptitious monitoring, or amplified performance-related
stress [70]. We should be alert to these negative reactions, as these
discomforts might change how people receive the adoption of Learn-
ing Analytics and how they live with it. Further, most psychological
impacts can directly lead to students’ behavioural changes.

Students’ fear of been seen to perform badly is an important
social factor related to self-esteem and fear of failure. The feelings
of discouragement and insecurity found in our data contravene
requirements identified in earlier work which includes student
requests to learn in a safe environment where they could make
mistakes without the feeling of fear [46]. Importantly, this fear of
acquiring a record of bad performance results from students’ sense
of uncertainty, which itself is due to a lack of transparency about the
system and its operation. In turn, this further intensifies discomforts
and leads to further behavioural change. The lack of transparency
and the related ethical concerns do not only exist in our stories; they
have also been reported in existing real-world studies. For example,
Slade and Prinsloo [71] have long raised concerns that a lack of
transparent data collection process of educational institutions on
students’ information potentially leads to ethical harm. The lack of
precise transparency in our description of the putative monitoring
system is commonplace in users’ understanding of such systems in
the real world (e.g., [72]).

In a different context, an early empirical study investigated the
long-term effects of ubiquitous surveillance in the home [73]. The
results revealed that the surveillance may not be potent enough to
bring significant stress and negative mental health effects., but it
was shown to be a cause of personal discomforts such as annoyance,
concern, and anxiety. The reason for these discomforts was tenta-
tively attributed to the violation of privacy functions of the home,
though most participants acclimatised to the system within months.
In contrast to the home, students are not typically involved when
making decisions about monitoring in classroom environments.
Students are thus a vulnerable group within the learning environ-
ment. We have seen the speculated negative impacts of surveillance
on learners’ affective states in our context of higher education. We
need careful consideration of the psychological implications, of
such monitoring as those impacts are entangled with changes in
students’ behaviour.
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5.2 Further Behavioural Change due to Affected
Personal Psychology

There are theories from previous research describing people’s be-
havioural change due to the existence of surveillance systems, such
as panopticon theory, chilling effect, and performativity [30]. These
have also been seen in our data. In this section, we proved that
these effects also happen in different contexts, e.g., more intrusive
Al techniques used in education. Furthermore, we revealed how
these behavioural changes were raised from the affected personal
psychology (emotions).

5.2.1 Surveillance, Panopticon, and Transparency. Foucault [74]
has argued that the school functions as a social control mechanism.
It governs students where the architecturally designed surveillance
is deployed with a disciplinary and hierarchical power relation
between students and the educational system [75]. In this way,
the governmental mechanism of the education system reflects the
panopticon. With the use of Al techniques in education, the infor-
mation collection and data-based calculations of the surveillance
of individuals will be more intrusive and overwhelming, which
increases the vulnerability of students [68]. Criticisms from the
pedagogical community have argued that the monitoring tools
replicate and extend the Foucauldian Panoptic Surveillance on stu-
dents’ in-class behaviour (e.g., [9, 30]).

Our data reflects the panopticon in AIEd that students’ sense of
uncertainty about the surveillance and behaviour standards leads
to their assuming the monitoring is ubiquitous. This is due to the
untransparent monitoring mechanism and evaluation operations
where an asymmetric information relationship exists between stu-
dents and the surveillance system. Students’ fear of the monitoring
and learning environment makes them believe they should put
more effort into learning to meet the imagined standard, such as
assuming they “must be constantly switched on”, It brings further
negative psychological impacts such as anxiety and exhaustion.

To mitigate the students’ personal discomfort that comes from
panoptic surveillance, it is necessary to first take care of students’
sense of uncertainty by making the monitoring mechanism and
procedures entirely transparent. It must be clear to students what
information will be collected, the detailed rules of the evaluation
and calculation, whether their performance will be ranked, and
the consequences of the evaluation. It has been suggested that pro-
viding transparency and avoiding ambiguity in the data collection
and utilization process is helpful to building trust [76] and improv-
ing students’ comfort in sharing data and providing consents [77].
In addition to data use issues, our findings suggest that making
monitoring operations more transparent might decrease students’
discomfort, mitigating the panopticon effect when being monitored
in an educational environment.

5.2.2  Constant Evaluation and Performativity: Manolev argued that
a learning environment where the students’ behavioural perfor-
mance is constantly evaluated creates a culture of performativity
as a behavioural control mechanism [30]. Students will constantly
be subject to, and participate in calculating and organising their in-
class performance, in response to evaluations and benchmarks [78].
This has been seen in our data where students tend to pander to the
evaluation mechanism by performing themselves. Consequently,
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the learning experience under constant evaluation reshapes stu-
dents, especially their learning initiatives and autonomy.

This culture of performativity leads to various behavioural
changes in class. We will not dive deeply into these changes in this
paper. However, when students deliberately present themselves
in an artificial way, such as forcing themselves to participate and
act perfectly, or cheating and pandering to the surveillance and
evaluation, this gives rise to adverse behavioural impacts [51] and
creates personal discomforts such as the sense of unnaturalness
(“not being the usual self”), exhaustion, and anxiety. An ethical
argument has been raised that students should be free of the feeling
of embarrassment caused by less active participation [79]. However,
as seen in our findings, the undesirable behavioural changes and
emotional discomforts interact with or even exacerbate each other.

5.2.3 Chilling Effect. Previous studies argued that monitoring sys-
tems have chilling effects on students [43, 80]. That is, surveil-
lance promotes individuals’ self-censorship, conformity, and in-
hibition, which renders them more cautious and careful of their
engagement in candid discussion [81-83]. This is consistent with
our data including complaints that the student must be cautious of
in-class expressions and behaviours, with feelings of discourage-
ment, lack of confidence and increased panic. These behavioural
changes and psychological impacts also affect learners’ status, such
as self-determination and learning autonomy.

Our findings might address the gap in Holstein’s experiment [28],
which suggested that real-time teacher analytics enhances students’
learning. Holstein’s study [28] has shown that, when students are
monitored by real-time analytics, they are more willing to receive
hints, spend less time on unproductive persistence, make fewer
mistakes on specific questions, and have more idle time in their
learning process. The context of Holstein’s study is with school
children while our context is in tertiary education. His results echo
our findings that students are cautious of their learning practice
and avoid making mistakes, as they fear poor performance being
recorded by the system. Our results can be seen as a supplement
with psychological factors to his findings that students’ awareness
of being monitored reduces the frequency of maladaptive learning
behaviours. However, on the basis of our data we remain concerned
about whether all these influences on students are positive, even
though Holstein’s group perceived the improved learning outcomes
as an advance.

We have seen how psychological impacts intertwined with be-
havioural changes, an interaction to which we must remain alert.
These interactions refocus our attention on the rationale for design-
ing and deploying AIEd systems. Participatory design techniques
that include learners are necessary to understand negative conse-
quences. We might also need to engage in specific focus on different
contexts or lenses toward more vulnerable groups, such as younger
students, or students such as LBGTQI students or students of colour
for whom extra monitoring will create increased anxiety [43].

5.3 Disturbed Privacy and Individual Identity

The invasion of privacy by Al monitoring is much discussed in the
literature (e.g., [84]). When considering privacy in the educational
context, it is necessary to consider the existing relationships, e.g.,
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between student-teacher, student-school, or even younger student-
parents. These relationships bring value tensions among different
groups which add complexities when addressing privacy concerns,
even in other contexts. For instance, early research has shown
clashing preferences between parents and teens regarding what data
should be included in audit logs on Home-Entryway Surveillance
[85]. Teens coming and going will be monitored by their parents
and their privacy needs to be negotiated with the parents. However,
even though both parents and children agree that children’s privacy
should be respected, they perceive privacy concepts differently
[86]. Those differences which lead to value tensions need to be
considered.

Further, the unclear balance between the monitoring’s essential
caregiving and privacy invasion for child-parent relationship [87]
is also reflected in student-school or student-teacher relationships.
In addition, there are inherent power differentials between students
and teachers, or between students and schools backed by authorities
that exist in the educational context. These power differentials have
been indicated as one of the features of intimate threats towards
privacy invasion, which makes it complicated to ameliorate [88].

We are aware of the privacy-preserving computing technology
developed for facial recognition or eye-tracking, which might mit-
igate privacy concerns by anonymising both data collection and
use [89]. However, these techniques may not solve be able to solve
the privacy issues seen in the context of AIEd. The ethical use of
AIEd tools regarding privacy is in tension with the tool’s utility
and delivered benefits, especially when providing customised rec-
ommendations for individual learning. Those intended outcomes
might not be realised without a linkage between individuals and
their personal data [90]. Hence, this might be a new field for privacy
preserving HCI and should consider students’ experiences when
trying to realise the intended benefits.

Except for the privacy invasion by the monitoring that has been
popularly discussed [56, 91], students feel squeezed in the learning
environment as surveillance causes educational disruption. It is sim-
ilar to another context of surveillance at home that, the monitoring
devices, e.g. cameras were perceived as life-disrupting [73].

More sensitively, the ethical concerns among cultural or identity
groups vary where unique vulnerability needs to be considered (e.g.
for students with disabilities [92]). Our data raises these issues with
a few sexuality-related responses. We have mentioned the concern
from a minor social identity group that the surveillance might be a
burden to disturbing their individual identity and revealing their
privacy. A recent article has shown that some school surveillance
systems flag LGBTQ keywords from students, which may unin-
tentionally out students’ sexuality [93]. This surveillance might be
more harmful to certain marginalised groups than others, regard-
ing well-being and safety (abuse issues) for individual students and
their families.

School is supposed to be a safe place for all students. We should
have inclusive consideration to make AIEd more thoughtful and
friendly to all individuals, regardless of race or sexuality. As pointed
out earlier how the surveillance horrified LGBTQ students, individ-
uals from different cultural backgrounds or with different identities
might differ in the way they perceive the AIEd environment [58, 94].
These differences might also exist in other dimensions of Affective,
Behavioural, and Cognitive responses of the ABC model of attitude,

0zCHI *22, November 29-December 02, 2022, Canberra, ACT, Australia

while these need careful consideration to prevent ethical harms
from coming to more vulnerable groups.

5.4 Contribution to the Story Completion
Method

Like other recent HCI studies (e.g., [25, 95]) using Story Completion
Method (SCM), our findings showed that SCM could probe sensitive
topics by constructing fictional responses from nonpersonal story-
telling with indirectness [63]. Participants can be more comfortable
discussing sensitive topics using this third-person lens than ask-
ing them to tell “your” perspective. For instance, our respondents
spoke out about sexuality-related concerns smoothly during made
up narratives, which are informed by and reflect their experience
and socio-cultural values [24].

In contrast to that earlier work in HCI, though, we have not
exclusively used thematic analysis to code our stories. Instead, we
have followed the techniques for developing Grounded Theory. This
different analytical method allowed us to tease out the relationships
among codes and themes in our complex dataset. By extending the
analytical techniques used, we have demonstrated the potential
of SCM to further reveal the complexity of the social-technical
implications of merging technology’s adoption.

5.5 Future Work

Our immediate future plan is to carry on the exploration of AIEd’s
ethical impacts on students including analysing our data with a
pedagogical theme. This includes the behavioural change in detail,
the affected learner status, learning environment and relationships,
learning approaches and pedagogical roles.

The scenarios of this study focus on the context of higher edu-
cation where the student groups narrowed to university students.
Future studies might involve other age groups such as under-18
teenagers and younger children. We also did not consider stigma-
tised or marginalised groups within the student community. One
potential avenue for future research may be considering the conse-
quences or perceived threats to LGBTIQA+ students from deploying
Al monitoring.

Extending the work into the future by repeating this work in the
context of a real-world deployment, to validate the perceived likely
threats as ones that emerge in actual real-world contexts is still key.
As we noted above, some of the reported concerns of students have
already been discerned in actual deployments. However, we have
found new likely consequences that future developers should be
aware of. However, this raises the concern that exposing students
to stressful and threatening technologies may be unethical. How
to forge a path towards understanding real-world consequences
that minimise the risk of real-world harm is itself a vital concern
to address as work in AIEd progresses.

6 CONCLUSION

The traditional learning landscape involving teacher and student is
increasingly interrupted by a third party: AI. We now need to build
a model of how learning works for students including this third
“person”, and to understand whether and how to safely integrate
Al into education. We need to understand the voices and concerns
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of all the stakeholders, including teachers, school, governance, and
especially learners and their family.

It is crucial to understand the possible impact of AIEd on stu-
dents, to further ensure the ethics provide a workable ground and
a useful baseline for all the components of the system [1]. This
understanding might include their acceptance or preferences to-
wards technology, how they would negotiate with themselves to
balance the benefit and harm that technology brings, how their
tolerance would change when facing different cases. We must also
consider whether there are any cross-cultural differences, and what
the cultural reasons are for these differences. If we can identify the
constraints that bring this community together and create a new
sustainable model, we will provide a foundation of Al in education
and improve the confidence of educators and students to use any
future systems.
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Abstract

Artificial intelligence is increasingly implemented in higher education, offering cus-
tomized interventions and timely feedback to enhance learning experiences. While
these tools have the potential to improve educational outcomes, they also introduce
ethical risks and sociotechnical implications such as reduced learner autonomy.
Current ethical discussions often focus on computational issues and overlook the
nuanced impacts from students’ perspectives, which may increase students’ vulner-
ability. Taking a student-centered approach, we apply the Story Completion Method
to investigate students’ concerns about adopting analytics-based Al tools in educa-
tion. Seventy-one participants responded to the story prompts, which we analyzed
qualitatively to uncover perceptions about how these tools may reshape pedagogical
aspects such as learner autonomy, learning environments and approaches, interac-
tions and relationships, and pedagogical roles. Our findings reveal that these po-
tential impacts not only occur in isolation but also interact with one another. This
study makes two primary contributions: first, it marks a novel application of the
speculative design method to explore students’ perceptions of AIEd tools. Second,
it provides a qualitative analysis of key themes derived from student responses, of-
fering design implications for AIEd systems that are sensitive to student concerns
and ethical considerations. These insights offer a foundation for future research and
contribute to a more student-centered approach to the ethical development of AIEd.
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Introduction

The application of artificial intelligence in education (AIEd)! is rapidly gaining popu-
larity, with analytics-based tools and adaptive technologies to address diverse edu-
cational needs. These technologies have been applied to promote cooperative and
collaborative learning (Holstein et al., 2019), address educational challenges such as
institutional retention and students’ experiences (Colvin et al., 2016), assess students’
performance (Gonzélez-Calatayud et al., 2021), identify ‘at-risk’ students (Queiroga
et al., 2022), visualize learning patterns and provide automated feedback (Vehmas et
al., 2022). The primary goal of these developments has been to enhance the effec-
tiveness and efficiency of learning processes, including promoting students’ affec-
tive experience (Baker et al., 2010; Nawaz et al., 2018, 2020) and self-regulation
(Gasevic¢ et al., 2017) to ultimately drive better learning outcomes (Leitner et al.,
2017).

Despite these intended benefits, ethical concerns about AIEd’s impact on students
have emerged alongside these developments and intended positive outcomes (Holmes
etal., 2021; Mouta et al., 2023; Swist et al., 2024). For example, improperly designed
or misused Al systems can inadvertently reinforce existing biases, potentially disad-
vantaging minority groups (Baker & Hawn, 2022), or they may compromise learner
autonomy (Sclater, 2016) as students may feel increasingly surveilled (Han et al.,
2022). While these risks are significant, current ethical frameworks for AIED remain
undeveloped, and both the ethical and pedagogical implications of AIEd are not yet
fully understood (Baker & Hawn, 2022; Holmes et al., 2018a, b; Schiff, 2022).

Al integration in education introduces challenges that extend beyond techni-
cal concerns (Siemens et al., 2013), touching on cultural and social dimensions
that require nuanced ethical considerations due to the complexities of educational
contexts. Emerging technologies in education have the potential to reshape learn-
ing environments in dynamic ways. As Tsai et al. (2020) highlighted, the absence
of strong pedagogical grounding could exacerbate student vulnerability. Therefore,
understanding the potential pedagogical influences of AIEd from a student perspec-
tive is essential.

This paper explores students’ responses to AIEd and examines its potential peda-
gogical implications. Our research addresses two primary questions: RQ1: “What are
the socio-technical consequences that happen to students’learning experience due to
AIEd adoption?” (addressed in Sect. 4). RQ2: “How may these consequences impact
one another?” (summarized in Sect. 5). We adopted a speculative research method
called Story Completion Method to collect data. Grounded in qualitative research
and informed by learning theories, our study reveals and discusses likely impacts
on student engagement and pedagogy, including the Learner Status, Learning Expe-
rience and Environment, Learning Process and Approach, Educational Interaction
and Relationship, and Pedagogical Roles. We also investigate the complex relation-
ships that may exist among these identified impacts. While impacts of other dimen-

' Our study design sees the future implementation of AIEd techniques, where AIEd would entail AI, LA
(Learning Analytics), and EDM (Educational Data mining techniques) tools. In the current context, we use
AIEd to illustrate our findings.
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sions including individual (Han et al., 2022), and technical efficacy [Publication in
progress]| are presented in other publications, this paper aims to present primarily
the pedagogical impacts and their interaction with individual behavior changes. Our
findings highlight a wide range of potential impacts, both positive and negative. We
advocate for the positive aspects and propose that negative responses can serve as
hypothetical worst-case scenarios, guiding future designs to anticipate and address
student concerns more effectively, thereby enhancing acceptance.

Based on our findings, we offer several key design implications for future AIEd
systems to address identified student concerns (more details are in Sect. 5). Firstly,
supporting student autonomy and providing options for self-direction can help main-
tain a sense of control, allowing students to choose how their data is collected and
used. Secondly, transparency in data collection and feedback processes is also cru-
cial, with user-friendly interfaces that clarify the impact of Al on learning. Thirdly,
AIEd systems should offer customizable features for feedback mechanisms to cater
to diverse learning goals and respect cultural differences, creating a more inclusive
experience. Finally, encouraging active learning within AIEd systems can prevent
over-reliance on Al, fostering a balanced and engaging educational environment.

Our study makes two primary contributions: (1) it offers the first demonstration
of how the speculative design technique, Story Completion Method (SCM), can be
utilized in AIEd to explore how students may perceive potential tools, and (2) it pres-
ents a qualitative analysis of key themes identified from student responses, providing
insights with direct implications for the design of AIEd systems that are sensitive to
student concerns and ethical considerations.

Related Work

Among the most widely promoted benefits of AIEd is personalized learning, where
content is adapted to meet individual needs through tailored recommendations (Chen
et al., 2022). While AI’s potential to enhance learning is acknowledged, empirical
research on its broader impact on learners remains limited (Ryan et al., 2021). Key
areas that warrant exploration include students’ perspectives on aspects of AIEd that
may be contentious - such as being scrutinized during the data collection process,
data and algorithmic bias (Baker & Hawn, 2022), standardization or the one-size-
fits-all design (Teasley, 2017; Winne, 2017), the tendency to rely too heavily on Al
for hints or answers (e.g., with the “gaming the system” strategy (Baker et al., 2008)
— these are critical concerns that can influence students engagement and trust.

The focus of most AIEd studies has been on quantifying student interactions with
learning materials to improve Al systems and data-focused system indicators (Ahmad
et al., 2022; Altun et al., 2022). However, this approach might overlook the nuanced
qualitative aspects of Al adoption that affect uptake. AIEd researchers have noted
the lack of qualitative studies (Gasevi¢ et al., 2015) addressing these broader socio-
technical dimensions, which are often limited to evaluating stakeholder expectations,
functional preferences and intended outcomes (Whitelock-Wainwright et al., 2021).

Ethical concerns in AIEd research tend to be narrowly framed, emphasizing com-
putational ethical issues such as privacy, fairness, and algorithmic bias (Hakimi et
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al., 2021; Tzimas & Demetriadis, 2021). However, AIEd’s pedagogical impacts—
such as on learner autonomy and well-being—are rarely addressed. A limited ethical
focus is also evident in institutional governance frameworks (e.g.Prinsloo & Slade,
2016b); Sclater (2016); Southgate et al. (2019); Clark et al. (2020), where only a
fraction mention ethical considerations (Khalil et al., 2022). Compliance with ethi-
cal and legal standards alone does not guarantee that unintended consequences will
be avoided, nor that student trust and acceptance will be maintained (Howell et al.,
2018; Klein et al., 2019). The education community advocates for addressing broader
pedagogical concerns, but there is a lack of empirical, student-centered evidence to
inform these discussions (Tzimas & Demetriadis, 2021).

The challenge, then, comes as most students have little or no direct experience
with AIEd, making it difficult for them to anticipate its impacts, and yet waiting
for consequences to surface post-adoption risks unintended harm. To address this
dilemma, we adopted a speculative research method — the Story Completion Method
- which we now describe in detail.

Research Method

The objective of this research is to delve into the broad spectrum of students’ responses
regarding the potential pedagogical impacts of implementing Al in higher education,
and to address the existing gap in AIEd research that has yet to fully explore students’
viewpoints. This research was approved by the Human Research Ethics Committee
from the University of Melbourne (Ethics ID Number: 22256).

Story Completion Method and Data Collection

While AIEd community shows its ambition to pursue AIEd technology advance-
ments, the widespread adoption remains nascent, with relatively few learners having
fully experienced its functions and impacts. The prevalent ‘perpetual beta’ approach,
which waits to address the unintended or adverse consequences of technology until
after deployment, is particularly unethical and ineffective in sensitive environments
such as education. The inherent complexity and potential invasiveness of AIEd
necessitate a forward-looking strategy to pre-emptively identify, confront and miti-
gate potential issues before they materialize. To this end, we have opted to extend our
inquiry beyond students’ current existing experience, exploring the “might-become”
impacts of AIEd through speculative “what if” scenarios, facilitated by the Story
Completion Method (SCM). This stance enables us to proactively consider the ethi-
cal implications of future prospective AIEd scenarios in the present. It is akin to
the typical ethics evaluation approach such as conducting ethical pre-mortems to
forestall systemic ethical failures of a technology or a project (Vallor, 2018). Our
goal is to prevent ethical harm to students before it occurs and offer insights that can
guide the adoption of AIEd designs that are not only innovative but more ethically
responsible.

Hence, we collected our data through this established approach— the Story Com-
pletion Method (SCM)—which leverages speculative design (Dunne & Raby, 2013)
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and research fiction (Blythe et al., 2018). SCM is particularly effective in probing the
ethical and moral implications of emerging or future technologies (Dunne & Raby,
2013). SCM has often been used for sensitive topics (Troiano et al., 2020). Educa-
tion, with its diverse population encompassing various identities, races, and back-
grounds, is no different.

In SCM, participants were invited to create narratives based on given story open-
ings as Story Completion Tasks (SCT) that elicit their responses to specific contexts
and the values that matter to them (Kitzinger & Powell, 1995). The SCM method
elicits participants’ responses to specific contexts. We developed three futuristic sce-
narios of university classrooms based on existing or proposed technologies in the
AIEd research literature. We used iterative pilot studies to ensure that responses were
substantive. Scenarios 1 and 2 introduced how Al monitoring tools (such as facial
recognition and emotion recognition) might collect students’ information, including
their engagement patterns and affective states. Scenario 3 described how custom-
ized learning services could utilize the collected data, including real-time evaluation
and analysis, personalized recommendation, and automated intervention. In line with
the established SCM approaches, careful attention was given to the design of our
story prompts, ensuring that each word was thoughtfully chosen to elicit meaningful
responses (Clarke et al., 2019). When describing technology artifacts and AIEd func-
tions, there was a deliberate ambiguity in our scenarios to support students’ imagina-
tion and enable a wide range of responses for uncovering potential issues. In addition
to providing the story stems we also asked the participants what happens next and
how the characters would behave’.

We targeted participants recently or currently experiencing higher education
(undergraduate, postgraduate, PhDs, and recent graduates). To explore potential
cultural influences on the perception of ethical concepts in AIEd, we recruited par-
ticipants from two different demographics (China and Australia), via social media
platforms. However, we did not ultimately observe substantive differences in the
identified themes across the two cultural groups, suggesting that these themes might
be broadly applicable across cultural contexts. Our recruitment did not filter par-
ticipants based on their majors or Al literacy, since we examine students’ broad
perspectives on Al in education, considering the diverse backgrounds of students
in real-world learning situations, regardless of their AIEd experience or Al literacy.

Data collection was conducted anonymously through the Qualtrics online sur-
vey platform, where 71 participants were invited to complete story-writing tasks.
The survey began with a plain language statement and consent form, explaining our
research aims and ethical approval. Participants were then presented with three Story
Completion Task (SCT) scenarios and asked to complete a story based on each. Each
participant’s story consisted of three sections, corresponding to the three different
AIEd scenarios provided. In total, we collected 71 story submissions. However, six
participants did not complete all three scenarios, so their stories were excluded from
the final analysis. This left us with 65 fully completed stories for analysis. We also
collected demographic information from participants including gender, age, and

2 The full scenarios are presented at: https://sites.google.com/view/storystems.
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teaching experience. Of the participants, 54% were male, 46% were female; none
identified as non-binary.

Data Analysis

The focus of this research is on capturing a wide array of student perceptions to
inform future ethical considerations and design improvements. Hence, we prioritize
qualitative breadth over quantitative precision. Our methodology follows the quali-
tative epistemologies with interpretivism. We endeavor to interpret and convey the
diversity of the perspectival realities from our participants concerning this topic of
AIEd adoption (Bauer et al., 2000).

Our analysis commenced with a reflexive thematic analysis to establish initial
codes and overarching themes (Braun & Clarke, 2019). The stories were coded at the
sentence level, with open codes being organized inductively. These codes were either
semantic, which captured the explicit ideas expressed by participants, or latent, which
reflected the researcher’s interpretations of the underlying meanings present within
the data (Terry & Hayfield, 2020). Then, we sorted the codes into initial themes and
sketched their relationships on mind maps (Braun & Clarke, 2006).

However, we found complex interactions exist among many identified codes and
themes, and Thematic Analysis (TA) could not support interpreting this intricate
interplay. Techniques from Grounded Theory (GT) are renowned for their capacity to
elucidate relationships, particularly consequential ones, among concepts and codes
(Walker & Myrick, 2006). To navigate this complexity, we transitioned from TA to
adopting GT techniques, following the approach introduced by Glaser and Strauss
(2017).

Rather than adopting the full grounded theory which aims at theorizing or develop-
ing new frameworks grounded in data, we adopted the most frequently used form of
grounded theory, known as Grounded Theory-Lite. A grounded theory-lite involves
using GT coding and relevant techniques to develop a set of categories, aiming at
understanding the relationship between various categories (Pidgeon & Henwood,
2013).

GT analysis included three stages: Open Coding, Axial Coding, and Selective Cod-
ing. This structured approach facilitated identifying concepts, high-level phenomena,
and interpretation. In the open coding process, we translated the initial TA codes into
open codes. Then in the axial coding process, we related codes (categories and prop-
erties) to each other. We organized codes within a frame that encompasses several
elements: Phenomenon, the central concept unifying the analysis (e.g., the affected
learner status); Causal conditions, events leading to the occurrence of the phenom-
enon (e.g., the specific function - customized recommendation and intervention);
Action strategies, responses to the phenomenon, goal-oriented activities undertaken
by agents (e.g., forced performativity under monitoring from the individual impact);
Consequences, outcomes of these strategies, both intended and unintended (e.g., the
affected learning experiences). During axial coding, we thoroughly examined and
compared the categories derived from open coding, integrating relevant concepts and
summarizing major categories based on their interrelations. Since our primary goal
was to explore the interplays among identified codes rather than building a fully
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comprehensive theory, we employed the “lite” version of Grounded Theory (Pidgeon
& Henwood, 2013). Specifically, we skipped the final stage of the GT - selective cod-
ing, which unifies the entire data set for theory development - retaining only the key
elements from open and axial coding.

We present identified pedagogical impacts in Table 1. We illustrate the interactions
among pedagogical impacts and the individual impacts in Fig. 1 at Sect. 6. Addition-
ally, we include extracts from participant narratives in Appendix Table 2 to exemplify
our coding process. We provide example quotes for each code in Appendix Table 3.

The first author led and conducted the data collection and analysis while discuss-
ing with the research team regularly. The analytics procedure was reported transpar-
ently to the team to ensure research rigor (Popay et al., 1998; Seale & Silverman,
1997; Yardley, 2000).

Table 1 Codes developed based on participants’ responses — pedagogical dimension. We display the core
category and sub-category that we identified from the data analysis. The categories include both positive,
negative and neutral themes. Specifically, we display the positive themes by underlining them with green
colour, negative themes with red colour, neutral themes with black colour. Aside from each sub-category,
we display how many distinct respondents mentioned it

Core Category Sub-Category (Distinct Respondents Mentioning It)
IMPACTS ON PEDAGOGICAL ELEMENTS
Learner Status Decreased Learner Autonomy (8)

Decreased Learning Independence (8)

Forced Learning Initiatives (10)

Passive Learning Pathway (10)

Restricted Self-Exploration Freedom of How (16) and What (13) to Learn

Manipulation (11)

Overly Relying on AIEd (9)
Learning Intense Learning Environment (40)
Environment - Students generally live with fear (22)
& Experience - Assume strict rules and supervision (18)

- Assume more effort is needed (for imagined standard) (6)
Disrupting Concentration (27)
More Engaged Class (13)
Result-Oriented (Scores) (13)
Losing Learning/Exploration Enjoyment (6)
Over-Digitalized Learning (6)

Educational Process & Improve Self-Reflection Effectiveness (49)

Approach Provides Analytical Insights to Inform Education (21)
Equity (Equal Attention) for Individuals (6)
Friendly for Introverts with Active Help (5)

Pedagogical Decreased Interaction and Communication: among Students (12); be-
Interaction, tween Students & Teachers (3)
Relationship & Role Affected Social & Educational Relationship: among students (9); Stu-

dents & the teaching body (12)
Role Changing: students (3), teachers (5), other teaching agents (e.g.,
AIEd) (17)
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Fig. 1 Impacts of AIEd Adoption - This figure summarizes our findings of the interplay among identi-
fied potential impacts. The relationship elements according to Grounded Theory techniques include
Causal conditions, Phenomenon, Action strategies, and Consequences. The two causal conditions are
Information Collection by Monitoring, and Customized Recommendation & Intervention. We labeled
each identified main theme with the relationship element, such as *phenomenon. The likely impacts
due to AI monitoring are shown in dashed lines (--); the potential impacts due to AIEd customization
are shown in solid lines (__). We adopted Botschen et al. (1999)’s criterion, considering the relation-
ship elements mentioned by over one-third of respondents as significant. We excluded elements men-
tioned by fewer than one-third of the respondents

Results and Discussion

Analysis of the 3 story scenarios from the SCT tasks highlights the potential impact
of Al adoption under four dimensions: Individual, Pedagogical, Technological, and
System-design. These impacts seemed to interact with each other. In a prior study
(Han et al., 2022), we demonstrated the impact on individuals due to their direct
interaction with AI monitoring. We also assessed the challenges to technological effi-
ciency and system-design acceptance, which will be presented in a future paper. The
current paper describes primarily the pedagogical implications, using four core cate-
gories, see Table 1. In the following context, we demonstrate how individual impacts
such as behavioral change can lead to pedagogical impacts and how they interact.
In the text, we refer to Table 1 core categories in bold and the open codes in italics.

Learner Status

The first pedagogical implication identified through the SCT scenarios was the most
frequently anticipated changes by participants in learner status. Participants per-
ceived that Al monitoring and its associated functions such as feedback provision
and adaptivity could pose a threat to their Autonomy and reduce their Learning Inde-
pendence. As participant P24 mentioned: “Everyone is nervous knowing they are
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watched”, and P1 mentioned: “It’s uncomfortable to be watched. Now I have to force
myself to participate and express myself even though I indeed do not have any ideas
in the group discussion...” This seems to suggest that fear of showing poor perfor-
mance under monitoring can lead students to unauthentic behavioral changes, e.g.,
the engagement with a Forced Learning Initiative.

Similarly, some participants reported that automated scaffolding could leave them
with Passive Learning Pathways, inhibiting them from carrying their own choice or
Self-Exploration Freedom for What to Learn and How to Learn. e.g., P40 described
that “students are forced to be incorporated into this system” and that the automated
system often suggests learning pathways based on the assumption of “one established
good standard” (P35). Participants perceived that such learning design could cause
forced compliance and disruption to their original choice. For instance:

“He feels this early warning system is established to force everyone to learn.
Learning itself is a personal matter: individuals should be able to choose how
and when to learn, and even whether to learn (for a person who wants to drop
out, he has the right to decide to do so).” (P35).

“He has a very personal learning style which he thinks suits him. He believes
the university should be a place of freedom and self-realization. However, this
system disrupts his usual learning habit and makes him less able to be what he
has always comfortably been.” (P39).

Quite a few stories described more practical conflicts where a student whose curiosity
or passion locates somewhere else. They perceived that customization could restrict
their exploration of learning interests. They also perceived that the system interven-
tions were Manipulative due to a Forced or Passive Learning Pathway, when “fol-
lowing all system-suggested guidance steps to study” (P45). The following quote
exemplifies this perceived passive learning pathway:

“He enjoys studying because he has been able to pursue topics that are interest-
ing to him - but now he will become a slave to the system and have to learn
what it says... all their behaviours and knowledge, will be shaped by Al not
themselves.” (P63).

By comparison, a few participants considered forced engagement as a positive push.
For instance:

“It’s uncomfortable to be watched. Now I have to force myself to participate
and express even though I indeed do not have any ideas in the group discus-
sion... I found this lecture is actually more interesting than I thought.” (P1).

Other positive attitudes were expressed with trust and willingness to receive system-

allocated learning resources as the participants believed in its analytical power. For
instance, some participants believed that the system-generated resource allocation

@ Springer



International Journal of Artificial Intelligence in Education

may prevent a student from stress or anxiety by inhibiting the learning content that
the system believes a student is not ready for.

Discussion Based on SCTs, our findings uncover a student perspective about disrup-
tions to autonomy and when these effects may emerge. Several participants perceived
that AIEd depicted in the SCTs may pose a threat to their autonomy where they
would not be at liberty to make choices of their own or to engage in self-exploratory
behaviors. This mirrors existing concerns that interventions may limit students’ self-
determination or reduce learning independence (Whitelock-Wainwright et al., 2020).
These concerns are also shared by other researchers indicating that AIEd may under-
mine learner autonomy (Schumacher & Ifenthaler, 2018). It further extends an ethical
issue “echo chambers” (Sclater, 2016), which relates to AI recommendations, that
these personalized services can entrench personal traits.

Participants also perceived that AIEd personalization can be manipulative, which
resonates with another ethical issue “nudging”. Nudge theory suggests using subtle
methods to influence people’s behaviors (Southgate et al., 2019), e.g., rather than tell-
ing people what to do, indirect methods of reinforcement can be used where certain
options can be made more accessible. Existing evidence on nudging suggests that it
can be perceived as a manipulation by students (Borenstein & Arkin, 2016), which
supports our participants’ concerns.

Lastly, in digital environments, students expect to be self-reliant and control their
own learning (Roberts et al., 2016). A study on student vulnerability found that deci-
sional interference such as recommended settings can often affect students’ deci-
sion-making (Prinsloo & Slade, 2016a). A possible recommendation to address the
autonomy and choice-making behaviors of learners is to provide options and encour-
age the learners for decision-making, even when their choice might disagree with the
AIEd recommendations.

Learning Environment and Experience

Our second pedagogical implication is the learning environment and experience,
which is often expressed after describing the influenced learner status. Many par-
ticipants believed that individuals are not encouraged to explore but must follow
the instructions on what and how to learn. This undermines student enthusiasm for
learning, as (P63) expressed: “A little bit more of his intellectual curiosity and spark
dies as he starts to think along these lines (to learn what system told him to learn
instead of topics of his interests).” Further, the learning experience can be joyful
when the “intention of learning is out of the interests and desire for knowledge explo-
ration” (P12). However, when the system removes independence, learning will “lose
its enjoyment” (P38). This sense of diminished learning enthusiasm and influenced
learner experience can be illustrated in the story from P44:

“The system has planned every step of learning for him. He no longer feels

excited about exploring the world with uncertainty. He knows this study expe-
rience will be SMART, but no longer a fun journey...He feels he must behave
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to meet the requirements of the system. The learning experience is no longer
relaxing and rewarding as he knows his every move will be captured for analy-
sis purposes...” (P44).

A few stories criticized the intervention that provides instant help for students’ learn-
ing encourages Result-Oriented Education: “learning under this system is... just to
complete tasks and goals set by the system” (P26), “The learning process should not
pursue efficiency (speed of learning for high scores). Knowledge obtaining should
be polished and precipitated by time and thinking” (P34). Many participants also
perceived their learning with these data-driven tools as Over-Digitalizing Learning:
“This system makes his experience less personal and more transactional...” (P54),
where students feel like “a piece of data” (P64) or “become a number...as it com-
pletely treats people as a goal rather than as a person.” (P45).

The majority of respondents expressed that the monitoring could dramatically
influence their learning experience. The presence of Al monitoring can make the
students Assume Stricter Rules and Supervision, and an expectation of compliance
where students Assume More Effort is Needed. The learning environment becomes
intimidating and intense rather than encouraging, where students frequently express
that they will Generally Live with Fear. The sense of being watched Disrupts their
Concentration. For example, one participant (P55) described this anxiety and the
behavioral shifts, a common theme among participants:

“This is a bit scary...  would feel very nervous because I feel like all my actions
are being monitored and recorded and my every move affects my grades. So [
would try to behave in an unnatural way/ in a way that I think will give me
high marks from the perspective of the machine..Now with the additional voice
recognition and eye tracking, I would feel even more nervous since not pay-
ing 100% attention at all times will be tracked, and therefore can impact my
grades.” (P55).

Nevertheless, for a few participants, monitoring positively Enhances Class Engage-
ment due to forced performativity. One respondent illustrated this view:

“Even Kevin, the naughty boy who is usually the most difficult to engage in
class, is actively participating in the discussion and expressing his views..Char-
lie felt that the classroom behaviour analysis system seemed to play a positive
role in promoting learning in the classroom.” (P21).

Discussion Respondents’ concerns about Al-enhanced outcome-oriented learning,
echo existing arguments such as risks of infantilizing learning in higher education
(Sclater, 2016) and spoon-fed learning (Tzimas & Demetriadis, 2021). Most stories
that mentioned the sense of disruptions also expressed a preference for learning on
their own. These students perceived their learning as hindered by automatic interven-
tions. They believed that active learning opportunities are not provided if they cannot
be the creators of knowledge and felt that they are treated as passive learners who
can only take information passively. This is against the pedagogical concepts of con-
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structivism (Piaget, 1977) which is one of the fundamental theories for educational
technologies. Hence, it is vital that AIEd should encourage students to engage in
exploratory behaviors where they take charge of their own learning. Meanwhile, edu-
cation with emerging educational technology should cultivate individuality (Clayton
& Halliday, 2017). The future role of teachers should be to assist students in devel-
oping self-regulatory behaviors where students set goals for themselves and adjust
learning processes accordingly (Van Der Graaf et al., 2021).

Educational Processes and Approaches

Our third pedagogical implication of AIEd is educational processes and approaches,
often expressed with positive attitudes. A lot of participants embraced the AIEd’s
personalization depicted in the SCT, foreseeing Improved Self-Reflection Effective-
ness by targeting their weaknesses. Individuals can receive undivided Equal Atten-
tion from AIEd, whereas teachers’ time and energy per student are limited. Some
participants also believe customized intervention is more Friendly for Introverts as
the system actively offers help. For instance:

“As an introverted person, he may be pleased with this system. He is always too
shy to take the initiative to ask questions. The system can identify his struggles
and hint to teachers to provide further help... Compared with communicating
with people, he’d love to provide his data to receive the customized service.”
(P31).

“Charlie has been struggling with gaining good grades even though he stud-
ied hard...The university teachers are knowledgeable but...fail to deliver their
knowledge effectively as there are so many students in each lecture. Or they
don’t care whether students understand... Charlie is excited about this system
as it takes care of every student by providing targeted help. The system will...
remind the teacher to elaborate on difficult concepts if it detects many confused
faces.” (P36).

Quite a few respondents expressed an unwillingness for the AIEd depicted SCT to
detect their learning weaknesses. The primary concern was its exposure to others
(including teachers, other students, and the system), as weakness is seen as part of
individual privacy. On the contrary, a few participants favor the weakness analysis
for seeing its shortcoming-targeted service for enhancing self-learning reflection. For
instance, participant P60 described his increased learning confidence when studying
with the recommended study plan targeting solving his weakness, after he agreed on
the captured weakness and perceived the identification was accurate and effective:

“Charlie looks over at his suggested study plan. He thinks to himself that the

Al has captured his skills and weaknesses quite accurately and begins to study
with greater confidence.” (P60).
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Most students perceive AIEd can assist both teachers and students by Providing Ana-
Iytical Insights to Inform Education.

Discussion Similar to our participants’ expectation of AIEd nudging teachers to offer
assistance, Holstein’s experiment in K-12 classrooms (Holstein et al., 2018) illus-
trated the potential for AIEd to direct teacher attention to students with lower prior
ability. His human-Al hybrid real-time analysis of student learning converged learn-
ing outcomes across students of varying learning abilities. His findings might indi-
cate the possibility of solving the complaints from our data that, struggling students
wish to receive more assistance which might be overlooked by teachers themselves
with limited attention.

Our study demonstrates students’ conflicting perspectives on acceptance due to their
different expectations of Al customization services. These negative attitudes demon-
strate clear barriers to AIEd uptake, which the AIEd community needs to embrace
in its frameworks. This divergence is also seen in a recent investigation into stu-
dents’ attitudes towards AIEd (Whitelock-Wainwright et al., 2021): low expectations
of AIEd are linked to perceptions of its stifling independence, while high expecta-
tions are linked with hopes of AIEd to potentially assist particular needs. The limita-
tions of adopting Al-based tools have not been well-understood [47], for example,
regular feedback provided to large student cohorts with varying demographics can
be perceived as unhelpful especially by students with stronger self-regulatory skills
(Winne, 2017). This then raises the question of how to balance the benefits and harms
of AIEd according to students’ varying expectations and needs.

Affected Interaction, Pedagogical Relationship, and Roles

During the actual learning practices, participants frequently anticipate the disruption
of interaction, relationships, and roles.

In the context of greater monitoring, quite a few students may find informal inter-
actions such as small talk with other students uncomfortable. E.g., “His classmates
were acting unnaturally, without the usual humming of greetings and chattering dis-
cussions.” (P24). Students’ interactions can become inauthentic, such as “losing the
gentle way of communication” (P2). Students can also become self-cautious of their
expressions, e.g., “No one dares to really express their thoughts anymore” (P52).

These Decreased (Social) Interactions and Communication among Students
include both learning and non-learning-related behaviors, which often result from
students’ fear of inappropriate performance being recorded. Those changes are often
shown with forced performativity under monitoring, where students feel the need to
pander to expectations of tone and expression. The following stories provide clear
examples:

“The group discussion begins. He noticed that the communication in the group
lost the cheerful tone. Everyone looked solemn and expressed their opinions
concisely and seriously... he flipped through the materials and pretended to
read rapidly during the discussion, hoping to convince the system that he had
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mastered the knowledge. But it seems not a good attempt that he made himself
in a muddle...when the teacher announced the end of the discussion, everyone
felt relieved...” (P7).

“...they all have an initial tacit understanding of how they all should behave...
and be cautious of expressions to avoid low evaluation scores. As a result,
everyone seems to be discussing confidently, but in fact they were only compli-
menting each other’s ideas and being very cautious about their words. Charlie
was very disappointed at first...he joined the discussion with his classmates and
started their pretended fierce discussion.” (P52).

Students’ Pedagogical Relationships are thereby affected compared with when stu-
dents are used to learning from the conversations with each other:

“He doesn’t interact with his fellow students anymore, in case the system sees
this as time-wasting or that he is lacking confidence. He really misses that inter-
action - where he learned from his peers a lot” (P63).

Since the intervention can provide automatic learning assistance, struggling students
might decrease their help-seeking interactions with peers, a negative consequence
given that these interactions have been shown to benefit both stronger and weaker
students (Boud & Cohen, 2014). The dominance of technology can further influence
Students’ Pedagogical Roles: peers could once educate each other, but now “students
are more like competitors against each other” (P26). A broader opinion of the affected
student’s role was that students are more “being managed but not to be treated” (P15).

Similarly, the direct Interaction between Students and Teachers might decrease
due to the intervention once students trust AIEd effectiveness and rely on AIEd-pro-
vided help. This fragment shows a student game the AIEd system to obtain attention
and receive teacher assistance:

“...he knows that the system might help the teacher assist him so he might...
play up his weaknesses to make the Al think that he needs further help...
Because he is aware the system tracks his progress, he feels less...need to
ask the teacher directly for help...the academic profile will inform the teacher
either way.” (P58).

Nevertheless, in this way, AIEd might create an indirect communication channel
between students and teachers, thereby becoming a medium that delivers students’
wishes for more attention.

Participants frequently expressed their concerns that AIEd will make 7eacher-
Student Relationships impersonal. For example:

“Since the system has tools over some of the teachers’ administrative roles such

as attendance check and providing support, there is no longer close contact with
teachers. Will teachers still bother to know him?” (P63).
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Discussion Automatic learning assistance may weaken students’ pedagogical roles
such as peer learners. Peer learning is powerful, moving learners “beyond indepen-
dent to interdependent or mutual learning” (Boud & Cohen, 2014). Once students
perceive AIEd assistance as efficient for problem-solving, established interactions
among students would be reduced. This might covertly subvert their pedagogical
relationships of peer-learning. Al-assisted learning environments should create
spaces for facilitating human relationships (in the classroom) by enhancing human
interactions.

How Impacts Interact and Shape the Perceived Learning Landscape:
Implications for AIEd Design

The preceding sections have outlined the potential impacts of AIEd adoption on
students. These identified impacts not only exist in isolation but may also interact
with one another. In this section, we synthesize key findings to illustrate the inter-
play of these effects within Al-enhanced educational environments. We also dis-
cuss how these interactions can influence the overall learning landscape. We aim to
offer insights into how AIEd may shape learning environments on a larger scale and
inform better and more effective educational technology design. Finally, we pres-
ent design implications that focus on student-centered approaches, addressing key
concerns identified from our findings to support more thoughtful and ethical AIEd
development.

Interactions Among Impacts

According to the Grounded Theory techniques and coding structure, causal conditions
are presented in /ltalics, and the identified main themes are presented in Bold. The
identified phenomena, consequences, with their cause-effect relationships between
identified impacts are summarized in Fig. 1.

When AIEd collects student data by monitoring: students may alter their behavior
to align with perceived expectations, leading to unauthentic engagement in learning
activities that affects Learner Status (Sect. 4.1). Monitoring may also shift students’
perceptions of the Learning Environment such as assuming strict rules (Sect. 4.2),
which can further discourage social Interactions with other students (Sect. 4.3). Nev-
ertheless, this monitoring can positively enhance engagement within the learning
environment and offer insights into progress.

When AIEd delivers customization: it may disrupt Learner Autonomy (Sect. 4.1),
as students might feel compelled to follow recommended pathways, thus reducing
exploratory learning, and influencing their Learning Experience (Sect. 4.3). Nev-
ertheless, the customized analysis and AIEd recommendations were perceived to
enhance self-reflection for their learning, thereby increasing the effectiveness of the
Educational Process and Approach. As students might trust AIEd’s analytical power
and rely on its assistance, it can influence educational Interactions and Relation-
ships between students and teachers and among students, and Pedagogical Roles
(Sect. 4.4).
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Our findings suggest that AIEd adoption dynamically reshapes educational inter-
actions and beliefs in the learning environment. These changes align with the social
anthropological view that technology adoption within a social context continually
transforms human practices and perceptions (Suchman, 1987). The consequences are
unforeseeable but must be accommodated.

Implications for Future Educational Landscape with AIEd

Our study reveals a diverse range of student perspectives on AIEd, often differing or
even diametrically opposed, depending on individual learning preferences, needs and
expectations. This diversity underscores the need for future educational landscapes
shaped by AIEd to accommodate and respect individual differences through flexible,
customizable options. Specifically, a significant concern among students relates to
how AIEd might infringe on their learning autonomy and self-determination. The
desire for control over their educational journey is paramount (Roberts et al., 2016).
To foster trust and reduce potential resistance to AIEd-facilitated personalized learn-
ing (Holmes et al., 2018a, b), it is crucial to prioritize features that preserve and
promote student autonomy.

Transparency and consent are also vital in addressing students’ apprehensions
about Al monitoring and data collection. Our findings indicate that students often
fear constant monitoring might expose their shortcomings, potentially leading to
increased anxiety and stress. Therefore, establishing a trust-based environment is
essential. This can be achieved by clearly communicating what data will be collected
(Corrin et al., 2022), how evaluations are conducted (e.g., Al mechanism, evaluation
criteria), and the implications of these assessments, as well as clarify that making
mistakes and testing ideas is a valued part of the learning process.

The AIEd community should also foster an inclusive, student-centered design pro-
cess (Strohmayer et al., 2019). By involving students in the development and refine-
ment of Al tools, educators and designers can ensure that these technologies align
with a broad spectrum of student needs and perspectives. This collaborative approach
not only helps in addressing specific student concerns but also empowers students by
giving them a role in shaping the technologies they use. Ultimately, a commitment to
continuous dialogue among developers, educators, and learners will be vital to ensure
that Al tools are both ethical and effective in educational settings.

Design Implications for AIEd Development

Building on these broader implications, our study offers specific design implications
to guide student-centered Al design in educational settings:

e Support for Autonomy and Choice: AIEd systems should incorporate features
that allow for student choice and self-direction. For instance, AIEd design should
enable students to control or limit the data collected on their activities and offer
opt-in choices for different levels of Al interaction. For example, allowing stu-
dents to select which data they share for AIEd and how it is used to strengthen
their sense of agency.
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e Transparency in AI Monitoring and Feedback: Students expressed con-
cerns about feeling monitored. AIEd systems should be transparent about the
data they collect and how it is used, which could be achieved through clear,
user-friendly dashboards that show students what data is being collected and
offer explanations about how it impacts their learning.

e Inclusive Feedback Mechanisms: Since feedback can be perceived differ-
ently by students based on their learning goals, AIEd systems should provide
customizable feedback settings (Tsai et al., 2021). This could include options
for students to adjust the frequency, tone, and type of feedback, thereby fos-
tering a more supportive and personalized learning experience.

e Ethically Grounded Design for Diverse Learning Environments: AIEd
should consider the socio-technical implications that can vary widely across
different educational settings. Designing systems that respect cultural and in-
dividual differences (Winstone et al., 2016) can help AIEd adapt to diverse
learning environments, thereby reducing the risk of unintended harm or bias.
This approach may also enhance the effectiveness of AIEd adoption; for in-
stance, Al-assisted feedback might be perceived positively in some cultures
but seen as disruptive to learning autonomy in others.

e Encouraging Active Learning: To counter the risk of students becoming
overly reliant on Al hints and support, AIEd systems should include mecha-
nisms that encourage active learning. This could involve gradually reduc-
ing Al assistance as students build skills, or offering prompts that encourage
students to reflect on their learning processes before receiving Al-generated
hints.

Limitations and Future Work

This study employed the story completion method to explore students’ per-
ceptions of Al-enhanced educational environments. Story prompts might have
unanticipated impacts on participants’ responses. For instance, terms such as
“monitoring” might lead to certain narratives. To mitigate this, we explicitly
clarified in the participant introductory materials that our research objective is
not to scrutinize AIEd technology negatively. Instead, our goal is to uncover any
potential concerns and perspectives that could inform more ethically responsible
and improved AIEd designs. While existing SCM literature does not explicitly
address the influence of word choice within story stems on participants’ responses,
it emphasizes the importance of careful stem design to ensure clarity and avoid
narrowing responses (Clarke et al., 2019). Although SCM is a well-established
method in psychology and medical research (Pong et al., 2024), most studies do
not pre-test story stems for bias. The key limitations discussed typically focus on
the interpretation of findings rather than potential bias introduced by the prompts
themselves. A commonly discussed concern with SCM is social desirability bias,
which can be mitigated by the third-person perspective storytelling approach.
Nonetheless, we acknowledge the potential story bias represent a gap in the cur-
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rent SCM literature and should be a consideration for future research using this
method.

In future work, an A/B testing approach could be employed to explore how
different word choices may influence students’ perceptions and responses to the
scenarios. This approach could also provide insights into how more thoughtful
phrasing and framing of AIEd concepts might encourage better acceptance and
more positive responses toward its adoption.

Given that our study specifically focuses on students’ perspectives in the con-
text of higher education, we encourage future studies to broaden the scope to
include perspectives of other stakeholders such as institutions and leadership, and
to explore other contexts like K-12 education. This will facilitate a more com-
prehensive understanding of the attitudes and concerns toward AIEd adoption.

Future research should also delve deeper to examine how students’ academic
disciplines and varying levels of Al literacy influence their perceptions of Al use
in educational settings. These nuanced insights can further inform the ethical
design and implementation of Al in education, ensuring it aligns with the diverse
needs and perspectives of the student body.

Conclusion

Our study sheds light on the ethical and pedagogical implications of AIEd from a
student-centric perspective, an area that has been insufficiently explored in prior
research. Students are the primary data producers, the main subject of analyt-
ics, and the beneficiaries of analytics-driven insights. They must be placed at
the heart of Al adoption and their concerns should be addressed. Our research
reveals students’ perceptions of the potential impact of AIEd on learner status,
learning environment and approaches, interactions and relationships, and peda-
gogical roles. We highlight that these aspects not only exist independently, but
also interact and influence one another, weaving a complex web of ethical and
sociotechnical considerations. As Al continues to shape the future of education,
it is crucial that we prioritize the ethical considerations and perspectives of those
most directly impacted- the students themselves. This approach ensures that the
evolution of AIEd aligns with the students’ and teachers’ needs and fundamen-
tal pedagogical values, thereby fostering an equitable, effective and ethically
responsible educational future.

Appendix
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Table 2 Coding example - this table provides examples of how we conduct coding and identify the in-
terplay elements from participants’ stories. The example below is from an actual participant’s story. The
sentence identified as a code is underlined; the keyword identified as a casual condition is underlined with

curly lines

Example Story from Participant 31 Codes Interplay
Elements
As an introverted person, he may be pleased with this system. [Friendly for Introverts  Casual
He is always too shy to take the initiative to ask questions. The with Active Help] Condi-
system can identify his struggles and hint to teachers to provide  [Provides Analyti- tion:
further help. Compared with communicating with people, he’d cal Insights to Inform Custom-
love to provide his data to receive the customized service. With Education] ization
its analysis, teachers can then make appropriate adjustments [Restricted Self Explo-  Casual
on their teaching, it sounds helpful. But Charlie doesn’t like the ~ ration Freedom of How  Condi-
customized study plan formulated from Al, he prefers to learn in  to Learn] tion:
his own way rather than being restricted by Al's automatic ones. ~ [Assume Strict Rules Monitor-
He just prefers to trust his own methods. and Supervision] ing
However, Charlie also has some concerns. He worries that he [Assume more effortis  Phenom-
may not always be able to maintain full concentration in class. If needed (for imagined enon
his mind wanders, it could potentially affect his grades or evalua- standard)] Phenom-
tions as Al could detect that. The class vibes are a bit scary under [Intense Learning enon/
real-time monitoring and evaluation. He feels that he needs to put Environment)] Action
more effort on focusing and engaging on the class. But Charlie [Individual Dimension -  Strate-
is smart, he might pretend to read by staring at the slides while Behavioural Change] gies
actually he isn't’ paying attention and thinking about the girl he  [Decreased Interaction ~ Action
had crush with. and Communication: Strate-
Charlie also tried to have fewer casual talks with her peers as among Students] gies
they are all trying to “behave” under the AI monitor, they don’t  [Pedagogical Roles] Conse-
want to be identified with too many records of non-learning quences

behaviour. Without those interactions, he feels that he and his
classmates become pure competitors rather than peers, as they
are just numbers in the ranking system.

Table 3 Codes with example quotes - this table provides sample quotes for each identified code that is

displayed in Table 1

Codes

Quotes

Learner Status

Decreased Learner
Autonomy

Decreased
Learning
Independence

Forced
Learning
Initiatives

Passive
Learning Pathway

I feel like my pursuit of achievements doesn’t come from my own will, but to
according to what the system suggest, like how long should I stay focus on the
lecture. And I am forced to be incorporated, otherwise I will be punished for
scores. My autonomy was surrender. (P26)

What if future students over rely on Al’s automatic interventions since it is so
handy, students might just don’t take time to think to solve the problems but
waiting for Al to hint the next step. “Only pursue results by using Al but not to
take time with thinking by ourselves” (P30)

Under monitoring, students are just forced to learn and participate, because they
are frightened if the Al catches their poor performance being recorded. I feel
that I am not learning for myself but to completing tasks to satisfy the evaluation
system. (P8)

“Charlie has always believed that the most fundamental reason why tools are
tools is that they can be controlled by humans, rather than letting tools determine
human behavior. The development of this system is based on a high-sounding
purpose, but in essence it is to control people rather than to help people. The
final result is to let people walk according to the established “good” way, which
greatly obliterates people’s will. (P45)
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Table 3 Codes with example quotes - this table provides sample quotes for each identified code that is
displayed in Table 1

Codes Quotes
Restricted What to Learn: “One of the missions of education at school is to provide the
Self-Exploration various possibility of education, to endow it with the greatest fairness, without

Freedom of How presuppositions and restrictions. It is very likely that some students will miss

and What to Learn  their own possibility under this Al system. For example, perhaps student A’s aca-
demic weakness is programming, and his strengths areas are at art, history and
painting. However, A actually likes learning programming and logic. A would
rather get middle or even lower scores in subjects that he is not good at. Even so,
it is more rewarding for A to feel fulfilled than to achieve the upstream level in
the field of learning art or history. The learning system can customize individual
learning plans and educational routes for each student, and may also automatical-
ly generate customized learning materials and elective courses recommended for
students; but they can never manipulate a person’s true heart and inner driving
interest. And this internal drive will change. So don’t set limits to it. Under this
Al system, it is possible to miss the self-achievement of this student A, or miss
the free growth and choice of another student B or student C.” (P34)
How to Learn: “Charlie has a very personal learning style for which he thinks is
best most suitable for him. And Charlie also believes that the university is sup-
posed to be a place of freedom, self-exploration and self-realisation. However,
something like a real-time classroom performance evaluation system might
disrupt his usual learning habit and makes him less able to ‘be what he has
always been’.” (P39) “Instead of stimulating students’ curiosity and desire for
exploration of knowledge, the university use monitoring and quantification to
characterize students and criticize students for not focusing enough on class. It
is ridiculous! We have different ways of thinking, and different speed of problem
solving. The intention of taking this course should be our interest.” (P12)

Manipulation “AD’s intervention with analysis might cause me to deviate from my original
needs and lead me to accept its guidance. I hope that I am the one using the tools,
rather than being instrumentalized and manipulated by the technology.” (P28)

Overly Relying on  “Chris (The lecturer) knows that there are students who can seem to have low

AIEd engagement, then pull on a massive study blitz just before the exam, and get high
scores in the exam. But these students make him uneasy, as he doesn’t believe
that they have deep learning in the subject. He tries to remember back over the
semester about this student. Before the system was in place he used to take note
of students who didn’t seem to be engaging, and try to get a feel for what they
were thinking. But he has become so used to relying on the system to find these
students and offer them a guided path that he no longer has that close contact
with his students. He wonders if professors are really needed any more.” (P63)

Learning Experience & Environment

Losing “Under strict system monitoring, group discussions will lose its enjoyment.
Learning/ Everyone is pretending with good performance and tried so hard. He used to be
Exploration chilling in group discussions and feel free to express Himself, test out ideas and
Enjoyment talk freely with his friends and peers. But He bites his lip, worried about how

surveillance in the classroom might ruin this aspect for him. He couldn’t chill out
anymore.” (P67)
Result-Oriented “He always feels that learning under this system is not to acquire knowledge, but
(Scores) to complete tasks and goals. He believes that learning should be free to explore,
like where Charlie’s passion locate, but not only pursues high scores.” (P49)

Over-Digitalized “To Charlie, this feels like yet another thing that is being implemented by the

Learning university to make his experience less personal and more transactional. Will the
teacher even bother getting to know him if the machine is taking the attendance
and marking the class participation. He feels like he has become a number rather
than an individual.” (P54)
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Table 3 Codes with example quotes - this table provides sample quotes for each identified code that is

displayed in Table 1

Codes

Quotes

Disrupting
Concentration

Intense Learning
Environment

- Students generally
live with fear

- Assume

strict rules and
supervision

- Assume more
effort is needed (for
imagined standard)

More Engaged
Class

“Attempts to speak up in order to be recognised by the voice recognition Al. He
might either skim through parts he would have otherwise taken longer to read or
waste time on thing’s he’d otherwise skim through to show that he is taking in all
the material equally. Again, Charlie’s attention is dedicated more to how the Al
will perceive him rather than the actual discussions in class. Due to this, he isn’t
actively listening to his classmates and is instead trying to think of interesting
and thoughtful things to add to the conversation. He feels uncomfortable with
silences and has the need to fill in gaps with conversation to show he is engaged.
He begins to wonder what the profiles of his fellow classmates look like.” (P58)
“This monitoring thing is so disturbing! I can’t even focus on the materials for
discussion with the idea of ‘someone is watching me’ haunting in my mind, it is
watching every single detail!... I wish I did not learn anything about this whole
setup. Without knowing that I’m being watched, I may focus more on my task
right now...” (P29)

“I feel like Al is watching me all the time, I feel anxious to learn in the class-
room.” (P9)

“The system knows everything, which makes Charlie feel scared.” (P48)

“There is no way to loaf on the study as Al is monitoring and recording every-
thing. Even tigers sometimes doze. Anyhow the sluggards on the class will be
seen and caught with an ironclad evidence. How can I avoid laziness for every
second of my living as long as I am still breathing” (P26)

“I feel overwhelmed and worries about if I would get an early warning since I
find the topic on algebra quite hard... I wouldn’t feel free to make mistakes as
every mistake will be recorded. I would try my best to pretend to show a lot of
confidence during the moments that I am being tracked. This will also encourage
me to practice algebra at home where I know that I am not being tracked and I
free to think and make mistakes” (P55)

“With this system, students must make much more effort than before to deal with
the courses, and that happens to the teachers too. Life will not be easy anymore
for both of them... Charlie knows he had to perform so well to get a good score.
He is worried. He feels he can’t let his guard down and must be constantly
“switched on”. (P6)

“Charlie forced himself to participate in the conversation although he didn’t have
any idea around the topic. He participated just because he’s being monitored,

and he wants to behave to meet the standard. Charlie and his classmates shared
some random fact about the topic and started to roll their eyes at each other as the
whole thing starts to become absurd... The class discussion is seemingly more
energetic than before.” (P50)

Educational Processes & Approaches

Improve
Self-Reflection
Effectiveness
Equity

(Equal Attention)
for

Individuals

Friendly for
Introverts with Ac-
tive Help

“It (the personalized analysis and recommendation) helps me studying with focus
— my strength and weakness. It can guide me to optimize my learning methods
and improve my shortcomings.” (CHI1)

“There are too many students in the lecture, he always felt that lecturers are more
like presenters but not educators. He takes every lecture seriously but he found
the knowledge of university level is too difficult and divergent. He believes the
system can ensure every student to be taken care of. Since the system can accu-
rately capture the emotions of each student, if the student does not understand a
certain concept, the system will surely remind the teacher to elaborate again. This
is a more scientific method to transfer knowledge, students will really benefit a
lot” (P30)

“He is a shy student. He is often not confident, to answer and ask questions in
public. He believes the system is thoughtful, can detect if he is struggled and
help. He doesn’t have to feel embarrassed to ask simple questions to others.” (P1)
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Table 3 Codes with example quotes - this table provides sample quotes for each identified code that is
displayed in Table 1

Codes Quotes
Provides Analytical “Teachers were excited about the system at first - it offered really interesting
Insights to insights into students’ learning and how to engage with students and to improve

Inform Education  their experience.” (P64)
Educational Interaction, Pedagogical Relationship & Roles

Decreased Among Students: “He doesn’t dare show his real emotions but tries to look intel-
Interaction and ligent and interested all the time. But he’s so worried about how he will seem to
Communication: the system that he isn’t learning as much as he used to. He doesn’t interact with
among Students; his fellow students anymore, in case the system sees this as time wasting or that
between Students & he is lacking confidence. He really misses that interaction - that’s where he learnt
Teachers alot.” (P63)

Between Student and Teacher: “He doesn’t feel the need to send his lecturer the
email. Instead, Charlie proceeds with the suggested study plan. Depending on
how affective it is, this will either reinforce his confidence in the Al study plan
and therefore lead him to asking less questions from the lecturer.” (P58)

Affected Social &  Among Students: “He noticed the monitoring camera tried to avoid long greet-

Educational ings with his mates...” (P11)

Relationship: Between Student and Teacher:

among students; “He is aware of the Al system tracking his progress, he feels less of a need to ask
Students & the the teacher directly for help because he know the academic profile will inform
teaching body the teacher either way.” (P58)

Role Changing: Students: “I feel we are more like competitors with each other since we are just a

students, teachers,  number being ranked in Al systems, rather than collaborators as we barely share

other teaching and talk on class.” (P12)

agents (e.g., AIEd) Teachers: “The current teachers are too easy to work, almost no need to spend
time to observe and examine the students’ learning conditions, everything is done
by the new education system! Conversely, such a system has higher requirements
for teachers, who must have more professional teaching skills to become educa-
tional strategists and designers” (P13)
Other Teaching Agents: “Teachers sometimes have favoured students for evalu-
ation. Al can play as an un-biased 3rd party providing justice when evaluating.”
(P58)
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AT’s integration into education promises to equip teachers with data-driven insights and intervene in student
learning. Despite the intended advancements, there is a lack of understanding of interactions and emerging
dynamics in classrooms where various stakeholders including teachers, students, and Al, collaborate.
This paper aims to understand how students perceive the implications of Al in Education (AIEd) in terms of
classroom collaborative dynamics, especially Al used to observe students and notify teachers to provide
targeted help. Using the story completion method, we analyzed narratives from 65 participants, highlighting
three challenges: Al decontextualizing of the educational context; Al-teacher cooperation with bias concerns
and power disparities; Al's impact on student behavior that further challenges AI’s effectiveness. We argue
that for effective and ethical Al-facilitated cooperative education, future AIEd design must factor in the
situated nature of implementation. Designers must consider the broader nuances of the education context,
impacts on multiple stakeholders, dynamics involving these stakeholders, and the interplay among potential
consequences for Al systems and stakeholders. It is crucial to understand the values in the situated context,
the capacity and limitations of both Al and human for effective cooperation, and any implications to the
relevant ecosystem.
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1 Introduction

Higher education institutions have been eagerly deploying Al-enabled classroom analysis and
intervention systems (e.g., [6, 126]) to work with teachers and students in teaching and learning.
By collecting, analyzing, and interpreting student learning and performance data [10], Al can
continuously observe and assess students’ in-class behavior [17, 73]. This analysis can aid
educators or instructors with tailored intervention suggestions (e.g., in engineering classrooms
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[11] and nursing education [31][92]) and offer students real-time personalized feedback [8, 14, 51,
115], thereby enhancing teaching efficiency and learning outcomes. Despite this promise, there is
growing apprehension about AI's impacts, such as its effects on privacy and the magnification of
existing biases within education [5], which may alter the dynamics in educational settings.
However, Al's influence on the cooperative environment and interactions among various
stakeholders, including students, teachers, and the Al system itself are not holistically understood.
The CSCW community, with its expertise in navigating complexity among different user groups,
is well positioned to shed light on possible future classroom dynamics influenced by Al to identify
problems, and to inform better Al in Education (AIEd) design and adoption.

Existing studies examining the effects of AIEd primarily focus on ethics. These discussions
mainly revolve around theoretical and governance-related aspects [119], addressing traditional
computational ethical issues such as data use and privacy [15, 75, 132], algorithm bias [84, 96,
161], and algorithm fairness [159]. This relatively narrow ethical focus is observed in relation to
Al adoption in general. In the education context, there is a lack of attention given to the
interaction between students and AIEd. Students are vulnerable individuals [150] and can bear
the direct impact of AIEd, both positive and negative. Although AIEd is explicitly designed to
foster positive changes in students’ behavior [57], students’ perceptions of these potential changes
remain unexplored. The way individuals perceive technology can profoundly shape their
responses to and engagement with it: a student who views Al as beneficial may interact more
openly with it (e.g., [33, 164]), whereas a student who is skeptical of Al might withdraw or
disengage from it. A lack of understanding of students’ perceptions may undermine successful
system adoption [33].

HCI researchers have long recognized that purely conceptual notions of people’s interaction
with technology might diverge from actual practices. As Suchman [130] and Preece [109]
highlight, circumstances around users are ever-evolving and often unanticipated; however,
accommodating those unforeseeable contingent consequences is necessary for our designed
digital tools. Suchman further posited that the dynamic interaction between humans and their
social context constantly reconstructs human practices [130]. Therefore, to fully comprehend the
AIEd’s implications, we must consider the broader educational ecosystem, encompassing students,
teachers, Al, and the educational context — interwoven with social factors that shape how they
interact.

AlEd is becoming increasingly complex and pervasive, aiming to revolutionize education [23]
While AIEd’s intended outcomes are relatively well-defined, many potential unintended
consequences remain uncertain. Unlike conventional educational technologies such as laptops or
learning platforms like Zoom, AIEd introduces autonomous decision-making systems that pose
distinct concerns. For instance, Al systems often rely on copious sensitive data for training models,
making them vulnerable to privacy breaches through data leakage, sharing, and hacking [15, 75,
132]. Another key concern involves opaque biases in deep learning Al that are related to race,
ethnicity, or gender, and which can unfairly affect student outcomes [18, 79, 159]. Once these
harmful unintended consequences arise, they can be persistent and difficult to remediate. Privacy
violations, for example, may cause ongoing anxiety for those affected, and biased Al outputs
might lead to affected students falling behind in their studies and feeling stigmatized. Although
these concerns are recognized to some extent, the full spectrum of potential consequences of AIEd
implementation remains largely unexplored.

Yet identifying and addressing negative issues only post-implementation can be unethical and
ineffective, especially in sensitive educational settings. The nuances of the educational context
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and the possible invasiveness of AIEd require a proactive strategy to pre-emptively identify,
confront, and mitigate potential unintended consequences. Thus, rather than asking about
students’ current experiences or exposing them to experimental treatments that could cause both
short and long-term harm the nature of which is unclear, we chose to delve further into
identifying and preventing potential concerns before they manifest negatively. To this end, we
employed a user-centered speculative HCI method with a future perspective — The Story
Completion Method (SCM) — to provoke participants to respond to AIEd scenarios designed based
on current proposals from the AIEd community. In story completion tasks, participants are
invited to create narratives, which reflect their socially and culturally constructed knowledge and
values [74, 155]. The Story Completion Method (SCM) has been effectively used to probe likely
responses and evaluate ethical implications regarding emerging or future technology [42].

Our study aims to uncover students’ responses to AIEd adoption in higher education
classrooms. We pose the following research question: How do students perceive and respond to Al-
assisted analysis and intervention in classroom learning? Using SCM, we designed story completion
tasks with futuristic classroom scenarios. These story prompts are informed by and reflect the
advancements and proposals documented in recent AIEd research, as detailed in Section 2 and
Section 3. Participants co-created these stories by imagining themselves as studying in such
classrooms. By analyzing 65 stories, our study reveals students' concerns regarding Al in the
education context, Al cooperating with teachers, and Al interacting with students. We also
identified the interactions among various potential impacts of adopting AIEd. We summarize our
contributions as follows:

1. Although our study is situated in the context of higher education, students’ concerns and
ethical perceptions regarding AIEd adoption remain largely unexplored [57], whether in
higher education or K-12 education. This gap underscores the value of our work across
different educational levels, as it provokes reflection not only in higher education, but also
fosters ethics discussions in educational settings overall. Further, higher education
students are typically adults (albeit young adults) with more agency than K-12 students.
Ethical issues that arise in higher education, where participation in many elements of
pedagogy is optional are likely to be more acute with younger, more vulnerable students
whose educational participation is often compulsory—we are just beginning to address the
ethical challenges wrought by introducing Al into the classroom.

2. We uncover student responses to the newly formed Al-infused classroom learning
landscape, especially their concerns and potential impacts on key stakeholders - Al
systems, teachers, and students. Our findings shed light on ethical and sociotechnical
challenges introduced by Al, to inform better design and adoption of AIEd.

3.  We reveal potential interactions between Al interventions and student behavior that are
not reported in previous literature, especially the Situated Changing Circle. Al monitoring
potentially leads to student behavioral change, which in turn can disrupt the Al system’s
effectiveness. Our findings demonstrate the dynamic nature of AI in education,
underscoring Suchman’s insights on the situated nature of technology adoption.

4. Our work underscores the significance of viewing Al, teachers, students and the
educational environment as an integrated entity, rather than isolating AI within its
educational context. This interconnected perspective, highlighting the mutual influence of
each element, encourages the CSCW and HCI community to develop holistic, context-
sensitive AIEd approaches.
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2 Related Work

In this section, we first introduce the current approach of Al-assisted classroom analysis and
intervention techniques. We then review existing ethical discussions about adopting these AIEd
tools.

2.1 Integrating Al Analysis and Intervention in Classroom

The AIEd community has made significant effort to design and develop Al applications for higher
education institutions, including in four popular areas: assessment and evaluation, profiling and
prediction, adaptive personalization systems, and intelligent tutoring systems (ITS) [160]. Many
AIEd studies and technological advancement address more than one function area. For example,
Al can be used to detect students in-class behavior, assess and predict students learning, diagnose
their strengths and weaknesses, and provide customized learning suggestions and teaching
strategies. These insights feed into ITS and allow teachers to offer tailored instructions
([11][31][92]), enriching teaching and learning experiences [58].

Recent HCI studies have proposed involving teachers in designing AIEd tools or intelligent
systems (e.g., [44, 63]). For instance, methods like the “co-orchestration” model [61, 91, 158] aim
to synergize human capabilities and Al strengths, utilizing classroom sensing technologies to
inform teachers with data-driven insights in classroom dynamics [58, 77].

Classroom sensing technologies, such as Lumilo [60], Edusense [3], ClassID [106], employ
ambient sensors, such as cameras [10, 107], alongside AI techniques like computer vision and
machine learning, to detect student movement and behavior, analyze students’ engagement,
participation, and interactions in educational environments [146, 149]. Specifically, Al-enabled
facial and emotion recognition techniques (e.g., [113, 163]) can capture student behavioral data
such as head orientation (nodding, shaking, and head poses) [3, 107], body gestures [87], gaze
behavior (e.g., eye direction) [4, 64, 83] during lectures or in-class practices [30], as well as facial
emotional expressions (boredom, confusion, or frustration) [17, 43]. These data can be fed into
learner’s affective and physiological state models with indicators of learning performance, such
as body motions as learning evidence [87] and arousal in a collaborative learning environment
[157]. Derived from quantified indicators [160], AIEd tools interpret students' in-class behavioral
performance [10], cognitive-affective status, and real-time emotional and attentional engagement
[17, 64, 113].

Based on these data-driven calculations of statistical parameters, students can be categorized
such as ‘disengaged’ or ‘struggling’ [17, 39, 102] and ‘low-performing’ or ‘at-risk’ [101]. These
insights about student conditions, performance or drop-out prediction [40, 49, 156] can be
delivered to intelligent tutors [113] and human teachers [11, 17, 68] with technology such as
TeachActive [11]. This helps to heighten teachers’ awareness of students' emotional and cognitive
status [131] and assist them in better adapting to learners’ emotions [38] or learning progress
[39], prompt their reflections on teaching strategies [11, 12, 43, 50], and provide proactive
intervention to support students learning [60, 64, 153].

ATEd research has been diligently working on enhancing system functionality [9] through
investigating system data and indicators [2] to improve the interpretation of students’
interactions and learning patterns in Al-mediated learning environments. A recent review study
on Al applications in higher education found that most empirical studies have a quantitative focus
[160], and that the current focus often lacks a “pedagogical grounding” [142]. Socio-technical
considerations remain understudied in AIEd development [89, 160].
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While qualitative empirical studies exist, they typically explore stakeholders’ expectations and
functional preferences for adopting AIEd [82, 108, 151], concentrating on technical attributes to
achieve intended outcomes such as successful integration [65, 103, 108]. Often lacking is an
examination of the potential or actual impacts on students [114], especially the unintended
consequences and a broader range of ethical risks associated with AIEd adoption [23]. However,
the complexities and nuances of educational context warrant urgent critical consideration [122],
particularly given the sensitive student characteristics involved, such as gender, sexual identity,
and race. This is especially important as students, being a vulnerable group, may be
disproportionately affected by these oversights. In the next section, we will briefly review existing
concerns about AIEd adoption.

2.2 Concerns about Integrating Al in Education

In ATEd, established concerns that are intrinsic to Al techniques dominate the ethical conversation,
especially surrounding data use and its computational approaches related to issues [57] such as
privacy [143], algorithmic bias and fairness [67, 123], and transparency [112], as evidenced by
recent reviews (e.g., [54, 57, 99, 144]). Empirical studies that explore stakeholder perspectives
further narrow this scope, with a primary focus on specific themes such as privacy (e.g., [15, 75,
81, 132]) and bias (e.g., [85, 123]). Little attention has been given to the socio-technical impacts on
teachers and students stemming from their direct interaction with Al.

This limited (though important) ethical focus has been extended to AIEd governance
frameworks (e.g., [110, 120, 128]), which primarily address data-related concerns from a
compliance standpoint, seldom considering broader socio-technical implications. This trend
persists even in the SHEILA (Supporting Higher Education to Integrate Learning Analytics)
framework [141], arguably the most comprehensive learning analytics framework grounded in
empirical research. While SHEILA aims to secure stakeholder buy-in and identifies behavioral
changes that learning analytics systems should facilitate, it overlooks potential unintended
modifications to the learning environment and their impacts on the student body. This gap is
acknowledged by SHEILA’s architects, with Tsai et al. [140] critiquing the limited research on the
impact of technology adoption on the student experience and learning journey. Neglecting these
unintended influences risks undermining student trust and acceptance of AIEd, as legal
compliance does not necessarily ensure a positive student experience with AIEd systems in
practice.

The ethical considerations in AIEd should extend beyond Al and data-centric issues [57] to the
real-world context of students-AIEd interactions. While the pedagogical community has raised
theoretical critiques about the potential pedagogical impacts of Al-enabled classroom monitoring
and intervention, such as affecting learner independence and learning autonomy [134] and the
datafication of student behavior and education [90], these arguments often have limited empirical
foundation. In contrast, the HCI and CSCW community, with its history of prioritizing ethics in
technology design [47] and its emphasis on user-centered approaches [13, 24], advocates for a
holistic and empirical understanding of user experience amongst stakeholders—especially, in this
case, the students themselves, to truly grasp the nuances of their learning experiences when
interacting with AIEd in the learning environment.

Recent HCI and CSCW research has shed light on the unintended socio-technical
consequences of emerging technology in education. For instance, a study highlighted that data-
driven classroom surveillance [84] can oversimplify children’s complex psycho-social behaviors,
reducing them to mere data points. Such methodologies risk reinforcing and amplifying existing
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biases and inequalities in education, particularly those rooted in race, gender, and culture. That
study focussed on repercussions from teachers’ perspectives. However, it is crucial to recognize
that students and teachers might perceive ethical values and impacts differently [158], especially
given the inherent power differential between them (e.g., [105]). To date, AIEd discourse has
largely sidestepped students’ views — a worrisome oversight given students will directly
experience AIEd’s impacts. Ignoring these concerns could impede ethical and pedagogically
useful AIEd adoption and potentially harm the individuals it seeks to benefit.

We have noted that both HCI and CSCW underscore the complex situated nature of
technology adoption (e.g., [45, 66]) and the importance of understanding its impacts not just on
functionality but also on the broader social and emotional facets of people's lives (e.g., [70]). Yet
it is well known that actual user interactions with technology can diverge from what designers
anticipate [109, 130]. Indeed, the value promoted by the system might even contradict and
undermine design intentions [46]. This is particularly concerning in the educational context, as
any potential adverse effects of unintended impacts are significant and possibly harmful. However,
as we have stressed, the intricate dynamics between students and the evolving AIEd environment
are underexplored.

Our research seeks to bridge this gap in understanding by focusing on the educational context
from students' perspectives. While academia and industry are fervently pursuing advancements
in AIEd (as described in Sec 2.1), widespread adoption is still in its infancy, with only a handful
of learners experiencing its full effects [97]. But given the complexity and potential invasiveness
of AIEd, it is crucial to preemptively identify and address its pitfalls before harm is done. To
proactively address these concerns, we employ the user-centered speculative Story Completion
Method (SCM), which allows us to delve into “what if” scenarios, offering insights that can guide
the adoption of more ethically sound AIEd designs.

3 Research Method

The overarching goal of this study is to explore students’ concerns about AIEd in higher education
classrooms. We explore how students perceive classroom collaborative dynamics involving Al,
teachers and themselves. Because there has been little consideration of broader sociotechnical
implications in current ethical frameworks, we chose not to adopt any pre-existing ethical
frameworks to guide our study. Instead, we suggest that our findings can enrich and supplement
existing ethical frameworks. The research was approved by The University of Melbourne Human
Research Ethics Committee (Ethics ID Number: 24525).

3.1 Why the Story Completion Method?

Speculative methods, such as story completion [42], and pre-mortems/post-mortems [145], are
widely used to critically evaluate the potential ethical and moral implications of emerging
technologies before their widespread implementation [42]. This approach is particularly relevant
and ethical in educational contexts, where real-world experimentation might expose students to
unintended negative consequences. By using speculative methods, we can proactively explore
potential issues in sensitive settings, ensuring ethical considerations are thoroughly examined.
The Story Completion Method (SCM) incorporates elements of speculative design [42, 154]
and research fiction [22, 138], inviting participants to create narratives based on provided Story
Completion Tasks (SCT). Those story openings help with introducing and constraining the
context of our research interest for participants [35]. Stories created by participants present their
socially constructed knowledge and values [74, 155], indicating common assumptions about or
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visions of AIEd’s impacts on students and their learning. Recent HCI work has shown the
effectiveness of SCM in exploring other sensitive topics (e.g., VR pornography [155] and sex
robots [139]), as the third-person storytelling approach with indirectness [35] encourages a more
comfortable disclosure of concerns. These qualities make it an excellent candidate for revealing
ethical challenges.

We acknowledge the important criticism that SCM cannot inform us about actual
psychological states [74]. Hence, we interpret our results as potential outcomes (“might be”)
rather than definitive predictions (“will be”), aiming to uncover students’ socially constructed
visions of Al intervention in education.

3.2 Data Collection

We designed three Story Completion Tasks (SCT), as seen in the Appendix, presenting possible
future scenarios of Al-enabled intervention in university classrooms. These scenarios were based
on proposed or existing AIEd technologies (Table 1) and were also informed by recent literature-
based design fiction studies exploring the impacts of Al adoption in higher education (e.g., [37]).
Unlike previous HCI studies exploring future technology design (e.g. [139, 155]) that used brief
story openings consisting of only one or two sentences, our SCTs offer more immersive scenarios.
Given our study’s focus on the situated aspects of AIEd adoption, we provided more descriptions
to help participants understand the context. This approach aligns with a recent HCI study [137]
that extended SCM with interactive storytelling gamification, further enhancing immersion
through SCT.

Scenarios 1 and 2 (Appendix) depict the observation on students’ in-class behaviors using Al
tools such as Facial Recognition and Emotion Recognition, to help teacher understand students’
emotional readiness and cognitive needs for learning so that to provide targeted support.
Specifically, Scenario 1 focused on individual observation during lectures, while Scenario 2
emphasized observation during group activities to capture individuals' engagement in more
extensive student interactions, so that teachers can better understand the learning progress of the
class and adjust teaching strategies. In Scenario 3, the data captured by these systems, including
students’ engagements and affective states, are utilized for AIEd functions. This scenario
described the intended benefits to enhance students’ learning with customized learning services,
encompassing real-time analysis based on individual education profiles, personalized
recommendations on learning pathways and resources, and automatic evaluation, prediction, and
interventions.

We acknowledge that our use of story prompts could influence participants’ responses. Terms
such as “monitoring” might evoke certain narratives. To mitigate this limitation, we clarified in
the introductory materials that the purpose of this research was not to cast AIEd technology in a
negative light. Rather, we seek to identify perspectives and concerns that can inform the ethical
design and improvement of AIEd systems. Our scenarios emphasized the objective of enhancing
learning as we tried to maintain a neutral tone to avoid introducing any negative biases.

In addition, we intentionally described the technology artifacts and AIEd functions with a
degree of ambiguity, providing only the context, to encourage imagination and elicit a broader
range of responses [28]. At the end of each scenario, we guided participants by asking what
happens next and how the character would think and behave. Participants were asked to spend 5
to 10 minutes completing each story, to ensure the story quality.

Table 1. Story Prompts Justification — Proposed or Existing AIEd Artifacts
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Scenarios (S) Functions & Techniques Code in Story Examples

S1&2 Classroom Facial & Emotional Monitoring [CEM] [113]

In-Class Observation, Eye Direction / Gaze Tracking during Lecture ~ [EGT] [4, 64, 83]

Real-Time Evaluation Awareness & Emotional Engagement Analysis [AEA] [43, 59, 60]
Real-Time Classroom Behaviour Analysis [RBA] [3, 17, 83, 107]

S3 Intervention, Automatic Evaluation and Timely Intervention [ATI] [9, 17]

Prediction, Prediction and Academic Early Warning [PAW] [1, 49, 100, 156]

Customization Adaptive Personalized Recommendation [APR] [9, 48]

Full scenarios are available in the appendix. The functions and techniques in Table 1 are based on proposed or existing
AIEd technologies and recent literature. To facilitate referencing, a code has been assigned to each function, marked in
the corresponding stories.

We targeted participants recently or currently experiencing higher education (undergraduate,
postgraduate, PhDs, and recent graduates). To explore potential cultural influences on the
perception of ethical concepts in AIEd, we recruited participants from two different demographics
(China and Australia). However, we did not ultimately observe substantive differences between
them, and this allows us to conclude that our findings span cultures. Our recruitment did not filter
participants based on their majors, level of AIEd experience, or Al literacy, as our focus was on
broader concerns encompassing all types of students, considering the diverse backgrounds of
students in the actual university contexts.

We collected 71 stories anonymously via the Qualtrics online survey platform. Our survey
presented story stems, and collected participant's demographic information including gender, age,
and teaching experience, if any. Participants with teaching experience were denoted with a “T”
(e.g., P1-T). Six incomplete stories were excluded from our analysis. Of the remaining 65
participants, 54% were male and 46% were female; none identified as non-binary.

3.3 Data Analysis

We employed reflexive Thematic Analysis (TA) to analyze the collected stories [26], as it allows
us to form an understanding of the overarching shared viewpoints of our participants. The first
author led the analysis following Braun and Clarke’s [25] guidance. After carefully reviewed all
the stories, we coded the stories and organized the codes inductively. These codes were either
semantic, which captured the explicit ideas expressed by participants, or latent, which reflected
the researcher’s interpretations of the underlying meanings present within the data [133]. Then,
we sorted the codes into initial themes and sketched their relationships on mind maps [25]. The
research team reviewed the mind maps and refined the category structure through multiple
rounds. This iterative process adheres to the principles of reflexive TA [27], which advocates for
continuous iterative reflexivity and ensures that the analysis and interpretations evolve
progressively and recursively [26, 135]. We finally answer our research question, How do students
perceive and respond to Al-assisted intervention in classroom learning, through three main
categories including Al in context, Al and teacher, Al and students themselves. We present those
three categories in the following sub-sections, with identified themes highlighted in Bold.

4 Findings

This paper is part of an overarching study that aims to understand students’ perceptions of Al
interventions in higher education classrooms. The overall findings highlight students’ concerns
and expectations across various aspects of AIEd within its adoption context: we have presented
the individual dimension in [55], and the pedagogical dimension in [56]. In this paper, we focus
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on three major concerns regarding the dynamics among Al in the context, teachers, and students:
the first is the potential for AIEd’s quantification approach to oversimplify intricate educational
context and thereby disrupt fairness (Sec 4.1). The second is the collaboration between human
teachers and Al where we observe situated bias concerns and power disparities (Sec 4.2). The
third is the fact that students may change their behavior as interactive strategies with AIEd, while
these situated responses can intentionally or unintentionally disrupt AIEd’s efficiency and
effectiveness. (Sec 4.3). Finally, we introduce students’ positive perceptions regarding educational
processes and approaches (Sec 4.4).

4.1 Context: Disruptions to Accuracy and Fairness where Al is Context-Unaware

Participants' most frequently expressed concern was whether Al can fully represent the actual
education context. They felt the quantification approach of Al-assisted evaluation
oversimplifies human behavior. In particular, the nature of human beings and human
experience, especially feelings and affective status, are “too delicate to be understood by
quantitative indicators” (P36). “The polysemy inherent in human facial expressions adds
complexity to their interpretation. Moreover, the connection between these expressions and an
individual's inner thoughts remains ambiguous. So, the detection of such nuances by Al systems
may be shallow and prone to inaccuracy” (P3). Hence, “the data may not be fully representative
of the real-life situation” (P52-T). Here are some examples of data misrepresentation:

“... the system reported that he looked bored, but he was just really tired after working
a late shift the night before.” (P65-T)

“The real-time AI analysis detected his lack of confidence for today’s lecture. Actually,
it was caused by his frustration with his crush who sits nearby. Each glance in her
direction intensified his nervousness...” (P5)

The story from P15 above also questions the correlation between the collected attributes of
facial expressions and in-class behavior information with actual learning progress. Similar
concerns frequently pointed to the quantitative representation’s decontextualizing the
learning process and over-digitizing education. Participants argue that learning outcomes
are influenced by a multitude of factors, including individuals’ learning motivations and various
elements within the lecture environment such as “...the specific content of the lectures, the
teaching method of the lecturers and the interactions between students” (P64). The system
evaluation, in their view, oversimplifies the complexity of learning situations by solely focusing
on surface-level outcomes while neglecting other essential pedagogical factors that shape
students’ experiences and achievements. An example below emphasizes the limitation of relying
solely on quantitative data to comprehend the dynamics and intricacies of individual learning
trajectories:

“The learning curves of most students follow a non-linear pattern, but more like an
explosive growth during finals... Al analysis won’t know that.” (P33)

Another commonly raised concern pertains to the tendency of rigid one-standard-based Al
systems to over-generalize educational situations. These concerns are closely linked to the
presence of numerous complex exceptions within real-world educational settings, which the
mechanistic fact-based nature of Al may struggle to handle in a fair manner. Handling student-
related matters in educational settings requires flexible responses. Al systems that rely solely on
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standardized metrics might neglect the inherent intricacies and diversity within education, and
unfair decision-making may ensue:

Exceptional Case: “The student was sick, but he still made an effort to attend class every
day and aced his grades. He didn’t participate in activities that much and seemed
uncomfortable in class, which should’ve been understandable given the circumstances.
But guess what? The system evaluation assigned him a lowest on-class performance
score. Talk about unfair!” (P21-T)

Educational Diversity: “...bright students can appear disengaged because they are not
challenged enough - which is also a reason for poor attendance... students may have
covered some of his subject materials in previous study or may have transferred from
another university where this material was covered earlier in the course. These factors
all cause variations in student performance.” (P59-T)

The diversity within the student population is one obvious example that shows the complexity
of education. The stories below described a particular advantaged personality of students when
evaluating in-class performance by quantifying interactions and engagements. This mechanism
potentially favor extraverts or “expressionists” against introverts, thereby disrupting fairness:

“This student is knowledgeable... He is one of the quieter ones in the class, which is likely
why the evaluation system has given him a lower score... this assessment is unfair.” (P56-
T)

“The system does not consider students' personality and traits that can affect students'
patterns of participation in group discussion. While outgoing students who enjoy
engaging in discussions may not be affected, those who feel uncomfortable expressing
themselves within a group may face difficulties. The system becomes a burden for them,
hindering their preferred mode of participation.” (P64)

In traditional classrooms, group work may already pose challenges for some students. The
examples above demonstrate that Al-based performance evaluation, with its rigid algorithm,
tends to be one-size-fits-all that can intensify these challenges for some students in group settings.
Thereby, it potentially creates a less inclusive learning environment for diverse personalities.

Achieving fairness, as perceived by participants, necessitates the consideration of all possible
situations for students, allowing for compassionate exemption and explanation opportunities.
Participants' discontent with the inflexible nature of the Al mechanism and its oversimplification
of educational scenarios during assessment often stems from their perception of AI’s lack of
compassion in decision-making. Particularly, the exceptional cases mentioned earlier were
believed to be better handled by the human touch of compassion and subtle empathy. Those
attributes are seen as essential in the educational context where Al can fall short, due to its
unawareness of the intricacies of education. Interestingly, when participants perceive the
inflexible Al evaluation as unfair, they tend to more frequently compare Al and human teachers.
Their point revolved around the notion that learning evaluation should regard human factors
where teachers’ human experience and deliberation are vital to ensure fairness. This point
features in the next category.

4.2 Teachers: Al Cooperation, Agency, and Power
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In this section, we initially demonstrate how participants envisage teacher-Al cooperation and
the respective roles of student and teacher in the classroom. We then introduce participants’
concerns about, first, bias concerns and, second, power disparities.

4.2.1 Human-Al Cooperation and Roles. Participants advocated for integrating human
judgment to counterbalance AI's inherent limitation: “Al analysis cannot be seen as the sole
evidence or method for evaluating students, as it is unable to understand students' varying
situations and circumstances” (P27-T). They see the role of human intervention in Al-mediated
learning evaluation, as a critical way to add contextual insight to extend AI’s analytical capability.
Teachers, adept at discerning intricate classroom dynamics that impact academic outcomes, draw
from “their observation of subtle student behaviors and affective states” (P42-T), as well as their
understanding of cultural nuances and individual student backgrounds. This depth of teachers’
situational awareness empowers them to formulate flexible strategies. The role of Al, therefore,
should be positioned as a supportive complement to human teachers, furnishing valuable analytical
insights without encroaching upon the authority inherently tied to the human facet of education.

Participants often describe a preferred partnership between humans and Al where human
teachers hold agency while Al serves as a supportive auxiliary tool. Stories provide various
examples of how human teachers exercise their agency in conjunction with AIEd such as:
Customizing the taught curriculum according to AI’s analysis, such as adding scientific references
based on class progress and student needs; adapting the instructional approach, by drawing on
real-time analysis, automated feedback, and suggestions provided by AlI; and providing targeted
learning support by leveraging Al-generated cues to identify and address students’ struggles.

Narratives commonly emphasized the need for teachers’ decision-making authority.
Teachers are expected to actively control the decisions made by Al systems as the analytical
insights provided by Al always require human oversight and interpretation. One typical
comment was:

“I'm worried if the Al system is given any more weight than what the teacher says. The
tool should just only be treated as a reference to assist teaching but should never be given
the ultimate say in anything or be the deciding factor in any major decisions (kicking
someone out of a course, giving the final grade, marking written pieces of work).” (P60-
T)

Especially when conflicting Al analyses occur, teachers are expected to overrule Al. Here are
two examples where teachers would aim to ensure evaluation fairness:

“The professor becomes intrigued by the puzzling difference between the student's
mediocre in-class performance, as rated by the Al system, and their impressive exam
score. Driven by a strong sense of fairness, the professor carefully investigates how the
system evaluates student work. Seeking to understand the truth, the professor kindly
invites the student to share their perspective, allowing them to explain their
performance. Recognizing their position of authority, the professor considers the option
of reevaluating the student's work if it seems necessary.” (P45-T)

Stories also mention teachers’ role changing after introducing Al in education: transforming
from observers and evaluators into educational strategists and designers, which requires more
enhanced professional pedagogical skills (P13-T). Meanwhile, concerns were raised regarding the
potential impact of role transformation on the personalization and individualization of the
student-teacher relationship:
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“The experience becomes less personal...Will teachers even bother getting to know him
if the machine is taking the attendance and marking the class participation?” (P56-T)
“The professor tries to remember back over the semester about this student. Before the
system was in place he used to take note of students who didn't seem to be engaging,
and try to get a feel for what they were thinking. But he has become so used to relying
on the system to find these students and offer them a guided path that he no longer has
that close contact with his students...” (P65-T)

However, humans might not always ideally lead the Human-AI cooperation. Although the
system evaluation might be "ruthless for lacking empathy " (P40-T), some respondents perceived
Al as objective and impartial, which is “perfect for playing a role as an unbiased third party”
(P60-T). They view its fact-based approach as a means to mitigate human biases [125], ensuring
fairness in the evaluation process, such as preventing teachers from playing favorites and instead
promoting an equitable distribution of attention and learning materials (P67-T). Extending
beyond evaluating students, another participant highlights the system's potential to provide a
more comprehensive evaluation of teaching compared to student satisfaction surveys, which
often reflect only extreme opinions (P65-T). Thus, Al evaluation is considered a valuable tool for
a well-rounded assessment for both learning and teaching.

4.2.2 Bias Concerns. Nonetheless, Al analysis can be inherently biased [18], as our
participants were well aware. Three participants (P30, P59-T, P65-T) express concern regarding
unintended biases in Al systems. For example:

“All automatic systems are only as good as the concepts and algorithms programmed
into them... the system may be biased by the ideologies and priorities of the designers.
This represents a narrowing of the range of strategies and approaches to which students
are exposed. Overall, it is likely that more students will not have their needs addressed.”
(P59-T)

Participants recognize the potential of Al-provided evidence to address human bias (e.g.
teachers’ favorites) that may exist in conventional education. Yet, they also express concerns
about the unintended bias that Al-generated evidence may introduce to teachers’ perceptions.
Participants highlight the potential psychological impact on teachers who may form
preconceived opinions from Al analysis before themselves fully assessing students’ abilities, akin
to a “verdict before trial” (P30). This apprehension is centered around the negative consequences
of predictive low grades or ranking, as participants fear that teachers may lose confidence in them
(P29) and treat them differently (P43). These examples underscore the potential influence of Al
predictions on teachers' biases and perceptions, emphasizing the need to carefully consider the
unintended consequences of predictive models.

The empowerment of Al and the use of data then become a shared concern, given those
potential implications and unintended consequences. Participants emphasize the unfairness of
using past data to predict or prejudge students' future achievements, particularly considering the
intricate and ever-evolving nature of the educational context. P30 argues that “even if the
predictions are 100% accurate, they remain predictions rather than definitive outcomes.” P4
echoes that thought: “Data is power”. Further, the reliance of Al systems on historical data can
perpetuate existing biases and inequalities present in educational systems. Using past
performance as a basis for predictions carries the risk of reinforcing stereotypes and limiting
opportunities for students based on their previous outcomes.
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4.2.3 Power Disparities. Stories also reveal a power dilemma: The realization that Al is
fallible prompted participants to call for caution and deliberation in leveraging data-driven tools
and allocating the power of Al and human teachers. They grapple with questions such as “how
much authoritative power should human teachers allocate to Al prediction and analysis when
evaluating students?” (P15). We observed earlier that participants place greater trust in human
teachers for making final decisions, as they perceive fairness is achieved through discerning
special circumstances and possessing contextual understanding and discretion. Hence, teachers
are expected to use their authority. However, teachers can be influenced by Al insights, creating
a complex dynamic where the power appears to rest in human hands, but can be shaped by the
implicit yet potent influence of AIEd; for example, when AIEd directs teachers to a student who
is identified as needing more support in a class. Complicating matters further, Al insights
themselves may be biased by past data and human designers.

Another example vividly portrays this power dynamic, where a teacher employs Al insights
to support (and potentially rationalize) an already-made decision:

“The Prof doesn't feel the need to increase the scores... This belief is reinforced by the
"empirical" data that the Evaluation System provided which he can use as evidence for
his decision... He then provided the student with a few suggestions according to the Al-
generated report... Ultimately Chris feels more justified in his decision to deny a score
increase complaint as it is not solely based on his judgment, but an outside, unbiased,
3rd party.” (P60-T)

4.3 Students: Behavior Changes Challenge Al Effectiveness

All Al systems rely on data sets that are representative of the interactions they wish to model, yet
adopting Al in classrooms will directly impact students’ behavior due to their interaction with
AJEd. We have demonstrated students’ potential behavior changes in detail in [55]. This
disruption of behavior means the Al may be based on a model that does not accurately reflect
changed circumstances in the classroom, thus reducing the efficacy of the model. This section is
not going to demonstrate all possible impacts on individual students, but to reveal how students’
potential reactions might further challenge AIEd effectiveness.

The cooperation of Al and teachers in the classroom creates a learning environment perceived
by our participants as having ubiquitous monitoring. This perception instills fear in students that
their poor performance will be recorded and reported, leading them to believe more unnecessary
effort is needed for learning. To meet the perceived stringent requirements for learning and their
wish to gain good performance scores, students may adopt interactive strategies and behavior
changes, both intentional and unintentional. For example: pretending, acting, and pandering to
the surveillance, avoiding making mistakes, being extra cautious of their expression, and forcing
active engagement and participation. Detailed impacts on individual dimensions have been
presented in [55]. We shall now demonstrate its challenges for AIEd effectiveness.

Most directly, commonly expressed unintentional unauthentic behaviors, intentional
performativity, and gaming system behaviors will all influence the quality of data. However,
there are issues that contaminated data will be used to train AI; those altered behaviors are result
from Al These distorted data inputs of identification and recognition will further challenge the
technical effectiveness of the following data-driven functions such as evaluation, customization
and intervention. Student participants acknowledged the problems:

Proc. ACM Hum.-Comput. Interact., Vol. 9, No. 2, Article CSCW206, Publication date: April 2025.



CSCW206:14 Bingyi Han, Simon Coghlan, George Buchanan, and Dana McKay.

“He pretends that he really understands the newly delivered knowledge. He shows a
confident face (Pretending and Acting) ... He will work harder at home (Privacy-Seeking)
to figure out the hard part rather than allowing the system to detects his struggle (Avoid
Making Mistakes) ...All the data are generated based on the fact that all students hide
their true selves in front of the camera. Those data are pointless.” (P52) “Students’
reactions were real in the conventional class. Now everyone deliberately presents their
perfect self rather than being what they really are (Performativity). The analysis won’t
reflect the true situation.” (P21-T)

“I finally managed to achieve high scores by Gaming the System... The system knows
exactly where my study weakness lies, I believe it will reduce the workload for teachers
and enhance my learning efficiency by targeting my struggles. Oh wait! My data and
information profile are no longer “accurate” starting from this semester, what should I
do...” (P18)

One participant pointed out that measures can become poor indicators when they are targeted,
referencing Goodhart’s Law. It questions the situation where students likely game the system to
meet Al expectations and the evaluation will become ineffective:

“However, as Charlie is a clever university student, he quickly figures out that it is not
hard to pretend to be engaged without actually engaging. One can pretend to be reading
materials without attempting to understand and one can say many things without
actually meaning anything. Not only does he do this, but he also finds out that many
other people are doing the same in order to trick the system. A classical phenomenon as
described by the Goodhart’s Law — “When a measure becomes a target, it ceases to be a
good measure.” Sometimes people have to remember that the system of human
behaviours is not invariant with outside observers. The very motion of trying to evaluate
people change people. It is hard to think and say how exactly can the Al evaluate without
interfering.” (P39-T)

Even hostile behaviors are expected, with intentionally rebellious strategies to subvert the
system’s surveillance. For instance, quite a few stories described students’ intention to disrupt the
accuracy of the system analysis, by deliberately presenting flawed data and “contaminating the
data model” (P30). These behaviors target attacking the essential value of AIEd systems in a
covert indirect way. There are also overt direct aggressions such as “...he walked to the front of
the classroom and unplugged the power source of the monitoring system with anger” (P2), or
even retaliating by attacking the database. Further, stories also describe a mutinous or collective
resistance response e.g., “rally classmates to make trouble against the system” (P38).

In addition to disrupting the system outcome, students may also seek to benefit themselves
by “manipulating the system instead of being manipulated” (P38):

“The system can benefit him if he uses it well: this professor only read slides in his
lecture... He should see those recorded bored faces and improve his teaching. He calls his
classmates to exaggerate their facial expressions of boredom...” (P37)

“He had a strong dislike for algebra. With the system capable of predicting a student’s
failure, he saw an opportunity to use it to his advantage. If teachers and parents lose
confidence in him, he could easily get away with dropping algebra. He began to behave
poorly and felt satisfied with his plan.” (P48)
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“If Al monitoring tracks my eyeballs, I will deliberately prolong my gaze stare on the
illustrations. The analysis might suggest improvements in textbooks by incorporating
more pictures...” (P29)

The phenomenon of students engaging in strategic manipulation of the analysis also gives rise
to a deliberate restructuring of student-teacher communication dynamics with a new
medium. With the awareness of being under constant surveillance, students become more
cautious in their behaviors and expressions, leading to a decrease in direct interaction with both
their peers and teachers, particularly when they encounter difficulties in their learning process.
Numerous narratives depict students’ desire for the system to assist students, particularly
introverted individuals who perceive themselves as benefiting the most from this approach.
Notably, some stories portray students intentionally gaming the system by amplifying their
weaknesses, showing or even feigning struggles, anticipating that the system will prompt
teachers to intervene, thereby capturing their attention and securing much-needed assistance.
Moreover, once students trust the efficacy of the system, they may forego seeking help directly
from teachers, relying instead on the system to allocate teacher attention to address their
academic needs.

“This is too challenging for me, but it seems to be easier for my classmates. Perhaps the
system can observe this and inform the teacher.” (P40)

“He knows that the system might help the teacher assist him so he might play up his
weaknesses to make the Al believe that he needs additional help...Because he is aware
of the system tracking his progress, he feels less need to seek direct help from the teacher
...the academic profile will inform the teacher either way.” (P60-T)

However, participants frequently voice a diminished trust in the accuracy and effectiveness
of evaluation across the wider education system. They are skeptical due to their awareness that
the system’s function is based on “...fabricated data resulting from students pretending and
acting” (P45-T); “those inconsistent datasets cannot truly represent the actual learning situation,
rendering the analysis untrustworthy” (P52). This distrust extends to the educational system itself,
which is perceived to rely on these flawed Al evaluations. For instance, “... the education bases
student criticism on quantified method with low fault tolerance, particularly when the system
itself might be inaccurate... I will quit the school like this.” (P3)

4.4 Positive Perceptions: Enhancing Pedagogical Processes

In addition to the positive aspects mentioned in previous sections - such as being perceived as
introvert-friendly by providing active support and directing teachers to assist, as an unbiased
third party to provide objective evaluations, and creating a new communication medium between
students and teachers - participants frequently noted the positive reconstruction on educational
process and approaches.

For instance, students foresee Al intervention targeting on individual weaknesses, thereby
improving learning effectiveness. Students perceive that AIEd system can provide “undivided,
equal attention to each student” (P31), complementing teachers who have “limited time and
energy per student... This allows teachers to utilize their energy more effectively” (P36).
Additionally, students expect AIEd to assist both teachers and students by providing analytical
insights to inform education, thereby increasing the effectiveness of educational process and
approach.
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4.5 Summary

Our findings revealed students’ concern that AI's quantification and data representation approach
may overlook dynamic and evolving educational contexts to the detriment of teaching and
learning (as seen in examples presented in Sec 4.1). This simplifying of learning situations
potentially caused by Al evaluating students can also lead to unfairness. Students expressed an
expectation for human teachers to use their power and authority to overrule Al, to mitigate
oversimplification, and provide contextual knowledge for ensuring fairness (Sec 4.2). We also
observed the potential underlying issues of bias and power disparity for AI-human cooperation.
However, while students expect teachers to collaborate with AI to ensure fairness, this
cooperation in the classroom can lead students to perceive something like a surveillance
panopticon. Narratives frequently depicted student behavior changes aimed at either appeasing
or resisting Al-powered surveillance. This effect may not only further challenge technical
functionalities but also diminish students' trust in the AIEd (Sec 4.3). Students' concerns about the
three aspects of Al-mediated education — Al in the educational context, Al and teacher, Al and
student — are often related to ethical issues such as fairness, bias, and power. Nevertheless,
students also perceive AIEd can positively enhance pedagogical processes (Sec 4.4). In the next
section, we will discuss these perceptions, issues, and concerns.

5 Discussion

A recent empirical HCI study on Al in future cities [98] highlighted four characteristics of urban
intelligence that involve both humans and Al: Contextual, emphasizing the integration of
knowledge rooted in human understanding of local contexts; Conscious, advocating for grounding
in real-world experiences and interactions over mere quantification and data reliance;
Collaborative, highlighting the synergy between tools and information, and between humans and
Al; and Controlled, emphasizing the importance of human agency in governing Al interactions.
As we shall further see below, these characteristics align with our findings on students' concerns
about ATl’s cooperative role in education. Beyond that, our study probes specific challenges with
detailed examples. For instance, the quantification approach might risk decontextualizing
learning situations (Sec 4.1), and there is an anticipated blending of Al capabilities with human-
derived insights, with teachers expected to exert control and make overriding decisions when
collaborating with Al tools (Sec 4.2). We further revealed how students’ potential behavior change
might further challenge AIEd efficacy (Sec 4.3). In this section, we further discuss our findings
about the possible effects and challenges of such AIEd.

5.1 Understanding the Context of Al Adoption

Our findings reveal student concerns about AI decontextualizing educational situations. To
discuss these concerns, in Section 5.1.1, we examine the importance of understanding human
values to help Al grasp the situated context, ensuring that the delivered outcomes align with user
expectations. In Section 5.1.2, we discuss the challenges associated with contextualizing Al in
education.

5.1.1 Understanding Situated Context and Human Values. HCI and CSCW research has long
emphasized the importance of understanding the situated context of technology use [45] to
ensure that its adoption aligns with the social and cultural milieu (e.g., [65, 117, 118]), particularly
in high-stakes and sensitive areas [21]. Kaye’s [70] exploration of low bandwidth devices for
couples in long-distance relationships to communicate intimacy, for example, illustrates how
simple devices can foster users’ rich interpretations of simple interaction behavior on a single-bit
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medium of communication, since it is situated in emotionally and socially rich pre-existing
relationships.

Such studies remind us to delve deeper into the human values we aim to support, extending
far beyond the mere productivity and efficiency that technology could bring. The HCI community
has also advocated for solutions that transcend narrow, data-driven approaches (e.g., reflexive Al
systems [98]). For instance, the “Whereabouts Clock” [29], which displays family member
locations, not only supports family coordination but also contributes to the emotional aspects of
family life (though it might also create other problems of its own (e.g., [94])). It provides a
compelling example of how technology can enrich lives beyond functional utility. Thus,
technology design and adoption should be aware of and responsive to the social and cultural
contexts.

Extending these arguments to education, teaching and learning activities are recognized as
processes steeped in social, cultural, and emotional capital [152]. Introducing Al into this nuanced
educational context goes beyond helping with mere task completion, especially integrating AIEd
which relies on quantitative indicators to provide insights on evaluation, teaching strategies, and
learning recommendations. Our data reveal the nuanced ways educational experiences might be
influenced (e.g., students' performativity) or enriched (e.g., the newly created communication
channel between students and teachers). However, the challenge remains in measuring these
changes and determining their value within the educational context.

Our findings highlight student concerns that AI itself may oversimplify education and
sometimes represent over-digitalization. These arguments from the student perspective in our
study align with teacher concerns in a recent HCI study [85] that data-driven classroom
surveillance measures codify and simplify the nuanced psycho-social factors that drive students’
behavior and performance. Similarly, the education community provides theoretical criticism that
behavioral evaluation systems can transform students’ learning behavior and its complex social
environment into statistical information - a form of pedagogical reductionism [90]. This approach
can result in the underrepresentation or inaccurate portrayal of the social context, masking the
ambiguity of actual social situations and limiting the interpretation of complexities [121].
Consequently, it decontextualizes [120] and oversimplifies [7] the actual learning process,
governing students through classifications and comparisons based on numerical data. However,
the potential behavior change observed in our stories may sometimes derail AIEd from its
intended objectives.

Such unanticipated consequences (e.g., Suchman [130] and Preece [109]) and value disparities
are not new to HCI. An early study on designing education games [46] revealed a discrepancy
between the actual and intended values promoted by the designed game, where the design reward
structure inadvertently promoted a competitive style of caregiving, rather than the proposed
value of cooperation and collaboration. Similarly, smart home technology has been found to
inadvertently facilitate control and abuse to intimate partners [94], and electricity information
sharing systems can lead to unexpected privacy breaches for household activities [127].

These examples of unintended negative consequences of well-intentioned technologies
highlighted the need for extra caution in the educational contexts due to its complexity and the
vulnerability of students. Any contradictions between the actual values and intended ones could
potentially harm students. Therefore, we must consider the roles and implications of social and
emotional aspects of Al intervention for students, teachers, and the educational environment.
Understanding potential changes and their impacts can guide us to optimize technology use, align
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AIEd with students' values and educational practices, and develop more effective and contextually
appropriate design solutions.

5.1.2 Better contextualizing AIEd to Promote Accuracy and Fairness. A recent HCI study on a
student-school assigning algorithm [112] revealed a clash between algorithm modeling
assumptions and real-world situations, as the algorithm overlooks the intricacies of existing
socioeconomic inequalities. This misalignment can compromise stakeholder values and hinder
fair allocation. Similarly, our participants’ concerns provide vivid examples of how the
educational landscape is littered with complex, multifaceted situations where a simple
quantification and data-driven approach could lead to students being unfairly treated. Therefore,
a more holistic and context-aware approach to AIEd is essential to ensure the technology does
not inadvertently exacerbate existing inequalities or misunderstandings.

Contextualizing Al requires a more comprehensive student data profile [72] including
contextual factors [116] such as student background, learning environment, psychological
conditions, and individual differences, which can lead to more effective learning experiences.
However, this increased contextualization, achieved through extensive data gathering and
analysis, could introduce greater intrusions into the educational process and students’ lives,
raising issues of surveillance, privacy, and student autonomy [134]. This ‘privacy paradox’ [143]
in education - the inherent tension between full data utilization and privacy - calls for a delicate
balance between acceptable data utility and ethical use.

In addition to the need for more nuanced data, the contextual understanding of AIEd should
be supported by pedagogical evidence and social theory. AIEd designers should raise awareness
of the social dynamics within which the collected data sits, providing social and emotional
contexts for data use [85] and making better sense of the digital data [121]. Our findings
emphasize student expectations that human involvement will complement AI’s limitations in
contextual understanding. This resonates with other work on Al-human collaboration and HCI
research [84], which stresses the vital roles of teachers in undertaking data work. Such work
recontextualizes data to mediate the data-driven educational technology reducing complex
students' experiences into simple behavior data. In the next section, we will further discuss
approaches that promote ethical and effective human-AI cooperation.

5.2 Understanding Human-Al Cooperation

CSCW research has extensively explored human-AI cooperation in high-stakes areas. Similarly
to Al in education, collaborative Al in healthcare includes Al assisting radiologists [111] and
clinicians [31, 147] with diagnostic insights, enhancing practices for therapists in rehabilitation
assessment [80], and collaborative decision-making between humans and AL These studies
highlight the transformative promises of Al, revealing healthcare practitioners’ perceptions of Al
automating [111] and supporting routine tasks [31], enriching human work by providing richer
information artifacts [80, 111], and allowing human professionals to focus on complex intellectual
tasks such as “reasoning” and “interpretating” or translating Al results [111] and execution of AL
By synthesizing human-based and algorithmic insights, healthcare professionals perceive Al
positively as a collaborative assistant or colleague (e.g., [147] [111]).

In fields beyond healthcare, Al is also seen as a complementary actor in human work, never
eliminating the need for human input [148]. Sometimes, Al is perceived not merely as a tool for
collaboration but as a subject [162] or an agent with its own agency (e.g., [62, 66]), influencing
organizational structures and stakeholders relationships [66]. These insights resonate with our
findings where students identified a potential restructuring of student-teacher communication
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dynamics and teachers’ future roles and tasks. Understanding the dynamic and complex roles of
humans and Al in its situated context is crucial for configuring effective human-AlI partnerships
[66].

This effective human-AlI collaboration requires strategic insights into task allocation between
Al and humans, optimizing interactions, and developing new collaboration paradigms [111]. It
has been revealed that human-AlI collaborative systems can enhance decision-making accuracy
[80] while human and AI can learn from each other’s strengths: therapists report greater
confidence in their decisions when supported by AI's analysis and feedback, while their comments
on Al analysis help improve Al systems. This cooperative dynamic has also been seen in AIEd
where AIEd and human can augment each other’s interpretations [58, 84]. Despite this, clinicians
maintain that Al systems must be verified by human professionals, who remain accountable for
the patient treatment outcomes [147]. This resonates with the student preference in our study
that teachers hold decision-making authority and overrule Al analysis results to ensure fairness
in special cases or pedagogical circumstances. It also resonates with teachers’ preferences in
another recent study that they should have the final say and take control over Al when Al
suggested student pairing plans. These teachers insisted that they know their students’ needs
better than Al analysis does [77], and that they are responsible for any actions in the classroom
when humans and Al share control.

Most importantly, humans must be equipped with an understanding of Al, since the effective
cooperation requires a bidirectional exchange of information between humans and AL It is
important to manage expectation in Al and the potential pitfalls of overpromising Al capabilities
in human-AI collaboration, especially overhyping the competence of the Al systems [71].
Transparency then becomes critical. For instance, recent CSCW studies ([31] [147]) emphasize
transparency and trust in collaborative decision making in healthcare, finding that clinicians
desired to understand not only the specific reasoning behind Al decisions (e.g., how the AI
processes the inputs and arrives at a decision) but also the basic global properties of the models,
including its strengths, theoretical limitations, expertise viewpoints, and design objectives [31].
Enhancing trust involves making Al capability and limitation transparent [147], and providing
training for humans for effective use.

5.2.1 Understanding Al: The Need for Teacher Awareness of Al Bias. Our participants
frequently perceived Al evaluation as an unbiased third party providing objective insight to
mitigate teacher preference and ensure fairness, unaware that algorithms, data collection, and
interpretation processes can inherently carry and amplify human bias [41, 85]. In turn, this bias
can reinforce social power differentials and discrimination [88] and exacerbate inequality in
education [85]. This echoes previous studies where people often assume algorithmic decision-
making to be fairer and more robust than human judgment [16], perceiving the algorithms as
impartial [41]. However, these unintended systematic algorithmic biases are not yet fully
understood [18]. While existing studies (e.g., [18]) explore and propose strategies for reducing
algorithm bias in education, they often overlook how teachers should manage biased insights
when algorithm bias cannot be fully erased, as is often the case. Hence, potential machine biases
should be made transparent to teachers. This knowledge can inform collaboration, such as how
much to trust Al outputs versus human judgment when they conflict.

5.2.2 Understanding Humans: Teacher Bias and Attention. Teacher-Al collaboration needs to
be aware not only of the inherent Al bias issues but also of how Al insights can bias human
perceptions. Our participants expressed concerns that AIEd analyses might further prejudice
teachers by influencing their expectations of students. Unfortunately, these students' concerns
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are corroborated by teachers’ concerns reported in another empirical study [85]. That study
revealed that data-driven insights from classroom behavior management systems can reinforce
and reproduce teachers’ bias, and even institutionalize bias, especially against marginalized
groups, perpetuating existing inequality in education. Ironically, we have demonstrated earlier
that students often perceive AIEd as an impartial party that can mitigate teacher bias, a perception
that could lead to disappointment when confronted with the reality of teachers’ perspectives.

There is another striking contrast between students’ and teachers’ perspectives: Students in
our study generally expect that Al can direct teachers’ attention to them when they struggle,
particularly those who identify as introverts. They view this system as a savior that can help them
secure the attention they desire. However, a previous study [85] discovered that teachers often
overlook quieter “invisible” students and focus on students with hypervisibility who frequently
gain rewards or penalties. Interestingly, some of our participants expressed the view that they
would exaggerate their struggles to turn the system into a communication medium, which might
actually work to make them noticeable. This, however, raises the question: does this new system
encourage students to reshape their behavior and inadvertently penalize quieter students for their
natural disposition? The HCI and CSCW communities need to establish measures of potential
system bias and raise awareness among teachers about the extent to which they might be
influenced by the system if we are to mitigate unintended sociotechnical influences on teachers.

We have discussed how participants acknowledged the potential for Al and human teachers
to counteract each other’s limitations within a collaboration. HCI and CSCW research must
discern how algorithms can be leveraged to mitigate disparities caused by human bias and how
human oversight can critically scrutinize and address biases introduced by Al [125], especially
biases related to race, gender, sexuality, among others, to prevent injustices. Additionally, it is
important to consider other vulnerable groups such as neurodivergent students who may be
misread by Al systems.

5.2.3 Exploring Optimal Frequency of Timely Intervention among Agencies. While Al
intervention, such as shared gaze visualization [131] and “co-orchestration” [61] where Al
identifies struggling students in real-time and notifies teachers to direct assistance [69], can be
beneficial, it may also create tensions between intervening to help the student and disrupting
their learning autonomy [143]. Our previous work [56] reveals that students’ perceptions of
intervention might vary based on their past achievement: confident students often view
intervention negatively as disrupting learning independence, whereas students with less
confidence typically see it as beneficial timely support. Given the dynamic and diverse nature of
the education system, designers need to consider the possible impacts in each specific situation
and the effects of individual student learning styles, preferences and needs [30, 95]. HCI and
CSCW researchers need to explore how and when interventions occur among Al, teachers, and
students, and determine the frequency that proves most beneficial for learning, while taking care
of the bias and inclusivity in the design [96], considering the student population is complex [77],
sensitive and vulnerable.

5.3 Students Behavior Change Challenges Al Effectiveness

The previous section raised questions about potentially reconstructed students' practices (e.g., to
ensure fair attention). As we said earlier when drawing from Suchman’s argument [130], the
dynamic interaction between humans and technology, situated in their social context, can
continually reshape their behavior. In this section, we will discuss how these reshaped human
practices can further impact AIEd functions.
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5.3.1 The Potential Impact of Continuous Observation on Students Behavior. The “Hawthorne
Effect” [76], a well-known phenomenon in the field of Human-Computer Interaction (HCI) and
psychology, posits that observing a person can result in a change in their behavior. This effect
has been considered in the design of many HCI methods (e.g. [20, 78]) - particularly as people
tend to behave in a more idealized way under observation, meaning that the observer has to wait
for a longer period of time until the monitored people revert to their natural behavior. Our stories
show potential behavioral changes (both deliberate and unintended) in student responses to AIEd’
s observation and evaluation. In the context of AIEd, the observers are obviously not humans but
digital agents who will help make decisions. Nonetheless, they may affect behavior. Even if this
effect is not guaranteed, its possibility requires careful consideration.

Narratives provided by our participants reveal descriptions of student resistance to the
learning environment with Al monitoring. This resistance manifests in students gamifying the
evaluation mechanism to achieve higher scores or pass tests, not necessarily to learn but rather
to navigate the system and attain their degree. Such gamification and rebellion are seen in other
areas where technology is imposed on others by people in authority. For example, children and
young adults whose whereabouts are geo-tracked by their parents via smartphone apps, have
deployed various clever measures to trick or thwart the digital surveillance, and have poured
scorn on both parents and tracking app companies [93].

In our study, projections about students’ potential deliberate behavior raises questions about
the integrity of the learning process and the potential disconnect between Al-driven evaluations
and genuine learning outcomes. AIEd’s evaluation approach to quantifying students' performance
enables calculations, easier comparisons, classifications, and rankings [36] among students. This
facilitates control and governance, where individuals start to reflect on their behaviors and
choices [52] and reconstruct their identities by simply accounting for the values [86]. A culture
of performativity arises as students adjust their behaviors according to quantifiable
measurements of performance success [90]. We saw these potential inauthentic behavior changes
of pandering to the evaluation in our participants’ stories.

To be sure, the occurrence and permanence of these potential behavioral changes in students
as they adapt to AIEd adoption remains unclear. This raises critical questions for the HCI and
CSCW communities: Are these changes acceptable? Will they persist in individuals or arise
among future student cohorts when and if the technology becomes commonplace? Can AIEd
deliver the promised learning outcomes amidst potential disruption of students' learning
processes? While adaptive systems have been developed to detect gaming behaviors [19], we must
consider the broader implications of these technologies on the educational landscape. This leads
us to question the envisioned future of education: Are AIEd systems designed in a way that
respects students’ autonomy and aligns with their educational values and goals?

Moreover, we lack measures of to what degree students are likely to engage in artificial
behaviors to satisfy or undermine the system. Existing AIEd measures primarily focus on system
utility and efficiency (e.g., [32]). Future HCI and CSCW work is thus needed to capture the degree
of users’ involvement in inauthentic behaviors driven by their perception of the system’s implicit
expectations. For instance, it is essential to understand how much trust students may place in the
system’s fairness and to what extent they may pretend to exhibit certain behaviors (including
dishonestly) to receive positive assessments from the system.

However, here we encounter a dilemma: conducting trials to examine the long-term effects of
AIED interventions on student behavior and learning outcomes could be unethical due to
potential unintended but harmful impacts. Thus, there should be, we submit, proactive and
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comprehensive consideration of potential unintended consequences of AIEd before it is designed
and implemented.

5.3.1 Impact of Students Behavior Change on Al Datasets. What further complicates matters
from our stories is this: students’ potential changed behaviors, when used as further data inputs
to Al systems, could further threaten the accuracy of AIEd analysis and functions. Here, changes
in behavior can directly impact data quality since datasets contain noisy, incomplete, misleading,
and unrepresentative data. A flawed dataset can undermine the robustness of Al tools [16] and
lead to misinformed decisions [144]. Unfortunately, inaccurate analysis based on erroneous data
might be treated as valuable evidence for directing students' learning [90] while teachers and
institutions accept that as an objective fact [104]. It could thereby create profound negative
implications for education and fairness. This issue is akin to challenges in medical Al (e.g., [124]),
where flawed data leads to costly misdiagnoses and recommendations. In classroom AIEd, these
behavior changes can occur subtly, without students’ or teachers’ awareness, making it
challenging to ensure data authenticity and evaluate dataset quality.

In addition to unintended behavior change, participants’ narratives exhibit the possibility of
deliberate acts of resistance against AIEd, including sabotaging the datasets. In particular, some
stories highlighted students' resistance stemming from their doubts about AIEd’s decision-
making criteria and perceived as procedural injustice: they view the over-simplified evaluation
approach and misrepresentation of data as unfair. This finding resonates with a previous study
exploring the relationship between student perceptions of classroom justice and student
aggression [34]. The study argues that students’ perception of procedural fairness (evaluating the
fairness of decision-making processes) positively correlates with motivation and effective
learning. To restore equity in the classroom, students may alter or cognitively distort their inputs
for being evaluated (e.g. performativity), leave the field (e.g. quitting school), or act against the
distributor of evaluation outcomes (e.g. hostile intent towards AIEd system). Our data provides
concrete examples of these potential behavior changes, extending the discussion to the classroom
learning environment with AL

Importantly, student resistance, aggression, and hostility toward AIEd, particularly any efforts
to disrupt the system by manipulating datasets, may be subtle and difficult to identify. The
previous study in the context of traditional classroom [34] suggests that individuals who are
currently enrolled in the educational system are more likely to engage in moderate, covert, and
indirect forms of aggression towards perceived unfairness, due to the lower risk of negative
consequences of such acts. However, in the context of AIEd, students' acts of aggression might be
more hidden. In our stories, students’ aggression targets the system’s core values by passively
withholding real information or data during the data collection process. This can manifest in
various ways, as shown in our data: faking facial emotions or performing learning behaviors that
don’t reflect their true engagement of understanding; conducting antisocial strategies such as
“contaminating the data model” (P30), or even mutinously rallying classmates to disrupt the
system collectively. This covert resistance underscores the impact of student behavior changes
on Al dataset, an unanticipated challenge that needs to be considered in the AIEd design and
adoption.

When our participant P39-T referred to Goodhart’s law by saying, “When a measure becomes
a target, it ceases to be a good measure” [129], they highlighted how system can be easily
manipulated by students altering their behavior to achieve high scores, thereby misleading
evaluation progresses. Similar behavior changes to distort data and meet metrics for
accomplishing individual’s situated goals have been observed in organizations using analytics for
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decisions making and assessing worker performance [136]. This organizational study [136]
applies signaling theory to describe Goodhart’s law: when data produced by workers are used to
measure their performance or inform decisions, these data as signals are not neutral. They are
often manipulated to convey a specific message or achieve particular objectives. Consequently,
measures become ineffective due to the faulty assumption that the signals are honest, reliable,
static, or interpreted accurately. The validity of metrics and analytics insights can be thus
rendered doubtful.

These signaling acts (either gaming, conforming, or resisting the evaluation mechanism) can
potentially empower workers or students, allowing them to assert agency. However, they can
also create a feedback loop: technology adoption influences individual behavior, which in turn
affects the system performance—as seen in Fig.1. This interplay raises pressing concerns: an
overly invasive system like AIEd might not only bring unintended impacts on students and the
pedagogical landscape, but also jeopardize system effectiveness. This concern has been similarly
raised in the workplace, where, under the influence of monitoring systems, work may become a
“strategic, iterative cat-and-mouse game” between organizations attempting to quantify worker
performance and workers who continuously adjust their behaviors to manipulate the metrics
[136]. Nevertheless, unlike AI used to evaluate work performance, the intended outcome of
classroom observation Al is not only to assess students but to help teachers be aware of classroom
situations so that to provide targeted assistance to help students to learn.

Fig. 1. Recreation of the Repeating Changing Circle.

As HCI and CSCW researchers, we must assess the possible implications on both individuals
and ecosystems like education in which Al, students, teachers, and the educational environment
are situated, especially when the impacts can be negative, and the outcomes can misalign with
the intended objectives.

6 Limitations and Future Work

The Story Completion Method (SCM) is a relatively novel method, and the extent to which the
framing of the story stems influences participants is not yet fully understood. As noted earlier in
the method section, our scenario framing, particularly the use of terms like ‘monitoring’', may
have unintentionally steered responses towards more negative perceptions, eliciting specific
emotional and behavioral reactions in narratives. While this approach can help highlight negative
feedback and better prepare designers for potential worst-case scenarios, we recognize the
importance of careful language use. This insight is valuable for future speculative research, as it
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emphasizes the need to refine scenario crafting to minimize biases and ensure a diverse array of
responses is captured.

As a speculative method, SCM is used to explore commonly held assumptions from a social
constructivist perspective. Our study has shown the effectiveness of SCM in detecting a range of
possible implications of future technology adoption. The third-person perspective, rather than
asking “your perspective”, enables participants to project their fears and anticipated behavioral
changes when addressing their considerations in sensitive contexts like education. The HCI and
CSCW community could leverage this method to understand the potential ethical and educational
impacts of other emerging Ed-tech, such as ChatGPT in education, from the viewpoint of students,
teachers, and institutions alike. Of course, such speculative methods need to be complemented by
studies of actual contexts where that is possible and, furthermore, ethical. Our study focuses on
the context of AIEd’s adoption in higher education where student groups are university students.
As students in different age groups may interact with and perceive the system differently, future
studies could extend the participant age range to include under-18 teenagers or younger children.
Additionally, future work should expand to other stakeholder groups such as institutions and
educators.

7 Conclusion

Integrating Al in education transcends mere technological endeavor. It is a complex process
deeply rooted in the social, cultural, and emotional landscape of the educational environment,
and involving the diverse backgrounds and learning needs of students. Our study explores how
students perceive Al in this intricate setting, revealing the dynamic interplay between Al teachers,
students, and the broader educational system. We spotlight critical concerns: AI’s potential to
decontextualize education settings; Al-teacher collaborations fraught with biases and power
disparities; and AI’s potential impact on student behavior, which can in turn challenge AI’s
technical efficacy. Our findings highlight the possibility that changes in one component of this
ecosystem can lead to unintended (negative) implications in others. Since education settings are
sensitive and students are vulnerable, there is a need for AIEd designs and implementation to
consider these contextual nuances. We would therefore re-emphasize to the CSCW and HCI
communities the importance of a holistic approach, one that considers Al, teachers, students, and
the learning environment as an interconnected whole, rather than isolating Al in a technical
vacuum [53]. Such an approach should help ensure that AIEd systems not only enhance learning
outcomes but also integrate ethically into the entire educational experience. This balanced
consideration of AI's potential alongside a range of concerns paves the way for more effective,
ethical, and contextually sensitive Al-facilitated education.
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Appendix
Appendix. Story Completion Tasks

* The codes presented throughout the stories correspond to the functions and techniques outlined in Table 1, which are
based on existing research proposals and Al-driven educational tools. Each code, such as [ATI] for Automatic
Evaluation and Timely Intervention, is used to reference specific Al functionalities integrated into classroom settings.

Scenario 1: During this summer break, Charlie’s University has implemented an intelligent Al
education system to assist teaching. It is the first lecture of this semester. Charlie walked into the
classroom. He heard his classmates whispering: There will be an In-Class Surveillance by using the
Classroom Behavior Analysis System:
®  When students walk into the classroom, the system records their attendance by Facial
Recognition Technology [CEM]. It will then be generated as engagement data stored in the
Classroom Attendance System.
®  During the class, the system will capture students’ affective (emotional) states, such as when a
student is either confused or confident, using an Emotion Recognition Technology [CEM]. Then
the analysis report will be created for teachers to understand students’ emotional readiness and
cognitive needs for their learning [AEA][RBA].
®  Each student’s learning material and feedback will be generated via real-time analysis in class
[RBA], to build a profile of the student’s progress in each class. Across a term, this data will
generate a personal “Education Profile".
Now the class bell rings, Charlie feels ...

Scenario 2: The lecturer said: “Let’s have a group discussion”. Charlie then heard another whisper from
his classmates:

®  During the in-class groupwork practice, the system will also identify what each student is doing
and saying, by using Facial Recognition and Voice Recognition. Eye Tracking Technology will be
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used to capture the amount of time that each student is focused on each learning resource
[EGT]. Then the analysis report will be created by Eye Tracking for the teachers to understand
the learning progress of the class and the efficacy of the chosen learning recourses.

Now the classroom becomes noisy and full of conversations, Charlie ...

Scenario 3: On another day, Charlie learns that there is a digital “Education Profile” that tracks all
education-related data for every student (e.g., data of in-class emotion, voice, facial expressions, gesture,
academic scores). This profile provides real-time analysis during class and identifies each students’
academic weaknesses and strengths [ATI]. Based on this analysis, it suggests personalized learning

pathway and generates tailored recommendations for learning resources targeting areas of improvement
[APR].
®  The Education Profile will work with an Academic Early Warning System [PAW]: It has a high
accuracy of predicting when a student is likely to drop-out or fail from a subject. It captures the
learner’s mindset and how it changes over time, such as a student’s attitude towards a lecture
changed from positive to negative and unwillingness to engage increased. It has strong
indicators to track students’ progress and identify changes in each student’s learning confidence
and motivation toward a course. The system can automatically trigger an alert to ask for timely
interventions to support students’ learning, such as providing targeted feedback to teachers
[ATI].
®  The Education Profile will also work with an Intelligent Evaluation System, which automatically
assesses homework and provides customized learning assistance when students’ struggles are
identified [ATI].
Later that day Charlie is in a group exercise on algebra, on a topic he finds quite hard. He knows the
Education Profile is going to be used to see how he and his class are doing .... What happens next?
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4.7 ADDITIONAL REFLECTIONS

While generating the findings, I noticed that students’ ethical concerns and
perceptions varied significantly between the different AIEd tools presented in the
scenarios. As mentioned briefly in the methodology section, there was a notable shift in
attitudes from Scenario 1 and Scenario 2, which both emphasised Al monitoring, to
Scenario 3, which focused on functions like customised learning suggestions derived
from data collected through Al facial and emotional analysis. While students found the
system more acceptable in Scenario 3, this does not diminish the discomfort or concerns
expressed in the first two scenarios regarding being monitored while studying. These
differing attitudes informed my decision to design the Study 3 experiment, which
examines students’ specific preferences and attitude changes toward distinct functions

and elements of AIEd - this will be discussed in detail in Chapter 6.

How I presented the findings of this study has evolved through multiple rounds of
feedback and revisions, shaped by reviewers’ revision comments or rejections. A
recurring critique was the perceived negativity of the results, with reviewers often stating
that “the results paint a very negative picture.” Many suggested toning down the claims
to avoid positioning the research as opposing technological advancements. However,
there were also contrasting viewpoints, with one reviewer urging a more critical stance
and suggesting that certain technologies should be outright discouraged in education.
Throughout this process, I have remained steadfast in my commitment to presenting
findings that are faithful to the data, focusing on what participants’ narratives told me,
and deriving implications that prioritise the well-being of users. The negative results,
though speculative, can be seen as worst-case scenarios, serving as critical guideposts for

responsible AIEd design.

Chapter 4: Students’ Perspective: Ethical and Sociotechnical Consequences of AIEd Adoption 133



Chapter 5: Powerful Stakeholders’
Perspectives: Ethical Gaps and
Power Dynamics in AIEd
Decision-Making

The previous chapter (Chapter 4) explored students’ ethical concerns and
perspectives on AIEd adoption. This chapter presents the findings from Study 2, which
examines whether other key stakeholders that are more powerful in AIEd adoption
decision-making have considered and addressed students’ concerns. Study 2 addresses
RQ2: “How do stakeholder dynamics shape ethical risks in AIEd adoption?” 30 in-depth
interviews were conducted with parents, developers, school governors and teacher
representatives. Through reflexive thematic analysis, Study 2 uncovers three critical gaps
in ethical AIEd design and adoption and the underlying power dynamics shaping these

1ssues.

Viewed in relation to Study 1, the findings from Study 2 reveal a striking disconnect
between students’ concerns and considerations of decision-makers, exposing a
fundamental misalignment in AIEd adoption (discussed further in Chapter 7). This gap
underscores how differing ethical considerations and value systems can exacerbate the
existing challenge of AIEd adoption. This finding marks a crucial turning point in this
thesis to explore the ethical challenges of AIEd adoption. It shifts the focus from
individual stakeholder concerns to the structural problems of AIEd governance. On the
one side, students’ values are overlooked; on the other, current accountability
mechanisms fail to protect students from potential harm. This tension sets the stage for
Study 3, which investigates whether students align with the value priorities and trade-ofts

expected or imposed by more powerful stakeholders.

This chapter begins with a brief recap of the study’s approach (Section 5.1) and its
contribution to the thesis (Section 5.2). It then presents the under-review manuscript
arising from Study 2 (Section 5.3), followed by additional reflections which has not been

covered in the paper (Section 5.4).
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5.1 APPROACH FOR STUDY 2

As detailed in Chapter 3 Section 3.5, Study 2 employed semi-structured interviews
to interrogate more powerful stakeholders’ lived experiences, ethical concerns, and
decision-making processes in AIEd adoption. 30 participants were interviewed (10 school
governors and teacher representatives, 10 parents, and 10 developers), with each session

lasting between 45 and 70 minutes.

To ensure both depth and consistency, interviews begin with general questions
about participants’ roles and experiences with AIEd before transitioning to more specific
questions about ethical considerations and responsibilities. To maintain continuity with
Study 1, participants were introduced to the same AIEd scenarios used in Study 1’s story
prompts. This approach also offered a consistent and clearer understanding of AIEd
artefacts and their application among different participants, allowing for more informed

and focused reflection on navigating AIEd adoption in their perspective.

The interview data were analysed using Reflexive Thematic Analysis (RTA) to
uncover patterns, themes, and tensions across stakeholder groups. This analysis allowed
the study to identify shared concerns, knowledge gaps, conflicting priorities, and deepen

the understanding of structural challenges in ethical AIEd adoption.

5.2 FINDINGS AND CONTRIBUTION TO THE THESIS

Study 2 contributes to this thesis’s overarching research question — “What are the
ethical challenges in adopting artificial intelligence in education (AIEd) from the
perspectives of different stakeholder groups?” — by turning to the perspectives of the more
powerful stakeholders in decision-making in AIEd design and adoption. By focusing on
decision-makers’ responses, this study uncovered three critical ethical gaps that emerge
in AIEd adoption processes: 1) systemic exclusion of students — arguably the most
affected yet least powerful group — in decision-making processes about AIEd adoption;
2) developers’ pragmatism under significant project pressures including project delivery
demand and deadlines that relate to financial burden, and limited engagement with ethical
considerations post-adoption; 3) school’s limited technological literacy necessary to
critically evaluate AIEd systems or foresee their potential consequences. Underpinning
these ethical gaps are deeply rooted power dynamics involving knowledge asymmetries
and authority imbalances. Developers, as technical experts with knowledge power, wield

significant control over the design and implementation process, while schools and parents
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- despite being decision-makers - often defer to this technical expertise. Students, as the
most vulnerable group, have the least agency but bear the brunt of AIEd’s impacts,
positive or negative. These dynamics entrench disadvantages and contribute to flawed
decision-making that neglects ethical considerations in favour of other priorities (e.g.,

perceived educational outcomes or institutional pressures).

Study 2 contributes this power dynamic model of AIEd adoption (Fig. 4). This
model made visible how different forms of power, including knowledge and authority,
are distributed among stakeholders, providing a stakeholder-centred framework for

addressing the ethical challenges of AIEd adoption.
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Fig. 4 Power dynamics that may facilitate ethical gaps in AIEd adoption and ways of addressing them.
(This figure is presented in its original form from the manuscript in Section 5.3 of this thesis.)

Study 2 directly addresses Problem 2: Limited Understanding of Stakeholder
Dynamics in AIEd Adoption, by examining how power is distributed across stakeholder
groups, and how this shapes the design, adoption, and governance of AIEd systems. It
offers a nuanced account of how institutional pressures, varying levels of Al literacy, and
role-specific priorities influence stakeholders’ engagement in ethical decision-making.
Crucially, the study reveals the structural exclusion of students from these processes,
highlighting a critical gap between those who decide on AIEd systems and those most
affected by them. By surfacing these dynamics, Study 2 contributes empirical insights to
inform more effective governance mechanisms and foster more informed, balanced, and
ethical adoption processes. For instance, the findings advocate improving the Al literacy

of key decision-makers (e.g., schools and parents), and integrating student representatives
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into decision-making structures, to help mitigate power imbalances and strengthen ethical

oversight.

This study also contributes to addressing Problem 4, Limited Understanding of
Ethics in AIEd. 1t shifts the ethical focus from merely evaluating the impacts of AIEd
technologies to interrogating the broader sociotechnical systems and institutional
conditions through which they are designed and adopted. The findings demonstrate that
ethical risks do not reside solely in the technology itself but emerge from the relational
and procedural dynamics of governance. Study 2 offers a systemic perspective to enrich
existing ethical frameworks by underscoring the importance of context and power in

shaping ethical outcomes.

More broadly, Study 2 advances the thesis’s overarching aim of promoting ethical,
context-sensitive AIEd design and adoption. It challenges the assumption that user-
centred design approaches (e.g., participatory design) alone can ensure ethical outcomes
- particularly when applied without consideration of broader social and institutional
dynamics. This study provides a vivid case showing how decision-makers prioritise
teachers as direct users, while treating students as passive recipients, reinforcing existing
power hierarchies. This contribution extends beyond AIEd, offering critical lessons for
other multi-user systems such as Al in healthcare or hiring (further discussed in Chapter
7). It emphasises the need to situate design practices within their wider sociotechnical
context and power-related complexities, to ensure more equitable and responsible

technology implementation.

5.3 ETHICAL GAPS IN AIED DESIGN AND ADOPTION: STUDENTS’
SYSTEMATIC EXCLUSION, DEVELOPERS’ PRAGMATISM,
SCHOOLS’ LIMITED AI LITERACY

Study 2 findings have resulted in a manuscript that was submitted for publication

to IJHCS in March 2025.

The paper manuscript begins on the next page.
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Ethical Gaps and Power Dynamics in Decision-Making about Al Adoption: The

Case of Al for Monitoring Student Learning in Education

Adopting Al in multi-stakeholder contexts often involves complex ethical challenges, particularly when decision-makers are not
directly impacted by the technology. Ethical challenges arise not only from the design of the Al technology but also from the social-
technical systems within which it is developed and deployed. If these issues are not addressed in the decision-making, disempowered
stakeholders may be harmed. This paper examines how stakeholder dynamics in Al adoption contribute to negative outcomes, using a
case study of Al-based student monitoring in K-12 education. These systems analyse students’ emotions, concentrations, and classroom
performance to inform teaching. We conducted 30 semi-structured interviews with key stakeholders: parents, school representatives,
and developers. Our findings identify three key factors with potential to negatively affect decision-making: exclusion of vulnerable
stakeholders (students) from decisions, pragmatism of and pressure faced by Al developers, and deficiencies in technological literacy
limiting due diligence among school governors. These factors arise from power dynamics related to knowledge and authority, resulting
in insufficient accountability mechanisms to mitigate the ethical risks of AI adoption in education, such as negative and enduring
impacts on student well-being and learning. The paper suggests addressing these power imbalances by increasing Al ethics literacy of
key stakeholders to ensure effective oversight. By focusing on systemic gaps throughout Al design and adoption processes, this work
shifts the ethical focus from the impacts of Al adoption to the processes that create negative outcomes. Beyond education, these insights

inform various other multi-stakeholder AI adoption contexts such as digital health and public services.
CCS CONCEPTS « Human-centred computing -> Empirical studies in HCI; Empirical studies in collaborative and social
computing.
Keywords: Ethics, Al in Education, User-centred Design, Accountability, Power Relations, Stakeholder Relationships,
Multi-User Systems
Article Highlights:

e  Power dynamics (knowledge, authority) create accountability gaps in AIEd adoption decisions.

e  Students’ values and needs are systematically excluded in AIEd design and adoption processes.

e Developers’ pragmatism, shaped by organisational pressure and knowledge power, overshadows ethics.

e Schools’ Al illiteracy in AIEd decisions fails to shoulder the ethical responsibility.

e  Mitigate power imbalance by enhancing Al literacy to enable effective ethical oversight.

1 INTRODUCTION

Al adoption can be an ethically complex and intricate undertaking, especially where multiple stakeholders make
decisions about the technology’s design and implementation. Ethical problems with Al may be exacerbated when
decision-makers do not directly experience unintended negative impacts. This occurred, for instance, when Amazon’s
Al hiring tool for streamlining job candidate selection discriminated against female applicants due to biases in historical
data [13], and when a healthcare algorithm in US hospitals exhibited racial bias in its patient risk predictions [54].
Insufficient ethical reflection and action in the design and development process of technologies is a problem the HCI
community has long sought to address (e.g., [37, 75, 132]). However, we still lack a detailed understanding of how certain

decisions shape an Al system’s design, implementation, and governance in various real-world circumstances.



HCI research has explored human factors influencing the ethical design and adoption of Al systems (e.g., [7, 24, 37]),
especially in multi-user settings and high-stakes domains (e.g., [25, 70, 88]). HCI scholars have acknowledged the
conflicts between the values of different stakeholder groups and inherent power imbalances, such as in student-teacher
[93], patient-healthcare provider [28, 29], and employee-employer relations [88]. These conflicts can compromise the
ethical deployment of Al and may disproportionately affect disempowered users (e.g., [88]). Effective solutions for
resolving value compromises, however, remain elusive. What is currently lacking is an understanding of how
stakeholder dynamics affect AI adoption and address or contribute to its ethical challenges. In this paper, we explore
how power dynamics among stakeholders can lead to ethical gaps, taking the example of monitoring-focused Al in
Education (AIEd).

Monitoring AIEd encompasses Al technologies such as facial recognition, gaze tracking, and emotional detection to
observe, monitor, and analyse students’ behaviours, activities, and performance in educational settings [76]. These
technologies, which are the focus of our study, have already been deployed in educational institutions (e.g., [104]). There
they have raised ethical issues such as data privacy [15, 23, 57, 63, 110] and algorithmic bias [68, 77] related to race,
ethnicity, nationality, or gender that can unfairly affect student outcomes [11, 132]. However, broader sociotechnical
implications may arise including, synthetic student behaviour [43], impacts on wellbeing and disruption of learning
autonomy [46], magnification of teacher biases [44, 68], and exacerbation of educational inequality [11]. When such
challenges emerge, they can be very challenging to address. While much is known about various negative effects of
technology adoption [90], empirical studies mainly focus on concerns from individuals directly interacting with
technology, such as students [43, 52] and teachers [58, 92] who are already dealing with any consequences of decisions
made during the setup process. Less attention has been paid to the decision-making processes behind implementation,
and how stakeholders navigate decisions which can contribute to these ethical consequences. This study aims to address
that gap.

Our study asks: How do stakeholder dynamics shape ethical challenges in the adoption of multi-user systems like AIEd?
We conducted 30 semi-structured interviews with key stakeholders involved in monitoring-style AIEd rollout in K12
schools: parents, school representatives, and developers. The findings reveal three systematic ethical gaps: the exclusion
of vulnerable stakeholders (students) in decision-making; pragmatism and pressure felt by Al developers; and limited
technological literacy and failure of ‘due diligence’ amongst Al customers (schools). Underpinning these gaps are two
types of power dynamics, involving knowledge and authority. These power imbalances can entrench disadvantages for
the most vulnerable stakeholder group—students—and result in ineffective accountability mechanisms to protect
students from unintended ethical harm. We further uncover limitations of conventional user-centred design approaches
which often marginalise disempowered user groups as passive subjects of system impacts, both positive and negative.
Finally, we discuss how flawed decision-making due to power imbalances might be mitigated, such as by improving Al
literacy amongst certain decision-makers and empowering them to make more informed ethical choices and effective
oversights. Our findings have ramifications beyond AIEd for multi-user systems where power imbalances are salient.

This research contributes a critical understanding of how ethical considerations are negotiated in real-world ATEd
design and adoption processes, revealing how power dynamics and value priorities shape ethical decision-making. It
expands our understanding of the Al adoption challenges, by shifting the focus from the impacts of technology design
alone to a more systemic view of how ethical systems are created and implemented. By exposing how stakeholder
dynamics can obscure or override ethical concerns, this study offers empirical evidence of the structural barriers to
inclusive and ethical AIEd governance. The study complements existing normative ethical frameworks for Al, by

broadening the ethical scope, advocating for comprehensive “organisational and systemic approaches” to ethical issues



[88] that address both traditional Al ethics concerns (e.g., algorithmic fairness and data security) and the deeper decision-

making processes that drive negative outcomes.

2 RELATED WORK

This section first reviews HCI studies on the challenges in Al development or adoption involving multiple stakeholders
(Section 2.1). It then introduces Al-enabled classroom performance management systems and reviews possible ethical
impacts associated with their adoption (Section 2.2). Finally, it briefly discusses existing ethics models for Al and Al in

education, which our approach of exploring ethical challenges seeks to complement (Section 2.3).

2.1 Challenges in Al Adoption: Stakeholders Dynamics

Al systems involve multiple stakeholders each of whom play critical roles in shaping the development, deployment, and
governance of the technology. These stakeholders — developers and designers, adoption decision-makers, and users —
can either influence or be influenced by the ethical challenges that arise throughout the Al adoption process. This section
first reviews the challenges faced by Al practitioners, particularly developers and designers, who are key players in
shaping AI systems [40] (Section 2.1.1). It then examines the value tensions among various stakeholders including

multiple users and developers within the broader ecosystem of Al adoption (Section 2.1.2).

2.1.1 Challenges for Al practitioners

A significant body of HCI research has focused on understanding and addressing the challenges faced by Al practitioners
in developing ethical systems, sometimes offering tools designed to support creating more ethical Al [14, 51]. For
example, some of these tools help to assess and mitigate unfairness for machine learning algorithms. However, while
these tools empower developers to address ethical challenges arising from technical aspects, they do not fully address
the needs of practitioners in real-world industry settings [51]. There are broader challenges that practitioners face in the
ecosystem of Al development.

Studies reveal that individual practices, personal values, professional expertise, and ethical beliefs play a crucial role
in guiding practitioners such as designers and developers in their decision-making processes (e.g., [41, 95, 125]). For
instance, individuals often draw on their personal values to evaluate design decisions, creating a strong connection to
ethical stances in their work [41, 95]. In some cases, personal or reputational motivations drive ethical actions [125].

However, these individual values, motivations, and practices can come into conflict with organisational structures,
pressures and goals such as budget limitations, tight project schedules, client expectations, and the organisation’s
overarching focus on profitability or usability [26, 41, 95]. While AI practitioners may recognise ethical concerns in
designing and developing Al systems, organisational pressures often hinder their execution of ethical decisions. Aligning
individuals’ responsible Al initiatives with organisational business goals is often difficult [95]. Furthermore, practitioners’
ethical responsibility and engagement are often constrained by their professional roles and identities [26]. For instance,
UX designers and engineers might focus on user-centred goals but lack the authority to challenge broader efficiency-
driven organisational decisions [26]. HCI scholars have highlighted this tension between individual practices and the
organisational environment, emphasising the need for organisational support to enable ethical practices [78, 95].

It has been revealed that industrial organisations often adopt a reactive approach to creating responsible Al systems,
driven by external pressures such as media scrutiny, reputational risks, or regulatory requirements, rather than
proactively addressing ethical concerns [95]. This reactive stance, combined with the lack of accountability and unclear

roles within organisations, results in individuals shouldering the burden of initiating responsible Al efforts without



sufficient structural support [95]. Such conditions compound the challenges discussed earlier, as practitioners are left to
navigate ethical concerns in isolation. Similarly, [125] highlights the presence of fragmented accountability in Al
development. In modular Al systems, different teams or organisations develop interconnected software modules, leading
to divided responsibility. Within this environment, individuals often view their role as confined to specific technical
tasks, leaving broader ethical concerns to others, which further reduces accountability for the overall system [125].
Gray and colleagues [40] stress the inherent ethical complexity faced by technology designers, particularly the power
dynamics between stakeholders. Designers may inadvertently reinforce structural inequalities or employ deceptive
design techniques (e.g., "dark patterns") to meet organisational or client goals. While these practitioners may initiate
such decisions, their work is nonetheless deeply influenced by and has far-reaching impacts on various stakeholders
across the ecosystem. Gray and colleagues [40] emphasise that designers must navigate and balance competing ethical
considerations from multiple stakeholders, a challenge that becomes even more pronounced as Al adoption intersects
with diverse interests and values. This dynamic not only complicates the challenges practitioners face within their
organisations, but also sets the stage for broader tensions between values in Al development that involve not only

designers but also other users and stakeholders within the ecosystem.

2.1.2 Stakeholder Tensions

Ethical complexities and challenges also extend beyond practitioners to involve a wider range of stakeholders. HCI
research has long investigated various stakeholders’ perspectives to promote ethically informed Al systems. This effort
seeks to ensure that deployed Al systems align with diverse stakeholder values, thereby ensuring fairness (e.g., [25]),
acceptance by all groups (e.g., [88]), protection for vulnerable groups (e.g., [59]) and successful uptake (e.g., [24]).
However, this research frequently reveals complex tensions and divergences between group interests. For instance, in
multi-user contexts like HR systems, firms and employees have differing interpretations of the term “fairness” [88]. This
disparity, coupled with the research gap in effectively engaging less powerful stakeholders, leads to design decisions
that disproportionately favour dominant groups [88, 98]. This may disadvantage underrepresented cohorts and
potentially perpetuate power inequalities. Similar disparities manifest in education, where, for example, teachers and
students have different preferences for control levels for students’ interactions with intelligent tutoring systems [130].
This unaddressed tension creates design challenges and potentially unfair and unequal collaborative opportunities for
students [130].

Value conflicts in Al systems extend beyond user groups, to Al practitioners. One study on Al recommendation
systems revealed tensions between developers and users in value interpretation and practices regarding privacy,
transparency, and fairness [24]. In these ways, design decisions can mismatch with user expectations. Developers also
face challenges in addressing differing stakeholders' needs, as seen, for example, in health chatbot design [55]. In
education, algorithms used to assign students to public schools have been found to overlook socioeconomic inequalities,
causing a misalignment between intended values and real-world harms [97]. HCI has advocated for ongoing stakeholder
engagement [32], value trade-offs [55, 97], and safeguards to protect vulnerable groups from powerful stakeholders [97].

While significant efforts have been made to identify challenges in creating ethical Al systems, such as the tensions
faced by practitioners within industry organisations over ethical actions (Section 2.1.1) and value conflicts between
stakeholders in real-world Al design and adoption (Section 2.1.2), there is a limited understanding of how these
challenges interact across different stakeholders. Specifically, studies rarely explore how practitioners navigate tensions
between internal organisation goals and external, competing ethical considerations from various stakeholders within

specific adoption contexts. Furthermore, little is known about the interactions between decision-makers — such as users



or clients — and Al practitioners in shaping the design and adoption of AI systems, and how the values of these
stakeholders ultimately influence the decisions made. There is a notable gap in empirical research on the inter-
stakeholder dynamics within the real-world AI design and adoption ecosystems, particularly regarding how these
dynamics may obscure or affect ethical concerns. These dynamics, in turn, can lead to adoption decisions that either
mitigate or exacerbate ethical challenges. Understanding how Al adoption decisions are framed is vital to ensuring that
positive intentions behind ethical Al development are realised. This paper aims to explore these complexities within the

Al in Education (AIEd) context, where, as we shall see, power imbalances are prevalent [74].

2.2 Monitoring-Focused AIEd and its Potential Ethical Impacts

This study involves Al-enabled systems for classroom monitoring and detection of students’ in-class performance [4, 9,
49]. This section first outlines the current systems in this field (Section 2.2.1) and then reviews their potential ethical

impacts (Section 2.2.2).

2.2.1 Monitoring-Focused Al Systems in Classrooms

Al-enabled classroom performance management systems heavily rely on data about students' behaviour and attitudes
obtained through in-class monitoring cameras [4] which embed Al-enabled facial and emotion recognition techniques
[100]. These systems detect students' behaviours from head movements [1, 89], emotional expressions [9, 31], and eye
direction [2, 53]. This data allegedly gives real-time insights into student performance and engagement [9, 53, 100] and
facilitates predictions of performance or dropouts [62, 129], early warning [82], automated intervention [50], and tailored
learning recommendations [3] (see Table 1).

Most work on designing classroom AIEd tools positions teachers as the primary users [9]. For instance, using the
information collected on students, some AIEd seeks to guide teachers on improving teaching strategies [2, 6, 31] and

allocating their attention based on student needs [6].

Table 1: Existing Monitoring-Focused AIEd Artifacts and Related Functions

Category Application Examples
Classroom Facial / Emotional / Eye Gaze Monitoring [2, 53, 64, 100]
Awareness & Emotional Engagement Analysis [31, 49, 50]

Real-Time Learning Performance Analysis [1,9, 64, 89]
Automatic Evaluation and Timely Intervention [3,9]

Prediction and Academic Early Warning [38, 62, 82, 129]
Adaptive Personalised Recommendation [3]

Despite the intended benefits of this technology, existing HCI studies on AIEd development often lack ethical
awareness. For instance, some studies underscore how Al helps teachers to scaffold learning [9] and minimise students’

off-task behaviours [49], while overlooking possible negative impacts.

2.2.2 Ethical Impacts of Monitoring AIEd

Recent HCI studies have revealed students’ responses to classroom monitoring Al. Many students perceive Al
monitoring as a classroom panopticon [43]. In response, they may change their behaviours to avoid Al-determined
penalties. The perception of a panopticon may foster a culture of acting rather than genuine learning. It may also induce
fears and anxieties, with significant and potentially enduring effects on student wellbeing, and lower their trust in

education and their active learning [43, 44, 46]. Resulting behaviour changes might become long-lasting and potentially



affect other aspects of students’ lives. A quantified approach to students’ learning and social interactions [67] might
promote obedience in classroom practices [43, 126] but reduce learning autonomy [45, 69]. AIEd monitoring could also
have broader implications. For example, labelling certain students as ‘disengaged’ [83] could perpetuate stereotypes [60]
and amplify race, gender, ability, culture biases amongst teachers [68]. The compounding social injustice that results

may be extensive yet subtle and require significant redress.

2.3 Existing Ethical Frameworks for Al and AIEd

There has been growing ethical attention to Al in academia (e.g., [33, 56]), global institutions (e.g., [117, 127]),
government departments (e.g., [10]), and Al ethics initiatives (e.g., [22]). Various frameworks (e.g., [34, 56]), guidelines
(e.g., [8]), and checklists (e.g., [70]), have been developed to guide ethical practice, addressing concerns such as privacy,
consent, bias, transparency, explicability and fairness [94]. Computational or data-centric issues, like bias and fairness
in data and algorithms, can sometimes be measured, mitigated, or addressed through indicators or metrics. These
approaches primarily focus on the technical aspects of the problem. Yet UNESCO’s [117] global standards for Al ethics
emphasise the “profound and dynamic” influences of Al, and advocate to consider its broader situated context,
particularly in high-stakes domains such as healthcare, justice, welfare, and education [22]. To develop more effective
and context-specific solutions, we need a deeper understanding of specific ethical considerations and contexts in which
Al is developed and implemented. This study seeks to support these ongoing ethical discussions by focusing on the
adoption of Al in educational settings.

In the field of Al in Education (AIEd), the ethical focus has predominantly been on computational and data-centric
issues such as bias, data privacy, and algorithm fairness [48]. Specific checklists (e.g., Greller & Drachsler’s [42],
DELICATE [30], SHEILA [115]) aim to address these ethical issues, particular in the context of institutional
implementation and adoption processes. Ethical frameworks (e.g., EEAI framework [105], IEAIEd's [112]), along with
policy guidelines developed by global institutions (e.g., UNESCO [79, 116], UNICEF [119], World Economic Forum [127]),
offer higher-level principles to guide the ethical use of Al technology in schools. While these frameworks are crucial,
knowledge of ethical principles does not necessarily avoid real-world harm. For instance, bias and fairness are core
concepts of AIEd ethical frameworks [48], but Al may subtly amplify teachers’ biases without their awareness.

Despite offering normative guidance on ethical Al these frameworks tend to focus on the technical design of Al
systems. This leaves a significant gap in our understanding of how these ethical issues emerge during the design and
adoption stages within broader sociotechnical systems. The ethical consequences of Al adoption do not merely result
from technical flaws or features, but also stem from the interactions between stakeholders, which influence how Al
systems are designed, implemented and used. How these human factors contribute to ethical challenges has yet to be
fully explored.

This study aims to fill this gap, by shifting the focus from examining technical issues such as Al bias and the impacts
of Al implementation, to a systemic view of the design and adoption processes that shape various outcomes. It examines
how Al systems are created, implemented, and governed within multi-stakeholder contexts, using an example from AIEd.
It seeks to expose how values embedded in this process and stakeholder dynamics can lead to unethical outcomes. In
this way, the study aims to broaden existing ethical discussion about Al adoption, and to complement existing normative
frameworks with a more comprehensive understanding of potential ethical failings and their implications in educational

contexts.



3 METHOD

We take the case of adopting monitoring-focused AIEd in K12 settings to examine ethical gaps stemming from
stakeholder decision-making processes. We focus on AIEd designers and developers, school and teacher representatives,
and parents (as agents of their children studying in K-12 education). While students are obviously central stakeholders,
our study design did not involve children under 18 years, for two reasons. First, we focused on the viewpoints of
stakeholders who have input into or oversee the education system and make decisions about AIEd. Second, we have
specifically examined student perspectives on this technology in two previous studies [43, 44, 47][one under review].
Nonetheless, the vital interests of students come through clearly in this study.

We conducted 30 semi-structured interviews with the above stakeholders. A semi-structured approach allowed
participants to bring their own experiences into the conversations [16]. We then conducted the Reflexive Thematic
Analysis (RTA) approach outlined by Braun and Clarke [18, 19] to analyse data. Rather than using coding frames, RTA
necessitates in-depth reflective engagement in data interpretation, informed by the researchers’ values and experiences
[111]. Notably, the lead author’s unique experiences — being involved in industrial system design and implementation
practices, and as a current graduate student — provide valuable insights into this analysis. Through iterative rounds of
generating meaning from the data, we developed themes that capture patterns of shared meaning relevant to the ethical

gaps and the power differentials that exist in the AIEd design & adoption practices.

3.1 Participant Recruitment and Justification

We recruited 30 participants from school representatives, parents, and AIEd developers, all from China. The primary
reason for focusing on China is because the country has been actively pursuing, promoting and supporting the adoption
of Al in education, as evidenced by its national development plans such as the “National Artificial Intelligence in
Education Action Plan (2019-2022)” [80]. Unlike many other countries, numerous Chinese schools have actively adopted
AIEd and a wealth of AIEd applications are available there for children’s at-home learning. This enabled the recruitment
of participants with varying AIEd experiences.

We deliberately sought diversity (explained further below) when recruiting school representatives and parents, to
capture a wide range of experiences and perspectives and mitigate group homogeneity and biased perspectives. We
employed the principle of “information power” [72], prioritising the depth and relevance of obtained information. This
approach aligns with our commitment to reflexive thematic analysis, focusing on the depth of data rather than saturation
[20]. We determined that the data possessed sufficient information power after interviewing 10 people in each group.
The sample specificity was informative for the research question; participants engaged in high-quality dialogues,
especially the group of developers, who conveyed extensive insights from their experiences [72]. Detailed participant
demographics are included in Appendix 1.

School representatives comprised 10 participants from different schools, including principals and head teachers.
Participants were deliberately drawn from diverse school types, sizes, and locations, from kindergarten to high school,
from rural to urban settings, and school sizes from 800 to 3000 students. This diversity offered varied insights into the
potential attitudes or concerns of AIEd in different contexts. Six schools where the participants work had prior Al or
AIEd experiences, including facial recognition security checks and customised learning resources for students. The
remaining four had no previous experience with AIEd.

The parent group comprised 10 participants who had children across various school levels and living in different-

sized cities, allowing for socio-economic diversity. Eight participants’ children had previous AIEd experience, including



facial recognition attendance checks and interactive teaching agent bots, either at school or at home. The remaining two
participants' children had no previous AIEd experience.

The developer group comprised 10 participants, from 10 different companies, with diverse roles including IT
solutionists, project and product managers, client relationship and service delivery managers, business analysts, database
developers, algorithm researchers and developers. The companies ranged from medium-sized to leading Al enterprises.
This diversity provided broad expertise and insights into AIEd development and adoption. Three participants had AIEd
design and development experience and seven had only general Al experience.

In our data collection and analysis, we adopted a constructionist and experiential orientation, where we prioritised
participants’ own accounts of their experiences [21], especially considering their varied roles as school representatives,
parents, and AIEd developers. These diverse perspectives, informed by each participant’s identity, and situated within
their specific geographical, cultural, educational and technological environment, were critical in understanding ethical

gaps in AIEd.

3.2 Procedure

We conducted pilot interviews to trial our protocol and questions with three participants from three groups. In these
interviews, we intentionally refrained from providing any AIEd examples for classroom use, to avoid influencing
participants’ initial perceptions of AIEd. However, three pilot participants expressed difficulties visualizing classroom
AIEd scenarios. Hence, to ensure participants’ consistent understanding of our research context, we crafted specific
scenarios. These were developed in line with our previous studies [redacted for review], which employed a speculative
research method to explore student perspectives on AIEd adoption, through scenario probing. We then centred on their
opinions to investigate if other stakeholders — developers, parents, and school representatives - take their concerns into
account. Thereby in this study, we created similar conceptual references for these three stakeholder groups. Detailed in
Appendix B, these scenarios rephrased the monitoring-focused AIEd artifacts (as presented in Table 1) from our literature
review (section 2.2) into plain language. These scenarios served only as conceptual references to what AIEd could look
like for participants.

Furthermore, by framing these monitoring-focused AIEd artifacts, we likely primed participants to consider specific
types of AIEd, particularly those akin to Al-enabled classroom performance management systems. However, it is
important to clarify that our research focus was not on examining the AIEd artifacts themselves, but on understanding
the social factors and stakeholder dynamics that contribute to the ethical dimensions of AIEd adoption. For this reason,
we chose to probe stakeholder considerations using scenarios that represented seemingly more intrusive and
monitoring-focused AIEd applications, areas rife with ethical questions (e.g., [76]).

By doing so, we embraced the notion of “Imaginaries”, a technique employed in recent HCI studies (e.g., [81]) to
probe stakeholders’ sociotechnical perceptions. This approach not only captures participants’ knowledge and experience
but also uncovers deeper socioculturally constructed perceptions, e.g., assumptions. Our focus was not to evaluate these
hypothetical applications but to understand stakeholders’ views and how they potentially influence AIEd design and
adoption. These scenarios were provided to participants at the start of the interview.

We briefed participants on the research aim and obtained informed consent for anonymous data collection. We
clarified that responses from schools and developers would not represent their institution’s official stance, encouraging
open and comfortable expression about conflict with the company's interests.

We conducted semi-structured interviews, with each one-on-one session lasting from 37:25 to 63:03 minutes (average

43 minutes). We started by asking about related experiences in designing and developing AIEd (for developers);



deploying AIEd (for school staff); and if their children are using AIEd (for parents). We asked developers to provide
detailed information on their roles and occupations during the AI project. Then we asked participants what problems
they foresee when they design or develop Al systems (developers); consider deploying or using the artifact (school staff);
learn that their children’s school is implementing the artifact (parents). We next asked about the precautions developers
and schools want to employ before the adoption and during design and development in practice. We also asked
participants with previous experience about any lessons learned from past AIEd practice. Lastly, we asked developers,
schools and parents about issues they would pay attention to after the launch of the service. All interviews were

conducted in Chinese and were audio recorded and transcribed before analysis.

3.3 Data Analysis

We used reflexive thematic analysis to analyse our data, as it allows us to understand the overarching shared viewpoints
of our stakeholder groups and the differences between groups by analysing the data as a single set. Following Braun and
Clarke’s [17] 6-phase guidance, the first author, a native Mandarin speaker, led the analysis.

In phase 1, the first author reviewed transcripts and generated initial ideas about each group’s ethical focus and
possible tensions based on all aspects of the data. In phase 2, the first author used NVivo to code interviews at the
sentence level and organise the open codes inductively. Codes were either semantic, capturing participants’ explicit
ideas, or latent, reflecting the researcher’s interpretations of underlying meanings in the data [111]. In phase 3, the first
author sorted the codes into initial themes and sketched their relationships on mind maps [17]. In phase 4, the research
team reviewed the mind maps and reflected on the themes through multiple rounds. In phase 5, we categorised and
defined different themes of ethical gaps and stakeholders’ power dynamics during the AIEd adoption practices. Phase 6
then involved drafting the initial report which further revised the themes. Following multiple rounds of discussions and
feedback, the first author revisited phases 3 to 6, and refined the themes. This iterative process aligns with RTA principles
[19], which advocate for ongoing iterative reflexivity and ensure the analysis and interpretations are progressively

recursive [18, 113].

3.4 Limitations in Context

Our study is more reflective of AIEd in a policy-encouraged environment like China, which might not reflect other
cultural contexts. Furthermore, perceptions of the potential harms of monitoring Al may also be influenced by culture.
Investigations into other countries, policies, and cultures can help us understand variations and identify common

concerns, and provide a more comprehensive understanding of ethical considerations in Al design and adoption.

4 FINDINGS

Our findings identify in detail three ethical gaps: exclusion of students’ perspectives during design and adoption (4.1);
developers’ pragmatism due to project pressures, often limited time, and resources (4.2); and schools’ limited
technological literacy and failure of ‘due diligence’ in an ethical sense (4.3). Relatedly, we uncover ‘knowledge power’
and ‘authority power’ dynamics that promote these ethical gaps.

Below when presenting our detailed findings, we use two notations throughout the reporting. For individual
participants, we label quotes from school representatives with ‘S’, developers with ‘D’, and parents with ‘P’ (e.g., P10 is
the tenth parent). For reporting the total number of participants whose data indicate a finding, we use the “number +
stakeholder group label”. For instance, “Participants of all groups frequently perceived AIEd systems as tools designed
for teachers’ use (7p, 8s, 6d),” indicates that the claim was supported by 7 parents, 8 school staff, and 6 developers.
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4.1 Exclusion of Student Values, Experiences, and Needs

The first ethical gap is the systematic exclusion of students throughout the AIEd design and adoption lifecycle. This
starts with an initial design process that is teacher-centric (4.1.1). This focus then shifts during deployment to technical
realization, often sidelining user experience (4.1.2). Finally, the cycle culminates post-deployment in coercing student
compliance (4.1.3) and compromising their privacy for presumed educational gains (4.1.4). Authority power dynamics
sit beneath this coercion and compliance, where user acceptance at this stage is meant to ensure the designed product

meets user needs. This sequence widens the gap between actual and ideal user-centred design and adoption practices.

4.1.1 Design: Prioritising Teacher Needs while Ignoring Student Values and Needs

Participants from all groups frequently perceived AIEd systems as tools designed for teachers’ use (7p, 8s, 6d), with scant
mention of students’ learning experience with AIEd (2p, 3s, 3d). One school representative highlighted this design

emphasis on teachers, stating:

“My focus of the system design overall is the ease of operation, simplicity, and convenience, to ensure teachers’
smooth adoption...” (S10)

Most participants from the three stakeholder groups shared a belief that AIEd primarily serves teachers to improve
teaching practices, thereby enhancing student learning. Though developers noted the merits of user-centred design,
their actual practice in design workshops contrasted sharply with this ideal, lacking any mechanism for ensuring the

representation of students. Meanwhile, they frequently framed students as beneficiaries but not users (8d):

“Decision-makers from schools are our requirement providers, direct clients and service recipients. We
primarily engage with them to efficiently gather requirements... We often skipped over students to avoid
inflating our workload or contract specifications. Schools' objectives typically centre on enhancing teaching
quality with our system, the feedback we receive mainly stems from teachers, even though we know that

students' perspectives will be very different....” (D4)

Developers revealed that the design process is driven by functional specifications reflecting user expectations and
needs. This design approach frames teachers as the key end-users and schools as the decision-makers. This approach
streamlines and expedites the design process for developers, quickly transitioning to development to ensure efficient

project delivery. Students are mostly overlooked.

4.1.2 Deployment: Technical Focus Overshadowing Stakeholder Experience

Although developers highlighted user experience as a critical factor at various stages of the AIEd design and adoption
process, it was often relegated to a secondary priority during actual project execution. Below is the typical design and
adoption process as outlined by and agreed upon developers:

e Project Scoping: Before building the business case, developers assess the product expectations of clients (schools)
and define the product scope with input from sales teams, product architects, project and product managers (PMs)
and IT solutionists (D1, V6).

e  Requirements Gathering and Product Design: During delivering the business case, business analysts or PMs
collect requirements from school representatives, and refine, translate, and deliver them to the technical team
(D6). Here, they aim to streamline the entire user operation process and function journey as user experience

considerations (D1).
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e Product Development: Algorithm engineers develop models and pass them on to the development team for final
product packaging; the product team oversees cost and revenue (D8). Development and deployment are seen as
the most important events, as they directly determine product quality (D1).

e Product Testing and User Acceptance: The project delivery concludes with the user acceptance phase, involving
the evaluation of user feedback through the User Acceptance Test (D1). Throughout the entire project, each cycle
often involves iterative refinement and testing, resembling a sprint. Following the feedback collection on technical
performance, the project typically proceeds with either refining or releasing the product (D7).

This evaluation process always bypassed student feedback. For example:

“The client conducts UAT. In this context, our client is the school, which has nothing to do with the user
(teacher) of the monitoring system or the monitored students. The school’s Quality Assurance as a tester,

usually a teacher representative, will conduct the UAT.” (D5)

Developers acknowledged that “a successful User Acceptance Test (UAT) is a critical milestone in system delivery”
(D1), which focuses on client acceptance. Developers exclusively engaged teachers as primary users in assessing the
technical performance against developer-prescribed goals. Ironically, when queried about who should assess the positive
and negative outcomes of AIEd adoption, only the developer group said students (Op, 0s, 5d), even as they excluded
students from UAT. Furthermore, schools and developers prioritised technical requirements, rarely examining user

experiences. As some developers stated:

“The service delivery is primarily focused on functionality, encompassing aspects such as data representation
accuracy, system continuity, and teacher-focused accessibility, rather than broader user engagement.” (D7)

“The technical team focuses on algorithm accuracy and performance, our (product team’s) main focus is to
assess functionality, identify any missing scenarios, and ensure the feasibility of requirements. After
implementation, we prioritise bug fixes, not specifically gathering user feedback. Users (teachers) give

feedback to the client (school decision-makers), who can request second-round changes.” (D1)

This technology-centric approach risks producing systems that are functionally robust yet lack user-friendliness or
responsiveness to specific user (both student and teacher) needs. Such a skewed focus can ignite user resistance, from
“veteran teachers overwhelmed by the perceived complexity of the new systems” (S4), to “students feel[ing]
uncomfortable with constant monitoring” (P3). Alarmingly, no participant group considered post-adoption impact
assessments. Later we explain how developers may deflect responsibility for such evaluation (Section 4.2), while schools

perceive AIEd mainly as an opportunity, often overlooking associated risks (Section 4.3).

4.1.3 Compliance: Persuading and Coercing Students into Acceptance

In our study, all three stakeholder groups expected students to comply with AIEd adoption decisions. This expectation
persisted despite some participants acknowledging students’ potential resistance to monitoring (4p, 6s, 3d), and
predicting adverse emotional responses (3p, 6s, 3d), behavioural changes (3p, 3s, 4d), and disrupted learning autonomy
(3p, 3s, 0d). All groups suggested that guidance and explanation would mitigate student resistance (6p, 8s, 4d),
emphasising anticipated learning benefits as the convincing argument. They unanimously identified persuasion as the
only path to secure student ‘acceptance’ and viewed resistance as a mere transitional phase (3p, 4s, 1d), irrespective of

students’ actual willingness or comfort. As a school principal explained:
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“Students may initially feel uneasy and resistant under monitoring, but by explaining that data collection
enhances their learning, they can feel better and gradually accept the fait accompli of the adoption decision.
Despite an adjustment period, students will eventually overcome and become accustomed to it, as is the case
with any new technology... My biggest concern is how we (schools and parents) can conduct the proactive

communication to persuade effectively...” (S4)

Participants across all groups agreed that the responsibility for persuasion falls on parents and ultimately schools (6p,
8s, 4d). This delegation makes some sense since, as a developer said, “...students and parents inherently trust the schools’
authority.” (D9). We will demonstrate this parental trust in detail in section 4.3.1. Strikingly, even parents who
fundamentally prioritised their children’s well-being seemed to subscribe to the view that students’ discomfort or

resistance to AIEd should be managed and ultimately subdued:

“If T observe any negative mental or psychological impacts on my children, I will gently guide them towards
positive well-being. Technology is neutral, its impact depends on its usage and how users perceive it. Positive

mental guidance is vital... I will explain that the system is here to help." (P10)

This coercive-compliance model underscores authority power over students that could lead to ethical gaps in AIEd
adoption. The lack of meaningful consultation or consent from students reflects a top-down approach where students’
concerns are secondary to institutional decisions. This model both potentially endangers student well-being and

overrides student autonomy. Next, we provide a demonstrative example.

4.1.4 Trading Student's Privacy for Perceived Educational Gains

All three groups mentioned privacy as a potential chief cause of students’ resistance to AIEd adoption (4p, 6s, 4d).
However, around one-third of the participants, mainly parents and school representatives, viewed “schools as public
spaces” (S4). They argued that students’ in-school activities are “...not private...as educational information could be
surveilled for educational advancement” (P7). Disturbingly, two parents and one school principal suggested that the
monitoring should be covert, to 'protect’ students from any negative emotional responses to their loss of privacy, while

simultaneously demanding detailed insights into their children’s school experiences. One parent explained:

“T hope the devices can monitor my child so discreetly that they’re unaware of its presence. This way, so they

won’t feel uncomfortable being watched, we can still stay informed and intervene when necessary.” (P2)

This suggestion of covert or clandestine monitoring provides another instance of authority power, where students’
privacy is neglected in favour of adults’ desire for oversight. This approach bypasses the need for transparency and
consent, further entrenching the power imbalance between students and parents and schools.

School representatives and parents generally accepted data collection practices (7p, 6s) as a necessary trade-off for
improving learning. Their primary privacy concern was not the data collection itself, but rather the risk of data leakage
and unauthorised data retention. Attitudes like the following were common among school representatives and parents
(6p, 65):

“Since all data is solely collected for teaching purposes, privacy is generally not a major concern... we will
assure students that their data is protected. As long as the stored data remains untouched, there should be no

significant worries about privacy.” (S10)
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This stance not only downplays students' right to privacy but also prioritises institutional objectives over individual
needs or rights. Some participants expressed resignation and pessimism regarding privacy due to cultural change (4p,
2s, 2d). They noted that “pervasive data collection and privacy intrusion are daily realities”, citing examples like ...
contact tracing during the pandemic and mobile payment information.” (P3) Some felt cornered into acceptance, stating
they “have no choice but to accept it because there is no alternative: Should we change to another school? It is impossible.”
(P2) Such decisions can leave parents feeling powerless and faced with a binary choice: acquiesce to the school’s
authority or face the impracticality of opt-out by switching schools. Previous research shows that students’ resistance
to data sharing varies with cultural and contextual expectations [123]. However, this resigned attitude disregards

students' valuation of their privacy.

4.2 Developers’ Pragmatism under Project Pressures

The next ethical gap concerns the behaviour of developers working under the pressure of completing projects. As we
shall show, a critical undercurrent shaping this scenario is knowledge-based power dynamics. Developers’ superior
technical knowledge relative to school authorities positions them as de facto decision-makers in designing AIEd (4.2.1).
Furthermore, a stark contradiction is seen to exist between developers’ laudable ethical intentions and their actual
practices (4.2.2). Once again, ethical considerations and student well-being are frequently overshadowed. The power
imbalance not only marginalises students but also enables developers to limit accountability for the enduring impacts of

their systems.

4.2.1 Developer’s Pragmatism Facilitated by Knowledge Power

Of all the stakeholders, developers exhibited the greatest awareness and understanding of ethical issues. This
comprehension covered not only traditional aspects of Al ethics like bias, transparency, user consent, and privacy but

also sociotechnical implications including learning autonomy and students’ psychological and cognitive status:

“In designing the system, we (the product manager and business intelligence) decide what data is presented
and how it’s displayed ethically. Transforming data into effective insights involves designers’ ability with
subjectivity. We need to avoid bias... and make assumptions that negative impacts can affect involved
stakeholders. These decisions require careful reflection on the educational context and an awareness that data
can both help and harm. For example, I won’t display detailed individual comparisons between students and
parents as it might disrupt students’ learning autonomy and increase parents’ anxiety from seeing detailed

performances of their children.. Broader implications on the educational environment also concern me...” (D5)

Developers often related delicate decision-making and responsible data utilisation and presentation (5d). For instance:
“avoid displaying rankings and prediction results to students and parents to prevent negative emotions.” (D1) and
“anonymise other individuals if ranking is necessary” (D9). Developers proposed solutions to protect individual privacy,
such as “increasing data report granularity by focusing on macro analysis” (D8). That could include “presenting the
percentage of students experiencing confusion during a class for informing teaching adjustments, rather than revealing

specific distressed individuals.” (D4) Developers often expressed a sensitivity to students’ perspectives (6d):

“Cultivating empathy is crucial for a product manager to truly understand user needs and ensure the designs

are user-friendly...I always put myself in the shoes of the service receiver (students).” (D7)
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Developers also frequently reported that schools possess limited technical understanding (6d). This restricted the

requirements schools communicated to developers. These requirements were often general, vague concepts:

“Clients often come with a broad vision but struggle to articulate specific requirements. They may have high
expectations, unaware of the technical challenges involved. We need to decode their needs, manage their
expectations, explain our proposed options from a technical perspective, and guide them to reach a realistic
solution...” (D7)

Developers often interpreted schools' expressed needs and assessed the feasibility of desired features (5d). They
thereby exercised tacit control over the data use and representation, a point echoed by D5 earlier. Their power over AIEd

design was fully acknowledged (6d):

“Even when faced with impractical requests, we can steer the conversation toward a feasible decision, since
our expertise gives us the leading potential in the negotiation process...But still, we serve as constructors since

schools give the final word on product direction.” (D5)

The knowledge gap between developers and schools creates inherent power dynamics in AIEd design and adoption,
which (possibly inadvertently) puts developers in a decisive role. However, D5’s quote above illustrates a disconnection:
developers, despite their technical capacity and decisive influence, often viewed themselves as mere executors of schools’
directives (8d) or as “builders and conveyors of technical functions, not controllers” (D3). Developers perceive school
decision-makers as having decisive authority over them (7d), reflecting their “contractual agreement” (D7). While
developers recognised their power in shaping data use, they interpreted this as an ability to “remind or highlight issues
and suggest ethical alternatives” (D1). This discrepancy is evident even when developers confidently asserted their

leadership on technical topics (4d):

“Our power and initiative vary depending on the project type: During the R&D stage, we lead with greater
design autonomy; in regular non-innovative commercial projects, we act purely as executors adhering to the
contracting party’s directions and focusing on funding, and our authority is limited... Given schools’ limited

technical understanding, we guide and influence their viewpoint.” (D7)

Notably, this disconnection between developers’ self-perception and their actual influential role often emerged when

discussing the ethical implications of AIEd features (4d):

“We are able to identify potential (ethical) issues in the given requirements. But we can only provide
suggestions, within our capabilities... To what extent our suggestions are taken into account by the school

decision-makers is beyond our control... We are just technology providers.” (D6)

Developers perceived this subtle power as a discretionary responsibility (6d). The exercise of this responsibility was

further hampered by other pressures, which we now illustrate.

4.2.2 Developers’ Ethical Sensitivity Overwhelmed by Time Pressures

Developers often eloquently articulated ethical concerns and described mitigating actions. Yet, when questioned about
actual practices, their tone sometimes shifted dramatically. For example, in one conspicuous example a participant
declared: “You know what, actually... I don’t give a shit.” (D6) This kind of abrupt response highlights the challenging

reality developers face from constraints like tight schedules. Developers prioritised meeting delivery deadlines, since
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“any delay beyond the deadline could lead to financial deduction per business day” (D5). This urgency and the limited
energy available for technical realisations can dampen ethical concerns. For example, despite emphasising empathy, D7

suggested that pragmatism overrides ethics:

“Completing all planned requirements within the given timeframe is already a formidable task. To be honest,
we simply don’t have the luxury of time to contemplate the unintended impacts like students’ well-being after
adoption...Ethical risks, as a service provider, are not within my purview. While my personal ethics and sense
of social responsibility can influence the time and effort I put into ethical considerations, they aren’t seen as

necessary in the workplace. We just need to get the work done and get paid under time pressure.” (D7)

Developers also acknowledged another misalignment: school representatives sometimes request AIEd features that
differ from frontline teachers’ needs (5d). Developers often operate under the assumption that school representatives
fully comprehend teachers’ needs, even though the evidence and their own awareness suggest otherwise (4d).
Developers admitted that design workshops could bridge this gap. However, this approach was often omitted due to
time and cost constraints. User-centred design, while understood by developers, remained theoretical and largely

unimplemented in practice:

“Direct interaction with frontline teachers to understand their needs often sidelines due to considering project
timelines and human resource limitations. Instead, we mainly engage with decision-makers, assuming they
comprehend teachers’ needs. Clients, especially pre-contract, are reluctant to allocate resources (teachers’ time)

for us to gather information, viewing it as a waste of staff time. This is a common industry problem.” (D7)

Developers frequently disclaimed responsibility for the ethical consequences of system adoption (8d). Before a project
starts, their legal teams craft contracts that explicitly define legal responsibilities, excluding any accountability for
negative consequences upon adoption. During project delivery, project managers’ ethical considerations focus mainly
on regulatory compliance, primarily regarding data use. After project completion, developers view their obligations as

fulfilled and disengage from post-adoption impacts, relying on pre-established exemption clauses:

“Before launching any products, we conduct internal legal reviews to ensure privacy compliance, with
necessary adjustments made in close collaboration between the legal audit and PM team. Sometimes clients’
legal teams also help...” (D8)

“We will seek exemptions early on and avoid taking on this accountability (for impacts of adopting AIEd) since

it only complicates things and might lead to financial penalties.” (D6)

Developers used legal approaches strategically to evade accountability. These contracts were designed to protect

developers from additional ethical liabilities and to preserve their reputation after projects concluded.

4.3 Schools’ Limited Technological Literacy and Failure to Shoulder Ethical Burden

All three stakeholder groups believed that schools are key decision-makers and should shoulder the ethical consequences
of AIEd adoption (4.3.1). They all acknowledge the schools’ authority power over parents and students, which can
mean bypassing explicit consent from these groups. However, we expose a troubling reality: schools often lack the AI
literacy and associated foresight to navigate this complex responsibility and exercise due ethical diligence (4.3.2). This is
another ethical gap related to knowledge imbalance. It is also an issue that can be magnified by reliance on reactive,

trial-based Al adoption strategies (4.3.2) and a failure to anticipate potential ethical ramifications.
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4.3.1 Shifted Responsibility: Developers Pass Buck to Schools; Parents Defer to Schools

All stakeholder groups held developers responsible for technical details, primarily data-related, while assigning ethical
accountability to schools, since schools ultimately “approve design and adoption” (D8). After project completion,

developers viewed their obligations as solely technical, effectively distancing themselves from broader ethical concerns:

“As a commercial entity, my priority is to meet my paid obligations by delivering technical solutions. Schools
take charge of the ethical assessment of the system, its function, and its potential sociotechnical implications

for students. Schools should have this overall consideration prior to project initiation.” (D6)

Developers expected schools to manage the broader implications of AIEd systems. Yet, as we demonstrated above,
developers both felt ethically responsible for the impacts on students and recognised that schools often possessed limited
knowledge of AIEd. We further elaborate on the latter in Section 4.3.2.

Parents frequently expressed trust and expected schools to ethically manage AIEd implementation and protect their
children (8p):

“I trust schools’ choice of developers, systems, and data handling. They know what’s best for my kid and
won’t do anything harmful. I don’t care about the details of data use; I just trust the schools’ good intentions.”
(7)

However, this parental trust was sometimes passive:

“If T don’t agree with the school’s decision (on AIEd adoption) ... I have to trust them and how they manage
data.” (P8)

Parental trust, rooted in a power dynamic between schools and parents, allows schools to sidestep explicit consent

requirements (4s), as this school representative observed:

“We didn’t collect user consent for the recent facial recognition attendance systems. Everyone - students,
parents, and teachers, naturally complied and defaulted to this process. Especially parents obey the
arrangements made by the school. They trust us with data protection and aren’t concerned about data privacy.

It’s a natural progression. There is no need for explicit written consents." (54)

Nonetheless, some parents interpreted this acquiescence as compromise rather than agreement. For instance, parents
would often defer to the majority, as they perceived their “individual dissenting voice is inconsequential” (P3). This led
to “reluctant compliance with the schools’ decision” (P8). Although schools expressed respect for parent’s opinions and
acknowledged their decision-making power, they also recognised that “most parents, confused with technology, tend to
follow the crowd.” (S7)

Most school governors did not indicate that they would seek parent feedback. S8 mentioned that they would “observe
parents’ reactions after implementation”, acknowledging that parents often defer to the school’s decision. Still, two
principals from large cities (S1, S10) specifically noted the importance of obtaining parent consent to pre-empt
complaints. One stated: “Parents in Beijing are often highly aware of privacy issues and know their power of complaints”
(S1). The other principal said: “We would only move forward deployment after obtaining signed consents from all
parents to prevent any complaints and legal issues.” (S10)

All three groups (4p, 5s, 3d) recognised the school’s authority over parents and students. Nonetheless, while parents’

authority is recognised in theory, it can be undermined in practice. These dynamics prompt critical ethical questions
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about the nature of consent and trust within education, particularly given the power schools have over parental rights

and student autonomy.

4.3.2 Limited Al Acumen in Schools: Exacerbating Ethical Blind Spots

Schools frequently perceived Al as an opportunity, attracted by its perceived benefits (6s), while underestimating its
potential pitfalls. They demonstrated limited ability to recognise and anticipate possible negative implications of AIEd
and often admitted that they would address ethical issues once they surface (3s). However, education is intrinsically
complex, and addressing ethical concerns only after trials means that students may already have been impacted by
potentially difficult-to-reverse harms on the learning and wellbeing.

Schools’ limited understanding of Al and its potential impact manifested in viewing issues such as privacy, fairness,
and equity as arising from human misuse of data, particularly teachers’ misconduct (6s). Parents also exhibited relatively

little awareness of the AI's technical flaws, thinking of the concerns only relevant to teachers’ misuse:

“My concern is that teachers shouldn’t over-rely on automatic insights without their own thinking.” (S2)

“My biggest privacy concern is teachers’ access to student information. This needs transparency.” (P4)

Given the limited awareness of ethical issues, parents and schools placed responsibility for these directly on teachers,
proposing training to avoid data breaches and misuse as mitigation. Even within the focus on data misuse, there were
conflicting perspectives among parents and schools. Parents were worried about teachers’ misusing AIEd tools in ways
that exacerbate existing unfairness (3p). They believed that, with an inherent focus on academic KPIs, schools and
teachers might disproportionately favour high-scoring students who have higher chances of getting into top universities.

Consequently, teachers could exploit Al data insights to amplify pre-existing biases. As one parent noted:

“Predicting students’ failure can induce biases among teachers. They might then put more attention on high-

achieving students, skew resource allocation, and thereby worsen educational inequality.” (P8)

This sentiment is seemingly validated by a teacher representative’s statement on how they can use Al insights to

cater to specific student groups:

“The schools’ objective is to boost college admission rates by focusing on high-achievers. It will be vital for us
if AIEd helps identify areas these ‘seed’ students struggle with. We used to conduct regular one-on-one
interviews with those selected students and their families, to understand their learning pain points, so we

could provide tailored assistance. I believe AIEd customised analysis can save lots of energy for us.” (54).

These differing perspectives from P8 and S4 reveal the conflicting values of different stakeholders, demonstrating a
lack of consensus. This value tension highlights the power dynamics within this multi-user system, which could lead to
inequality in the treatment of students. Furthermore, as demonstrated in section 4.1, the teacher-centred AIEd design

process risks an uneven benefit and value distribution within the system, deepening ethical disparities.

4.4 Summary of Findings

Our findings reveal three significant ethical gaps, each driven by underlying power dynamics, that could hinder the
ethical AIEd adoption:
Gap 1 - Excluding Students. Teacher-centric design and technical-focused deployment overlooks students' needs,

wellbeing, and experiences. The post-deployment primarily enforces compliance rather than fostering genuine
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acceptance by students. The authority power dynamics between students, parents, and schools facilitate this
systematic exclusion of students in Al adoption.

Gap 2 - Developer’s Pragmatism. Developers often prioritise efficiency and financial gains over ethical considerations.
Their extensive technical knowledge and ethical awareness grant developers knowledge power with critical influence
over AIEd design and deployment. However, their pragmatic focus disconnects their actual practices from their ethical
intentions or ideals. They view themselves as executors rather than decision-makers. This perception allows them to
shift responsibility for ethical outcomes to schools, and avoid full accountability, shielded by legal frameworks.

Gap 3 — School’s Failure of ‘Due Diligence’. Schools, as primary Al decision-makers, lack the necessary Al literacy to
handle ethical implications effectively. They focus on perceived benefits while underestimating risks and relying on
reactive solutions to emerging issues. The trust parents place in schools due to schools’ authority power allows for Al
adoption without explicit consent. However, schools may fail to be fully accountable due to limited ethical foresight.

Our study found that key ethical responsibilities within this system are not effectively understood or shouldered by

key stakeholders. This absence of effective responsibility, while sometimes understandable, exacerbates the ethical risks.

5 DISCUSSION

Our findings highlight crucial gaps in stakeholder inclusion, ethical awareness, responsibility and capability in Al
development and adoption. In Section 5.1, we discuss how these ethical gaps contribute to ineffective accountability
mechanisms, which fail to mitigate possible harmful outcomes for users—especially students—in the context of AIEd. In
Section 5.2, we discuss factors associated with power dynamics that could be avoided to mitigate ethical challenges.
Finally, in Section 5.3, we use an HCI lens to unpack ethical complexities in ethical Al design and adoption applicable

across multi-stakeholder contexts.

5.1 Ethical Gaps and Inadequate Accountability Mechanisms

Recent HCI research has identified potential impacts on students resulting from their interaction with data-driven
classroom behaviour management systems [58]. Beyond established privacy concerns [58], classroom Al monitoring can
disrupt learning and impact students’ well-being [43], including their individual identity and social interactions [44].
Indeed, monitoring-focused Al may create a new educational panopticon [43], triggering possibly longer-term changes
to students’ learning behaviour. Fearful of being constantly monitored and assessed, students may behave artificially to
satisfy idealised learning standards [43], in turn promoting performative and score-oriented learning [45]. These
negative experiences can accrue over time and have an enduring impact on student development, such as eroding the
social relationships and autonomy [124] required for growth and critical thinking, ultimately diminishing the
educational journey. Despite these potential impacts, they are often overlooked by powerful stakeholders in the AIEd
design and adoption process in our study. We have highlighted how student values and experiences are frequently
disregarded (Gap 1), which can contribute to the occurrence of these adverse effects.

Powerful stakeholders in our study, particularly parents and schools—two groups that usually prioritise students’
well-being—do acknowledge students’ potential resistance to Al monitoring. These groups do not, however, always take
student concerns seriously. Instead, they frame them as obstacles to be overcome or managed rather than ethical issues
requiring deeper reflection. HCI research has highlighted students’ potential emotional and behavioural changes [43]
and has called for studies into long-term effects. However, stakeholders in our study largely view these changes as a
natural, transitional discomfort that students will eventually acclimatise to. In fairness, some related HCI studies, such

as in-home monitoring, have demonstrated that individuals adapt surprisingly quickly to even significantly intrusive
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monitoring while acknowledging that negative feelings do surface initially during adoption [87]. It is possible that
students will also adapt better than we might think to monitoring-focused AIEd. However, the critical question remains
whether the possible behavioural adaptations or changes in students genuinely align with the values that we seek to
uphold in the design of AIEd and education itself, and whether these effects on students truly are only transient and
minor. Importantly, schools and parents often perceive their “protective” role as guiding students to accept Al by
overcoming emotional discomfort during ATEd deployments, viewing enhanced learning as a worthwhile trade-off for,
say, lost privacy. Yet this stance ignores possible long-lasting and complex social and educational consequences. This
issue results from the lack of literacy about ethical protection and scrutiny where Al is involved (Gap 3).

The limited understanding of ethical risks among parents and schools not only hinders the ethical use of AIEd but
also its governance. Parents and schools in our study often attribute bias, unfairness, and privacy risks solely to teachers’
misuse of data. They thus fail to acknowledge the inherent risks posed by Al models to student wellbeing, identity, and
learning. This insufficient Al literacy among stakeholders with protective roles exacerbates the ethical risks, especially
in terms of determining who is responsible and accountable for safeguarding students from harms like bias and
unfairness. HCI research, with its focus on human factors in technology design and ethical usage, has highlighted how
ethical gaps are tied to how humans perceive ethical issues [68]. This underscores the urgent need for a more holistic
understanding of AIEd’s ethical challenges—one that extends beyond technical concerns to the broader governance
structures that oversee these practices.

Our study reveals significant gaps in addressing ethical concerns post-Al adoption, and the absence of suitable
accountability mechanisms among stakeholder groups. This finding resonates with previous research that highlights the
reactive approach of industrial organisations to ethical concerns in Al systems [95] and the lack of accountability within
these organisations, where developers primarily focus on technical details [125]. Our findings also echo these challenges:
developers are aware of ethical issues, but their actions are hindered by their roles or organisations’ profit-driven focus
[26, 41, 95]. However, our research situates these tensions within a broader ecosystem. We demonstrate that the
accountability gap is not limited to developers and their organisations, since other key stakeholders, such as parents and
school representatives, are also unable to ensure accountability. This lack of accountability deepens the ethical risks, as
no party is truly responsible for potential harms.

We also reveal how developers’ knowledge power influences their actions and interactions with clients (schools),
adding nuance to existing research on developers-client dynamics. This power imbalance is another critical factor in the
accountability gap, as developers’ technical expertise often positions them in decisive roles in system design, while they
sideline their ethical responsibility. Previous studies have discussed the constraints developers face due to clients’
expectations during system design and development processes (e.g., [41]). In our study, we reframe these product
expectations as part of the prevailing power dynamics, specifically as “perceived authority”, stemming from the legal
contracts developers are bound by. We further reveal the knowledge power developers have over clients, where
developers’ expertise implicitly gives them influence over decision-making. This insight extends the conversation about
developers’ constraints, by showing that the power is not just one-directional. These dynamics complicate the ethical
landscape and decision-making process, ultimately shaping the ethical outcome of AI design and adoption. We will
explore these power dynamics in more detail in the next subsection.

Our findings reveal an assumed division of labour between stakeholders that should provide comprehensive ethical
protection. All three groups in our study assign technical responsibility for data security to developers, while schools
handle administrative duties like preventing data leaks from human errors. Yet this arrangement neglects broader ethical

issues. As highlighted in Section 2.2, prevailing AIEd governance frameworks focus primarily on data management and
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privacy (e.g. [58, 102]). Developers, prioritise adherence to these narrow guidelines and legal or organisational policies
as a framework for ethical decision-making [26]. As seen in our study, they perceive their obligations as confined to
data-related compliance (resonate to [95]), thus evading broader ethical responsibility. Schools, on the other hand, lack
the expertise to proactively tackle non-data-related ethical issues. This, of course, is not new: prior research highlights
educational institutions’ limited ethical awareness, resources, and capabilities in acknowledging and evaluating the
ethical implications of adopting educational technologies [5, 114]. When these concerns are not addressed in planning,
the ethical risks of AIEd adoption are heightened.

This accountability gap mirrors the ‘Swiss Cheese Model’ [96], where multiple defence layers (cheese slices) have
holes representing vulnerabilities, and system failures occur when all holes align. In AIEd, these aligned vulnerabilities
- developers avoiding post-adoption responsibility (Gap 2), schools’ limited expertise in ethical scrutiny (Gap 3), and an
overly narrow focus on data management by schools, parents, and developers (Gaps 2, 3) — culminate in potent ethical
failures. Across a sector, these recurring ethical risks may well lead to significant negative outcomes for the most

vulnerable stakeholders and intended beneficiaries of the technology, namely students.

5.2 Addressing Ethical Challenges Created by Power Dynamics

We have demonstrated the power dynamics that can engender ethical gaps. Power imbalances are, of course, not always
problematic and sometimes they are desirable for protecting interests and rights, such as when an accountable and
knowledgeable stakeholder has the power to decide whether to implement or reject a technology for the protection of
vulnerable groups. Even so, decisions must sometimes be navigated carefully to avoid ethical pitfalls. Furthermore, some
factors can cause ethical problems which may be relatively easily avoidable when certain conditions are enacted. This is
especially true, we would suggest, of the knowledge power imbalance between Al developers and schools (See in purple
in Fig.2). Schools’ lack of Al literacy leads to a failure to consult, ask questions, and source the right knowledge to assist
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Fig.2 Power dynamics that may facilitate ethical gaps in AIEd adoption and ways of addressing them.

Our data highlights how power dynamics contribute to problematic accountability mechanisms in AIEd design and

adoption decision-making. Fig.2 summarises our discussion of power dynamics underpinning ethical gaps and proposed
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strategies for mitigating or avoiding them. We contend that the practical and effective stewardship of AIEd [79] [86]
requires key decision-makers (e.g., schools, teachers, parents) to be well-informed and, especially in the case of schools,
capable of critically assessing AI adoption. This involves not just passive oversight but proactive, knowledgeable
engagement in making ethical decisions [65, 118]. Meanwhile, developers should be encouraged to broaden their ethical
responsibility beyond data-centric issues to include anticipation of long-term impacts on students and their educational
experience post-launch. They could then raise these concerns with schools who are contracting the technologies from
them. Furthermore, students and their representatives should be granted a genuine say, perhaps including the power to
veto the school’s decisions on AIEd adoption. In the following section, we will discuss these specific strategies for
addressing the ethical challenges and power imbalances.

Empower School Governors for Effective Stewardship: Our findings highlight the need to empower school decision-
makers or educational leaders with the knowledge to understand the possible effects of AIEd. They must be better
equipped to make informed ethical decisions and more effectively steward the design and deployment of AIEd [79, 86].
This approach helps to mitigate the knowledge power imbalance between them and developers (Seen in red in Fig.2).
This shift in power, in turn, addresses the accountability gap and reduces ethical challenges. Various tools can assist in
this, including Al ethics education, ethical adoption guidelines (e.g., [84]), checklists (e.g., [112]), or conceptual thinking
tools (e.g., [105]), to empower school decision-makers to make sound decisions on design, procurement, and the use of
Al while also contemplating, questioning, and addressing the ethical implications of adopting Al in schools.

Support Practitioners for Undertaking Ethical Actions: Our study, along with previous research [95], reveals that
practitioners’ awareness and actions are often hindered by organisational pressures, such as tight project timelines and
profit-driven goals. To mitigate these challenges, organisations must cultivate a supportive internal culture and provide
structural support for individual practitioners, enabling them to navigate ethical complexities more effectively [26, 78].
This includes fostering organisational cultures that prioritise ethical decision-making and integrating ethical reasoning
into individual professional identities [26]. Organisational structures should redefine project success metrics to include
societal and ethical considerations, ensuring alignment between organisational missions and individual practices [95].
Additionally, tools should be developed to help practitioners anticipate risks and measure Al systems’ impact, shifting
from reactive to anticipatory approaches [95]. To mitigate fragmented accountability within organisations, developers
should communicate across project units, and critically reflect on their roles and responsibilities within the project
supply chain [125]. We also suggest practitioners make transparent any risks of the system to their clients. Such
transparency can help to shift power dynamics, directly involving teachers and schools in the accountability process [68,
85]. Finally, a more integrated approach to ethics in Al is needed within the organisation to influence practitioners’
ethical behaviour, self-reflection and decision-making. This approach should include formal education, industry
standards, and professional codes [41]. Ethical decision-making of practitioners involves a dynamic interplay of personal,
organisational, and applied ethical influences [41], and these domains must be effectively integrated to support
practitioners in making sound ethical decisions.

Empower Parents for Active Oversight: While authority dynamics existing between schools, parents, and students are
partly unavoidable, steps can be taken to mitigate ethical gaps arising from this power imbalance. As detailed in section
4.3.1, representatives from two schools (S1, S10) recognised the empowerment of parents through complaint mechanisms,
even though this is limited by their inadequate Al literacy and a tendency to uncritically accept schools’ decisions. These
school representatives underscored the critical role of obtaining parental consent to pre-empt complaints. One mitigation
strategy, then, is to transform parents’ passive trust into more active oversight (seen in red in Fig.2). This requires schools

to engage in open and clear communication about potential Al implications, which is of course contingent upon the
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schools’ own comprehensive understanding of these consequences. Such knowledge and transparency in the consent
process not only informs parents about potential risks but also involves them directly in accountability processes.

Empower Students’ Voices: It is widely recognised in HCI that best practices involve the participation of all
stakeholders which, in this case, includes students. However, the structural power imbalance between students, teachers,
and school decision-makers, coupled with vendors’ pragmatism under organisational pressures, often makes meaningful
student involvement in design processes difficult. We suggest involving student representatives in the adoption
communication process (see Fig. 2). Students and their representatives should be granted a genuine say or the power to
veto their school’s decisions regarding AIEd adoption. As previous studies have argued, maybe one way to ensure that
participation in design is meaningful and that power dynamics are actively addressed is by granting stakeholders -
especially marginalised ones — the ability to veto projects that fail to align with their needs and values [71, 95].

In addition to efforts aimed at assisting practitioners, equipping schools and parents, and granting properly informed
students veto power, external processes should play a role in addressing ethical challenges. External groups, such as
advocacy organisations or independent oversight bodies can often apply pressure more freely than internal stakeholders,
who may hesitate to speak up due to concerns about potential repercussions [95]. Building coalitions and creating
communication channels between all relevant parties — practitioners, companies, teachers, students, school decision-
makers, parents, as well as external groups — can help increase momentum to address ethical concerns. This
collaborative approach helps ensure that ethical issues are not overlooked and that a broader range of voices is involved
in making decisions about AIEd adoption and use.

While we have focused on AIEd, the same principles can be employed by HCI scholars and practitioners to facilitate

ethical Al implementation in other sensitive contexts. We will discuss this around our findings in the next subsection.

5.3 Using an HCI Lens to Unpack Ethical Complexities for Multi-User Al Adoption

The HCI community, with its commitment to equity, inclusivity, and diversity, has laid the groundwork for promoting
ethical literacy [65, 66] through initiatives such as CHIversity [108] and CHInclusion [109]. There is a pressing need for
HCI to assist designers in recognising and navigating the various ethical tensions and trade-offs that impact less-
powerful groups within multi-user systems. Designers’ commitment to reflexivity is crucial for effectively embedding
ethical considerations into systems design [12, 32, 35, 36]. This section explores how HCI could tackle value tensions
and power dynamics (Section 5.3.1), scrutinise the authenticity of technology acceptance in hierarchical contexts

(Section 5.3.2), and prioritise vulnerable users in multi-user Al environments (Section 5.3.3).

5.3.1 Navigating Value Tensions and Power Dynamics

HCI research constantly highlights ethical complexities arising from value tensions and differing ethical perceptions
among stakeholders. A study on home-entryway surveillance [120], for example, reveals conflicting privacy perceptions
between parents and teens [27]. Such a tension is also seen in our study: contrary to the school's and parents’ perception
of classrooms as public spaces, our prior study [43] and other studies (e.g., [99]) show that students find such monitoring
intrusive and disruptive to their privacy and learning, and are unwilling to share learning-related emotions with teachers
or AIEd. In contrast, parents in our study prefer AIEd to report detailed information about their children’s psychological
well-being at school, citing a need for their care. These disparities are often observed in child-parent relationships [39,
61] alongside the tension between protection and privacy invasion. Notably, notions of ‘care’, while ostensibly positive,

are often seen in technology-facilitated misuses or abuses (e.g., [61, 73]) that harm vulnerable groups.
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Schools and parents generally agree to compromise some student privacy in exchange for perceived educational gains.
This privacy trade-off mirrors findings in elder care where safety is prioritised and less-disruptive technologies are more
readily accepted [128]. However, key differences exist: Unlike competent older adults who can (ideally) choose to accept
or reject privacy trade-offs, students in unequal power relations often lack effective agency. Additionally, younger
students may not fully comprehend the ramifications of sharing personal information, nor possess the capacity to
provide informed consent that parents give on their behalf. These trade-offs call for nuanced ethical consideration.

We lack research dedicated to addressing the tensions among stakeholders — both within Al in education, and, as
has been noted by HCI scholars, in Al in other high-stakes sectors, e.g., [25, 70, 88]. Our study contributes to this ongoing
discussion by illuminating these complexities in the educational context and providing insights to navigate ethical
challenges. It shows how crucial it can be to understand the intricate networks of relationships, power differentials, and

value tensions in technology adoption that can generate ethical risks.

5.3.2 Questioning the Authenticity of Acceptance for Disempowered Groups

Genuine acceptance, rather than mere acquiescence, is considered vital in HCI. Authentic acceptance is closely tied to
user autonomy and informed consent [99]. While the concept of authentic acceptance has been discussed across domains
like online exam proctoring [110] and pervasive healthcare interventions [103, 133], its application in AIEd reveals
significant deviations. For instance, the Theoretical Framework for Acceptance, derived from the health technology
community [103], identifies the affective attitude — the users’ feelings towards and impacts from the technology — as a
primary attribute of acceptance. However, in AIEd, students’ negative emotions and behavioural changes can be, as we
illustrated, dismissed as a natural part of a beneficial technological transition. Our three stakeholder groups expected
students to ultimately accept AIEd and they aimed to alleviate student concerns through persuasion about its benefits.
This gradual acceptance of technological intrusiveness, while possibly justified in some cases, may sometimes involve
introducing marginally acceptable yet beneficial technologies via a ‘foot in the door’ approach [91] — an approach well
recognised in HCIL In our study on AIEd, all three groups endorsed the established authority power of schools and
parents over students. This power dynamic raises thus critical questions about the authenticity of any acceptance among

vulnerable student users.

5.3.3 Prioritising Vulnerable Users in Designing Multi-user Al Systems

While HCI communities advocate for human-centred design and equal stakeholder engagement in technology design
(e.g., [122]), existing studies show a design imbalance in multi-user Al systems particularly where power differentials
exist. For instance, Al-enabled HR tools [88] often reflect the policy designers’ values, overlooking the employees directly
affected by the technology. Similarly, our AIEd findings reveal teacher-centric design (section 2.1) aimed at enhancing
teachers' roles (e.g., [9, 50]). While this approach can sometimes benefit students, it could also relegate them to
marginalised and indirect secondary users.

We observe a pattern behind this imbalanced design focus in multi-user contexts. Previous research introduced the
Computer-Human-Human-Interaction (CHHI) model for call centre systems [106, 107], delineating both direct and
indirect user interactions among customers, agents, and computers. In the AIEd context, this model manifests as Al-
Teacher-Student-Interaction. Teachers, who receive Al insights to support students, are considered primary users, while
the students, who do not directly interact with Al are seen as ultimate-end-users — mere passive recipients of AIEd’s
benefits. However, this overlooks the implicit Al-student interaction that occurs in the AI monitoring and evaluation

process, directly impacting students by potentially changing their behaviours [43] and affecting their wellbeing.
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HCI has consistently emphasised balanced design partnerships, particularly in existing power structures (e.g., [75,
131]), advocating for including and representing all potential users (e.g., [77]), especially those most impacted and less
powerful (e.g., [88, 98]). Novel approaches could take cues from the healthcare sector—another high-stakes, multi-user
context with its own power dynamics. Healthcare has found a way to emphasise patient-centric rather than doctor-
centred design of services and technology, with patients acknowledged as key stakeholders and beneficiaries [121].
Somewhat analogously, our AIEd case highlights a need to shift from teacher-centric to student-centric design,
prioritising students’ learning journey and values and thereby offering insights applicable across other multi-user
contexts. In parallel, co-design studies underscore emerging adult’s and children’s demand for self-autonomy and for
being treated as equals in their digital experiences [122]. These lessons suggest that in contexts like AIEd, system
designers must go beyond mere data regulation compliance (Gap 2) to genuinely empower users, particularly the

vulnerable, to proactively engage in design practices (e.g., [101, 122]).

6 LIMITATIONS AND FUTURE WORK

Although our previous work on AIEd has included student participants, this study focused on existing decision-makers.
Yet, as we have stressed, student voices are too easily neglected. Accordingly, future research should explore methods
for increasing the effective inclusion of less empowered groups like students in technology development and deployment.

Given the power dynamics present in AIEd design and adoption, we have proposed approaches to potentially mitigate
these dynamics, such as by improving the Al literacy of responsible decision-makers (e.g., parents and school governors),
and granting students power to veto adoption decisions. Future research should explore these strategies for balancing
power relationships and assess whether these actions change the dynamics to foster ethically sound practices.

While our use of interviews provided valuable insights into stakeholders' concerns and tensions, it may not fully
capture the potential negotiations and dynamics that emerge in direct interaction. To address this, future research could
incorporate participatory methodologies such as focus groups or stakeholder workshops, bringing together students,
teachers, developers, and school governors into dialogue. This approach would help assess whether conflicting
considerations can be resolved through dialogue and whether such engagement influences each group's ethical stance
on AIEd adoption.

7 CONCLUSION

The HCI community is committed to addressing social and ethical factors in technology design and deployment that
generate harm and injustice. Our study contributes to this larger endeavour, by highlighting the complex ethical
challenges arising from power dynamics in the design, adoption, and governance of Al monitoring and of students in
education (AIEd). We identify three critical ethical risks: the exclusion of vulnerable groups (students), the pragmatism
of developers working under various pressures, and the limited technological literacy of customers (schools) which
causes them to fail to diligently address various risks. Those issues are tied to two sources of power — knowledge and
authority — that are found among stakeholders, creating a vacuum of accountability and leaving vulnerable users -
students - to ethical harms.

This study provides empirical evidence that expands understanding of the ethical challenges in Al design, deployment,
adoption, governance and use. It argues that ethical considerations must extend beyond technical aspects of Al systems
to address broader socio-technical or systemic challenges where power dynamics are at play. By advocating for a more
accountable approach to ethical decision-making within the AIEd design-making ecosystem, we stress the importance

of empowering all stakeholders in AIEd adoption: schools for effective stewardship, practitioners for ethical actions,
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parents for active oversight, and students with a say and veto power. This includes fostering Al literacy, enabling
transparency, and creating channels for communication and active participation, particularly for vulnerable groups like
students, to mitigate power imbalances and strengthen accountability mechanisms across all levels of AIEd deployment.

These results and discussions plausibly extend beyond Al in education to many other sensitive sectors adopting such
technologies, such as digital health and online public services. In closing, we not only call for reassessing current design
and adoption practices in education and other contexts, but also advocate for confronting power imbalances that lead to
negative ethical consequences. Our aim is to catalyse changes that empower vulnerable groups, promote social justice,

and establish comprehensive ethical protections in Al development and deployment.

ACKNOWLEDGEMENT

This research was funded through the Australian Government’s Research and Training program.

26



APPENDIX A

Appendix A: Participant Information

School  School Type School Size  School Located AIEd Experience ~ Gender
City Size
S1 Primary and High 300k Large Yes Male
S2 Primary 800 Small No Male
S3 Kindergarten, Primary 2.8k Small Yes Female
S4 Junior High 15k Medium Yes Male
S5 High 3k Small No Male
S6 Junior High 3k Medium Yes Male
S7 High 800 Large Yes Female
S8 Primary 1.3k Rural Area No Male
S9 High 2k Large Yes Male
S10 Primary 1.7k Medium No Male
Parent School Type City Size AIEd Experience Gender
P1 Primary Large Yes Female
P2 Kindergarten Small No Male
P3 Primary Small Yes Male
P4 Primary Rural Area Yes Female
P5 Junior High Large Yes Female
P6 Primary Medium Yes Female
P7 High Small Yes Female
P8 Junior High Large Yes Male
P9 High Small No Female
P10 High Large Yes Female
Developer  Roles AIEd Experience Gender
D1 IT Solutionist No Female
D2 Product Manager Yes Female
D3 Database Developer No Male
D4 Project Manager No Female
D5 IT Solutionist No Female
D6 Service Delivery Manager Yes Male
D7 Business Analyst, Client Manager Yes Male
D8 Al Algorithm Researcher & Developer Yes Male
D9 Product Manager — EdTech Specialist Yes Female
D10 AT Algorithm Developer Yes Male
APPENDIX B

Examples of Al-enabled classroom performance management systems provided during interviews:
These systems employ advanced facial and emotion recognition technologies to enhance classroom interactions. Key
functionalities include:

27



Attendance and Engagement Observation: The system tracks student attendance and gauges attention levels
during lessons, using facial recognition to identify instances where students may be distracted or miss crucial
learning content.

Real-Time Support Identification: In instances where a student’s facial expressions indicate confusion or struggle
with the material, the system can alert teachers. This enables timely intervention during the lesson.

Post-Class Analysis and Reporting: After classes, the system generates nuanced feedback, pinpointing specific
chapters or concepts where a student may need more practice. This personalised approach helps in identifying
areas of weakness for each student.

Academic Risk Prediction and Alerts: By analysing a student's performance in real-time, the system can predict
potential academic challenges in various subjects. It proactively notifies teachers and parents, allowing them to

intervene before a student's performance declines significantly.

Overall, these Al-enabled systems are designed to not only observe classroom dynamics but also to provide actionable
insights, supporting personalised learning experiences and enhancing academic outcomes.
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5.4 ADDITIONAL REFLECTIONS

The presentation of Study 2 evolved through multiple iterations and critical
reflection, shaped by disciplinary expectations and publication processes. A recurring
tension in reviewer feedback highlighted a common critique within HCI — while
stakeholder inclusion is acknowledged as best practice, industry limitations (e.g., time
and cost pressures) in real-world practice often hinder its implementation. This raised
important questions about the novelty and practical values of my study, exposing these
barriers. The peer comments have urged me to “move beyond shallow critiques to

operationalise the calls to action — from ‘what’ to ‘how.’

Yet, I argue that before asking how to fix such issues, we must understand why
they persist. Study 2 contributes precisely by exposing the structural dynamics — such as
power imbalances — that inhibit ethical and inclusive AIEd design in practice. These
insights offer a necessary foundation for future interventions, policy development, and
more context-sensitive ethical frameworks. Without empirical insights to reveal these
dynamics, there would be little basis for raising awareness, fostering discussions, or

building consensus for ethical actions like regulation.

As part of this work, I also began developing, or more precisely, translating, the
concept of “Ethical Debt” into HCI. This concept describes how flawed initial decision-
making processes about technology can lead to harmful or unethical downstream
consequences — consequences that decision-makers, especially those who must
subsequently address them, come to regret. Together with my supervisory team, Ethical
Debt is conceptualised as a process comprising three stages: causes, effects, and after-
implementation remediations. Study 2 findings are framed as key gaps in ethical decision-
making, presenting the causal factors driving ethical debt, with power structures emerging
as a critical lens in this process. While Ethical Debt is not fully theorised within this
thesis, the idea emerged from Study 2 and is currently being developed further in a

separate conceptual work.
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Chapter 6: Students’ Responses: Affective
Responses, Learning Beliefs, and
Ethical Priorities to ATIEd Design

This chapter presents the findings from Study 3, which offers a cohesive conclusion
to the storyline of this thesis by validating findings from Studies 1 and 2. The previous
chapters show a disconnect between stakeholder considerations: students’ concerns about
AIEd (Chapter 4, Study 1) are largely overlooked by more powerful stakeholders, who
expect students to accept trade-offs such as compromised privacy and emotional
discomfort in exchange for potential educational benefits (Chapter 5, Study 2). Building
on these insights, Study 3 serves two aims. First, it examines whether students agree with
the value trade-offs imposed by powerful stakeholders. Second, while Study 1 broadly
explored students’ perceived impacts of AIEd and highlighted the role of emotional
responses in shaping their learning experiences, Study 3 seeks to test and validate these
qualitative insights through a more targeted approach. Specifically, it places students in
fictitious classroom scenarios involving specific AIEd features and systematically
measures their affective and cognitive responses — focusing on their emotional reactions,
beliefs about learning, and ethical concerns. This allows for a more direct and structured
examination of how students perceive AIEd technologies in use, and whether their values

and preferences align with institutional assumptions.

Study 3 addresses RQ3: “What are students’ affective responses, beliefs about
learning, and prioritised ethical values respecting AIEd design and implementation?” In
Study 3, 132 Australian university students participated in an online experiment, with
their responses collected through a survey and analysed both quantitatively and
qualitatively. The findings build on and integrate insights from Study 1 and Study 2,
offering a deeper understanding of the challenges for AIEd adoption, regarding the
misaligned value priorities. The results suggest that students are critical of the value trade-
offs assumed by more powerful stakeholders and desire greater control over how they
engage with the AIEd system. Importantly, Study 3 reaffirms the significance of
emotional well-being in AIEd design, an aspect that strongly shapes students’ acceptance

or rejection of the technology but remains largely overlooked by other stakeholders.
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This chapter begins with a brief recap of the study’s approach (Section 6.1) and its
contribution to the thesis (Section 6.2). It then presents the manuscript arising from Study

3 (Section 6.3), followed by additional reflections (Section 6.4).

6.1 APPROACH FOR STUDY 3

As detailed in Chapter 3 Section 3.6, a mixed-method approach was adopted to
collect quantitative and qualitative data. 132 Australian university students participated

in the online experiment through a survey. The experiment was structured in two parts.

Part 1. Participants were shown six video prototypes illustrating various Al sensing
and intervention features in classroom settings. These features included Presence
(whether the scenario involved sensing technology), Detection Method (whether gaze-
tracking or emotion-detection was used for monitoring), and Teaching Intervention
(whether assistance was provided via a system-generated hint displayed on the screen or
a screen alert indicating that a human tutor would soon assist the student). Participants
were asked to rate their affective responses (e.g., whether they found the system enjoyable
or uncomfortable to learn with) and beliefs about learning (e.g., whether they perceived
the system as enhancing personalisation, learning efficiency, etc.) regarding these
features using a Likert-scale survey. They also provided detailed perceptions through

open-ended questions about the technology presented.

The video scenarios in Study 3 align with the story stems presented in Study 1 and
AIEd introductory materials presented before interviews in Study 2. This approach
ensures consistent insights across the thesis. Additionally, the scale items for affective
responses and beliefs about learning are grounded in Study 1’s qualitative themes -
emotional responses (individual dimension), and the pedagogical impacts, to validate and

extend those findings.

Part 2. Participants rated and ranked a series of ethical concern statements, such as
issues the technology might create for student autonomy, privacy, transparency, accuracy,
and fairness, based on their perceived importance. To assess the insights from Study 2 -
whether students agree with the powerful stakeholders’ value trade-offs for perceived
learning benefits, I included “Learning” as a comparison term alongside these ethical

concerns.

Students’ ratings of affective responses, learning beliefs, and rankings on ethical

concerns were analysed quantitatively using descriptive and comparative statistical
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methods. Open-ended responses were analysed qualitatively using inductive Thematic

Analysis.

6.2 FINDINGS AND CONTRIBUTION TO THE THESIS

Study 3 contributes to this thesis’s overarching research question — “What are the
ethical challenges in adopting artificial intelligence in education (AIEd) from the
perspectives of different stakeholder groups?” — by examining how students evaluate
specific features of AIEd technologies. The findings validate and deepen the insights from
Study 1 and contextualise them in light of the value trade-offs highlighted in Study 2,

bringing to the fore critical tensions between students and more powerful stakeholders.

The findings reinforce that students’ emotional responses are a key dimension in
how AIEd is perceived and experienced. Students reported consistently negative affective
reactions toward monitoring-oriented sensing features, highlighting discomfort and
distraction in learning, with no significant differences between gaze tracking and emotion
detection. They also preferred system-generated hints over tutor assistance, citing social
concerns about embarrassment from unwanted exposure of their learning struggles to
peers. While some students acknowledged potential benefits such as improved
personalisation and learning efficiency (in Study 1), these beliefs did not outweigh their

discomfort with being constantly monitored, as shown in Study 3.

Importantly, students ranked autonomy and privacy as their top ethical concerns,
placing them above learning benefits. They did not readily accept the value trade-offs
assumed by more powerful stakeholders, as identified in Study 2. Instead, they expressed
a clear preference for having more control over how AIEd systems are implemented.
These findings point to a strong value misalignment between students and decision-

makers, validating the gaps observed in the previous two studies.

Study 3 makes three contributions. First, it creates and validates a scale for
assessing AIEd technologies across learning beliefs and affective responses, building on
the qualitative insights from Study 1. The adapted version of this scale is shown in Table
3 (originally Table 2 in the publication manuscript, presented in Section 6.3 of this thesis).
Second, it identifies the priorities of students’ ethical concerns in AIEd, presented in
Table 4, guiding future AIEd design that centres on student value. Third, it offers five
actionable, student-centred design implications for Al-enabled teaching and learning

interventions, summarised in Table 5.
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Table 3. Validated scale for assessing AIEd across beliefs on learning and

affective responses.

Construct [Reliability] Items and Example Statement

Belief about Learning Personalisation. 'This system would be useful in meeting my individual

[Cronbach’s Alpha = 0,948, | 1€3ming needs.

high reliability] Efficiency. 'Using this system could make my learning process easier.'
Control of pace. 'I would have complete control of my own learning at
the pace I want when using this system.'
Distraction. 'It would distract me to think that my learning progress was
observed. '
Grade performance. 'Using this system could help me gain better grades
on the learning tasks.'
Over-helping. 'Using this system would give me so much help that I
don’t really learn.'

Affective Response Enjoyable. 'My learning experience with this new feature is more

[Cronbach’s Alpha = 0.957, enjoyable.

high reliability] Confident. 'Using this system helps me feel more confident in my
learning.'

Anxious. 'l feel anxious about using the system to learn.'

Uncomfortable. 'It is uncomfortable to think that my learning progress
is observed.'

Worried about flagging out. 'l am worried about the system flagging that
I am struggling.'

Fearing mistakes. 'l fear making mistakes, as it is observing my learning
progress.'

Table 4. Synthesised rankings and ratings of students’ ethical concerns in AIEd.

Note: This Table synthesises findings from Study 3, integrating results from two figures in the publication
manuscript. Pairwise prioritisation of ethical constructs using the Bradley—Terry model (Figure 3) is
reported in the second column, while the third column presents the corresponding ethical items from Likert
ratings (Figure 2) with their mean concern scores (scale: 1 =Notat all concerned; 5 = Extremely concerned).

Constructs are ordered by their probability of being prioritised (“wins”).

Ranked Ethical
Construct
(Probability of
‘wins’)

Ethical Items Highlighted (Mean Concern Level)

1.  Autonomy Not being given the option to opt out of using the system. (4.39)

(0.39) Not being asked for my consent before using the system. (4.21)
Having the fact that [ am interacting with Al hidden from me. (3.70)
2. Privacy Protecting my personal data from breaches. (4.10)
(0.27)

Sharing information about my activities with others, including teachers. (4.09)
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Sharing information about my emotional states with others, including teachers.
(4.23)

3. Transparency
(0.09)

Not being informed about how all the data collected about me is being used. (4.17)
Not being informed about the potential risks and flaws of the system. (4.10)
Not really understanding how the system’s Al algorithm works. (3.32)

4. Learning
Beneficence
(0.09)

The system not respecting my individual learning pace and preferences. (4.05)

Not having access to this system, and therefore not getting enough attention from
teaching staff. (2.30)

Not having access to this system and therefore waiting for help for too long. (2.16)

5. Accuracy
(0.08)

The system inaccurately interpreting my behaviour and emotions. (4.25)
The system offering too much help when I don’t need it. (3.82)
The system failing to recognise when I need help. (3.20)

6. Fairness
(0.08)

Not getting the same amount of support as other students get. (2.39)

The system discriminating against students based on, e.g., their race and gender.
(2.92)

The system only being available to privileged students. (2.61)

Table 5. Five Student-Centred Design Implications for Al Learning Intervention

Note: These implications synthesise design preferences expressed by students across quantitative and
qualitative data in Study 3. They provide actionable guidance for developers and educators seeking to align

AIEd with student agency, privacy, and well-being.

No | Design Implication Description

1 Minimise intrusive Prioritise less invasive approaches (e.g., task data, individual sensing
sensing with opt-out options) instead of gaze tracking or emotion recognition.

2 Enable customisable, Hints should be lightweight, optional, and adjustable in frequency and
student-triggered style; interventions must be suggestions, not impositions.
interventions

3 Redesign teacher- Preserve agency by giving students control over when teachers are
mediated interventions notified; use private or aggregated channels to reduce embarrassment.

4 Implement dynamic | Move beyond one-off consent; provide layered, situational opt-in
consent and transparency | prompts and explain clearly why and how the system acts.

5 Provide private feedback | Allow students to receive hints or warnings privately before teacher
channels involvement, creating a buffer for self-correction.

Study 3 directly addresses Problem 3: Neglecting Students’ Perspectives in AIEd
Design, by offering concrete empirical insights into how students respond to specific
AIEd features and what they value most in technology-supported learning environments.
It reinforces the importance of designing AIEd systems that not only meet performance

goals but also uphold students’ preferences, agency, and well-being.
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Study 3 also addresses Problem 1: Lack of Understanding of Unintended
Consequences of AIEd, by revealing how discomfort, distraction, anxiety, and
behavioural impacts emerge as unintended side effects of well-intentioned AIEd features.
These responses are not abstract concerns but tangible student reactions that, if ignored,
risk undermining acceptance and learning engagement. The findings offer design
implications (detailed in Section 6.3) that can help make AIEd systems more acceptable

and ethically aligned with student needs.

Study 3 further addresses Problem 2: Limited Understanding of Stakeholder
Dynamics in AIEd Adoption. When viewed alongside Studies 1 and 2, it becomes clear
that students’ ethical priorities - particularly autonomy and privacy - are at odds with the
assumptions held by more powerful stakeholders. They often justify intrusive
technologies with perceived educational benefits and expect students to comply. This
tension amplifies the ethical gaps and accountability concerns discussed in Chapter 5 and
calls for more inclusive governance approaches that meaningfully integrate student

voices.

Study 3 also addresses Problem 4: Limited Understanding of Ethics in AIEd. 1t
reinforces that ethics in AIEd cannot be reduced to technical concerns such as data
protection or algorithmic fairness. Rather, it highlights that values like autonomy,
privacy, and well-being are central to how students perceive and accept AIEd
technologies. Yet, some of these dimensions are often marginalised in institutional
adoption processes. A particularly important contribution of Study 3 is its illumination of
students’ emotional well-being as a critical, yet underrepresented, ethical concern. The
findings reveal that students’ negative responses to AIEd features are closely tied to
discomfort, anxiety, and pressure - emotional experiences that shape how students relate
to and accept AIEd systems. However, these affective responses remain largely absent
from existing AIEd ethics discussions. This insight points to a concrete direction for
extending current AIEd frameworks: embedding emotional well-being as a core
component of human-centred ethical design. I return to this proposition in Chapter 7
(Section 7.2), where I argue for incorporating emotional ethics into future frameworks as

a central pillar of students’ well-being in technology-mediated learning environments.

Ultimately, Study 3 findings synthesise and bring closure to the thesis narrative. It
solidifies the thesis’s central argument: that ethical, context-sensitive AIEd design and

adoption must be grounded in students’ lived experiences and value priorities. Ethical
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adoption is not only about technical safeguards but also about recognising students as
active agents whose well-being and engagement should guide how Al technologies are

designed and implemented in education.

6.3 STUDENTS’ AFFECTIVE RESPONSES, BELIEFS ABOUT LEARNING,
AND PRIORITISED ETHICAL VALUES TO AIED FEATURES

Study 3 findings have resulted in a manuscript that was submitted for publication

to the CHI 2026 conference in September 2025.

The paper manuscript begins on the next page.
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Al Sensing and Intervention in Higher Education: Student Perceptions of

Learning Impacts, Affective Responses, and Ethical Priorities

Al technologies that sense student attention and emotions to enable more personalised teaching interventions are increasingly
promoted, but raise pressing questions about student learning, wellbeing, and ethics. In particular, students’ perspectives about Al
sensing-intervention in learning are often overlooked. We conducted an online mixed-method experiment with Australian university
students (N=132), presenting video scenarios varying by whether sensing was used (in-use vs. not-in-use), sensing modality (gaze-based
attention detection vs. facial-based emotion detection), and intervention (by digital device vs. teacher). Participants also completed
pairwise ranking tasks to prioritise six core ethical concerns. Findings revealed that students valued targeted intervention but responded
negatively to Al monitoring, regardless of sensing methods. Students preferred system-generated hints over teacher-initiated assistance,
citing learning agency and social embarrassment concerns. Students’ ethical considerations prioritised autonomy and privacy, followed
by transparency, accuracy, fairness, and learning beneficence. We advocate designing customisable, social-sensitive, non-intrusive

systems that preserve student control, agency, and well-being.
CCS CONCEPTS « Human-centred computing — User studies; Empirical studies in HCL

Additional Keywords and Phrases: Al in Education, Ethics, Privacy, Student Agency

1 INTRODUCTION

Al-enabled sensing and intervention systems are increasingly promoted in higher education [104] to support data-
informed teaching [63, 84] and personalised learning [4]. These technologies often use camera-based inputs, such as eye
movement and facial cues, to monitor students’ attention and emotional engagement [13, 77]. Such systems can then
either generate automated intervention suggestions for teachers (e.g., [7, 77, 94]), or provide real-time tailored feedback
to students (e.g., through Intelligent Tutoring Systems [79]). These systems aim to enhance teachers’ situational
awareness [65, 93, 141], and deliver timely, individualised learning support to students.

Despite rapid technical advances, research on Al in Education (AIEd) often overlooks deeper student-centred and
learning factors [18, 24]. Prior work has largely taken a technology-centred perspective to understand which design
features can improve system effectiveness, efficiency, and usability (e.g., [86]). Yet technical performance alone does not
guarantee positive or meaningful educational experiences (e.g., [57]). Particularly underexplored are students’
perspectives on how various system features might influence their affective experiences [80] and learning [29]. These
aspects can significantly shape students’ engagement with AIEd [17, 50, 56]. For instance, discomfort from being
observed by AIEd may trigger behavioural change [56] and undermine the technology’s effectiveness [57]. Misalignment
with student needs and expectations could precipitate disengagement or resistance, even if the tools are technically
effective.

Crucial Al ethics considerations are equally underexamined in AIEd [62, 104]. For instance, improving personalisation
and accuracy requires extensive data, threatening privacy [130]. Timely intervention may aid learning efficiency but
override self-directed learning status [58, 91], diminishing autonomy. Improved Al accuracy may mean increased model

opacity, while greater transparency can reduce system performance [10]. Such ethical trade-offs present design



dilemmas. Furthermore, designing AI without appreciating how students perceive value tensions risks building
technically sound but socially unacceptable systems. Student-centric AIEd thus requires consideration of relevant ethical
concerns from the outset [46].

To address these gaps, we conducted a two-stage experimental study with 132 Australian university students via an
online survey. Stage 1 examined student preferences for Al sensing-intervention features. Participants viewed six video
scenarios featuring screen mockups of Al systems, which varied along three dimensions: 1) whether sensing was used;
2) sensing approach (gaze-tracking attention detection vs. facial-based emotion detection); 3) form of intervention
(system-generated instruction vs. teacher-mediated assistance). Participants rated their responses using five-point Likert
items after each scenario and provided open-ended feedback. Stage 2 explored how students weigh ethical value trade-
offs, asking participants to rank concerns through pairwise comparison tasks. Our research answers:

ROQ1 (Stage 1): How do students perceive Al sensing and intervention systems with various features?

e RQI (a): How do students evaluate the likely learning impacts of these systems?
e RQI (b): How do students affectively respond to these systems?
RQ2 (Stage 2): How do students prioritise ethical concerns regarding Al sensing and intervention systems?

Our findings reveal that students’ affective responses and beliefs about learning and ethics indicate a consistently
negative reception to the monitoring element of such technology (regardless of whether gaze-based or facial-based
detection was involved) in some of its current forms. In contrast, students showed a clear preference for system-
generated direct support over teacher-initiated assistance, citing desires for agency and concerns about embarrassment
before peers. Regarding ethical views, students were most concerned about autonomy and privacy, suggesting they
highly value control over learning processes and data in interactions with educational technology. Our study makes
three contributions to HCI and AIEd design. It:

1. Foregrounds human-centred dimensions in student-Al interaction, examining crucial affective and
pedagogical responses that are rarely evaluated. Our findings challenge prevailing notions of effectiveness
metrics, highlighting the importance of incorporating emotional well-being, social dynamics, and ethical
values into AIEd design and assessment.

2. Presents new empirical evidence for how students prioritise ethical values when engaging with AIEd. This
offers a foundation for aligning Al tools with student values and provides a transferable method for ethical
design in other sensitive domains where value tension arises.

3. Proposes five student-centred design implications for AIEd: minimise intrusive sensing; enable student-
triggered, customisable, and lightweight system interventions; redesign teacher-mediated interventions to
preserve student agency and control; implement dynamic consent mechanisms and transparency to

reinforce trust; and provide private feedback channels before teacher involvement.

2 RELATED WORK

This section reflects the two-stage structure of this study. Section 2.1 reviews previous work for Stage 1, justifying the
hypotheses to answer RQ1. Section 2.2 reviews ethical literature for Stage 2, introducing ethical principles examined to
address RQ2.



2.1 Student experiences with Al sensing-intervention

2.1.1 Al sensing-intervention

Recent advances in educational Al increasingly emphasise real-time sensing of learner states to enable adaptive feedback
and enhance instructors’ situational awareness [2, 35, 143]. Timely data-informed learning support has been recognised
as an effective mechanism for education [1, 23]. While sensor-equipped or instrumented classrooms have explored
embedding computing into physical infrastructures (e.g., pressure-sensitive chairs or mouses [6], wearable devices with
biometric sensors that physiologically identify arousal states [11, 54, 140]), these approaches pose logistical or financial
challenges [1]. These practical limitations have generated significant interest in visual approaches in Al sensing [1],
using computer vision and machine learning to capture students’ visual and behavioural cues (e.g., gaze direction [2, 66,
87], facial expressions [13, 44], body gestures [76, 92], head orientation [1, 105, 106]) and to infer cognitive attention,
emotional engagement, and interactions [35, 132, 143].

Al Sensing: Among camera-based sensing modalities, gaze-based attention detection and facial emotion detection
are predominant [1, 3]. Using existing cameras, such as those in student laptops, makes Al sensing practical for
widespread adoption.

e Gaze-based Attention Detection leverages eye-tracking technology to capture temporal changes in gaze and infer
attentional state in real time [66]. This approach offers insights into crucial cognitive processes such as focus
and distraction [3, 71]. It has been applied to assess student performance in complex tasks like surgical
simulations [77, 113] and to mitigate mind-wandering with timely interventions (e.g., GazeTutor [36], Guru ITS
[66]). Such systems may successfully redirect learners’ attention and improve learning outcomes [36, 66].

e Facial Emotion Detection potentially offers rich situational learning information on student engagement [134]
and states like excitement [76], confusion, and frustration [20, 70]. Computer vision detects facial landmarks,
which are fed into machine learning models trained to classify emotional expressions [13, 44, 117]. This may
give valuable insight into students’ motivation and real-time learning experiences. A well-known example is
EmoDash [44], a teacher-facing dashboard that visualises learners’ emotional states in real time.

Al Intervention: Insights from Al sensing of attention and emotion can be directly used to trigger instructional
interventions aimed at providing timely, personalised support. Two main forms exist:

e Teacher-Mediated Assistance: Teacher-facing systems [63, 84] can provide insight about individual students or
class-wide progress, such as who is struggling or disengaged [124], enabling teachers to adjust instruction [7,
8, 44, 51], target their attention [64] and offer timely support [33, 64, 66, 138]. This positions teachers as
“orchestrators of when and how to use AIEd tools” [90].

e  System-Generated Instruction: Student-facing systems [15] include Intelligent Tutoring Systems (ITS) [117],
which automatically deliver hints, feedback, or re-engagement messages [79] directly to students. For instance,
attention-aware ITS such as GazeTutor [36] redirect attention when students become distracted, and Guru [66]
and ATS [86] adapt feedback and provide hints based on emotional cues.

While attracting much interest, these promising technologies still lack strong empirical evidence and robust
pedagogical grounding [129]. Furthermore, little is known about how users, especially students, respond to these

approaches and their combinations. Addressing this gap is essential for student-centred AIEd design.



2.1.2 Gaps in understanding students’ experiences with AIEd

Understanding students’ perceptions of AIEd is critical for aligning technology with users’ values and needs [9, 19], and
ensuring the intended pedagogical outcomes are achieved. Recent HCI research shows that when students feel
uncomfortable with Al systems that monitor their behaviour, they may consciously alter how they act, pandering to or
even deceiving the system’s sensing mechanisms [56]. Such responses not only reduce Al accuracy and effectiveness but
may also disrupt students’ sense of agency and trust in the learning process [57, 59]. Thus, we must examine not just
how well AIEd systems function technically, but also how students experience, interpret, and respond to them.

However, most studies exploring students’ attitudes toward AIEd remain general. They often report overall positive
views (e.g., [5, 72, 108]) and advocate for the technology’s implementation [5, 108], citing benefits such as timely feedback
[53, 118] and improved teaching quality [45, 53]. A few studies indicate student concerns [135], including data security
and privacy [69, 130], transparency and user consent [135, 136], misinterpretation of learning performance or needs [53,
118], and feelings of excessive monitoring and control [118]. Yet deeper exploration of students’ responses to specific Al
applications or features is lacking [49].

Furthermore, while some empirical studies have evaluated students’ experiences with specific AIEd technologies such
as ITS and Affective ITS, these evaluations largely focus on student performance metrics like pre-/post-learning gains
according to scores [82, 86], faster task-completion times [99], usability ratings [82, 86, 99], and technology acceptance
[29]. While such findings demonstrate statistically significant learning improvements and system effectiveness [49], they
risk narrowing student attitude and acceptance to system efficiency alone. Deeper human aspects of learning experiences,
such as students’ learning status and autonomy, motivation, high-order thinking, and self-efficacy, are rarely examined
[29]. Learning is more than task completion; it is a complex phenomenon that involves developing curiosity, agency,
and personal growth. Without deeper investigation into how students experience or perceive AIEd, we risk failing to
evaluate such technologies from a pedagogically meaningful, user-centred standpoint [9, 19].

Two recent speculative studies have begun to explore students’ nuanced reactions to classroom observational AI [56]
and personalised intervention [59], together painting a relatively negative picture about students’ perceptions. They
offer early insights into the emotional and pedagogical concerns that AIEd may raise, including potential heightened
anxiety, disrupted learner status [58, 91] and pedagogical interactions [56, 88, 137]. While these studies also noted
positive expectations such as receiving timely support and gaining data-informed insights, they did not identify which
specific features of AIEd trigger negative emotional or learning-related responses in students. Nor did they address how
students interpret trade-offs when sensing data is used to deliver the benefits they anticipate. This points to a critical
gap in understanding how combinations of sensing and intervention features affect students’ attitudes.

Hence, this study addresses the lack of research on students’ learning-related beliefs and affective responses to Al
sensing-intervention through RQ1. RQ1(a) — How do students evaluate the likely learning impacts of these systems? —
builds on prior work highlighting students’ expectations for personalisation, efficiency [53, 118], academic improvement
[82, 86], and learning autonomy [56, 59]. RQ1(b) — How do students affectively respond to these systems? — draws on
evidence that students’ emotional responses significantly shape their attitudes toward AI [72] and learning engagement
[57], including enjoyment [56], confidence [83, 86, 99], anxiety [56], discomfort [56], and fear of mistakes [56].

2.1.3 Hypotheses in Stage 1

To address RQ1, we generated a set of hypotheses on students’ perceptions of different Al sensing-intervention

approaches. Given that such systems typically involve a sequential process that first collects students’ behavioural data



through sensing and delivers adaptive support through intervention, we break down the evaluation to examine

perceptions of each component individually.

Figure 1. Overview of study hypotheses.

Prior research on ITS has shown statistically significant improvement in learning outcomes (e.g., pre/post-test gains
in scores and reduced task-completion time [82, 86, 99]), while other studies often highlight students’ positive
expectations of receiving learning benefits such as personalisation and improved efficiency [53, 118]. However, studies
have also reported negative perceptions when students are aware of being observed by Al including emotional

discomfort and a sense that monitoring may disrupt learning [56, 59]. Building on these contrasting findings, we propose:

H1 - Students perceive Al systems that rely on sensing more negatively than systems that do not use sensing —

both in terms of (a) potential learning impacts and (b) affective responses.

It also seems reasonable to expect that students may perceive gaze-based attention detection more positively than
facial-based emotion detection, due to differences in how personal the collected data feels and perhaps also the perceived
pedagogical relevance. Facial emotion recognition, which relies on sensitive biometric data (e.g., facial expressions), is
legally classified as high-risk in school settings under the GDPR and EU AI Act [40]. In contrast, gaze-based attention
detection typically involves observable behavioural cues (where the student is looking) and may feel less intrusive.
Students may therefore feel more comfortable with gaze-based systems. Pedagogically, attention is a well-established
indicator of learning outcomes [109], whereas the connection between Al-detected emotions and learning is perhaps

more ambiguous and context-dependent. Accordingly, we propose:

H2 - Students perceive gaze-based attention detection more positively than facial-based emotion detection — both

in terms of (a) potential learning impacts and (b) affective responses.

Previous research suggests some students prefer automated assistance over human support to avoid feeling judged
[57, 115]. In contrast, other studies report a preference for human-delivered help, citing perceived empathy [41, 42]. This
tension becomes particularly relevant in the context of Al sensing-intervention systems, where automated support might

feel more private but less human. Meanwhile, ITS’s offering personalised automated hints and explanations has been



shown to improve learning outcomes and receive positive evaluation from students [78, 131]. To explore this further,

we specifically examine which form of assistance students feel more comfortable receiving. We propose:

H3 - Students perceive system-generated assistance more positively than teacher-mediated assistance — both in

terms of (a) potential learning impacts and (b) affective responses.

In summary (see Fig.1), H1 relates to whether Al sensing should be used at all. H2 involves considering whether the
type of sensing matters (gaze-based vs. facial-based). H3 relates to asking how, regardless of sensing, the intervention
should be delivered (system-generated vs. teacher-mediated assistance). All hypotheses align with our overarching

research aim of understanding how students evaluate Al sensing-intervention tools.

2.2 Students’ ethical priorities for Al sensing-intervention

Ethical values are central to human-centred computing [102]. Recent review studies [125], academic critics [61, 62], and
policy frameworks (e.g., UNESCO [97], World Economic Forum [139]) highlight key ethical concerns for AIEd. These
concerns primarily involve data privacy, bias and fairness, transparency, autonomy, accuracy, and impacts on pedagogy
[62]. However, these values may conflict in real-world implementation. For instance, improving model accuracy may
require big data, thereby compromising privacy [130]. Enhancing algorithm performance may reduce transparency [10],
as it can involve using complex ‘black box’ models that are difficult to interpret or explain [107]. Moreover, opting out
of Al-enabled education to preserve autonomy may lead students to forgo potential learning benefits, raising fairness
concerns. Students themselves report experiencing such trade-offs, weighing the benefits of participating in Al-enabled
systems against perceived privacy concerns [111]. Such trade-offs mean that fully meeting all ethical principles
simultaneously can be costly or impossible. In practice, developers often make decisions about which values to prioritise
or compromise [74]. However, it is important to recognise that compromising any ethical principle, even with good
intent, may harm students.

No existing study has examined how students themselves evaluate these trade-offs. While prior research has
documented students’ general attitude to Al often highlighting privacy and fairness as the highest-rated concerns [67],
these insights remain high-level. Yet users’ attitudes toward ethical risk are highly context-dependent [122]. For instance,
people may accept algorithmic decision-making in social media recommendations and reject it in financial services [67].
Explainability may be deprioritised compared to accountability, fairness, security, privacy, and accuracy in tax fraud
detection [71]. In education, overlooking how students navigate value tensions could inadvertently undermine agency
and trust. Hence, we pose RQ2: How do students prioritise ethical concerns regarding Al sensing and intervention systems?

Below, we explain key ethical concepts examined in Stage 2.

2.2.1 Ethical constructs examined in Stage 2

To ground this study’s ethical prioritisation task in Stage 2, we draw on widely recognised frameworks. Jobin et al. [68]
identified five core Al ethics principles: non-maleficence, privacy, justice and fairness, transparency, and responsibility.
Influenced by bioethics, Floridi and Cowls [47] stressed beneficence, non-maleficence, justice, autonomy, and
explicability. Such broad principles, however, need contextualisation within educational settings [61, 62]. Holmes et al.’s
[62] influential AIEd-specific framework highlighted privacy, data security, fairness, bias, autonomy and agency,
transparency, accountability, and inclusion. Six recurring ethical values from these frameworks form the basis of our

Stage 2 ranking task. Here, we explain these ethical concepts and their significance for Al sensing-intervention.



(Learning) Beneficence: Beneficence refers to assisting and benefitting others [47]. In Al ethics, beneficence demands
that Al systems be capable of achieving benefit [98]. In the AIEd context, beneficence requires that technologies
meaningfully support students’ learning, engagement, and educational development [104]. Importantly, beneficence in
AIEd must be grounded in evidence of actual educational value [129].

Privacy: Privacy is a core expression of the non-maleficence principle [48] of “do no harm” [98] and requires
safeguarding individuals’ personal information. Al systems may collect, store, and process large volumes of sensitive
personal data [97]. Privacy concerns include preventing data misuse, hacking, or leakage [83] and respecting individuals'
control over how their information is gathered and shared. Persistent privacy worries have been reported by students
[60, 69, 81, 100, 126, 130], educators [53, 85], and school officials [26], particularly regarding excessive data collection
[97] and breaches of personal information [83].

Accuracy: Accuracy, another aspect of non-maleficence, requires that Al systems avoid harm [48] through correct
interpretations and decisions [98]. In AIEd, inaccurate interpretation and predictions concerning behaviour can mislabel
students and trigger disruptive interventions [28, 52, 57]. For instance, remote exam Al proctoring tools may falsely flag
innocent behaviours, causing distress and unfair allegations of cheating [30]. Accuracy failures in AIEd have
consequences for fairness, well-being, and trust (e.g., [30]).

Autonomy: Autonomy refers to students’ ability to pursue meaningful goals [62] and make informed decisions [48].
Respecting autonomy may involve the right to consent to Al use, to opt out, and to exercise control over data [60]. It
may entail preserving some level of student agency in learning [59]. The degree of choice that students have concerning
Al in education may depend on circumstances, but a perceived lack of choice may negatively affect student attitudes to
AIEd [59].

Fairness: Fairness is very frequently mentioned in discussions of AIEd [125]. Fairness requires that Al models avoid
or mitigate discriminatory or unjust consequences [55, 122] to ensure equitable treatment across diverse backgrounds
[95]. This is particularly pressing in AIEd applications such as personalised content delivery, performance evaluation
and prediction, and facial emotional recognition (e.g., [39]). Here, biased training data or model assumptions [89, 96] can
cause unfair student outcomes [14, 128, 142] regarding race, ethnicity, nationality, and gender [62]. For instance,
automated essay-grading systems may assign lower scores to essays by Black over White students for equivalent content
[28, 52]. Notably, fairness has been shown to most strongly influence users’ satisfaction with algorithms, followed by
transparency [120].

Transparency: Transparency in Al systems can build trust [119] and empower users [27]. It can involve explanations
[114] to stakeholders about data collection, algorithmic function [101], and system limitations, and is linked to informed
consent [95] and respect for autonomy [30]. Low transparency in AIEd can leave students uncertain about what is being
measured or how interventions are triggered [56], generating feelings of surveillance and anxiety, and self-censorship

[56]. Transparency may be a requirement [30] for student understanding, trust, and meaningful participation [56].

3 STUDY METHOD

This study employed a two-stage design. Stage 1 (RQ1) examined students’ preferences for Al sensing-intervention
features through an online experiment with video scenarios, followed by Likert-scale responses and open-ended reports.
Stage 2 (RQ2) examined ethical priorities where participants rated and ranked ethical principles. Ethical approval for the

study was granted by [anonymised].



3.1 Stage 1: Scenario-Based Experiment

3.1.1 Materials and variable design

We employed a within-subjects experimental design with three independent variables: whether sensing was used
(sensing-in-use vs not-in-use), sensing modality (gaze-based attention detection vs facial-based emotion-detection, only

when sensing was in-use), and intervention form (system-generated vs. teacher-mediated intervention).

e Use of Al sensing: whether the scenario depicted a system that relied on Al sensing (sensing-in-use) or a system
that did not use sensing (not-in-use). In the experiment, this was conveyed by informing participants that Al
sensing was operating (sensing-in-use) or by omitting such information (not-in-use). In practice, students’ learning
status could also be inferred through non-sensing approaches (e.g., time spent on tasks or interaction patterns
within the software), though we did not detail these alternative approaches in the scenarios.

e Sensing approach: whether the sensing involved gaze-based attention detection or facial-based emotion-detection.

o Intervention form: whether the learning intervention was offered via a system-generated hint (displayed on the
screen) or via a human teacher (meaning the issuing of a screen alert that a human teacher would soon visit the

student to assist).

Experimental Scenarios. To represent these combinations (see Table.1), we created six video scenarios using simple
screen-based prototypes (Appendix A) and presented them within a Qualtrics survey. Each video simulated a student's
view of a learning task within a typical learning management system, overlaid with animated features representing Al
sensing-intervention functionalities. These visual materials were accompanied by text instructions and voice-overs
within the videos to provide participants with context for the prototypes they were viewing. This commentary
emphasised that our goal was not to criticise the technology but rather to explore implications to inform better design.
All instructions were carefully worded with neutral terms such as “... the system observes you”, avoiding expressions

that might bias participants’ perceptions.

3.1.2 Procedure

Participants entered the study via the Qualtrics survey platform. After reading an overview introducing that the research
focused on exploring their attitudes to intelligent technologies in education, they provided consent for participation. We

informed them that two sequential stages of data collection followed.

Table 1: Scenario presentation sequence in Stage 1°

Sensing not-in-use (S1, S2 randomised)

S1: System-generated hint (System hint) S2: Human-mediated assistance (Human assistance)

Sensing in-use (S3-S6 randomised)

S3: Gaze-based attention detection + System hint  S4: Gaze-based attention detection + Human assistance
S5: Facial-based emotion detection + System hint  S6: Facial-based emotion detection + Human Assistance

 For the first two scenarios (S1 or S2, presented in randomised order), participants were not informed that sensing was involved. For
the remaining trials (S3-S6, represented in randomised order), participants were explicitly informed that Al-based sensing was
operating. These scenarios varied by sensing approach and intervention form.

In stage 1, participants watched six scenarios (Table.1) and were asked to imagine themselves using the systems
displayed. After each scenario, participants responded to a set of five-point Likert items to record their beliefs about the

likely learning impact of the technologies and their affective responses. Upon completing all 6 scenarios, participants



were given an open-ended question that invited them to enter free text to describe in richer detail their responses in
relation to all the systems viewed. This step was included to gain qualitative insights to interpret patterns in the Likert

ratings, and for the researchers to learn about any aspects of experience that had been overlooked.

3.1.3 Measures and scale validation

We designed a set of Likert-scale items to assess participants’ beliefs about learning and affective responses to sensing
and intervention technologies. Existing technology acceptance scales (e.g., [75]) were not suitable to capture the specific
affective and pedagogical concerns raised in prior observational and qualitative studies of AIEd systems (e.g., [56, 59]).
Therefore, we devised new items informed by the literature reviewed in Section 2.1.2 (first column of Table.2) and
grounded in relevant theoretical frameworks on technology perception and user experience. Each item was mapped to
an established psychological concept or cognitive theory (second column of Table.2) to support construct validity. The
items were piloted with 10 students to ensure clarity and ease of interpretation, with minor wording revisions made
based on their feedback.

Table 2: Likert items presented after each scenario presentation

Constructs and Likert Statements Related Concepts
Belief about learning [Cronbach’s Alpha = 0.948, high reliability]

¢ personalisation [53, 118] - 'This system would be useful in meeting my individual learning needs.’ Perceived usefulness [37]
¢ efficiency [53, 118] - 'Using this system could make my learning process easier.’ Job-fit [127]

+ control of pace [56, 59] - ' would have complete control of my own learning at the pace I want Perceived behavioural control

when using this system.' (73]

¢ distraction [56] - 'Tt would distract me to think that my learning progress was observed. '

¢ grade performance [82, 86] - 'Using this system could help me gain better grades on the learning Social-cognitive theory

, (individual esteem, sense of
tasks.

accomplishment) [32]
¢ over-helping [59] - 'Using this system would give me so much help that I don’t really learn.'

Affective response [Cronbach’s Alpha = 0.957, high reliability]

¢ enjoyable [56] - 'My learning experience with this new feature is more enjoyable.' Attitude toward behaviour

¢ confident [83, 86, 99] - 'Using this system helps me feel more confident in my learning.' [38, 144]

¢ anxious [56] - 'I feel anxious about using the system to learn.' Emotional reaction to

¢ uncomfortable [56] - 'It is uncomfortable to think that my learning progress is observed.' technology (ERT) model [17]
¢ worried [56] - Tam worried about the system flagging that I am struggling.’ Positive affect negative affect
¢ fearing mistakes [56] - 'I fear making mistakes, as it is observing my learning progress.' schedule (PANAS scale) [133]

Students’ emotional responses
to observational Al [56]

Internal consistency of the scales was assessed using Cronbach’s alpha [34]. Both constructs of Beliefs about Learning
and Affective Responses showed high reliability. Each construct combined six items with both positive and negative items.
We applied reverse-scoring to the negative items to align their direction with the positive items. Cronbach’s Alpha was
then computed, resulting in reliability scores of 0.948 for Beliefs about Learning, and 0.957 for Affective Responses, both
well above the recommended threshold of 0.70 [103]. These reliability scores indicate that the items consistently
measured students’ perceptions of learning impacts and affective responses, which we used to test whether these two

dimensions were viewed positively.



3.1.4 Analysis

For Likert-scale quantitative responses, we conducted non-parametric Mann-Whitney U tests with Bonferroni
corrections to compare conditions across items. For open-ended qualitative responses, we employed thematic analysis
following Braun and Clarke’s approach [22]. The first author inductively coded the data and generated initial themes.
The research team then discussed and reflected on the themes through multiple rounds, iteratively refining the themes

through a review and writing process.

3.2 Stage 2: Ethics Pairwise Ranking Tasks

After completing the scenario-based evaluations in Stage 1, participants proceeded to Stage 2, which involved two

sequential tasks.

3.2.1 Design and procedure

First, participants rated their level of concern about 18 statements describing potential ethical issues, using a five-point
Likert scale (1=not at all concerned, 5=extremely concerned). These statements were grouped under six broad ethical
concepts: Privacy, Autonomy, Fairness, Accuracy, Transparency, and Learning Beneficence (Table.3). This task aimed to

provide a descriptive overview of participants’ ethical concerns depicted across all the viewed scenarios in Stage 1.

Table 3: Statements of potential ethical concerns

Statement Tag Statement

Privacy_1 Protecting my personal data from breaches.
Privacy_2 Sharing information about my activities with others, including teachers.
Privacy_3 Sharing information about my emotional states with others, including teachers

Autonomy_1
Autonomy_2
Autonomy_3
Fairness_1
Fairness_2
Fairness_3
Accuracy_1
Accuracy_2
Accuracy_3
Transparency_1
Transparency_2
Transparency_3

Having the fact that I am interacting with Al hidden from me.

Not being asked for my consent before using the system.

Not being given the option to opt out of using the system.

Not getting the same amount of support as other students get.

The system discriminating against students based on, e.g., their race and gender.
The system only being available to privileged students.

The system inaccurately interpreting my behaviour and emotions.

The system failing to recognise when I need help.

The system offering too much help when I don’t need it.

Not really understanding how the system’s AI algorithm works.

Not being informed about how all the data collected about me is being used.
Not being informed about the potential risks and flaws of the system.

Learning_1 Not having access to this system and therefore waiting for help for too long.
Learning_2 Not having access to this system, and therefore not getting enough attention from teaching staff.
Learning_3 The system not respecting my individual learning pace and preferences.

Next, participants completed 15 pairwise comparisons between representative statements from six core Al ethics
concepts: Privacy, Autonomy, Fairness, Accuracy, Transparency, and Learning Beneficence (Table.4). In each
comparison, participants were asked to select which of the two presented statements they were more concerned about.
Each item in Table 4 was a single overarching statement designed to broadly represent the core ethical concern it
belonged to. The order of both rating items and pairings was randomised for each participant.

Finally, participants completed a brief demographic questionnaire reporting their gender, age range, major and

degree of study, and self-evaluation of general Al knowledge.
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Table 4: Ethical constructs and their representative statements of concern, for paired comparison ranking

Ethical Concept Presented Statement

Privacy: Students not controlling their private information held by the technology.
Autonomy: Students not having choices about whether and how this technology is used.
Fairness: Students not being treated equally and fairly by the technology.

Accuracy: The technology not accurately determining when students need help.
Transparency: Students not knowing how the technology evaluates their attention and emotions.

Learning Beneficence: The technology not helping students to learn effectively.

3.2.2 Item justification

The items and statements used in Stage 2 reflect our review of salient ethical principles from established frameworks
(Section 2.2.1). In the rating task in Table 3, each principle was represented by three specific statements. Internal
consistency of the scales in Table 3 was assessed using Cronbach’s alpha [34], demonstrating high and acceptable
internal consistency for Privacy (0.90), Autonomy (0.82), Transparency (0.84), and Fairness (0.72), which exceeded the
recommended threshold of 0.70 [103]. Accuracy (0.68) and Learning (0.67) showed reliability levels close to the 0.70
threshold. For Learning, it is likely because the three items pull in different directions: Learning_1 and Learning_2 focus
on risks of not using Al, while Learning_3 concerns risks when Al is used. We therefore present the Learning dimension

result at the item level rather than relying on mean scores [103].

3.2.3 Analysis

Participants’ concern levels across 18 rated items (Table.3) were presented using descriptive statistics. Pairwise
comparisons (Table.4) were analysed with the Bradley-Terry Model [21] to estimate the probability of each concern

being prioritised over another.

3.3 Participants

We recruited 141 participants via the crowdsourcing platform Prolific, with 9 excluded based on an attention check to
ensure data quality. A power analysis suggested a minimum of 106 participants were required, based on a medium effect
size [31] f=0.35 with a significance level of 0.05 at 80%. Participants were all university students in Australia, with English
as their first language and a minimum approval rate of 95% on the Prolific platform. We did not screen participants for
Al literacy, as the aim was to reflect the real-world diversity of Al understanding within higher education settings
(however, they were asked to self-evaluate their general Al knowledge in the demographic questionnaire at the end). In
our sample, 50% identified as male, 47% identified as female, and 3% identified as non-binary or third/gender. All
participants were compensated for their time and contribution with a payment of GBP £13.64 per hour, matching the

local minimum wage in Australia.

4 FINDINGS

Our final dataset included 132 participants aged 18~24 (51%), 25~35 (44%), 45~54 (5%), with none below 18 or above 55.
All participants were current university students, including undergraduates (67%), postgraduates (17%), PhD (9%), and
others such as honours and diplomas (7%). Majors taken were arts and humanities (10%), business (8%), education (4%),
engineering (11%), computer science and IT (16%), health sciences (20%), natural sciences (5%), social sciences (15%), and
other (11%). In terms of Al literacy, most participants reported basic (43%) or intermediate knowledge (43%), with fewer
indicating advanced (11%), no knowledge (2%), or expert knowledge (1%).
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4.1 Stage 1: Believed learning impacts and affective response towards Al sensing-intervention

We first present students’ quantitative ratings from Stage 1 to address RQ1: How do students perceive Al sensing and
intervention systems with various features? Hypothesis testing was based on two constructs: Beliefs about Learning and
Affective Responses, each consisting of multiple items. For construct scores, items with negative valence (e.g.,
“distraction”) were reverse-coded so that higher values consistently reflect more positive perceptions. Item-level scores

were reported in their original direction to provide nuanced insights into specific perceptions.

4.1.1 Sensing-in-use vs. not-in-use (Hypothesis 1)

Table 5 shows Likert ratings when sensing was not-in-use (scenarios 1-2) versus sensing-in-use (scenarios 3-6).

Table 5. Effect of Sensing Use on Beliefs about Learning and Affective Responses *

Sensing Sensing Significance
Not-In-Use In-Use
Mean SD Mean SD  U-statistic P-value Adjusted

P-value
Belief about Learning 3.28 089 251 0.89 105309.50  0.00 0.00
personalisation 3.59 112 2,63 130  99703.50 0.00 0.00
efficiency 3.60 115 2.56 130 101653.00 0.00 0.00
control of pace 3.04 136 222 1.23  94830.00 0.00 0.00
grade performance 350 103 2.66 1.18  98763.50 0.00 0.00
distraction 297 117 390 113 39976.50 0.00 0.00
over-helping 3.08 120 3.12 1.16 69395.00 0.65 1.00
Affective Responses 285 107 196 095 36202.50 0.00 0.00
enjoyable 3.07 121 2.00 113 104535.50 0.00 0.00
confident 2.77 1.09 2.09 1.08 95773.00 0.00 0.00
anxious 3.03 141 4.22 113 36894.50 0.00 0.00
uncomfortable 326 139 4.33 1.06  38535.00 0.00 0.00
worried 270 125 4.00 118 32420.50 0.00 0.00
fearing mistakes 3.01 134 382 1.17 46517.00 0.00 0.00

* The response score is based on the Five-point Likert scale (1=Strongly disagree, 5=Strongly agree). Construct scores (shaded rows)
were calculated by reverse-coding negatively worded items (e.g., ‘distraction’) so that higher values indicate more positive perceptions.
Item-level scores are presented in their original direction.

In the sensing not-in-use condition, participants rated their beliefs on learning impacts relatively positively. They
agreed that the intervention system would support personalisation, efficiency and grade performance, while holding
neutral views on having self-control of their learning pace, being distracted, and receiving too much help from the system.
Their affective responses were also generally neutral.

In the sensing-in-use condition, ratings shifted sharply negative on both believed learning impacts and affective
responses. Participants disagreed that the system would support personalisation, efficiency, and self-control of learning
pace. They deemed it distracting, finding the experience unenjoyable and not confidence-boosting, while anticipating
feeling anxious, uncomfortable, worried about being flagged as struggling, and afraid of making mistakes.

Five of six learning beliefs items (personalisation, efficiency, control of pace, grade performance, distraction) and all six
items from affective responses (enjoyable, confident, anxious, uncomfortable, worried, fearing mistakes) were significantly
less positive when sensing was disclosed, with only over-helping unaffected. For example, perceptions on improved

efficiency declined from Mean=3.60 (agree) in sensing not-in-use scenarios to Mean=2.56 (disagree) in sensing-in-use
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scenarios. Disclosure of sensing led to negative responses on every item apart from over-helping. These results support
H1 - Students perceive Al systems that rely on sensing more negatively than systems that do not use sensing, both in terms
of (a) potential learning impacts and (b) affective responses.

4.1.2 Gaze-based attention detection vs. Facial-based emotion detection (Hypothesis 2)

Table 6 compares sensing approaches across scenarios 3—6 when students were informed that sensing was in operation.

Table 6: Effect of Sensing Approach on Beliefs about Learning and Affective Responses *

Gaze Facial Significance
Attention Emotion

Mean SD Mean SD  U-statistic P-value Adjusted

P-value
Belief about Learning 2,50 0.95 2.52 093  34814.40 0.75 1.00
personalisation 2,57 129 270 130  33503.50 0.27 1.00
efficiency 249 129 262 130 33385.00 0.25 1.00
control of pace 2.17 122 227 123 33643.00 0.31 1.00
grade performance 2.67 121 2.66 115  35443.50 0.97 1.00
distraction 385 113 394 112 33481.00 0.26 1.00
over-helping 3.05 117 3.20 115 32660.50 0.11 1.00
Affective Responses 1.94 093 197 0.96 34791.00 0.74 1.00
enjoyable 1.95 109 205 117 34034.00 0.42 1.00
confident 2,07 107 211 1.09 34726.50 0.70 1.00
anxious 424 111 419 116 36181.50 0.61 1.00
uncomfortable 4.34 106 431 1.07 35970.00 0.70 1.00
worried 4.00 118 4.00 1.17 35370.00 1.00 1.00
fearing mistakes 381 115 3.83 1.20 34583.00 0.64 1.00

* The response score is based on the Five-point Likert scale (1=Strongly disagree, 5=Strongly agree). Construct scores (shaded rows)
were calculated by reverse-coding negatively worded items (e.g., ‘distraction’) so that higher values indicate more positive perceptions.
Item-level scores are presented in their original direction.

Across both conditions, participants reported relatively negative perceptions in both learning beliefs and affective
dimensions. No significant differences were found between gaze-based attention detection and facial-based emotion
detection on any of the items. Thus, we found no support for H2 - Students perceive gaze-based attention detection more

positively than facial-based emotion detection, both in terms of (a) potential learning impacts and (b) affective responses.

4.1.3 System-generated vs. Human-mediated assistance (Hypothesis 3)

Table 7 compares intervention approaches when students were not informed that sensing was in operation (scenarios
1-2). Table 8 compares intervention approaches when sensing-in-use (scenarios 3-6).

In the sensing not-in-use condition (Table.7), system-generated hints were perceived significantly more positively
than human teacher assistance for 3 items of believed learning impacts (efficiency, control of peace, distraction), with no
difference for 3 items (personalisation, grade performance, over-helping). System-generated hints were also rated
significantly more positively in terms of all the items of affective response. In the sensing-in-use condition (Table.8),
system-generated hints again were rated significantly more positively than human teacher assistance, across nearly all
items in believed learning impacts except over-helping, and all items in affective responses. These results support H3 -
Students perceive system-generated assistance more positively than human-delivered assistance, both in terms of (a) potential

learning impacts and (b) affective responses.
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Table 7. Effect of Intervention Form (Sensing Not-In-Use Scenario) on Beliefs about Learning and Affective Responses *

Human System Significance
Sensing Not-In-Use Assist Hint
Scenario Mean SD Mean SD U-statistic ~ P-value  Adjusted
P-value

Belief about Learning 3.09 092 3.47 0.82 6513.00 0.00 0.00
personalisation 341 124 3.77 097 7549.50 0.02 0.29
efficiency 3.29 125 391 095 6377.50 0.00 0.00
control of pace 248 129 359 119 4831.00 0.00 0.00
grade performance  3.44 1.19 3.56 0.96 8366.00 0.42 1.00
distraction 3.17 119 277 1.13 10604.00 0.00 0.05
over-helping 294 121 3.23 1.19 7734.50 0.07 0.83

Affective Responses 226 095 3.47 094 3104.00 0.00 0.00
enjoyable 2.62 200 3.52 1.06 5153.00 0.00 0.00
confident 245 1.00 3.10 1.09 5868.50 0.00 0.00
anxious 3.84 126 222 1.03 14538.50 0.00 0.00
uncomfortable 396 118 2.56 1.23 13897.00 0.00 0.00
worried 4.05 1.09 2.84 1.26 13457.50 0.00 0.00
fearing mistakes 3.68 122 233 1.08 13891.50 0.00 0.00

Table 8. Effect of Intervention Form (Sensing-In-Use Scenario) on Beliefs about Learning and Affective Responses *

Human System Significance
Sensing-In-Use Assist Hint
Scenario Mean SD Mean SD U-statistic =~ P-value  Adjusted
P-value
Belief about Learning 2.29 0.86 2.73 0.97 25527.50 0.00 0.00
personalisation 236 124 290 130 27214.50 0.00 0.00
efficiency 2.23 120 2.88 1.31 25629.00 0.00 0.00
control of pace 1.86 1.04 258 129 24052.50 0.00 0.00
grade performance 2.49 1.18 2.84 115 29229.00 0.01 0.00
distraction 4.05 1.08 3.74 1.15 41088.00 0.01 0.00
over-helping 3.17 116 3.08 1.17 36966.50 0.36 1.00
Affective Responses 1.70 0.88 2.21 0.95 21834.50 0.00 0.00
enjoyable 1.73 1.02 2.27 1.17 25475.50 0.00 0.00
confident 1.89 1.00 2.30 1.12 27571.00 0.00 0.00
anxious 4.50 1.00 3.93 1.1389 46439.50 0.00 0.00
uncomfortable 4.55 093 411 1138 44194.50 0.00 0.00
worried 4.28 1.08 3.72 1.206 45604.00 0.0 0.00
fearing mistakes 4.10 111  3.54 1.169 45789.00 0.00 0.00

* The response score is based on the Five-point Likert scale (1=Strongly disagree, 5=Strongly agree). Construct scores (shaded rows)
were calculated by reverse-coding negatively worded items (e.g., ‘distraction’) so that higher values indicate more positive perceptions.
Item-level scores are presented in their original direction.

A notable perception shift was observed when comparing intervention ratings across the sensing not-in-use
condition (Table.7) and sensing-in-use condition (Table.8). As shown, perceptions of both intervention approaches
worsened substantially once sensing was disclosed, across all items in learning impacts and affective responses

(Appendix B presents a side-by-side comparison from synthesising Tables 7 and 8 to illustrate this shift).
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When sensing was not-in-use, participants viewed system-generated hints relatively positively. They tended to agree
that these hints supported personalisation (mean=3.77) and efficiency (mean=3.91). Regarding affective responses, they
disagreed that such intervention would cause anxiety (mean=2.22), discomfort (mean=2.56) and fear of making mistakes
(mean=2.33). However, once informed that sensing underpinned these interventions, evaluations worsened substantially
on all items. System hints were now seen as more distracting (mean=3.74, changed from 2.77) and emotionally taxing,
with sharp increases in anxiety (mean=3.93, changed from 2.22). discomfort (mean=4.11, changed from 2.56), and fear of
mistakes (mean=3.54, changed from 2.33).

A similar pattern held for human teacher assistance. Initially rated neutral-to-negative when not using sensing, these
ratings became even more negative when linked to sensing, with high levels of anxiety (mean=4.50) and discomfort
(mean=4.55). Together, these results show that while students may accept intervention features on their own, once tied
to sensing, they triggered strongly negative reactions, undermining both perceived learning benefits and emotional

comfort.

4.2 Stage 1: Qualitative reports about learning impacts and affective responses to Al sensing-intervention

We next present qualitative findings from participants’ open-ended responses, where the thematic analysis provides

insights that help explain the quantitative preferences in Section 4.1.

4.2.1 Anxiety and discomfort about constant monitoring (N=78)

The most expressed concern was discomfort at constant observation by Al Participants frequently reported feelings of
“anxious” (P50), “uncomfortable” (P39), and “distracted” (P90). One called it “an invasion of personal space and autonomy”

(P24). Participants voiced strong reactions to both sensing methods and their intrusiveness:

“That is horrible and dystopian, having a system constantly track and analyse my physical attributes would be
extremely anxiety-inducing and stop my learning altogether. If this happened in my classes, I would start

coming to class wearing masks and sunglasses to stop it, or I would not come to class at all” (P41)

4.2.2 Disrupted learning experience, learning autonomy, and control (N=66)

Participants felt that being monitored would distract them from learning. Constant sensing could cause pressure to
constantly perform well or appear focused. With either attention or emotion detection, participants described feeling

hyper-conscious of their appearance rather than concentrating on learning.

“I have to act and force myself to look more attentive, which is more distracting.” (P90)
“Tracking eye gaze and emotions ... pressured me to be fully focused on my work for the entire class, which

sometimes is just not possible.” (P32)

Participants were dissatisfied with potential disruptions to the learning process from teacher assistance triggered
automatically by the Al system. Many felt uncomfortable with additional social interactions with teachers when they
were “not ready to be helped” (P128). They preferred self-control and autonomy over when and how assistance was

provided, rather than passively receiving interventions initiated by a teacher.

“Having a computer assume I need help is a little patronising. It could be beneficial to suggest a hint, but the
computer calling over a teacher for me is not okay... University students are adults and should be respected as
such. I want to choose when I feel that I need help and ask for it myself.” (P122)
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“I like the system where it lets me (not the teacher) know that I am struggling and gives me hints. It would be
even better if it asks me whether I need the hint or not, and then I can decide when to use the hint or whether

to use the hint at all. Calling the teacher without asking me is distracting and feels forced.” (P62)

Perceived disruptions to learning autonomy often added stress to learning:

“Alerting a teacher without my consent would make me feel very anxious as I usually try to get the task done
alone" (P50).
“Having my teacher automatically notified every time I struggle or lose focus would be very distracting and

anxiety-inducing.” (P91)

4.2.3 Social dynamics and implications: peer perception, judgment, and embarrassment (N=25)

Another key concern was being identified as struggling or flagged for needing help in front of others, particularly
teachers. Participants feared unwanted attention, embarrassment, and peer judgment. One said: “If everybody could see
the teacher coming to help me whenever Al detected I was struggling, that has a certain social impact.” (P68). Another

worried it would “make it easier for peers to identify who's struggling and cause more bullying” (P93). Another said:

“I feel having the teacher notified whenever the Al thinks that 'm struggling is detrimental to the class and to
my learning experience. Having the teacher attend to a particular student over and over again would draw the
teacher’s attention away from other students and could cause the student receiving ongoing assistance

embarrassment or discomfort.” (P36)

Students preferred keeping their emotional and learning status private. One suggested how the system could be

improved:

“If it gathered classroom data on average completion time and offered a hint without anyone knowing, that
would be the best method.” (P31)

4.2.4 System inclusiveness and accommodating diverse learner needs (N=32)

Participants questioned whether the system could accommodate diverse learning styles, disabilities, cultural nuances,
and neurodivergence. They worried it lacked flexibility and could misinterpret behaviours, disadvantaging those not

conforming to expected patterns.

“I am on the autism spectrum—my learning style would trigger unnecessary attention. I often display unusual
facial expressions and don’t make normal eye contact.” (P25)

“It’s not inclusive. It will make some students, like those with ADHD, very embarrassed and more anxious
because their behaviour might be misinterpreted by the AL” (P60)

“Facial recognition may be designed from a white Anglo-Saxon perspective.” (P71)

Participants also worried about the system’s inability to account for everyday emotional fluctuations, leading to

misinterpretation of their emotional state and inappropriate intervention.

“We shouldn't be shamed for having a bad day. This system pressures us to be constantly alert and emotionally

stable, which is unrealistic.” (P55)
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“My facial expressions don’t always show what I feel...if I am very focused, I could look upset/angry, especially

to a computer.” (P122)

These qualitative findings help explain students’ negative reactions to sensing (H1) regardless of the two approaches
(H2), which they found intrusive and disruptive to learning. Social dynamics surrounding teacher intervention explained
students’ preference for system-generated hints (H3), which allowed them to retain control and avoid social
consequences such as peer judgment and embarrassment at being publicly flagged for struggling. Overall, these themes
highlight autonomy and privacy as central concerns. Many also raised broader ethical concerns around privacy and data
misuse (44 participants) and accuracy in interpreting emotional or cognitive states (58 participants). We next explore
ethics further.

4.3 Stage 3: Students’ ethical concerns

We now present findings relating to RQ2 (How do students prioritise ethical concerns regarding Al sensing and intervention
systems?). Figure 2 plots the median Likert ratings and interquartile range for each statement of a possible ethical concern
in Table 3. Overall, statements relating to Privacy (mean=4.14) and Autonomy (mean=4.10) garnered the highest level of

concern from participants, while Fairness (mean=2.73) was rated the least concerning.

Privacy_1: Data breach protection { { 4.10 ]

Privacy_2: Sharing activities with others { { 4.09 ]

Privacy_3: Sharing emotions with others { O o

Autonomy_1: Hidden Al use { | { 3.70 | ]

Autonomy_2: No consent{ O o

Autonomy_3: No opt-out option{ O o

Fairness_1: Unequal support { | [ 2.39 ] |

Fairness_2: Discrimination { | 2 §P —

Fairness_3: Privileged access only 1 | [ 2.61 F——

Accuracy_1: Misinterpretation{ O o

Accuracy_2: Fails to help when needed { +————| [3.20 ——

Accuracy_3: Gives unnecessary help{ { 3.82 ]

Transparency_1: How Al works { F————] | 3.32 F——

Transparency_2: Use of my data{ O [e]

Transparency_3: System risks/flaws { O o

Learning_1: Long wait for help without Al { | 2.16 | |

Learning_2: Lack of teacher attention without Al { | | 2.30 | |

Learning_3: Learning pace is not respected with Al { { 405 |
1 (Not at aII' concerned) é 5 (ExtremeI;/ concerned)

Concern level

Figure 2. Mean ratings for statements of ethical concerns (see Table.3 for full item wording). The response score is based on the Five-
point Likert scale rating from 1 (Not at all concerned) to 5 (Extremely Concerned).

There were greater variations in Learning, Transparency, and Accuracy. For Learning, concerns diverged depending
on item framing: students were less worried about missing out on support without Al (e.g., Learning_1 and Learning_2,
which are risks of not having Al), but expressed stronger concern that Al may not respect their individual learning pace
(Learning_3, which is about a risk when Al is used). This suggests that students feared negative impacts when control
over learning was ceded to the system more than they valued the potential benefits of Al. A similar pattern appeared in
Transparency and Accuracy. Items reflecting system-centred performance with more distant concerns, such as
understanding how the algorithm works (Transparency_1) or the system failing to recognise when help is needed

(Accuracy_2), drew relatively lower concern and more variation. In contrast, items with immediate personal
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consequences, such as not being informed about how data is used (Transparency_2), or misinterpreting behaviour and
emotions (Accuracy_1), elicited consistently higher concern. These results together highlight that students’ priorities
focus less on the technical promises of ATEd and more on the direct risks to their autonomy, privacy, and learning
experience.

To better understand students’ ethical priorities, we analysed the results from 1980 (15*132) paired comparisons
participants made between two of the six key ethical principles of Autonomy, Transparency, Privacy, Fairness, Accuracy,
and Learning Beneficence (Table.4). We first calculated the total ‘wins’ for each concept across each forced pairwise
choice, which indicates how often this concept was prioritised as more important than another construct. The results
reveal that Autonomy (N=515) and Privacy (N=462) received the highest total wins, indicating that participants placed
the most importance on them. Transparency (N=269), Learning Beneficence (N=261), and Accuracy (N=248) scored lower,
with Fairness (N=240) last. These results are consistent with the descriptive results from students’ ratings.

To further quantify participants’ preferences regarding specific ethical concerns, we applied the Bradley-Terry Model
[21], which estimates the probability that one concept is more concerning than the alternative option and thus more
likely to be selected. The probability of ‘wins’ confirmed that Autonomy (0.39) and Privacy (0.27) were by far the most
important concerns, while Transparency (0.09), Learning Beneficence (0.09), Accuracy (0.08), and Fairness (0.08) were

consistently less prioritised.

0.8
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0.7
Fairness 0.17
0.6
Learning 0.2
0.5
Privacy 0.38
-0.4
Transparency 0.18
-0.3
Autonomy
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|
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Figure 3. Ethical construct pairwise comparison heat map. Darker shades indicate a higher probability that the construct on the y-
axis was selected as more concerning than the construct on the x-axis (See Table.4 for full ethical construct wording).

To visualise these preferences, Figure 3 presents a pairwise comparison heat map, showing the probability that one
ethical construct was prioritised over another. The results confirm that Autonomy and Privacy were consistently judged
as a higher ethical concern relative to Fairness, Transparency, Accuracy, and Learning Beneficence. It should be noted
that even though Autonomy and Privacy are clearly more important to participants, the highest probability of wins in

this context was 39%, indicating that no single concern completely overshadows the others within our participant sample.
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4.4 Summary of Findings

Overall, the findings reveal that sensing causes strong negative affective responses and beliefs about learning
experiences (H1 supported), with no significant differences between gaze-based attention detection and facial-based
emotion detection (H2 rejected). Furthermore, the qualitative data consistently find discomfort, anxiety, and perceived
disruption of learning caused by monitoring. Students expressed clear preferences for system-generated hints over
human teacher assistance (H3 supported), largely due to a desire for agency and social concerns. Ethically speaking,
students were most concerned about autonomy and privacy, suggesting that students highly value control over their

data and learning process in AIEd interactions.

5 DISCUSSION

We now discuss the significance of our study findings for Al sensing-intervention in terms of student affective responses,
beliefs about learning impacts (5.1), and ethical concerns (5.2). Implications for the design and deployment of these new

technologies follow (5.3).

5.1 Possibilities and challenges regarding Al sensing-intervention systems

Students recognised potential benefits of Al systems, especially if private and non-intrusive. This was most evident in
their preference for system-generated hints over teacher-initiated assistance, reflected consistently in both quantitative
and qualitative findings. In scenarios without intrusive sensing, students leaned towards agreeing that the system could
provide personalised support and render learning easier. These results highlight the educational value of such Al

Yet these perceived benefits proved fragile once students realised that interventions derived from sensing. Positive
perceptions shifted to neutral or negative, with both emotion and attention detection provoking discomfort, anxiety, and
beliefs that the system would be distracting. Thus, the very mechanism of sensing that promises personalised, responsive
teaching also risks undermining students’ learning experiences [56, 59]. AIEd design must therefore focus on preserving
the benefits of intervention while avoiding intrusive sensing by exploring alternative sources of insight to guide learning
support (see also Section 5.3).

Students also resisted teachers being summoned automatically, preferring control over when and how help was
triggered. This reflected a strong need for learning autonomy [59]. Students also feared unintended social consequences,
such as embarrassment when teachers are alerted. While sensing technology might enhance teacher awareness of
students’ learning [65, 141] and emotional status [44, 124], our participants framed such visibility as undermining privacy
and autonomy. This again underscores the importance of situating AIEd within the classroom’s social dynamics, not just
its technical potential [57, 123].

Our results suggest that affective responses and learning beliefs tended to align. Positive emotions corresponded with
more positive learning perceptions, and vice versa. This resonates with theories that learning is partly an emotional
experience [116] and that students’ feelings in learning processes strongly shape engagement and outcomes [80, 116].

AIEd designs that foster positive emotional experiences may therefore enhance students’ motivation and learning [80].

5.2 Shape of students’ ethical concerns

Students expressed clear ethical concerns about Al sensing-intervention systems. Ranked highest were the lack of
consent before deployment and opt-out options (autonomy), followed by not being informed of data use and associated
risks (one kind of transparency), and having learning struggles or emotions revealed to others (privacy). Concerns about

erroneous interpretation of behaviour and emotions (accuracy) were moderate, while understanding how algorithms
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work (another kind of transparency) and fairness issues, such as algorithmic bias, evoked the least concern. Pairwise
comparisons reinforced this hierarchy, with students prioritising autonomy and privacy over potential learning benefits.

The prominence of consent and opt-out options reflect not only students’ strong desire for greater agency in how
technology is integrated into their learning, but also their foundational role: without being informed and able to choose,
students cannot meaningfully evaluate or respond to other risks. Meanwhile, our measures captured only one aspect of
autonomy - the ability to accept or decline system use. As both prior research [59] and our qualitative findings emphasise,
autonomy in education also encompasses broader control over what and how one studies, and the ability to make
learning choices without undue direction from technologies [59]. This aligns with higher education students’ broader
expectations of independence [136], and their preference for agency in Al-assisted classrooms [141]. Our participants
echoed these wishes by suggesting improvements like making hints optional and allowing control over teacher requests.

Privacy concerns extended beyond data-centric issues [62] to social privacy. Students were particularly uneasy about
learning struggles or emotional states being revealed to peers and teachers (Privacy_3), a concern rated even higher than
data breach protection (Privacy_1). This resonates with prior HCI findings that technology use can create unexpected
breaches of personal boundaries in everyday contexts [110, 121, 123], again highlighting the need to account for the
social contexts of technology use [123].

Fairness and equal treatment received lower priority, which is somewhat surprising given well-documented risks of
algorithmic bias (e.g., [12, 16, 43]) causing racial and gender discrimination (e.g., [25]). One potential explanation is
students’ limited awareness of this problem [112]. However, it is also possible that students were more focused on
avoiding sensing elements altogether, prioritising opting out over equal access and treatment. Nonetheless, participants
did raise inclusiveness concerns, particularly regarding neurodiversity. The fact that fairness was rated lower does not
imply it was unimportant, but that other issues felt more pressing.

Taken together, students’ ethical priorities around autonomy and privacy directly shape their negative responses to
sensing and teacher-initiated interventions, and explain their preference for private, system-generated hints. These links

between ethical considerations and affective and learning needs suggest design implications.

5.3 Design Implications for Al sensing-intervention in education

We distil students’ preferences and concerns into five design directions to guide the development of student-centred
AIEd systems. The aim is to support student autonomy, privacy, and well-being, while maintaining the pedagogical
effectiveness of AIEd.

1. Minimise intrusiveness in sensing. Given students’ aversion to both gaze-based attention and facial-based emotion
detection, designers should prioritise alternative, less invasive ways to gauge learning progress. For instance, tracking
time taken to complete tasks or responses to in-platform questions may be preferable. Assuming sensing technologies
are used in learning and teaching, one-on-one individualised sensing deployed on personal devices may be preferable to
classroom-wide sensing. Sensing on individual devices like laptops could allow students to opt in (e.g., choose whether
to install or use the application) and configure how and when sensing is enabled. Such individual sensing would offer
greater autonomy than indiscriminate classroom-wide sensing, which makes opting-out difficult.

2. Refining system-delivered interventions. Students generally favoured system-generated hints, but only when these
preserved autonomy and comfort. Hints should therefore be student-triggered, lightweight, and customisable. Students
wanted the option to decide when to receive support rather than having it imposed automatically. This suggests value
in offering ‘opt-in’ prompts, allowing students to accept or dismiss the hints. Hints should be delivered unobtrusively,

but targeted to aid progress without being overwhelming or distracting. Students should be able to adjust intervention
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frequency and style, thus retaining control. Finally, giving students transparency about why hints appear (e.g., “You’ve
been on this step for a while, would you like a tip?”) may help build trust and reduce feelings of surveillance [56].

3. Redesigning teacher-mediated interventions. Although students expressed discomfort with automatic teacher
involvement, this intervention approach could be redesigned rather than discarded. First, students wanted control over
when teachers were notified, a preference that runs counter to a current trend in AIEd where systems typically notify
teachers directly (e.g., [33, 64]). Instead, systems could preserve and enhance student agency by enabling students to
request teacher help themselves or to explicitly consent beforehand. Second, interventions could be less visible to peers.
For example, a private digital chat or a subtle in-platform message rather than a teacher walking over in class seems
desirable. Third, teachers could be provided with aggregated or anonymised signals (e.g., class-level trends of confusion)
rather than individual flags, so they can adjust teaching without singling out students. Finally, when one-on-one support
is necessary, teachers should be trained to frame interventions as collaborative offers of help rather than corrections, to
reduce peer embarrassment.

4. Dynamic consent and transparency. Students sought agency not just at the start (opt-in/opt-out), but dynamically
throughout use. Instead of a one-off consent form, systems could implement layered consent prompts at key moments,
such as starting a difficult task (e.g., “Do you want sensing enabled during this task?”, “Would you like your observed
attentional status to be shared with your teacher?”). This dynamic consent approach respects students’ varying comfort
levels in different learning situations and reinforces trust in the system.

5. Provide private feedback channels before involving teachers. The system could first signal to students privately (e.g.,
“You may be struggling, would you like a tip?”) before alerting teachers (e.g., “Would you like your teacher to help?”).
This gives students a buffer stage to self-correct, accept a hint, or decide whether the teacher gets involved. This two-

step approach could address both privacy and autonomy concerns while still enabling responsive interventions.

6 LIMITATIONS AND FUTURE WORK

This study used video scenarios to elicit perceptions of Al sensing-intervention during puzzle tasks. While effective for
capturing reactions, we did not fully simulate the experience of wrestling with a learning activity. Future work could
employ actual systems to gather richer responses.

Our sample focused on Australian higher education students. Expectations, cultural norms, and ethical concerns may
vary across countries, educational systems, and age groups. Broader studies, including those of K-12 learners, could
examine global and contextual differences.

Finally, our study reveals students’ immediate reactions to hypothetical scenarios. The long-term effects of using Al
systems in education, such as changes in behaviour or attitudes over time, remain unexplored. Future research might
consider longitudinal studies to assess how students’ experiences evolve with continued use. Nonetheless, the discomfort
and ethical concerns we observed provide valuable guidance for developing technology that fosters students’ positive

attitudes and better aligns with their needs, values, and overall well-being in the long term.

7 CONCLUSION

This study investigated student perceptions and reactions to Al sensing-intervention used in higher education, focusing
on affective responses, beliefs about learning impacts, and ethical concerns. While students valued the potential for
personalised support, they consistently reacted negatively to gaze-based attention and facial-based emotion detection,
citing anxiety, discomfort, and threats to autonomy and privacy. Preferences leaned toward system-delivered hints,

provided these were private, lightweight, and under student control. Ethical priorities, especially autonomy and privacy,
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outweighed perceived learning benefits, with fairness, transparency, and accuracy considered secondary. These findings

underscore that ATEd design must move beyond technical optimisation to embed agency, privacy, and social sensitivity

at its core. More broadly, this study contributes an empirical approach for examining student attitudes and value trade-

offs in AIEd, offering guidance for creating systems that are both pedagogically effective and ethically robust.
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APPENDICES

APPENDIX A. EXPERIMENTAL SCENARIOS, VISUAL MATERIALS AND TEXT INSTRUCTIONS

We set the scene for the context, telling participants the scenario is in the tutorial class and as students they are

working on their own tasks. *Background picture and puzzle pictures were generated by DALL-E.
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Scenario 1 Sensing not in use + system hint:
“Imagine that your university has introduced a new learning management system. You are in the tutorial class,

practicing puzzle tasks. When the system thinks you are struggling, it sends you an automatic hint to help you.”

Scenario 2 Sensing not in use + teacher assistance:
“Imagine that your university has introduced a new learning management system. You are in the tutorial class,
practicing the puzzle tasks. When the system thinks you are struggling, it notifies your tutor. A notification then
pops up, letting you know that your tutor is coming to help you.”

After completing the first two scenarios, we present the text: “In another system, the system observes your status to
decide if you need help.”

Scenario 3 gaze-based attention + teacher assistance: “You are in the tutorial class, practicing puzzle tasks. Your eye

gaze is being tracked. When the system thinks you are struggling, it notifies your tutor. Your tutor will then come to
help you.”
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Scenario 4 gaze-based attention detection + system hint: “You are in the tutorial class, practicing puzzle tasks. Your eye

gaze is being tracked. When the system thinks you are struggling, it sends you an automatic hint to help you.”

Scenario 5 facial emotion-detection + teacher assistance: “You are in the tutorial class, practicing puzzle tasks. The
camera on your laptop has read the emotions on your face. When the system thinks you are struggling, it notifies

your tutor. Your tutor will then come to help you.”

Scenario 6 facial emotion-detection + system hint: “You are in the tutorial class, practicing puzzle tasks. The camera
on your laptop has read the emotions on your face. When the system thinks you are struggling, it sends you an

automatic hint to help you.”
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APPENDIX B. SYNTHESISED VIEW OF INTERVENTION RATINGS (TABLES 7 AND 8)

Table. Comparison of Ratings on the Intervention Form in Sensing Not-In-Use Scenario and Sensing In-Use Scenario

Human Assist Human Assist System Hint System Hint
Comparing results in (No Sensing (Sensing In-Use (No Sensing (Sensing In-Use
Table 7 & Table 8 Scenario) Scenario) Scenario) Scenario)
Table 7 Table 8 Table 7 Table 8
Mean SD Mean SD Mean SD Mean SD
Belief about Learning 3.09 0.92 2.29 0.86 3.47 0.82 2.73 0.97
personalisation 3.41 1.24 2.36 1.24 3.77 0.97 2.90 1.30
efficiency 3.29 1.25 2.23 1.20 3.91 0.95 2.88 1.31
control of pace 2.48 1.29 1.86 1.04 3.59 1.19 2.58 1.29
grade performance 3.44 1.19 2.49 1.18 3.56 0.96 2.84 1.15
distraction 3.17 1.19 4.05 1.08 2.77 1.13 3.74 1.15
over-helping 2.94 1.21 3.17 1.16 3.23 1.19 3.08 1.17
Affective Responses 2.26 0.95 1.70 0.88 3.47 0.94 2.21 0.95
enjoyable 2.62 2.00 1.73 1.02 3.52 1.06 2.27 1.17
confident 2.45 1.00 1.89 1.00 3.10 1.09 2.30 1.12
anxious 3.84 1.26 4.50 1.00 2.22 1.03 3.93 1.189
uncomfortable 3.96 1.18 4.55 0.93 2.56 1.23 4.11 1.138
worried 4.05 1.09 4.28 1.08 2.84 1.26 3.72 1.206
fearing mistakes 3.68 1.22 4.10 1.11 2.33 1.08 3.54 1.169

The response score is based on the Five-point Likert scale (1=Strongly disagree, 5=Strongly agree). Construct scores (shaded rows)
were calculated by reverse-coding negatively worded items (e.g., ‘distraction’) so that higher values indicate more positive perceptions.
Item-level scores are presented in their original direction.
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6.4 ADDITIONAL REFLECTIONS

This study offered several moments of insight, surprise, and learning during its
development and analysis, which were not included in the published manuscript but are

worth reflecting on here.

One surprising finding was the consistently negative responses toward both
emotion detection and gaze tracking features. I had initially assumed that students might
view gaze tracking more favourably, as it appears less intrusive than emotion recognition,
which involves reading one’s facial expressions. However, the data revealed no
significant difference between the two — both forms of monitoring were perceived
negatively. This suggests a more fundamental discomfort with being monitored while
studying, regardless of the sensing method. This insight highlights the need for AIEd
designers to explore less intrusive alternatives for understanding students’ learning

progress - an idea | further discuss in the paper in Section 6.3.

Another unexpected result concerned students’ preferences for system-generated
hints over tutor assistance. Based on Study 1, I anticipated that students would prefer
more teacher involvement, given some participants’ concerns about reduced student-
teacher interaction (seen in Chapter 4). However, the statistical results showed a stronger
preference for system hints. I was pleased to see that the open-ended responses provided
a compelling explanation: students worried that tutor intervention might inadvertently
expose their learning struggles in front of peers, potentially causing embarrassment or
even social stigma. This finding underscores the importance of considering the subtle
social dynamics of classroom environments - something often overlooked in conventional

AIEd system design.

This explanation for student preference for hints over tutor assistance also prompted
a methodological reflection, highlighting the value of integrating qualitative methods into
this study. Originally, the experiment was conceived as a purely quantitative survey. The
study was reshaped by my concern that statistical results alone would offer only a partial
understanding - revealing what students think or feel, but not why they feel that way. This
inclusion of open-ended questions enabled participants to articulate the reasons behind
their responses, offering deeper insights into their concerns and ethical priorities. Study

3’s findings ultimately validated this design choice.
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Chapter 7: Discussion

This thesis aims to answer the overarching research question: “What are the ethical
challenges in adopting artificial intelligence in education (AIEd), from the perspectives
of different stakeholder groups?” The three studies of the thesis addressed this question
by exploring the views of students and other key stakeholders, including school governors
and teaching representatives, AIEd industrial practitioners, and parents. The five papers
presented in this thesis offer critical insights into the ethical and sociotechnical

dimensions of AIEd design and adoption.

While this chapter is primarily structured around the three overarching Aims of the
thesis, these Aims are directly informed by the four core Problems identified in Chapter
1 and are operationalised through the three sub-Research Questions. The Aims reflect a
broader contribution this thesis seeks to make, while the Research Questions serve as
more specific inquiries, each addressed through an empirical study. In this way, the
Discussion chapter uses the Aims as a higher-level structure to synthesise and integrate
findings across the studies, while also responding to the Research Questions and
addressing the original Problems. This structure enables a cohesive discussion that links
the thesis’s empirical contributions to its broader theoretical and practical implications.

(See Fig. 1 in Chapter 1 for a visual overview of the thesis structure and logic).

This chapter synthesises findings from three research studies of this thesis and
offers a holistic discussion. Section 7.1 addresses Aim 1 of the thesis, discussing ethical
challenges by synthesising insights across all stakeholder groups. Section 7.2 addresses
Aim 2, presenting implications for understanding AIEd ethics through a human-centred
ethical approach. Section 7.3 addresses Aim 3, offering recommendations for future
ethical AIEd design and governance. Section 7.4 then reflects on methodological

considerations.

7.1 SYNTHESISING PERSPECTIVES: IDENTIFYING UNIQUE ETHICAL
CHALLENGES

This section addresses Aim 1. Examine how different stakeholder groups perceive

and respond to AIEd adoption and its impacts.

Interconnected Ethical Impacts
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The ethical impacts identified in this thesis are not isolated; they are deeply
interconnected, as demonstrated in the three papers from Study 1 (Chapter 4). The
consequences of technology adoption can never be fully anticipated, and Chapter 4 has
provided vivid examples of how students may perceive and respond to AIEd adoption
across various dimensions. For instance, when evaluation criteria lack transparency,
students may perceive monitoring-oriented AIEd systems as creating a panoptic
environment. This perception can lead to psychological impacts such as anxiety, and may
prompt students to alter their behaviour, either to avoid mistakes or to conform to the
system’s expectations (Section 4.5). These behavioural changes, in turn, undermine their
autonomy and motivation in the pedagogical dimension, since they no longer learn for
personal growth but to satisfy the perceived system’s demands (Section 4.6). Furthermore,
the data from these altered behaviours feeds back into the AI models, potentially
undermining their effectiveness and creating a negative feedback loop (Section 4.7).
These examples show that ethical concerns are interwoven, where one concern often
triggers or intensifies another. We must reconsider AIEd as a holistic ecosystem rather

than simply a tool with fixed intended outcomes.

The findings also revealed ethical issues rooted in social needs arising from the
situated context of use, rather than from the merely technical aspects of Al. These social
aspects have often been overlooked by existing ethical frameworks, as discussed in
Chapter 2. For instance, Chapter 6 highlighted students’ privacy concerns about human
tutor assistance, particularly the risk of unintentionally revealing their learning struggles
to peers, leading to social embarrassment. Similarly, in Chapter 4, autonomy was
disrupted not by Al decision-making, but by the psychological pressure students felt to
meet AIEd expectations. Concerns around equity and fairness arose from introverted
students regarding how AIEd systems might favour extroverted students, who are more
expressive. Introverted students may feel forced to adapt to evaluation methods that
quantify performance and don’t align with their natural behaviours. AI’s ability to
mitigate teacher bias in evaluations was also noted, but it might unintentionally introduce
its own biases, influencing teachers’ perceptions before they fully assess students. This
highlights the need for AIEd systems to better account for nuanced social dynamics within

the educational system.

To reflect on these interconnected impacts, it is essential to recognise that the

pedagogical environment (discussed in Section 4.6) is shaped by the individuals
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(discussed in Section 4.5) within it and their interactions. The way individuals react to
AIEd directly impacts the dynamics of their environment (discussed in Section 4.7), as
their behaviour, influenced by Al, could also affect how other individuals in the broader
social context engage with the technology, such as their peers and educators. These
interactions are mediated by the AIEd technology, which in turn shapes the overall
educational experience, encompassing both teaching and learning. Therefore,
understanding AIEd’s impact requires looking beyond its technical features to consider
the social and psychological dimensions that influence and are influenced by it. This
thesis provides a bottom-up perspective, grounded in students’ lived experiences, to
underscore the need for a more holistic and deliberate approach to AIEd design and

adoption.
Tensions Among Stakeholder Groups

All stakeholder groups in this study acknowledged students’ potential resistance to
monitoring-oriented AIEd adoption. Beyond students themselves, school decision-
makers and teacher representatives, parents, and developers all recognised that this type
of AIEd could trigger negative emotional responses, such as discomfort, anxiety,
frustration, and privacy concerns. This seems promising for the ethical implementation
of AIEd. However, while there was a broad recognition of these potential impacts,
stakeholder groups diverged significantly in how they perceived and prioritised these
concerns.

b

For parents and school decision-makers - who are the primary guardians of students
well-being - student resistance is often seen as a transitional phase rather than a valid
critique of the system itself. Their focus remains on the potential educational benefits of
AlEd, often framing students’ concerns as obstacles to be overcome or managed rather
than ethical issues requiring deeper reflection. Chapter 5 has demonstrated that decisions
about designing and deploying AIEd are primarily driven by goals such as teaching
efficiency, scalability, and legal compliance. Meanwhile, developers and decision-makers
focus on data management and system performance, such as accuracy and system
effectiveness, rather than students’ lived experiences. Consequently, potential impacts -
ranging from behavioural changes to disrupted learning autonomy and compromised
learning experience — are largely overlooked. These stakeholders aim to persuade students
to embrace AIEd by emphasising its learning benefits and expecting students to

eventually adapt.
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However, as Chapter 6 highlights, this assumption does not align with students’
perspectives. Students do not believe these systems will meaningfully enhance their
learning and are unwilling to trade their privacy and autonomy for promised benefits.
Unlike decision-makers and developers who prioritise system optimisation, students
place greater value on autonomy and privacy than on technical performance metrics like
accuracy and fairness. This misalignment in priorities underscores a fundamental gap in
how different stakeholders interpret the ethical and practical implications of AIEd

adoption.

The divergence in perceptions and priorities is further complicated by the inherent
power dynamics observed in AIEd design and adoption. The findings suggest that the
current AIEd adoption structure may offer students limited influence over how these
technologies are implemented, with institutional needs and decision-makers’ priorities
often overshadowing student values. While many students in this study expressed a strong
desire for control over their engagement with AIEd technologies - particularly the ability
to opt in or out rather than being passive recipients - this level of autonomy appears to be
rarely reflected in decision-making processes (as illustrated in Chapter 5). These patterns,
while context-specific, raise important questions about the inclusiveness and

responsiveness of current AIEd governance practices.

This challenge is reinforced by the often overly optimistic or ethically superficial
views held by more powerful stakeholders, including developers, school decision-makers,
and parents, who may neglect broader socio-ethical concerns tied to students’ learning
experiences and well-being. As a result, students — who have the least influence and
agency in these processes — are expected to bear the greatest impact of AIEd adoption.
This raises a critical ethical question: If student needs are consistently overshadowed by
institutional priorities, can AIEd truly serve students’ best interests? If their needs are
disregarded, what is the point of designing technology that claims to enhance their

educational experiences?

This thesis exposes a fundamental issue in Al adoption within multi-stakeholder
power structures: the authenticity of acceptance, especially for disempowered groups. In
the AIEd context, students’ perceptions and affective attitudes - key attributes of user
acceptance (Sekhon et al., 2017) - are often dismissed as a natural part of a technological
transition. All stakeholder groups endorsed the established authority power of schools

and parents over students, limiting students’ agency in decision-making. This raises a
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critical question: Can consent be considered genuine under such power imbalances?
Similar concerns extend beyond education to other AI adoption contexts, such as
healthcare (doctors vs. patients), finance (evaluators vs. loan applicants), and hiring (HR
vs. job candidates), where vulnerable users are expected to comply with Al systems
designed without their meaningful input. If these users’ needs and concerns remain
sidelined, the AI system risks not only failing to enhance societal wellbeing but also
perpetuating structural inequalities and ethical harms, reinforcing a broader pattern of

disempowerment in Al adoption.

7.2 IMPLICATIONS FOR AIED ETHICS: HUMAN-CENTRED APPROACH

This section addresses Aim 2: Deepen the understanding of the ethical and
sociotechnical consequences of AIEd adoption and expand the ethical discourse of AIEd

through a human-centred approach.

The ethical discourse surrounding AIEd has traditionally been dominated by
concerns about data-centric and computational issues (Holmes et al., 2021), as discussed
in Chapter 2. While critical, these approaches largely overlook the direct, lived
experiences of students —how AIEd systems shape their learning, relationships, and well-
being. Chapters 4 and 5 showed that students’ perceptions of ethical impacts are under-
represented, even though these perceptions strongly influence acceptance and learning
outcomes. Focusing only on technical or institutional concerns leaves a critical blind spot

in understanding and addressing the human dimensions of AIEd.

Holmes et al. (2021) describe this blind spot as the “unknown unknowns”,
represented by a question mark at the centre of their AIEd ethics diagram (Fig.3 in Section
2.3.1; also shown on the left side of the adapted version in Fig.5 below), where data,
computation, and education intersect. This thesis argues that this missing space should be
understood as the Ethics of Human Factors — the ethical dimensions that emerge from

how people actually encounter and live with AIEd technologies.

To fill this gap, this thesis proposes the Ethics of Human Factors Framework

(Fig.5), reframing the “unknown unknown” into three interrelated domains:

e Student-Al interactions: how students engage with, are affected by, and make
sense of AIEd systems, highlighting student-centred values (such as autonomy,
privacy, and fairness), and emotional well-being, which this thesis identifies as

a critical but underexplored ethical dimension. While often viewed separately
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from values like privacy or fairness, well-being emerges in this framework as
both a consequence of ethical (or unethical) design and a value in its own right,
essential to ensuring that students can thrive in Al-mediated learning

environments.

e Learning and teaching context: how AIEd technologies align with pedagogy
and reshape dynamics relationships among students, teachers, and educational

systems.

e Power and governance: how power imbalances among key stakeholders can

shape (un)ethical outcomes.

Together, these domains extend existing flameworking by addressing what has been
overlooked — the human and relational aspects of AIEd — and by encouraging more

inclusive, reflexive, and context-sensitive AIEd development.

/ Ethics of Human Factors: \

Student interactions with Al
« Student-centred values & agency
« Emotional well-being

Ethics of
algorithms in
Algorithms & education
computation

Ethics
of
Human
Factors

Learning & teaching context

+ Pedagogical alignment of AlEd

* Impacts on educational dynamics &
relationships

Ethics Ethics

of learning

of data

used in Al analytics

Power & governance
* Authority and knowledge asymmetries

\(students, schools, tech companies) /

Fig. 5. Human-Centred AIEd Ethics, adapted from Holmes et al. (2021)’s AIEd Ethics Framework

Big Data

User well-being must be central to ethics of human factors in AIEd. The concept of
promoting well-being has long been advocated in existing ethical Al principles like
beneficence, supported with various demonstrations or proposed subtopics such as
benefitting humanity and dignity (Floridi et al., 2018), protecting fundamental rights
(Prem, 2023), and doing good for human society (Beijing Al Principles, 2019). These
frameworks also emphasise respecting human autonomy (European Commission, 2019),
and including affected stakeholders in decision-making (Morley et al., 2020). However,
these principles under beneficence or the idea of doing good often lack specificity,
making them difficult to implement in practice, as these general terms do not address the

specific needs and concerns of individual users in specific contexts. For instance, what
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do well-being, humanity, dignity, or justice mean in education? What fundamental rights
should be protected? And what constitutes “doing good” in a classroom shaped by AI?
This thesis offers an empirically grounded response to these questions, with its findings
providing concrete insights into how students experience AIEd systems and what they

perceive as supportive or harmful to their well-being and sense of justice.

As introduced in Chapter 2, the earliest AIEd research has been central to
beneficence through a learner-centred approach (Kay, 2012), ensuring Al support
individual students with a strong emphasis on “care” for the learner (e.g., (Self, 1998)).
However, as the potential contribution of AIEd has been recognised, and the scope of
AIEd has expanded to include broader educational ecosystems - including educators,
families and external influencers such as institutional goals, the focus shifted from
individual students’ needs to more systemic concerns. These systemic concerns are
centred on algorithm models and computational approaches that aim to provide
technological support to learning, which prioritise technical efficiency over human
experience. This thesis calls for a return to a learner-centred approach, ensuring that

beneficence in AIEd truly prioritises students’ well-being and educational needs.

This thesis reinforces ongoing warnings from scholars within the AIEd research
community for AIEd innovation and ethics being overly driven by technical goals (e.g.,
system efficiency) and addressing only technical concerns (Holmes et al., 2021). Beyond
these critiques, this work argues that AIEd ethics must account for the inherently social
nature of learning. As scholars have emphasised, learning is a deeply social experience.
Therefore, design considerations of AIEd innovation cannot be entirely reduced to data-
driven solutions (Fox, 2022; Fynn, 2016; Holmes et al., 2021; Siemens, 2013). Rather, it
needs a deeper understanding of individuals’ learning experiences, practices and social
interactions (Bond et al., 2019; Veletsianos et al., 2015). The findings from this thesis
have provided empirical evidence that many ethical concerns in AIEd arise not just from
technical flaws but also from disruptions to the social fabric of education. Ethical
considerations in AIEd must therefore extend beyond individual learning outcomes to
include broader social dimensions that define students’ well-being and educational

experiences.

Incorporating emotional well-being into AIEd ethics is vital. While students’
educational needs can often be addressed in terms of cognitive or performance outcomes,

their emotional well-being (e.g., how they feel while engaging with the technology) is
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equally critical. However, this emotional well-being has been frequently overlooked in
existing AIEd frameworks and technology evaluation metrics. As shown in Chapters 4
and 6, emotional responses, such as stress, anxiety, and feelings of surveillance, are not
merely incidental effects of technology use but are fundamental to how students
experience AIEd systems. These affective attitudes, as primary attributes of acceptance
towards the technology (Sekhon et al., 2017), also influence students’ willingness to
engage with the technology. As this thesis has argued, ethical AIEd adoption requires
genuine student acceptance, which cannot be achieved without addressing these affective
and psychological dimensions. As such, AIEd ethics must expand to more explicitly
include what might be termed as emotional ethics, that is, ethical considerations around
how technologies affect users’ emotional and psychological states. This approach is to
ensure that ATEd supports not only learning outcomes but also students’ broader well-

being.

Finally, this thesis challenges the narrow conception of ethics often seen in AIEd
literature (as confirmed by (Hakimi et al., 2021; Holmes et al., 2021; Murchan & Siddiq,
2021; Tzimas & Demetriadis, 2021)). It raises a critical question: if ethics should go
beyond data-centric or computation-centric technical concerns, what does it truly mean
to approach the ethics of Al and AIEd comprehensively? Ethics in this context is not just
about the technology itself but also about its broader consequences of adoption and use.
Then the question comes to that: Should emotional well-being and broader sociotechnical

impacts be treated as ethical imperatives rather than peripheral concerns?

Ethical imperatives such as through legal frameworks often emerge from social
consensus, gaining urgency only when harm becomes undeniable, and regulation
becomes inevitable (e.g., (Buolamwini & Gebru, 2018; Noble, 2018)). Unlike data
privacy, bias, and algorithmic fairness where explicit criteria, quantitative benchmarks,
and technical solutions can be applied (e.g., (Ashwin & Biswas, 2024)), the human-
centred ethical principles that this thesis advocates, such as beneficence and well-being,
present distinct challenges. The harms they seek to prevent are difficult to identify,
measure, and remediate once they occur. This makes them harder to regulate, as their
urgency is often unrecognised until tangible harm is widespread. Moreover, well-being is
socially and culturally constructed (Nussbaum, 2000; Wilkinson & Pickett, 2009),
meaning perceptions of harm and ethical obligations vary across contexts, further

complicating consensus and policy development. However, waiting for consensus or
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regulatory frameworks to catch up is not an option. By the time ethical concerns
surrounding AIEd become urgent enough to demand action, harm may already be
embedded into educational systems. While there is growing advocacy for “designing
technology for good”, this ambition does not always translate into concrete, sustained
practice - particularly without careful consideration and critical examination. Thus, this
thesis further argues that ethics in AIEd must move beyond reactive regulation and instead
adopt a proactive, human-centred approach, where well-being and sociotechnical
consequences are considered fundamental from the outset of designing AIEd, not as

afterthoughts.

A context-specific approach to human-centred AIEd ethics is critical. While many
existing ethical frameworks are grounded in general principles, this thesis argues that
these must be supplemented with empirical insights to meaningfully account for the social
and cultural variability of ethical concerns — particularly those related to well-being,
autonomy, and privacy. As demonstrated in Chapter 5, stakeholders’ attitudes toward
privacy are shaped by their cultural contexts; such perceptions and reactions to privacy
concerns may differ significantly in other cultures. Fox (2022) has similarly highlighted
the need for ethical flexibility, arguing that researchers must balance adherence to broader
ethical values while respecting local norms and diverse stakeholder perspectives. In AIEd,
this means that ethical considerations in AIEd design must be adaptive, not prescriptive,
and responsive to the unique experiences of students and educators across different

educational systems.

To further illustrate this, Fox (2022)’s reflections on the CERD framework for
ethical thinking (consequential, ecological, relational, and deontological) provide a useful
lens. Instead of treating AIEd ethics as a static set of principles, this framework calls for
a dynamic, anticipatory, and context-sensitive approach to ethical design. It moves
beyond merely addressing the technical challenges and invites attention to the broader
relational and situated implications of Al systems. For example, future ethical AIEd
design should focus on the need to balance maximising benefits with minimising harm
(consequential thinking). This requires not just a harm-benefit evaluation but flexible
design practices that consider alternative perspectives in the evolving user contexts. It
should also identify those being affected (ecological thinking) and attend to stakeholder
relationships and power dynamics (relational thinking). AIEd researchers and

practitioners must embrace deontological thinking by identifying their obligations and
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navigating ethical decisions holistically in AIEd design and development. This thesis’s
approach has been aligned with this framework, investigating the consequences of AIEd
adoption from students’ perspectives - who will be affected directly (Chapters 4 & 6), and
examining how ethical decisions are shaped by stakeholder dynamics (Chapter 5). This
approach also aligns with a key argument made throughout this thesis: the ethical
considerations in AIEd must not be treated as an afterthought but require proactive
engagement, where ethical risks are anticipated, acknowledged and mitigated before harm

occurs.

7.3 IMPLICATIONS FOR THE FUTURE OF AIED

This section addresses Aim 3: Offering actionable implications and
recommendations for ethical AIEd design and governance that are grounded in

stakeholder concerns and ethical considerations

7.3.1 Aspirations for Future AIEd: Potential Benefits if Designed Well

This thesis has demonstrated that, while there are significant concerns about the
adoption of AIEd, particularly from students, there are also considerable positive
expectations about its potential. These aspirations are rooted in the belief that AIEd, if
designed with ethical and human-centred principles, can enhance learning experiences
and create new opportunities for engagement. The following aspirations highlight what

AIEd could achieve if developed with a thoughtful, balanced approach.
AI-Enabled Personalised Learning

Findings from Chapters 4 and 6 indicate that students are optimistic about AIEd’s
capacity to deliver personalised learning experiences tailored to individual strengths,
weaknesses, and needs. Unlike traditional classroom settings, where teachers have limited
capacity to provide individualised attention to each student, AIEd could offer equal and
undivided attention and timely and targeted support to all students without overwhelming
teachers (Holmes et al., 2019). Additionally, students value AIEd-generated insights
based on their learning progress and foresee that it could promote self-reflection for their

self-directed learning, making their learning journey more accessible.
Balancing Personalised Learning and Student Autonomy

However, a key concern regarding personalised learning interventions is their

impact on students’ autonomy. While students value targeted support, they stress the need
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for customizable settings within AIEd systems to maintain control over their learning
experience. Chapter 6 demonstrates that students prefer system-generated hints over
direct tutor interventions, as the former allows them to decide when and how they engage
with support. This suggests that AIEd should carefully design intervention mechanisms -
offering suggestions rather than imposing them. Students should have the agency to
determine when, how, and whether they want assistance, including the option to decline

unnecessary interventions.

Chapter 4 highlights students’ diverse needs: some prefer more independent
exploration, while others may benefit from guided interventions, depending on the
learning contexts. While timely support is helpful for some, others expressed concerns
that frequent automatic interventions could undermine their ability to engage in
independent thinking and problem-solving. It might lead to over-reliance on assistance or
perceiving interventions as intrusive or even manipulative. To address this, AIEd systems
must balance fostering independence with providing support. Again, granting students
control over their engagement with the system ensures flexibility in meeting varied needs
and preferences. This also empowers students to shape their own learning experiences

and educational journeys, reinforcing their autonomy in education.
AIEd as a Collaborative Learning Companion, not a Supervising Tool

To truly promote student learning autonomy and empower students, AIEd must
function as a collaborative learning companion rather than as a supervising tool. A central
tension in current AIEd design is whether students are passive recipients of Al-driven
interventions or active agents in shaping their learning experiences. Many existing AIEd
tools, especially those focused on monitoring, are teacher-centred, aiming at enhancing
educators’ ability to understand students’ progress and adapt instruction (as discussed in
Chapter 2.1). While these systems may improve teaching efficiency, they risk
undermining student agency, learning autonomy and well-being. Chapters 4 and 6
revealed that students view systems that track their emotional states and gaze patterns as
controlling and judgmental rather than supportive. This creates an uncomfortable learning
environment, leading to passive compliance where students feel pressured to conform
rather than engage actively in learning. They feel these AIEd innovations may not align

with their needs and preferences.

As many scholars have argued (Brossi et al., 2022; Holmes et al., 2019), AIEd

should facilitate collaborative decision-making among students, teachers, and the system,
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not just assist teachers in tracking student progress. While AIEd’s analytical ability to
optimise education is valued by students and educational stakeholders like teachers and
school governors, pursuing data-driven insights should not come at the expense of
students’ well-being and learning autonomy. This calls for a shift in how analytics are
used to gauge student learning. We should find alternatives to gather insights that inform

learning instead of relying on intrusive monitoring.
Enhancing Accessibility and Equity

AIEd holds the potential to bridge educational disparities by providing adaptive
learning tools that support students, particularly those with disabilities or from
marginalised backgrounds. By tailoring educational experiences to their special needs,
AIEd could help ensure equitable access to personalised learning opportunities. However,
achieving true equity requires more than just personalisation (Tsai, Perrotta, et al., 2020);
it necessitates careful attention to potential biases in how the AIEd mechanism interprets
and evaluates student learning (I will detail in Section 7.3.2 - the risks of one-size-fits-all
solutions that could unintentionally reinforce or even exacerbate existing inequalities).
For instance, as highlighted in Chapter 4 and Chapter 6, neurodivergent students raised
concerns that AIEd’s interpretation of their learning behaviours might misrepresent their
abilities, leading to unfair evaluations. To prevent such biases, future AIEd systems must
be designed with inclusivity in mind, ensuring they actively support marginalised groups.
This means taking into account cultural, social, and contextual diversity to create Al
systems that are truly equitable and responsive to the needs of all student groups,

regardless of their background or abilities.
Fostering Genuine Engagement and Meaningful Educational Experiences

AIEd should not be solely driven by efficiency metrics such as task completion
times and performance scores. While optimising learning processes is valuable, education
extends beyond measurable outputs — it is about fostering deep engagement, critical
thinking, and meaningful interactions between students, teachers, and educational
systems. AIEd must enrich the learning experience rather than reduce it to algorithmically
optimised performance benchmarks. To achieve this, it should empower students and
cultivate genuine engagement. AIEd should facilitate collaborative learning
environments that encourage active learning. By emphasising genuine engagement and
the quality of interactions over rigid efficiency, AIEd can contribute to a richer, more

meaningful educational experience.
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7.3.2 Challenges Future AIEd Must Conquer

The implementation of AIEd presents several challenges beyond the well-discussed
data-centric and algorithmic concerns. This thesis highlights structural challenges
spanning the design, adoption, and governance of AIEd systems. This section explores
these challenges from a broader perspective, including students’ values, social dynamics,
and the factors within the wider educational ecosystem. Alongside these discussions, I

provide actionable recommendations to address these pressing issues.
Structural Limitations in AIEd’s One-Size-Fits-All Approach

A key challenge in achieving inclusivity in AIEd lies in its inherent one-size-fits-
all approach to tracking and inferring students’ progress. While AIEd promises to
personalise learning, current models often rely on rigid, standardised patterns of
interaction that may unintentionally reinforce inequalities rather than reduce them. As a
result, students with diverse learning styles and needs (Baker & Hawn, 2022) - such as
introverted or neurodivergent learners - may find themselves disadvantaged by systems
that misinterpret their behaviours or favour more traditionally expressive forms of
participation. For instance, some introverted students view AIEd as offering a safer, more
comfortable learning environment where they can receive help from non-human agents,
without the stress of direct interactions with teachers or peers. However, they also fear
that systems relying on behaviour tracking may inadvertently favour more outgoing
students, whose engagement is more visible and thus more easily recognised by Al
models. Similarly, neurodivergent students worry that their unique learning patterns may

be flagged as anomalies, leading to incorrect assessments or biased interventions.

These structural limitations call for a more deliberate approach to AIEd design —
one that acknowledges and accommodates the diversity and complexity of real-world
educational contexts, instead of enforcing predefined behavioural norms. Education
involves students from various backgrounds, including differences in culture, race,
gender, socioeconomic status, and cognitive differences. AIEd should develop models
that are capable of recognising and responding to these differences without reducing
students to rigid behavioural metrics. To achieve this, future AIEd systems must integrate
inclusive design principles from the outset, ensuring that they do not unintentionally

reinforce exclusionary biases under the guise of personalisation.

Lack of Rigorous Evaluation in AIEd Innovation
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Many AIEd solutions are deployed without sufficient empirical validation,
particularly regarding their sociotechnical implications. Bartoletti (2022) warns against
scaling up pedagogical ideas without rigorous evidence, as this can result in unintended
consequences for not only students but also the broader educational ecosystem. Chapter
4 has highlighted how intrusive AIEd adoption can disrupt individual learning processes
and pedagogical interactions. Despite the promise of Al-driven learning, there remains a
lack of comprehensive research evaluating how these systems impact students' well-
being, autonomy, and educational experiences - beyond basic metrics focusing on AIEd

performance.

As T argued in Section 7.3.1, AIEd design should go beyond efficiency to foster
deep engagement, critical thinking and meaningful interactions. The same principle must
apply when validating new AIEd innovation ideas. Evaluation must move beyond
simplistic measures, such as students’ task completion time and their scores. Rather, a
holistic approach is required, assessing AIEd’s influence on students’ learning autonomy,
well-being, pedagogical interactions, and the broader educational environment, including
shifts in student-teacher dynamics and changes in educational roles (these themes can
refer to students’ concerns in Chapter 4). This thorough evaluation ensures that

unintended consequences are identified early, especially those harmful ones.

Rather than accelerating deployment with limited scrutiny, AIEd requires a
deliberate, ethically informed, and evidence-based approach where all potential impacts
are thoroughly assessed before large-scale adoption. A proactive, anticipatory evaluation
framework must be embedded into AIEd design from the outset, ensuring that human-
centred ethical considerations are prioritised. This means taking the necessary time to
understand the full spectrum of AIEd’s effects. This empirical knowledge not only

informs ethical AIEd design but also prepares for potential adoption risks.
Lack of Ethical Reflexivity in AIEd Development and Research

I have discussed the insufficient empirical evaluation of AIEd innovation, but there
is also a deeper concern about the absence of ethical reflexivity in AIEd research and
development. The prevailing mindset among some AIEd researchers — driven by
enthusiasm for technological advancements — prioritises innovation over critical
reflection on its broader consequences. This optimism, while well-intentioned, risks
accelerating the deployment of AIEd without enough deliberation and adequate

safeguards, overlooking potential ethical and societal impacts.

222 Chapter 7: Discussion



To prevent ethical missteps, AIEd development must integrate interdisciplinary
ethical oversight at every stage of the research and deployment process. Al developers,
educational technologists, and learning designers should work collaboratively with
ethical review committees to identify and mitigate ethical risks before AIEd systems
reach widespread adoption (Fox, 2022). However, ethical considerations must go beyond
procedural checklists - they should be embedded in the research culture itself, fostering
an ongoing commitment to anticipating, questioning, and addressing ethical risks in

practice.

AIEd researchers must also take responsibility for ensuring their innovations serve
the broader well-being of students and society, rather than focusing solely on technical
advancements. This requires shifting from a narrow, technology-driven perspective to a
relationship-centred ethical approach (Fox, 2022) (as I introduced in Section 7.2), paying
attention to the consequences and impacts, and recognising that AIEd technologies do not
exist in isolation but are deeply embedded in social, educational, and institutional contexts.
Ethical reflexivity should be treated as an essential research tool - one that ensures AIEd
serves not just as an efficient educational technology, but as a responsible and equitable

innovation that genuinely benefits learners.
Lack of Student-Centred Design Thinking

Current AIEd design has largely been shaped by a teacher-centric mindset that
prioritises monitoring student progress to support educators rather than fostering
meaningful student engagement. This focus often leads to the pursuit of accuracy and
efficiency in computational models while overlooking students’ lived learning
experiences and values. As Brossi et al. (2022) caution, such “adult-centric” (teacher-
centric) approaches of AIEd development might exclude student perspectives and
reinforce passive learning dynamics. This is especially concerning given that modern
education has increasingly embraced student-centred pedagogies, yet AIEd design in this
study appears to reverse this progress, re-centring control around educators and systems
rather than learners. This unbalanced focus might risk creating AIEd that treats students
as mere subjects of technological advancements and a passive recipient of AIEd’s
promised benefits. This approach can significantly impact students’ motivation and
engagement by reducing their role in the learning process, leading to a diminished sense
of ownership over their education. It also skews the power structure, favouring educators

and technology developers, and leaving students more vulnerable to ethical risks.
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To address this challenge, AIEd design must shift towards a student-centred
approach that incorporates participatory methods. This means moving beyond positioning
students as mere data subjects and instead empowering them as active co-creators of their
learning journeys. Involving students in the design process can help ensure the AIEd
responds to their genuine needs and better anticipates potential ethical risks early. A
participatory approach can also mitigate power imbalances by allowing students to
influence decisions about AIEd that directly affect their learning. This ensures that ethical
considerations are not just imposed from above but are informed by the diverse

experiences and perspectives of students themselves.
Lack of Genuine Consent and Acceptance in AIEd Adoption

A significant challenge of AIEd adoption is ensuring genuine informed consent and
acceptance, particularly when AIEd relies on sensitive student data (Li et al., 2021). Two
major concerns arise. First, power imbalances in the educational system raise the question
of whether student consent can ever be considered genuine. In many cases, AIEd adoption
is mandatory (e.g., (Jatileni et al., 2024)) — making authentic consent impossible (Berendt
et al., 2020; Tschider, 2018). Even when not mandatory, institutional pressures and
unequal power dynamics may still compromise students’ ability to make free choices (e.g.,
data collection in Virtual Learning Environments employed by some institutions is often
set by default (Sclater, 2016)). If students do not accept these systems, do they have
meaningful alternatives? This issue becomes even more complicated in K-12 education,
where consent is typically granted by children’s guardians, such as parents. What, then,
constitutes meaningful acceptance, and how can it be ensured that consent is truly

voluntary rather than coerced or procedural?

Second, the overwhelming complexity of the terms and conditions often prevents
students and their families from fully understanding the implications of providing consent,
e.g., for data usage (Hartung, 2020). Many unknowingly consent to Al implementation in
general due to information overload, making the current system of informed consent
questionable, if not unethical. Given these complexities, it raises the question: who is

ultimately responsible for safeguarding students’ rights and data?

To address these concerns, clearer guidelines must be established to ensure that
students and their guardians truly understand AIEd and its implications, including its
outcomes and risks. New mechanisms are needed to guarantee valid consent, giving

students and families meaningful opportunities to express concerns and participate in
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decisions about whether AI systems should be implemented in their learning

environments.
Lack of Valid Ethical Accountability in AIEd Governance

AIEd governance faces a critical gap in ethical accountability, as oversight
mechanisms remain largely reactive rather than proactive. Al technology evolves at a
pace that outstrips the development of ethical frameworks and regulatory structures,
where governance mechanisms often emerge only after harm has been widely recognised.
This lag in addressing potential ethical issues can lead to unintended harm by the time

solutions are considered.

Without proactive governance, key decision-makers - including Al developers,
school governors, and parents - often fail to ensure ethical safeguards before deployment.
As demonstrated in Chapter 5, developers frequently prioritise project delivery efficiency,
accelerating adoption without fully considering risks. Meanwhile, school decision-
makers and parents, despite their role in overseeing AIEd adoption, often lack sufficient
Al literacy to critically evaluate its pedagogical and ethical implications. As a result,
flawed decisions made without valid accountability leave significant ethical risks
unaddressed, reinforcing a governance gap that favours rapid adoption over careful

deliberation.

Addressing this challenge requires a proactive and informed approach, embedding
ethical accountability at all stages of AIEd development and implementation. Stronger
oversight mechanisms must hold Al developers, schools, and parents accountable for
ethical risks. However, accountability must also be valid - meaning those responsible for
decision-making must be equipped with the necessary knowledge and tools to engage in
ethical deliberation. This calls for targeted efforts to improve Al literacy among key
stakeholders, particularly educators and school administrators, to enable them to critically
assess AIEd’s risks and implications. This approach can also shift the power imbalance
stemming from the knowledge gap and avoid the ethical debt from short-sighted decision-
making, as demonstrated in Chapter 5. Additionally, clear and enforceable guidelines
must be developed to ensure that ethical risks are identified and mitigated proactively
rather than retrospectively. By shifting from a reactive to a proactive governance model,
AIEd can be implemented with greater ethical responsibility, reducing the likelihood of

harmful consequences.
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Bridging the Gap Between Ethical Principles and Practical Governance

A persistent challenge in Al governance is the disconnect between high-level
ethical principles and their practical implementation in specific contexts, like education.
Existing governance frameworks emphasise broad principles such as fairness,
transparency, and beneficence, yet these abstract guidelines often fail to provide concrete
solutions to address complex ethical dilemmas in real-world AIEd adoption. As a result,
regulation risks being too detached from the lived experiences of students, who, in
practice, prioritise how these principles are enacted in relation to their autonomy,
informed consent, and emotional well-being. What’s needed is not just ethical principles,
but mechanisms to translate them into meaningful protections in students’ everyday

educational experiences.

This thesis argues that governance should not merely dictate how Al operates but
should ensure that students’ genuine learning needs and rights, such as agency, are
respected and protected. Instead of imposing ethical standards from the top down, policy
mechanisms should create pathways for students to actively participate in governance
discussions and decision-making about AIEd implementation. This shift necessitates
context-specific governance approaches, as advocated by Fox (2022), ensuring that
policies accommodate the diverse educational environments, cultural differences, and
localised ethical concerns that shape AIEd’s impact. Furthermore, ethical governance
must prioritise a practical understanding of risks to break down and apply abstract ethical
principles. Moving beyond general Al ethics frameworks, AIEd governance should
embed ethical considerations into every stage of design, development, and deployment,
ensuring that ethical concerns are not an afterthought but a guiding force in shaping

AIEd’s future.

7.3.3 Summary and Actionable Recommendations

Balancing the promises and challenges of AIEd requires a fundamental shift in its
design, development, and governance. While AIEd holds the potential to foster
personalised learning, empower learners, enrich learning experiences, enhance
accessibility, and create more equitable educational opportunities, these benefits can only
be realised if ethical risks and unintended consequences are proactively addressed. As
this section has demonstrated, the risks of a one-size-fits-all approach, lack of rigorous

evaluation, insufficient ethical reflexivity, and prioritisation of efficiency over the quality
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of interactions present significant barriers to ethical AIEd adoption. Table 6 summarises

the core potential, challenges and recommendations for the ethical future of AIEd.

Table 6. Potentials, challenges and recommendations for the future ethical AIEd.

# | Potential

Challenges

Recommendation

1 | Al-enabled
personalised learning
tailored to individual
strengths and needs.

Risk of undermining
autonomy; over-reliance
on interventions; one-
size-fits-all models.

Offer customisable settings; design
interventions as suggestions rather
than mandates; balance
independence with guidance.

2 | AIEd as a supportive
companion that
empowers students.

Current systems often act
as supervising tools for
teachers, undermining
student agency.

Reframe AIEd as a learning partner
that fosters collaborative decision-
making among students, teachers,
and Al; avoid intrusive monitoring.

3 | Enhancing
accessibility and
equity through
adaptive tools.

Standardised models and
bias in interpreting
behaviours risk
reinforcing inequalities
and disadvantaging less
visible students.

Apply inclusive, context-sensitive,
culturally responsive, and bias-
aware design that supports diverse
and marginalised groups.

4 | Fostering genuine
engagement and
richer educational
experiences beyond
efficiency.

Overemphasis on task
completion and
performance scores
reduces learning to
optimisation.

Prioritise deep learning, critical
thinking, and meaningful
interactions over efficiency
benchmarks in AIEd design.

5 | Responsible and
ethical innovation.

Lack of rigorous
evaluation and reflexivity
in current deployments.

Establish holistic evaluation
frameworks; embed ongoing ethical
oversight.

6 | Trustworthy adoption
and governance.

Coerced consent, weak
accountability, and
abstract principles fail to
protect students.

Ensure genuine informed consent;
strengthen Al literacy among
decision-makers; develop context-
specific governance mechanisms.

Rather than focusing solely on technological optimisation, the future of AIEd must

adopt student-centred, participatory approaches that embed ethical considerations from

the outset, rather than addressing them retrospectively. Governance frameworks must

move beyond abstract ethical principles to develop meaningful, context-specific policies.

This thesis advocates for a slower, more deliberate approach to AIEd development - one

that prioritises student well-being, ethical reflexivity, and human-centred values in both

design and evaluation. By striking this balance, AIEd can fulfil its potential to enrich

education while safeguarding fundamental rights and ethical integrity.
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74 METHODOLOGICAL REFLECTIONS ON STORY COMPLETION

This thesis employed story completion as a novel method to explore the ethical and
sociotechnical implications of AIEd adoption, marking, to the best of my knowledge, its
first application within the AIEd research community. Given its unique contribution, this

subsection offers a focused reflection on the use of story completion in this context.
Story Stem Design: Minimal or Context-Rich?

In designing the story stems, inspiration was drawn from earlier HCI studies using
story completion methods, many of which employed minimalistic, single-sentence
prompts to provide a blank canvas for participant creativity. For example, in Cambre et
al. (2020), the stem reads, “It’s the year 2050... Sam gets home from work and enters the
living room, where Jamie is sitting. The voice assistant...” This approach left participants
ample room to envision what the technology could be like freely. However, given my
focus on capturing participants’ emotional responses, concerns, and attitudes toward a
specific AIEd system proposed and currently under advancement by research groups,
more detailed scenarios were chosen. This approach guided participants into an
immersive Al-driven context - a dream that I created for them - to better imagine living

within it and respond more meaningfully.

In retrospect, this design choice underscores the importance of tailoring the story
stem to the research purpose. Minimalist, open-ended prompts are effective for future-
oriented design ideation (e.g., (Troiano et al., 2020; Troiano et al., 2021; Wood et al.,
2017)). Context-rich scenarios (e.g., designed in this thesis), may be more appropriate
when exploring lived or anticipated experiences with an established technology. The
former approach is forward-looking and focused on the envisioned future; the latter, like
mine, is retrospective, eliciting situated, emotionally grounded responses to realistic

technology adoption.
Potential for Story Bias?

My initial review of participants’ responses revealed a notable shift from initial
resistance in Scenario 1 (focused on individual monitoring) to a more accepting and even
positive outlook by Scenario 3 (which featured Al-driven customisation). This pattern
may reflect genuine differences in how students respond to various AIEd features.

However, upon reflection, it also raises the possibility of story bias: Scenario 3 may have
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foregrounded more benefits than the earlier scenarios, inadvertently shaping participants’

attitudes.

While the structured progression was intended to explore responses to distinct AIEd
functions (monitoring vs. customisation), the way different scenarios were sequenced and
framed may have influenced participants’ interpretations. This highlights an inherent
challenge in speculative research methods: how narrative framing shapes participant
reactions. To examine this further, Study 3 was designed to validate these patterns under

more controlled conditions.

In response to the potential bias concern in the story completion methods, |
extensively reviewed previous story completion studies and found that none have
explicitly discussed story bias — perhaps due to their use of minimal prompts, which limits
the language influence. Existing studies generally advocate for careful story design to
ensure clarity and avoid narrowing participant responses (Clarke et al., 2019). This thesis
thus contributes to an under-discussed area by raising methodological questions about

how story prompt framing influences participants’ speculative responses.

While acknowledging the potential for story bias, it does not undermine the findings.
Rather, participants’ negative reactions offer a lens into worst-case scenarios, pointing to
ethical risks in AIEd adoption, informing more responsible design. From a constructionist
perspective, the research aim is not to uncover the objective truth but to surface diverse
viewpoints and anticipate potential concerns. Acknowledging story bias serves not as a
flaw but as a reminder of the interpretive nature of speculative methods, and a valuable

opportunity to extend methodological discussion within the HCI and AIEd communities.

Chapter 7: Discussion 229



Chapter 8: Conclusion

This chapter begins with a synthesis of the thesis contributions (Section 8.1),
followed by a discussion of limitations and future directions (Section 8.2), then concludes

with closing reflections (Section 8.3), bringing the chapter and the thesis to a close.

8.1 CONTRIBUTIONS

To consolidate the contributions, Table 7 summarises the key outcomes derived
from Studies 1-3 and the integrative discussion. While each study made distinct advances,
with evidence detailed in the results chapters and associated publications, the synthesis
highlights how these findings collectively advance understanding of the ethical
challenges of AIEd adoption. The table cross-references where each contribution is
elaborated in the thesis (tables and figures within the respective chapters). Together, these
contributions span conceptual (frameworks and models), methodological (validated
scale), and practical (design implications and recommendations) advances, culminating

in the proposed student-centred ethics in AIEd framework.

Table 7. Summary of Thesis Contributions

Key Contribution Source

Contribution 1: Chapter 4 (Study 1 findings)

Identified three novel ethical dimensions of potential consequences of | Table 2. (Page 57)
AIEd adoption, including individual, pedagogical, and classroom
dynamics, which form a comprehensive thematic framework and basis
for a conceptual model to anticipate and evaluate risks.

Contribution 2: Chapter 5 (Study 2 findings)

Developed a power dynamics model mapping authority and knowledge | Fig. 4 (Page 137)
imbalances among stakeholders in AIEd design and adoption,
explaining how ethical gaps arise and how they may be mitigated.

Contribution 3: Chapter 6 (Study 2 findings)

a) Developed and validated a scale for assessing AIEd across learning | Tables 3,4,5 (Pages 175-176)
beliefs and affective responses.

b) Identified students’ ranked ethical concerns (Autonomy and Privacy
most salient).

c) Proposed five student-centred design implications for AIEd.

Contribution 4: Chapter 7 (Discussion)

Proposed the Ethics of Human Factors framework for AIEd, reframing | Fig.5 (Page 214)
the “unknown unknowns” in existing ethics discourse, and extending
existing frameworks by integrating human, relational, and contextual
dimensions essential for ethical AIEd adoption.
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Contribution 5: Chapter 7 (Discussion)

Offered a set of recommendations for balancing potentials and | Table 6 (Page 227)
challenges in the future design and adoption of ethical AIEd.

8.2 LIMITATIONS AND FUTURE DIRECTIONS

As with any research, there are limitations that suggest directions for further
investigation. The following discussion outlines potential limitations related to the
research approach, research context and scope, and philosophical and ethical positioning,

along with future research avenues.
Research Approach

This thesis examines multiple stakeholder perspectives (students, parents, school
representatives, and developers), with each group surveyed or interviewed separately.
While this approach provides deep insights into their concerns, while their tensions are
analysed and discussed, it may not fully capture the potential negotiations and dynamics
that might emerge in direct interaction. Future research could extend this work by using
participatory methodologies such as focus groups or stakeholder workshops, which bring
students, teachers, developers, and school governors into dialogue. This would help
identify whether conflicting priorities can be solved through discussion and whether
engaging in a shared conversation influences each group’s ethical stance on AIEd

adoption.

This thesis primarily employs a speculative research approach using self-reported
data, drawing on hypothetical AIEd scenarios (Chapter 4, Chapter 5) and video prototypes
(Chapter 6) to probe participants’ concerns and responses. These responses are based on
their perceptions rather than direct experience. However, this should not be seen as a
limitation. Rather, it is a deliberate and appropriate choice for the exploratory stages of
studying controversial technologies in sensitive settings such as education. This approach
reduces the risk of harm to participants, allowing for ethical, pre-emptive inquiry without
requiring direct exposure of participants to these technologies. More realistic, experiential
assessment of how students and other stakeholders actually interact with AIEd should
follow speculative methods — once it is ethically assured that such interactions will not
cause harm. Combining speculative and experiential approaches would enable future
studies to examine the real-world implications of AIEd adoption while upholding ethical

standards.
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Similarly, this thesis does not focus on longitudinal data to track how student
perceptions and reactions evolve as AIEd is implemented in real-world settings. The
studies presented in this thesis primarily capture students’ anticipatory perceptions and
reactions (Chapter 4) and immediate attitudes (Chapter 6). While this approach allows for
early intervention in ethical design, it is important to acknowledge that students’
perceptions may shift over time as they could potentially adapt to these technologies, or
as institutions modify their use based on feedback. Longitudinal studies could provide a
dynamic understanding of AIEd’s long-term ethical and social impacts. However, a
critical ethical concern must be noted: longitudinal research should not involve
technologies that have already been identified as harmful to students’ well-being, even in
the short term. For instance, intrusive monitoring-driven AIEd tools, which elicited strong
negative emotional responses in this thesis, should not be deployed simply for the sake of
long-term observation. Doing so would unethically compromise student well-being.
Instead, longitudinal studies should focus on alternative, non-invasive Al tools to assess

how students interact with ethical AIEd systems.
Research Context and Scope

This thesis collected data from multiple educational settings (higher education and
K-12) and cultural contexts (Chinese and Australian), but did not conduct a systematic
comparison. While Study 1 and Study 3 focused on university students, Study 2 shifted
attention to K-12 education by including parents, school decision-makers, and developers.
This shift aimed to capture the complex power dynamics in educational systems where
students are typically younger, more vulnerable, and possess less autonomy. Although
ethical concerns identified in higher education where student involvement is often
optional, remain highly relevant, they become even more pressing in K-12 settings, where
participation is compulsory. However, a limitation of this thesis lies in the asymmetry of
stakeholder representation: K-12 students’ voices were not directly included. Given their
distinct levels of agency, cognitive development, and ethical sensitivities, future research
should examine how younger students perceive AIEd adoption, particularly in relation to
privacy, surveillance, and learning autonomy, and how these perspectives might differ

from those of university students.

Study 1 and Study 2 were conducted in China (due to COVID-19 travel restrictions),
while Study 3 was conducted in Australia. Though Study 1 involved participants from

both countries, the initial data screening indicated substantial overlap in ethical concerns
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across both cultural contexts. This led the analysis to focus on shared ethical challenges.
As a result, this thesis does not conduct a systematic cultural comparison of AIEd
perceptions between China and Australia. Future studies could take a comparative
approach, systematically investigating whether cultural, socio-political, or institutional
differences shape AIEd perceptions in meaningful ways. This would help determine

whether ethical concerns around AIEd are universal or highly context-dependent.

A key finding of Study 1 was the diversity in students’ responses to AIEd adoption.
While many students expressed privacy concerns about AIEd collecting their behavioural
and emotional data, I observed that some - especially those lacking confidence in their
learning abilities — were more willing to compromise privacy in exchange for
personalised academic support. This variation highlights the complexity of student
attitudes and suggests that AIEd adoption is not experienced uniformly. However, this
study did not systematically investigate the underlying factors that shape these trade-offs.
It remains unclear which specific elements — such as students’ learning confidence, past
experiences with Al trust in institutional oversight, or the level of control they feel over
their data — drive their willingness to accept or resist AIEd collecting their data and
intervening in their learning. Future research should explore these factors in depth,
identifying the conditions under which students feel comfortable engaging with AIEd and
the ethical boundaries they perceive as necessary. Such insights could inform the
development of more personalised, adaptive AIEd systems that accommodate diverse

student needs while upholding ethical standards of autonomy and privacy.

A key highlight of Study 2 was that conventional participatory design approaches
may fall short in real-world contexts shaped by pronounced power asymmetries and
varying value priorities. While this thesis identifies these structural issues, it did not
directly pursue design interventions to address them. Future research could build on this
by exploring adapted forms of participatory design that explicitly account for these power
differentials and ensure the meaningful inclusion of disempowered users, particularly
students. Similarly, future research could investigate interventions or governance models
that aim to realign stakeholder value priorities. Approaches such as participatory
deliberation workshops, ethical impact assessments, or governance audits could serve as

testbeds for designing more inclusive and accountable AIEd decision-making processes.
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Philosophical and Ethical Limitations

This thesis discussed findings with key Western ethical principles (e.g., autonomy,
privacy, beneficence) and Al ethics frameworks. However, ethical considerations
surrounding Al are not universal; different cultures prioritise different moral and
epistemological concerns. For example, collectivist societies like in China may weigh
community well-being more heavily than individual autonomy (Maznevski et al., 2002),
leading to different interpretations of ethical AIEd adoption. Study 2 was conducted in
the Chinese context. While this cultural difference towards privacy was acknowledged,
this thesis did not dive deep to analyse these considerations according to non-Western
ethical philosophies — such as Confucian ethics. Future research could incorporate non-
Western ethical philosophies to broaden Al ethics beyond Western paradigms. AIEd

governance should account for pluralistic ethical perspectives to ensure global inclusivity.

A notable contribution of this thesis is the emphasis on students’ emotional well-
being - an ethical dimension often overlooked in existing AIEd ethics frameworks. While
this thesis highlights its importance, it has not yet fully conceptualised the ethical
dimension of emotional well-being or operationalised it within design and governance
practices. Future research could build on this foundation by developing the concept of
emotional ethics more systematically. Advancing this work would help move human-
centred ethical frameworks beyond abstract principles toward more situated, affective

dimensions of students’ experiences.

8.3 CONCLUDING REMARKS

This thesis began with identifying four critical problems (in Chapter 1): a lack of
understanding of AIEd’s unintended consequences; the lack of understanding of students’
perspectives, despite being the primary recipient of AIEd’s impact; limited understanding
of how stakeholder power dynamics shape ethical outcomes; and a narrow technology-
centric framing of AIEd ethics. In further exploring these problems, Chapter 2 reviewed
literature from disciplines across AIEd, HCI, and Al Ethics. It revealed a lack of empirical
research on stakeholders’ lived experiences towards AIEd and highlighted that the
existing ethical frameworks fail to address human-centred concerns. These gaps
underscore the need for a human-centred approach to AIEd design, adoption and
governance, grounded in empirical evidence. In response, Chapter 3 outlined the thesis’s

overarching methodological approach, guided by a constructionist epistemology and
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symbolic interactionism. This approach frames ethical challenges as emerging from
stakeholders’ interactions with AIEd technologies. Grounded in this approach, this thesis
aims to examine how different stakeholder groups perceive and respond to AIEd adoption
and its impacts, expand the ethical discourse through a human-centred lens, and offer
actionable recommendations for ethical AIEd. To address these aims, various methods
are adopted across three empirical studies, drawing on story completion with 71 students,
semi-structured interviews with 30 powerful stakeholders, and online experiment surveys

with 131 students.

The three empirical studies, presented in Chapters 4, 5 and 6 through their
respective publications and manuscripts, collectively reveal a cohesive and layered
understanding of the ethical challenges surrounding AIEd adoption. Chapter 4
demonstrated how students’ concerns span psychological, behavioural, pedagogical and
social dimensions, underscoring the interdependence of the situated impacts, and the
importance of addressing the nuanced social elements in education when adopting AIEd.
Chapter 5 highlighted how students’ concerns are often overlooked by more powerful
stakeholders — developers, school decision-makers, and parents. It revealed how their
decisions are shaped by divergent priorities within complex power dynamics, leading to
ethical blind spots and accountability gaps that risk exposing students to unintended harm.
While key decision-makers focus on learning gains and expect students to overcome their
privacy concerns and emotional discomfort for potential benefits, Chapter 6 demonstrated
that students prioritise autonomy and privacy over learning benefits, and desire control
over how they engage with AIEd and its adoption. Together, these findings revealed a
troubling misalignment between value trade-offs presumed by powerful stakeholders and
students’ lived realities - one that must be addressed if AIEd is to support, rather than

undermine, students’ educational well-being.

The Discussion Chapter consolidates these findings to illustrate how ethical
challenges in AIEd are not merely technical, but deeply sociotechnical and relational. It
argues that ethical risks emerge not only from the design of technologies themselves, but
also from the situated educational context where AIEd is implemented, as well as the
governance structures and power dynamics that shape its adoption. A fundamental and
systematic issue is whether students’ needs and concerns are meaningfully considered in
AIEd design, whether governance mechanisms mitigate the unintended harms of AIEd

adoption to effectively protect students, and whether student acceptance is genuine — not
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simply assumed. In this thesis study, AIEd systems are designed under the premise of
serving students’ best interests while their perspectives are marginalised, despite students
being the most affected by these technologies. Addressing these challenges requires
embedding human-centred values, particularly emotional well-being and autonomy,
throughout the entire lifecycle of AIEd design, adoption and governance. This thesis
contributes to this fundamental shift by advocating for more proactive and inclusive
frameworks that foreground students’ lived experiences and support ethical, context-

sensitive technology adoption.

Looking ahead, this thesis marks only the beginning of a broader effort to inform
more human-centred, ethically-grounded AIEd development and adoption. Critical future
work is needed to explore how lived experiences, user values and student agency can be
meaningfully embedded into real-world decision-making processes. A key area of inquiry
is how stakeholder power imbalances can be mitigated and how marginalised stakeholder
groups like students can be empowered throughout AIEd design and governance. This
could include developing practical interventions to operationalise inclusive governance
frameworks, ensuring that student perspectives are not only heard but meaningfully
integrated. Future research should also focus on building accountability mechanisms that
enable more transparent and ethically robust oversight across AIEd development,
implementation and evaluation stages. It could develop tools to equip key responsible
decision-makers with Al literacy to help them in making informed decisions. Moreover,
a deeper investigation is needed into the diverse factors that shape students’ willingness
to engage with AIEd, such as their learning confidence, trust in institutional processes,
and perceived sense of control. Finally, while this thesis expands the ethical discourse
around AIEd by proposing emotional well-being as a central element of human-centred
AIEd ethics, this represents only a first step. Further work is needed to develop and
operationalise emotional well-being as an ethical concern, both theoretically and
practically, to ensure that AIEd systems support not only learning outcomes but also the

holistic well-being of students in technology-mediated environments.

Reflecting on my positionality as both a student and a researcher contributing to the
development of AIEd, this thesis carries academic as well as personal significance. As
introduced in Chapter 1, my motivation has been shaped by a desire to ensure that future
Al technologies in education will not only enhance learning outcomes but also respect

and support students’ needs and are genuinely welcomed by students. I believe students
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should not feel that technology disrupts their well-being or marginalises their voices in
shaping their future of education. They should not be treated as passive recipients of
technology adoption but as active participants in decisions that affect their learning lives.
This research journey has deepened my understanding of the tensions between
technological innovation and ethical responsibility. This thesis is ultimately a product of
that tension - a reflection of my conviction that ethical design is not only about building
better systems, but about creating technologies that honour human dignity, agency, and

context and that ultimately enrich everyday life.

A final caution this thesis offers, not only for AIEd but also for other emerging
technologies introduced in high-stakes sensitive settings such as Al in healthcare, finance,

and the workplace (as identified by Al Ethicists (Campolo et al., 2017)):

1. Ethical practice must start at the outset. Al adoption in sensitive settings
demands a proactive, not reactive, approach. Ethical considerations must be
embedded early in the process of innovation, design, and implementation, rather
than retrofitted after harm has occurred. This requires slowing down the pace
of technological rollout, grounding decisions in empirical evidence, and
anticipating unintended consequences before deployment. Speculative methods
can help surface hidden issues and communicate alternative futures (Vilaza,
2022). Designers must account for the situated realities within the context where
technology is implemented - its social dynamics, contextual diversity, and the

emotional stakes it carries.

2. Reframe user-centred design: Beyond functionality, design for experience.
While early-stage ethics is essential, it must also shape what we design for.
Technology innovation should not be driven solely by efficiency or task
performance, it must enrich human experience and foster meaningful
interactions. User-centred design and evaluation must move beyond usability to
consider users’ lived experience, the value trade-offs involved, and whether
such compromises are acceptable, the deeper and nuanced impacts on users’

well-being and whether the intended benefits truly outweigh potential harms.

3. Centre well-being in ethical frameworks. While ethical design must begin early
and centre user experience, this thesis highlights a critical yet often overlooked
dimension: the emotional impacts of Al systems. Students’ feelings of anxiety

and discomfort are not incidental, they shape how students experience and
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respond to AIEd. We need to recognise these affective dimensions as integral
to students’ well-being. Ethical frameworks must move beyond technical
safeguards to prioritise human-centred values and needs, especially students’
emotional well-being and holistic experience. This ensures that AIEd systems

genuinely promote students’ engagement and flourishing.

Finally, as we stand at the threshold of an increasingly Al-mediated future, it is our
shared responsibility to ensure that these technologies empower rather than silence,
support rather than undermine, and ultimately serve the people they are meant to benefit,

starting with those whose voices have too often been left unheard.
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Appendices

Appendix A

Book Chapter — AI and Academic Integrity

Appendix A contains a reflection paper that expands on the findings of Study 1, which
was accepted as a book chapter in Artificial Intelligence and Academic Integrity:
Navigating Ethical Challenges of Al in Education. This paper explores the value of

academic integrity in the era of AI monitoring in classrooms.

The publication draft begins on the following page.
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The integration of Artificial Intelligence in Education (AIEd) into classrooms war-
rants critical evaluation. Al-enabled tools aim to enhance learning experiences
through continuously monitoring, collecting, and analysing student in-class behav-
iour and performance data, providing real-time evaluation and intervention. How-
ever, even when well-intentioned, this monitoring-oriented AIEd introduces com-
plex ethical and pedagogical challenges, particularly concerning academic integrity.
This chapter discusses findings from our study involving 71 university students us-
ing the story completion method, which illustrates how Al potentially influences
students to modify their behaviours in ways that compromise fundamental values
of academic integrity, including honesty, fairness, trust, respect, and responsibility.
We expand the traditional focus on academic integrity — typically centered on as-
sessable work and issues like cheating and plagiarism — to include student learning
behaviours and processes increasingly subject to AI monitoring and evaluation. We
explore the subtle yet significant behavioural consequences of adopting monitoring-
oriented AIEd in the classroom, drawing on students’ perspectives, and highlighting
how AIEd might challenge the pedagogical and ethical values they aim to support.
We call for academics, developers and institutions to address these implications
proactively, advocate for a more comprehensive understanding of academic integ-
rity in the Al era, ensuring that Al deployment enriches the educational experience
without compromising ethical standards.

Keyword: Academic Integrity, Al Monitoring, Surveillance Al, AIEd, Student Per-
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1. Introduction

AT has been implemented in classrooms to enhance learning and teaching processes
(e.g., (Smolaks, 2019)). Like generative Al, Al in classrooms will likely be deeply
involved in students’ learning journeys. The applications range from detecting stu-
dents’ learning progress to facilitating real-time pedagogical interventions. Both ac-
ademia and industry are investing in technical advancement of Al. This includes
developing techniques for monitoring students’ in-class facial and emotional ex-
pressions (Ruan et al., 2023), tracking eye direction or gaze (Linson et al., 2022,
Ahuja et al., 2021, Hutt et al., 2021), analysing students' awareness and engagement
during lectures (Holstein et al., 2017, Holstein et al., 2018, Ez-Zaouia et al., 2020),
providing automatic evaluation and timely intervention for students’ learning pro-
gress (Yang and Ogata, 2022), prediction and early warning for students’ learning
outcome (Queiroga et al., 2022, Nam and Samson, 2019), and adaptive personalised
recommendations (Altun et al., 2022).

Some or many of these techniques may improve student learning. However,
AIEd also introduces significant challenges. These extend beyond longstanding eth-
ical concerns over data misuse (Hakimi et al., 2021), privacy (Korir, 2022), bias
(Baker and Hawn, 2022), and algorithm fairness (Jiang and Pardos, 2021a), to less
obvious challenges that result from reshaping the pedagogical landscape (Han et al.,
2023). For instance, AIEd could change approaches to the evaluation of students’
work and performances and shift both educators’ and students’ expectations sur-
rounding learning. Therefore, our understanding of academic integrity must evolve
(Curtis, 2021) to encompass relevant changing interactions between students and
learning environments (e.g., (Han et al., 2022)).

Although there is no agreed single definition for academic integrity (Eaton,
2024), the concept typically invokes several important values. The Australian Gov-
ernment’s Tertiary Education Quality and Standards Agency (TEQSA) (2022), for
example, states that academic integrity is “the expectation that teachers, students,
researchers and all members of the academic community act with: honesty, trust,
fairness, respect and responsibility”. These five core values, which were initially
identified by the Center for Academic Integrity (1999), serve as the foundation for
academic conduct.

We shall also treat these values as foundational to academic integrity. However,
TEQSA’s guidelines on behaviours supporting academic integrity primarily focus
on student activities related to scholarly outputs and assessments. This approach to
defining academic integrity — starting from the established values but zooming in
on student misconduct in scholarly work (such as using Al for completing assign-
ments and exams) - is prevalent in current discussions (e.g., (Cotton et al., 2023)).
This conceptualisation of academic integrity is arguably too narrow.

In this chapter, we shall define academic integrity somewhat more broadly, by
moving beyond the prevailing emphasis solely on Student Work — one way of eval-
uating the learning results, to also encompass Learning Behaviour — the learning
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process, especially within the classroom setting, which may well become increas-
ingly subject to Al monitoring and evaluation.

This chapter draws upon our empirical research findings, which demonstrate
how Al in classroom settings can undermine the fundamental values of academic
integrity (Center for Academic Integrity, 1999) during students’ learning. By en-
gaging 71 university students and recent graduates through the story completion
method, this study explores students’ responses to Al adoption in classrooms, re-
vealing a major concern that Al may lead students to deviate from the moral prin-
ciples that are integral to academic integrity.

The rest of the chapter has the following sections. In section 2, we examine the
current discussion on academic integrity. In section 3, we detail our story comple-
tion method, data collection, and analysis process. Then, in section 4, we present
the findings regarding potential behaviour changes amongst students, and discuss
these unintended consequences with reference to the fundamental values of aca-
demic integrity. Our examination highlights the risks that AIEd can pose to aca-
demic integrity under our more expansive definition.

2. Academic Integrity

A very recent paper argues for the absence of a “singular universal definition of
academic integrity” since definitions can vary according to values, principles, vir-
tues and culture (Eaton, 2024). Historically, the concept has been associated with
academic (Macfarlane et al., 2014)) and student conduct (e.g., (Nuss, 1984)), focus-
ing on deterring acts of plagiarism or cheating. Various institutions (e.g.,
(Australian Government TEQSA, 2022)) have proposed diverse definitions, with
many built upon the Fundamental Values of Academic Integrity developed by the
International Center for Academic Integrity (ICAI) (Eaton, 2024). Five values -
honesty, trust, fairness, respect, and responsibility — were initially introduced in
1999 (Center for Academic Integrity, 1999). The framework was revisited and ex-
panded in 2014 to include a sixth value, courage (International Center for Academic
Integrity (ICAI), 2014). Meanwhile, the European Network for Academic Integrity
(ENAI) presented academic integrity as adherence to “ethical and professional prin-
ciples, standards, practices and consistent system of values” to inform decision-
making and actions in education, research and scholarship” (Tauginiené et al.,
2018). Approaching academic integrity from its emphasised values and ethical
standards, its practical implications should be expansive to various aspects of edu-
cational practices.

Macfarlane et al. (2014) conducted a comprehensive literature review on aca-
demic integrity among academics, encapsulating professional conduct across teach-
ing, research, and service domains. They understood integrity as a holistic attribute,
underlining the ethical standards and professional practices of academics, that inte-
grate various aspects of one’s conduct to uphold honesty and ethical principles. The
review reveals a predominant focus on misconduct and academic corruption with
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ethics of doing research, highlighting issues like fabrication and falsification of re-
sults, plagiarism, conflicts of interest in research sponsorship, and other ethical
breaches including peer review manipulation, unethical treatment of subjects, and
nepotism or cronyism in academic promotions. Beyond research ethics, the review
highlights unethical behaviours for teaching, including power misuse in student-
teacher relationships, problematic dual relationships between faculty and students
that blur professional and personal boundaries, and the divergent perceptions of eth-
ical teaching conduct between faculty and students. In the service domain, concerns
include resource mismanagement, unfair faculty evaluation processes (e.g., untrans-
parent criteria affect promotion clarity), and commercialisation of academic posi-
tions such as selling complimentary textbooks copies.

It is evident that the discussion of academic integrity for academic professionals
encompasses a broad spectrum of conduct according to certain norms and values.
Some apply elements of ethical theory such as virtue ethics to identify moral prin-
ciples for academic integrity (e.g., (Corlett, 2005, Nixon, 2004)). However, when it
comes to students, the academic integrity discussion often narrows to expectations
of behaviour directly related to their scholarly outputs.

Many academic discussions on student academic integrity often proceed without
a clear delineation of the concept. This ambiguity becomes particularly evident
when addressing students’ academic misconduct, which is predominantly framed
around cheating and plagiarism. For example, this very early paper (Nuss, 1984)
alternatively used the terms “academic integrity” and “academic dishonesty”, with-
out defining those concepts, nor establishing a definitive list of behaviours consti-
tuting academic dishonesty. Nevertheless, Nuss (1984) indicated that many studies
relating to academic dishonesty refer simply to cheating while pointing out that in-
terpretations of cheating vary widely among individuals. The paper then identified
fourteen distinct forms of academic dishonesty, broadening the topic to relevant
behaviours that disrupt the integrity of scholarly outputs and assessments.

In a more contemporary analysis, Gallant (2017) framed academic integrity as a
matter of teaching and learning, moving beyond mere prevention and punitive
measures against student cheating. Though the article did not precisely define either
academic integrity, misconduct, or cheating behaviours, it outlines strategies to re-
duce instances of student academic dishonesty by fostering learning-oriented envi-
ronments and improving instruction. The article emphasises transitioning from a
performance-oriented to a mastery-focused educational environment, criticising su-
perficial assessments that promote surface learning for external goals like scores
(Gallant, 2017). These considerations are grounded in the fundamental values of
education.

Today, in the era of Al, discussions predominantly revolve around the use of
generative Al, narrowing the scope of academic integrity to scholarly pursuits and
assessments. Yet, scholars like Israel (2015) and Eaton (2024) argue that academic
integrity encompasses far more than just plagiarism or exam cheating and extends
beyond mere regulatory compliance.

Eaton (2024) has developed a Comprehensive Academic Integrity (CAI) frame-
work, which expands upon the traditional understanding of academic integrity to a
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broader interpretation that encompasses all aspects of education and involves all
stakeholders in education, emphasising ethical decision-making as crucial across
the academy. Eaton suggests that integrity should be interwoven into the fabric of
educational cultures, rather than viewed as a set of rules for students to follow. We
agree that academic integrity for students should transcend scholarly pursuits and
assessment to include greater attention to learning behaviours fundamentally rooted
in ethical and pedagogical values.

Our empirical research supports this broader view by revealing that: 1) the pres-
sure on students to perform in environments using Al for evaluation can inadvert-
ently promote actions somewhat akin to "cheating", as student performance be-
comes a metric for assessment; 2) the use of Al monitoring in academic settings
may routinely foster students’ dishonest practices, eroding the core values of aca-
demic integrity and causing students to deviate from their moral principles or to not
acquire those values and principles in the first place. It is possible that such dishon-
esty might also slip from the learning process to producing scholarly work. Again,
these findings highlight concerns beyond mere scholarly outputs, touching on prac-
tices deeply intertwined with ethical standards. In the next section, we explain how
we conduct this research and analysis.

3. Research Method

The objective of this research is to explore students’ responses to adopting moni-
toring Al in higher education classrooms. This chapter presents and discusses our
findings regarding how Al adoption can undermine students’ academic integrity. In
this section, we will introduce our data collection via the story completion method
and data analysis process. This research was approved by the Human Research Eth-
ics Committee from the University of Melbourne (Ethics ID Number: 22256).

3.1 Story Completion Method

Current students have yet to fully experience Al in classroom settings, although
widespread adoption is a goal within the AIEd community. Despite the rapid ad-
vancement of these technologies, there is a glaring paucity of research exploring
students’ perspectives and AI’s implications for students, particularly given their
vulnerable status as direct recipients of such interventions. The ethical considera-
tions surrounding the deployment of these technologies are paramount; exposing
students to potential negative consequences without prior understanding and miti-
gation planning is irresponsible, especially in sensitive high-stakes environments
like education. To navigate these ethical waters and predict potential outcomes, we
adopted a user-centered speculative approach known as the Story Completion
Method.

The Story Completion Method draws from the domains of speculative design
(Dunne and Raby, 2013, Wong and Khovanskaya, 2018) and research fiction
(Blythe et al., 2018, Troiano et al., 2016). It has been used to critically evaluate the
development (Lawson et al., 2015) and ethical and moral dilemmas (Dunne and
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Raby, 2013) of current or future technologies. Participants are provided with Story
Completion Tasks and are asked to complete narratives. Their stories can reflect
their socially and culturally constructed values (Kitzinger and Powell, 1995, Wood
et al., 2017). Rather than queries about “What’s your perspective?”, the indirect
approach of third-person storytelling (Clarke et al., 2019) encourages participants
to express their concerns more comfortably and openly.

We designed story completion tasks' based on both existing classroom monitor-
ing and observation AIEd artefacts and methodological insights from AIEd re-
search, as previously introduced in Section 1. It is further informed by the recent
literature-based design fiction studies (e.g., [27]), which examine the implications
of Al adoption in higher education. Our story prompts crafted scenarios that im-
merse participants in Al-enabled monitoring and intervention within higher educa-
tion classrooms, helping them to understand our research context. The scenarios
encapsulate the educational data collection on students’ in-class performance and
engagement, through using Al monitoring tools and forms of observation such as
facial recognition and emotion recognition. The scenario then introduces the cus-
tomised AIEd functionalities which are enabled by the collected data, including
real-time analysis, personalised recommendations, predictions and interventions.

To foster a wide range of imaginative responses, we deliberately infused a degree
of ambiguity when describing the AIEd artefacts and functions (Braun et al., 2019).
The story prompts concluded with open-ended questions to stimulate participants’
reflection, for example, “What happens next? How would the character think and
behave?”

3.1 Data Collection and Analysis

71 stories were collected through anonymous surveys hosted on the protected Qual-
trics online platform. Participants were first introduced to the study through a plain
language statement, followed by a consent form. Upon consenting, participants
were presented with the story stems and invited to complete the stories. The survey
also collected participant's demographic information including gender, age, and
teaching experience, if any. Our participants were either currently enrolled in uni-
versity studies or had recently graduated. Out of 71 collected stories, six were ex-
cluded due to incompleteness. Of the remaining 65 participants, 54% were male and
46% were female, none identified as non-binary.

Given the diverse AIEd experiences among university students in real-world
contexts, we chose not to collect data on participants’ majors, specific AIEd expe-
rience or Al literacy levels. Our focus was on broader concerns relevant to all types
of students. The speculative approach facilitated the exploration of students’ so-
cially and culturally constructed views on the potential impacts of Al, regardless of
their direct experience with AIEd technologies.

The first author led the data analysis, with the contested themes or interpretations
discussed collaboratively among the research team. We employed the Thematic

! The full scenarios are presented at: https:/sites.google.com/view/storystems
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Analysis (Braun and Clarke, 2006) to sift through the narrative data. We identified
both explicit and latent content to generate lower-level codes. These codes were
then generated into higher-level themes, providing structured insights into the par-
ticipants’ perceptions and the nuanced implications of monitoring-oriented AIEd.

4. Findings & Discussion

Our findings uncover a complex interplay between Al adoption and student behav-
iour and adjustment. This included: decreased interaction among students with
teachers; cheating the surveillance; conformity and a kind of pander performativity
(forced performance) to escape monitoring; and rebellion against the system (ma-
nipulating monitoring mechanisms). We will demonstrate students’ potential adap-
tive strategies in section 4.1. Worryingly, each of these strategies may undermine
the fundamental values of academic integrity, which we discuss in section 4.2.

4.1 Students’ Interactive Strategies in Responding to AI Monitoring

The predominant narratives reveal that students are troubled by the lack of trans-
parency in the Al monitoring and evaluation mechanisms. This opacity creates a
sense of uncertainty about the extent and impact of Al-driven monitoring and as-
sessment, fostering a perception of the classroom environment as akin to a surveil-
lance panopticon. Within this perceived panopticon, students harbour fears of their
inadequacies being detected and documented by Al technologies. Such apprehen-
sions lead to students assuming stringent requirements alongside a high standard for
behaviour, which we will detail shortly.

Students articulated feelings of omnipresent monitoring, describing it as “ubiq-
uitous” (P6) and feeling as if there are “eyes staring at me all the time” (P37). They
expressed concern that any moment of inattention or deviation from the learning
task — described as being caught in a “loaf moment” — would be unforgivably rec-
orded, with one noting that “distraction or idle time is not permitted” (P26). Conse-
quently, students perceive the learning environment as intense and strict, necessi-
tating increased efforts for learning and a perpetual state of alertness in the class.
As participants often said, a student “must be constantly switched on” (P56) and
“act as a perfect self” (P27), while feeling compelled to meet a perceived, albeit
unarticulated, standard of evaluation. This situation is described with negative emo-
tions, characterising the learning experience as stressful, exhausting, and overly de-
manding.

Amidst these stringent perceived rules and high expectations, a notable decline
in student confidence was observed. Students are concerned about the potential for
an Al system to label a student as inadequate in a subject area and to deem them “a
poor performer...or a dumb student” (P67). This apprehension directly leads to stu-
dents’ behaviour changes in classroom participation. In the narratives, students hes-
itate to freely speak and ask questions in class since they are constantly observed by
Al, lest their contributions be judged as subpar. Such an environment may lead to a
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cautious approach towards in-class expressions and behaviours, with students con-
stantly aiming to eschew errors. Furthermore, stories also commonly show de-
creased interaction and communication with peers, driven by a fear that social in-
teractions might be misinterpreted by the Al as irrelevant or disruptive behaviour.

A significant portion of participants disclosed adopting what they termed as
“smart strategies” (P27) to respond to this perceived learning panopticon. A com-
mon theme among these strategies was the aim of securing favourable performance
evaluation scores, leading to a spectrum of behaviours ranging from strategic com-
pliance with performativity to covert resistance. For instance, the necessity to adapt
to this monitoring regime can compel some students to act and perform, exhibiting
ostensibly perfect engagement behaviours. As a student described: “a smarter stu-
dent is likely to become an actor and pretend with perfect performances” (P27).
Other stories described specific actions such as feigning active participation, que-
rying, meticulous note-taking, and maintaining an outwardly positive demeanour.

There are also more inventive strategies that attempt to circumvent the Al eval-
uative gaze through the use of what might be termed as ‘cheating tools’. These
ranged from the conceptualisation of an "Emotional Self-Check Software" designed
to mask any detectable signs of negative emotions (P18), to the compilation of a
"High-Score Dictionary", aggregating terms believed to trigger high scores for real-
time learning performance evaluation (with keywords spoken in the group discus-
sion)(P19). As P19 mentioned, after graduation the student can sell this high-score
dictionary, narratives from P52 described that the student would buy high-score
notes from upper-year students “as a cheat sheet” to navigate stringent evaluations.

There are also privacy-preserving attempts to obscure students’ true performance
or emotional states, as they fear poor performance being recorded and making mis-
takes in front of Al evaluation. Techniques included the use of non-standard lan-
guages (P28) or “undetectable accents and dialects” (P31) to elude voice recogni-
tion, and the concealment of their genuine emotional or facial expressions “... by
putting a poker face” (P42) to evade emotion recognition.

Notably, despite the ingenious nature of these adaptations, they were frequently
accompanied by expressions of discomfort and dissonance. Students articulated
these strategies as deviations from their preferred modes of learning and interaction,
often describing their actions as "adopting behaviours that felt unnatural or misa-
ligned with their authentic selves" (P66).

In contrast to adaptive strategies aimed at navigating or complying with Al mon-
itoring, some stories described a rebellion or an overt resistance against the system.
These reactions ranged from subtle sabotage to explicit acts of defiance, each un-
dermining the efficacy of the Al in educational settings (AIEd systems) in distinct
ways.

A notable method of resistance involved the intentional corruption of data, with
students deliberately presenting flawed data, introducing inaccuracies to "contami-
nate the data model" (P30). This approach represents an indirect yet impactful attack
on the core functionality of AIEd systems, questioning their reliability and validity.
There are also direct aggressions such as “...he walked to the front of the classroom
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and unplugged the power source of the monitoring system with anger” (P2), or even
more extreme measures such as attacking the database.

Beyond disrupting the system outcome, some students sought to leverage the
system to their advantage, embracing a mindset of “manipulating the system instead
of being manipulated” (P38). This manipulation was manifested in various forms,
from using the system's feedback to prompt instructional improvements—illus-
trated by a student encouraging exaggerated expressions of boredom to signal dis-
engagement to the instructor (P37)—to exploiting predictive failure analyses for
personal gain, as seen in a student's strategic underperformance in algebra to facili-
tate dropping the subject (P48). Additionally, a creative use of the system's tracking
capabilities was described, with a student intentionally focusing on illustrations to
influence the inclusion of more visual content in textbooks (P29).

These interactive strategies - ranging from compliance through performative
conformity (or cheating the surveillance) to evasion and outright rebellion — not
only affect the students on an individual level such as changing their behaviours and
influencing how they perceive the learning environment, but also carry significant
implications for pedagogical practice and academic integrity.

4.2 Disrupted Pedagogical Values and Undermined Academic Integrity

The narratives from our participants show the potential shifts in students’ behaviour
as they adopt to Al monitoring and evaluation in the classroom. It also raises con-
cerns regarding key pedagogical values such as learner autonomy and genuine en-
gagement: The constant presence of Al monitoring and evaluation “encourages”
students to conform to expected behaviours, not out of a genuine desire to learn or
engage, but out of fear or being assessed and even graded for poor performance.
This coercion into performative acts of engagement due to being constantly assessed
by AI — ranging from overt acting to subtle pretense — erodes learner autonomy,
restricting students’ freedom to freely explore, inquire, and learn in a manner that
resonates with their individual curiosities and learning styles.

The pressure to adhere to stringent rules and expectations of compliance trans-
forms the learning environment into one that is perceived as intimidating rather than
inviting. The joy and pleasure traditionally associated with discovery and learning
are supplanted by a climate of apprehension. As students navigate this surveilled
space, their actions are dictated by a strategic calculation while they become cau-
tious about their behaviours and expressions to avoid making mistakes and negative
evaluations. This undermines the authenticity of the learning process.

These unintended consequences of implementing this AI monitoring and evalu-
ation go beyond learning autonomy, learning process and environment, to the very
foundation of academic integrity. As noted earlier, the fundamental values of aca-
demic integrity (International Center for Academic Integrity (ICAI), 2021) encom-
pass honesty, trust, fairness, respect, and responsibility. We will now discuss how
each of these core principles may be undermined by Al monitoring and evaluation.
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Honesty

To start with, classrooms with Al-driven monitoring might discourage students’
honesty. It could promote a performative learning environment where students may
feel compelled to act or pretend to engage, rather than participating authentically.
Moreover, instead of fostering an environment where students can openly admit to
gaps in their understanding and seek genuine improvement, the presence of Al mon-
itoring may encourage a facade of comprehension. These behaviours, driven by fear
of negative evaluation, challenge the value of intellectual and personal honesty in
learning. To be fair, students may sometimes feel justified in trying to fool or deflect
the Al systems used on them without their full consent. Nonetheless, such action
may harm their learning.

It would be ironic if Al monitoring sought to promote honesty but instead facil-
itated student dishonesty and cheating behaviour. Moreover, while Al monitoring
in the classroom can encourage students’ dishonesty behaviour which causes stu-
dents to deviate from their moral principles in their learning processes, this dishon-
esty might slip into their conduct in producing scholarly work. By making students
more used to being dishonest in classroom learning activities, Al monitoring may
end up damaging academic integrity more generally.

Trust

Implementing monitoring Al into the classroom may influence students’ trust. The
cornerstone of trust in educational contexts is the encouragement and support of the
free exchange of ideas within clear, understood boundaries. Trust enables collabo-
ration and information sharing not only among students but also between students
and teaching agents. However, Al monitoring, if perceived as invasive, can disrupt
this trust, making students cautious about freely expressing their thoughts or asking
questions for fear of being judged by the system. Students’ trust in teachers and the
learning environment may be another of AIEd’s casualties. Our findings indicate a
decreased willingness to interact between students for educational or social pur-
poses. Some students even pointed out that they used to learn a lot from peers but
that this pedagogical relationship involving an open exchange of ideas could be in-
terrupted by Al monitoring.

Fairness

Monitoring Al could also disrupt practices of fairness. Students who act, pretend,
cheat or fool the Al monitoring and evaluation systems may achieve higher marks,
while those who engage authentically may face unfairly negative outcomes. This
might encourage students to manipulate AIEd systems, which violate fairness. Fur-
thermore, participants have noted that the Al evaluation tends to favour extroverted
students, whose performances are more visibly detectable, whereas introverted stu-
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dents may be unjustly perceived as disengaged in learning. In this scenario, intro-
verts may feel compelled to alter their natural learning behaviours unfairly with
more effort, just to receive equitable treatment.

Additionally, fairness in education requires transparent expectations and stand-
ards. However, when in the learning environment the rules of engagement and as-
sessment criteria are not clearly articulated or understood in what they perceive as
a learning panopticon, students are not fairly treated. In addition, an Al mechanism
that monitors and evaluates students by quantifying students’ behaviours and facial
expressions to score their engagement (Ahmad et al., 2022) has been recognised as
posing transparency (Robertson et al., 2021) and bias problems (Sha et al., 2022,
Jiang and Pardos, 2021b). For instance, an algorithm can work in ways that it was
not originally designed for, e.g., absorbing learning biases from data and then ex-
aggerating it further during the modelling process, which can result in certain eth-
nicities and demographics being disadvantaged (Baker and Hawn, 2022).

Specifically, AI’s interpretation and grading on students’ in-class engagement
are based on calculations with quantitative indicators, where students can be cate-
gorised as ‘disengaged’ or ‘struggling’ (Nawaz et al., 2018, Aslan et al., 2019) and
‘low-performing’ or ‘at-risk’ (Namoun and Alshanqiti, 2020). This evaluation result
can then influence educational strategies (Gasevic et al., 2017, Alzoubi et al., 2021)
and performance or drop-out prediction (Gasevic et al., 2016, Xing et al., 2016) and
can be supplied to human teachers (Aslan et al., 2019). When these data-driven in-
terpretations of students’ performance are ineffective, the evaluation becomes un-
fair, as do the subsequent consequences or actions derived from these assessments.

Respect

AIEd might affect students’ respect for their learning. Students can show respect by
being interactive, cooperative, and participatory in learning with others, as well as
taking an active role in their own education journey (International Center for
Academic Integrity (ICAI), 2021). Meanwhile, both students and the learning envi-
ronment consider, honour, and value diverse opinions and ideas. The surveillance
culture fostered by Al monitoring and evaluation, however, might prioritise con-
formity and pandering performativity over creativity and experimentation, discour-
aging students’ free expression of viewpoints. In an environment where students
strive to avoid mistakes, they are no longer encouraged to challenge, test, and refine
their ideas. Thus, students might be discouraged from being respectful of their own
learning, and accepting diverse opinions that divergent from the standard “model
answers”.

Responsibility

Students need to be responsible for their own learning. However, monitoring and
evaluation AIEd in the classroom might undermine the development of such re-
sponsibility. There also should be a shared responsibility between the broader edu-
cation system and students on learning outcomes. However, the introduction of Al
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monitoring might shift this balance, placing undue emphasis on such monitoring as
a means of tracking students’ learning progress where students perceive that they
are forced to learn. This disrupted learning autonomy leads to disengagement from
the personal responsibility that students take on in their education—a responsibility
that ought to be nourished rather than impeded. As one student expressed it: “I feel
that T am not learning for myself but to completing tasks to satisfy the evaluation
system” (P8).

Gallant (2017) pointed out that the whole educational system should be involved
in encouraging academic integrity, not just the students. Especially, the organisa-
tional culture in the classroom can influence students learning perceptions and be-
haviours. Eaton (2024) emphasised the importance of ethical leadership, institu-
tional support, and the active involvement of all stakeholders of the educational
community in fostering an environment of integrity. Such an environment should
encourage a more balanced approach to responsibility, ensuring that Al tools en-
hance rather than detract from the educational experience, and supporting a culture
with emerging technology that has educational values at its core. Specifically, stu-
dents should be encouraged to control their own learning, including their learning
progress and approaches (Han et al., 2023), thereby taking responsibility for their
education in ways that align with the fundamental values of academic integrity.

Summary

In this section, we discussed how adopting Al observation, monitoring and evalua-
tion in the classroom can undermine the fundamental values of academic integrity:
Honesty — Monitoring-oriented AIEd could compromise student honesty as students
are encouraged to perform and cheat the evaluation mechanism. This dishonest be-
haviour in daily learning could eventually permeate their approach to producing
scholarly work, as students might become accustomed to dishonesty as a learning
strategy; Trust — The use of monitoring Al might erode students’ trust in their learn-
ing environment, where they may feel inhibited from freely expressing their
thoughts for fear of getting punished for making mistakes. Eroding student trust
could stifle open academic discourse; Fairness — AIEd in classroom settings poten-
tially undermines fairness for students. The quantitative measures and algorithms
for evaluating students can raise concerns about transparency, bias, and effective-
ness of these systems. This can lead to unfairness in how students are assessed and
the interventions they receive, and again create a culture in which students are less
inclined to act fairly in their studies and assessments; Respect — Under the gaze of
machine monitoring, students may be discouraged from being interactive, coopera-
tive, and participatory with their peers. Thus, such AIEd may diminish students’
respect for learning and producing academic work; Responsibility — AIEd might
undermine students’ sense of responsibility for their own learning and work, insofar
as they feel forced into learning in a way that disrupts their learning autonomy. In
sum, while some monitoring Al might bring benefits for student learning, it also has
the potential to damage not only their learning but their development of the values
of academic integrity.



5. Conclusion

In this chapter, we showed how AIEd which observes, monitors, and assesses stu-
dents in the classroom can potentially generate student behaviour change, which
disrupts learning autonomy and undermines academic integrity. AIEd might cause
students to abandon or fail to develop values inherent in that concept. These unin-
tended consequences might not be anticipated by the designer and may even go
against their intentions. We should think about this before any negative conse-
quences really happen in education. Such consequences may be hard to remediate,
and they will result in potentially avoidable harm to students, their learning, and
their values. Our findings underscore the need for careful consideration of how Al
technologies are integrated into educational settings to ensure they align with and
support the fundamental values of academic integrity.

We raise the following recommendations based on our findings: It is crucial to
consider ethical implications and both intended and unintended consequences be-
fore deploying Al technologies to prevent ethical harms that may be challenging to
rectify later. Additionally, the design and development of technology in educational
settings should be guided by the fundamental pedagogical values that the technol-
ogy aims to support.

In this chapter, we extended the prevailing, broad definition of academic integ-
rity, which traditionally focuses narrowly on student work. We widened the scope
of academic integrity to include student learning behaviour that is subject to Al
monitoring and evaluation, while focusing on the fundamental values inherent in
the concept of academic integrity. This expanded definition underscores the im-
portance of integrating values of honesty, trust, fairness, responsibility, and respect
into every aspect of the educational journey, particularly in the era of Al
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