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Abstract

Artificial Intelligence in education (AIED), particularly following the emergence of
generative Al, has sparked increasing debate not only for increasing efficiency and
productivity in academia but also its broader social implications. While discussions
on AIED often focus on its potential benefits, increasing attention is being given
to broader social concerns, including the risk of dehumanization, the development
of skills, and overall well-being. These aspects remain insufficiently addressed

in current literature. To explore these aspects and address this gap, the study
proposes a research model that utilizes Stimulus-Organism-Response (SOR) as a
structural framework and introduces a new conceptual model — Dehumanization-
Skills-Wellbeing (DSW). The model captures the complex dynamics of AIED with
these key social pillars. Drawing on survey-based data collected from students and
instructors across higher education institutions in Saudi Arabia, findings indicate
that higher levels of AIED use, often including generative Al tools, are positively
correlated with empathy, support, and belonging that collectively reflect lower
perceived dehumanization. These human factors are further associated with lower
levels of anxiety, depression, and social isolation. Additionally, while cognitive skills
development such as critical, technical and creative show a significant correlation
with Al use, the impact on non-cognitive skills such as socio-emotional and
collaborative skills remains unsupported and warrants further investigation. By
examining these interconnected aspects, the study offers deeper insights into the
ways Al may shape the social and emotional fabric of educational environments
and guides the development of more human-centered and socially responsible Al
adoption in higher education.

Keywords Artificial intelligence (Al), Higher education, Social impact, Dehumanization,
Socially responsible Al, Human-centered learning, Well-being

1 Introduction

Artificial Intelligence in Education (AIED) has rapidly emerged as a transformative
force for its potential to revolutionize academic efficiency, accessibility and productivity.
According to 2025 [55] report, about 92% of students now use Al tools for their studies
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which was about 66 % in 2024. This dramatic increased in AI’s use in education is also
reflected in the global AI in education market, which was valued at 2.5 billion dollars in
2022 and is projected to reach 88.2 billion dollars by 2032 [4]. key part of this growth
is the spread of generative Al tools, such as ChatGPT, which help to generate content,
answer questions, and provide writing and study support.While this expansion signals
the growing influence and perceived benefits of Al it also raises critical concerns about
its broader social implication [13]

The integration of Al across higher education become instrumental across multiple
educational settings, extending beyond simple digitization to reshape teaching, learn-
ing, research and administrative practices. In teaching settings, Al has influences course
design, personalized content delivery, assessment strategies and support higher order
thinking and authentic learning tasks (?) [11]. In learning settings, Al tools allow adap-
tive and personalized system that enables student to engage with a content tailored to
their individual needs. Additionally, Al has been widely adopted in administrative and
research context to support grading, task management, data analysis, literature synthe-
sis, rising a parallel concern privacy and ethical governance [135].

Beyond these applications, the higher education environment is undergoing more pro-
found transformation due to the rapid development of Al enabled and immersive tech-
nologies. These shifts have intensified generational and experiential differences between
instructors often describe as “digital immigrants” and student commonly referred to
“digital natives whose familiarity with interconnected digital ecosystems challenges tran-
sitional linear instructional models and accelerates the adoption of technology -medi-
ated, interactive learning environment [11, 27]. More recently, purpose-specific virtual
reality VR and Metaverse technologies have emerged as advanced form of Al-enabled
educational environments, especially for instructors,where high fidelity digital simula-
tion support preservice training through immersive and real time visualization [158].
These environments enables skill development while encouraging institutional transi-
tion toward technology oriented setting. While such technologies offer clear pedagogi-
cal advantages, their increasing reliance on simulated interaction and automation also
raises important questions regarding human presence, relational support, and learner’s
well-being [95].

In parallel, the rapid diffusion of generative Al and immersive systems has introduced
broader ethical and epistemological challenges of higher education, particularly in rap-
idly digitizing regions [11, 158]. The widespread adoption of large language models,such
as ChatGPT, has amplified concerns related to algorithmic bias, data privacy, academic
integrity and reshaping the knowledge acquisition highlight the need for more balanced
and responsible adoption for Al technology [76, 111, 199]. Collectively, Al is not merely
as a technological enhancement, but as a socio-technical system that reshapes educa-
tional experiences, institutional practices, and human relationships which highlight the
importance of examining Al in higher education through an integrated lens of overly
looked dimension like for dehumanization, skill development, and well-being [43, 111,
199].

One of the social dimensions that requires deeper investigation is the potential for
dehumanization within Al-integrated educational settings [43, 93, 166].Researches show
a concern that technologies,including Al, serves as an infrastructure for dehumanization
[134, 166]. While AI can streamline administrative tasks and personalize learning, there
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is a legitimate concern that an over-reliance on these technologies could diminish cru-
cial instructor -to-student interactions and relationships with peers, thereby impacting
the social-emotional aspects of learning [78, 166].

Additionally, the development of the skills in AI-driven world presents another com-
plex area that need to be adequately explored. According to a number of previous stud-
ies [111, 137, 143, 165], Al tools can significantly enhance cognitive skills by providing
instant accessibility to information and offering more personalized learning experiences.
However, the influence on skills, such as critical reasoning, socio-emotional and collab-
orative abilities, is still unclear and requires further exploration [52, 193]. Some stud-
ies suggest that over-reliance on Al tools might negatively affect interpersonal skills and
emotional intelligence [183]. On the other hand, some studies showed that Al is empow-
ering the developing for skills such as technical and creative skills [21, 98]. Therefore, a
deeper investigation is needed comprehensively understand the impact of AI on both
cognitive and non-cognitive skills.

Importantly, well-being as another important social dimension has received significant
attention in the current literature [191, 199]. Well-being in the learning environment
is a multi-faceted construct that encompasses the mental and social well-being of the
learner, faculty, and staff [95, 113]. With growing numbers of institutions adopting tech-
nology-driven solutions, there is a need to take cognizance of potential impacts upon
the well-being of all the players involved [95]. Anxieties, depression, and loneliness can
be experienced by any educational stakeholders at all levels of the learning environment,
impairing productivity, participation, and overall institutional culture [95, 199]. Creat-
ing an environment that fosters mental health resources and social connections can do
much to create a humanized learning community [95]. Addressing the overall well-being
of the student, faculty, and staff in a technology driven environment can work magic in
creating a better, positive, and productive learning environment [95]

To address the critical gap in understanding the broader social implications of AIED,
this study adopts the Stimulus—Organism—Response (SOR) framework [105] as a struc-
tural foundation. Stimulus consists of both AIED, exemplified by the use Generative Al,
and the broader organizational factors such as ethical policies, cultural norms, institu-
tional readiness, and competitive pressures that also paly significant role in shaping the
educational environment. The organism is conceptualized through the newly developed
theory of Dehumanization, Skills, and Well-being (DSW), which encompasses the social
and psychological dynamics experienced by educational stakeholders. The response
shows that clear understating for how the interaction between stimulus and organ-
ism factors may lead to shape a better humanized and socially responsible educational
environment. By integrating these dimensions, the model provides a systemic approach
to investigating how Al reshapes the social dynamics of higher education and how its
adoption can be steered toward more sustainable and human-centered outcomes align-
ing with the United Nations” Sustainable Development Goal 4 (SDG 4) [53] for inclusive,
equitable, and quality education.

To gain a deeper and more empirically grounded understanding of these dynamics,
a survey was conducted among instructors and students in higher education settings
[126]. The results show that perceived use of Al technologies is correlated with perceived
dehumanization, as well as skill development and well-being (Sect. 5.2.3). The findings
present a systematic evaluation of whether and how Al use contributes to or hinders
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socially meaningful educational experiences. Consequently, the study offers evidence to
inform more socially responsible and human-centered AI adoption within higher educa-
tional institutions.

Structure of this paper. It begins with the theoretical background that frames the
study (Sect. 2), followed by the research methodology (Sect. 3). The proposed concep-
tual model is then introduced as a basis for understanding the study’s core constructs
(Sect. 4). This is followed by the analytical approach used to examine the data collected
(Sect. 5). The results are then presented and discussed in a section6 reflecting on the rel-
evant existing literature. The paper concludes by outlining key limitations and directions
for future research (Sect. 7).

2 Theoretical background and conceptual lens

This section provides the foundation for examining the impact of Al in educational set-
tings through a socio-technical lens [157]. It also contributes to the broader discussion
on the social implications of Al that seems to be overlooked amid the rapid technologi-
cal expansion. This section is structured around four core components: the disruptive
nature of Al in education and the corresponding social response articulated through
three key pillars which are dehumanization, skill development, and well-being(DSW).
These elements are central to understanding the socio-educational dynamics shaped by
Al and are aligned with the foundational blocks of the framework introduced in Sect. 4.

2.1 Alas a disruptive technology in higher education

Disruptive technology is the term used to describe the disruptive impact of new technol-
ogy within a particular domain [139]. Most interpretations of this concept suggest that
the traditional operations of any system are altered and transformed by emerging tech-
nologies, without any negative consequences on the distribution [76, 139]. Addition-
ally, numerous scholars concentrate solely on the transformative computational power,
immense data capacities, and technological advancements. Nevertheless, there are those
who dispute the potential for these technologies to revolutionize all sectors, including
education.

Al is not a new phenomenon; it has been known since seventy years ago [77]. This
technology has become more accessible and faster to use and available at a higher
speed,particularly after the release of generative Al tools like ChatGPT [23], which
makes it so disruptive. There is no universally accepted definition of Al technology
[77, 78]. Several academic researchers emphasize the difficulty of defining AI because
it include a variety of multiple techniques that replicate human cognitive processes or
decision-making capabilities [78]. However, a simplified interpretation of the definition
is a technology that performs tasks require human intelligence [9, 78]. Al is considered
the most disruptive technology and it has had a significant impact on various sectors
including education [139].

The educational sector experiences deep transformation through Al because it brings
both promising opportunities and substantial challenges [196]. The technology provides
substantial potential to increase educational accessibility while making personalized
learning scalable and improving teaching methods to reach specific learning targets [76,
78]. The extensive data analysis capabilities of Al support researchers in their efforts to
enhance efficiency and productivity [26]. AI demonstrates strong potential to simplify
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administrative operations through its ability to enhance admissions procedures and
schedule courses better and reduce student dropout and improve retention rates [9, 76,
77).

This disruptive aspect of Al in education is defined in a paradoxical manner: it is the
esthetic efficiency and scalability of Al systems and at the same time this threat to the
social composition of educational spaces [78]. This paradox necessitates an intellectual
prism that should be in a position to not only take into consideration the technology
use, but the human implications of such use. This study introduces this prism by har-
monizing Al technologies as the stimuli of the surroundings and induce internal cogni-
tive and affective responses, which results in behavioral and institutional outputs [80]. In
this context, the aspect of the related to which students and instructors feed and receive
feedback on AI will be the medium through which social implications can be learned.

Addressing these concerns necessitates a shift from the techno-centric evaluation to
socio-technical evaluation [157]. References [9, 78] suggest that looking at AIED not
only from pedagogical and technical aspects but including ethical, legal, and societal
aspects should be included in conceptual frameworks. Accordingly, this work responds
by introducing three socially grounded concepts explained in Sect. 2.2.

2.2 Responding to Al disruption through key social pillars

As the integration of Al becomes more prevalent in higher education, there is a growing
social concerns that need to be considered [7, 9, 78]. This study responds to that need by
identifying three conceptual pillars,dehumanization, skill development, and well-being
(DSW), to understand how Al reshapes the educational experience [7, 42, 60]. These pil-
lars were not randomly selected; they emerged through a careful review of literature,
theoretical alignment with socio-technical systems thinking [6, 157].

2.2.1 Dehumanization as a core social signal
The process of dehumanization occurs when people lose their human characteristics
because of technological advancements [58, 70]. The rapid technological integration
throughout all social sectors has shifted educational priorities from human values to effi-
ciency and automation [1, 166]. Education serves purposes beyond knowledge transmis-
sion because it includes socialization and emotional growth and personal development
[88]. The implementation of Al has sparked academic concerns because it might reduce
educator involvement which remains essential for student holistic development [60].
Rather than viewing dehumanization as an abstract philosophical concern, this study
treats it as a measurable variable that captures perceived losses in empathy, emotional
connection, social support, and belonging [70]. These factors are essential for fostering
inclusive, engaging, and ethically grounded educational environments [43]. In Al-medi-
ated contexts, where algorithmic systems might replace or mediate interpersonal inter-

actions, assessing the presence or erosion of these humanizing factors becomes critical.

2.2.2 Rethinking skill development in the age of Al

The pervasive presence of Al necessitates the cultivation of entirely new Competencies.
Al tools can both support and substitute cognitive effort [52, 111]. As a result, the devel-
opment of skills such as critical thinking and creativity, communication and emotional

resilience may be either enhanced or diminished depending on design and use [167].
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The integration of Al into learning spaces extends its horizons beyond cognitive and
technical proficiency to cover the complex domain of social skills [111, 183]. AI presents
prospects for enhancing social-emotional learning (SEL) [160] and also poses risks that
demand awareness and vigilance on behalf of human interaction and social development
[111].

Al technologies can be applied to enable social skill development via personalized and
responsive interventions. For instance, Al-powered websites can assist educators in cre-
ating personalized social-emotional learning activities, offering learners a site on which
to practice empathy, self-regulation, and social competence under a controlled regimen
[125, 193]. However, there are fears that Al can diminish required human interaction
which is a key to naturally acquired social skill development.

2.2.3 Well-being as a societal imperative

The psychological definition of well-being includes multiple dimensions which satisfy
fundamental requirements and create contentment beyond disease absence [48]. Mod-
ern and recent research defines well-being as a positive state which enables human
flourishing and optimal functioning while showing minimal psychological distress [48,
113]. This holistic perspective emphasizes complete well-being through the integration
of psychological elements with social components which determine individual function-
ing and quality of life.

Recently, higher education institutions prioritize student well-being more than ever
before [48, 199]. The student population during this period ranges from 17 to 24 years
old. The age of 17-24 marks a crucial period for psychological issues to develop accord-
ing [48, 113]. Research indicates that numerous students experience psychological
problems including psychological distress, anxiety, depression and burnout [48, 113].
Academic performance and drop-out probability show direct relationships with these
psychological issues [48, 199]. The importance of well-being extends beyond students
because instructors need equal attention to their mental health and well-being.Recent
studies [30, 45] shows that university teaching staff experience higher stress levels and
burnout because of excessive workload and institutional demands which negatively
affects teaching quality and student engagement and learning outcomes. The impor-
tance of educational stakeholders” well-being requires attention because it motivates
additional research.

2.3 Addressing human and social concerns through an integrated conceptual framework

This section focuses on establishing the theoretical and conceptual frameworks that
guide this study: the Stimulus-Organism-Response framework and the Dehumaniza-
tion-Skills-Well-being (DSW) conceptual model. It contributes to the broader discussion
on the social implications of Al that seems to be overlooked amid rapid technological

expansion.

o The Stimulus-Organism-Response as Structural Framework SOR framework,
originally developed in environmental psychology, provides a structured lens to
examine how external stimuli affect individuals’ internal psychological states and
behavioral responses (organism) and lead to observable responses [80, 140]. In the
context of the study, SOR frameworks serves as a structural foundation that organize
and shape the research model. The stimuli is specifically defined by the rapid
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emergence and integration of Generative Al, which reflect a unique technological
momentum that entirely reshape traditional educational settings. Additionally, the
broader organizational factors such as ethical policies, cultural norms, institutional
readiness, and competitive pressures that contribute highly reshaping and governing
the technology mediated new educational environment (Sect. 4.1.2). By adopting the
SOR framework, this study moves beyond examining Al in isolation to understanding
how AI adoption is mediated by institutional and organizational factors, and how
these combined stimuli affect the psychological and social dimensions of the
educational experience and the response resulting from that integration among the
organism component.More details on how this the study adopt this structural model
provided in Sect. 4.

+ DSW Conceptual Model: Addressing a Critical Gap. Given the background discussed
earlier in the paper, DSW components emerge as essential factors that needs to be
discussed in an integrated way given the social concerns around them. The model
adopt a multi-dimensional theoretical lens that integrates Dehumanization theory
[70, 133], humanistic learning theory [88] and socio- technical system (STS) thinking
[157, 201] to evaluate the social implication of AIED. Drawing on the Humanistic
learning Theory, the lens prioritizes “whole person’, emphasizing that the cognitive
growth can not being separated from the emotional and social well-being [38, 88].
This is complemented by STS thinking, which highlight that technological interaction
(Technical subsystem) and human social structure (Social subsystem) must
optimized together to achieve sustainable and responsible outcomes [157]. Finally,
Dehumanization factor, inspired from the dehumanization theory [133, 166], provide
the critical filters to assess weather Al adoption preserves or undermine “human
essence” of the educational experience. Together, these theories form a cohesive
conceptual foundation, justifying the DSW model’s focus on the interconnected
nature of the social, cognitive, and affective dimensions of Al adoption. Additionally,
this integrated approach is a direct response to fragmentation observed in the
existing literature [92, 159], where each factor are frequently examined as an isolated
variable that emphasize the need to combine these sub factors in an integrated way.
The dehumanization became a fundamental DSW component based on the criticism
of an educational technologies-based approach that is an efficiency-focused approach
in its nature [128]. This is also applied to generative Al in mediating instructor-
student and peer-peer relations systems face the danger of eroding the affective and
social aspects that make up humanizing education [43, 166]. Skill is another critical
factor of DSV, it differ of the other taxonomies as it specifically assess the the impact
of Al on wide range of skills (Table 3). While tools like 21st-century competencies
are featuring on what skills are important, DSW poses the questions:How generative
AT adoption affects the development of skills among student and How does the
quality of human presence in educational environments shape skill acquisition?,
These questions point to the main assumption of the framework that cognitive and
non-cognitive skills do not emerge in social empty space but emerge as a result of
the interaction, relationship, and affective experiences of experiences of being
social [111, 183]. In that way, to evaluate the effects of Al on skills, it is necessary to
evaluate the context of relations and the psychological context within which the skills
develop at the same time. Within the DSW framework, well-being is selected as a
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critical indicators of psychological sustainability and getting significant attention in
the recent literature [48, 89, 118]. Rather than viewing well-being as a static outcome,
this model position it as a dynamic internal state that both response to Al usage
and subsequently influences the social and cognitive dimensions of the educational
experience. It demonstrates if Al based education is sustainable at the long run
mentally. Dehumanization associated with lower interaction with humans can
enhance isolation and anxiety [184]. Higher critical thinking ability would enhance
self efficacy and reduce academic stress. This relationship justifies the reason as
to why well-being should not be analyzed within the other pillars of model. The
framework has operational clarity as each construct is defined by validated indicators
described in Section 4. This enables social impact of AIED to be measured instead
of being discussed on an abstract level. The model fills a clear gap that has been
identified from recent literature which is the lack of comprehensive models that
measure the full social impact and contribute actively in human-centered approach
of Al adoption in educational settings [9, 76]. While existing AIED researches mainly
focus on efficiency, this framework makes human centered outcomes the center o.
This focus is in line with increasing calls for socially responsible Al in education [24,
33].

3 Methodology

This study adopts a quantitative approach to investigate how AIED is perceived in higher
education, with a particular focus on the dimension of dehumanization, skill develop-
ment, and well-being. The research process began with a comprehensive review of per-
tinent theories from the fields of social science, education, and information systems,
looking particularly on their relevance to the social implications of technology [42,
150, 161]. This review led to the adoption of the Stimulus—Organism—Response (SOR)
framework [80]. This framework, rooted in environmental psychology, provides a struc-
tured lens to examine how external stimuli (in this case, Al technology ) affect individu-
als’ internal states (organism) and lead to observable responses [80].

Drawing from SOR framework, the research model was constructed around three core
blocks which are dehumanization, skill development, and well-being (DSW) represent-
ing key internal aspect that could be affected by Al in educational settings. The choice
of factor in these blocks was driven by theory and empirical literature. Dehumaniza-
tion theory served to reflect the perceived loss of human attributes such as belonging,
support, empathy and human interaction [58, 133]. Humanistic learning theory guided
the inclusion of skill developmental and well-being related variables that has been high-
lighted in the relevant literature [42]. Moreover, considering a more comprehensive
approach, organizational factors such as ethical policies, cultural norms, and social read-
iness also play a major role in governing and understanding the socio-technical dynam-
ics of AIED [14, 18, 68]. Although these factors are not the direct focus of this paper,
their presence is important because of their impact on the broader educational context
in light of Al integration.

The operationalization phase involved translating the conceptual model into a struc-
tured survey instrument [175], which was designed to quantitatively assess partici-
pants’ perceptions of Al's impact across the three identified blocks. Each construct was
measured using multiple items rated on a 5-point Likert scale ranging from Strongly
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Disagree to Strongly Agree, with Prefer not to say options provided for sensitive con-
structs such as well-being, dehumanization, and skill development. While students and
instructors both responded to items related to AIED, dehumanization, and well-being,
only students were presented with skill development items, given their role as the pri-
mary learners. A detailed breakdown of item sources, modifications, and construct
alignment is provided in Appendix A, Table 19. After the initial design, a pilot testing
was conducted on a small group of respondents in order to identify the items’ clarity,
relevance, and interpretability. Pilot results were utilized in the revision in the wording
of items and in the improvement in the coherence and validity of the survey.

Data were collected through a cross-sectional online survey conducted using Qual-
trics in the two languages of English and Arabic. The survey was designed to capture
perceptions from students and instructors across all model constructs except skill con-
struct. Skill development questions were directed only to students as they are the pri-
mary learners, while instructors’ role centers on facilitating rather than receiving skill
development.The survey was distributed through several institutional channels in order
to ensure maximum reach and representativeness. Participants were recruited through
the following methods: (1) direct institutional partnerships with universities in Saudi
Arabia, where the faculty coordinators shared a series of links to the survey in official
learning management systems as well as via e-mail lists; (2) academic social networks,
such as professional education groups; (3) snowball sampling, in which the first respon-
dents in the study shared the survey with their colleagues [31, 181]. This multi-channel
approach aimed to capture an adequate number of respondent and a diverse perspec-
tives across higher educational institution and academic disciplines

A total of 1246 respondents initiated the survey. After applying data quality fil-
ters removing incomplete responses (> 20% missing data)and duplicate entries, 1,101
valid responses were retained, resulting in a retention rate of 88.4% among initiating
participants.

Data analysis was carried out in two phases. Descriptive analysis with SPSS was under-
taken e to present participants’ demographic profile and response behaviour in summa-
rized form, together with measures of means, standard deviation, and distribution of the
data. [109] After that, structural analysis has been conducted using SmartPLS in order to
test the measurement and structural models. Measurement model was tested for inter-
nal consistency, convergent validity, and discriminant validity, and the structural model
for examining hypothesized relationships [96]. This two-phased analysis ensured the
robustness and validity of the findings and met the study’s objective of coming up with
theoretically and empirically proven insights into social impact of Al in higher education

(Fig. 1).

4 Research model

Our research model utilized the SOR framework as a structural model to explore the
socio-technical landscape of AIED [80]. DSW elements function as essential com-
ponents which match the theoretical framework (Sect. 2) to assess the diverse social
aspects of AIED. The DSW components within the model create a specialized frame-
work which represents the internal dynamics of educational systems. The model enables
higher education institutions to connect Al progress with ethical human-centered prin-
ciples while ensuring long-term social sustainability. Our model presentation in Fig. 2
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follows which we explain how we built our research framework using the SOR model to

handle these intricate dynamics.

4.1 Stimulus

It illustrates the external factors that influence an individual’s emotions, behaviors, and
perceptions [80]. In the context of our investigation, AIED, particularly generative Al,
functions as a dynamic stimulus for the transformation of educational environments
at the social and individual levels. Furthermore, the organizational factors (Sect. 4.1.2)
that are referenced in the model are recognized as additional stimuli that contribute to
socially responsible AIED. The subsequent subsections will provide an explanation of
the components of stimuli.

Page 10 of 51
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4.1.1 AIED exemplified by generative Al

In our framework (Fig. 2), AIED acts as the main stimulus, highlighting its fast grow-
ing application in educational settings. Lately, there has been a many publications in the
literature examining the possibilities that emerging Generative Al tools, especially Chat-
GPT, hold for changing the educational landscape [52, 59]. Stakeholders’ views on Al
adoption show a blend of enthusiasm and apprehension regarding its ability to modify
the educational environment [9, 171]

This construct has been operationalized by focusing on two main factors, which are
adoption and the scope of generative Al. These factors have been adapted from the
diffusion of innovation (DOI) [149] and the Technology Acceptance Model (TAM)
[102]frameworks (Table 1). These factors are essential for comprehending the extent
of Al's application and the manner in which it is being integrated into educational

environments.

4.1.2 Organizational factors

Organizational factors are essential at the institutional level, particularly in the context
of Al in education, given the ongoing debate regarding its impact. The adoption of Al
depends on ethical, cultural and social factors which make up these essential block. The
continuous development and adaptation of Al strategies depends heavily on organi-
zational factors to match the changing educational objectives and values [18, 18, 171].
Despite the fact that these factors are not the primary focus of this paper, they are cru-
cial for the development of a socially responsible approach to AIED.

These factors will be qualitatively [74, 120]examined by engaging with decision-mak-
ers and high-level stakeholders in the education system who are responsible for cultivat-
ing an environment that supports the ethical and effective integration of Al. Although
this paper does not delve into the details of these factors, their descriptions are included
to offer a more comprehensive understanding of their significance in the promotion of
responsible and sustainable AI adoption in educational environments. All factor are out-
lined as follows:

+ Ethical Guideline are context-based guidelines that are shaped by the unique
challenges and needs of each field [14]. These rules typically include aspects such
as privacy, conflict of interest, respect for human rights, integrity, and equity
[14, 87, 162]. In the context of Al in education, these guidelines are central to
ensuring that Al use is align with human dignity and maintains academic fairness.
As Al increasingly mediates learning experiences, explicit ethical requirements
are necessary to minimize the risks such as bias, transparency, data privacy, and
unintentional consequences[14, 37].Ultimately, understanding and properly apply
these principles not only mitigates ethical risks but also fosters a culture of trust,

Table 1 AIED factors
Subfactor Description References

Adoption Refers to the degree to which instructors and students are incorporating Genera-  [149, 189]
tive Al tools into academic routines. It includes familiarity with the tools and
frequency of use

Scope Determines the range and variety of tasks for which Generative Al is utilized. [144]
Reflects perceived value, advantages, and risks of Al use in education, capturing a
balanced perception
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innovation, and responsibility, ensuring that Al continues to serve humanity’s best
interests.

o Cultural Norms refer to the shared expectations, values and behaviors which
determine social interactions within specific societies or communities [110]. Al
transformation requires understanding cultural dimensions because it will reshape
the established norms and practices in theb traditional education system [15, 110].
In societies,where educational institutions with traditional hierarchical teacher-
centered methods will face challenges when implementing Al-driven student-
centered learning because this approach conflicts with established values which may
lead to resistance or demand specific implementation methods [110]. Al adoption
requires cultural norms as a fundamental factor to ensure these technologies
enhance existing educational frameworks instead of disrupting them.

o Social Readiness Social readiness refers to the level of preparedness a society
or community demonstrates when accepting and integrating new technologies
including AI [18, 67]. Social readiness differs from technical readiness because
it examines how people feel about new technologies and their cultural fit rather
than their technical capabilities [18, 67]. Higher education institutions need to
focus on social readiness because Al will transform teaching methods and learning
approaches and institutional social dynamics [67]. The implementation of highly
automated tools encounters resistance in educational settings where strong teacher—
student relationships are highly valued. The assessment of social readiness enables
educators and policymakers to take proactive steps for introducing AI through
culturally appropriate and effective methods [18, 67]. The concept remains unclear
and relatively underexplored despite its significance to guide developing better
frameworks to support adoption processes.

» Competitive Pressure Competitive pressure emerges from potential threat of losing
market advantage when other market players start using Al technologies [68, 168].
The external force of competitive pressure pushes organizations to adopt innovations
because they need to match their competitors’ progress. Higher education
institutions can preserve their competitive position through individualized learning
approaches and predictive analytics for student maintenance and enhanced student
service capabilities [68]. Competitive pressure functions as a key organizational
factor which drives organizations to adopt Al technologies quickly [168]. The fear of
lagging behind in competitive settings pushes institutions to adopt new technologies
quickly even when they do not thoroughly evaluate social consequences. The
understanding of this influence remains vital because it determines both the speed
and method of Al implementation in higher education.

4.2 Organism

It describes how external stimuli affect the internal processes and states of individual,
which is in our case students and instructors [80]. This section examines their percep-
tions responding to stimuli assess the impact of AIED on dehumanization, skill and
well-being.

Page 12 of 51
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Table 2 Dehumanization factors

Factor Definition References
Sense of The emotional need to be accepted as a group member; contributes to motiva- (16,62, 64]
belonging tion, engagement, and overall well-being in educational settings

Human The ways in which people interact, collaborate, and engage with others within [34,197]
interaction real and physical settings, especially human-human interaction

Empathy The ability to identify and understand other people’s feelings and emotions; criti-  [44, 124]

cal for communication and a holistic learning environment

Support Refers to social meaningful support from interpersonal relationships that help [3,103]
individuals overcome challenges and maintain emotional stability

Table 3 Skill factors

Skill category Skill type Definition Refer-
ences
Cognitive Critical Purposeful, self-regulatory judgment involving interpretation, [2,52]
thinking analysis, evaluation, and inference; essential for academic success
skills and future employment
Technical Subject-specific knowledge or hard skills needed to accomplish [98]
skills tasks in domains like engineering or technology; increasingly influ-
enced by Al tools and adaptive learning
Creative The capacity to produce original, useful, and novel ideas; associated  [117,
skills with curiosity and non-traditional thinking. Considered uniquely 141]
human and crucial in tech-driven contexts
Non-cognitive Socio-emo-  Abilities related to self-awareness, emotion regulation, empathy, [100,
tional skills and interpersonal interactions; vital for academic and life successin 108,
evolving digital environments 183]
Collabora- Competencies that support working with others toward shared [39,
tive skills goals, emphasizing teamwork, communication, and mutual 94]

responsibility

4.2.1 De-humanization (D)

This block address and present the de-humanization concern regarding AIED, previously
explained in Section 2. To quantitatively measure this construct, we looked at the rel-
evant factors and scales to incorporate into the survey instrument. The sense of belong-
ing, human interaction, empathy, and support, grounded in well-established social and
educational literature, were selected. Table 2 presents a concise overview of each factor,
including its working definition. Additionally, operationalization for each factor with the
adapted items presented in Appendix A.

4.2.2 Skill (S)

Al tools specifically generative tools such as ChatGPT [138, 183] drive the development
of skills. This study divides skills into two categories which are cognitive and non-cog-
nitive (Fig. 4). The cognitive skills include critical, technical and creative abilities [176,
178]. The impact of Al on these skills to either improve or worsen them [52]. Non-cog-
nitive skills such as socio-emotional and collaborative abilities are equally important for
fostering strong relationships and effective teamwork [108]. Many concerns in the litera-
ture concerns regarding Al’s limitations in emotional intelligence [111, 183], which may
hinder the development of these skills. Accordingly, it is important to understand the
potential effects of AIED on both cognitive and non-cognitive skills. Table 3 presents the
skills included in the model along with their definitions.
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4.2.3 Well-being (W)

Academia has shown an increasing interest in well-being as a fundamental human fac-
tor, especially after the integration of technologies into educational settings [48]. The
transition of Al-driven environment may increase the feelings of isolation, anxiety and
stress which challenge conventional support systems and may negatively impact edu-
cational stakeholders’ mental health. The research investigates anxiety depression and
loneliness because these mental health factors receive extensive attention in academic
literature (Table 4).

4.3 Response: socially responsible AIED

Following the SOR framework, we can structure Socially Responsible AIED as a response
coming out of dynamic interaction between AI technology as a stimuli and human-
centric factors ( dehumanization, well-being, and skill development). This response is a
socio-technical direction in which AI implementation is formed by its functional capa-
bility as well as by its alignment with societal values and ethical concerns [36]. Using
“socially” emphasizes a societal focus on Al adoption which is highlighting a priority for
taking on Al incorporation in a way that benefits education communities while taking
active actions on minimizing possibilities of harm or unintended consequences [24, 33,
36]. In this context, Socially Responsible AIED is a response that is based on utilizing
the potential of educational technology while aligning its use with core social consid-
erations, particularly those that foster human presence, support skill development, and
promote well-being within educational contexts.

4.4 Hypothesized relationships

Building on the literature that highlights both the potential benefits and risks of Al in
education, this study examines the relationships between AIED, exemplified by genera-
tive Al, on shaping key social educational dimensions (DSW). Prior research suggests
that Al is changing the nature of human aspects in educational settings including the
development of the abilities and maintaining their well-being.

To capture these dynamics, the hypotheses are structured at Higher level (H1-H4)
focusing on the relationships between the major constructs in the model and lower or
Factor level (H5-H12) focusing on the relationships between AIED and dehumanization
and individual level sub factors (Fig. 2). The study hypothesis listed as the following:

o HI: There is a relationship between Generative Al and dehumanization. Generative
Al tool can alter the nature of human interaction in education, potentially
increasing or reducing perceived empathy, belonging, and interpersonal support
[43, 49, 70]. This hypothesized relationship between AIED and dehumanization
draws on socio-technical systems theory [157], which posits that technological
mediation fundamentally alters the quality and frequency of human interaction.

Table 4 Well-being factors

Factor Definition References
Anxiety and A condition marked by persistent worry, nervousness, or sadness, often linked [20, 152]
depression to uncertainty about future outcomes. Can impair concentration, decision-

making, and motivation, influencing academic and social functioning
Isolation and Isolation refers to lack of social contact, while loneliness is a subjective sense [119,182]
loneliness of disconnection or absence of meaningful relationships; both can reduce

engagement and academic performance
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Dehumanization theory [58, 70] establishes that when technology reduces
opportunities for emotional recognition, empathy exchange, and interpersonal
support, individuals experience diminished human presence. This mechanism
operates through displacement as Al systems mediate educational interactions, the
relational substrate that fosters belonging and empathy may either be preserved or
eroded. The directional hypothesis allows for bidirectional outcomes, acknowledging
that AT’s influence depends on implementation context [59, 78].

o H2: There is a relationship between dehumanization and skill development.
Humanistic learning theory[42, 88] establishes that skill acquisition,particularly
socio-emotional and collaborative competencie occurs through socially embedded
learning processes.Thus, lacking empathy, belonging, and interpersonal support
in educational environment,have been associated with reduced opportunities
for developing essential skills[28, 81, 147]. Environments characterized by
lower belonging, empathy, and support (higher dehumanization) provide fewer
opportunities for interpersonal skill practice and feedback [29]. The causal
mechanism operates through social learning deprivation: when learners perceive
limited human presence, they encounter fewer authentic contexts for developing
interpersonal competencies, even as cognitive skills may develop independently
through Al-mediated practice.

o H3: There is a relationship between dehumanization and well being. The relationship
between dehumanization and well-being is grounded in the belongingness theory
[16, 64], which identifies social connection as a fundamental human need. When
educational environments lack empathy, support, and a sense of belonging,
individuals are more likely to experience unmet psychological needs, leading to
anxiety, depression, isolation, and loneliness [69, 71, 86]. This pathway reflect a
well-established stress mechanism that the perceived social disconnection activates
psychological distress responses that impair both mental health and academic
functioning.

o H4: There is a relationship between skill development and well being. This hypothesis
draws on the competence-based model of psychological well-being [61, 132],
which proposes that skill mastery,particularly socio-emotional and critical thinking
competencies,enhances self-efficacy, reduces academic stress, and improves life
satisfaction [169]. The causal mechanism operates through perceived competence: as
learners develop cognitive and non-cognitive skills, they experience greater control
over academic challenges and social interactions, buffering against anxiety and
depression while fostering resilience.

o HS: There is a relationship between Generative Al and critical skills. Generative Al
tools may support critical thinking by solving more complex scenarios,writing
tasks and providing diverse perspectives, however, they may also encourage passive
consumption of information [111, 143, 151, 180].Many studyies highlighted the
concers aroun the the concern that excessive reliance on Al could weaken their
ability to think independently and make responsible decisions [180] This relationship
assesses whether AIED contributes to or detracts from learners’ analytical reasoning
abilities.

o H6: There is a relationship between Generative Al and technical skills. The integration
of Al tools may increase digital literacy and technological competence by exposing
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learners to advanced systems [21, 98]. Upskilling may be necessary to keep up with
the rapidly changing Al technologies [179]. Understanding how Al impacts technical
skills in higher education helps match industry demands with academic programs
and guarantees graduates are ready for Al-driven workplaces [98]. Therefore, this
hypothesis explores the impact of this type of skill.

o H7: There is a relationship between Generative Al and creative skills. While
generative Al can inspire and provide new ideas and support creativity processes,
concerns exist that it may standardize outputs and diminish originality [153, 188]
This relationship investigates Al’s role in shaping creativity in educational contexts.

o H8: There is a relationship between Generative Al and socio emotional skills. Al
tools can enable virtual collaboration and emotional exchange, but they may reduce
opportunities for authentic interpersonal engagement [160, 183]. This hypothesis
examines whether AIAD affects learners’ ability to navigate social and emotional
dynamics.

o HY: There is a relationship between Generative Al and collaborative skills. Educational
environment facilitated by technologies like AI can improve coordination and group
productivity [123], yet they may also weaken the interpersonal bonds developed
through face to face teamwork. Numerous studies in the literature emphasize the
necessity of enhancing our comprehension of human-AlI collaboration as Al becomes
progressively integrated into society [34, 123]. These calls underscore the necessity of
precisely evaluating the perceived impact of generative Al on collaborative abilities,
ensuring that these technologies enhance our capacity for effective collaboration.

o HIO: There is a relationship between dehumanization and socio emotional skills.
Environment with lower levels of human factors such as empathy and belonging
can negatively affect the development of socio-emotional competencies [43, 108],
potentially impairing learners’ capacity for effective interpersonal engagement. This
hypothesis examines that possible connection.

o HII: There is a relationship between dehumanization and anxiety and depression.
Perceived dehumanization has been associated with higher level of stress, anxiety,
and depressive symptoms in any environment and education system is not immune
[47, 86]. Therefore, examining this relationship seeks to determine whether
diminished human presence in Al mediated education exacerbates these mental
health issues.

o HI2: There is a relationship between dehumanization and isolation and loneliness.
When social bonds weaken due to reduced human interaction, learners may
experience heightened isolation and loneliness [70, 164]. This hypothesis investigates
whether dehumanization intensifies such feelings in technology driven educational
contexts.

5 Results
This section presents results of both descriptive and structural analyses.The following
subsections present the findings from each stage of the analysis.

5.1 Descriptive analysis
The analysis was performed to show the distribution of responses across different cat-
egories of demographic characteristics under study. This section provides an overview
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of the sample characteristics, capturing information such as gender, age group, ethnic
background, country of working or studying, educational level, professional role, pro-
gram type, and academic discipline. In addition, descriptive statistics were computed for
the core questions and the participants response analyses.

5.1.1 Demographic data

The demographic analysis [194] was performed to show the distribution of responses
capturing information such as gender, age group, ethnic background, country of working
or studying, educational level, professional role, program type, and academic discipline.

Notably, gender representation in the sample indicates that more than two-third of the
respondents are female (59.4%), followed by males (40.1%), while a very small proportion
selected Others (0.3%) and (0.3%) are missing in this category. Figure 12 indicated that
female (both students and instructor/teacher collectively represents the largest propor-
tion of the sample population. By examining each group separately (Appendix B (Fig. 3)),
teachers or instructor have the same proportion across male (11.6%) and female (11.4%)
respondents. On the other hand, female students (i.e., 47.9%) are twice the percentage
of male students (28.0%) in the sample population. The observed gender imbalance in
survey responses, with a higher proportion of female participants, is consistent with
findings from multiple studies [17, 85, 170] indicating that female are generally more
inclined to participate in online surveys than male. Additionally, the higher representa-
tion of female participants in this study, which primarily collected data in Saudi Ara-
bia, reflects national enrollment trends. Female students represent a larger proportion of
enrollment in higher education institutions in Saudi Arabia [50, 57].

In terms of age, results indicates that most of the respondents had an age of 26 to 30
years (25.4%). Respondents with age of 21 to 25 years and 31 to 35 years were equal in
proportion, each representing one-fourth of the sample population. A smaller portion
of the participants were under 20 years of age (3.4%). Respondents with ages of 36 to
40 years and above 40 years are in a considerable proportion of the sampled population
(36-40: 16.1%; > 40: 12.6%). A few respondents did not disclose their age and hence con-
sidered as missing (0.7%).See Appendix B (Fig. 13)

Ethnic background and race were also examined as part of the demographic profile
(Fig. 14). About 91.0% of the sampled population from West Asia/Middle East (e.g. Iran,
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Fig. 3 Gender distribution by role
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Saudi Arabia). A few respondents were also from North America (Egypt, Morocco,
Sudan) (1.6%).Regarding race (Fig. 15), most respondents identified as Middle Eastern
or North African (79.4%), followed by White (6.6%) and Asian or Pacific Islander (5.5%).
A small percentage chose not to disclose their ethnic or racial background. A small per-
centage chose not to disclose their ethnic or racial background. See Appendix B (Figs. 14
and 15)

As part of the demographic profile, participants were asked to indicate the country
where they are currently working or pursuing their studies (Appendix B, Fig. 16). Most
of the respondents were from Saudi Arabia (92.6%), while the small proportion of the
respondents were from Australia (4.0%). Some respondents were studying or working
in educational institutions in other countries of the world (3.2%), including USA, UK,
Malaysia, India, Qatar, Egypt, Ireland, and Jordan.

In terms of occupation ( Fig. 17 in Appendix B ), undergraduate students (Bachelor)
were 27. 3% which represents the largest group of respondents. Master’s or postgraduate
students were 27.0%. Instructors or teachers made up 23.2% of the group of respondents,
and PhD students made up 21.8%. About (0.7%) of the responses (0.7%) were missing
from this category. The general responses reveal a diverse sample that includes both stu-
dents at various levels and teaching staff.

Regarding the field of study/department, results showed that nearly one fourth of the
respondents belonged to Business and Management field (19.5%). Another majority of
the respondents were working or studying in the field of Information Technology and
Computer Science (17.1%). Respondents working or studying in Social Science, Edu-
cation, Engineering, and Medicine and Health Science were equally proportionate,
each representing around 10% of the sampled population. The remaining respondents
working or studying in Arts and Humanities (3.7%), Law (3.1%), ‘Physical Science and
Education’ (1.9%), and Sciences (2.0%) field collectively represent 10% of the sampled
population. A few respondents were studying or working in other field (3.1%), while
some did not disclose their field of occupation (0.3%). See Appendix B (Fig. 18).

5.1.2 Core question analysis

Mean and standard deviation was computed to determine the average scores of respon-
dents and variability in responses from the average scores (Table 20). Among all con-
structs, the student respondents responded lowest on the item ‘AIED9’ (M = 2.37, SD =
1.261), stating to be disagreed with the statement. On the contrary, the student respon-
dents responded highest on the item ‘SD1’ (M = 4.44, SD = 0.903), stating to be agreed
with the statement. Normality of constructs was assessed using skewness and kurtosis
(Table 20)(Appendix B). As per rule, skewness between +3 and kurtosis between +10
indicated non-normality [25, 96]. Results indicated that all variables had the skewness
scores ranging between —3 and +3 and kurtosis scores ranging between —10 and +10.
This indicated normality of data.

A core question analysis was also conducted to explore participants’ responses to the
study’s main constructs. Each construct consisted of a number of items that aimed to
measure different aspects of the underlying construct. To gain a clear picture of par-
ticipants’ perception, item-level response distributions were graphically represented
through stacked bar charts (Figs. 4, 5, 6 and 7). These graphics allowed for a detailed
look at the levels of agreement, neutrality, and disagreement for each item.
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The first construct, AIED, captures participants’ perceptions of current attitudes
toward and usage patterns of Al in educational settings. Figure 4 illustrate the distribu-
tion of respondents’ answers across Likert-scale categories for each item. All items from
AIED1 to AIED6 gathered insights about familiarity, usage and the potential benefits of
Al in education. Most of the participants highly reported to be agreed or strongly agreed
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with the statements. For items related to the perceived or potential risks of Al in edu-
cation (AIED7-AIED?9), respondents largely expressed disagreement, indicating limited
concern over such issues.

Skill development construct provides insights into participants’ perceived competen-
cies and areas for potential development. All items analysis from agreement to disagree-
ment are represented in Figuer 5. This construct represented that all skill types that has
been incorporated in the study which are critical (SD1-SD4), technical (SD5-SD8),
creative (SD9-SD10), socioemotional (SD11-SD14), and collaborative (SD15-SD18).
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Overall, all students reported a high level of agreement across all items for all skill types.
Most responses clustered around agree and strongly agree, indicating a generally posi-
tive perception of their engagement with and development of these skills.

For the dehumanization construct, the items were positively worded to better cap-
ture the perception of the importance of human factors in the educational environment.
As shown in Fig. 6, Participants mostly indicated agreement and strong agreement
with the statements, although a noticeable proportion selected neutral responses, sug-
gesting some variability in perceptions related to human aspects of the educational
environment.

The items analysis for well-being are represented in Fig. 7. The well-being construct
(WB1-WB8) reflects noticeable variation in patterns of response. Items such as WB3,
WB6, and WB8 displayed higher levels of agreement, indicating that some partici-
pants were identifying experiences involving emotional tension or psychosocial unease.
In contrast, items such as WB1, WB2, and WB7 showed higher levels of neutral, dis-
agreeing, or missing scores, indicating a sense of caution or unease to respond to ques-
tions regarding to personal well-being. This variability indicates the sensitivity of the

construct.

5.2 Structural analysis

It was conducted using Partial Least Squares Structural Equation Modeling (PLS-SEM)
to assess the measurement and structural models [25, 96]. This included preparing data
for the analysis and evaluating indicator reliability, internal consistency, and validity of
the constructs, and discriminant validity followed by hypothesis testing through path
coefficients and significance levels.

Given that the survey design differentiated between student and instructor roles,
skill development assessed only for students, two separate structural equation models
were specified. The student model examined the relationships between AIED, perceived
dehumanization, skill development, and well-being. On the other hand, the instructor
model examined the impact of AIED on perceived dehumanization and well-being only.
This separation reflects both the role distinctions between students and instructors and
the structure of the measurement instrument.

Additionally, the study investigated missing data. According to Bennett [19] who
advocated that the presence of significant amount of missing data (more than 10%) may
cause skewness to the findings of subsequent statistical analysis. List-wise deletion was
applied for three reasons: first, the retained sample (N = 1,101; 88.4%) exceeded mini-
mum requirements for PLS-SEM analysis [66], second, the limited extent of missing
data (11.6%) minimized potential bias [90], and third, sensitivity analyses revealed no
significant demographic differences between excluded and retained cases (X? tests,
all p > 0.15), suggesting missingness was not systematically related to observed char-
acteristics. While acknowledging that "prefer not to answer" responses may indicate
non-random missingness, this approach balanced analytical parsimony with adequate
statistical power [127]. Findings should be interpreted as representative of participants
providing complete responses.Accordingly, the final valid sample size for selecting full
complete response of both students and instructors/ teachers survey was 764 and 235,
respectively.



Alshahrani et al. Discover Education (2026) 5:482 Page 22 of 51

5.2.1 Measurement model assessment

The reliability and validity of the measurement model were evaluated using Confirma-
tory Factor Analysis (CFA), assessing factor loadings, convergent validity, and discrimi-
nant validity [25].

All core constructs (AIED- Dehumanization, Skill, and Well-being) were concep-
tualized and modeled as higher-order constructs (HOCs), each composed of multiple
reflective LOCs. All measurements were initially assessed at the lower-order construct
(LOC) level, and the results are presented in Table 5. While each LOC was measured
reflectively, the HOCs were modeled using a reflective—formative structure, where the
higher-order construct is formed by combining the LOCs in a formative manner [65,
66] (Sect. 5.2.2). This modeling approach aligns with the multidimensional nature of the
constructs and the conceptual framework of the study.

A

o Factor loading (FL). 1t represents the strength and direction of the relationship
between an indicator and an underlying latent construct. [190]. Factor loadings
should ideally be 0.7 or at least 0.6 [65, 173]. According to [65, 66], loadings should
ideally exceed 0.70, with 0.60 considered the minimum acceptable threshold.
During the assessment of the measurement model, several items, particularly from
the AIED scope and well-being constructs, were found to have outer loadings
below this threshold in either the student or teacher samples. As a result, all items
with low factor loadings were excluded to enhance the reliability and validity of
the measurement model (Table 5). Additionally, items AIED-7, AIED-8, AIED-9
and WEB-3, WEB-6, WEB-8 (See Appendix A) were reverse-coded, as they were
scored in the opposite direction to other items within their respective constructs.
The theoretical justification for this step lies in the operational definitions of the
constructs [35, 146, 202]. For the well-being construct, which is operationalized
through negative indicators such as anxiety and depression, items such as WEB-3 (']
am happy with my social relationships") represent positive states that run counter to
the construct’s primary valence and this apply to WEB-6 and WEB-8. Similarly, for the
AIED construct, items AIED-7 ("undermine credibility"), AIED-8 ("over-reliance"),
and AIED-9 ("introduce bias") reflect concerns that are conceptually opposite to
the operational definition of Al adoption and positive perception. This conceptual
misalignment was empirically confirmed through an ’item-total correlation’” analysis
for the indicators of AIED ( Table 6) and WEB (Table 7), which revealed that these
items had significant negative correlations with the other items in their respective
scales [35]. Consequently, to ensure internal consistency and reliability, the scaling
for these items was reverse-coded. Upon investigation of the measurement model,
the study found that the factor loadings of items AIED4, AIED5, AIED6, were 0.668,
0.661, and 0.639 in students’ survey, while items AIED7, AIED8, AIED9 those were
0.525, 0.504, and 0.350 in teachers’ survey, respectively. Also, from the construct
anxiety and depression, the loading of items WB1 was —-0.748 in students’ survey,
while that of item WB1 was 0.184 in teachers’ survey, respectively. In addition, from
the construct isolation and loneliness, the factor loadings of item WB7 was 0.564 in
teachers’ survey. Since these items were lower than the minimum threshold of 0.60
as suggested by [65, 66], these items were deleted from the measurement model.
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Table 5 Confirmatory factor analysis—reliability and convergent validity

Students Teachers
FL Cron-  Composite AVE SFL Cron-  Composite AVE
bach’s reliability bach’s  reliability
alpha alpha

Al'in education
Adoption 0.673 0.685 0.600 0.831 0.844 0.747
AIED1 0.798 0814
AIED2 0.787 0.890
AIED3 0.737 0.887
Scope 0.871 0.885 0.795 0.869 0.875 0.793
AIED4 - 0.889
AIED5 - 0.873
AIED6 - 0.908
AIED7 0.882 -
AIEDS8 0911 -
AIED9 0.881 -
De-humanization
Sense of belonging 0.590 0.827 0.687 0.709 0.720 0.773
DH1 0.943 0.859
DH2 0.698 0.899
Human interaction 0.720 0.767 0.633 0.705 0717 0.628
DH3 0.810 0.795
DH4 0.866 0.836
DH5 0.703 0.744
Support 0.669 0.721 0.586 0.781 0.798 0.695
DHé 0.847 0877
DH7 0.708 0.847
DH8 0.734 0.774
Empathy 0.626 0.629 0.727 0.684 0.707 0.758
DH9 0.838 0.900
DH10 0.867 0.840
Skills development
Critical skills 0.779 0912 0.589 N/A N/A N/A
SD1 0.884 N/A
SD2 0.683 N/A
SD3 0.768 N/A
SD4 0.720 N/A
Technical skills 0.777 0.789 0.595 N/A N/A N/A
SD5 0.788 N/A
SD6 0.786 N/A
Sb7 0.753 N/A
SD8 0.759 N/A
Creative skills 0.673 0.683 0.753 N/A N/A N/A
SD9 0.847 N/A
SD10 0.888 N/A
Socioemotional skills 0.777 0.778 0.599 N/A N/A N/A
SD11 0.774 N/A
SD12 0.763 N/A
SD13 0.780 N/A
SD14 0.780 N/A
Collaborative skills 0815 0.898 0.632 N/A N/A N/A
SD15 0.742 N/A
SD16 0.708 N/A
SD17 0.844 N/A

SD18 0.875 N/A
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Table 5 (continued)

Students Teachers
FL Cron-  Composite AVE SFL Cron-  Composite AVE
bach’s  reliability bach’s  reliability
alpha alpha
Well-being
Anxiety and depression 0.852 0.859 0.697 0.869 0.876 0.792
WB2 0.861 0.842
WB3 0.715 -
WB4 0.886 0918
WB5 0.865 0.908
Isolation and loneliness 0.762 0.776 0678 0.715 0.722 0.778
WB6 0.844 0.897
WB7 0.755 -
WB8 0.867 0.866

Table 6 [tem-total correlation for AIED
AIED1 AIED2 AIED3 AIED4 AIED5 AIED6 AIED7 AIED8 AIED9

AIEDT r 1
p-value
AIED2 r 0.941** 1
p-value < 0.001
AIED3 r 0.755%*  0.844** 1
p-value < 0.001 < 0.001
AIED4 0.860**  0.864**  0.699** 1
p-value < 0.001 < 0.001 < 0.001
AIEDS r 0.602**  0.587** 0421* 0.405** 1
p-value < 0.001 < 0.001 0.001 0.002
AIED6 1 0.160 242 4307 415 —-0.008 1
p-value 0.238 0.073 0.001 0.001 0.956
AIED7 r —-0336*% —-0434** —0.186 —0442** —-0.169 -0.165 1
p-value 0.011 0.001 0.169 0.001 0213 0.224
AIED8 r -0067 —-0242 —0430* —0059 —0309* —0459** 0454** 1
p-value 0.620 0.071 0.001 0.667 0.022 0.001 0.001
AIED9 r 1
p-value

*p < 0.05,%*p < 0.01

Results indicated that the remaining items had a factor loading higher than 0.60 as
suggested by Hair [65, 66] (Table 5), and hence were retained in the model.

+ Reliability . Cronbach’s alpha and composite reliability (CR) was used to assess
reliability. Reliability is referred to as the extent to which a variable is being measured
with its related indicators [46, 73]. According to [65, 106, 156] suggested that both
Cronbach’s alpha and CR values should be above 0.70 ideally, or at least above
0.60 [12, 66]. Results indicated that after deleting the items, the Cronbach’s alpha
of all variables ranged between 0.590 and 0.792, while the composite reliability of
all variables ranged between 0.685 and 0.912 respectively (Table 5). Hence, both
Cronbach’s alpha and CR values met the criteria suggested by [66], indicating to have
achieved reliability.

o Convergent validity . Average variances extracted (AVE) was used to assess
convergent validity. Convergent validity is referred to as the extent to which
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Table 7 Item-total correlation matrix for WB

WB-1 WB-2 WB-3 WB-4 WB-5 WB-6 WB-7 WB-8

WB-1

WB-2

WB-3

WB-4

WB-5

WB-6

WB-7

WB-8

r 1

p-value

r —0.232** 1

p-value < 0.001

r 0.361**  —0.333** 1

p-value < 0.001 < 0.001

r —0.314** 0.671** —0.328** 1

p-value < 0.001 < 0.001 < 0.001

r —0.177** 0.674** —0.318** .714** 1

p-value < 0.001 < 0.001 <0.001 <0.001

r 0.129**  —0.069* .151** —0.095** —0.074* 1

p-value < 0.001 0024 < 0.001 0.002 0016

r 0.055 0.367**  0.041 0.431**  0.394** —0.334** 1
p-value 0.075 < 0.001 0.180 < 0.001 < 0.001 < 0.001

r 0.057 —0.023 0.150** —0.044 —0.023 0.613** —0.317**1

p-value 0.065 0.446 < 0.001 0.149 0463 < 0.001 < 0.001

*p <

0.05,**p < 0.01

a set of indicators the measure the same construct are positively correlated [73].
As suggested by [66, 106]that AVE should be higher than 0.50. Results indicated
that the AVE scores of all variables ranged between 0.586 and 0.795, respectively
(Table 5), which shows the criteria suggested by [66]. These results reflected that
convergent validity has been achieved.Discriminant validity. HTMT matrix and
Fornell-Larcker criterion were used to assess discriminant validity. Discriminant
validity is referred to as the extent to which one construct is empirically different
from other constructs in the model [73]. Firstly, Heterotrait-Monotrait criterion
or HTMT criterion identifies that the mean score of the item correlations across
constructs relative to the mean of average correlation for the items measuring the
same construct [73]. To achieve discriminant validity, HTMT matrix should be
below 0.85 [73]. Results in Table 8 and 9 indicated that all scores of HTMT matrix
were less than 0.85, which was acceptable as per [73]. Secondly, Fornell-Larcker
criterion defines that AVE of each construct should be larger than all the squared
inter-construct correlations between that construct and all other reflectively
measured constructs in the structural model [54]. Results in Table 10, 11 indicated
that all AVE scores (represented on the diagonal of the matrix) were higher than
all squared inter-construct correlations (represented below the diagonal of matrix).
Overall, both HTMT and Fornell-Larcker suggested that discriminant validity was
achieved in both students’ and teachers’ data.

5.2.2 Validity testing of higher order construct (HOC)
The constructs AIED, Dehumanisation, Skills Development, and Well-being were mod-

elled as higher-order composites formed by their respective lower-order constructs. The

new variable was tested for convergent validity, collinearity assessment, and relevance in

the construct [66]. Convergent validity was assessed using redundancy analysis, compar-

ing each formative HOC with a corresponding single-item reflective measure. Results

showed strong path coefficients( higher than 0.70 )for all constructs ranging from 0.740

to 1.00, confirming that convergent validity has been achieved as suggested by [66].
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Secondly, collinearity was assessed using Variances Inflation Factor (VIF). According
to Hair [66] who suggested that VIF scores should be lower than 5 in order to avoid mul-
ticollinearity. Results in Table 12 indicates that since all indicators had VIF lower than 5,
there was no issues of multicollinearity.

Furthermore, to validate the higher-order constructs (HOCs), PLS-SEM bootstrapping
with 5,000 subsamples was conducted. As shown in Table 13, a lower-order construct
(LOC) was retained if it had a significant outer weight (p < 0.05). If the outer weight was
not significant, its outer loading has to be checked. According to [65, 66], the outer loads
are considered acceptable when (p < 0.05) (Table 14). Thus, LOCs with either a signifi-
cant outer weight or a loading above 0.50 with statistical significance were included in

the model as valid contributors to their respective HOCs.

5.2.3 Path analysis—PLS-SEM

PLS-SEM analysis was conducted to assess the significance of relationships between
variables in order to test stated hypotheses under study. A path is considered to be sig-
nificant if its p-value is less than 0.05 or t-test statistic is higher than 1.96.To examine the
hypothesized relationships, the analysis was conducted at two levels. At the first high
level, all relationships were tested between the main constructs using higher-order con-
structs (HOCs). At the second level, a more detailed analysis was conducted based on
the specific hypotheses and the focus of each construct.

» High-Level Path Analysis To evaluate the overall conceptual framework, path
analysis was conducted between the higher-order constructs (HOCs) and reflect the
hypothesized relationship in the research model (Fig. 2), allowing for the examination
of direct relationships among the main theoretical blocks in the two models (Figs. 8
and 9). Results from PLS-SEM analysis in Table 15 indicated that AIED significantly
correlates with dehumanization (Students: 8 = 0.434, t = 12.598, p < 0.001; Teachers:
B = 0472, t = 6.237, p < 0.001) which prove that H1 is accepted and supported.
Furthermore, de-humanization significantly correlates with skills development
of students (8 = 0.381, t = 3.895, p < 0.001), which means that H2 is accepted. In
addition, de-humanization significantly correlates with well-being of both students
and teachers (Students: § = -0.251, t = 2.325, p < 0.001; Teachers: 5 = -0.701, t =
15.146, p < 0.001). Hence, hypothesized relationship H3 is accepted. However, skills
development did not significantly correlate with well-being of students (5 = -0.350,
t = 1.812, p = 0.058). Hence, H4 is not accepted at high-level testing. PLS-SEM with
5,000 sub-sample bootstrapping in Table 16 also assessed the mediating role of
de-humanization and skills development in the relationship between Al in education
and well-being. Results from specific indirect effects indicated that de-humanization
mediates the insignificant relationship between AIED and skills development (8 =
0.154, t = 5.415, p < 0.001). However, skills development did not significantly mediate
the link between AIED and well-being of students (5 = —0.018, t = 0.651, p = 0.515).
Moreover, de-humanization significantly mediated the relationship between AIED
and well-being of students and teachers (Students: 8 = -0.122, t = 3.201, p < 0.001;
Teachers: 8 = -0.331, t = 5.030, p < 0.001). Also, skills development significantly
weakened the negative relationship between de-humanization and well-being of
students (8 = —-0.086, t = 2.774, p < 0.01).
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Table 9 Discriminant validity—heterotrait-monotrait ratio (HTMT)—teachers

1 2 3 4 5 6 7 8
1 AIED adoption
2 AIED scope 0.898
3 Anxiety and depression 0.368 0.341
4 Empathy 0409 0.364 0.290
5 Human interaction 0.406 0.307 0.367 0.538
6 Isolation and loneliness 0482 0407 0453 0.500 0.581
7 Sense of belonging 0.552 0468 0459 0.501 0.709 0815
8 Support 0.467 0418 0.446 0.65 0.571 0.819 0.785

+ Factor-Level Analysis To provide a more detailed understanding of the underlying
relationships and test the hypothesized relationship, a factor-level path analysis was
performed (Fig. 17). In this stage, Skills and well-being constructs were disaggregated
into their lower-order constructs (LOCs) to examine factor-specific relationships.
However, AIED and Dehumanization construct was retained as a higher-order
construct due to their conceptual coherence and the need to test their aggregated
influence on other factors. Results from PLS-SEM analysis (Table 17) indicated that
firstly, AIED significantly correlates to development of students’ critical skills (3
= 0277, t = 6.687, p < 0.001), technical skills (8 = 0.229, t = 3.752, p < 0.001), and
creative skills (8 = 0.209, t = 3.960, p < 0.001) but did not significantly correlates to
development of students’ socioemotional skills (8 = 0.119, t = 1.636, p = 0.102) and
collaborative skills (6 = 0.141, t = 1.132, p = 0.258). Hence, H5,H6,H7 were accepted,
while hypotheses H8 and H9 were rejected. Similarly, AIED significantly correlates
to de-humanization of students (8 = 0.355, t = 6.270, p < 0.001) and teachers (8 =
0471, t = 6.222, p < 0.001). Hence, hypothesized relationship H1 is also supported
at a factor level analysis. For relationship between de-humanization and well-being,
the study found a statistically significant correlation with de-humanization and
anxiety and depression of students (8 = —0.340, t = 11.940, p < 0.001) and teachers
(8 = -0.421, t = 6.257, p < 0.001). Meanwhile, there was a statistically significant
correlation with de-humanization and isolation and loneliness of students (5
= -0.363, t = 11.237, p < 0.001) and teachers (8 = -0.677, t = 13.704, p < 0.001).
Hence, hypotheses H12 and H2 are supported. Lastly, de-humanization significantly
correlates with development of students’ socioemotional skills (3 = 0.331,t =7.781, p
< 0.001). Hence, the hypothesized relationship H10 is supported ****(Figs. 10 and 11).

Table 17 provides a comprehensive overview of all hypothesis testing results. Overall, 9 out
of 12 hypotheses (75%) were supported by the data. The three non-supported hypotheses
include: (1) H4, the direct relationship between skills development and well-being at the
higher-order construct level, which approached but did not reach statistical significance
(p=0.058); (2) H8, the relationship between AIED and socioemotional skills (p=0.102); and
(3) H9, the relationship between AIED and collaborative skills (p=0.258). Notably, while
AIED did not directly affect non-cognitive skills, dehumanization significantly affect socio-
emotional skill development (H10: 8=0.331, p< 0.001), suggesting that more humanizing
educational environments characterized by empathy, support, belonging, and human
interaction are critical for fostering these competencies. All hypotheses related to the
dehumanization and well-being pathway were strongly supported across both student and
instructor samples, with instructors consistently showing stronger effect sizes.
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« Summary of Key Differences Between Student and Instructor Models Table 18 reveals
both convergent and divergent patterns across stakeholder groups. Both students and
instructors show significant positive AIED-dehumanization relationships (Students:
[ =0.434, p < 0.001; Instructors: B =0.472, p < 0.001). However, critical
differences emerge: instructors demonstrate substantially stronger dehumanization-
well-being effects (5 = —0.701, p < 0.001) compared to students (5 = —0.251,
p < 0.001; ratio = 2.79x). This heightened vulnerability is also evident in the AIED—
Dehumanization—Well-Being mediation (8 =—0.331 vs. = —0.114) and
isolation/loneliness components (8 = —0.677 vs. § = —0.363, ratio = 1.86%). For
students, AIED significantly enhances cognitive skills (critical: 5 = 0.277; technical:
B = 0.229; creative: 5 = 0.209; all p < 0.001) but shows no direct effect on non-
cognitive skills (socioemotional: p = 0.102; collaborative: p = 0.258). In particular,
dehumanization predicts the development of socio-emotional skills (5 = 0.331,
p < 0.001), highlighting the importance of humanizing educational environments.
Most importantly, Table 18 provides strong evidence of mediation effects. The
indirect pathways demonstrate that dehumanization functions as a key mediating
mechanism through which AIED influences both skills and well-being. Specifically,
for students, the indirect effect of AIED on skills through dehumanization is
positive and significant (8 = 0.166, p < 0.001), while the indirect effect of AIED
on well-being through dehumanization is negative and significant (8 = —0.114,
p = 0.001). For instructors, a similarly strong indirect effect is observed for the AIED
— Dehumanization — Well-being pathway (8 = —0.331, p < 0.001). These patterns
have policy implications. Instructors need stronger psychological support. Students
need balanced use of Al that preserves human interaction while supporting learning.

6 Discussion

This section discusses the main findings in relation to the study’s aims and conceptual
framework, offering insights into how Al is perceived to affect key human aspects of the
educational experience. To ensure a focused and coherent interpretation, the discussion
is structured around four interrelated subsections,each addressing a distinct yet con-

nected dimension as revealed through the data.

6.1 Understanding dehumanization in Al-driven context

This study examined whether Al in education follows the dehumanization concerns
discussed in the literature [128, 166] (Sect. 2.2). This study measured dehumanization
through positively worded indicators such as support, empathy, belonging and human
interaction(Fig. 2), where higher scores represent lower perceived dehumanization,
while lower scores indicate a higher perceived dehumanization in the educational envi-
ronment.Results revealed a significant positive relationship between generative Al use
and perceived dehumanization for both students (5 = 0.417, p < 0.001)and instructors (/3
= 0.472, p < 0.001) (Table 15).These finding suggest that greater engagement with gen-
erative Al tools is associated with higher level of perceived empathy,support, belonging
and human interaction, reflecting a mitigation dehumanizing effect. This finding align
with recent studies positioning generative Al as a potentially supportive layer in educa-
tional environments for both student and instructor when used purposefully [1, 69, 129,
138].
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Table 11 Discriminant validity—fornell-larcker criterion—teachers

1 2 3 4 5 6 7 8
1 AIED adoption 0.864
2 AIED scope 0.768 0.89
3 Anxiety and depression  —0.324  -0297  0.89
4 Empathy 0313 0.288 -0.224 0871
5 Human interaction 0314 0.243 -0.294  0.369 0.792
6  Isolation and loneliness ~ -0373  —-0318 0357 -035 -0419 0882
7 Sense of belonging 0425 0371 -0365 0348 0508 -0.588  0.879
8  Support 0.381 0.347 -0376 0464 0434 -0617 0597 0834
Table 12 Collinearity assessment
HOC LOC Students Teachers
VIF
Al'in education LV scores—adoption 1.016 2264
LV scores—scope 1.016 2.264
De-humanization LV scores—empathy 1.506 1.346
LV scores—human interaction 1.608 1454
LV scores—sense of belonging 1.648 1.746
LV scores—Support 1.666 1.788
Skills development LV scores—critical skills 2.532 N/A
LV scores—technical skills 2.210 N/A
LV scores—creative skills 1.696 N/A
LV scores—socioemotional skills 1.829 N/A
LV scores—collaborative skills 1.933 N/A
Well-Being LV scores—isolation and loneliness 1.112 1.147
LV scores—anxiety and depression 1.112 1.147
Table 13 Significance of weights
HOC LOC Outer weights
Original tvalues p Original tvalues p
sample value sample value
Students Teachers
Al'in education LV scores—adoption 0.840%**  8.053*** < 0.586*** 3.197***  0.001
0.001
LV scores—scope 0449**  3.117** 0002 0483** 2642**  0.008
De-humanization LV scores—empathy 0.511%%%  4912%** < 0.116 1.626 0.104
0.001
LV scores—human interaction  —0.065  0.742 0458 0.122 1.39 0.165
LV scores—sense of belonging  0.461***  4931*** < 0.489***  4162*** <
0.001 0.001
LV scores—support 0.298**  2811** 0.005 0485** 3.998*** <
0.001
Skills development LV scores—critical skills 0327*  2195* 0028 N/A N/A N/A
LV scores—technical skills 0.364**  2.72** 0007 N/A N/A N/A
LV scores—creative skills 0.251 1.844 0.065 N/A N/A N/A
LV scores—socioemotional 0.268 0917 0359 N/A N/A N/A
skills
LV scores—collaborative skills ~ —0.010  0.035 0972 N/A N/A N/A
Well-being LV scores—Isolation and 0.736%**  4426%** < 0.384%**  4950%** <
loneliness 0.001 0.001
LV scores—anxiety and 0483 1.546 0122 0.796*** 13.183*** <
depression 0.001
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Table 14 Significance of outer loadings

HOC LOC Outer weights
Original tvalues pvalue Original tvalues p
Sample sample value
Students Teachers
Al'in education LV scores—adoption 0.687***  7.329%*  <0.001 0.947%* 19.565** <
0.001
LV scores—scope 0.646™**  6,969***  <0.001 0.921** 19228** <
0.001
De-humanization LV scores—empathy 0.847*** 16.538*** < 0.001 0.561*** 7.109*** <
0.001
LV scores—Human 0.56%**  8.015%**  <0.001 0626*** 6665*** <
interaction 0.001
LV scores—Sense of 0.812%** 10,112 < 0.001 0879*** 16.356*** <
belonging 0.001
LV scores— support 0.767*** 1246**  <0.001 0.883** 16912 <
0.001
Skills development LV scores—critical skills 0.88***  9633***  <0.001 N/A N/A N/A
LV scores—technical skills ~ 0.86***  12.969*** < 0.001 N/A N/A N/A
LV scores—creative skills 0.767*** 7233*** <0001 N/A N/A N/A
LV scores—socioemotional  0.796*** 4.103***  <0.001 N/A N/A N/A
skills
LV scores—collaborative 0.684***  5632%** <0001 N/A N/A N/A
skills
Well-being LV scores—isolation & 0.889***  10.203*** < 0.001 0.669*** 8919*** <
Loneliness 0.001
LV scores—anxiety and 0.716**  2.607** 0.009 0.934*** 31833 <
depression 0.001

*p < 0.05, **p < 0.01, ***p < 0.001

De-humanization

0.434 (0.000)

0.381 (0.000) -0.251 (0.020)

AIED

0.209

-0.298 (0.058)

Skills.Development Well.Being
Fig. 8 Assessment of higher-order construct and path analysis—students

While these findings contrasts with dominant critiques of AI's dehumanizing
potential, it does not negate the broader risks outlined in the literature [43, 70].
Although Al is increasingly positioned as a transformative force in education, it is
not immune to concerns about its unintended social and emotional consequences.
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De-Humanization

0472 (0.000) -0.701 (0.000)

(&3]

AIED Well-Being
Fig.9 Assessment of higher-order construct and path analysis—instructor/teachers model

The promises of Al implementation exist alongside widespread worries about its
potential to create dehumanizing learning experience [43, 93, 157, 166]. The over-
reliance on Al tools creates concerns of reducing the essential emotional and rela-
tional aspects of human learning particularly belonging and empathy, support and
human interaction [79, 192]. Students who spend more time interacting with tech-
nology instead of peers and educators may experience diminished opportunities for
recognition along with care and inclusion [43, 70]. Many recent studies still empha-
sizes that dehumanization can still arise from the absence of meaningful human
presence within Al-supported educational environments [43, 70]. Emerging litera-
ture has begun to explore the possibility that Al use may influence how individuals
perceive themselves and others, potentially introducing subtle dehumanizing effects
[43].

Thus, while the current findings do not indicate a direct rise in perceived dehuman-
ization, these concerns highlight the importance of continuous monitoring [166] and
should be interpreted cautiously. The positive associations observed may reflect early-
stage perceptions or context-specific implementations where Al genuinely enhances
rather than replaces human connection. Continuous monitoring remains essential to
ensure Al tools are implemented in ways that preserve empathy, inclusion, and human
connection [166]. Future research should examine longitudinal effects and explore
whether initial positive perceptions persist as Al integration deepens. Ensuring that Al
tools are implemented in ways that preserve empathy, inclusion, and human connec-
tion remains essential in educational settings.

6.2 The shadow of skill decay in student learning

The research demonstrates that AIED has a strong positive impact on the develop-
ment of multiple skills including critical skills (p < 0.001), technical skills (p < 0.001),
and creative skills (p < 0.001) among students (Table 17). These findings align with
the existing literature that highlights the role of Al in the development of cogni-
tive abilities, especially analytical reasoning and technical skills [5, 52, 117, 195]. On
the other hand, the relationships between AIED socio-emotional skills (p = 0.102)
and collaborative skills (p = 0.258) were not statistically supported in this study
(Table 17). This outcome is aligned with concerns in prior studies that question AI’s
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ability to foster emotional regulation, and teamwork spirut [5, 22, 99]. These par-
ticular results areas emphasized the need for deeper investigation, as they are mainly
developed through genuine human interaction settings, which AI still cannot fully
replicate.

On the bright side, this study’s findings demonstrate that AI can support a wide
range of skills but requires proper implementation methods. For instance, as sup-
ported in the literature that Al improves technical skills through coding and data anal-
ysis, and information retrieval [98, 121], yet many worries about its impact on other
skills. The use of AIED systems could reduce opportunities for meaningful human
interaction, which would negatively affect students’ socio-emotional development
[43]. The learning process becomes harder to duplicate through automated systems
because Al systems diminish empathy and decrease feelings of belonging and emo-
tional support [70, 166].

Despite the perceived benefits, the increased use of Al tools creates a critical issue
which is excessive overreliance [9, 91]. Students who heavily use Al tools to generate
ideas and solve problems tend to reduce their own skills in the learning process [9, 91,
198]. The excessive use results in a progressive deterioration of fundamental abilities,
which has been widely discussed in the literature as skill decay [32, 111, 198]. Students
who depend heavily on AI without critical thinking face an increased risk of damaging
their reasoning abilities,creativity, and design making [111, 198].The solution lies in find-
ing balance between Al support and skill development to allow technology to boost fun-
damental learning activities instead of replacing them.

As we discuss skill development, some research notes that a dehumanized envi-
ronment can adversely affect socio-emotional skills. For example, spaces with low
interaction or emotional presence are seen to weaken the development of important
interpersonal skills [29, 41]. These worries drawn from the literature, urge testing this
relationship (R10). our result (Table) is that participants with lower perceived dehu-
manization are more likely to enhance their socio-emotional skills (8 = 0.331, p <
0.001). As a result, when participants are exposed to a higher level of human-based
interaction in their space, socio-emotional skills are strengthened, not diminished,
in line with prior research emphasizing the buffering effect of connectedness in skill
development [24, 29].

6.3 The connection between human presence and well-being among students and
instructors

The results indicate that students and instructors who reported higher perceptions of
belonging, support, empathy, and meaningful human interaction were significantly less
likely to experience symptoms of anxiety and depression (8 = -0.340, p < 0.001), or
social isolation and loneliness (8 = -0.363, p < 0.001). Theoretical perspectives on dehu-
manization suggest that when individuals feel a lack of belonging, emotional support,
empathy, or meaningful human interaction, the psychological toll can be substantial [71,
86]. These factors are not just socially ideals but also foundational to better well-being.
Based on that, the results show that greater participant perceived human presence in
educational settings is significantly associated with lower levels of psychological distress
(83, 104, 114].
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Given that our study focus on Al in education and the risk associate with it including
well-being [43],a mediation analysis was conducted to explore whether AIED influences
well-being through its effect on the dehumanization block factors. The results show
that AIED can indirectly decrease the level of anxiety, depression and loneliness when
humanizing elements such as empathy, support, and a sense of belonging are increased
and preserved within the learning environment (8 = -0.122, p < 0.001). These findings
in align with previous studies [148, 155] which indicates that Al systems should combine
pedagogical effectiveness with social and emotional aspect during their design process.
Al-enabled systems should be used as constructive instruments to maintain essential
human experiences in the educational settings.

6.4 Toward socially responsible AIED

The rapid integration of Al into educational systems has made socially responsible
AIED a matter of growing urgency [24, 33]. Socially responsible AIED aims to bal-
ance rapid technological innovations with human-centered values, implementing Al
in ways that benefit society while reducing the risks involved [8, 33]. The the inclu-
sion of social aspect describes that ethical Al that does not serve purely as an efficient
mechanism, but rather a power to be shielded with equity, responsibility, and social
well-being [33]. To establish socially responsible AIED, it is essential to understand
how Al affects the educational experience holistically, particularly through its influ-
ence on dehumanization, well-being, and skill development. Dehumanization as a
major concern demonstrates the extent to which educational stakeholders feel discon-
nected, unsupported through technology driven- experiences like AI [33, 112]. Well-
being encompasses the need to maintain psychological and emotional health in light
of increasing Al use [145, 185, 186]. Skill development captures the need to balance
between Al assistance and excessive overreliance that might negatively affect students’
cognitive and non-cognitive skill growth [52]. The assessment of Al impacts on human
experience requires examination of these interconnected constructs as a whole. For
instance, by looking at the indirect effect, findings demonstrate that lower levels of
perceived dehumanization are associated with better emotional and social connec-
tions among students while also preserving their socioemotional development abili-
ties. The research demonstrates that Al benefits certain learning areas but its negative
effects on well-being urgently required careful policy design to preserve and maintain
the overall psychological and emotional health for both student and instructors [107,
163].

Although, empirical insights derived from this study shows the perceptions around
AIED and crucial social relevant aspect, a comprehensive understanding necessitates
awareness of organizational factors that also critically influence the Al adoption in the
educational environment [14, 18, 33]. As part of the future work, these factors will
be explored qualitatively through interviews with decision-makers and senior stake-
holders in the education sector, who are responsible for fostering environments that
support ethical and effective Al integration. While this paper does not provide an in-
depth analysis of these factors, brief descriptions are included to highlight their rele-
vance in achieving socially responsible and sustainable Al adoption within educational

contexts.
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Table 17 Summary of all hypotheses testing results

H# Hypothesis Sample B p Decision

Main structural hypotheses

H1 AIED — Dehumanization Students 0434 <0.001 v Supported
Instructors 0472 <0.001 v Supported

H2 Dehumanization — Skills Students 0.381 <0.001 v Supported
Instructors

H3 Dehumanization — Well-Being Students —0.251 0.020 v Supported
Instructors ~ —0.701 <0.001 v Supported

H4 Skills — Well-Being Students —0.350 0.058 X Not Supported
Instructors

Factor-level: AIED effects on skills

H5 AIED — Critical Skills Students 0.277 <0.001 v Supported

H6 AIED — Technical Skills Students 0.229 <0.001 v Supported

H7 AIED — Creative Skills Students 0.209 <0.001 v Supported

H8 AIED — Socioemotional Skills Students 0.119 0.102 x Not Supported

H9 AIED — Collaborative Skills Students 0.141 0.258 x Not Supported

Factor-level: dehumanization effects

H10  Dehumanization. — Socioemotional Skills Students 0.331 <0.001 v Supported

H11 Dehumanization. — Anxiety & Depression Students -0.340  <0.001 v Supported
Instructors ~ —0421 <0.001 v Supported

H12 Dehumanization. — Isolation & Loneliness ~ Students —-0.363 <0.001 v’ Supported

Instructors ~ —0.677 <0.001 v Supported
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Fig. 10 Assessment of factor level analysis and path analysis—student model

LV scores - Empathy LV scores - Humannteracti LV scores - LV scores - Support
~

0119 0079 0000 0000

De-Humanization
0421 (0.000)

., we2
0000
0000—>  WB-4
0677 (0.000) 0000

W85

0471 (0.000)

LV scores - AIED Adoption
—0000
——079

LV scores - AIED.Scope

Anxiety.Depression
AlED

0000—> WSS
00— o

Isolation.Loneliness

Fig. 11 Assessment of factor level analysis and path analysis—instructors/teachers model



Alshahrani et al. Discover Education (2026) 5:482 Page 39 of 51

Table 18 Comparison of path coefficients: student versus instructor models

Student model Instructor model
(N=764) (N=235)
Hypothesized path B t p B t p
Main structural paths (higher-order constructs)
H1: AIED — Dehumanization 0.434%** 12.598 <0.001 0472%** 6.237 <0.001
H2: Dehum. — Skills Development 0.381%*** 3.895 <0.001 N/A
H3: Dehum. — Well-Being —0.251%% 2325 0.020 —0.701*** 15146  <0.001
H4: Skills — Well-Being —0.350 1.893 0.058 N/A
Indirect effects (mediation pathways)
AIED — Dehum. — Skills 0.166%** 3.689 <0.001 N/A
AIED — Dehum. — WB —0.174%** 3.816 0.001 —0.337%** 5.030 <0.001
Dehum. — Skills — WB —0.109% 2.262 0.024 N/A
Factor-level: AIED — skill types (students only)
H5: AIED — critical skills 0.277%%* 6.687 <0.001 N/A
H6: AIED — technical skills 0.229%** 3.752 <0.001 N/A
H7: AIED — creative skills 0.209*** 3.960 <0.001 N/A
H8: AIED — socioemotional skills 0.119 1.636 0.102 N/A
H9: AIED — collaborative skills 0.141 1.132 0.258 N/A

Factor-level: dehumanization — well-being components
H11: Dehum. — Anxiety & Depression ~ —0.340*** 11940  <0.001 —0421%%* 6257 <0.001

H12: Dehum. — Isolation & Loneliness —0.363*** 11.237 <0.001 —0.677*** 13.704 <0.001
Factor-level: other paths (students only)
H10: Dehum. — Socioemotional Skills 0.3371%** 7.781 <0.001 N/A

This study provides a comprehensive understanding of socially responsible AIED by
synthesizing findings from the conceptual model while also acknowledging the impor-
tance of organizational-level factors. Crucially, this approach supports Sustainable
Development Goal 4 (SDG 4) because it contributes to promoting inclusive quality edu-
cation and lifelong learning opportunities for all [154]. The implementation of socially
responsible AI design, which maintains human connection directly helps achieve SDG
4 by improving student capabilities for lifelong learning and overall well-being. Addi-
tionally, the research shifts the discussion beyond traditional efficiency and performance
metrics, emphasizing the importance of learners’ emotional experiences, social connec-
tions, and developmental growth in Al-mediated settings.

7 Limitations and future research
The research provides valuable insight on the perceived dehumanization, well-being,
and skill development in the age of Al, however, it has multiple limitations that present
an opportunity for future exploration:

Although this model includes major social factors of skill development, well-being,
and dehumanization, it does not cover all relevant factors comprehensively. More con-
text-embedded factors such as institutional reputations, academic integrity, and percep-
tions of control and autonomy of Al-improved learning spaces may complement this
model in future studies. In addition, including factors such as physical well-being may
also provide a better and more comprehensive picture of how Al affects individual and
shared experiences in higher education.

Another significant limitation resides in the data sources utilized. Self-reporting data
provides valuable insights through participant perceptions yet it contains several notable
limitations. Participants might give inaccurate information because they want to appear



Alshahrani et al. Discover Education (2026) 5:482 Page 40 of 51

more socially acceptable or because they find it hard to remember their actual behaviors
[3, 101]. Though these insights afford richness and real-lived experience, a future study
could enhance validity by coupling them with more objective measures like performance
data, fine-grained analytics on student engagement, or longer-term tracking of learning
outcomes [177]. Such triangulation would permit a more balanced and comprehensive
understanding [72].

Moreover, the study focuses exclusively on specific cultural and institutional envi-
ronments of Saudi Arabia. As such, the generalizability of the findings to other educa-
tional systems or sociocultural contexts may be limited [51]. The unique socio-political
dynamics, educational policies, and cultural attitudes toward technology in Saudi Arabia
may differ significantly from those of other regions. Future research could benefit from
comparative studies across diverse educational and cultural landscapes to enhance the
applicability and relevance of the findings. Additionally, The sample was predominantly
female (59.4%), reflecting current enrollment patterns in Saudi higher education [57].
While this distribution aligns with national participation trends, future research may
build on these findings by examining gender-balanced samples across different regions
to explore whether similar patterns emerge in alternative institutional and cultural
contexts.

lastly, the absence of qualitative data prevents a holistic and deeper understanding
of the detailed contextual reasons behind participant perceptions [82]. Without open-
ended input, the study cannot fully capture the nuanced motivations driving partici-
pants’ responses. Future research needs to incorporate qualitative or mixed-method
approaches to gather more detailed contextual information, which would enhance the
model’s applicability in different educational environments.

Despite these limitations, this study establishes a critical foundation for further
research and policy development by highlighting dimensions that are often overlooked
in an efficiency-driven society [10]. By prioritizing the nuanced aspects of dehumaniza-
tion, well-being, and skill development, the study shifts the focus to the broader human-
centric implications of Al in higher education.

8 Conclusions

This study significantly advances the understanding of Al in education by shifting
focus from mere efficiency to its profound social implications. Al offers opportunities
as well as challenges for developing a holistic, human-centered learning environment.
As it has the potential for improving academic efficiency, productivity and personal-
izing learning experiences, there is a need for careful consideration of possible social
concerns, including dehumanization, the changing nature of skill development, as well
as well-being. The study finding suggests call for a balanced approach where Al is uti-
lized for improving social-technical aspect of educational environment. Ultimately,
the goal is to provide insights for policymakers to formulate a humanistic, sustain-
able and socially responsible adoption strategy, ensuring that Al enhance learning out-
comes, support ethical standards, foster skill development, and promote educational
stakeholder’s well-being.
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Appendix A: Survey instrument

Table 19 Survey questions

Factor Subfactor Question Survey question References
code
Al'in education Adoption AIED 1 I'am familiar with Al tools like ChatGPT
(AIED) AIED2  Ifrequently use Al tools like ChatGPT in my work/study  [63, 84, 187]
AIED 3 luse Altools for personal learning (outside of formal
education/work)
Scope AIED4  |find generative Al tools are useful for my work/study
AIED5  Ithink using Al tools improves my productivity [59, 63, 84]
AIED6  |find that Al tools enhance the quality of my work
AIED7  Ithink the use of generative Al may undermine the cred-
ibility or integrity of my work
AIED 8  Ithink that over-reliance on generative Al may decrease
my ability to critically assess my work
AIED9 I think the use of Al may introduce bias into my work
Skill Critical skills ~ SD 1 | usually seek additional information when | do not under-
development stand something
SD2 I am usually considering multiple perspectives while [52,172]
making decisions
SD3 I think about the possible wider implications while mak-
ing decisions
SD4 I usually evaluate the credibility and value of information
presented to me
Technical skills SD 5 I am able to apply technical knowledge to solve practical
problems
SD6 I am able to learn and adapt to new technology [98, 125]
Sb7 I am able to stay up to date with the latest technology
SD8 I am able to apply reverse engineering (analysing an exist-
ing solution and applying it to solve a different problem)
Creative SD9 I am able to come up with innovative ideas or solutions  [97, 142]
SD 10 I enjoy finding novel/unique ways to develop my work
Socio- SD 11 I manage my emotions when facing difficulties
emotional SD12 I am able to form positive and meaningful relationships  [200, 203]
with others
SD 13 I understand how others (e.g., peers) are feeling in differ-
ent situations
SD 14 I am able to recognize my strengths and weaknesses and
improve accordingly
Collaborative  SD 15 | enjoy collaborating with others
SD 16 I am open to ideas and suggestions from other team [40, 75]
members
SD17 I believe that the success of my team depends on the
active participation of all members
SD 18 I make efforts to build a positive atmosphere within my

team
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Table 19 (continued)

5:482

Factor Subfactor Question Survey question References
code
De-humaniza- Sense of DH 1 | feel connected to my work/study environment
tion belonging DH2 | feel that my efforts and input are recognized in my (56, 116]
work/study environment
Human DH3 | believe | have enough face-to-face interaction with oth-
interaction ers in my environment
DH 4 | feel that my communication with others in my environ- [174]
ment is genuine and meaningful
DH5 Social interaction is important to me within an educa-
tional environment
Support DH6 | feel supported by people in my work/study setting
DH7 | feel that people in my educational environment under- [130]
stand my feelings
DH8 I rely on people in my educational environment
Empathy DH9 I am able to understand others'feelings [115]
DH 10 I am open to talking with others about potentially sensi-
tive matters in my educational environment
Well-being Anxietyand ~ WB1 Iam normally concerned or scared without any actual ~ [122,131]
depression reason
WB 2 I tend to avoid certain places or situations to prevent
uncomfortable feelings
WB 3 I am able to control myself when | am concerned or
scared
WB 4 | feel | am not enthusiastic enough about daily activities
Isolationand  WB5 | feel | don't have enough positive feelings
loneliness WB 6 I am happy with my social relationships [136]
WB 7 | feel the need to isolate myself from others
WB 8 | feel that people around me are available when | need

them

Appendix B: Supplementary figures and statistics

See Table 21.

Fig. 12 Gender distribution

Fig. 13 Age distribution by role

® Female(59.4%)
H Male(40.1%)
u Others(0.3%)
Prefer not to say(0.3%)

H26—30(25.4%)
m21-25(21.3%)
3] -35(20.5%)
H36-40(16.1%)
u>40(12.6%)
<20(3.4%)
Missing(0.7%)
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5 18 23 5 ® West Asia / Middle East (e.g.,
Iran, Saudi Arabia)(91.01%)
H Others(4.81%)
m North Africa (e.g., Egypt,
Morocco, Sudan)(1.63%)
m Preferred not to disclose(2.09%)
Missing(0.45%)

Fig. 14 Ethnic origins or ancestry

m Middle Eastern or North
African(79.40%)
 White(6.60%)

® Asian or Pacific
Islander(5.50%)
m Others(3.50%)

# Preferred not to
disclose(3.90%)
Missing(1.10%)

Fig. 15 Race distribution

4435 3 ® Saudi Arabia(92.60%)
m Australia(4.00%)
1 Others(3.20%)
Missing(0.30%)
Fig. 16 Country of working/studying
m Bachelors/

undergraduate(27.30%)

B Masters/
Postgraduate(27.00%)

uPh. D. students(21.80%)

= Instructors/
Teachers(23.20%)

Missing(0.70%)

Fig. 17 Current occupation

® Business and
Management(19.50%)

® Information Technology and
Computer Science(17.10%)

H Social Science(13.30%)

m Education(12.90%)
® Engineering(12.70%)
® Medicine and Health

Sciences(10.40%)
Others(13.81%)

8
“\
3
\
152 .
Missing(0.30%)

Fig. 18 Field of study/department
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Table 20 Descriptive statistics and normality

Mean SD Skewness Kurtosis
Al'in education
AIED 1 4.24 0912 -1.538 2.770
AIED 2 4.02 0.907 -1.144 1.692
AIED 3 4,06 0.873 -1.181 1972
AIED 4 4.19 0.862 —1.230 1.878
AIED 5 4.21 0.8-68 -1.328 2133
AIED 6 423 0.825 —1.337 2573
AIED 7 249 1.224 0.668 —-0.554
AIED 8 2.57 1.246 0576 —0.755
AIED 9 237 1.261 0.659 —0.640
Skills development
SD 1 444 0.903 -1.809 3.041
SD2 403 0.756 -1.019 2.300
SD3 395 0.854 —-0.867 1.079
SD 4 4.20 0.874 —1.271 1.948
SD5 4.06 0.879 —1.148 1.737
SD6 4.14 0818 -1.110 1.806
SD7 415 0.878 —1.057 1.072
SD8 391 0.964 -0.894 0.655
SD9 4.02 0.840 -0.769 0.651
SD 10 4.10 0.866 -0.927 0.818
SD 11 4.11 0.843 —0.865 0.511
SD 12 413 0.889 -0.861 0213
SD13 397 0.804 —-0.591 0.349
SD 14 398 0912 —-0.762 0.239
SD 15 4.10 0.938 —1.387 2.285
SD 16 4.20 0.895 -1.628 3.553
SD 17 421 0.905 -1.709 3.763
SD 18 4.08 0919 —1.287 2.092
De-humanization
DH1 427 0.892 —1.404 2.100
DH?2 393 0919 —-1.108 1451
DH3 3.98 0.836 —1.002 1.523
DH4 431 0.871 —1412 2.085
DH 5 428 0.808 —-1.327 2356
DH6 412 0.830 —0.961 1.166
DH 7 4.00 0.944 —0.805 0.293
DH 8 384 0.945 —-0.830 0491
DH9 41 0.865 —1.287 2418
DH 10 395 0.958 —1.175 1476
Well-being
WB 1 3.55 1411 —0.531 —1.087
WB 2 2.66 1.348 0481 —1.042
WB 3 3.70 1.078 -1.032 0.577
WB 4 239 1.298 0.523 —-0.955
WB 5 243 1.265 0.669 -0.711
WB 6 413 1.030 -1.393 1.562
WB 7 245 1.244 0.704 -0.523

WB 8 3.86 1.018 —-1.061 0911
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Table 21 Collinearity assessment- for lower order constructor (LOC)

VIF—students VIF—teachers
AIED1T 1463 1.744
AIED2 1.800 2.568
AIED3 1518 2503
AIED4 1.696 2.665
AIEDS 1.699 2449
AIED6 1.600 2628
DH1 1212 1431
DH2 1.212 1431
DH3 1.359 1.342
DH4 1.529 1.466
DH5 1.400 1353
DHé 1.275 1.783
DH7 1.420 1.742
DH8 1277 1.460
DH9 1.262 1370
DH10 1.262 1370
SD1 1.641 N/A
SD2 1454 N/A
SD3 1.519 N/A
SD4 1514 N/A
SD5 1.687 N/A
SD6 1.388 N/A
SD7 1459 N/A
SD8 1617 N/A
SD9 1.347 N/A
SD10 1.347 N/A
SD11 1.583 N/A
SD12 1437 N/A
SD13 1.591 N/A
SD14 1.527 N/A
SD15 1.723 N/A
SD16 1.502 N/A
SD17 1.774 N/A
SD18 1.788 N/A
WB2 2.708 1.881
WB3 1.321 N/A
WB4 2632 2951
WB5 2.799 2.668
WB6 1.707 1448
WB7 1.374 N/A
WB8 1.727 1448
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