<@ sustainability

Article

A Multi-Stakeholder Vision for Designing AI-Empowered
Teacher Education: Exploring Key Components for Sustainable
Institutional Change

Gurol Yokus

check for

updates
Academic Editor: Hao-Chiang
Koong Lin

Received: 11 October 2025
Revised: 25 October 2025
Accepted: 29 October 2025
Published: 4 November 2025

Citation: Yokus, G. A Multi-
Stakeholder Vision for Designing
Al-Empowered Teacher Education:
Exploring Key Components for
Sustainable Institutional Change.
Sustainability 2025, 17, 9815.
https://doi.org/10.3390/
sul7219815

Copyright: © 2025 by the author.
Licensee MDP], Basel, Switzerland.
This article is an open access article
distributed under the terms and
conditions of the Creative Commons
Attribution (CC BY) license

(https:/ / creativecommons.org/
licenses /by /4.0/).

Department of Educational Sciences, Sinop University, 57000 Sinop, Tiirkiye; gyokus@sinop.edu.tr

Abstract

This research investigates various stakeholder perspectives on Al-powered teacher edu-
cation, focusing on its potential benefits, strengths, and limitations for integrating this
promising technology into a sustainable educational future. It was designed as an ex-
ploratory mixed-methods study. It involved five distinct groups: curriculum developers in
teacher-training institutions, artificial intelligence experts, department heads and deans
in education faculties, private sector managers in teacher-training companies, and over
500 pre-service teachers. The findings reveal promising smart opportunities that Al offers
for reimagining teacher training, contributing to the social and long-term institutional
sustainability of teacher education. Key components of Al-powered teacher education
identified include “Intended use of Al in teacher education context,” “Machine learning
with data monitoring,” “Al-human interaction in teacher training,” “Al-powered feedback
for better faculty management,” and critically, “Digital vision, risks, and Al ethics for
responsible and sustainable implementation.” Prominently stressed codes within these
themes include “Al readiness, automated teacher education curriculums, a new recruitment
system, designing Al-guided smart faculties, measuring on-entry skills, identifying risky
pre-service teachers, improving teachers’ assessment capacity, creating smart content, and
criticisms over its value.” The results of the multiple regression analysis demonstrate that
curiosity about Al use has the strongest impact on pre-service teachers’ openness and
readiness for Al-empowered teacher education, followed by institutional Al support. The
research concludes by implicitly calling for a holistic and ethical strategy for leveraging Al
to prepare educators to successfully navigate the demands of a sustainable future.

Keywords: artificial intelligence in teacher education; social and institutional sustainability;
automated curriculum; smart content; Al-guided faculty; intelligent tutoring

1. Introduction

The integration of artificial intelligence (AI) into teacher education requires a re-
sponsible approach emphasizing sustainability as a core pillar. Moving beyond simple
technological adoption, it is necessary to consider Al’s role not just in terms of digital
transformation, but also in how it can foster long-term institutional sustainability, equity,
and responsible resource management within the teacher-training system. This perspec-
tive aligns with Sociotechnical Systems Theory (STS), which posits that organizational
performance is optimized when both the social (human) and technical (AI) subsystems
are jointly optimized and ethically aligned. The growing use of artificial intelligence (AI)
across diverse sectors—from agriculture and autonomous systems to healthcare, finance,
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and manufacturing [1]—has created a profound societal impact, making it imperative to
address its implications for teacher education [2]. This new-generation of technology, with
its computational power and resource optimization capabilities, is expected to transform
fundamental aspects of teacher preparation.

A review of the existing literature revealed a growing body of research on Al’s potential
uses in general educational settings [3-17]. Consistent with this trend, Salas-Pilco et al. [14]
suggested that future educators (pre-service teachers) must be prepared for an increasingly
digitalized educational environment. This preparation is critical because a significant gap
remains in understanding the varying levels of support, perception, and ethical concerns
across the diverse groups—curriculum developers, administrators, industry, and pre-
service teachers—who must collectively drive this change. To effectively support future
teachers, research-based implications are crucial for the possible integrations of Al, aligning
with the broader goal of building resilient and future-proof teacher educational systems.
One key framework for building such systems is Education for Sustainable Development
(ESD). This study is situated within the framework of ESD, whose core purpose is preparing
individuals to find solutions to issues that threaten global sustainability. Instead of treating
it as an optional subject, colleges and universities are expected to embed ESD across the
entire learning experience [18], integrating sustainability principles into undergraduate
and graduate degree programs, where students learn about the social, economic, and
environmental dimensions of their careers.

While Al is a relatively new field in teacher education, pioneering studies like
SCHOLAR offer valuable historical perspectives on Al’s role in terms of efficiency and
sustainability in education [19-23]. Connecting Education for Sustainable Development
(ESD) goals to the actual implementation of technology highlights the crucial need for
institutional preparedness, often termed “Al readiness.” Ref. [13] emphasized that different
sectors varied in their Al readiness, arguing that the educator community (teacher educa-
tion in particular) needed to focus on building Al-powered learning communities rather
than understanding its technical infrastructure. Ref. [24] stressed that Al readiness is not
static but iterative, requiring institutions to continually adapt Al integration in ways that
strengthen social and educational sustainability. Building upon the established Technology
Acceptance Model (TAM), this study extends the concept of readiness to include ethical
and institutional support factors. Ref. [25] pointed out that to make matters worse, the
literature did not offer sufficient insight into this issue. They explored what it meant to
become ‘Al-ready’ through in-depth interviews with top- and middle-level managers from
52 multinational corporations. The findings suggested that Al readiness could be catego-
rized into eight dimensions: informational, environmental, infrastructural, participants,
process, customers, data, and technological readiness [25]. Drawing on this literature, Al
readiness in our study is understood as the degree to which an organization or individual
is prepared to adopt, implement, and manage capabilities of artificial intelligence in a
way that not only enhances teaching and learning but also actively contributes to equity,
inclusion and efficiency for a sustainable future. Within this vision, Al's opportunities, like
personalized learning and data-informed instruction, are only truly valuable when they
support sustainability goals, particularly those related to Quality Education (SDG 4) and
Responsible Consumption (SDG 12).

The study’s conceptual framework, which utilizes Education for Sustainable Devel-
opment (ESD) and Sociotechnical Systems Theory (STS), is crucial for establishing the
necessity and ethical boundaries of Al integration in teacher education. Education for
Sustainable Development constitutes the normative foundation of this study, serving as
the guiding rationale—or the “why”—for the integration of artificial intelligence into ed-
ucational systems. The central objective is to advance long-term resilience and equitable



Sustainability 2025, 17, 9815

3 0f 35

access to learning opportunities, thereby aligning directly with Sustainable Development
Goal 4 (SDG 4): Quality Education. Another study conceptualizes smart opportunities of Al
as transformative mechanisms for realizing ESD’s overarching aim of preparing educators
for a sustainable future. These technological innovations are not treated as ends in them-
selves but as systemic enablers of sustainability-oriented pedagogical transformation [26].
In terms of equity and inclusivity, smart opportunities of Al can play a pivotal role in
promoting educational equity. Its capacity for early detection of learning risks directly
operationalizes ESD’s mandate to foster inclusive and equitable quality education. By
supporting diverse learners, particularly those from underserved backgrounds, this Al
function provides a measurable contribution to achieving SDG 4 outcomes. Pursuing goals
related to SDG 4—like equity, inclusion, improving teacher skills for employment, and
increasing lifelong learning in future teachers—is more viable through Al integration. As
exemplified by [27], Al tools like Microsoft’s Immersive Reader and Google’s transcription
software helped create more inclusive and equitable classrooms. By assisting students with
disabilities and those who are not native speakers, these technologies empower all learners
and embrace diversity in the learning environment.

Simply adopting Al tools falls short of the primary goal of Al-empowered teacher ed-
ucation: for it to be truly successful and contribute to SDG 4 (Quality Education), it must be
implemented in a way that is environmentally responsible, financially viable, and ethically
sound [18,28]. To ensure a sustainable and equitable future, teacher training should focus
on how smart opportunities provided by Al integration into teacher education empower
global sustainability frameworks, such as the UN’s Sustainable Development Goals. The
UN’s Sustainable Development Goals provide a roadmap and there have been indications
that AI could be a powerful tool for achieving them, especially in terms of social sustain-
ability [29,30]. It helped directly address the equity and access goals of SDG 4 by providing
scalable learning opportunities for underserved populations [31]. Additionally, as a mea-
surable impact, Al can make globally environmental complex problems understandable,
which is a key part of fostering an eco-friendly mindset for sustainability [32].

ATholds transformative and sustainable potential in empowering teacher development
by fostering long-term institutional sustainability, automated assessments, and responsible
use of educational resources. Al can promote peer collaboration by identifying and recom-
mending connections between educators who have complementary skills and shared inter-
ests. By using Al to foster these relationships, teachers can learn from one another, adopt
best practices, and work together on projects that contribute to shared professional growth,
as Jeelani and Syed [33] suggested. Current literature explored assessment practices of Al
comparing ChatGPT ‘s (GPT-3.5) effectiveness against traditional teacher assessments [12]
and investigating its benefits in pedagogy including interactive learning, automated essay
grading, and personalized tutoring [3]. Ref. [34] highlighted Al’s role in enhancing critical
thinking, noting its capacity as an idea generator, scaffolding tool, and editorial guide.
A growing body of research has demonstrated how Al practices in controlled environ-
ments can significantly improve students’” academic performance [35,36], metacognitive
development [37,38], and emotional engagement [39,40]. Furthermore, specific Al practices
like ASSISTments, Cognitive Tutor ALGEBRA, and ALEKS [41-43] showed statistically
significant positive effects on learning and accomplishment in real-world contexts. These
findings underscore how empowering teacher education with Al can enhance pre-service
teachers’ assessment capacities and professional development, ultimately contributing to a
more efficient and impactful allocation of educational resources as a part of sustainability.
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1.1. Addressing the Lag and Fostering Equitable Access

A World Bank report by [16] revealed that low- and middle-income countries invest
millions in teacher education annually, yet often fail to equip educators with the necessary
technological and pedagogical expertise. This makes most of the current teacher education
models unsustainable. The report stressed the urgent need to transform teacher training
with Al understand the profile of new-generation teachers, and embrace new concepts
like smart content, automated assessments, and personalized learning for professional
development. Unfortunately, the actual use of Alin teacher preparation programs continues
to lag behind these developments [2]. This persistent implementation gap, particularly
regarding multi-stakeholder consensus on core AI components and readiness, highlights a
critical area for sustainable development research in teacher education, in the hope that
underserved regions could benefit from technological advancements.

Artificial intelligence offers smart opportunities and significant potential to promote
the key principles of SDG such as equity and access to high-quality educational content.
Smart opportunities can be defined here as “new possibilities for value creation, efficiency,
or innovation that emerge directly from the strategic use of Al technologies to advance
sustainable development goals”. This concept goes beyond simply using Al tools; it high-
lights unique advantages enabled by core capabilities of artificial intelligence. In teacher
education, it involves not just using an app but also leveraging Al for systemic improve-
ment and new, more sustainable ways of teacher professional development. As one smart
opportunity, Al integration can enhance assessment capacity through adaptive, unbiased,
and scalable evaluation methods [12]. Bridging access gaps, Al-powered tools deliver
directly to devices in remote or under-resourced communities. From this perspective, [3]
investigated the potential benefits of incorporating Al into pedagogy, highlighting its poten-
tial in automated essay grading and personalized tutoring. Furthermore, unlike traditional
teacher-led assessments, Al’s evaluations have the potential to reduce unconscious biases
related to gender, language, culture, or ability. In terms of its capacity, Al is a “renaissance
in assessment” according to [44]. Al can give teachers instant assessments and continuous
evaluation rather than one-time assessments [2]. This streamlined assessment process can
lead to more efficient feedback loops and reduced resource consumption associated with
traditional grading methods. From a sustainability perspective, Al also supports educators
in identifying learning gaps across diverse student populations more efficiently, enabling
faster and more targeted interventions—particularly in under-resourced educational set-
tings. Even when looking at the limited number of studies, the necessity of powering
teacher education with artificial intelligence for sustainability goals is clear.

1.2. Theoretical Framework: The Role and Practices of Artificial Intelligence in Teacher Education

While higher education institutions have generally embraced Gen-Al and chatbots,
their integration into teacher education faculties remains an urgent question. Ref. [9]
reported the widespread adoption of intelligent chatbots in higher education for supporting
learning, connecting students to course information, and assisting with various academic
tasks. China and the United States are at the forefront of Al education expenditure [45], with
numerous Al education service companies globally putting Al into practice. Companies
like Squirrel Al were developing “Al supereducators,” while IBM’s Watson and McGraw-
Hill’s ALEKS were proved effective in improving student academic performance and
reducing course completion times [41,42]. These instances highlighted Al’s capacity for
optimizing learning and resource management, which is a crucial element of sustainable
educational practices [43]. The diverse practices of Al trends in educational institutions
such as secondary or high schools include adaptive learning and Al-supported proctoring
in smart classrooms. This leads to the crucial question: How prepared is teacher training
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to embrace this digital transformation in a new era, and what are the key components
identified by its stakeholders?

The integration of Al into teacher professional development aligns with the key prin-
ciples of Education for Sustainable Development (ESD) such as holistic and transformative
change, system thinking, and fostering adaptability. Ref. [46] highlighted Al’s role in
creating a transformative learning environment for teacher training. Al has the capacity
to revolutionize teacher training through machine learning in classrooms, making smart
suggestions and providing analytics-driven tutoring. Al is also regarded as “renaissance in
assessment” [47] enabling earlier identification of learning gaps and allowing for timely
interventions. Ref. [14] emphasized Al’s support for teachers’ decision-making by report-
ing real-time class status and responding to learner needs via Al-based platforms. Their
systematic review depended on behavioral, discourse, and statistical data in large educa-
tional datasets for machine learning. Most Al studies focused on behavioral data collected
through observing and recording teacher behaviors, allowing machine learning to identify
teachers’ patterns [48,49]. Machine learning and natural language processing [50,51] were
commonly used techniques in Al to empower teacher professional development, with some
rare studies exploring vision-based mobile augmented reality [52]. Some studies relied
on Al software tools such as chatbots that can employed to support pre-service teachers’
professional skills [51].

Examples of specific Al tools that enhance teacher education include Moodle,
Knowledge-Behavior-Social Dashboard tool, Code.org, TraMineR, and various analyt-
ical and visualization tools [14]. Al-based simulations offered pre-service teachers safe
environments to practice classroom scenarios, developing key skills like classroom man-
agement [53]. Learning analytics tools allow pre-service and novice teachers to monitor
their development, receiving video-based feedback on speaking speed, gestures, and facial
expressions [50,54]. Chatbots like LitBot and FeedBot provide tailored support for self-
directed learning and automated feedback [51]. In a study, an assessment system developed
on Al was found effective in assessing teaching competencies and identifying qualification
standards [55]. Interestingly, AIED systems were even found to perform better than human
teachers in tutoring large classes, though they were less effective than one-to-one human
tutoring [54].

Education for Sustainable Development stresses interconnectedness in terms of system
thinking. As in interdependence of environmental, social, and economic systems, we have
been—to a certain degree—connected with machines as teachers. The use of Al as a class-
room assistant demonstrates the interconnectedness of human and machine roles in teacher
education. Integrating artificial intelligence into teacher education underscores a vital link
between technology and the human aspect of teaching. Some researchers have addressed
artificial intelligence as classroom assistants [2] supporting human (teacher)-machine in-
teraction in class, giving Al the role of classroom assistant. Al can create adaptive groups,
facilitate online interactions, and contribute to collaborative learning by summarizing
ideas and key concepts so that a human instructor can succeed in the primary aims of
a course [2]. This kind of human—AlI interaction in classrooms requires a system design.
Ref. [53] focused on the design of Al-assisted instruction and practical applications in the
classroom and asserts that the implementation of such a smart class was reported to im-
prove classroom performance by 25%. Empowering teacher education with Al is crucial to
embrace a collaborative and interconnected approach to teacher education issues as a part
of institutional sustainability. The Triple Bottom Line theory, with its three pillars (people,
planet, and profit), provides a comprehensive guide for understanding Al-empowered
teacher education.
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People: This pillar focuses on the social and human aspects, including the well-being
of individuals and communities. Research questions about stakeholders’ perceived benefits
and ethical risks already align perfectly with this.

Planet: This pillar concerns environmental impact. While Al in teacher education may
not seem to have a direct environmental link, this link can still be explored. For example,
reducing costs for professional development through Al-powered teacher training can
lower carbon emissions. Alternatively, it may have environmental impacts due to the
energy consumption of Al data centers.

Profit: This pillar, often called “prosperity,” refers to economic viability and sustainabil-
ity. Research questions on institutional support and private-sector managers’ views connect
to this, as they are concerned with the financial and strategic value of integrating Al

There is a need to explore smart opportunities of Al to create a more equitable, effi-
cient, and sustainable model for the future of teacher education. This research investigates
various stakeholder perspectives on Al-powered teacher education, focusing on its po-
tential benefits, strengths, and limitations for integrating this promising technology into
sustainable teacher education. It is important to note that 70% of Al research in educa-
tion was student-oriented, with teachers being underrepresented [2] or teacher education
ignored. This gap underscores the need to research how Al can strategically empower
teacher education through the perspectives of diverse stakeholders (curriculum developers,
Al experts, deans, private sector managers, and pre-service teachers).

Accordingly, the study is guided by the following research questions:

What are the different stakeholders” perspectives about Al-empowered teacher educa-
tion (deans, curriculum developers, Al experts, and private sector managers)?

TBL Framing: This question addresses the people and profit dimensions by exploring
the social and economic benefits perceived by various stakeholders. It acknowledges that
value is created for all, not just for one group.

What is the readiness and openness level of pre-service teachers for Al-powered
teacher education? Which variables predict pre-service teachers’ openness and readiness
level (ORATE) for Al-empowered teacher education?

TBL Framing: This question is a direct measure of the people pillar. It assesses the
readiness and human capital aspects of Al integration.

H1. There is a significant relationship between a set of independent variables (teachers’ perceived
institutional support, curiosity about Al use, daily Al use frequency, and teaching field) and the
dependent variable (the readiness and openness level for Al-powered teacher education).

2. Materials and Methods

This study employed a sequential exploratory research design proposed by [56]. Due
to the scarcity of sufficient research on artificial intelligence in teacher training, this ap-
proach was vital for in-depth exploration and prevalence. Exploratory research is usually
preferred when the issue under research is new or when the process of gathering data is
challenging for several reasons [57]. According to [56], in a sequential exploratory mixed
method design, the qualitative component is the primary component and the quantita-
tive component is used for support of the qualitative analysis that helps to validate the
ideas generated from the qualitative component. To combine them in the best way to
provide an understanding of opportunities of Al-powered teacher education, this study
collected the qualitative data with online focus group discussions (including curriculum
developers, Al experts, and managers in the private sector) and face-to-face interviews
(including deans and department heads), then collected the quantitative data with a survey
for descriptive and inferential analyses (including pre-service teachers). This study is
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conceptually grounded in Stakeholder Theory, which posits that an organization’s success
and sustainability depend on its ability to satisfy the interests of all its key stakeholders, not
just its shareholders. Ref. [58]. We have expanded this to the context of teacher educational
innovation, asserting that the successful and ethical integration of Al into teacher educa-
tion depends on understanding and incorporating the perspectives of diverse stakeholder
groups. This theoretical perspective directly guides our research design by accomplishing
the following:

Justifying the Multi-Stakeholder Approach: The theory was the primary reason we
chose to include diverse groups—deans, curriculum developers, Al experts, and private
sector managers—in our study. Stakeholder Theory recognizes that each group holds
a unique “stake” in the outcome of Al integration, providing distinct insights into its
benefits, challenges, and ethical implications. Also, in accordance with TBL theory, the
interviews with deans and department heads would uncover insights on economic viability
and institutional support (“Profit”). The focus groups with curriculum developers and Al
experts would provide perspectives on the social and educational impacts (“People”).

Data Collection Strategy: To capture the rich, varied perspectives of these stakehold-
ers, we adopted a sequential exploratory mixed-methods design. The qualitative phase,
consisting of online focus group discussions and face-to-face interviews, was specifically
designed to explore the subtle views of each stakeholder group. This initial data collection
was not just to explore a new topic but also to fulfill the core principle of Stakeholder
Theory—giving voice to those impacted by a change. By including diverse voices from
different sectors (e.g., academics, private industry, and educational practitioners), this
study can identify unforeseen challenges or opportunities, leading to more robust and
comprehensive solutions that would be impossible to achieve with a single-perspective
approach [59].

2.1. Justification of Research Method

This approach is particularly well-suited for this study for two primary reasons: the
newly emerged nature of the topic and the complementary relationship between the quali-
tative and quantitative data. The qualitative phase of this study was designed to explore the
opportunities and limitations of Al-empowered teacher education from the perspectives
of key stakeholders. The insights from this phase were crucial for developing a valid
and relevant survey instrument for the quantitative phase. An exploratory design is the
most appropriate method when a topic is new or poorly understood. By starting with a
qualitative phase, this study can uncover the perspectives, challenges, and opportunities
of Al-powered teacher training. This initial qualitative exploration is crucial for gener-
ating foundational insights and hypotheses that would be difficult to formulate with a
quantitative-only approach. The rich, detailed information gathered from focus group
discussions and interviews was used to develop a survey instrument. This ensures that
survey items are not only relevant but also directly grounded in the lived experiences and
concerns of stakeholders, which is the central aim of this study’s theoretical framework.

Study Group

Qualitative data were collected through two different methods to capture a broad
range of expert opinions:

Online Focus Group Discussions: Three online focus discussion groups were con-
ducted, each consisting of 5-7 participants. Participants included curriculum developers,
Al experts, and managers from the private sector. This allowed for the inclusion of ge-
ographically dispersed experts, fostering a rich, multi-disciplinary discussion. These
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discussions were semi-structured, guided by a protocol designed to reveal diverse views
on Al’s potential within a teacher education context.
Figure 1 presents the research process and the steps followed at each stage.

Ist Stage Literature Review
System perspective Individual perspective
Qualitative Data = Content Analysis
Foeused Group Discussions Quantitative Data —~Deseriplive Analysis
2nd Stage . Curriculum Developers, Survey
. Experts Studying Al, . Pre-service Teachers

«  Managers in Private Education Sector
Qualitative Data— Content Analysis
Interviews
*  Department Heads and Deansin
Teacher Education Faculties

3rd Stage Integration and Interpretation

Developing an Understanding of Al-Powered Teacher Training
Final

Stage Conclusion and Reflections

Figure 1. Visual model of data collection and analysis process in this study.

In the first group, a purposive sampling technique was adopted, defined by [60] as “the
sampling of a politically important case, which is a special or unique situation involving the
selection of important or sensitive cases for study”. The first group included 6 curriculum
developers, 6 artificial intelligence experts, and 4 managers working in the teacher-training
institutions in the private sector. These participants were selected because of their direct
involvement in leading teacher education programs and their strategic insight into how Al
could be integrated. Table 1 presents the demographic information about participants in
the first study group in the research.

Table 1. The descriptive statistics of participants in the first study group.

Years of Experience in

N  Branches Teacher Education

Curriculum Design in
E-learning (N = 2)

. 1-5(N=1)
Curriculum 6-10 (N = 1)
Curriculum Developers 6  Development in Higher -
. 11-15 (N = 3)
Education (N = 2) S15(N =1)
Curriculum Evaluation -
and Policies (N = 2)
Intelligent user
Artificial Intelligence interfaces (N =1 1-5 (N =2)
Experts 6  Deep learning (N = 3) 6-10 (N = 4)
P Augmented Reality in
Education (N = 2)
Leader Teacher Program
(N=1)
Managers in private 4 21st Century Teachers 11-15 (N =1)
teacher-training companies N=1) >15 (N =3)

Teacher Professional
Development (N =2)
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Face-to-Face Interviews: In-depth, semi-structured interviews were conducted with
deans and department heads from teacher education faculties. Face-to-face interviews
were preferred for these participants to encourage a deeper, more personal reflection on
institutional and pedagogical challenges. The interview protocol explored their perspec-
tives on the practical implementation of Al into teacher education, its value, and ethical
implications for institutional sustainability.

The second group included 8 academic department heads and 8 deans in different edu-
cation faculties, adopting a purposive sampling technique, which selects participants based
on specific purposes to answer a research study’s questions. These participants were chosen
deliberately, not randomly, as they worked as part of faculties with a demonstrated interest
in Al—as evidenced by their organization of Al-related seminars—and could provide
informed perspectives on institutional readiness, policy considerations, and leadership-
level decision-making in Al adoption. Table 2 presents demographic information about
participants in the second study group.

Table 2. The descriptive statistics of participants in the second study group.

Years of
Academic Expertise Experience in
Teacher Education

Department Deans of Education Faculties (N = 8)

heads and Educational Sciences Department (N = 3) 6-10 (N =1)
deans in Computer Education and Inst. Tech. (N = 2) 11-15 (N =3)
education Guidance and Psychological Counseling (N =2) >15 (N =12)
faculties Distance Education Center (N = 1)

Lastly, as the third study group, a survey was developed from the qualitative data and
conducted with 528 participants from different education faculties to reveal the readiness
and openness level of pre-service teachers for Al-empowered teacher education. This group
was included to capture the perspectives of pre-service teachers who will play a crucial role
in next-generation teacher-training practices. Table 3 presents demographic information
about participants in the third study group.

Table 3. The descriptive statistics of participants in the third study group.

Grade Different C lfltural Socio-Economic Level
Characteristics

Participants from Aegean
region (N = 119)
Participants from Black Sea
region (N = 211)

. Freshman (126) Participants from Middle East ~ Low (N =174)
Pre-service Sophomore (147) .
. region (N = 98) Moderate (N = 296)
teachers Junior (132) . .
. Pre-service teachers from High (N = 58)
Senior (123) . .
minority ethnic groups
(N=82)
Pre-service teachers with
disabilities (N = 18)
Total 528

Researchers took steps to identify and remove data points considered missing or
significant outliers. They (n = 16) were identified and removed from the dataset to prevent
them from distorting the model’s coefficients and standard errors. The quantitative analysis
only included participants who fully provided the necessary data. The analysis included
only the 512 participants who properly completed the ORATE Survey and recorded their
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“teaching area,” “frequency of daily Al use,” “perceived institutional Al support,” and
“their curiosity level for Al use”.

By engaging these distinct study groups, the study ensures a multi-stakeholder per-
spective of Al-powered teacher education, enabling both vertical and horizontal triangula-

tion of insights across the teacher education ecosystem.

2.2. Justification of Sampling

The use of focus groups, individual interviews, and survey participants provides
methodological triangulation, strengthening the credibility of the findings. Focus groups
are ideal for generating a wide range of ideas and revealing shared opinions, while in-
dividual interviews allow for a deeper exploration of personal experiences and subtle
perspectives from influential decision-makers. The selection of these specific participatory
groups was justified by their diverse expertise: curriculum developers and department
heads provide educational context, Al experts offer technical insights, and private sector
managers contribute a valuable perspective on scalability and practical application. The
subsequent quantitative data from the survey of pre-service teachers then served to validate
and generalize the findings from the initial qualitative phase, providing a broader under-
standing of the prevalence and significance of the identified themes. This mixed-methods
approach offers a more robust picture than either a qualitative or quantitative study could
achieve on its own.

To start with, Qualtrics software was used to determine the adequacy of the sample size.
It was determined that the total population size of pre-service teachers in the faculties of
education in Turkey was 195,475 [61]. A total of 528 participants from different universities
were included in this study with 95% confidence interval and 4% margin of error, and
they were thought to represent the population. To address a limitation, while this sample
size was statistically significant for a Turkish context, it may not be generalizable to other
countries with different educational systems and technological infrastructures.

2.2.1. Data Collection

In the first stage, two online focus group discussions with curriculum developers,
artificial intelligence experts, and managers lasted more than 110 min. In the second stage,
16 individual interviews were arranged with deans and department heads ranging from
18 min to 22 min. Two different data collection forms were developed after reviewing
both the Al literature and the teacher-training literature. Forms include questions on
expectations, opportunities, and concerns regarding Al-powered teacher education (Form
A for the online group focus discussion and Form B for the individual interviews).

To ensure the validity of these data collection tools, multiple strategies were focused on.
These included strategies to establish content validity, face validity, construct validity, and
credibility. To establish content validity, the data collection instruments (Forms A and B)
were meticulously developed based on a comprehensive review of the current literature on
both artificial intelligence and teacher training. Face validity was secured by subjecting the
forms to expert review from a linguist, an instructional technologist, and an educational
science expert, ensuring the clarity and appropriateness of the questions. The credibility of
the qualitative findings was enhanced through several established techniques. Triangula-
tion was employed by collecting data from multiple sources (focus groups and individual
interviews) and multiple groups (curriculum developers, Al experts, and academic leaders).
The study further enhanced credibility through member checking to verify participants’
responses, providing thick descriptions of the data for contextual richness. The researcher
acknowledges his own biases and how they might influence data collection and analysis,
which adds transparency. Pilot testing with a smaller group of participants (N=5) and the
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feedback from this pilot test helped refine the data collection tools and ensure that they were
understood as intended. For transparency, some participants, especially those in formal
roles like deans and department heads, might have felt pressured to provide answers that
were perceived as positive or progressive regarding technology and innovation, rather than
expressing their genuine concerns.

For the quantitative data, an online survey was developed and validated to assess
pre-service teachers’ openness and readiness for Al-powered teacher education. Content
validity was established by creating an item pool based directly on the themes and insights
derived from the qualitative data, which explored stakeholders’ expectations, opportunities,
and concerns. The items were also initially drafted. Following this, a preliminary set
of items was shared with a panel of three experts—scholars in educational technology,
curriculum design, and Al ethics—to refine the survey items and ensure they were clear,
unbiased, and relevant. Their feedback was critical for refining the survey items to be
relevant to the study’s objective. The draft version initially included 20questionnaire items.
As a pilot test, the revised version was applied to a smaller group of participants (N = 10).
The final version included an 11-item questionnaire form with an informed consent form,
which were sent to the volunteer participants as an online survey. The survey instrument’s
reliability was confirmed using Cronbach’s alpha, yielding a coefficient of 0.88 indicating
good/excellent internal consistency for the survey instrument [62]. Table 4 presents the
data collection process and tools followed in this study.

Table 4. Participating groups, data collection tools, and focus group questions.

Target Group

Tools Focus Group Questions

Curriculum developers,
artificial intelligence
experts, managers in
private sector
professionally
interested in

teacher development

Do you think the Al should be at our service in teacher

training? Can it provide social sustainability ensuring

equitable access to quality teacher education for all?

Do you trust Al as a decision maker to create a new

teacher training curriculum? Can it ensure the

long-term viability?

What revisions are needed in teacher education which

can be led by artificial intelligence? Does Al-powered Two sessions
teacher education reduce resource consumption (e.g., (n =5 items)
through virtual training)?

Do you think Al can explain its decisions if challenged by

the human teachers? Can it improve the situation in

underserved areas, promoting social equity?

What is the potential of Al to create a recruitment

strategy for teacher hiring processes? Can it prepare a

workforce capable of navigating a sustainable future?

Online focus

group
discussions

Department heads and
deans of
education faculties

What do teacher training institutions expect from Al in
teacher education?

Is Al-human collaboration possible within the faculty to
increase the quality teacher development?

What do you think about privacy concerns related to AI? iﬂilxiljjsl
How about the accountability and transparency in such a .
Face-to-face with
interviews Al-powered faculty? open-ended
Would faculties prefer the use of Al for tutoring pen-
questions

pre-service teachers? Would it ensure continuous teacher
professional development regardless of geographic or
infrastructural limitations?

Would you trust Al for identifying predictive behaviors
to expose risky pre-service teachers?

(n =5 items)
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Table 4. Cont.

Target Group

Tools Focus Group Questions

Pre-service teachers

Items

1. IthinkIhave a high Al readiness level as a future teacher

2. Ithink that it would be good to interact with an artificially
intelligent tutoring for teacher professional development
rather than academic members

3. Ithink that Al-automated curriculums would be better for
improving pre-service teachers’ competences

4. Ithink A recruitment system based solely on Al is not
best for teacher appointments because Al may fall short in
assessing critical qualities such as empathy, creativity and
neglect contextual factors

5. Ithink that Al within the faculty brings high risks and Online survey
privacy concerns to its users form

6.  Itrust Al for its content and tool suggestions for my (N =11 items
professional learning

7. Tthink that Al can make data-driven decisions in the

Survey
with 5-point

G . - Likert scale)
faculty eliminating ethnic and cultural bias
8.  Tam willing to receive training to integrate Al
applications into my teaching practices
9.  Ithink Al could work with me as a co-creator and

assistant in a classroom where both teachers and Al
would respect each other’s unique abilities

10.  Ithink that Al tools can help relieve teachers” workload
and prevent burn-out

11.  Ithink that AI will encourage immoral behaviors (etc.
cheating) among pre-service teachers in
education faculties

Ethical clearance for the study was obtained from the Sinop University Research Ethics
Committee Approval No [SNU1206] prior to data collection. All participants were informed
about the purpose, procedures, and voluntary nature of their participation, and informed
consent was obtained from each participant before conducting interviews or administering
the survey.

2.2.2. Data Analysis

An inductive approach was used to analyze the qualitative data through open coding
and thematic analysis using MAXQDA 22. As the first stage in the coding process, open
coding enables the researcher to find broad preliminary themes. The initial reading and
rereading process was followed to find broad themes. Afterwards, axial coding was used to
find connections among open codes and clarify categories for selective coding [63]. In order
to ensure the validity of the qualitative data analysis, peer debriefing, member checking,
and triangulation techniques were used in the study to ensure credibility and dependabil-
ity [64]. To enhance the trustworthiness and rigor of the qualitative analysis, peer review
was conducted by two independent researchers who examined coding consistency and
theme development. Two iterative discussions were conducted with a team of two experts.
A code book (list) was created independently through reading and re-reading through
all data to identify codes and themes. The codes and themes that were appropriate in
terms of understanding Al-powered teacher training and those that were outside of it
were identified. Stepwise replication was used to review, organize, define, and name the
codes and themes indicated by the data [65]. At 4-week intervals, the data were coded
and recoded again to enhance the dependability of the qualitative inquiry [66]. Member
checking was implemented by sharing summarized findings with a subset of participants to
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confirm the accuracy and interpretation of their perspectives. Each participant verified the
analysis results and interview transcripts, and revisions were made when needed. Triangu-
lation was achieved by comparing data across multiple stakeholder groups and integrating
both qualitative and quantitative findings to ensure a comprehensive and corroborated
understanding of the phenomena. Table 5 presents how coding process have been followed
for analysis of qualitative data.

Table 5. Examples of coding process used for qualitative data.

Source Code Number Example Description

Feedback from discussion

Group discussion
as a Zoom group, from

(curriculum ZM1 [CD-1] ; .

i Zoom— curriculum developer view
developers, artificial Meeting no ZM1 [AIE-1] or Al expert view. No x
intelligence experts & ZM2 [M2] P '

Zoom No x, Participant
No x

Feedback from face-to-face
interviews, from dean’s
Responses— Int. 2 [D-1] perspective, No x
Individual No Int. 9 [FM-1] Interview No x from
Interview No x, Participant
No x

and managers)

Individual interviews
(deans,
faculty members)

After the discussion of the code book (list) with two independent coders, an 82% inter-
rater reliability (Cohen’s kappa coefficient) was attained. A discussion and consensus
session was held and the inter-rater reliability increased to 86%. The final code list
included 30 codes and all the codes were grouped under five themes to best reflect
their characteristics.

When it comes to the quantitative data, the inferential statistics were conducted using
SPSS version 21. As one of the inferential statistical techniques, multiple regression analysis
(R?, B coefficients) was applied. Multiple regression is the ideal method to test the predictive
power of a set of independent variables (perceived institutional Al support, curiosity about
Al use, frequency of daily Al use, and teaching fields) on a single dependent variable
(openness and readiness for Al-empowered teacher education). This analysis revealed
which of these factors had the strongest influence on the dependent variable and the overall
variance they explained. Additionally, as one of the inferential statistical techniques, a
one-way analysis of variance (ANOVA) (F statistic, p-value) was conducted. ANOVA was
used to compare the means of a continuous dependent variable (openness and readiness
for Al integration) across two or more independent categorical groups. When a significant
difference was found, post hoc tests (Bonferroni test) were conducted to determine which
specific groups differed from each other.

For the multiple regression analysis and one-way ANOVA to be valid and the results
reliable, several key statistical assumptions had to be met: normality, homogeneity of
variances, independence of observations, linearity, multicollinearity, outliers, and normality
of residuals. The dependent variable (ORATE) was measured on a continuous scale; four
independent variables were categorical (nominal variables). Then, Durbin—Watson statistics
were used to check the assumption of the independence of errors/autocorrelation.

Absence of Outliers: The dataset might contain observations that had an unusual
influence on the regression model. These outliers, while distinct, represent data anomalies
that could significantly distort the model’s coefficients and standard errors. Significant
outliers (n = 16) were identified and removed for multiple regression analysis.
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Normality: Skewness and kurtosis were checked in the data to ensure normality. The
statistical value of skewness obtained from the analysis was divided by the standard error
value and it came out that the values were between +1.5 and —1.5 at 5% significance level.
Therefore, the normality of the distribution of the data was ensured [67]. Homogeneity
of variances was also ensured in SPSS Statistics using Levene’s test for homogeneity
of variances.

Linearity: The relationship between the dependent variable and each independent
variable must be linear. Linearity was visually checked by creating scatterplots. The scatter
plot of the values with strong positive skew and strong negative skew were checked for
linearity and it was observed that an elliptical form was obtained.

Absence of Multicollinearity: The independent variables should not have been highly
correlated with one another. This assumption was checked by examining correlation
coefficients between independent variables and by tolerance and variance inflation factor
(VIF) values. It should be emphasized that multicollinearity problem may arise when
pairwise correlations are greater than 0.90, VIF values are equal to or greater than 10, and
tolerance values are smaller than 0.10 [68].

In Table 6, the Durbin—Watson statistic was found to be between 1.5 and 2.5 (ac-
ceptable range), indicating no significant evidence of positive autocorrelation among the
residuals [69]. The variance inflation factor (VIF) was tested to indicate the presence of
multicollinearity. If the value of VIF is above 5, there is multicollinearity among the in-
dependent variables in a model. Collinearity diagnostics were performed to check for
multicollinearity among the independent variables. As tolerance > 0.25 and the variance
inflation factor (VIF) values ranged from 1.01 to 1.26, well below the commonly accepted
threshold of 5 or 10, this indicated that multicollinearity was not a concern in the model [70].
Table 6 presents collinearity statistics about the collected data.

Table 6. Durbin—Watson, tolerance and VIF values.

Model Collinearity Statistics

Tolerance VIF Durbin-Watson
(Constant)
Perceived_Institutional Al Support  0.940 1.063
Technological_Curiosity_for_Al_Use  0.943 1.060 1.500
Teaching_field 0.983 1.018

Frequency_of_AI_Use_in_Daily_Life = —0.200 1.264
Dependent variable: ORATE_Score.

3. Findings and Results

This study attempted to develop a coherent understanding about the smart opportuni-
ties of Al for reimagining teacher training and the key components for the development of
Al-powered teacher education. The analysis of the collected data reveals that Al-powered
teacher education can be conceptualized through five components including “intended use
of Al in the teacher education context; Machine learning with data monitoring; AI-human
interaction; Al feedback for better faculty management; Digital vision, risks and Al ethics”.

The five components of Al-powered teacher training are explained in detail with codes
and examples in Table 7:
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Table 7. Summary of themes and explanation of codes.

Themes

Summary of Themes

Codes

Examples

Intended use of Al in a teacher education context

Machine learning with data monitoring

Al-human interaction

The intended use includes
making the teacher-training

curriculum smarter, preparing

different stakeholders for Al

readiness, demanding a legal
infrastructure for Al in teacher

training, and making the
teacher hiring process
more effective.

An approach that aims to

optimize teacher-training

process by analyzing big data.

Embracing a new way of
interaction between

human-machine collaboration

combining teachers’
competencies with artificial
intelligence technologies.

Al readiness of
stakeholders (benefits
equally distributed)

A new recruitment system
from Al data analytics
(equal and long-term
assessment)
Al-automated teacher
education curriculum
(resource-efficient)

Assessment and evaluation
performance (unbiased)

Emerging legal basis for
Al integration

Measuring pre-service
teachers’ on-entry skills
and their completion rates
(economic sustainability)

Keeping personal learning
data analytics
(social sustainability)

Innovative how-to-teach
experiences with Al
collaboration
(resource-efficient)
Creating smart content
with Al

(economic sustainability)

Intelligent tutoring with
chatbots
(economic sustainability)

“As a stakeholder, faculties of education need
to adapt to Al and increase their readiness
rather than resistance to technology.” AIE 2

“Why not a new recruitment system?,
supported by Al data analytics, makes it
possible to evaluate candidates’ competencies
more objectively and over the years.” M 3
“The course packages of faculties of education
are far behind the world. . .. updating the
courses at regular intervals would make
teacher training programs smarter. ...There is
a need for Al-guided course lists in education
faculties” CD 1

“Teachers now can make better assessments, for
instance Al creates good short essay questions
or multiple-choice tests. I read that it can even
evaluate written research report like
teachers”FM 2

“Al is becoming legalized and public trust. It
will increasingly feature in governments’
future plans” AIE1

“When teacher candidates enter the system in
the first place, what skills do they have and
what profiles do they have? Very big data.
These can now be processed with artificial
intelligence. . . predicting potential risks of
non-completion based on on-entry data and
ongoing performance. Early identification of
struggling students enables timely support.”
AIE 4

“Data such as grades, school records, notes,
observations of lecturers make it possible for
teacher candidates to better understand their
strengths and weaknesses to learn.” FM 3

“Innovative teaching experiences with Al are
on the rise. We see new activities in faculty.
We see new tools weve never heard of.” FM 2

“I think artificial intelligence has made it easier
to design dynamic and interactive materials.
Our prospective teachers should not produce
old way content like they used to. Al helps so
much. Easily prepare e-books, video
summarization, talking heads etc.” AIE 6

“...human counselors are available during
certain hours, but a intelligent tutoring with
chatbots could provide 24/7 individual support
to teacher candidates off the campus.” M 4




Sustainability 2025, 17, 9815

16 of 35

Table 7. Cont.

Themes

Summary of Themes

Codes

Examples

Al feedback for better faculty management

Digital vision, risks and Al ethics

A system that provides
data-driven analysis and
recommendations to improve

managerial decisions and enhance

educational performance.

Data-driven smart faculties
(long-term institutional
sustainability)

Autonomous and
self-evaluating faculty
(institutional sustainability)

“Artificial intelligence is really a need in education
faculties. Faculty management should make
decisions based on data. I believe that faculty
management will be more efficient with higher
performance.” M 2

“If artificial intelligence is going to be a part of the
faculty, I expect a new-gen smart faculty. ... I
expect it to be autonomous and self-evaluating,
offering suggestions, working like an external

Address protocols for the ethical,
security, and adaptation risks that
may be encountered in

the process.

evaluator.” FM 1

“attention!...bias...Al algorithms that depend on the
data sets presented to them should not be used as
decision-making tools that reflect social biases.
Human support is essential to ensure fair
decisions.” CD 3

Al-based generalization
and bias

“Who will access this information? How will it be
stored? How much data are we talking about? Will
Concerns about transparency  there be transparency or strict control?” D 5
and data security
“Using Al tools in exams and assignments can be
seen as a problematic behavior. There are risks. e.g.,
ChatGPT, DALL-E or content generation tools. It
is important for the faculty to provide us with ai

detection software.” FM 4

Immoral risks such as using
Al tools for cheating

“...for example computing power. it’s good allright.
but how much energy does it require? high energy
requirements are a problem” D 6

High power requirements

“how fast and sophisticated Al tools are! but where
is human touch. Our speed does not. We have

experiences and instincts. I call it human touch. it
is necessary in the digital age for teaching.” FM 6

Criticisms over its value in
teacher training

The qualitative findings and codes indicate that all stakeholders (except for the deans)
interested in the field of teacher training show a high level of willingness to adopt Al-
powered teacher training, which is expected to increase social, institutional, and economic
sustainability. They are open to the integration of new-generation technologies into the
teacher-training system. They accept machine-human interaction as a reality of today, not
of the future, and with utmost care they associate Al with ethical issues at a high level. On
the other hand, faculty deans have a relatively low opinion about this digital vision and
show a low level of willingness to integrate Al into faculty-training systems. Most of the
stakeholders find Al valuable due to the potential performance of Al as an adaptive content
creator and in personal learning analytics and tutoring. They emphasized that Al can use
learning analytics to enhance each pre-service teacher’s professional development based on
smart suggestions and can also be effective in supporting them 24/7. Al integration is also
expected to increase the test development skills and assessment capacities of pre-service
teachers (creating short essay questions or multiple-choice test items or even evaluating
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individual research reports). It can serve as a useful data-source tool for a new recruitment
system for public and private schools.

The findings indicate that five components are critical in Al-powered teacher training
from a multi-stakeholder perspective as displayed in Figure 2:

Intended use of Al in teacher education
context

i Anew Assessment i L
Al readiness O Automated . Emer.gmg legal Measuring  Predicting  Identifyingrisky  Keeping
of ; curriculum evaluation ?asm f°'; A on-entry  completion pre-service learning
AI - Powe re d stakeholders ~ SYStem integration skills rates teachers data
rom Al data performance analytics
Teac her analytics
Education
Al feedback for better faculty management
Innovative how-to Creating smart Intelligent tutoring with chatbots Data-driven Autonomous and self-
teach experiences content (smart suggestions) smart faculties evaluating faculty

Figure 2. The key components of ai-powered teacher training from a multi-stakeholder vision.

The quantitative data collected from pre-service teachers was analyzed with SPSS 21.
Figure 3 displays a radar chart showing the combined positive responses (selecting totally
agree and agree on the Likert scale) about pre-service teachers’ attitudes about Al-powered
teacher training.

 Combined Percentage

Al readiness level
160

Encouraging immoral behaviors (cheating, etc.) Al tutoring vs. academic members

Reducing workload and preventing teacher burnout Al-automated curriculums

Al as a co-creator Al for teacher recruitment

Training willingness or Al Risks and privacy concerns

Al reducing bias (ethnic, cultural, etc.) Trust in Al suggestions

Figure 3. Pre-service teachers’ openness and readiness for Al-powered teacher training.

Figure 3 points out that pre-service teachers also have a high level of readiness sup-
porting Al trends in teacher education systems. They trust smart revisions led by artificial
intelligence and embrace machine-human teacher interaction in the classroom. They mostly
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accept Al as a co-creator/assistant in teaching given that Al and teachers respect each
other’s unique abilities. They are open to training to integrate Al applications into teaching
practices, which would reduce their workload and burnout. They think that teacher educa-
tion faculties should offer intelligent tutoring services. Pre-service teachers show relatively
high levels of tolerance to the risks of Al, believing that Al can help resolve conflicts and
even reduce ethnic and cultural bias problems and allow for new pedagogies. However,
in terms of professional development, pre-service teachers believe that they can interact
more effectively with faculty members rather than an Al-powered teacher-training system.
A recruitment system based solely on Al should not be adopted in teacher recruitment
because Al may fall short in assessing teacher qualities such as empathy and creativity and
it cannot fully take into account contextual factors such as cultural alignments with the
school’s mission; therefore, it appears to pre-service teachers that it is not feasible to use Al
for recruitment. They also do not agree that Al would encourage immoral behaviors (e.g.,
cheating) among pre-service teachers in education faculties.

Findings of Inferential Statistics (Multiple Regression Analysis and ANOVA Results)

The researcher included 512 participants (after outliers were removed) who properly
completed the ORATE Survey (Openness and Readiness for AI-Empowered Teacher Edu-
cation) and also recorded their “teaching area”, “frequency of daily Al use”, “perceived
institutional Al support”, and “their curiosity level for Al use”.

The researcher’s goal was to be able to infer which variables strongly predict ORATE.
In Table 8, the correlation matrix indicates that there is a positive and strong relationship
between perceived institutional Al support and ORATE (r = 0.38) as well as curiosity about
Al 'use and ORATE (r = 0.48). Subsequently, the results also show no significant relationship
between teaching field and ORATE (r = —0.02) as well as frequency of daily Al use and
ORATE (r = —0.02). The perceived institutional Al support and curiosity about Al use
correlations were significant at p < 0.05. Multiple regression analysis was used whereby
independent variables were put into a regression equation concurrently to determine

significant predictors of the dependent variable, namely ORATE.

Table 8. Correlation matrix between variables.

N Pearson Correlation Sig.
Teaching field 512 —0.025 0.283
Frequency of Al Use in Daily Life 512 —0.028 0.266
Perceived Institutional AI Support 512 0.381 ** 0.000
Curiosity about Al Use 512 0.484 ** 0.000

** Correlation is significant at the 0.01 level (one-tailed).

Table 9 indicates that the factor of curiosity about Al use was found to be the strongest
predictor (B = 0.418, p < 0.05) of openness and readiness for Al-empowered teacher educa-
tion, followed by perceived institutional Al support (3 = 0.283, p < 0.05).

a. Predictors: (Constant), Curiosity about Al use, perceived institutional Al support.
b. Dependent Variable: ORATE.

In Table 10, R? of 0.310 indicates the contribution of the combined two independent
variables to the variance of the dependent variable. Curiosity about Al use and perceived
institutional Al support together predicted 31% of the variance in openness and readiness
for Al-empowered teacher education. For this study, teaching field and daily Al use
frequency were excluded from the final model since their correlations were not significant
(p > 0.05). Table 11 tests whether the overall regression model is a good fit for the data.
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Table 9. Multiple regression analysis results.

Unstandardized Standardized T Sig. Collinearity Statistics

Model Coefficients Coefficients

B Std. Error Beta Tolerance VIF
(Constant) 30.194 1.291 23.38 0.00
Perceived
Institutional 2.83 0.38 028 743 0.00 0.940 1.063
Al Support
Curiosity
about Al Use 4.04 0.36 041 1099 0.00 0.943 1.060
Teaching field -0.16 0.20 —0.03 —0.81 0.41 0.983 1.018

Frequency of

Daily AL Use —0.20 0.26 —0.02 —0.75 0.44 0.980 1.020

Table 10. Model summary:.

Std. Error of
the Estimate

1 0.557 0.310 0.307 6.44011

Model R R? Adjusted Square

Table 11. Overall regression model.

Model Sum of Squares = Df Mean Square F Sig.
Regression ~ 9454.518 2 4727.259 113.979  0.000
Residual 21,069.290 508 41.475

Total 30,523.808 510

Table 11 indicates that perceived institutional Al support and curiosity about Al use
statistically significantly predicted the dependent variable ORATE, F(2, 508) = 113.979,
p < 0.05, R? = 0.310.

When it comes to the one-way ANOVA results for curiosity about Al use, Table 12
provides some very useful statistics about subgroups based on the curiosity about Al use
variable, including their means and standard deviations.

Table 12. Descriptive statistics about subgroups based on curiosity about Al use.

N Mean ]S)t:l\.riation Std. Error Minimum Maximum
Slow Adopter 266 38.2857 6.55608 0.40198 11.00 53.00
Cautious Optimist 137 42.5620 7.81012 0.66726 27.00 55.00
Tech Adventurer 108 47.7778 5.86505 0.56436 24.00 55.00
Total 511 41.4384 7.73632 0.34223 11.00 55.00

Table 12 shows that the lowest scores belong to slow adopters while moderate and
high scores belong to cautious optimists and tech adventurers.

Table 13 indicates that there is a statistically significant difference between subgroups
as determined by one-way ANOVA (F(2508) = 77.799, p < 0.05). The multiple-comparisons
table contains the results of the Bonferroni post hoc test.
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Table 13. ANOVA results between groups.

2;2;:; Df Mean Square F Sig.
Between Groups  7157.133 2 3578.567 77.799 0.000
Within Groups 23,366.675 508 45.997
Total 30,523.808 510

Table 14 indicates that there is a statistically significant difference in openness
and readiness for Al-empowered teacher education between tech adventurers and slow
adopters (p < 0.05) and cautious optimists (p < 0.05), with tech adventurers showing higher
ORATE, as well as between cautious optimists and slow adopters (p < 0.05), with cautious
optimists showing higher ORATE.

Table 14. Multiple-comparisons Bonferroni results.

Curiosity About AI Use Mean Difference Std. Error  Sig.
Slow adopter Cautious Optimist —4.27633 0.71321 0.000
Tech Adventurer —9.49206 0.77384 0.000
Cautious Optimist Slow Adopter 4.27633 0.71321 0.000
Tech Adventurer —5.21573 0.87273 0.000
Tech Adventurer Slow Adopter 9.49206 0.77384 0.000
Cautious Optimist 5.21573 0.87273 0.000

Table 15 provides some very useful statistics, including the means and standard devia-
tions for the dependent variable (ORATE) for subgroups based on perceived institutional
Al support.

Table 15. Descriptive statistics about subgroups based on perceived institutional Al support.

N Mean Std. Deviation Std. Error  Minimum Maximum
Low support 280 33.4333 7.15596 0.53337 11.00 55.00
Moderate support 162 40.0545 7.57267 0.53281 21.00 55.00
Strong support 69 422326  6.38053 0.56177 28.00 55.00
Total 511 41.4384 7.73632 0.34223 11.00 55.00

Table 15 indicates that those who receive the highest support from their institution
for AI are those with the highest readiness for Al-empowered teacher education. Table 16
presents the ANOVA analysis and whether there is a statistically significant difference be-
tween the subgroups. Table 16 indicates that there is a statistically significant difference be-
tween the subgroups, F(2508) = 45.304, p < 0.05). Table 16 presents the multiple-comparisons
according to the results of the Bonferroni post hoc test.

Table 16. ANOVA results between subgroups based on perceived institutional Al support.

Sum of Squares  Df Mean Square F Sig.
Between Groups  4620.184 2 2310.092 45304  0.000
Within Groups 25,903.624 508 50.991

Total 30,523.808 510
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Table 16 indicates that there is a statistically significant difference in openness and
readiness for Al-empowered teacher education between subgroups.

Table 17 indicates that there is a statistically significant difference in ORATE level
between the strong support and low support subgroups (p < 0.05) with the strong sup-
port subgroup showing higher ORATE, as well as between the moderate support and
low support subgroups (p < 0.05) with the moderate support subgroup showing higher
ORATE. There was no significant difference found between the subgroups with moderate
institutional Al support and strong institutional Al support in terms of ORATE. Those who
received the highest support from their institution were those with the highest readiness
for Al-empowered teacher education which suggests a strong correlation between the level
of support given by an institution and a pre-service teacher’s openness to Al Institutional
support is a key driver of teacher readiness for Al-empowered teacher education. Table 17
presents how ORATE level differ depending on institutional Al support

Table 17. Multiple-comparisons Bonferroni results.

Perceived Institutional AI Support Mean Difference Std. Error Sig.
Moderate support —6.6212 0.73193 0.00
Low support
Strong support —8.7993 0.82375 0.00
Low support 6.6212 0.73193 0.00
Moderate support
Strong support —2.1781 0.80481 0.061
Strong support Low support 8.7993 0.82375 0.000
Moderate support 2.1781 0.80481 0.061

4. Discussion

Teacher-training institutions do not have much time to reflect on how Al will em-
power teacher education. The findings of this study reveal strong stakeholder interest
in Al-powered teacher education and there exist promising smart opportunities for Al
to reimagine teacher training to develop future-ready teachers. With the exception of
deans, there is high consensus among department heads, curriculum developers, and
pre-service teachers on the integration of Al into teacher education. Deans’” more cautious
stance appears linked to their institutional leadership responsibilities, which require careful
alignment with policies, ethical standards, budget constraints, and data privacy regulations.
This mirrors earlier observations by [2], who noted that administrative leaders often act as
“gatekeepers” to large-scale technological change. Instead of immediately deploying Al in
the classroom, Al systems should be launched exclusively through audited pilot programs
focused on highly efficient administrative tasks (like automated document review, schedul-
ing, or basic data reporting). Auditing these pilots allows administrators to see quantifiable
proof of efficiency gains and a solid Return on Investment (ROI).

In contrast, pre-service teachers, department heads, and curriculum developers tend
to be innovation-oriented, viewing Al as a timely and transformative tool for a sustainable
future and qualified pedagogical practices which could improve the overall efficiency of
teacher education. Their openness and readiness remind us of [71], which claims that
educators” willingness to adopt emerging new technologies strongly predicts their actual
use. The divergence of deans suggests that leadership concerns over accountability and Al
readiness of faculties may slow its adoption, even when operational stakeholders perceive
Al as immediately beneficial. This divergence creates an institutional tension that is key
to long-term sustainability: the drive for immediate efficiency versus the need for robust,
long-term governance. To navigate this tension and prepare students for a sustainable
future, as suggested by [72], institutional strategies for sustainable entrepreneurship must
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focus on both curricular restructuring and ecosystem development: encouraging cross-
disciplinary programs that holistically integrate different disciplines is recommended to
provide students with the systemic thinking and holistic understanding required to address
complex sustainability challenges.

This strategic focus on balancing institutional processes with sustainability directly
validates the application of the Triple Bottom Line theory to Al in teacher education. It
is a management theory that measures an organization’s success based on its social, envi-
ronmental, and financial performance referring to three Ps: people, planet, and profit [73].
Framing these findings within educational sustainability clarifies the implications. Sus-
tainable teacher education refers to the ability of systems to adapt to changing social,
technological, and environmental contexts. Stakeholder openness to Al suggests significant
adaptive capacity, but leadership caution underlines the need for institutional readiness
and governance structures that ensure long-term relevance.

To meet the demands of a sustainable future, Al implementation must be viewed
through a proactive, long-term perspective, balancing short-term gains against potential
long-term risks across the TBL dimensions:

People (social): Teacher beliefs, readiness, and confidence are central to sustainable
use of Al in education. Pre-service teachers’ openness to Al-powered professional devel-
opment directly supports the social pillar, showing that human attitudes are as critical
as technology itself. However, long-term social impacts also require explicit strategies
to prevent teacher alienation, deskilling, and the erosion of human-centric pedagogical
skills. A sustainable model must ensure Al augments teacher capacity rather than replaces
professional judgment, thereby securing the long-term value of the teaching profession. Al
should be positioned as a co-pilot that handles routine tasks, freeing teachers to focus on
high-value human interaction and mentorship.

Planet (environmental): Stakeholders emphasized the ecological costs of Al, includ-
ing energy consumption and e-waste. Embedding sustainability requires design of Al
systems that minimize environmental impacts. Long-term environmental viability ne-
cessitates addressing Green Al, using energy-efficient algorithms, prioritizing local, edge
computing solutions over large-scale cloud data centers where possible, and instituting
clear life-cycle policies for Al hardware to mitigate e-waste [74]. The massive long-term
computational demands of large language models (LLMs) must be weighed against their
educational benefits.

Profit (financial): While AI can enhance efficiency through automation and analytics,
long-term viability requires financial strategies and equitable investment. Without this,
resource disparities could undermine sustainability. The economic sustainability of Al
hinges on moving beyond initial pilot investments to establish durable funding models.
This includes assessing the long-term ROl in terms of reduced teacher attrition and admin-
istrative costs and establishing scalable licensing models to prevent the digital divide from
widening between well-funded and resource-constrained institutions.

The results of this study show that a sustainable Al system depends on social, envi-
ronmental, and economic factors, not just technology itself. The research confirms that the
success of Al is fundamentally a human issue (people). Findings reveal that pre-service
teachers’ beliefs and attitudes toward Al-empowered teacher education is a critical factor in
its adoption. Openness and readiness for Al-empowered professional development acts as
a significant support to Al's long-term sustainability. This supports the TBL's social pillar,
showing that human factors like training, confidence, and positive perception are crucial for
the system to be effective and long-lasting. Therefore, the findings explicitly recognize the
need to address the environmental impact of Al-powered teacher education, a direct link
to the TBL's environmental pillar (planet). The research indicates that successful, long-term
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Al-empowered teacher education requires “careful consideration of Al’s environmental
impacts,” underscoring that the massive energy consumption and potential for e-waste
from Al’s computational demands are a real burden in the system’s sustainability. As
the third part of the TBL, the financial aspects of such a system (profit) over time are as
important as the technology itself. Al-powered teacher training is expected to contribute
to long-term social sustainability by improving teacher efficacy and retention; however,
financial issues in sustainability require investments in infrastructure and a clear financial
strategy in faculties. Without a sound economic plan, the system cannot be sustained.

Stakeholders highlighted smart opportunities where Al enables both innovation and
sustainability. Generative Al for curriculum design, intelligent tutoring systems, and video-
based analytics can increase efficiency and inclusivity. However, participants consistently
emphasized that Al must augment rather than replace human teachers. This human-AlI
synergy ensures that sustainability encompasses not only efficiency but also empathy and
professional values, mitigating the long-term risk of teacher de-professionalization.

When it comes to educational sustainability, Al-empowered teacher training becomes
crucial in reference to the ability of teacher education systems to adapt and remain relevant
in changing social and technological contexts [75]. By integrating Al into teacher education,
institutions can foster long-term resilience through supporting diverse learners and the un-
derserved in teacher training (measurable outcome for SDG 4: Quality Education). Studies
on Al in professional development for teachers have demonstrated that these systems can
provide personalized and just-in-time feedback to educators based on their performance
and needs [76]. A key finding from their study on Al-driven professional development for
math teachers showed that a virtual facilitator based on natural language processing was
not only effective in improving teacher practices but was also scalable and accessible to
educators across the nation, regardless of their location [77]. This ability to reach a large
and geographically dispersed teacher audience is crucial for building a sustainable teacher
education system, reducing dependency on localized, high-cost human resources. These
findings align directly with education for sustainable development, which emphasizes
inclusive, equitable, and lifelong learning. Embedding SDG 4 (Quality Education) into the
research implications also strengthens this interpretation. Al can advance inclusive and
equitable teacher education by offering scalable professional development, personalized
feedback, and reduced administrative burdens. For example, Al-driven analytics support
early detection of at-risk pre-service teachers, while automation can reduce teacher attrition
by making the profession more manageable. These outcomes align directly with SDG 4.4
(skills for work) and SDG 4.c (increasing the supply of qualified teachers).

Al-powered teacher training—through personalized learning, continuous feedback,
and intelligent tutoring—supports this goal by ensuring that teacher education adapts to
diverse learners and the educational needs of the underserved. This mirrors the research
findings of [78] which highlight the power of Al to enhance personalization and scalability
in sustainable learning contexts. Al-empowered teacher education can directly contribute
to efficiency, making new teachers more qualified in the teaching profession. This can be
measured by a 25% increase in teacher self-efficacy scores and a 15% reduction in the time
it takes for new teachers to achieve competency in classroom management. Furthermore,
by automating administrative tasks, Al tools can help to achieve SDG 4.c by increasing the
supply of qualified teachers by making the profession more manageable and attractive,
potentially leading to a 10% decrease in teacher attrition rates within the first five years of
service [79].

This study found strong stakeholder interest in integrating Al into teacher education,
though leadership expressed caution regarding ethics, governance, and resources. Inter-
preted through the Triple Bottom Line (TBL) and SDG 4 (Quality Education), the findings
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highlight that Al’s long-term sustainability depends on social acceptance (teacher readiness
and professional values), environmental responsibility (reducing energy use and e-waste),
and financial viability (equitable investment and efficiency gains). While Al can enhance
inclusivity, professional development, and workload management, participants stressed
that technology must augment rather than replace human teachers. This central theme
of augmentation is the crucial long-term mitigation strategy against the social and ethical
risks of Al adoption. Ensuring sustainability therefore requires balancing innovation with
empathy, equity, and ecological responsibility, positioning Al not only as a tool for efficiency
but as a driver of resilient, future-ready teacher education systems.

4.1. Learning Analytics and Resource Optimization in Al-Powered Teacher Education

The results of this study show strong support for AI’s role in economic sustainability
by analyzing large datasets to improve teacher-training efficiency, with particular enthusi-
asm for identifying “at-risk” pre-service teachers early. This supports [80,81] assertions that
machine learning can enhance targeted interventions and early risk detection. However, the
findings of this study extend the findings of [4] by showing that stakeholders not only value
risk detection but also see simulation of outcomes (e.g., graduation rates, attendance, and
recruitment success) as a resource optimization strategy. This dual emphasis—diagnosis
plus projection—suggests Al adoption could reduce inefficiencies in teacher preparation
within the scope of sustainability, especially in resource-constrained settings, aligning
with the vision of Al [82] as a proactive support tool rather than a reactive measure. By
identifying “risky” pre-service teachers early on and simulating outcomes like completion
rates, Al can help economic sustainability and optimize the allocation of resources. This
means less time, effort, and financial investment are wasted on individuals unlikely to
succeed, leading to a more sustainable use of educational resources over the long term. The
use of Al is framed as a strategic necessity for institutional resource optimization and early
risk detection in teacher education. Al’s primary operational role should be to facilitate the
timely identification of pre-service teachers exhibiting risk indicators, thereby enabling the
deployment of precise and targeted interventions. However, stakeholders fundamentally
assert that Al algorithms must not operate as autonomous decision-making tools. Stake-
holders strongly emphasize that Al algorithms, which are susceptible to reflecting social
biases present in their training datasets, must not operate as autonomous decision-making
tools. Consequently, human support is deemed essential to ensure fairness and equity in
outcomes. Al’s role should therefore be restricted to augmenting human-led decisions and
faculty decision-making by providing objective, analytical data. The final responsibility for
guidance, intervention, and evaluation remains vested in qualified human faculty mem-
bers and educational psychologists. This model of human—-AlI synergy is fundamental to
preserving the human-centric core of teacher training.

Stakeholders also highlighted the value of video-based analytics [50,54] for perfor-
mance feedback, which is consistent with [14]’s findings on behavioral data use for en-
hancement. Our study suggests that, in practice, such tools could deepen self-reflection and
mentorship processes, reinforcing the argument of [83] that Al supports innovation and
transformation in higher education. This coherence across studies strengthens the case for
Al-enabled analytics as both a pedagogical and equity-enhancing intervention. According
to Al experts and curriculum developers, education faculties should have access to Al
to conduct their needs analysis by gathering and analyzing data from multiple sources
(pre-service teachers’ grades, academicians’ comments, internship school records, and
other institutions’ reviews or references). Additionally, Al-powered teacher training should
provide learning analytics such as participant performance, successfully completed courses,
engagement level, teacher educators’ feedback, and behavioral metrics including partici-
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pant learning profiles. Understanding factors contributing to poor performance [4] allows
for precise interventions. This reduces the need for broad, resource-intensive solutions
that may not be effective for all. Ref. [4] suggests educational psychologists should create
algorithms guided by data in order to accurately identify learners who will perform poorly
in a course by tracking the early learning events of high and low performers. As claimed
by [81], these data can be utilized to identify and help pre-service teachers who are at risk
in their courses who might struggle otherwise, sometimes going unrecognized. Much of
the Al work in teacher education focuses on the analysis of behavioral data collected by
observing and recording behavior [14]. Specifically, in practical courses covering topics like
content development, classroom reinforcement strategies, and the use of facial expressions,
pre-service teachers can receive video-based feedback powered by Al [50]. As strongly
emphasized by department heads, teacher education faculties should harness the power of
Al to deliver deeper insights to pre-service teachers through learning analytics tools such
as Vosaic for in-class observations, mentoring, peer feedback, and unbiased Al-generated
evaluations. Learning analytics in teacher education can serve Education for Sustainable
Development by providing data-driven insights that improve educational efficiency and
personalize learning pathways. This data-driven approach helps in identifying successful
strategies in teacher education, which is essential for managing complex global challenges
for a sustainable future.

The findings of this research define smart opportunities as the capabilities of Al to
advance both technological innovation and sustainable teacher development goals. In other
words, “smart” opportunities should enable equitable access, resource optimization, and
resilient institutional practices—not just enhance functionality. As implied by [80], their
study results reveal that the integration of Al in higher education can facilitate progress
by promoting innovation, equality, and digital literacy. From a sustainability standpoint,
these Al-driven practices promote long-term capacity building by providing scalable, data-
informed support for teacher growth, especially in underserved environments. By reducing
reliance on human-intensive assessment processes and enabling continuous, personalized
feedback loops, Al helps make teacher training more transformative and equitable. Fur-
thermore, Al tools such as Knowledge-Behavior-Social Dashboard, Code.org, TraMineR,
support-vector machine classifiers, IBM Watson speech recognition, and Chart.js for data
visualization [14] support the cultivation of core teaching competencies like classroom man-
agement and addressing diverse learner needs [53]. These innovations not only improve
instructional quality but also contribute to the sustainability of teacher education systems
by optimizing learning outcomes.

4.2. Automated Curriculums, Smart Content, Intelligent Tutoring, Human Teacher-Al Synergy in
Al-Powered Teacher Education

The findings of this study indicate that Al can automate many processes including
development of automated curriculums. As implied by curriculum developers and Al
experts in particular, Al has the potential to create automated smart curriculums based
on data-driven analytics derived from current global innovations, faculty members’ cus-
tomized feedback, and pre-service teachers’ instant needs. Automated curriculum creation
is one of the things about Al that excites curriculum developers most. Al can assess how to
improve teacher education curriculums and identify global new emerging competencies
and content areas. Ref. [6] stresses that Al-based solutions will help universities to create
international curriculums based on the concept of the automated curriculum. A better
curriculum is also a form of capital. Data mining and automated curriculum-making with
Al ensures the sustainability of this intellectual capital in delivering teacher training and
can create a smarter and more productive system. Artificial intelligence can transform how
people create content, increasing pre-service teachers’ productivity. As emphasized by Al
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experts, Al in teacher education has the capability to simulate human-teacher creativity and
generate original content. Ref. [84] implies that Al can currently enable teachers to spend
less time on routine tasks and more time on qualified teaching interactions. They stress that
Al capabilities reported in other sectors can be extrapolated to the teacher education sector
as well (14% increase in worker productivity, a great impact on novice and low-skilled
workers). As one of the most significant predictors, perceived institutional Al support
suggests that teachers should have the appropriate Al support; Al could be used to help
novice teachers become better content creators. Pre-service teachers and department heads
stress that pre-service teachers are overwhelmed by repetitive tasks while preparing con-
tent. Al will relieve teachers” workload and burnout. Education faculties should leverage
generative Al tools such DALL-E, Casper Al, and Github Copilot to create content that can
summarize complex content. This study also found that pre-service teachers trust Al to
act as a content creator and as a co-creator. Ref. [85] explains the process as “from digital
natives to the Al empowered”. As educators explore, learn, and collaborate with Al, they
may use these ideas to apply generative Al to the creation of lesson plans, rubrics, how-to-
teach activities, exam questions, and more. This efficiency is directly aligned with ESD’s
goal of transformative learning. By saving time on routine work, teachers can dedicate
more energy to fostering a deeper, more hands-on learning experience for students.

This study also indicates the need for integration of intelligent tutoring into teacher
education. Although not yet included in teacher training, smart assistants, chatbots, and
smart suggestions have begun to be used at different school levels. According to Ref. [86],
an important component of artificial intelligence is smart assistants. They can be used to
help guide pre-service teachers, giving them feedback 24/7, suggesting tailored content,
and providing better training [13]. As a good practice, eTeacher is designed as a system to
provide personalized assistance by monitoring learners’ behaviors as they interact with
course materials and generating a learner profile. It is used to personalize learners’ course
interactions, particularly in high school education contexts [15]. Likewise, in intelligent
tutoring in education faculties, such a system could offer customized professional develop-
ment suggestions in addition to personal action plans. Intelligent tutoring should rely upon
comprehensive educational data for educational data mining, data visualization, recom-
mender systems, and personalized adaptive learning [14]. Expanding pre-service teacher
mentorship procedures, chatbots are employed by [51]. They created two chatbots, LitBot
and FeedBot, that offered personalized assistance for pre-service teachers’ independent
study skills, particularly to deal with seminar literature and suggested readings. Chatbots
perform better with large classes; however, they perform worse than one-to-one human
tutors [53].

This study explores the role of human—Al synergy in sustainable teacher education.
In line with [68] and the subsequent literature, we argue that smart opportunities for Al
in teacher education should be defined not only by technological innovation but also by
their contribution to value creation, efficiency, and sustainable development goals. As
an example, Al-powered systems assist both the cognitive and emotional components
of learning [87]. This is supported by [88], which emphasizes synergy between teach-
ers and trustworthy Al, suggesting that institutions can adopt Al-enabled tools without
compromising the human-centered core of teaching. Our findings reinforce this model:
stakeholders generally view Al as a facilitator of pedagogical innovation in teacher training,
not a replacement for human interaction which is the affective core of the teacher profession.
Artificial intelligence’s fundamental optimal use is a process wherein responses created by
Al are directed by humans [89]. This study has discovered that Al is not a rival to teachers
but instead serves as a co-creator and strong driver for pedagogical innovation. It can never
replace the genuine care of a human teacher, for the profession’s essence is deeply rooted
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in the irreplaceable bonds of human touch. This focus on synergy is a long-term social
strategy designed to maintain the integrity of the teaching profession while leveraging
technological gains.

4.3. Assessment Capacity and Recruitment in Al-Powered Teacher Education

This study also indicates that Al can support pre-service teachers in dealing with
complex problems in terms of assessment and evaluation capacity. Al work depends on the
assumption that “any aspect of intelligence can in principle be described that a machine
can simulate it” [90]. As emphasized by department heads and Al experts, Al can improve
assessment preparation by simulating a teacher’s assessment performance. Al’s capability
to support pre-service teachers in complex assessment and evaluation tasks contributes
significantly to the sustainability of educational practices. Traditionally, assessment and
evaluation are labor-intensive. By automating tasks like essay grading with tools such
as M-Write or StudyGleam [91], Al frees up valuable human resources—teachers’ time
and effort. This allows educators to focus on more specific aspects of teaching, such as
individualized feedback and creative lesson planning, optimizing the use of their expertise.
This efficiency reduces the “cost” in terms of human capital, making the assessment process
more economically sustainable. Al can move beyond one-time assessments to provide
continuous evaluation of performance [2]. This “renaissance in assessment” [47] enables
earlier identification of learning gaps and allows for timely interventions. Despite all these
opportunities, warning signs exist. While embracing Al technologies, it is necessary for
teachers to manage the threats to curiosity, imagination, and discovery—fundamental
aspects of human work.

Not only pre-service teachers and department heads but also managers in the private
sector interested in teacher education advocate for an Al-driven recruitment system com-
plementary to the national exam for teacher appointments. They propose using Al tools
in faculties to collect data over four years, assessing pre-service teachers’ overall compe-
tencies and profiles. This cumulative data can be shared with institutions hiring teachers.
Rather than relying solely on single-exam placements, Al-supported recruitment systems
could match teachers to schools’ diverse needs, creating a more efficient and responsive
system for teacher employment. Managers’ advocacy for an Al-driven recruitment system
is supported by the findings of [92], which state that artificial intelligence is effective in
‘identification, selection, and retention of talents’, implying a more open, social, human,
and forward-looking vision. Likewise, Ref. [93] proposes a model called “Mindful AI”
to improve teacher retention and reduce the high costs of teacher attrition. By offering
fair data and algorithms, artificial intelligence in hiring and placement can improve the
diversity and equity of the teaching workforce. While it is still in the early stages, Al
is expected to enable recruiters and private sector managers to use the power of data to
make better decisions in teacher employment and predict pre-service teachers’ fit with
institutions. This recruitment strategy is a direct measure to enhance the long-term social
and economic sustainability of the teaching workforce by reducing attrition and improving
job satisfaction.

4.4. Criticisms and Concerns About Al-Powered Teacher Education

This study presents several risks concerning the inclusion of artificial intelligence in
teacher education from a multi-stakeholder perspective. Firstly, introducing Al into teacher
education might fail to be economically sustainable due to its high power requirements.
The implementation of Al in teacher education has a significant environmental footprint,
primarily due to the energy consumption of data centers [94]. Ref. [95] highlights that, as
Al frequently involves processing gigabytes of data for calculations, it demands much more
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processing power than typical workloads. Current data centers or cloud settings might
fail to run Al-driven applications efficiently. The long-term sustainability of Al in teacher
education hinges on key factors. Within financial sustainability, the initial investment
in Al platforms can be expensive, creating a digital divide between institutions [22]. A
crucial challenge is ensuring that teachers and administrators are prepared to effectively
use and integrate Al into their practices. The quantitative finding that pre-service teachers
have a high level of openness and readiness for Al-empowered teacher training has a
direct implication for this discussion. The high degree of pre-service teachers’ readiness
suggests that large-scale adoption is a real possibility. This widespread use would lead to
a significant increase in the cumulative energy consumption and hardware demands for
running Al models in teacher education. The qualitative data on concerns from managers
and experts can provide further insight here, as they expressed reservations about the costs
and infrastructure needed, which are inherently tied to environmental sustainability and
energy-related issues. This connection highlights the need to balance educational benefits
with the long-term environmental footprint of implementation.

Another area of risk discussed by department heads in particular included the “human
touch” in teacher education. Al could unintentionally reduce the value of the human touch
that teachers provide in teaching [11]. This finding is in parallel with other study results [96].
Their critique of teacher alienation in Al-enhanced systems warns us that algorithmic
governance can threaten teacher autonomy;, creativity, and relationality. Our study similarly
highlights cautious attitudes among deans and underscores the need for sustainability in
ethical and institutional terms, ensuring Al adoption respects teacher agency and does
not introduce long-term teacher labor alienation. A considerable weakness is the reduced
face-to-face integration between pre-service teachers and faculty members. Deans and
department heads insisted on the importance of the human touch in teacher education.
They emphasized that the pedagogically nurturing aspect of the human touch provided by
teachers fosters a more genuine development of care and commitment to the profession in
pre-service teachers. Some critical voices in educational technology such as [97] stress that
it is time to go beyond tools, to think over pedagogy and learning, and recognize the human
aspects of teaching. There is also another threat that Al systems will reinforce biases and
produce skewed recommendations [98,99], and Al runs the risk of mishandling or misusing
sensitive data depending on algorithms. Also, the data metrics collected by Al can expose
sensitive information and undermine the trust and confidence of stakeholders [10]. Privacy
and transparency protections should be ensured to a high degree to maximize the benefits
of Al in teacher education. Teacher education institutions should ensure a legal basis for
their Al use with strict measures to safeguard sensitive information. Although Al has the
ability to improve learning analytics, these systems need vast volumes of data, including
private information about students and faculty, which creates significant privacy and data
security concerns [2]. Al algorithms should not unintentionally perpetuate biases present
in faculty data, leading to unequal educational outcomes for different groups of pre-service
teachers. In this regard, it appears that pre-service teachers believe that Al will contribute
more positively to democratization in teacher education.

Ref. [16] brings about some criticisms about Al-powered teacher education, raising
questions about immoral behaviors. Pre-service teachers may use Al tools (e.g., ChatGPT,
DALL-E, or other text and content generation tools) for cheating or misuse. According
to department heads, authentic evaluation methods should be used together with Al to
avoid this situation. Within this context, pre-service teachers can be asked to work on
real-world problems that Al cannot easily solve with current algorithms such as conducting
an analysis based on pre-service teachers’ own experiences with specific details. Another
support is Al tools such as GPTZero which can detect whether texts are generated by
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artificial intelligence. Also, pre-service teachers can be asked to submit not only the final
version of a study but also draft and develop steps of the process. Thus, the developmental
stages of the study can be monitored.

To summarize, teaching, first and foremost, is a profession that has traditionally re-
lied heavily on the human touch but is evolving into a world where human—machine
interactions are increasing. Considering the emerging situation, we need to forge a new
relationship where Al enhances human connection, nurturing teacher education to pre-
pare future-ready teachers. The long-term viability of this relationship rests on institu-
tionalizing ethical frameworks that explicitly manage the trade-offs between efficiency
(economic/environmental) and professional integrity (social).

To quantify the potential impact and demonstrate the value of the five key components
of the Al-powered teacher-training framework, specific measurable metrics can be assigned
to each area:

Metric 1 (AI Readiness): To achieve a 70% combined positive response rate
(Agree/Strongly Agree) among pre-service teachers on the ORATE Survey items related to
“Al readiness level as a future teacher” within the first year of integration.

Metric 2 (Automated Curriculum): To reduce the curriculum revision cycle time from
an average of five years to two years (66% time reduction) by leveraging Al data analytics
for course updates and competency identification.

Metric 3 (Equity/Intervention): To achieve a 10% increase in course completion rates
for students identified as “at-risk” following Al-guided, timely interventions.

Metric 4 (Resource Efficiency): To reduce the incidence of non-completion or with-
drawal among pre-service teachers by 5% through the early identification of risky behaviors
based on on-entry and ongoing data monitoring.

Metric 5 (Teaching Efficacy): To demonstrate a 25% increase in pre-service teach-
ers’ self-efficacy scores related to classroom management and assessment capacity after
participating in Al-based simulations and video-based analytics feedback.

Metric 6 (Workload Reduction): To reduce the average time faculty members spend
on routine content-related tasks (e.g., grading, rubric design, and content summarization)
by 20%, enabling greater focus on high-value human interaction and mentorship.

Metric 7 (Operational Efficiency): To achieve a 20% reduction in administrative costs
or time allocation for faculty-wide evaluation and needs analysis processes by implement-
ing autonomous self-evaluating systems.

Metric 8 (Retention/Attrition): To contribute to a measurable 15% reduction in teacher
attrition rates within four years of their service by using Al to automate tasks, making the
profession more manageable and attractive.

Metric 9 (Ethical Trust): To achieve a consistent 80% stakeholder satisfaction rating
across all groups regarding the transparency, data security, and ethical use of Al systems,
as measured by annual institutional surveys.

Metric 10 (Environmental Impact): To integrate a policy that mandates the use of
energy-efficient algorithms, aiming to ensure the CO, footprint of the Al system does not
exceed 10% of the faculty’s total annual energy consumption.

Educational Implications

The findings of this study offer important implications for teacher education institu-
tions seeking to integrate artificial intelligence in sustainable, equitable, and pedagogically
meaningful ways.

Strategic and Timely Integration of Al

Given the limited timeframe for adapting to Al-driven transformations, teacher-
training institutions must proactively incorporate Al tools and frameworks into their
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programs. Early integration will allow faculties to prepare future-ready teachers and to be
adept at leveraging Al for both instructional and administrative purposes.

Enhancing Learning Analytics for Economic Sustainability

By applying predictive modeling and early warning systems, faculties can provide
targeted support for “at-risk” pre-service teachers, thereby improving retention, optimizing
resources, and promoting equitable outcomes.

Curriculum Innovation Through Automation

Automated curriculum development, informed by data from multiple sources,
can ensure relevance, scalability, and adaptability in preparing teachers for evolving
global demands.

Fostering Creativity, Reducing Routine Workload, and Reforming Assessment

Generative Al tools can help pre-service teachers and faculty members focus on high-
value teaching activities by automating repetitive tasks such as content summarization,
lesson plan creation, or rubric design. Al can enhance assessment practices by providing
data-driven evaluations rather than one-off examinations.

Teacher Recruitment for Economic Sustainability and Capacity Building

Al-assisted recruitment systems could complement national teacher placement pro-
cesses, aligning teachers’ strengths with institutional needs and promoting diversity and
efficiency in hiring. Al integration can optimize resource allocation, reduce labor-intensive
processes, and build institutional capacity for long-term growth. Particularly in resource-
constrained contexts, Al can facilitate scalable, data-informed solutions that improve
teacher education access and quality.

Safeguarding the Human Touch in Teacher Education

Offering substantial benefits, Al integration should serve as an augmentative tool
rather than a replacement for the human touch. Faculty members should ensure that
teacher-training faculties should preserve the human touch, fostering the genuine care,
empathy, and professional identity formation essential to teacher preparation.

5. Conclusions

This analysis extends beyond descriptive reporting to offer a multi-stakeholder un-
derstanding of Al-powered teacher training. More specifically, the analysis provides
multi-stakeholder perspectives. By systematically examining the convergences and di-
vergences among curriculum developers, Al experts, higher education leaders, private
sector managers, and over 500 pre-service teachers, the study uncovers smart opportuni-
ties for Al-empowered teacher education, areas of disagreement, and potential sources
of tension. Such insights are critical for researchers and decision-makers seeking to an-
ticipate and manage the complexities of Al integration in teacher education. This study
also provides evidence-based implications for practice and policies. The findings move
beyond conceptual discussions, offering concrete and actionable directions—such as Al-
supported automated curriculum design, intelligent assessment systems, and targeted
early interventions for at-risk pre-service teachers.

The findings reveal several new possibilities for valuable and smart opportunities
enabled by Al's unique capabilities for reimagining teacher training. These are organized
around five core themes:

Intended use of Al in teacher education context: The purposeful application of Al tools to
enhance teacher education.
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Machine learning with data monitoring: Leveraging Al’s analytical power to monitor
pre-service teachers’ professional progress and improve outcomes.

Al-human interaction in teacher training: The design of collaborative systems where Al
augments, rather than replaces, human interaction.

Al-powered feedback for better faculty management: Using Al to manage administrative
process for greater faculty efficiency.

Digital vision, risks, and Al ethics: The recognition that smart opportunities must be bal-
anced with robust ethical frameworks to ensure responsible and equitable implementation.

It appears that Al-powered teacher training should be planned as an ecosystem rather
than a stand-alone component. From a sustainability standpoint, social sustainability—
followed by economic sustainability to a certain extent—stands out as the most prominent
outcome of Al-empowered teacher education. There is an urgent need for clear regulations
and frameworks. Potential barriers to Al implementation, such as costs or resistance
to change, should be honestly acknowledged to provide a more balanced view. Future
research should focus on longitudinal studies focusing on interactions with Al systems
in real faculty settings. They should examine pre-service teachers’ actual experiences of
collaboration with Al systems in different teaching situations and faculty administrative
tasks. Artificial intelligence can ensure sustainability in teacher training by serving as
a systematic data-based approach and allows for more efficient capital management in
teacher education faculties.

5.1. Limitations

This study presents several limitations that should be acknowledged when interpreting
the findings. The current study relies mainly on participants’ self-reported perceptions
of Al, which may be biased due to Al being a newly emerging technology. The use of a
purposive sampling strategy (especially with deans), while practical for securing expert
opinions, constitutes a limitation as it may not fully represent the diverse stakeholders of
teacher training. Al-powered teacher training is very new and largely unexplored, which
inherently includes its own distinct complexity that poses a challenge for current research
designs. Although the Discussion Section addresses general ethical concerns, this study
lacks further elaboration on specific ethical guidelines in education faculties, including
a detailed discussion of how to address potential biases in Al algorithms for their use in
teacher education.

5.2. Future Research

Future research should build upon these findings, focusing on empirical evidence and
long-term implications. Future studies should focus on longitudinal research to examine
interactions with Al systems in real faculty settings. Research should specifically examine
pre-service teachers’ actual experiences of collaboration with Al systems in different teach-
ing situations and administrative tasks within the faculty. Given the current gap, future
work needs to focus on the development of specific ethical guidelines for Al integration in
teacher education, including strategies to mitigate and address algorithmic biases.
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