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Abstract: Despite the growing presence of artificial intelligence (Al) productivity tools in education,
there remains a lack of standardized instruments to assess teachers’ readiness and engagement with
such technologies. Addressing this gap, the present study developed and validated a comprehensive
scale to measure teachers' knowledge, attitudes, and practices (KAP) related to Al productivity tools.
Guided by the KAP framework, the study employed a sequential exploratory design. Initial items
were generated through literature review and expert input, followed by content validation by Al and
education specialists. The scale was pilot-tested and refined using data from a stratified convenience
sample of 300 pre-service teachers in a state university in Central Visayas, Philippines. Exploratory
and confirmatory factor analyses supported an 11-factor structure across the KAP domains. The
finalized 58-item scale demonstrated strong psychometric properties, including high internal
consistency and construct validity. By providing a valid and reliable tool, the study contributes to Al
readiness assessment and intervention designs that promote responsible Al integration and use.
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1. Introduction

Artificial intelligence (Al) has rapidly started to significantly influence many areas, including
education [1]. It has transformed how knowledge is shared [2], how learning is assessed [3], and how
teaching is structured [4]. With applications such as intelligent tutoring systems, adaptive learning
platforms, automated grading, and learning analytics, Al can personalize education [5], simplify
teaching tasks [6], and improve student involvement [7]. These improvements not only promise
efficiency but also aim to address long-standing educational problems through various teaching
methods and data-driven decision-making. As Al continues to develop, it is crucial that educators,
especially future teachers, understand and use its potential responsibly and effectively.

In pre-service teacher education, Al tools, especially Al productivity tools, are becoming more
relevant. These include generative Al platforms such as ChatGPT [8], Grammarly [9], QuillBot [10],
Canva [11], and other tools that aid in content creation, lesson planning, assessment design, and
communication [12]. By automating routine tasks and providing intelligent support, these tools
create opportunities to enhance teaching productivity [13], creativity [14], and flexibility [15]. For
pre-service teachers, who are still developing their instructional skills and professional identity,
becoming familiar with these tools could significantly affect their teaching readiness and future
classroom practices. However, it remains unclear how well prepared they are to use these tools
meaningfully.

Existing literature indicates that pre-service teachers exhibit varying levels of awareness,
readiness, and acceptance of Al technologies. Some studies suggest that future teachers exhibit
optimism [16-18] and curiosity [19,20]. However, others raise concerns about ethical use, data
privacy, and job loss [21-23] as well as insufficient training or exposure [24,25]. These mixed
reactions suggest that while interest in using Al in education is increasing, many pre-service teachers
remain unsure or unprepared to utilize Al productivity tools in their teaching practices effectively.
Their readiness depends not only on access or exposure but also on a complex mix of their
knowledge about Al, their feelings about its use, and how they apply it in educational settings.

To understand this readiness, researchers in educational technology have used several models,
including the Technology Acceptance Model (TAM) [26-28], the Extended TAM (ETAM) [29-31],
the Unified Theory of Acceptance and Use of Technology (UTAUT) [32-34], and the Theory of
Planned Behavior (TPB) [35-37]. These models highlight cognitive and attitudinal factors that affect
technology adoption [38-41]. However, many of these frameworks mainly focus on perceived
usefulness, ease of use, or behavioral intention, which may not fully reflect the reality of actual
practice. Additionally, tools created from these models often evaluate general digital or technological
readiness rather than focusing on Al productivity tools. As a result, these tools may overlook the
specific behavioral, ethical, and teaching aspects related to using Al in education.

The Knowledge—Attitudes—Practices (KAP) model provides a behavior-focused and
comprehensive approach to evaluate readiness and views on technology use [42-44]. This framework
comes from the health and social sciences, having developed especially during the pandemic [45]. It
has been commonly used to study how people gain knowledge, develop attitudes, and change
behaviors when faced with new practices or innovations [42-44]. In education, KAP enables a
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detailed insight into how pre-service teachers think about Al, their feelings toward it, and how these
aspects influence their actual teaching methods. Unlike the TAM or TPB, which usually focus only
on intentions, KAP examines the whole journey from awareness to use. This makes it especially
useful for assessing readiness in new areas, such as Al in education.

Despite its potential, limited studies [46,47] have been conducted to design and validate a tool to
assess pre-service teachers’ knowledge, attitudes, and practices regarding Al productivity tools using
the KAP framework. This gap limits our understanding of how future educators engage with Al
during their training and how they might use it in their future classrooms. With the rapid rise of
generative Al tools and the growing expectations for teachers to incorporate these technologies, there
is an urgent need for a reliable tool that can assess the cognitive, emotional, and behavioral aspects of
Al readiness. Filling this gap is crucial for enhancing teacher preparation programs, informing policy
development, and developing targeted interventions that encourage responsible and effective Al use
in education.

This study aimed to create and validate a KAP-based tool that measures pre-service teachers’
knowledge, attitudes, and practices regarding the use of Al productivity tools in education. By
assessing these three interconnected areas, the tool sought to provide a complete view of Al readiness
among future educators. The development process involved thorough steps, including item creation,
expert review, and psychometric testing to ensure the scale is reliable, valid, and valuable for teacher
education programs.

This KAP tool is different from other instruments in several essential ways. First, it focuses
specifically on Al productivity tools, which may not be included in broader technology readiness
assessments. Second, it employs a framework that captures actual practices, rather than just
intentions or perceptions. This provides a clearer picture of how pre-service teachers utilize Al in
their coursework and training. Third, the tool includes new generative Al platforms, making it
relevant to today’s educational environment. Its wide-ranging scope, theoretical basis, and practical
focus set it apart from other models and add value to Al education research.

Overall, this study is crucial for efforts to integrate Al into education in a responsible manner. It
offers a tested tool to evaluate pre-service teachers’ readiness and engagement with Al productivity
tools. This helps teacher education institutions identify training needs, develop responsive curricula,
and promote ethical and practical use of Al. The study also contributes to the discussion on
educational technology by introducing a novel approach to measuring Al adoption using the KAP
framework. In this way, the study supports both theory and practice. It helps ensure that future
teachers are prepared to handle the complexities and opportunities of Al-enhanced education.

1.1. Literature review
1.1.1. Artificial intelligence in education

Acrtificial intelligence (Al) has transformed numerous sectors, with education undergoing a quick
change due to innovative technology [1-4]. Over the years, Al's role in education has changed from
experimental models to more widely used systems in formal learning settings [48]. The use of Al in
education encompasses personalized instruction, adaptive feedback systems, predictive analytics, and
administrative support [5-7]. These technologies are changing how content is delivered and assessed
[2-4], which affects the roles of teachers [49,50] and learners [7,51,52] in ways that challenge
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traditional teaching structures. Researchers emphasize that Al in education (AIED) aims to enhance
learning through systems that can mimic cognitive tasks, such as reasoning, problem-solving, and
decision-making [49,53,54].

Recent studies have highlighted how Al can transform student engagement and improve learning
outcomes. Baidoo-Anu and Owusu-Ansah [55] pointed out both the benefits and challenges of Al in
education. They noted that tools like ChatGPT and Grammarly help with personalized instruction
and streamline administrative tasks. Huang et al. [56] found that Al-driven personalized video
recommendations in a flipped classroom significantly improved student engagement and
performance, especially among moderately motivated learners. Yuan and Liu [57] demonstrated that
using Duolingo in EFL classrooms increased student engagement, motivation, and enjoyment.
Similarly, Bachiri et al. [58] reported that Al-based gamified assessments raised motivation and
learning outcomes in MOOCs. However, Eteng-Uket and Ezeoguine [59] found no significant
improvement in results using chatbots alone, indicating a need for balanced Al integration. These
findings highlight the diverse impacts of Al in education and underscore the importance of
implementing it carefully.

Teachers' experiences with Al are becoming a key area of research due to their significant role in
adopting Al. Some studies indicate that teachers are open to using Al tools, particularly those that
help reduce repetitive tasks, as revealed by Hashem et al. [60] and Kim and Kim [61], or those that
support data-driven decision-making, as found by Schelling and Rubenstein [62] and Obery et
al. [63]. However, other findings suggest reluctance due to limited knowledge of Al, fear of job loss,
or concerns about data privacy and professional independence [21-25]. Dieterle et al. [64]
emphasized the need for ethical and practical guidelines to promote the responsible and ethical use of
Al in educational settings, such as classrooms. Teachers often feel overwhelmed by the rapid growth
of Al tools, especially when professional development fails to keep up with advancements [65].
These challenges underscore the growing need to comprehend not only Al's capabilities but also the
real-life experiences and perspectives of educators who have to integrate these tools.

Students have shown mixed responses to Al in their learning environments. Al has enhanced
engagement and supported independence through personalized learning paths [7,51,52,55-58].
However, some students worry about relying too heavily on automated feedback [66] and missing
out on the benefits of human interaction [67,68]. Al platforms that offer multilingual support [69,70]
and diverse materials [71,72] have successfully met the varied needs of the learners. Still, the
long-term effects on critical thinking [73,74] and creativity [75,76] remain a matter of debate. In this
situation, educators must strike a balance between the benefits of automation and teaching values
that highlight human judgment and emotional intelligence. As Al becomes more advanced,
discussions about its ethical, cognitive, and cultural impacts in education are intensifying.

Overall, the literature presents a complex view of AI’s increasing role in education. Evidence
supports its ability to improve teaching methods and increase access to knowledge [55-58,60-63];
however, issues related to ethics, training, infrastructure, and readiness persist [66-68,73-76].
Understanding Al’s role requires not only technical evaluation but also an examination of how
different stakeholders perceive, interact with, and adapt to Al tools. This expanding field of research
sets the stage for further investigation into how teachers prepare for and respond to the new
challenges of education, including Al.
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1.1.2. Al frameworks in education

To explore how teachers interact with Al, researchers have employed various theoretical models
that examine the adoption and behavior of technology. One of the most referenced models is the
TAM, which suggests that the perceived usefulness and ease of use of technology affect whether
people accept it [38]. Studies using TAM in education have found that teachers are more willing to
use Al based on their beliefs about its effectiveness and how comfortable they are with its
interface [26-28]. However, TAM has drawbacks [77,78], as it does not fully capture complex
realities, especially in teaching and challenging educational settings. While it predicts intentions, it
overlooks key ethical issues, cultural factors, and institutional barriers that influence the adoption of
Al.

The UTAUT expands on TAM by incorporating additional factors, such as social influence,
enabling conditions, and behavioral intention [40]. Research on UTAUT in Al education emphasizes
the importance of peer support, leadership, and training in helping teachers integrate Al [32-34]. Still,
like TAM, UTAUT mainly focuses on intentions and ignores emotional and behavioral
aspects [79,80], such as reactions to Al, long-term adjustments, and changes in teaching methods.
Therefore, while both models provide valuable insights, their relevance to Al in education,
particularly in terms of teachers' readiness and ongoing use, is limited.

Other behavioral models, such as the TPB, have also been used to examine educators' views on
Al technologies, including attitudes, social norms, and perceived control to predict technology usage,
offering a more psychological perspective [41]. However, its accuracy heavily relies on specific
conditions and assumes that people always make rational choices [41,81], which may not apply to
unplanned behavior [82], including in fast-changing or resource-limited educational settings.
Furthermore, these models typically encompass broad technology categories and do not specifically
address Al-related aspects, such as automation, unclear algorithms, and data ethics.

In this regard, the KAP model has emerged as a valuable alternative for understanding
technology adoption, particularly in the context of educational innovation [42-44]. The KAP model
considers not only what users know and feel about a specific technology but also how they apply it in
practice. It aligns with the growing need for behavioral frameworks that represent real-world
classroom use and the ongoing processes of trial, error, reflection, and adjustment that characterize
teachers' interactions with Al. Although KAP has been widely applied in areas such as public health
and environmental studies, its use in the context of Al in education is still in development, marking a
significant opportunity for future research and expansion.

1.1.3. Developed and validated scales on Al in education

In response to the growing role of Al in education, several recent studies have developed and
tested tools to measure different aspects of Al engagement. One notable example is the Artificial
Intelligence Literacy Scale for Teachers (AILST) [83], which evaluates teachers’ knowledge, views,
and ethical awareness about Al. This tool offers a multidimensional framework grounded in practical
teaching skills. Similarly, the Generative Artificial Intelligence Attitude Scale [84] measures students'
attitudes toward generative Al platforms, such as ChatGPT, capturing factors including enthusiasm,
skepticism, and perceived educational value. These studies are significant for quantifying attitudes
toward Al, but they often have a limited focus or cater to specific groups.
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Other tools examine motivation and ethical perspectives. The Al Motivation Scale (AIMS) [85],
based on self-determination theory, gauges students’ motivation to learn with Al across five areas,
including both intrinsic and extrinsic factors. Meanwhile, the Al and Ethics Perception Scale
(AEPS) [86] examines views across five ethical domains: transparency, accountability, privacy,
fairness, and human oversight. This highlights the importance of ethical understanding in Al
engagement. These instruments demonstrate a growing interest in specific measurement tools;
however, they often focus on either cognitive or attitudinal aspects and rarely capture actual
behaviors.

Scales aimed at educational professionals include tools like the Artificial Intelligence Attitude
Scale for Nurses [87] and a Turkish version of the Al Literacy Scale for university students [88].
While these tools are not explicitly designed for teacher education, they offer valuable insights into
methods suitable for validating Al-related constructs. The literature reflects a growing variety of
target groups, including students, professionals, and pre-service teachers; however, relatively few
tools offer frameworks that combine knowledge, attitudes, and actions on a single scale.

There is also new work on perception-based tools, such as that conducted by Amani and
Bisriyah [89], which gathered qualitative data on how students view AI’s role in writing and
academic success. While these are not validation studies for scales, they help shape future instrument
design by identifying important themes in student interactions with Al. Additionally, studies such as
Yazid and Aziz [90] on the readiness of primary and secondary school teachers to use Al-generated
content offer valuable insights into the professional development needs of educators in this area.

Despite these advances, a clear gap remains: current tools often focus either on single constructs
(such as literacy, motivation, or ethics) or specific groups (such as students or nurses), without
offering a unified framework for understanding teachers’ overall engagement with Al. Few tools use
the KAP model to capture what teachers know, how they feel, and how they use Al tools in
real-world situations. Addressing this gap is crucial for enhancing measurement accuracy and
developing interventions that cater to the diverse and evolving needs of Al integration in education.

1.2. Research questions

This study developed and validated a KAP-based scale to measure the pre-service teachers’
knowledge, attitudes, and practices regarding Al. The following questions guided the instrumentation
study:

1. What items are created for the KAP-based scale?

2. What are Aiken’s V values for the scale’s content validity?

3. What are the infit, outfit, and person reliability measures based on the scale’s item analysis?

4. What is the underlying factor structure of the scale as revealed by the exploratory factor

analysis (EFA)?

5. Does the factor structure of the scale demonstrate a good fit as observed using confirmatory

factor analysis (CFA)?

6. How does the scale establish construct validity through CFA?

7. To what extent is the scale internally consistent and reliable across its subscales?

2. Methods

This study employed a sequential exploratory research design, following the three-phase
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procedure recommended by Boateng et al. [91] for scale development in social and behavioral
research: (1) item development, (2) scale development, and (3) scale evaluation. This design guided
the formulation, testing, and refinement of the KAP-based scale on Al productivity tools in education.
Each phase integrated procedures to ensure strong content validity, construct validity, discriminant
validity, and internal consistency, supported by both expert judgment and rigorous statistical
techniques.

In the item development phase, an initial pool of 60 items (20 for each of knowledge, attitudes,
and practices) was generated based on a comprehensive literature review of artificial intelligence in
education, KAP studies, and related theoretical constructs. Instead of adopting existing instruments,
the researchers identified key concepts and trends in Al applications and translated them into item
statements. Knowledge items were constructed as dichotomous (True/False), while attitudes and
practices items used a 5-point Likert scale. The initial items were evaluated by seven experts in
education, ICT, and Al integration. Content validity index (CVI) was determined using Aiken’s V,
with values of 0.80 or higher indicating good content relevance and clarity [92].

During the scale development phase, the instrument was pre-tested with 15 pre-service teachers
for clarity and comprehensibility, resulting in minor rewording. The revised version was then
administered to 300 pre-service teachers from the 4200 student population of the teacher education
college from a state university in Central Visayas, Philippines, selected using stratified convenience
sampling to represent a mix of gender and academic levels. This sample size is adequate per the
recommendation of Clark and Watson [134]. The demographic profile of the respondents is shown in
Table 1.

Table 1. Demographic profile of the survey respondents.

Profile Category Frequency Percentage
Age Below 21 years old 134 44.67
21-23 years old 157 52.33
Sex Male 9 3.00
Female 239 79.67
Year level First year 37 12.33
Second year 87 29.00
Third year 93 31.00
Fourth year 83 27.67
Socioeconomic status Below Php 10,957 180 60.00
Php 10,957 — Php 21,914 78 26.00
Above Php 21,914 42 14.00

According to Table 1, most of the respondents were aged 21-23 years (52.33%) and female
(79.67%). Respondents were fairly distributed across year levels, with third-year students comprising
the largest group (31.00%). In terms of socioeconomic status, the majority (60.00%) reported a
monthly household income below Php 10,957. Data obtained from these respondents were analyzed
using the Rasch model, employing dichotomous analysis for knowledge items and polytomous
analysis for attitudes and practices items. This approach enabled the evaluation of item difficulty
measures, including infit and outfit statistics with acceptable values of 0.40-1.60 [93] and person
reliability (>0.80) [94]. Rasch analysis also ensured that each item measured along the intended

STEM Education Volume 5, Issue 6, 1022—1057



1029

latent trait continuum without redundancy or excessive misfit.

In the scale evaluation phase, EFA was conducted to determine the underlying factor structure.
Assumption testing was performed using Bartlett’s test of sphericity (p < 0.001) and the
Kaiser-Meyer-Olkin (KMOQO) measure of sampling adequacy (KMO > 0.60) [95]. Principal axis
factoring with varimax rotation was applied. Items with factor loadings above 0.40 were
retained [96], while those below 0.40 were removed from the scale, including items K1 and K10.
CFA was then conducted on the same dataset to test the hypothesized factor structure. Model fit was
evaluated using indices including the Comparative Fit Index (CFI > 0.95), Tucker - Lewis Index
(TLI > 0.95), and root mean square error of approximation (RMSEA < 0.06) [97]. Construct validity
was assessed through strong standardized factor loadings (>0.50), discriminant validity was
determined by examining the inter-factor covariances and heterotrait-monotrait ratio (HTMT),
ensuring that no values exceeded 0.85, and the multicollinearity assumption was ascertained through
the variance inflation factor (VIF) [98,99]. To assess internal consistency, Cronbach’s alpha values
were computed for each KAP domain. Alpha values of >0.70 were considered acceptable, >0.80
good, and >0.90 excellent [100].

All analyses were conducted using the Jamovi software, version 2.3.25.0, at a 95% confidence
level, except for HTMT and VIF, which were performed using PLS-SEM, version 4.1.0.9. All
p-values lower than 0.05 were considered significant.

3. Results
3.1. KAP scale items

Twenty items were generated for each KAP domain, totaling 60 items for the whole scale. These
items are presented in Table 2.

Table 2. Items in the KAP scale (N = 60 items).

Code Items Reference
K1 Al in education is only humanoid robots that teach. [48]

K2 Al can personalize learning for students. [48,52,54,56]
K3 Al in education aims to replace human teachers. [49,50]
K4 Al systems in education are unbiased. [64,86]
K5 Al understands student emotions better than human teachers. [49]

K6 Al can predict student success based solely on past performance. [48]

K7 Al is limited to grading multiple-choice questions. [48]

K8 Al can adjust teaching strategies based on student feedback. [48,52,84]
K9 Using Al hinders students’ critical thinking. [66,73,74]
K10 Al technology is too expensive for schools. [71]

K11 Al systems in education are always fair to all students. [64,86]
K12 Al technology always protects student privacy. [64,86]
K13 Al can worsen existing inequalities among students. [64,86]
K14 Student data collected by Al is always secure. [64,76,86]
K15 Al encourages a diverse and inclusive learning environment. [69-71]
K16 Al integration means replacing traditional teaching methods. [49,50]
K17 Al can adapt to different learning styles. [54,59]
K18 Al focuses only on academics, neglecting skills like creativity. [75]
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K19
K20
Al
A2
A3
A4
A5
A6
A7
A8
A9
A10
All
A12
A13
Al4
A15
A16
A7
A18
A19
A20
P1
P2
P3
P4
P5
P6
P7
P8
P9
P10
P11
P12
P13
P14
P15
P16
P17
P18
P19
P20

Teachers will become obsolete with Al.

Al has the potential to improve education.

Al can enhance the quality of education.

Al integration is a positive step for modernizing education.
Al can adapt to diverse learning styles.

Al use is necessary to keep up with technology.

Al complements, rather than replaces, teachers.

I am concerned about Al bias in education.

Al respects students’ privacy.

Al can address education inequalities.

There should be strict regulations for Al use.

Al should be transparent in its decisions.

Al can provide personalized learning.

I am confident that Al can assess various assignments.
Al use promotes critical thinking and problem-solving.
Al can positively influence student academic achievements.
Al can adapt its teaching strategies based on feedback.
Al may hinder creativity and collaboration skills.
Teachers may feel threatened by Al.

I am concerned Al might lead to job losses in education.
The cost of Al in education outweighs the benefits.
Resistance to Al is mainly due to a lack of understanding.
I actively use Al-powered educational tools.

I use Al applications to understand academic subjects.

| have participated in Al integration workshops.

I use Al resources when facing academic challenges.

I share beneficial Al tools with peers.

I use Al resources in my academic projects.

I use Al tools for presentations and reports.

I collaborate with Al platforms to improve learning.

| seek feedback from Al systems on assignments.

I use Al tools for tasks like note-taking.

I am comfortable interacting with Al chatbots for school.
I collaborate with Al platforms for group projects.

I use Al-driven communication tools with peers and educators.

I contribute to online forums that use Al for learning.

I am open to Al-generated student material recommendations.
I reflect on how Al tools affect my academics.

I seek teacher feedback on using Al in my learning.

I adjust my Al use based on teacher feedback.

I regularly assess Al’s impact on my study habits.

I actively seek new Al tools to enhance my education.

[49,50]
[48,55,84]
[48,55,84]
[48,84]

[59]

[48,84]
[49,50,60]
[64,84]
[64,76,86]
[64,71]
[64,86]
[64,86]
[56,72,84]
[48]

[52]

[56,59]

[56]

[75]

[50,65]

[50]

[71]

[68]
[51,53-55,89]
[51,53-55,89]
[51,53-55,89]
[51,53-55,89]
[51,53-55,89]
[51,53-55,89]
[51,53-55,89]
[51,53-55,89]
[51,53-55,89]
[51,53-55,89]
[51,53-55,89]
[51,53-55,89]
[51,53-55,89]
[51,53-55,89]
[51,53-55,89]
[51,53-55,89]
[51,53-55,89]
[51,53-55,89]
[51,53-55,89]
[51,53-55,89]

As shown in Table 2, the developed KAP scale consists of 60 items across three domains:
knowledge (K), attitudes (A), and practices (P), with 20 items per domain. The knowledge items
address both accurate concepts and common misconceptions about Al in education. For example,
some items reflect misunderstandings such as Al being limited to humanoid robots (K1) or
eventually replacing human teachers (K3, K19). In contrast, other items highlight AI’s more
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advanced capacities, such as personalizing learning (K2), adapting instruction (K8), and protecting
student privacy (K12). The attitudes items capture respondents’ beliefs, concerns, and levels of
acceptance regarding Al use, ranging from supportive views on Al’s potential to modernize
education (Al, A2, A4) to reservations about bias, privacy, and job security (A6, Al7, A18). The
practices items, on the other hand, focus on respondents’ actual use and engagement with Al tools in
their academic tasks, including using Al for academic support (P1, P6, P10), collaboration (P12,
P13), reflection (P16, P19), and seeking feedback (P17, P18). Each item was aligned with relevant
literature to ensure theoretical grounding.

3.2. Content validity index

The results of the content analysis were subjected to Aiken’s V test to determine the CVI of the
KAP scale dimensions and items. The results are presented in Table 3.

Table 3. Aiken’s V coefficients for the content validity of the KAP scale.

Item Aiken’s V. Description  Item Aiken’s V. Description  Item Aiken’s V. Description
K1 0.86 Valid Al 1.00 Valid P1 1.00 Valid
K2 1.00 Valid A2 1.00 Valid P2 1.00 Valid
K3 1.00 Valid A3 1.00 Valid P3 1.00 Valid
K4 1.00 Valid A4 0.95 Valid P4 1.00 Valid
K5 1.00 Valid A5 0.95 Valid P5 1.00 Valid
K6 0.95 Valid A6 0.90 Valid P6 1.00 Valid
K7 0.95 Valid A7 0.95 Valid P7 1.00 Valid
K8 0.90 Valid A8 0.95 Valid P8 1.00 Valid
K9 0.90 Valid A9 0.95 Valid P9 1.00 Valid
K10 0.86 Valid Al0 0.95 Valid P10 1.00 Valid
K11 0.95 Valid All 1.00 Valid P11 1.00 Valid
K12 0.95 Valid Al2 0.95 Valid P12 0.95 Valid
K13 0.95 Valid Al3 1.00 Valid P13 1.00 Valid
K14 1.00 Valid Al4 1.00 Valid P14 1.00 Valid
K15 1.00 Valid Al5 0.90 Valid P15 0.95 Valid
K16 0.95 Valid Al6 0.90 Valid P16 1.00 Valid
K17 0.95 Valid Al7 0.95 Valid P17 1.00 Valid
K18 0.95 Valid Al8 0.95 Valid P18 0.95 Valid
K19 0.95 Valid Al9 1.00 Valid P19 0.95 Valid
K20 1.00 Valid A20 1.00 Valid P20 1.00 Valid
Overall  0.95 Valid Overall  0.96 Valid Overall  0.99 Valid

Legend: Not valid (0.00-0.79), valid (0.80 and above)

Table 3 shows that all 60 items received Aiken’s V coefficients ranging from 0.86 to 1.00,
surpassing the commonly accepted threshold of 0.80 for content validity. Knowledge items such as
K2, K3, K4, K5, K14, K15, and K20 achieved perfect agreement, while K1 and K10 had the lowest
ratings (0.86) but were still considered valid. Attitude items also showed consistently high validity,
with A1-A3, All, A13, Al4, Al19, and A20 rated at 1.00. The practices domain recorded the highest
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average, with the majority of items scoring a perfect 1.00, except for P12, P15, P18, and P19, which
slightly trailed with V values between 0.95 and 0.99. Overall, the mean Aiken’s V coefficients for
each domain were 0.95 for K, 0.96 for A, and 0.99 for O, affirming strong content validity across the
scale.

3.3. Item analysis

The KAP scale underwent item reduction analysis through the Rasch model to ensure the items
were parsimonious. These numbers show how well each item fits within the underlying construct
that the scale measures. Table 4 displays the measure, infit, and outfit statistics for each item in the
domains.

Table 4. Item analysis of the KAP items.

Item  Measure Infit Outfit Item  Measure Infit Outfit Item Measure Infit  Outfit
K1 -0.88 098 0.96 Al -2.54 090 0.87 P1 -2.20 0.63 0.68
K2 -1.46 1.02 1.03 A2 -2.56 0.80 0.79 P2 -2.60 0.70 0.70
K3 -3.09 096 0.72 A3 -1.73 0.88 0.88 P3 -0.79 111 114
K4 -0.06 094 0093 A4 -2.53 0.89 0.89 P4 -2.66 0.79 0.80
K5 -3.30 096 0.68 A5 -2.89 1.28 1.29 P5 -2.02 092 0091
K6 -1.46 1.03 1.08 A6 -2.51 1.03 111 P6 -1.80 0.98 0097
K7 -0.34 095 0.93 A7 -1.21 096 0.98 p7 -2.27 1.09 1.04
K8 0.10 1.09 111 A8 -1.62 0.72 0.76 P8 -2.32 072 071
K9 1.17 101 1.02 A9 -3.51 106 1.01 P9 -2.06 115 112
K10 0.52 1.01 1.03 A10 -3.15 0.86 0.82 P10  -1.43 134 132
K11 -0.11 093 092 A1l  -197 0.90 0.89 P11  -2.01 1.00 0.96
K12 -1.00 1.03 104 Al2  -142 0.86 0.87 P12  -1.54 1.01 101
K13 -0.43 1.08 1.08 Al13  -1.08 1.03 1.04 P13  -1.73 142 136
K14  -1.50 099 0097 Al4  -2.15 0.64 0.64 P14  -091 114 112
K15 0.70 111 113 Al5  -157 0.90 0.90 P15  -2.39 092 0.90
K16 -1.26 094 0.89 Al6  -194 146 150 P16  -2.61 0.77 0.78
K17 -0.71 1.08 1.10 Al7  -1.78 139 140 P17 -1.70 143 140
K18 0.00 093 092 Al8 -1.86 150 1.60 P18  -2.94 125 117
K19 -1.22 094 0.87 A19  -1.77 098 1.01 P19  -2.56 1.06 1.03
K20 -1.67 1.03 104 A20 -2.21 0.87 0.87 P20  -2.32 0.66 0.64
person reliability 0.80 person reliability 0.86 person reliability 0.94
p-value 0.001 p-value 0.001 p-value 0.001

Legend: Infit/outfit: unacceptable (below 0.40 and above 1.60), acceptable (0.40-1.60); Person reliability: unacceptable
(below 0.80), acceptable (above 0.80)

Table 4 displays the item fit statistics, specifically the infit and outfit mean square values, for all
items in the three domains of the KAP scale. All items fall within the acceptable Rasch model fit
range of 0.40-1.60, indicating that each item contributes meaningfully to its respective construct
without producing noise or distortion in measurement. Furthermore, person reliability indices show
good reliability for the knowledge and attitudes domains and excellent reliability for the practices
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domain, reflecting how consistently the items measure the intended traits across respondents. The
model fit is further supported by statistically significant p-values in all three domains, indicating
good model-data fit and confirming the internal validity of the items retained after item analysis.

3.4. Exploratory factor analysis

With the items fit for the KAP domains, the researchers subjected them to EFA to determine the
latent factors within the KAP scale. Before such factor analysis, assumption checks were done, and
the results are presented in Table 5.

Table 5. Results of the assumption checks before EFA.

Domain Bartlett’s test of sphericity KMO measures

Knowledge ¢?=1.041; p=0.001 Overall = 0.72; Individual items = 0.60-0.81
Attitudes ¢’=2.624; p=0.001 Overall = 0.86; Individual items = 0.67-0.91
Practices ¢®=4.059; p= 0.001 Overall = 0.95; Individual items = 0.90-0.97

Legend: Bartlett’s test: acceptable (p < 0.001); KMO measures: acceptable (0.60 and above)

Based on Table 5, the Bartlett’s test of sphericity was significant for all domains, confirming
sufficient inter-item correlations and not identity matrices. The KMO values were above 0.60,
indicating acceptable to excellent sampling adequacy. Individual KMO values ranged from 0.60 to
0.97, further supporting the data’s suitability for EFA. Hence, EFA was conducted on the data set,
and the results are presented in Table 6.

Table 6. Results of the EFA of the KAP scale items.

Domain Factor No. of items Items SS loadings % variance Cum. %
Knowledge Personalized learning potential 7 K17, K8, K2, K15, K6,1.75 8.74 8.74
(18 items) K13, K20
Ethical and privacy concerns 3 K11, K12, K14 1.36 6.79 15.53
Role of Al in education 3 K3, K5, K16 1.35 6.75 22.28
Limitations and challenges 5 K18, K7, K9, K19, K4 1.32 6.62 28.90
Attitudes Benefits and confidence in Al 7 Al5, A12, All1, Al13, 3.12 15.61 15.60
(20 items) integration A3, A7, A8
Perceptions of Al advantages 5 A4, A2, Al, A20,Al4 2.84 14.18 29.80
Teacher concerns and job impact 4 Al7,Al18,Al6,A19 191 9.54 39.30
Ethical considerations and 4 A9, A10, A5, A6 1.93 9.64 49.00
human-Al collaboration
Practices Active integration and 12 P2, P1, P4,P8, P11, 5.95 29.70 29.70
(20 items) utilization P9, P7, P6, P5, P16,
P20, P15
Engagement in Al education and 5 P14, P3, P10, P13, P123.31 16.60 46.30
collaboration
Adaptation and feedback in Al 3 P18, P17, P19 2.08 10.40 56.70
usage

Table 6 revealed four underlying factors within the knowledge domain after the removal of two
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items (K1 and K10) due to their factor loadings falling below the acceptable threshold of 0.40. The
remaining 18 items clustered into: (1) Personalized learning potential (PLP), which reflects
knowledge of AI’s ability to tailor instruction, predict performance, and promote inclusive learning;
(2) Ethical and privacy concerns (EPC), focusing on respondents’ awareness of data security, fairness,
and ethical implications of Al use in education; (3) Role of Al in Education (RAE), encompassing
beliefs about AI’s capacity to replicate or transform teacher roles and traditional pedagogies; and (4)
Limitations and challenges (LC), representing recognition of the risks associated with Al, such as
hindering creativity or neglecting non-academic skills. These four dimensions cumulatively
explained 28.90% of the variance in the knowledge domain.

For the attitudes domain, four dimensions also emerged from the 20-item scale. The first factor,
benefits and confidence in Al integration (BCA), reflects optimistic perceptions and strong
confidence in Al's capability to improve educational outcomes. The second factor, perceptions of Al
advantages (PAA), clusters items that agree with AI’s potential to modernize and transform education.
The third factor, teacher concerns and job impact (TCJ), centers on perceived threats posed by Al to
employment and traditional teaching roles. The fourth factor, ethical considerations and human-Al
collaboration (ECH), emphasizes attitudes toward the importance of maintaining transparency,
privacy, and cooperation between educators and Al systems. Together, these factors reflect both
enthusiasm and caution among respondents in adapting to Al-enhanced education, explaining 49.00%
of the variance in the attitudes domain.

In the practices domain, three robust factors surfaced from the 20-item pool. The first and most
dominant factor, active integration and utilization (AlU), comprises behaviors involving proactive
use of Al tools for instruction, tasks, and learning enhancement. Second, engagement in Al education
and collaboration (EAE) relates to respondents’ participation in Al-related programs, communities,
and collaborative practices. Third, adaptation and feedback in Al usage (AFA) focus on reflective
practices, including evaluating AI’s impact, soliciting feedback, and adapting Al use based on
insights. These three factors account for a cumulative 56.70% of the variance in the practices domain,
highlighting a well-structured framework of how Al is currently being utilized in educational
practice.

Figure 1 shows the scree plots to visualize the EFA results. These plots support the EFA results,
confirming the retention of four factors for knowledge, four for attitudes, and three for practices.
These clear breaks align with the eigenvalues and the explained variance, validating the
multidimensional structure of the KAP construct.

3.5. Confirmatory factor analysis

After extracting the underlying factors from the KAP scale, the KAP domain factors were
subjected to CFA. First, the fit indices were obtained, and the results are highlighted in Table 7.

Table 7. Fit indices of the KAP scale domains.

Domain CFlI TLI RMSEA
Knowledge 1.00 0.96 0.05
Attitudes 0.97 0.94 0.06
Practices 1.00 0.98 0.06

Legend: CFI: acceptable (0.95 and above); TLI: acceptable (0.95 and above); RMSEA: acceptable (0.06 and below)
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Figure 1. Scree plots for knowledge, attitudes, and practices.

As shown in Table 7, the CFA results indicate that the KAP scale demonstrates a good model fit
across all three domains. The CFI values range from 0.97 to 1.00, meeting the recommended
threshold of 0.95 and above. Similarly, the TLI values range from 0.94 to 0.98, with two domains
exceeding the acceptable cutoff and one very close to it. The RMSEA values are all within the
acceptable limit of 0.06 or below. These results confirm that the proposed factor structures for each
domain adequately fit the observed data, validating the dimensionality derived from the EFA.

The factor loadings for each item are reflected in Table 8.
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Table 8. Factor loadings of the KAP items according to CFA.

Factor Item Loading p  Factor Item Loading p Factor Item Loading p
PLP K17 0.66 <0.001 BCA Al5 0.75  <0.001AIU P2 0.79  <0.001
K8 0.63 <0.001 Al2 0.70  <0.001 P1 0.76  <0.001
K2 0.54 <0.001 All 0.71  <0.001 P4 0.76  <0.001
K15 -0.57 <0.001 Al13 0.64  <0.001 P8 0.80 <0.001
Ké -0.52 <0.001 A3 0.71  <0.001 P11 0.70  <0.001
K13 0.50 <0.001 A7 0.58 <0.001 P9 0.65 <0.001
K20 0.51 <0.001 A8 0.52 <0.001 P7 0.74  <0.001
EPC K11 0.57 <0.001 PAA A4 0.71  <0.001 P6 0.68  <0.001
K12 0.62 <0.001 A2 0.82  <0.001 P5 0.70  <0.001
K14 0.66 <0.001 Al 0.78  <0.001 P16 0.74  <0.001
RAE K3 0.59 <0.001 A20 0.52  <0.001 P20 0.81 <0.001
K5 0.65 <0.001 Al4 0.66  <0.001 P15 0.71  <0.001
K16 0.54 <0.001 TCJ Al7 0.81 <0.001EAE P14 0.75 <0.001
LC K18 0.66 <0.001 Al8 0.78  <0.001 P3 0.67 <0.001
K7 0.51 <0.001 Al6 0.53  <0.001 P10 0.73  <0.001
K9 0.52 <0.001 Al9 0.51  <0.001 P13 0.76  <0.001
K19 0.51 <0.001 A9 0.50 <0.001 P12 0.74  <0.001
K4 0.50 <0.001 ECH Al0 0.68  <0.001AFA P18 0.73  <0.001
A5 0.67  <0.001 P17 0.68  <0.001
A6 0.50  <0.001 P19 0.74  <0.001

Legend: Acceptable (0.50 and above)

As reflected in Table 8, all items across the KAP domains of the developed scale demonstrated
acceptable factor loadings, with values ranging from 0.50 to 0.82 and all p-values less than 0.001,
indicating statistical significance. For the knowledge domain, the highest loading was observed for
LC with K18, while others, such as PLP, EPC, and RAE, also showed strong item loadings,
particularly K14 and K5. In the attitudes domain, items loaded well under their respective factors,
with A2 under PAA and A17 under TCJ reflecting particularly strong alignment. Similarly, in the
practices domain, items under AlU, such as P20 and P8, along with other items under EAE and AFA,
consistently exceeded the 0.50 threshold, confirming strong factor-item relationships.

The factor covariances were also looked into to ascertain collinearity and discriminant validity.
These covariances are shown in Table 9. The factor covariances were analyzed to evaluate the
relationships between latent constructs within each KAP domain. All covariance estimates fell below
the accepted threshold of 0.85, indicating the absence of multicollinearity and supporting
discriminant validity. In the knowledge domain, covariance estimates suggest meaningful but distinct
conceptual dimensions. Similarly, in the attitudes domain, factor covariances indicate moderate
associations while preserving factor independence. The practices domain showed the highest
inter-factor covariances, yet still within the acceptable range. These results confirm that the KAP
scale measures theoretically related but empirically distinct constructs, satisfying the conditions for
discriminant validity.
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Table 9. Factor covariances as measures of discriminant validity and multicollinearity in CFA.

Domain Factor pair Estimate
Knowledge PLP-EPC -0.50
PLP-RAE -0.23
PLP-LC 0.24
EPC-RAE 0.38
EPC-LC 0.12
RAE-LC 0.33
Attitudes BCA-PAA 0.63
BCA-TCJ 0.08
BCA-ECH 0.44
PAA-TCJ -0.12
PAA-ECH 0.71
TCJ-ECH 0.23
Practices AlIU-EAE 0.81
AlU-AFA 0.81
EAE-AFA 0.67

Legend: Acceptable (less than 0.85)

Aside from the factor covariances, the study also included the heterotrait-monotrait ratio (HTMT)
to further ascertain the discriminant validity of the tool. The results are shown in Tables 10-12.

Table 10. HTMT of the knowledge domain of the KAP tool.

Construct EPC LC PLP RAE
Ethical and privacy concerns

Limitations and challenges 0.38

Personalized learning potential 0.54 0.58

Role of Al in education 0.20 0.64 0.39

Legend: Acceptable (less than 0.85)

Based on Table 10, the HTMT of the knowledge domain confirms discriminant validity among
the constructs, indicating that while related, the constructs remain distinct. The lowest correlation
between EPC and RAE shows clear differentiation, while the higher value between LC and PLP
suggests a stronger conceptual link between understanding AI’s potential and recognizing its
constraints.

Table 11. HTMT of the attitudes domain of the KAP tool.

Construct BAC ECH PAA TCJ
Benefits and confidence in Al integration

Ethical considerations and human—Al collaboration 0.36

Perceptions of Al advantages 0.57 0.58

Teacher concerns and job impact 0.44 0.50 0.22

Legend: Acceptable (less than 0.85)
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As gleaned in Table 11, the HTMT results confirm acceptable discriminant acceptability, with
coefficients below the recommended 0.85 threshold. This demonstrates that the constructs are
empirically distinct from one another. Each construct contributes a specific dimension of teachers’
attitudes toward Al, and the values indicate that these domains do not overlap excessively.

Table 12. HTMT of the practices domain of the KAP tool.

Construct AlU AFA EAE
Active integration and utilization

Adaptation and feedback in Al usage 0.83

Engagement in Al education and collaboration 0.84 0.74

Legend: Acceptable (less than 0.85)

According to Table 12, the HTMT results indicate satisfactory discriminant validity, with
coefficients within acceptable thresholds. These results affirm that the constructs are distinguishable
from each other. Although interrelated, they represent different dimensions of teachers’ practical
engagement with Al tools, ensuring that the scale captures nuanced variations in practice rather than

overlapping constructs.

To establish the collinearity of the items, the variance inflation factors (VIF) were computed.
These values are highlighted in Table 13.

Table 13. VIF values of the items in the KAP tool.

Knowledge items VIF Attitude items VIF Practice items  VIF
K2 1.19 Al 1.52 P1 2.65
K3 1.20 A2 1.66 P2 3.00
K4 1.14 A3 1.43 P3 2.02
K5 1.24 A4 1.21 P4 2.64
K6 1.17 A5 1.11 P5 1.91
K7 1.35 A6 1.32 P6 2.15
K8 1.38 AT 1.38 P7 2.93
K9 1.07 A8 1.19 P8 3.00
K11 1.32 A9 1.69 P9 1.86
K12 1.54 Al0 1.79 P10 1.56
K13 1.09 All 1.61 P11 2.03
K14 1.38 Al2 1.75 P12 1.38
K15 1.40 Al3 1.31 P13 1.60
K16 1.09 Al4 1.53 P14 2.26
K17 1.36 Al5 2.06 P15 1.66
K18 1.43 Al6 1.19 P16 1.78
K19 1.11 Al7 1.95 P17 1.46
K20 1.03 Al8 1.77 P18 1.54

Al9 1.13 P19 1.31

A20 1.20 P20 2.59

Legend: Acceptable (less than 5.00)
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As presented in Table 13, the VIF values for the domains of the KAP tool fall well below the
commonly accepted thresholds for multicollinearity. For the knowledge items, the values ranged
from 1.03 to 1.54, indicating a low degree of collinearity among items. Attitude items exhibited
slightly higher values, ranging from 1.11 to 2.06, while practice items showed values between 1.31
and 3.00. All values are within the acceptable threshold of 5.0, suggesting that none of the items
demonstrated problematic multicollinearity. This indicates that each item contributes uniquely to its
respective construct, reinforcing the structural soundness of the measurement model and supporting
the reliability of the KAP tool in capturing distinct dimensions of knowledge, attitude, and practice
related to Al in education.

Furthermore, the path diagrams of the factor items are shown in Figure 2.
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Figure 2. CFA path diagrams for knowledge, attitudes, and practices.

Based on these diagrams, the factor structures for each KAP domain effectively captured the
hypothesized latent constructs related to teachers' application of Al productivity tools in the
classroom. The model demonstrated excellent fit, as evidenced by the acceptable CFI, TLI, and
RMSEA values. These fit indices affirm that the data sufficiently support the hypothesized structure
of the KAP scale, indicating that the relationships between observed items and their underlying
factors are both statistically and conceptually sound.

3.6. Reliability analysis

After the dimensionality test, the researchers subjected the KAP scale to reliability analysis. The
reliability analysis results are shown in Table 14 as Cronbach’s alpha values.
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Table 14. Cronbach’s alpha values of the KAP scale.

Factor No. of items Cronbach’s alpha  Interpretation Dimension Cronbach’s alpha
PLP 7 0.806 Good Knowledge 0.714
EaPC 3 0.758 Acceptable (Acceptable)
RoAIE 3 0.700 Acceptable

LaC 5 0.748 Acceptable

BaCiAi 7 0.843 Good Attitudes 0.831
PoAA 5 0.819 Good (Good)
Tcall 4 0.735 Acceptable

EcaHC 4 0.726 Acceptable

AiaU 12 0.932 Excellent Practices 0.946
EiAEaC 5 0.849 Good (Excellent)
AaFiAU 3 0.755 Acceptable

Legend: Acceptable (0.70-0.79), good (0.80-0.89), excellent (90 and above)

The individual factors within the KAP scale demonstrate acceptable to excellent internal
consistency as reflected in their respective Cronbach’s alpha values. The knowledge factors recorded
alpha values ranging from 0.700 to 0.806, indicating acceptable to good reliability. Additionally, the
attitude factors ranged from 0.726 to 0.843, also reflecting acceptable to good reliability.
Furthermore, the practices domain showed strong internal consistency, yielding values of 0.849 and
0.755, indicating good to acceptable reliability.

At the domain level, the internal consistency estimates remain consistent with the individual
factor results. The knowledge domain recorded a composite Cronbach’s alpha of 0.714, indicating
acceptable reliability. The attitudes domain yielded a value of 0.831, which is considered good, while
the practices domain demonstrated excellent internal consistency with a domain-level alpha of 0.946.
These values affirm that each domain reliably captures the constructs they were intended to measure,
supporting the multidimensional structure of the KAP framework and ensuring that responses across
items within each domain are coherent and dependable.

4. Discussion

The development of the KAP scale to assess pre-service teachers’ engagement with Al
productivity tools in education was grounded in a rigorous and systematic psychometric process,
resulting in a valid and reliable instrument. The scale’s content reflects the multifaceted nature of Al
use in education, capturing both technical knowledge and ethical concerns, emotional responses
ranging from optimism to apprehension, and a broad spectrum of behavioral practices. It was
deliberately designed to move beyond surface-level familiarity with Al tools and instead assess
deeper conceptual understanding and reflective use. This is consistent with assertions that Al is most
beneficial in education when seen as a co-agent that supports teachers and not as a substitute
[101,102]. The inclusion of concerns about creativity and equity also mirrors findings in the
published literature that highlight both the promise and the challenges of Al integration in learning
contexts [103,104].

The scale's content validity was firmly established through expert judgment using Aiken’s V,
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where all items achieved high relevance scores, supporting their clarity and alignment with the KAP
framework. Aiken’s V is a rigorous method for quantifying expert agreement, particularly suitable
when raters are few but well-versed in the construct [105]. Similar to past findings [94], the strong
values across all domains demonstrate that the items captured the theoretical intent of the scale, an
essential first step in scale construction [91] that was reaffirmed by best practices in instrument
development for educational assessment [91,94]. These results ensured that subsequent statistical
analyses were performed only on conceptually sound and contextually relevant items.

Item performance under the Rasch model further confirmed the robustness of the KAP scale. All
items showed productive fit within the acceptable infit and outfit range [93,95] and were also
highlighted in Rasch measurement guidelines [93,94]. This indicates that each item contributed
meaningfully to the measurement of its respective latent trait without introducing noise. The
consistency of item fit across domains supports the scale's structural validity and shows that
pre-service teachers interpreted the items as intended. This strong item performance across all three
domains reinforces the construct validity of the scale and its utility for accurate trait estimation.
Similar methodological rigor has been observed in other educational instrument development efforts
[106,107], which also employed Rasch modeling and confirmatory factor analysis to ensure
psychometric robustness.

Person reliability estimates also offered additional support for the scale's psychometric soundness.
These values suggest the instrument’s strong capacity to distinguish between individuals across
varying levels of the measured traits [95,100]. The lower reliability observed in the knowledge
domain, while still acceptable, may reflect disparities in Al exposure and background knowledge
among respondents, a phenomenon similarly identified by existing literature [101,103]. On the other
hand, the higher reliability of the attitudes and practices domains is consistent with previous studies,
noting that attitudes and self-reported behaviors tend to demonstrate stronger internal consistency
due to their more stable and personal nature [108].

EFA revealed clear, interpretable factor structures within each domain of the KAP scale,
supported by high KMO values and significant Bartlett’s tests, which confirm the dataset's suitability
for factor analysis [96,109]. The resulting factor structures reflected theoretical expectations: the
knowledge domain captured factual and conceptual understanding, attitudes measured both positive
beliefs and ethical apprehensions, and practices reflected both tool usage and reflective engagement.
These multidimensional structures align with published findings that underscore the importance of
both cognitive and affective dimensions in understanding how educators respond to Al [110,111].

CFA further validated the scale’s structure, with model fit indices, such as CFI, TLI, and RMSEA,
indicating a strong alignment between the theoretical model and observed data. The clear separation
between factors in each domain was reinforced by covariance and HTMT values all falling below the
0.85 threshold and VIF values below 5.00, confirming discriminant validity and the absence of
multicollinearity [99,112]. This suggests that while the constructs are related, they capture distinct
aspects of teachers' engagement with Al tools. A strong model fit in CFA provides confidence that
latent variables are being accurately measured [113], making the KAP scale a psychometrically
robust instrument for educational research.

Internal consistency was also supported by Cronbach’s alpha values ranging from acceptable to
excellent across all factors and domains. These values exceed commonly accepted thresholds for
research instruments [97,98,114], affirming that the items within each dimension work well together
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to measure their respective constructs. The scale’s reliability is essential for its use in educational
diagnostics and policy planning, where valid and consistent measurements are crucial for shaping
interventions and decisions.

Taken together, the findings across various analyses establish the KAP scale as a
psychometrically sound instrument for assessing pre-service teachers’ readiness to integrate Al
productivity tools in education. It captures the complexity of Al engagement in classrooms, not
merely as a set of tools to be used but as a technological paradigm that affects teaching identity
[49,50,65,90], pedagogy [51-54,56,59,89], and ethics [64,86]. Positive attitudes and informed
practices around Al are key predictors of successful integration [115]. The KAP scale can thus serve
both as a diagnostic tool and as a basis for targeted teacher education programs aimed at fostering
responsible and effective Al use in classrooms.

4.1. Theoretical and practical implications

The findings of this study contribute meaningfully to the theoretical understanding of how
pre-service teachers engage with artificial intelligence in education by offering a validated
instrument that operationalizes the constructs of KAP in the context of Al productivity tools. Prior
studies have explored Al adoption from either a technological or pedagogical lens. Still, the present
scale bridges these domains by systematically capturing the cognitive, affective, and behavioral
dimensions of Al integration. This multidimensional framework reinforces and extends TAM [38],
wherein perceived usefulness and ease of use are considered central predictors of technology
adoption. However, the inclusion of ethical awareness, professional responsibility, and reflective
practice in this scale suggests that TAM alone is insufficient for capturing the depth of educators’
interaction with emerging Al technologies. This scale aligns more closely with recent extensions of
TAM, such as UTAUT [116] and the Al literacy frameworks [117], by accounting for contextual,
ethical, and pedagogical considerations. In this regard, the KAP model has emerged as a valuable
alternative for understanding technology adoption, particularly in the context of educational
innovation [42-44]. The KAP model considers not only what users know and feel about a technology
but also how they apply it in practice. It aligns with the growing need for behavioral frameworks that
represent real-world classroom use and the ongoing processes of trial, error, reflection, and
adjustment that characterize teachers' interactions with Al. Although KAP has been widely applied in
areas such as public health and environmental studies [45], its use in the context of Al in education is
still in development, marking a significant opportunity for future research and expansion.

By empirically demonstrating that knowledge, attitudes, and practices surrounding Al are
distinguishable yet interrelated constructs, the scale also contributes to theoretical discourses on
digital competence and Al readiness. Researchers have argued for the importance of teacher agency
in Al adoption [103,104], emphasizing that teachers must not only understand Al's functions but also
its limitations, risks, and societal implications. The strong factor loadings related to ethical concerns,
equity, creativity, and the impact of Al on learner diversity substantiate these concerns and position
this scale as an innovative tool to assess readiness for Al adoption beyond instrumental knowledge.
This echoes findings by Liubarska [14], who highlighted the creative potential of Al in teacher
education, and by Nguyen et al. [7], who emphasized AI’s role in enhancing student engagement and
critical thinking. Furthermore, recent work on the multiple representations framework and science
educational videos [118] also supports the theoretical stance that technological engagement must be
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coupled with cognitive depth and pedagogical alignment.

The validated factor structures also lend empirical support to constructivist and sociocultural
theories of technology adoption. Tools, including digital ones, mediate learning and transform social
interactions [119]. The practices domain of the scale, which includes collaborative, reflective, and
adaptive uses of Al tools, captures this sociocultural dimension of tool-mediated learning. Moreover,
the attitudes domain, particularly the factors addressing emotional orientations and professional
values, echoes the concept of self-efficacy and the role of beliefs in shaping behavior [120]. These
theoretical underpinnings underscore the importance of evaluating not only what teachers know but
also how they feel about and apply that knowledge in complex educational environments. This
insight is supported by the dual perceptions of pre-service teachers [24], balancing enthusiasm and
concern, as critical to understanding responsible Al integration. Similarly, the findings reinforce that
teacher perceptions of generative Al shape how they integrate such technologies into science
education [18].

Practically, the three-domain, multi-factor structure of the KAP scale offers educators, curriculum
developers, and policymakers a powerful diagnostic tool to identify strengths and gaps in pre-service
teacher preparation for Al integration. For teacher education institutions, the scale can inform
curriculum enhancement by targeting specific competencies, such as ethical decision-making or
adaptive tool usage, that are identified as underdeveloped. Its fine-grained factor structure allows for
targeted interventions, such as workshops focusing on improving knowledge about generative Al
applications or reflective seminars addressing apprehensions about creativity and data privacy.
Several studies have emphasized the importance of these differentiated responses that include
stressing the value of personalized Al-assisted learning [5] and demonstrating the effectiveness of
generative Al in facilitating inquiry-based lesson design [12]. Additionally, the development of
instructional materials such as flexible STEM education modules [121] provides a parallel model of
how validated tools can guide curriculum improvements in complex, technology-integrated fields.

For school systems and policymakers, the scale enables large-scale benchmarking of Al readiness,
which is essential in an era where Al policies are being crafted rapidly without sufficient
ground-level data. Institutional support and teacher beliefs play crucial roles in the successful
implementation of Al [19], while performance gaps and instructional limitations are experienced
during the shift to distance learning [122], underscoring the need for preparedness frameworks like
KAP. Moreover, technology integration in higher education is undergoing a paradigm shift that
requires tools for evaluating teacher readiness across technical and affective dimensions [123]. This
is especially crucial in the post-pandemic educational landscape, where digital equity and tool
competence have become central concerns.

Furthermore, the scale’s structure lends itself to adaptation for in-service teacher development
and cross-cultural validation. The modular nature of the factors allows for contextual tailoring while
preserving the core theoretical constructs. In this way, the scale can contribute to international
comparative studies on Al adoption in education, advancing both empirical and theoretical
knowledge across varied settings. Differences in institutional infrastructure [124] and technology
beliefs [125] influence how educators receive and utilize technology, including Al. Similar findings
suggest that instructional experiences [126] and the learning environment [127] significantly mediate
how pre-service teachers engage with digital innovations such as Al. Meanwhile, research reflections
by pre-service teachers during online learning [128] further reinforce the need for integrative,
theory-informed tools that assess both readiness and experience.
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In summary, this study advances theoretical discourse by offering a nuanced and validated
framework for understanding how teachers engage with Al tools, incorporating not only
technological and pedagogical dimensions but also ethical and affective ones. It bridges gaps in
current models of technology adoption and proposes a more holistic view of teacher readiness.
Practically, it equips stakeholders with a robust tool for evidence-based decision-making, program
development, and policy formulation in the context of Al-integrated education. This aligns with
broader efforts in Southeast Asia to evaluate educational innovations in STEM and digital education,
as seen in regional studies [129-131], which all affirm the need for thoughtful, grounded approaches
to technology use in teaching and learning.

4.2. Potential uses of the KAP scale

The development of the KAP scale for Al productivity tools in education opens multiple
opportunities for application across educational levels and contexts. As a diagnostic tool, it allows
teacher education institutions and professional development programs to assess educators’
knowledge, attitudes, and practices about Al integration. By providing baseline data, it helps identify
conceptual, affective, or behavioral gaps, which can then be addressed through targeted training and
support. For instance, if results reveal deficiencies in ethical awareness or concerns about
algorithmic bias, programs can be restructured to include modules that address Al fairness,
transparency, and accountability, reflecting the concerns raised in the literature [64,65,104].
Moreover, studies such as that by Ning et al. [83] highlight the growing need for reliable tools to
assess Al literacy, reinforcing the relevance of the KAP scale in contemporary teacher education.

Beyond diagnostics, the KAP scale serves as a valuable instrument for both formative and
summative evaluations of training programs. By administering the scale before and after professional
development interventions, educators and trainers can measure actual changes in cognitive
understanding, value orientations, and instructional behaviors related to Al. This evidence-based
approach not only supports responsive and iterative program design but also strengthens
accountability mechanisms within teacher education institutions. Such an approach resonates with
scholarly recommendations [62,63,117] that emphasize the importance of continuous monitoring in
the development of Al-related competencies. Furthermore, Nguyen et al. [51] highlighted how tools
like ChatGPT significantly impact student learning behaviors, underscoring the need to equip
teachers with the skills to effectively manage Al-enhanced learning environments.

At the policy and system level, the KAP scale offers a robust framework for strategic planning
and resource allocation in digital transformation initiatives. Educational leaders can deploy the scale
across schools, regions, or systems to generate aggregated data on teacher Al readiness. This
information can inform national or institutional strategies and help policymakers identify specific
domains, such as adaptability, creativity support, or equity, that require urgent attention. The scale’s
structure, grounded in 11 interrelated dimensions, allows for nuanced, data-driven planning in line
with the principles of equitable and inclusive Al integration advocated by UNESCO [132]. Its utility
is further supported by published findings that institutional Al capabilities enhance student
outcomes [52] and how Al may shift rather than replace the teacher’s role [50].

Individually, the KAP scale enables teachers to engage in reflective self-assessment and
personalized professional development. When accompanied by mentoring or coaching, this
self-directed approach can support growth-oriented trajectories and facilitate the adoption of
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innovation. The value of such individualized feedback aligns with relevant theories and frameworks
[116,119,120]. Additionally, studies demonstrate how Al-based educational tools impact teacher
perceptions [61] and highlight the role of Al in mitigating workload-related burnout [60]. At the
same time, cautionary insights on cognitive offloading [73] and diminished student thinking
capacities [66] reinforce the need for critically conscious engagement with Al.

In academic research, the KAP scale offers a standardized, theoretically grounded instrument for
examining the correlation between teachers’ Al-related knowledge, attitudes, and practices and
teaching outcomes, student engagement, and institutional support. It can be used for longitudinal
studies, cross-cultural comparisons, or evaluations of specific interventions. The scale complements
existing Al education instruments [83-85], all of which expand the field’s methodological repertoire.
These tools support a deeper understanding of Al readiness, student perceptions, and the
motivational underpinnings of Al use in education. Additional studies [53-55] also advocate for
integrating theory-driven, human-centered approaches into Al systems and their educational
evaluation.

Ultimately, the KAP scale supports the ethical, informed, and purposeful integration of Al in
education. It empowers teachers not only to adopt Al tools but to adapt and critically reflect on their
use in alignment with pedagogical goals and learner diversity. This human-centered stance is echoed
by scholars who question whether Al can truly replicate teachers’ roles [49] and advocate for
inclusive strategies that leverage Al to support multilingual and diverse learners [69,71]. In line with
broader concerns about Al’s impact on cognition, critical thinking, and student autonomy [74-76],
the KAP scale positions teachers at the forefront of innovation while maintaining the ethical and
instructional integrity of the learning process. As Al technologies continue to evolve, tools like the
KAP scale remain essential in ensuring that educators are not only technologically adept but also
pedagogically intentional and ethically grounded.

4.3. Limitations and future directions

While the development and validation of the KAP scale for Al productivity tools in education
followed rigorous procedures, there are contextual considerations that may influence how the
findings are interpreted or applied in broader settings. For instance, although the sample included a
range of educators with varying teaching experiences, subject specializations, and institutional
affiliations, it was drawn from a particular national context. The integration of Al in education is
shaped by multiple contextual factors, including infrastructure, policy, and culture [103]. This
implies that while the results are informative, further research may be warranted to explore how the
scale performs in other regions or educational systems with different levels of Al adoption.

In terms of data collection, the study relied on self-reported responses, which are a standard
approach in many KAP-type investigations. While this method offers valuable insights into personal
perspectives, it may also reflect perceived expectations or social desirability in responses. Such
tendencies are common in studies involving emerging educational innovations [116]. Although the
instrument was designed to elicit authentic responses, future work may consider complementing
self-report measures with additional qualitative or observational methods to enrich the data and offer
a more comprehensive picture of actual practices.

From a methodological standpoint, the decision to conduct both EFA and CFA using a single
dataset was a practical choice influenced by sample size considerations. While this approach is
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acceptable in initial scale development, Worthington and Whittaker [133] recommend independent
replication to further validate factor structures. Subsequent studies could strengthen the evidence
base by testing the instrument across diverse or larger samples to confirm its structural stability and
generalizability.

It is also worth considering the evolving nature of Al technologies and their varied applications
across disciplines and education levels. Although the current scale was intentionally designed with a
generalist perspective, future adaptations might benefit from adding modules or subscales that focus
on specific Al tools (e.g., generative Al, learning analytics) or contextual variables (e.g., discipline,
educational stage). Educators’ engagement with Al can be deeply influenced by the context in which
it is deployed [104].

Finally, the dynamic nature of Al integration in education presents exciting opportunities for
longitudinal and impact-focused research. The scale offers potential for tracking changes in teacher
beliefs and behaviors over time, particularly in response to ongoing exposure to Al or participation in
professional development. Aligning the scale with broader digital competence or Al literacy
frameworks [117] may also provide a more holistic view of readiness that encompasses both
individual and systemic factors. Overall, the KAP scale offers a sound foundation for understanding
educators’ perspectives on Al productivity tools. Continued exploration across contexts and with
complementary methodologies can further strengthen its applicability and contribute to a deeper
understanding of the evolving relationship between education and artificial intelligence.

5. Conclusions

This study successfully developed and validated a Knowledge—Attitudes—Practices (KAP) scale
that reliably measures educators’ engagement with Al productivity tools in education. Through
rigorous item construction, expert validation, and robust statistical analyses, including exploratory
and confirmatory factor analyses, the scale demonstrated strong psychometric properties and a
coherent factor structure across three dimensions. The findings affirm that the scale is both
theoretically grounded and practically applicable, offering a valuable instrument for diagnosing
teacher readiness, informing targeted professional development, and advancing scholarly
understanding of Al integration in educational settings. Ultimately, this scale contributes to the
growing efforts to equip educators with the necessary competencies to navigate and harness the
transformative potential of Al in 21st-century classrooms.

Author contributions

All authors conceptualized and conducted the study. G. Sumalinog and J. Mananay crafted the
introduction and literature review, while C. Goles and C. Fernandez wrote the methods. I. M.
Alejandro and J. M. Sanchez curated, analyzed, visualized, and interpreted the data. C. Goles and C.
Fernandez contributed to the discussion of the results, while G. Sumalinog and J. Mananay
formulated the conclusions and recommendations. All authors contributed to the first draft, and J. M.
Sanchez finalized the draft.

Use of Generative-Al tools declaration

The authors declare the use of Al tools in the preparation of this article, exclusively for refining
the grammar, structure, and spelling.

STEM Education Volume 5, Issue 6, 1022—1057




1047

Acknowledgments

The authors extend their gratitude to the study respondents for their voluntary participation and to
the reviewers for their constructive feedback, which contributed to the completion and improvement
of the paper.

Conflict of interest
The authors declare no conflict of interest in this paper.
Ethics declaration

The study was conducted in accordance with local legislation and institutional requirements. The
respondents provided their written informed consent to participate in this study.

References

1. Ahmad, S.F, Rahmat, M.K., Mubarik, M.S., Alam, M.M. and Hyder, S.I., Atrtificial
intelligence and its role in education. Sustainability, 2021, 13(22): 1-11.
https://doi.org/10.3390/su132212902

2. Sundaresan, S. and Zhang, Z., Al-enabled knowledge sharing and learning: redesigning roles
and processes. International Journal of Organizational Analysis, 2022, 30(4): 983-999.
https://doi.org/10.1108/1J0OA-12-2020-2558

3. Saputra, I, Kurniawan, A., Yanita, M., Putri, E.Y. and Mahniza, M., The evolution of
educational assessment: How artificial intelligence is shaping the trends and future of learning
evaluation. The Indonesian Journal of Computer Science, 2024, 13(6): 9056-9074.
https://doi.org/10.33022/ijcs.v13i6.4465

4. Liua, Y., Salehb, S. and Huang, J., Artificial intelligence in promoting teaching and learning
transformation in schools. Artificial Intelligence, 2021, 15(3): 1-12.
http://dx.doi.org/10.53333/1J1CC2013/15369

5. Ayeni, O.0., Al Hamad, N.M., Chisom, O.N., Osawaru, B. and Adewusi, O.E., Al in education:
A review of personalized learning and educational technology. GSC Advanced Research and
Reviews, 2024, 18(2): 261-271, https://doi.org/10.30574/gscarr.2024.18.2.0062

6. Liu, Y., Chen, L. and Yao, Z., The application of artificial intelligence assistant to deep learning
in teachers’ teaching and students’ learning processes. Frontiers in Psychology, 2022, 13: 1-13.
https://doi.org/10.3389/fpsyg.2022.929175

7. Nguyen, A., Krematzis, M., Essien, A., Petrounias, I. and Hosseini, S., Enhancing student
engagement through artificial intelligence (Al): Understanding the basics, opportunities, and
challenges. Journal of University Teaching and Learning Practice, 2024, 21(6): 1-13.
http://dx.doi.org/10.53761/caraaq92

8. Mondal, H., Marndi, G., Behera, J.K. and Mondal, S., ChatGPT for teachers: Practical
examples for utilizing artificial intelligence for educational purposes. Indian Journal of
Vascular and Endovascular Surgery, 2023, 10(3): 200-205.
http://dx.doi.org/10.4103/ijves.ijves_37_23

9. Halim, A,, Sharina, S. and Zur, S., Grammarly as a tool to enhance students’ self-directed
learning. KnE Social Sciences, 2022, 5-13. https://doi.org/10.18502/kss.v7i8.10719

STEM Education Volume 5, Issue 6, 1022—1057


https://doi.org/10.3390/su132212902
https://doi.org/10.1108/IJOA-12-2020-2558
https://doi.org/10.33022/ijcs.v13i6.4465
http://dx.doi.org/10.53333/IJICC2013/15369
https://doi.org/10.30574/gscarr.2024.18.2.0062
https://doi.org/10.3389/fpsyg.2022.929175
http://dx.doi.org/10.53761/caraaq92
http://dx.doi.org/10.4103/ijves.ijves_37_23
https://doi.org/10.18502/kss.v7i8.10719

1048

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22,

23.

24,

Amyatun, R.L. and Kholis, A., Can artificial intelligence (AI) like QuillBot Al assist students’
writing skills? Assisting learning to write texts using Al. ELE Reviews: English Language
Education Reviews, 2023, 3(2): 135-154. https://doi.org/10.22515/elereviews.v3i2.7533
Jamaludin, N.F. and Sedek, S.F., Canva as a digital tool for effective student learning
experience. Journal of Advanced Research in Computing and Application, 2023, 33(1): 22-33.
https://doi.org/10.37934/arca.33.1.2233

Moundridou, M., Matzakos, N. and Doukakis, S., Generative Al tools as educators’ assistants:
Designing and implementing inquiry-based lesson plans. Computers and Education: Artificial
Intelligence, 2024, 7: 1-16. https://doi.org/10.1016/j.caeai.2024.100277

Ehtsham, M., Affandi, H., Shahid, A., Imran, F. and Aijaz, S., The role of artificial intelligence
in enhancing teacher productivity and efficiency: A systematic review. Contemporary Journal
of Social Science Review, 2025, 3(1): 1772-1785. https://doi.org/10.12345/2f88rn04

Liubarska, L., Artificial intelligence as a means of developing creativity in future technology
teachers. Artificial Intelligence, 2024, 3: 58-64. https://doi.org/10.15407/jai2024.03.058
Ivanashko, O., Kozak, A., Knysh, T. and Honchar, K., The role of artificial intelligence in
shaping the future of education: Opportunities and challenges. Futurity Education, 2024, 4(1):
126-146. https://doi.org/10.57125/FED.2024.03.25.08

Sun, F., Tian, P., Sun, D., Fan, Y. and Yang, Y., Pre-service teachers’ inclination to integrate Al
into STEM education: Analysis of influencing factors. British Journal of Educational
Technology, 2024, 55(6): 2574-2695. https://doi.org/10.1111/bjet.13469

Lamanauskas, V., Pre-service preschool and primary school teachers’ position on artificial
intelligence: Aspects of benefits and impact in the future. Gamtamokslinis ugdymas bendrojo
ugdymo mokykloje, 2025, 31(1): 24-35. https://www.doi.org/10.48127/gu/25.31.24
Ishmuradova, I.l., Zhdanov, S.P., Kondrashev, S.V., Erokhova, N.S., Grishnova, E.E. and
Volosova, N.Y., Pre-service science teachers’ perception on using generative artificial
intelligence in science education. Contemporary Educational Technology, 2025, 17(3): 1-18.
https://doi.org/10.30935/cedtech/16207

Ayanwale, M.A., Frimpong, E.K., Opesemowo, O.A.G. and Sanusi, I.T., Exploring factors that
support pre-service teachers’ engagement in learning artificial intelligence. Journal for STEM
Education Research, 2025, 8(2): 199-229. https://doi.org/10.1007/s41979-024-00121-4

Huang, H.W.,, Teng, D.C.E. and Tiangco, J.A.N.Z., The impact of Al chatbot-supported guided
discovery learning on pre-service teachers’ learning performance and motivation. Journal of
Science Education and Technology, 2024, 1-15. https://doi.org/10.1007/s10956-024-10179-9
Falebita, O., Evaluating artificial intelligence anxiety among pre-service teachers in university
teacher education programs. Journal of Mathematics Instruction, Social Research and Opinion,
2025, 4(1): 1-16. https://doi.org/10.58421/misro.v4i1.309

Aydug, D. and Altunpulluk, H., Are Turkish pre-service teachers worried about Al? A study on
Al anxiety and digital literacy. Al & Society, 2025, 1-12.
https://doi.org/10.1007/s00146-025-02348-0

Aktulun, O.U., Kasapoglu, K. and Aydogdu, B., Comparing Turkish pre-service STEM and
Non-STEM teachers’ attitudes and anxiety toward artificial intelligence. Journal of Baltic
Science Education, 2024, 23(5): 950-963. https://dx.doi.org/10.33225/jbse/24.23.950

Bae, H., Hur, J., Park, J., Choi, G.W. and Moon, J., Pre-service teachers’ dual perspectives on
generative Al. Benefits, challenges, and integration into their teaching and learning. Online
Learning, 2024, 28(3): 131-156. https://doi.org/10.24059/0lj.v28i3.4543

STEM Education Volume 5, Issue 6, 1022—1057


https://doi.org/10.22515/elereviews.v3i2.7533
https://doi.org/10.37934/arca.33.1.2233
https://doi.org/10.1016/j.caeai.2024.100277
https://doi.org/10.12345/2f88rn04
https://doi.org/10.15407/jai2024.03.058
https://doi.org/10.57125/FED.2024.03.25.08
https://doi.org/10.1111/bjet.13469
https://www.doi.org/10.48127/gu/25.31.24
https://doi.org/10.30935/cedtech/16207
https://doi.org/10.1007/s41979-024-00121-4
https://doi.org/10.1007/s10956-024-10179-9
https://doi.org/10.58421/misro.v4i1.309
https://doi.org/10.1007/s00146-025-02348-0
https://dx.doi.org/10.33225/jbse/24.23.950
https://doi.org/10.24059/olj.v28i3.4543

1049

25.

26.

217.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

Kalnina, D., Nimante, D. and Baranova, S., Artificial intelligence for higher education:
Benefits and challenges for pre-service teachers. Frontiers in Education, 2024, 9: 1-15.
https://doi.org/10.3389/feduc.2024.1501819

Alzoubi, H.M., Factors affecting ChatGPT use in education employing TAM: A Jordanian
universities’ perspective. International Journal of Data and Network Science, 2024, 8(3):
1599-1606. https://doi.org/10.5267/j.1jdns.2024.3.007

Wang, Y., Liu, C. and Tu, Y.F., Factors affecting the adoption of Al-based applications in higher
education. Educational  Technology @ &  Society, 2021, 24(3): 116v129.
https://www.jstor.org/stable/27032860

Pillai, R., Sivathanu, B., Metri, B. and Kaushik, N., Students’ adoption of Al-based
teacher-bots (T-bots) for learning in higher education. Information Technology & People, 2024,
37(1): 328-355. https://doi.org/10.1108/ITP-02-2021-0152

Li, W, Zhang, X., Li, J., Yang, X., Li, D. and Liu, Y., An explanatory study of factors
influencing engagement in Al education at the K-12 level: an extension of the classic TAM
model. Scientific Reports, 2024, 14(1): 1-17. https://doi.org/10.1038/s41598-024-64363-3
Dahri, N.A., Yahaya, N., Al-Rahmi, W.M., Aldraiweesh, A., Alturki, U., Almutairy, S., et al.,
Extended TAM based acceptance of Al-powered ChatGPT for supporting metacognitive
self-requlated learning in education: A mixed-methods study. Heliyon, 10(8).
https://doi.org/10.1016/j.heliyon.2024.e29317

Alejandro, 1.M.V., Sanchez, J.M.P., Sumalinog, G.G., Mananay, J.A., Goles, C.E. and
Fernandez, C.B., Pre-service teachers’ technology acceptance of artificial intelligence (Al)
applications in education. STEM Education, 2024, 4(4): 445-465.
https://doi.org/10.3934/steme.2024024

Watted, A., Teachers’ perceptions and intentions toward Al integration in education: Insights
from the UTAUT model. Power System Technology, 2025, 49: 164-183.
https://powertechjournal.com/index.php/journal/article/view/1759

Du, L. and Lv, B., Factors influencing students’ acceptance and use generative artificial
intelligence in elementary education: An expansion of the UTAUT model. Education and
Information Technologies, 2024, 29(18): 24715-24734.
https://doi.org/10.1007/s10639-024-12835-4

Sharma, S. and Singh, G., Adoption of artificial intelligence in higher education: an empirical
study of the UTAUT model in Indian universities. International Journal of System Assurance
Engineering and Management, 2024, 1-27. https://doi.org/10.1007/s13198-024-02558-7
Al-Emran, M., Al-Sharafi, M.A., Foroughi, B., Al-Qaysi, N., Mansoor, D., Beheshti, A., et al.,
Evaluating the influence of generative Al on students’ academic performance through the
lenses of TPB and TFF using a hybrid SEM-ANN approach. Education and Information
Technologies, 2025, 1-31. https://doi.org/10.1007/s10639-025-13485-w

Zhang, H., Investigating Chinese English learners’ readiness for artificial intelligence (AI)
technologies: A theory of planned behavior (TPB) perspective. Learning and Motivation, 2025,
91. https://doi.org/10.1016/j.Imot.2025.102164

Wang, C., Wang, H., Li, Y., Dai, J., Gu, X. and Yu, T., Factors influencing university students’
behavioral intention to use generative artificial intelligence: Integrating the theory of planned
behavior and Al literacy. International Journal of Human-Computer Interaction, 2025, 41(11):
6649-6671. https://doi.org/10.1080/10447318.2024.2383033

Davis, F.D., A Technology Acceptance Model for Empirically Testing New End-User

STEM Education Volume 5, Issue 6, 1022—1057


https://doi.org/10.3389/feduc.2024.1501819
https://doi.org/10.5267/j.ijdns.2024.3.007
https://www.jstor.org/stable/27032860
https://doi.org/10.1108/ITP-02-2021-0152
https://doi.org/10.1038/s41598-024-64363-3
https://doi.org/10.1016/j.heliyon.2024.e29317
https://doi.org/10.3934/steme.2024024
https://powertechjournal.com/index.php/journal/article/view/1759
https://doi.org/10.1007/s10639-024-12835-4
https://doi.org/10.1007/s13198-024-02558-7
https://doi.org/10.1007/s10639-025-13485-w
https://doi.org/10.1016/j.lmot.2025.102164
https://doi.org/10.1080/10447318.2024.2383033

1050

39.

40.

41.

42.

43.

44,

45.

46.

47.

48.

49.

50.

51.

52,

53.

Information Systems: Theory and Results, 1986, Massachusetts Institute of Technology.
Venkatesh, V. and Davis, F.D., A theoretical extension of the technology acceptance model:
Four longitudinal field studies. Management Science, 2000, 46(2): 186-204.
http://dx.doi.org/10.1287/mnsc.46.2.186.11926

Venkatesh, V., Morris, M.G., Davis, G.B. and Davis, F.D., User acceptance of information
technology: Toward a unified view. MIS quarterly, 2003, 27(3): 425-478.
https://doi.org/10.2307/30036540

Aljzen, 1., The theory of planned behavior. Organizational Behavior and Human Decision
Processes, 1991, 50: 179-211. http://dx.doi.org/10.1016/0749-5978(91)90020-T

Nair, H.B., and Karan, S.P., Knowledge, attitude and usage of information and communication
technology (ICT) and digital resources in pre-service teachers. The New Educational Review,
2024, 228-243. https://doi.org/10.15804/tner.2024.75.1.18

Kharroubi, S.A., Tannir, 1., Abu El Hassan, R., and Ballout, R., Knowledge, attitude, and
practices toward artificial intelligence among university students in Lebanon. Education
Sciences, 2024, 14(8): 1-12. https://doi.org/10.3390/educsci1l4080863

Bodani, N., Lal, A., Magsood, A., Altamash, S., Ahmed, N. and Heboyan, A., Knowledge,
attitude, and practices of general population toward utilizing ChatGPT: A cross-sectional study.
Sage Open, 2023, 13(4): 21582440231211079. https://doi.org/10.1177/21582440231211079
Andrade, C., Menon, S., Ameen, S. and Praharaj, S.K., Designing and conducting knowledge,
attitude, and practice surveys in psychiatry: Practical guidance. Indian Journal of
Psychological Medicine, 2020, 42(5): 478-481. https://doi.org/10.1177/0253717620946111
Robledo, D.A.R., Zara, C.G., Montalbo, S.M., Gayeta, N.E., Gonzales, A.L., Escarez, M.G.A.,
et al., Development and validation of a survey instrument on knowledge, attitude, and practices
(KAP) regarding the educational use of ChatGPT among preservice teachers in the Philippines.
International Journal of Information and Education Technology, 2023, 12(10): 1582-1590.
http://dx.doi.org/10.18178/ijiet.2023.13.10.1965

Zhang, X., Gu, Y., Yin, J., Zhang, Y., Jin, C., Wang, W., et al., Development, reliability, and
structural validity of the scale for knowledge, attitude, and practice in ethics implementation
among Al researchers: Cross-sectional study. JMIR Formative Research, 2023, 7(1): e42202.
https://doi.org/10.2196/42202

Zhai, X., Chu, X., Chai, C.S., Jong, M.S. ., Istenic, A., Spector, M., et al., A review of artificial
intelligence (Al) in education from 2010 to 2020. Complexity, 2021, 2021(1): 8812542.
https://doi.org/10.1155/2021/8812542

Fitra, T.N., The use of artificial intelligence in education (AIED): Can Al replace the teacher’s
role? Epigram, 2023, 20(2): 165-187. https://doi.org/10.32722/epi.v20i2.5711

Nikitina, I. and Ishchenko, T., The impact of Al on teachers: Support or replacement? Scientific
Journal of Polonia University, 2024, 65(4): 93-99. https://doi.org/10.23856/6511

Nguyen, T.N.T., Van Lai, N. and Nguyen, Q.T., Artificial intelligence (Al) in education: A case
study on ChatGPT’s influence on student learning behaviors. Educational Process:
International Journal, 2024, 13(2): 105-121. https://doi.org/10.22521/edupij.2024.132.7
Wang, S., Sun, Z. and Chen, Y., Effects of higher education institutes’ artificial intelligence
capability on students’ self-efficacy, creativity and learning performance. Education and
Information Technologies, 2023, 28(5): 4919-4939.
http://dx.doi.org/10.1007/s10639-022-11338-4

Lajoie, S.P. and Li, S., Theory-driven design of AIED systems for enhanced interaction and

STEM Education Volume 5, Issue 6, 1022—1057


http://dx.doi.org/10.1287/mnsc.46.2.186.11926
https://doi.org/10.2307/30036540
http://dx.doi.org/10.1016/0749-5978(91)90020-T
https://doi.org/10.15804/tner.2024.75.1.18
https://doi.org/10.3390/educsci14080863
https://doi.org/10.1177/21582440231211079
https://doi.org/10.1177/0253717620946111
http://dx.doi.org/10.18178/ijiet.2023.13.10.1965
https://doi.org/10.2196/42202
https://doi.org/10.1155/2021/8812542
https://doi.org/10.32722/epi.v20i2.5711
https://doi.org/10.23856/6511
https://doi.org/10.22521/edupij.2024.132.7
http://dx.doi.org/10.1007/s10639-022-11338-4

1051

54,

55.

56.

57,

58.

59.

60.

61.

62.

63.

64.

65.

66.

67.

problem-solving. Handbook for Artificial Intelligence in Education, 2023, 229-249. Edward
Elgar Publishing.

McNamara, D.S., AIED: From cognitive simulations to learning engineering, with humans in
the middle. International Journal of Artificial Intelligence in Education, 2024, 34(1): 42-45.
https://doi.org/10.1007/s40593-023-00349-y

Baidoo-Anu, D. and Owusu Ansah, L., Education in the era of generative artificial intelligence
(Al): Understanding the potential benefits of ChatGPT in promoting teaching and learning.
Journal of Al, 2023, 7(1): 52—62. https:// doi.org/10.2139/ssrn.4337484

Huang, A.Y.Q., Lu, O.H.T. and Yang, S.J.H., Effects of artificial intelligence-enabled
personalized recommendations on learners’ learning engagement, motivation, and outcomes in
a  flipped classroom.  Computers &  Education, 2023, 194: 104684,
https://doi.org/10.1016/j.compedu.2022.104684

Yuan, L. and Liu, X., The effect of artificial intelligence tools on EFL learners’ engagement,
enjoyment, and motivation. Computers in Human Behavior, 2025, 162: 108474.
https://doi.org/10.1016/j.chb.2024.108474

Bachiri, Y.A., Mouncif, H. and Bouikhalene, B., Artificial intelligence empowers gamification:
Optimizing student engagement and learning outcomes in e-learning and MOOCS.
International Journal of Engineering Pedagogy, 2023, 13(8).
https://doi.org/10.3991/ijep.v13i8.40853

Eteng-Uket, S. and Ezeoguine, E., The impact of artificial intelligence chatbots on student
learning: A quasi-experimental analysis of learning outcome and engagement. Journal of
Educators Online, 2025, 22(2): 1-15. https://doi.org/10.9743/JEO.2025.22.2.4

Hashem, R., Ali, N., El Zein, F., Fidalgo, P. and Khurma, O.A., Al to the rescue: Exploring the
potential of ChatGPT as a teacher ally for workload relief and burnout prevention. Research &
Practice in Technology Enhanced Learning, 2024, 19.
https://doi.org/10.58459/rptel.2024.19023

Kim, N.J. and Kim, M.K., Teacher’s perceptions of using an artificial intelligence-based
educational tool for scientific writing. Frontiers in Education, 2022, 7: 755914.
https://doi.org/10.3389/feduc.2022.755914

Schelling, N. and Rubenstein, L.D., Elementary teachers’ perceptions of data-driven
decision-making. Educational Assessment, Evaluation and Accountability, 2021, 33(2):
317-344. https://doi.org/10.1007/s11092-021-09356-w

Obery, A., Sletten, J., Vallor, R.R. and Schmitt-Wilson, S., Data driven decision making in
teacher education: Perceptions of pre-service teachers and faculty who teach them. Action in
Teacher Education, 2021, 43(2): 231-246. https://doi.org/10.1080/01626620.2020.1762139
Dieterle, E., Dede, C. and Walker, M., The cyclical ethical effects of using artificial intelligence
in education. Al & Society, 2024, 39: 633-643. https://doi.org/10.1007/s00146-022-01497-w
Chounta, I.A. Bardone, E., Raudsep, A. and Pedaste, M., Exploring teachers’ perceptions of
artificial intelligence as a tool to support their practice in Estonian K-12 education.
International Journal of Artificial Intelligence in Education, 2021, 32(3): 725-755.
https://doi.org/10.1007/s40593-021-00243-5

Zhai, C., Wibowo, S. and Li, L.D., The effects of over-reliance on Al dialogue systems on
students’ cognitive abilities: a systematic review. Smart Learning Environments, 2024, 11(1):
28. https://doi.org/10.1186/s40561-024-00316-7

Li, H., I cannot miss it for the world: The relationship between fear of missing out (FOMO)

STEM Education Volume 5, Issue 6, 1022—1057


https://doi.org/10.1007/s40593-023-00349-y
https://doi.org/10.1016/j.compedu.2022.104684
https://doi.org/10.1016/j.chb.2024.108474
https://doi.org/10.3991/ijep.v13i8.40853
https://doi.org/10.9743/JEO.2025.22.2.4
https://doi.org/10.58459/rptel.2024.19023
https://doi.org/10.3389/feduc.2022.755914
https://doi.org/10.1007/s11092-021-09356-w
https://doi.org/10.1080/01626620.2020.1762139
https://doi.org/10.1007/s00146-022-01497-w
https://doi.org/10.1007/s40593-021-00243-5
https://doi.org/10.1186/s40561-024-00316-7

1052

68.

69.

70.

71.

72.

73.

74,

75.

76.

77.

78.

79.

80.

81.

and acceptance of ChatGPT. Basic and Applied Social Psychology, 2024, 46(5): 28—294.
https://doi.org/10.1080/01973533.2024.2365274

Almaiah, M.A., Alfaisal, R., Salloum, S.A., Hajjej, F., Thabit, S., EI-Qirem, F., et al.,
Examining the impact of artificial intelligence and social and computer anxiety in e-learning
settings: Students’ perceptions at the university level. Electronics, 2022, 11(22): 3662.
https://doi.org/10.3390/electronics11223662

Tojiboyeva, M., Using Al to support multilingual learners. Cospemennsie ITooxoowr ¥ Hosvle
Hccneoosanus B Cogpemennoti Hayxe, 2024, 3(16): 32-34.
https://inlibrary.uz/index.php/canrms/article/view/53547

Saini, M., Educators and Al in collaboration: Enhancing multilingual teaching and learning in
higher education through natural language processing. PRAGMATICA: Journal of Linguistics
and Literature, 2025, 3(1): 18-25. https://doi.org/10.60153/pragmatica.v3il.132

Anis, M., Leveraging artificial intelligence for inclusive English language teaching: Strategies
and implications for learner diversity. Journal of Multidisciplinary Educational Research, 2023,
12(6): 54-70. http://ijmer.in.doi./2023/12.06.89

Almuhanna, M.A., Teachers’ perspectives of integrating Al-powered technologies in K-12
education for creating customized learning materials and resources. Education and Information
Technologies, 2024, 30(8): 10343-10371. https://doi.org/10.1007/s10639-024-13257-y
Gerlich, M., Al tools in society: Impacts on cognitive offloading and the future of critical
thinking. Societies, 2025, 15(1): 6. https://doi.org/10.3390/s0¢15010006

Cela, E., Fonkam, M.M. and Potluri, R.M., Risks of Al-assisted learning on student critical
thinking: a case study of Albania. International Journal of Risk and Contingency Management,
2024, 12(1): 1-19. http://dx.doi.org/10.4018/1JRCM.350185

Habib, S., Vogel, T., Anli, X. and Thirne, E., How does generative artificial intelligence impact
student creativity? Journal of Creativity, 2024, 34(1): 100072.
https://doi.org/10.1016/j.yjoc.2023.100072

Basha, J.Y., The negative impacrs of Al tools on students in academic and real-life
performance. International Journal of Social Sciences and Commerce, 2024, 1(3): 1-16.
https://doi.org/10.51470/1JSSC.2024.01.03.01

Rahimi, R.A. and Oh, G.S., Beyond theory: a systematic review of strengths and limitations in
technology acceptance models through an entrepreneurial lens. Journal of Marketing Analytics,
2024, 1-24. https://doi.org/10.1057/s41270-024-00318-x

Al-Emran, M. and Grani¢, A., Is it still valid or outdated? A bibliometric analysis of the
technology acceptance model and its applications from 2010 to 2020. Recent Advances in
Technology Acceptance Models and Theories, 2021, 1-12. Springer International Publishing.
Xue, L., Rashid, A.M. and Ouyang, S., The unified theory of acceptance and use of technology
(UTAUT) in higher education: A systematic review. SAGE Open, 2024, 14(1):
21582440241229570. https://doi.org/10.1177/21582440241229570

Rejali, S., Aghabayk, K., Esmaeli, S. and Shiwakoti, N., Comparison of technology acceptance
model, theory of planned behavior, and unified theory of acceptance and use of technology to
assess a priori acceptance of fully automated vehicles. Transportation Research Part A: Policy
and Practice, 2023, 168: 103565. https://doi.org/10.1016/j.tra.2022.103565

Ashraf, M.A., Theory of boundedly rational planned behavior: A new model. Zagreb
International  Review of  Economics &  Business, 2023, 26(1): 1-28.
https://doi.org/10.2478/zireb-2023-0001

STEM Education Volume 5, Issue 6, 1022—1057


https://doi.org/10.1080/01973533.2024.2365274
https://doi.org/10.3390/electronics11223662
https://inlibrary.uz/index.php/canrms/article/view/53547
https://doi.org/10.60153/pragmatica.v3i1.132
http://ijmer.in.doi./2023/12.06.89
https://doi.org/10.1007/s10639-024-13257-y
https://doi.org/10.3390/soc15010006
http://dx.doi.org/10.4018/IJRCM.350185
https://doi.org/10.1016/j.yjoc.2023.100072
https://doi.org/10.51470/IJSSC.2024.01.03.01
https://doi.org/10.1057/s41270-024-00318-x
https://doi.org/10.1177/21582440241229570
https://doi.org/10.1016/j.tra.2022.103565
https://doi.org/10.2478/zireb-2023-0001

1053

82.

83.

84.

85.

86.

87.

88.

89.

90.

91.

92.

93.

94.

95.

96.

97.
98.

Oleg, C., Theory of (un)planned behavior? How our behavioral predictions suffer from
“unplanned”  actions.  Coyuonocuueckoe  Obospenue, 2022,  21(4):  82-105.
http://dx.doi.org/10.17323/1728-192x-2022-4-82-105

Ning, Y., Zhang, W.,, Yao, D., Fang, B., Xu, B. and Tanu, T., Development and validation of the
artificial intelligence literacy scale for teachers (AILST). Education and Information
Technologies, 2025, 1-35. https://doi.org/10.1007/s10639-025-13347-5

Marengo, A., Karaoglan-Yilmaz, F.G., Yilmaz, R.. and Ceylan, M., Development and
validation of generative artificial intelligence attitude scale for students. Frontiers Computer
Science, 2025, 7: 1528455. https://doi.org/10.3389/fcomp.2025.1528455

Li, J., King, R.B., Chai, C.S., Zhai, X. and Lee, V.W.Y., The Al motivation scale (AIMS): a
self-determination theory perspective. Journal of Research on Technology in Education, 2025,
1-22. https://doi.org/10.1080/15391523.2025.2478424

Saatci, E.Y., Al and ethics: Scale development for measuring perceptions of artificial
intelligence across sectors and countries. International Journal of Economic Behavior and
Organization, 2025, 13(1): 35-50. https://doi.org/10.11648/].ijeb0.20251301.14

Yildirim, T.O. and Karaman, M., Development and psychometric evaluation of the artificial
intelligence  attitude scale for nurses. BMS Nursing, 2025, 22(24): 441.
https://doi.org/10.1186/s12912-025-03098-6

Topal, A.D., G&e, A.T., Eren, C.D. and Geer, A.K., Artificial intelligence literacy scale: A
study of reliability and validity for a sample of Turkish university students. Journal of
Learning and Teacning in Digital Age, 2025, 10(2): 58-67.
http://dx.doi.org/10.53850/joltida.1440845

Amani, N. and Bisriyah, M., University students’ perceptions of Al-assisted writing tools in
supporting self-regulated writing practices. Indonesian Journal of English Language Teaching
and Applied Linguistics, 2025, 10(1): 91-107. http://dx.doi.org/10.21093/ijeltal.v10i1.1942
Yazid, M.F.M. and Aziz, A.A., Primary school teachers’ readiness on the use of Al generated
image to teach literature in action component. International Journal of Humanities, Philosophy
and Language, 2025, 8(29): 29-47. https://doi.org/10.35631/IJHPL.829003

Boateng, G.O., Neilands, T.B., Frongillo, E.A., Melgar-Quifbnez, H.R. and Young, S.L., Best
practices for developing and validating scales for health, social, and behavioral research: A
primer. Frontiers in Public Health, 2018, 6: 149. https://doi.org/10.3389/fpubh.2018.00149
Nurjanah, S., Istiyono, E., Widihastuti, W., Igbal, M. and Kamal, S., The application of Aiken’s
V method for evaluating the content validity of instruments that measure the implementation of
formative assessments. Journal of Research and Educational Research Evaluation, 2023, 12(2):
125-133. http://dx.doi.org/10.15294/jere.v12i2.76451

Linacre, J.M., What do infit and outfit, mean-square and standardized mean? Rasch
Measurement Transactions, 2022, 16(2): 878. https://www.rasch.org/rmt/rmt162f.htm
Sumintono, B. and Widhiarso, W., Aplikasi Pemodelan Rasch Pada Assessment Pendidikan,
2015, Trim Komunikata Publishing House.

Bond, T.G. and Fox, C., Applying the Rasch Model: Fundamental Measurement in the Human
Sciences, 2007, Erlbaum.

Shrestha, N., Factor analysis as a tool for survey analysis. American Journal of Applied
Mathematics and Statistics, 2021, 9(1): 4-11. http://dx.doi.org/10.12691/ajams-9-1-2

Nunnally, J.C., Psychometric Theory, 1978, McGraw-Hill.

Hair, J.F., Black, W.C., Babin, B.J. and Anderson, R.E., Multivariate Data Analysis (7th

STEM Education Volume 5, Issue 6, 1022—1057


http://dx.doi.org/10.17323/1728-192x-2022-4-82-105
https://doi.org/10.1007/s10639-025-13347-5
https://doi.org/10.3389/fcomp.2025.1528455
https://doi.org/10.1080/15391523.2025.2478424
https://doi.org/10.11648/j.ijebo.20251301.14
https://doi.org/10.1186/s12912-025-03098-6
http://dx.doi.org/10.53850/joltida.1440845
http://dx.doi.org/10.21093/ijeltal.v10i1.1942
https://doi.org/10.35631/IJHPL.829003
https://doi.org/10.3389/fpubh.2018.00149
http://dx.doi.org/10.15294/jere.v12i2.76451
https://www.rasch.org/rmt/rmt162f.htm
http://dx.doi.org/10.12691/ajams-9-1-2

1054

99.

100.

101.

102.

103.

104.

105.

106.

107.

108.

109.

110.

111.

112.

113.

114.
115.

116.

Edition), 2009, Pearson Prentice Hall.

O’Leary-Kelly, S.W. and Vokurta, R.J., Empirical assessment of construct validity. Journal of
Operations Management, 1998, 16(4): 387-405.

Cronbach, L.J., Coefficient alpha and the internal structure of tests. Psychometrika, 1951, 16:
297-334. https://doi.org/10.1007/BF02310555

Luckin, R., Towards artificial intelligence-based assessment systems. Nature Human
Behaviour, 2017, 1(3): 0028. https://doi.org/10.1038/s41562-016-0028

Perin, D. and Lauterbach, M., Assessing text-based writing of low-skilled college students.
International Journal of Artificial Intelligence in Education, 2018, 28(1): 56-78.
https://doi.org/10.1007/s40593-016-0122-z

Zawacki-Richter, O., Marm, V.I., Bond, M. and Gouverneur, F., Systematic review of research
on artificial intelligence applications in higher education-where are the educators?
International Journal of Educational Technology in Higher Education, 2019, 16(1): 1-27.
https://doi.org/10.1186/s41239-019-0171-0

Holmes, W. and Tuomi, I., State of the art and practice of Al in education. European Journal of
Education, 2022, 57(4): 542-570. https://doi.org/10.1111/ejed.12533

Penfield, R.D. and Giacobbi Jr., P.R., Applying a score confidence interval to Aiken’s item
content-relevance index. Measurement in Physical Education and Exercise Science, 2004, 8(4):
213-225. https://doi.org/10.1207/s15327841mpee0804 3

Sanchez, J.M.P., Validation tool for chemistry teaching innovations: Polytomous Rasch,
confirmatory factor, and reliability analyses. Journal of Research in Environmental and
Science Education, 2025, 2(1): 38-47. https://doi.org/10.70232/jrese.v2i1.9

Gaylan, E.G., Elladora, S.T., Taneo, J.K.B., Callanga, C.H., Piloton-Narca, M., Becbec, J., et
al., Development and validation of a conceptual test for the human circulatory system. Junral
Pendidikan Biologi Indonesia, 2024, 10(3): 909-919. https://doi.org/10.22219/jpbi.v8i3.22992
Boone, W.J., Staver, J.R. and Yale, M.S., Rasch Analysis in the Human Sciences, 2014,
Springer.

Field, A., Disovering Statistics Using IBM SPSS Statistics: (and Sex and Drugs and Rock “N”
Roll), 2013, Sage.

Kim, W.J., Al-Integrated science teaching through facilitating epistemic discourse in the
classroom. Asia-Pacific Science Education, 2022, 8(1): 9-42.
https://doi.org/10.1163/23641177-bjal0041

Makridakis, S., The forthcoming Artificial Intelligence (Al) revolution: Its impact on society
and firms. Futures, 2017, 90: 46-60. https://doi.org/10.1016/j.futures.2017.03.006

Fornell, C. and Larcker, D.F., Evaluating structural equation models with unobservable
variables and measurement error. Journal of Marketing Research, 1981, 18(1): 39-50.
https://doi.org/10.2307/3151312

Hu, L. and Bentler, P.M., Cutoff criteria for fit indexes in covariance structure analysis:
Convention criteria versus new alternatives. Structural Equation Modeling, 1999, 6(1): 1-55.
https://doi.org/10.1080/10705519909540118

Deellis, R.F., Scale Development: Theory and Applications, 2016, Sage.

Su, J.,, Ng, D.T.K. and Chu, S.K.W., Atificial intelligence (Al) literacu in early childhood
education: The challenges and opportunities. Computers and Education: Artificial Intelligence,
2023, 4: 100124. https://doi.org/10.1016/j.caeai.2023.100124

Teo, T., Factors influencing teachers’ intention to use technology: Model development and test.

STEM Education Volume 5, Issue 6, 1022—1057


https://doi.org/10.1007/BF02310555
https://doi.org/10.1038/s41562-016-0028
https://doi.org/10.1007/s40593-016-0122-z
https://doi.org/10.1186/s41239-019-0171-0
https://doi.org/10.1111/ejed.12533
https://doi.org/10.1207/s15327841mpee0804_3
https://doi.org/10.70232/jrese.v2i1.9
https://doi.org/10.22219/jpbi.v8i3.22992
https://doi.org/10.1163/23641177-bja10041
https://doi.org/10.1016/j.futures.2017.03.006
https://doi.org/10.2307/3151312
https://doi.org/10.1080/10705519909540118
https://doi.org/10.1016/j.caeai.2023.100124

1055

117.

118.

119.

120.

121.

122.

123.

124.

125.

126.

127.

128.

129.

Computers & Education, 2011, 57(4): 2432-2440.
https://doi.org/10.1016/j.compedu.2011.06.008

Ng, D.T.N., Leung, J.K.L., Chu, S.K.W. and Qiao, M.S., Conceptualizing Al literacy: An
exploratory review. Computers and Education: Artificial Intelligence, 2021, 2: 100041.
https://doi.org/10.1016/j.caeai.2021.100041

Sanchez, J.M.P., Multiple representations framework in technology acceptance: A structural
equation modeling of science educational videos in teaching and learning redox reactions.
STEM Education, 2025, 5(5): 855-881. https://doi.org/10.3934/steme.2025038

Wyagotsky, L.S., Mind in Society: The Development of Higher Psychological Processes, 1978,
Harvard University Press.

Bandura, A., Self-efficacy: The Exercise of Control, 1997, WH Freeman/Times Books/Henry
Hold & Co.

Balo, V.T.M. and Sanchez, J.M.P., Evaluation of educational assessment module for flexible
STEM education. STEM Education, 2025, 5(1): 130-151.
https://doi.org/10.3934/steme.2025007

Olvido, M.M.J., Sanchez, J.M.P. and Alejandro, I.M.V., Impact of distance learning on the
university students’ academic performance and experiences. International Journal of
Evaluation and Research in Education, 2024, 13(4): 2116-2125.
http://doi.org/10.11591/ijere.v13i4.25847

Goles, C.E., Sanchez, J.M.P., Sumalinog, G.G., Mananay, J.A. and Alejandro, I.M.V., Beyond
the pandemic: The changing landscape of technology integration in higher education in Central
Visayas, Philippines. CTU Journal of Innovation and Sustainable Development, 2024, 16(1):
150-159. https://doi.org/10.22144/ctujoisd.2024.262

Sanchez, J.M.P., Sumalinog, G.G., Mananay, J.A., Baguia, M.M., Goles, C.E. and Alejandro,
I.M.V,, Faculty’s access to information and communication technologies in colleges and
universities in Central Visayas, Philippines. International Journal of Information and
Education Technology, 2022, 13(3): 468-474. https://doi.org/10.18178/ijiet.2023.13.3.1827
Mananay, J., Sanchez, J.M., Sumalinog, G., Goles, C. and Alejandro, I.M., Factors affecting
technology use in teaching functions in higher education institutions: A regression analysis.
Journal of Education and Innovation, 2024, 26(3): 46-58.
https://s006.tci-thaijo.org/index.php/edujournal_nu/article/view/264131

Amoro, J.L.B., Amoro, M.K.O. and Sumalinog, G.G., From online learning to in-person
teaching internship: Lived experiences of pre-service education students. CTU Journal of
Innovation and Sustainable Development, 2025, 17(2): 23-33.
https://doi.org/10.22144/ctujoisd.2025.032

Sumalinog, G., Corales, E. and Goles, C., Learning management in virtual classroom: A
phenomenological study. Journal of Research, Policy & Practice of Teachers & Teacher
Education, 2022, 12(2): 66-81. https://doi.org/10.37134/jrpptte.vol12.2.5.2022

Picardal, M.T. and Sanchez, J.M.P., Pre-service teachers reflection on their undergraduate
educational research experience through online instructional delivery. International Journal of
Learning, Teaching and  Educational = Research, 2022, 21(10). 161-177.
https://doi.org/10.26803/ijlter.21.10.8

Gonzales, G.H., Despe, K., Iway, I, Genon, R.J., Intano, J. and Sanchez, J.M., Online
collaborative learning platforms in science: Their influence on attitude, achievement, and
experiences. Journal of Educational Technology and Instruction, 2023, 2(2): 1-16.

STEM Education Volume 5, Issue 6, 1022—1057


https://doi.org/10.1016/j.compedu.2011.06.008
https://doi.org/10.1016/j.caeai.2021.100041
https://doi.org/10.3934/steme.2025038
https://doi.org/10.3934/steme.2025007
http://doi.org/10.11591/ijere.v13i4.25847
https://doi.org/10.22144/ctujoisd.2024.262
https://doi.org/10.18178/ijiet.2023.13.3.1827
https://so06.tci-thaijo.org/index.php/edujournal_nu/article/view/264131
https://doi.org/10.22144/ctujoisd.2025.032
https://doi.org/10.37134/jrpptte.vol12.2.5.2022
https://doi.org/10.26803/ijlter.21.10.8

1056

https://doi.org/10.70290/jeti.v2i2.55

130. Boholano, H.B., Sanchez, J.M.P., Balo, V.T.M. and Navarro, T.M.M., Utilization of e-portfolios
in teacher education institutions of higher education in Central Visayas, Philippines.
International Journal of Information and Education Technology, 12(9): 912-920.
https://doi.org/10.18178/ijiet.2022.12.9.1701

131. Mananay, J., Integrating artificial intelligence (Al) in language teaching: Effectiveness,
challenges, and strategies. International Journal of Learning, Teaching and Educational
Research, 2024, 23(9): 361-382. https://doi.org/10.26803/ijlter.23.9.19

132. United Nations Educational, Scientific and Cultural Organization, Recommendations on the
Ethics of Artificial Intelligence, 2022, UNESCO.

133. Worthington, R.L., and Whittaker, T.A., Scale development research: A content analysis and
recommendations for best practices. The Counseling Psychologist, 2006, 34(6): 806—838.
https://doi.org/10.1177/0011000006288127

134. Clark, L.A. and Watson, D., Constructing validity: basic issues in objective scale development.
Psychological Assessment, 1995, 7(3): 309-319. https://doi.org/10.1037/1040-3590.7.3.309

Author’s biography

Dr. Joje Mar P. Sanchez is a Professor of Science Education, the Doctorate Program Chair at the
College of Teacher Education, and the former Institute for Research in Innovative Instructional
Delivery Director at Cebu Normal University, Philippines. He specializes in technology and
innovative strategies in science. His research interests include chemistry and physics, environmental
education, advanced mixed methods, educational data mining, and science investigatory project
instruction. He is a member of the National Research Council of the Philippines (NRCP), the
Philippine Association of Chemistry Teachers (PACT), the Samahang Pisika ng Pilipinas (SPP), the
PAFTE, and the SUCTEA.

Dr. Gino G. Sumalinog is a Professor of English Language Teaching and Graduate School Chair at
the College of Teacher Education at Cebu Normal University. He specializes in technology in
education and English language teaching. His research interests include English and mother
tongue-based instruction studies. He is a member of the Philippine Association for Language
Teaching (PALT), NRCP, PAFTE, and SUCTEA.

Dr. Janet A. Mananay is the Vice President for Special Needs, Early Childhood Education,
Internationalization, and Lifelong Learning at Cebu Normal University and an Associate Professor of
English Language Teaching at the College of Teacher Education of the same university. She
specializes in technology in education and English language teaching. Her research interests include
English and mother tongue-based instruction, internationalization, and global citizenship. She is a
member of PAFTE and SUCTEA.

Dr. Charess E. Goles is an Associate Professor of Technology and Livelihood Education at the
College of Teacher Education and the Assistant Manager of the Training and Assessment Center for
the Technical and Vocational Programs of Cebu Normal University. She specializes in technology in
STEM Education Volume 5, Issue 6, 1022-1057



https://doi.org/10.70290/jeti.v2i2.55
https://doi.org/10.18178/ijiet.2022.12.9.1701
https://doi.org/10.26803/ijlter.23.9.19
https://doi.org/10.1177/0011000006288127
https://doi.org/10.1037/1040-3590.7.3.309

1057

education and TLE. Her research interests include food systems, particularly focusing on Cebuano
local resources such as seaweeds. She is a member of the Philippine Home Economics Association
(PHEA), PAFTE, and SUCTEA.

Prof. Isidro Max V. Alejandro is an Associate Professor of Science Education, Online
Administrator at the College of Teacher Education, and the previous Technical/Vocational
Certification Director at Cebu Normal University, Philippines. He specializes in educational
technology, biology education, and educational leadership. His research interests include technology
in education, teaching-learning in science, and technology management. He is a member of the
Biology Teachers Association (BIOTA), the Philippine Association for Teachers and Educators
(PAFTE), and the State Universities and Colleges Teacher Educators Association (SUCTEA).

Dr. Chery B. Fernandez is an Associate Professor of Guidance and Counseling and the Guidance
Counselor at the College of Teacher Education. She specializes in guidance and counseling and
values education. Her research interests include counseling, peer facilitation, and group dynamics.
She is a member of the Philippine Guidance and Counseling Association (PGCA), PAFTE, and
SUCTEA.

% ©2025 the Author(s), licensee by AIMS Press. This is an open
ATvs AIMS Press  access article distributed under the terms of the Creative Commons
- Attribution License (https://creativecommons.org/licenses/by/4.0/).

STEM Education Volume 5, Issue 6, 1022—1057



