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ABSTRACT  
The rise of artificial intelligence (AI) in education requires educators to move beyond 
basic literacy toward deeper and more practical competencies. However, limited 
research has examined how professional and institutional factors jointly influence 
educators’ ability to adopt AI effectively. Using a sequential mixed-methods approach, 
this study provides a context-sensitive refinement of AI competency by clarifying its 
relationship with adjacent constructs such as technological literacy and creativity. 
Qualitative data were collected through 37 semi-structured interviews and two focus 
groups, followed by a survey completed by 140 respondents. Structural Equation 
Modeling-Partial Least Squares (SEM-PLS) was employed to test and validate the 
proposed model. Results indicate that professional development, digital resources, 
technological literacy, creativity, and collaboration are significant predictors of AI 
competency, with creativity and technological literacy emerging as the strongest 
predictors. The model demonstrated strong explanatory power, emphasizing that 
effective AI competency extends beyond technical proficiency and requires creative 
thinking, digital fluency, and supportive institutional environments. The study offers 
practical implications for universities seeking to strengthen faculty readiness for AI- 
integrated teaching and learning.

ARTICLE HISTORY
Received 8 February 2026 
Accepted 7 May 2026  

KEYWORDS  
Ai competency; quality of 
higher education; 
professional development; 
technological literacy; policy; 
creativity; mixed-methods 
research

1. Introduction

The rapid advancement of technologies such as artificial intelligence (AI) is transforming educational 
environments at an unprecedented rate (Dai & Wang, 2024). As these technologies become deeply 
embedded in daily life, educators are increasingly required upon to develop both AI literacy and relevant 
technical competencies to prepare students for a technology-driven future (Derakhshan et al., 2025).

Although AI-in-education scholarship has expanded rapidly, educator-focused competency research 
remains comparatively limited. Recent reviews show that much of the literature still emphasizes student 
AI literacy, broad AI-in-education applications, or technology acceptance, while fewer studies examine edu
cators’ AI competency through integrated professional and institutional models (Ng & Chu, 2021). The 
present study therefore extends this emerging area by examining how such factors jointly shape educators’ 
perceived AI competency in higher education. The current interest in educators’ AI competency did not 
emerge in isolation. It builds on earlier work on technology adoption and teacher knowledge, including 
the Technology Acceptance Model (Davis, 1989), which explained technology uptake in terms of perceived 
usefulness and perceived ease of use, and the TPACK framework (Mishra & Koehler, 2006), which emphasized 
the integration of technological, pedagogical, and content knowledge in teaching. More recent work on 
digital teaching competence further expanded these perspectives by highlighting teachers’ professional, 
ethical, and contextual readiness for technology-enhanced education. Against this background, AI-specific 
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frameworks represent an important next stage in the evolution from general digital readiness toward 
applied, ethically informed, and context-sensitive educator capability.

In recent years, AI technologies have increasingly been integrated into educational contexts, offering new 
possibilities for curriculum design, pedagogical innovation, and assessment strategies (Chaudhry & Kazim, 
2022; Khlaif et al., 2024; Mahjoubi et al., 2025). Yet, despite their growing presence, educators frequently 
struggle to understand the fundamental principles underlying AI, its ethical implications, and the potential 
risks of overreliance (Chiu, 2024a). Understanding how AI functions, and how it can be thoughtfully inte
grated into teaching and learning processes, is therefore no longer optional but essential.

A distinction should be made between AI literacy, which refers to refers to an individual’s ability to under
stand fundamental AI concepts (Kim et al., 2021), and AI competency, which Chiu (2024b) defines as the 
capacity to apply these concepts effectively and ethically in practical contexts. While the two terms are 
occasionally used interchangeably in the literature (Almatrafi et al., 2024), achieving true competency 
requires deeper engagement, critical reflection, and sustained professional development. As the education 
sector continues to grapple with the opportunities and challenges presented by generative AI technologies, 
there is a growing need to prioritize competency over mere conceptual literacy.

Several studies have demonstrated that AI applications can enhance educational practices by enabling 
more personalized learning, streamlining assessments, and improving operational tasks (Awadallah 
Alkouk & Khlaif, 2024; Chaudhry & Kazim, 2022). However, much of the existing research has focused primar
ily on students’ use of AI, with comparatively limited attention given to the competencies that educators 
themselves must develop to navigate this new landscape. Long and Magerko’s (2020) competency frame
work, as well as Ng et al.’s (2023) categorization based on Bloom’s Taxonomy, offer valuable foundations 
for understanding what AI competency should entail.

Despite these contributions, significant gaps remain. In particular, there is a pressing need to examine the 
factors that influence educators’ AI competencies and to develop practical frameworks that support their 
professional growth in this area. Without such understanding, efforts to integrate AI meaningfully into edu
cation risk remaining superficial fragmented, or unevenly implemented across institutions.

Against this backdrop, the present study seeks to identify and model the key factors influencing AI com
petency among educators. By adopting a sequential mixed-methods design and SEM-PLS, the study aims to 
extend existing research by examining how professional, technological, and institutional factors jointly relate 
to educators’ perceived AI competency in higher education, while offering context-sensitive insights for 
faculty development and institutional planning.

This study does not aim to introduce entirely new theoretical constructs, but rather to refine and contex
tualize the concept of educators’ AI competency within higher education practice. Specifically, it contributes 
by: clarifying the conceptual boundaries between AI competency, technological literacy, and creativity; 
examining AI competency as a practice-oriented and context-sensitive capability; and providing empirical 
evidence from an underrepresented higher education context.

2. Literature review and conceptual foundations

2.1. Factors influencing AI competency in higher education

The ability of educators to interact effectively with AI technologies is shaped by a combination of pro
fessional and contextual factors. Several studies have examined how these factors influence AI competency 
development. For instance, O’Dea et al. (2026) found that nationality and prior exposure to AI significantly 
impact generative AI literacy among university students, while age and gender play comparatively minor 
roles. In a complementary study, Brown and Wang (2024) emphasized that behavioral intentions, perceived 
usefulness, perceived ease of use, job relevance, and social norms strongly influence educators’ acceptance 
and use of AI in academic environments.

Other research highlights institutional and environmental barriers to adopt AI. Lintner (2024) reported 
that financial constraints, organizational culture, and skills gaps significantly hinder the adoption of AI tech
nologies, including within academic libraries. Moreover, Tenberga and Daniela (2024) found that educators’ 
perceptions of AI’s potential to promote social good, together with their self-efficacy and ethical awareness, 
are important predictors of both AI literacy and AI competency. While these studies collectively highlight the 
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importance of both individual and organizational factors, limited research has integrated these diverse influ
ences into a comprehensive model specifically focused on educators’ AI competencies. The present study 
seeks to address this gap by developing and empirically testing an integrated model of educators’ AI 
competency.

2.2. Ai literacy and competency: definitions and frameworks

The concepts of AI literacy and AI competency have increasingly drawn scholarly attention, but they are not 
always clearly distinguished within the literature. AI literacy typically refers to an individual’s understanding 
of fundamental AI concepts and their societal implications (Ng & Chu, 2021), while AI competency refers to 
the ability to apply AI knowledge effectively, ethically, and creatively across diverse contexts (Chiu, 2024b).

Recent scholarship has increasingly attempted to conceptualize artificial intelligence literacy and compe
tency as distinct yet interrelated constructs. Foundational work by Long and Magerko (2020) conceptualizes 
AI literacy as a set of competencies enabling individuals to critically understand, interact with, and evaluate 
AI systems. Building on this, Ng and Chu (2021) propose a multidimensional framework that includes knowl
edge, skills, and ethical awareness as core components of AI literacy. More recent studies further extend 
these frameworks toward competency-oriented perspectives, emphasizing applied, context-sensitive, and 
ethical use of AI in professional practice (Chiu, 2024a; Kim et al., 2021). These frameworks collectively high
light that while AI literacy provides the conceptual foundation, AI competency reflects the ability to opera
tionalize this knowledge effectively within real-world contexts.

At the policy level, UNESCO (2024) provides one of the most comprehensive frameworks for teachers’ AI 
competency, emphasizing a holistic model that integrates technological, pedagogical, ethical, and societal 
dimensions. The framework highlights key domains including understanding AI foundations, ethical use, 
pedagogical integration, and professional engagement. Importantly, UNESCO positions AI competency 
not merely as technical proficiency, but as a situated capability that requires critical judgment, responsible 
use, and alignment with educational values. This perspective aligns with the current study’s conceptualiz
ation of AI competency as a practice-oriented and context-sensitive capability shaped by both individual 
and institutional factors.

Existing frameworks differ in both scope and emphasis. AI literacy models, such as those discussed by Ng 
and Chu (2021; 2023), generally focus on foundational understanding, critical evaluation, and practical 
awareness of AI, whereas competency-oriented frameworks extend further toward applied, context-sensi
tive, and ethically informed use in professional settings. In this sense, literacy frameworks are valuable for 
identifying baseline knowledge domains, but they may not fully capture the situated and practice-based 
demands faced by educators when integrating AI into teaching, assessment, and research. By contrast, com
petency perspectives foreground enactment, judgment, and pedagogical adaptation. The distinction is 
important because studies built on literacy frameworks often assess conceptual preparedness, whereas 
studies informed by competency models are more likely to examine application and professional 
performance.

Expanding this perspective, Chen and Zhang (2025) focus on generative AI literacy, identifying twelve 
critical competencies including recognizing algorithmic bias, evaluating AI-generated content, and using 
AI creatively. Their highlights the need for educational programs to evolve in response to rapid technological 
developments. In addition to technical and pedagogical competencies, AI literacy frameworks should also 
encompass an understanding of legal and ethical considerations (Khlaif et al., 2023; Mahjoubi et al., 
2025). These include data protection, privacy rights, intellectual property, copyright, and legal ethics, all 
of which are essential for the responsible integration of AI in educational contexts. As highlighted by 
Khlaif et al. (2023), AI education programs should address these issues in order to prepare educators for 
the practical complexities associated with AI deployment.

While these studies collectively underscore the importance of personal and organizational factors, fewer 
studies have examined these influences together in a single model focused specifically on educators’ per
ceived AI competency in higher education. Rather than proposing an entirely new conceptual domain, 
the present study builds on this growing literature by integrating selected professional, technological, 
and institutional dimensions within a sequential mixed-methods design. The study aims to model the key 
factors influencing educators’ perceived AI competency in educational practice.
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By doing so, the research seeks to bridge the gap between educators’ conceptual understanding of AI and 
their practical ability to apply it effectively and ethically in teaching and research. The study aims to develop 
an integrated framework that captures both individual capabilities—such as creativity, technological literacy, 
and professional growth—and organizational supports, including institutional resources and collaborative 
environments, that are essential for meaningful and sustainable AI adoption.

Although AI competency, technological literacy, and creativity are conceptually related constructs, they 
are not treated as interchangeable within this study. Technological literacy refers to educators’ broader 
digital fluency, including confidence in using digital tools, locating and evaluating digital resources, 
solving routine technical problems, and adapting to new technologies. Creativity and innovation refer to 
the capacity to generate novel and pedagogically valuable ideas and to apply tools in original ways that 
expand teaching and learning possibilities. By contrast, AI competency refers specifically to educators’ 
self-reported ability to use AI tools purposefully within educational contexts, including selecting appropriate 
tools, applying them to instructional tasks, and making basic evaluative judgments about their benefits and 
risks. Thus, technological literacy provides the broader digital foundation, creativity shapes innovative ped
agogical applications, and AI competency captures AI-specific applied capability. Clarifying these conceptual 
boundaries is important because related constructs may demonstrate statistical association while still repre
senting theoretically distinct dimensions.

2.3. Educators’ AI competencies in higher education: current findings and gaps

Improving AI competency among educators has become a priority for higher education institutions seeking 
to harness the potential of emerging technologies. Several studies have examined how AI literacy and com
petency can be developed through targeted educational initiatives.

Kong et al. (2021) evaluated an AI literacy course offered to university students across multiple academic 
disciplines, emphasizing three key components: assessment literacy, foundational knowledge of AI concepts, 
and real-world problem-solving abilities. The study demonstrated that students without prior programming 
experience could still develop a meaningful understanding of AI principles through short and intensive train
ing programs. In a follow-up study, Kong et al. (2022) extended these findings by incorporating machine 
learning and deep learning modules into the curriculum, showing that participants demonstrated significant 
improvements in both conceptual understanding and confidence in using AI tools.

Extending this line of inquiry, Mansoor et al. (2024) conducted a comparative survey highlighting differ
ences in AI literacy levels among university students across diverse national and academic backgrounds. 
Their results are consistent with earlier findings by Yuan et al. (2024), who reported that while many educa
tors possess basic conceptual knowledge of AI, they often hesitate to integrate AI tools into their teaching 
practices due to limited practical training and insufficient confidence in applying these tools.

Recent research has further examined the role of generative AI in supporting constructivist learning 
approaches. Studies by Lim et al. (2023) and Kanont et al. (2024) emphasize that generative AI technologies 
can enhance collaborative learning, knowledge co-creation, and personalized learning experiences. Never
theless, successful integration depends heavily on educators’ perceptions of the usefulness of the technol
ogy and its ease of use (Davis, 1989), as conceptualized within the Technology Acceptance Model (TAM).

Despite these promising initiatives, existing research still presents several limitations. Most studies focus 
either on students’ AI literacy development or on educators’ basic conceptual understanding of AI. Few 
investigations have systematically modeled the broader professional, technological, and institutional 
factors that influence educators’ development of perceived AI competency in educational practice. More
over, limited empirical evidence exists that systematically examines these relationships using integrated 
empirical modeling approaches.

Recognizing these gaps, the present study seeks to model the determinants of AI competency among 
educators using sequential mixed-methods design, thereby providing a more comprehensive understanding 
of how professional development, technological literacy, institutional support, and individual attitudes inter
act to shape AI competency in higher education contexts. Thus, a comprehensive and empirically tested 
model integrating professional and institutional factors remains critically needed.

The reviewed frameworks also differ theoretically. TAM explains technology uptake primarily through per
ceived usefulness and perceived ease of use, making it especially helpful for understanding educators’ 
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willingness to adopt AI tools. In contrast, literacy and taxonomy-based frameworks are more concerned with 
the depth and quality of knowledge, critical thinking, and application. Thus, TAM helps explain whether edu
cators are likely to engage with AI, whereas competency and literacy frameworks help explain what kind of 
capability that engagement requires. These perspectives are therefore complementary rather than inter
changeable, but the literature rarely integrates them explicitly when examining educators’ AI-related 
development.

2.4. Conceptual foundations: factors influencing educators’ AI competency

2.4.1. Adoption of AI technologies in higher education
The adoption of AI technologies in higher education has emerged as a major area of scholarly focus due to 
the transformative potential of AI to enhance teaching and learning processes. AI tools, particularly those 
based on generative AI, are increasingly viewed as catalysts for more efficient, personalized, and collabora
tive learning environments (Lim et al., 2023; Sandu & Gide, 2019). These tools are increasingly applied to 
support constructivist learning approaches, including collaborative learning, knowledge co-creation, and 
individualized feedback (Kanont et al., 2024).

However, successful adoption does not occur automatically. The perceived usefulness and perceived ease 
of use of AI technologies are consistently identified as crucial determinants influencing educators’ accep
tance of these technologies. This observation is consistent with the Technology Acceptance Model (TAM) 
proposed by Davis (1989), which posits that user acceptance is primarily shaped by these two perceptions. 
In educational contexts, perceived usefulness is commonly associated with the degree to which AI tools 
enhance instructional effectiveness, while ease of use reflects the perceived user-friendliness of AI systems.

Moreover, effective AI integration requires not only technological adoption but also active pedagogical 
endorsement by educators. As highlighted by Kelly et al. (2023), and Pillai and Pillai (2023), AI tools can sig
nificantly improve learning outcomes by facilitating content creation, media development, and data-driven 
decision-making within educational processes.

2.4.2. Conceptual model and hypotheses development
Building on the reviewed literature, this study proposes a conceptual model that identifies the key factors 
influencing educators’ AI competency. As illustrated in Figure 1, the proposed conceptual model consists 
of six variables The proposed conceptual model, (see Figure 1), consists of six variables. This includes 
three independent variables: Professional Development PD, Communication and Collaboration CC, and 

Figure 1. Proposed research conceptual model.
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Access to Digital Resources ADR, and 3 dependent variables: Creativity and Innovation CI, Technological Lit
eracy TL, and Artificial Intelligence Competency AIC.

In addition to the proposed direct relationships, the structural model enables the examination of potential 
indirect effects among the retained constructs. Specifically, professional development and access to digital 
resources are expected to influence AI competency not only through direct effects, but also indirectly 
through communication and collaboration, creativity and innovation, and technological literacy. Accord
ingly, the SEM-PLS analysis was extended to examine whether these variables mediate the relationship 
between upstream institutional/professional factors and educators’ AI competency.

As shown in Table 1 below, each construct is measured through multiple items (i.e. reflective indicators). 
These variables and their indicators were derived from existing literature and expert interviews. Accordingly, 
we can define the main variables and the subsequent hypotheses as follows:

Given the conceptual proximity among several of the model constructs, especially creativity and inno
vation, technological literacy, and AI competency, the present study treats them as related but theoretically 
distinct dimensions. Creativity and innovation reflect the generation of original pedagogical ideas and inno
vative instructional uses of technology. Technological literacy reflects general digital capability and adapta
bility across technological tools and platforms. AI competency is conceptualized as a perceived, practice- 
oriented capability reflecting educators’ ability to apply AI tools within instructional contexts. It does not 
capture advanced technical competencies such as algorithmic understanding or bias detection, but rather 
focuses on functional pedagogical use in real-world teaching environments. This distinction guides both 
the organization of the constructs and the interpretation of the structural model relationships.

2.4.2.1. Professional development (PD). Structured professional development initiatives are essential for 
strengthening educators’ confidence and competencies in using AI technologies. Participation in AI- 
focused training, mentorship, and continuous learning opportunities has been shown in prior research to 
positively impact creative teaching practices, technological literacy, and interdisciplinary collaboration 
(Kanont et al., 2024; UNESCO, 2024).

Based on this reasoning, the following hypotheses are proposed: 

. H1: Professional development positively affects creativity and innovation among educators.

. H2: Professional development positively affects educators’ technological literacy.

. H3: Professional development positively affects communication and collaboration among educators.

2.4.2.2. Access to digital resources (ADR). Access to high-quality digital resources, including AI tools, online 
platforms, and instructional materials, represents another critical determinant of educators’ AI competency. 
Studies have shown that the availability and accessibility of digital resources significantly enhance educators’ 
technological literacy, creativity, and collaborative abilities (Stephen, 2025 ).

Accordingly, the following hypotheses are formulated: 

. H4: Access to digital resources positively affects communication and collaboration among educators.

. H5: Access to digital resources positively affects creativity and innovation among educators.

. H6: Access to digital resources positively affects technological literacy among educators.

2.4.2.3. Communication and collaboration (CC). Effective communication and collaboration among edu
cators are critical for sharing best practices, designing AI-integrated learning activities, and fostering a 
culture of innovation. Prior research suggests that collaborative environments facilitate the adoption of AI 
technologies and promote the exchange of AI-related pedagogical strategies ( Archana, 2025).

This leads to the following hypothesis: 

. H7: Communication and collaboration positively influence educators’ AI competency.
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Table 1. Operationalization table.
Construct Symbol Indicators Symbol References Questionnaire

Professional 
Development

PD Professional 
development 
programs

PD1 Interview, 
Hennessy et al., 
2022

I participate in include training on using and 
understanding AI technologies effectively

AI skills PD2 Interview The professional development activities offered to me 
are aligned with the skills needed to enhance my AI 
competency

AI integration PD3 Ding et al. (2024), 
interview

Professional development initiatives help me integrate 
AI tools and technologies into my work practices

Knowledge and skills PD4 Interview and 
Sun et al. 
(2023)

Professional development programs encourage me to 
stay informed about the latest advancements and 
trends in AI

Improving AI 
competency

PD5 Ding et al. (2024), 
interview

Mentoring and guidance provided during professional 
development activities have helped me improve my 
competency in using A

Communication and 
Collaboration

CC Searching for AI 
tools

CC1 Interview I can use different websites and search strategies to find 
and select a range of different AI tools.

Self-directed 
learning

CC2 interview I actively look for continuous professional development 
activities outside my educational organization

Sharing experience 
with others

CC3 Interviews I actively share my AI teaching experience with other 
colleagues within and outside my educational 
organization

Collaboration CC4 Kim (2024), 
interviews

I love to help my colleagues design learning activities 
with AI

Access to Digital 
Resources

ADR Resource availability ADR1 Archana (2025), 
interviews

My institution ensures that I have access to the 
necessary digital resources for developing my AI 
competency

Impact of 
accessibility

ADR2 interviews The ease of accessing AI-powered platforms through 
digital resources has positively impacted my ability to 
use AI effectively.

Knowledge 
acquisition

ADR3 Interviews Having access to digital libraries and research materials 
has supported my competency in AI by keeping me 
updated on the latest advancements

Resource quality ADR4 Interviews Access to high-quality digital resources, such as 
tutorials and online courses, has enhanced my 
understanding of AI technologies

Practical skills 
development

ADR5 Interviews The availability of digital resources, such as AI tools and 
applications, has improved my ability to develop AI- 
related skills

Creativity and 
Innovation

CI Problem-solving 
focus

CI1 Interview I use AI technologies to enhance my ability to generate 
innovative solutions to complex problem

Creative exploration CI2 Interview AI tools help me explore and refine creative ideas that 
would be challenging to develop on my own

Project-based AI 
integration

CI3 Interview I effectively integrate AI technologies into my projects 
to create unique and original outcomes

Expanding 
Pedagogical 
approaches

CI4 Interview I use AI tools to expand the possibilities of creative 
expression in my teaching

AI knowledge and 
applications

CI5 Interview My understanding of AI enables me to identify and 
utilize its capabilities to drive innovation in teaching

Technological Literacy T Digital self-efficacy TL1 Interview I am confident in using digital tools and technologies 
for teaching and learning purposes

Information literacy TL2 Interview I can effectively search for, access, and evaluate digital 
resources needed for my teaching or research

Technical problem 
solving

TL3 Interview I can troubleshoot basic technical issues when using 
digital tools and platforms

Pedagogical 
technology 
integration

TL4 Interview I am proficient in integrating technological tools into 
my teaching to enhance student engagement and 
learning outcome

Technology 
adaptability

TL5 Interview I regularly explore and adopt new digital tools and 
technologies to stay updated in my field

AI Competency AIC AI awareness/AI 
literacy

AIC1 Interview I can distinguish whether a tool is AI-based or not.

Practical AI 
application

AIC2 Interview I can create content with AI.

Pedagogical AI 
selection

AIC3 Interview I can choose an AI tool that enhances my teaching 
subject content for a lesson

Pedagogical 
awareness

AIC4 Interview I teach, how I teach, and what students learn.

Assessments design 
skills

AIC5 Interview I can design an assessment approach to improve 
student learning

Social responsibility AIC6 Interview I can teach students ethics
AI evaluation skills AIC7 Interview I can assess the benefits of an AI tool.
AI risks assessments AIC8 Interview I can assess the risks of an AI tool

INTERACTIVE LEARNING ENVIRONMENTS 7



2.4.2.4. Creativity and innovation (CI), and technological literacy (TL). Educators’ creativity and techno
logical literacy are expected to directly enhance educators’ AI competency, while Technological Literacy (TL) 
enables educators to navigate and adapt to evolving AI tools effectively (Ahn, 2025 ), Creativity and inno
vation (CI) enable educators to explore new pedagogical possibilities through innovative and project- 
based applications.

Accordingly, the following hypotheses are proposed: 

. H8: Creativity and innovation positively influence educators’ AI competency.

. H9: Technological literacy positively influences educators’ AI competency.

Noteworthy, Technological literacy serves as a foundational capability, encompassing general digital skills 
that enable effective engagement with technology. Creativity and innovation function as transformative 
capabilities, focusing on pedagogical innovation that enhances teaching and learning processes. Meanwhile, 
AI competency represents an applied capability, involving the use of AI-specific tools and methods for 
instructional purposes. While statistically related, these constructs represent different stages of capability 
development rather than interchangeable dimensions.

The relationships proposed in this study are grounded in a capability-development perspective. Pro
fessional and institutional factors do not directly produce AI competency; rather, they enable intermediate 
capabilities—such as technological literacy and creativity—which function as mechanisms translating struc
tural support into applied pedagogical practice. In this sense, AI competency emerges as a situated capability 
that develops through the interaction between individual skills and enabling environments.

2.4.2.5. Aic – AI competency. In this study, AI Competency (AIC) is defined as educators’ self-reported AI- 
specific applied capability within educational contexts. It reflects their perceived ability to identify AI 
tools, use them for teaching-related purposes, select appropriate AI applications for instructional tasks, 
and make practical judgments about their potential benefits and risks. Although broader frameworks con
ceptualize AI competency as encompassing higher-order dimensions such as algorithmic understanding, 
bias detection, ethical reasoning, and critical evaluation of AI-generated outputs, these advanced dimen
sions were not fully operationalized within the present measurement model. Accordingly, AIC should be 
interpreted as a context-specific and practice-oriented measure of perceived AI competency, rather than 
as a comprehensive assessment of advanced AI expertise.

The mediating structure of the model is theoretically grounded in the assumption that institutional and 
professional inputs influence AI competency indirectly through capability development processes, rather 
than through direct effects alone.

The AIC indicators in this study were designed to capture educators’ self-reported and practice-oriented 
use of AI in educational contexts. Accordingly, the construct captures foundational and applied dimensions 
of AI competency, such as identifying AI tools, using them for instructional purposes, selecting appropriate 
tools for teaching tasks, and making practical judgments about their benefits and risks. While broader frame
works in the literature conceptualize AI competency as encompassing higher-order dimensions such as algo
rithmic understanding, systematic bias detection, and advanced critical evaluation of AI outputs, these 
dimensions were not fully operationalized in the present measurement model.

Table 1 presents the operationalization of the study constructs as reflective indicators developed through 
an iterative process informed by both the qualitative research phase and prior empirical literature. The indi
cators were not derived solely from literature review and interviews; rather, their development involved 
identifying relevant constructs from prior studies, generating context-sensitive items from the qualitative 
findings, refining item wording through expert feedback and cognitive interviews, and further refining 
the instrument through pilot testing and factor-loading assessment.

Accordingly, Table 1 summarizes the primary conceptual and empirical sources informing each indicator, 
while the final retained items reflect both theoretical grounding and empirical validation. Because some indi
cators relate to adjacent dimensions of educators’ digital practice, the constructs should be interpreted 
according to their dominant emphasis: technological literacy reflects general digital competence, creativity 
and innovation reflect originality and inventive pedagogical use of technology, and AI competency reflects 
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AI-specific applied capability and evaluative judgment. Accordingly, the AIC indicators capture foundational 
and practice-oriented aspects of educators’ use of AI in teaching contexts rather than a comprehensive per
formance-based assessment of advanced AI expertise.

3. Methodology

This study employs a sequential exploratory mixed-methods design to examine the factors influencing edu
cators’ AI competency. The research design consists of three interrelated stages: (1) a qualitative exploration 
phase, (2) a quantitative survey phase, and (3) a modeling phase using Structural Equation Modeling–Partial 
Least Squares (SEM-PLS). In this design, the qualitative phase was used to identify the range of factors that 
educators associate with the development of AI competency and to inform initial pool of survey items.

The transition from the qualitative findings to the quantitative model was therefore developmental rather 
than a strict one-to-one translation. Accordingly, not every theme identified in the qualitative phase was 
retained as an independent construct in the final SEM model. Instead, themes were evaluated based on 
their conceptual relevance, overlap with other dimensions, suitability for quantitative operationalization, 
and psychometric performance during instrument refinement.

Some themes informed item development indirectly, some were incorporated into broader constructs, 
and others were excluded when they did not demonstrate sufficient conceptual distinctiveness or measure
ment stability. Thus, the final SEM model should be interpreted as an empirically refined representation of 
the qualitative findings rather than a direct replication of all qualitative themes. SEM-PLS was subsequently 
employed to test the relationships among the retained constructs and to develop a theoretically grounded 
and statistically robust model. This mixed-methods approach provides a transparent account of how quali
tative insights informed the quantitative modeling process, while balancing conceptual breadth and 
measurement rigor.

3.1. Qualitative phase

In this phase semi-structured interviews and focus group discussions were employed to collect in-depth 
insights from participants regarding their experiences with generative AI in teaching and research.

3.1.1. Data collection
The qualitative phase aimed to explore educators’ experiences with AI tools and to identify the key factors 
influencing the development of AI competency. Data were collected through semi-structured interviews and 
focus group discussions, involving 22 educators from various universities who were recruited using a com
bination of purposive and snowball sampling. Each interview lasted between 20 and 30 min and was con
ducted via video conferencing.

3.1.2. Semi-structured interviews
The interview protocol (Appendix A) consisted of three sections: an introduction to the study, interview 
questions informed by previous research, and a snowball sampling method for participant recruitment 
from universities. Participants were selected based on their use of generative AI tools in teaching and 
research, and participation was voluntary.

For the interview phase, participants were initially selected through purposive sampling, followed by 
snowball recruitment to identify additional information-rich cases. The inclusion criteria were as follows: 
(a) being employed as a university educator, (b) having prior experience using generative AI tools in teaching 
and/or research, (c) willingness to reflect on that experience, and (d) representing diverse disciplinary back
grounds where possible.

Snowball recruitment was employed only after the initial purposive selection in order to broaden access 
to educators with relevant AI-related experience across several universities. Interviews continued until the
matic saturation was achieved, defined as the point at which additional interviews no longer generated sub
stantively new codes or conceptual dimensions relevant to educators’ AI competency. Saturation was 
monitored through iterative review of emerging themes during both data collection and analysis. Each inter
view, conducted via video conferencing, lasted between 20 and 30 min. The interview questions explored 
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educators’ experiences with generative AI tools, their application in teaching and research, and their percep
tions of AI competency development.

3.1.3. Focus group discussions
Two focus group discussions were conducted, each lasting approximately one hour, with a total of 15 par
ticipants. These discussions aimed to explore educators’ perceptions of AI competency and the factors 
influencing its development based on their professional experiences. The sessions were organized as part 
of training workshops focused on integrating generative AI tools into teaching and research practices. 
One session was conducted in person, while the other took place online via video conferencing.

Participants were purposively selected according to several criteria, including prior experience using 
generative AI tools in teaching and research, their non-participation in the semi-structured interview 
phase, their willingness to share insights, and their availability for the discussions. The face-to-face and 
online sessions were moderated by two researchers. Discussion prompts were derived from themes 
emerging from the interview data, including statements such as: “ AI competency refers to the skills and 
knowledge required to use AI effectively in teaching. What are your views on this?” A sample of these 
prompts is provided in Appendix B. All discussions were audio-recorded after obtaining verbal informed 
consent from participants. Importantly, participants in the focus groups did not overlap with those who 
participated in the interviews.

Participation was entirely voluntary, and demographic details of the participants are summarized in Table 2.

3.1.4. Data analysis
Thematic analysis was employed following Braun and Clarke’s (2006) framework. Three researchers indepen
dently transcribed the interview recordings, exchanged transcripts, and independently cross-checked the 
audio recordings against the transcripts. They identified recurring ideas and concepts related to AI compe
tency and its influencing factors, categorizing them into themes and subthemes. The researchers who facili
tated the focus group discussions subsequently analysed the focus group data using insights derived from 
the interview analysis in order to ensure a comprehensive interpretation of the emerging themes.

To enhance analytic rigor, three researchers independently reviewed the transcripts and generated initial 
codes. The coding outputs were then compared and discussed through iterative meetings until agreement 
was reached on the coding structure, theme definitions, and theme boundaries. Any discrepancies were 
resolved through discussion and repeated reference to the raw data. Because the analysis followed a 
reflexive thematic approach, emphasis was placed on coding transparency, interpretive consistency, and col
laborative agreement rather than solely on formal statistical inter-coder reliability.

The researchers categorized the findings of the first phase of the study into themes and subthemes, and 
then quantified the findings by calculating the frequency of each subtheme. This process enabled the 
researcher to identify the most prominent factors influencing educators’ AI competency development. 
Table presents the relative prominence of the themes identified across the qualitative dataset. However, 
was not solely to quantify recurring codes, but also to interpret how educators described the development 
of AI competency within their teaching and research practices. Table 3 presents the frequency of the factors 
reported by participants during the qualitative phase.

Professional development, as shown in Table 3, emerged as the most influential factor influencing edu
cators’ AI competency development, followed by communication and creativity and innovation in the 

Table 2. Demographic information of the participants in the qualitative phase (N = 37).
Variable Category Frequency %

Gender Male 19 51.4
Female 18 48.6

Education Level Ph.D. 25 67.6
Master 12 32.4

Faculty Humanities Sciences 6 16.3
Social Sciences 5 13.5
Educational Sciences 7 18.9
Medical Sciences 5 13.5
Engineering Sciences 7 18.9
Natural sciences 7 18.9
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context of AI integration. These factors were followed by other important factors, including technological 
literacy, access to digital resources, institutional support, and faculty attitudes toward AI technologies.

3.2. Quantitative phase

The qualitative phase, including the semi-structured interviews and focus groups, as detailed above, pro
vided the foundational insights needed to identify the factors influencing educators’ AI competency 
based on their lived experiences. Subsequently, the second stage employed a quantitative approach, 
wherein data were gathered through an online survey administered through Google Forms and distributed 
via email.

3.2.1. Survey development
Insights from the qualitative phase, supported by previous studies, informed the development of the survey 
instrument. The survey included key dimensions such as professional development, communication and col
laboration, AI competency, technological literacy, creativity and innovation. The initial version of the survey 
consisted of 49 items, ix of which were adapted from prior empirical research (Appendix C).

Although the qualitative phase identified a broader range of themes, including institutional support, per
sonal-professional competency, personal-ethical competency, and attitudes, not all of these themes were 
retained as stand-alone constructs in the final SEM model. For example, themes such as personal-ethical 
competency and attitudes emerged as important themes in the qualitative phase but were not retained 
as stand-alone SEM constructs because they were either insufficiently distinct from related constructs or 
not represented by a sufficiently robust set of indicators following instrument refinement.

Some themes informed item development indirectly, some ere incorporated into broader constructs, and 
others were excluded because they lacked sufficient measurement stability, or did not meet the statistical 
criteria required for retention in the measurement model.

3.2.2. Sampling and data collection
The survey was distributed electronically via Google Forms to educators across several universities in Pales
tine. Drawing on the qualitative findings presented in Tables 1 and 3, the research team reviewed the emer
gent themes and developed an initial pool of survey items grounded in participants’ responses.

The aim of this stage was not to translate every qualitative theme into a separate quantitative construct in 
a strict one-to-one manner, but rather to identify those themes that were conceptually clear, sufficiently dis
tinct, and suitable for quantitative operationalization within the proposed SEM framework. Thus, the findings 
should be interpreted as context-bound, reflecting higher education environments with similar structural 
and institutional conditions rather than universally generalizable relationships. To improve item clarity 
and interpretability, cognitive interviews were conducted with three educators, and the wording of the 
items was subsequently refined. A pilot study with 30 educators was then conducted to examine the pre
liminary reliability and validity of the instrument.

Subsequently, Smart PLS was used to assess the measurement structure, including the number of factors, 
item loadings, and construct composition. Items with factor loadings below 0.70, or problematic cross-load
ings were removed during the refinement process. Therefore, the final survey instrument should be 

Table 3. Frequency of the factors as reported by the participants in the qualitative phase.
Factor Frequency

Professional development 102
Communication and collaboration 98
Creativity and Innovation 95
Technology literacy 81
Access to Digital Resources 78
Institution support 75
AI Competency 70
Personal-Professional Competency 65
Personal-Ethical Competency 62
Attitudes 58
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interpreted as an empirically refined quantitative representation of the qualitative findings rather than a 
direct replication of all qualitative themes.

3.3. Third phase: model development and testing

The research team constructed and tested the relationships among the study constructs and educators’ AI 
competency using Smart PLS software.

3.3.1. Sample size and data collection
Data were collected using Google Forms, with the survey link distributed to participants via email. The 
finalized survey included an explanation of the study’s objectives and a statement ensuring voluntary par
ticipation without compensation. Out of a target sample size of 247 (calculated using G*Power software), 140 
valid responses were collected, yielding a response rate of approximately 57%.

Participation was voluntary and anonymous, and informed consent was obtained electronically prior to 
participation. The sample size for this study was determined based on recommendations outlined in PLS- 
SEM methodological guidelines (Hair et al., 2012). Several key factors were considered when estimating 
the appropriate sample size. First, a minimum R-squared value of 10% was assumed, representing the 
expected level of explained variance in the endogenous constructs. Second, the maximum number of struc
tural paths pointing at a single construct in the conceptual model was three, indicating the number of pre
dictor constructs linked to the dependent construct. Third, a significance level (α) of 5% (0.05) was selected, 
reflecting the acceptable probability of committing a Type I error in hypothesis testing. Based on these cri
teria, the recommended minimum sample size was 124 respondents. The final sample of 140 respondents 
therefore exceeded the recommended minimum sample size for PLS-SEM estimation. A supplementary 
G*Power analysis using a more conservative parameter configuration yielded a higher recommended 
sample size. Therefore, while the achieved sample was adequate for PLS-SEM estimation and hypothesis 
testing, the results should be interpreted with appropriate caution, and future studies with larger samples 
are recommended to further enhance statistical stability and external validity. A 5-point Likert scale was 
used to measure participants’ perceptions, and the survey questions were reviewed by three academic 
experts to ensure clarity and content validity.

3.3.2. Data analysis
Data were analysed using Partial Least Squares Structural Equation Modeling (PLS-SEM) with Smart PLS 4.0 
software. PLS-SEM was selected due to its robustness when applied to small to medium sample sizes, its 
ability to handle non-normal data distributions, and its suitability for complex predictive models (Dwaikat, 
2023; Hair et al., 2019; Henseler & Sarstedt, 2013). Moreover, PLS-SEM enables advanced path modeling, 
hypothesis testing, and predictive model evaluation, making it an appropriate analytical technique for the 
quantitative phase of this study.

In addition to testing the direct hypotheses, bootstrapping procedures were used to assess the statistical 
significance of indirect effects in order to examine the mediating roles of communication and collaboration, 
creativity and innovation, and technological literacy in explaining educators’ AI competency.

In this study, it is emphasized that the qualitative and quantitative phases were integrated through a 
developmental process in which qualitative insights informed construct boundaries, item generation, and 
model specification, rather than being directly translated into one-to-one variables.

4. Results

The data analysis was conducted in two main stages following best practices for PLS-SEM: assessment of the 
measurement model (outer model) and assessment of the structural model (inner model). The analysis pro
cedure involved two main steps: estimation of the path-modeling algorithm and bootstrapping for signifi
cance testing. The following results were obtained.
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4.1. Measurement model (outer model) results

All outer loadings for all items (indicators) were equal to or greater than the recommended threshold of 0.70 
(Zighan et al., 2023), indicating that each indicator reliably measures its respective construct. Table 4 pre
sents the outer loading values for all indicators.

While the measurement model demonstrated satisfactory indicator loadings and acceptable discriminant 
validity, statistical separation alone does not fully resolve the conceptual proximity among related con
structs. In the present study, creativity and innovation, technological literacy, and AI competency are 
expected to exhibit moderate correlations because all three are situated within educators’ broader engage
ment with digital and AI-enhanced teaching practices. For this reason, the constructs were interpreted not 
solely on the basis of psychometric criteria, but also according to their distinct theoretical emphasis as 
defined in the conceptual framework.

Looking into bootstrapping results of the items (i.e. indicators), the results shown in Table 5 indicates that 
all items are significant in which the T-vales are equal or greater than 1.96.

4.2. Structural model assessment (inner model)

The structural model involves examining the determination coefficient, R2, variables reliability, and testing 
hypotheses. As illustrated in Figure 2, the results show that the proposed model achieves strong explanatory 
power, accounting for 76.1% of the variance in AI competency (AIC), 73.8% in technological literacy (TL), 
57.3% in Creativity & innovation (CI), and 54.3% in Communication & collaboration (CC), for which is AIC 
is the strongest (at 0.76), indicating that the most of the variance is accounted for the independent variables.

For the direct relationships, the results, shown in Figure 2, demonstrate strong path coefficients (B-values). 
For example, the B-value for the link between CC (independent variable) and AIC (dependent variable) is 
0.260, surpassing the accepted threshold of 0.1 (Henseler & Sarstedt, 2013). Likewise, the B-values for the 
associations of PD and CI is 0.539, indicating strong and acceptable relationships. Overall, the results indicate 
positive and statistically meaningful relationships among the constructs included in the structural model.

Table 4. The outer loadings result for all items (Indicators).
ADR AIC CC CI PD TL

ADR1 0.808
ADR2 0.900
ADR3 0.937
ADR4 0.928
ADR5 0.933
AIC1 0.846
AIC2 0.878
AIC3 0.893
AIC4 0.842
AIC5 0.863
AIC6 0.874
AIC7 0.891
AIC8 0.847
CC1 0.916
CC2 0.922
CC3 0.900
CC4 0.901
CI1 0.898
CI2 0.907
CI3 0.904
CI4 0.922
CI5 0.896
PD1 0.846
PD2 0.878
PD3 0.931
PD4 0.910
PD5 0.917
TL1 0.893
TL2 0.911
TL3 0.916
TL4 0.910
TL5 0.904
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Table 5. Bootstrapping results for the outer loadings.
Original sample (O) Sample mean (M) Standard deviation (STDEV) T statistics (|O/STDEV|) P values

ADR1 < - ADR 0.808 0.806 0.042 19.096 0.000
ADR2 < - ADR 0.900 0.899 0.024 38.258 0.000
ADR3 < - ADR 0.937 0.937 0.013 73.180 0.000
ADR4 < - ADR 0.928 0.928 0.015 62.028 0.000
ADR5 < - ADR 0.933 0.933 0.012 76.647 0.000
AIC1 < - AIC 0.846 0.845 0.023 36.257 0.000
AIC2 < - AIC 0.878 0.878 0.017 50.324 0.000
AIC3 < - AIC 0.893 0.893 0.018 48.559 0.000
AIC4 < - AIC 0.842 0.841 0.032 26.023 0.000
AIC5 < - AIC 0.863 0.863 0.025 35.153 0.000
AIC6 < - AIC 0.874 0.873 0.025 35.561 0.000
AIC7 < - AIC 0.891 0.890 0.029 30.917 0.000
AIC8 < - AIC 0.847 0.846 0.034 25.059 0.000
CC1 < - CC 0.916 0.915 0.016 57.091 0.000
CC2 < - CC 0.922 0.921 0.018 50.077 0.000
CC3 < - CC 0.900 0.900 0.020 45.477 0.000
CC4 < - CC 0.901 0.900 0.020 46.182 0.000
CI1 < - CI 0.898 0.897 0.019 47.308 0.000
CI2 < - CI 0.907 0.906 0.016 55.517 0.000
CI3 < - CI 0.904 0.904 0.017 52.071 0.000
CI4 < - CI 0.922 0.922 0.013 71.780 0.000
CI5 < - CI 0.896 0.895 0.021 41.719 0.000
PD1 < - PD 0.846 0.845 0.035 24.404 0.000
PD2 < - PD 0.878 0.878 0.021 41.361 0.000
PD3 < - PD 0.931 0.931 0.012 77.537 0.000
PD4 < - PD 0.910 0.909 0.017 54.613 0.000
PD5 < - PD 0.917 0.916 0.016 56.004 0.000
TL1 < - TL 0.893 0.892 0.028 31.798 0.000
TL2 < - TL 0.911 0.911 0.021 42.867 0.000
TL3 < - TL 0.916 0.916 0.017 54.497 0.000
TL4 < - TL 0.910 0.910 0.023 40.200 0.000
TL5 < - TL 0.904 0.903 0.022 40.555 0.000

Figure 2.  Path analysis.
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For the indirect relationships, the results shows that total indirect effect between: ADR and AIC with B- 
value 0.294, PD and AIC 0.482 while the specific indirect effects are:

PD è CI èAIC 0.216.
PD è CC èAIC 0.110
ADR è TL èAIC 0.106
ADR è CI èAIC 0.099
ADR è CC èAIC 0.090
PD è TL èAIC 0.156

These findings suggest that several constructs—particularly creativity and innovation, technological lit
eracy, and communication and collaboration—serve as mediating mechanisms through which professional 
development and access to digital resources influence educators’ AI competency.

The composite reliability and Cronbach’s Alpha values exceeded the recommended threshold of 0.70, as 
shown in Table 6, indicating satisfactory internal consistency reliability. In addition, the Average Variance 
Extracted (AVE) for all constructs exceeded the recommended threshold of 0.5 (Hair et al., 2012), indicating 
adequate convergent validity for the measurement model.

Moreover, discriminant validity was established for the study constructs, as shown in Table 7. According to 
the Fornell–Larcker criterion presented in Table 7, the square root of each construct’s Average Variance 
Extracted (AVE) exceeds the correlations between that construct and all other constructs in the model (Hen
seler et al., 2015), thereby confirming he discriminant validity of the constructs.

Furthermore, as presented in Table 8, the p-values are below 0.05 and the t-statistics exceed 1.96 as pre
sented in Table 8, the p-values are below 0.05 and the t-statistics exceed 1.96. Beyond the direct paths, the 
indirect effects were also examined to determine whether the influence of professional development and 
access to digital resources on AI competency operates through the mediating roles of communication 
and collaboration, creativity and innovation, and technological literacy. The results indicate that these med
iating pathways contribute meaningfully to explaining how institutional and professional factors influence 
educators’ AI competency.

The SRMR value of 0.04 is well below the threshold of 0.08, indicates a good model fit and strong predic
tive validity (Henseler & Hubona, 2016).

To assess common method bias, Harman’s single-factor test was conducted, and no single factor 
accounted for the majority of variance. In addition, variance inflation factors (VIF) were examined and 
found to be below critical thresholds, suggesting that common method bias is unlikely to significantly 
affect the results. Generally, a VIF value of 5 or higher indicates serious multicollinearity concerns. 
However, some researchers suggest that even VIF values above 3.3 may signal potential collinearity issues. 
Therefore, to ensure the reliability of the model estimates, VIF values should ideally remain below 3.3, indi
cating that multicollinearity is not a significant concern (Hair et al., 2019). The results shown Table 9 indicates 

Table 6. Reliability analysis of constructs.
Variable Cronbach’s alpha Composite reliability (rho_a) Composite reliability (rho_c) Average variance extracted (AVE)

ADR 0.942 0.949 0.956 0.814
AIC 0.953 0.954 0.960 0.752
CC 0.931 0.931 0.950 0.828
CI 0.945 0.945 0.958 0.820
PD 0.939 0.939 0.954 0.805
TL 0.946 0.946 0.959 0.822

Table 7. Discriminant validity.
Variable ADR AIC CC CI PD TL

ADR 0.902
AIC 0.722 0.867
CC 0.698 0.792 0.910
CI 0.696 0.827 0.817 0.905
PD 0.833 0.813 0.711 0.745 0.897
TL 0.807 0.768 0.702 0.733 0.836 0.907
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that the VIF values are well within the acceptable range, demonstrating that there are no multicollinearity 
issues among the variables.

The effect size (f²) analysis was conducted to assess the contribution of each exogenous construct to the 
explained variance of the endogenous variables. According to Cohen’s (1988) guidelines (0.02 = small, 0.15 =  
medium, 0.35 = large). The results show that (PD) shows a relatively strong effect on (TL) (f² = 0.334) and a 
medium effect on (CI) (f² = 0.208). Additionally, (TL) exhibits a medium effect on AI competency (AIC) (f² =  
0.154), while (CI) also demonstrates a medium effect on AIC (f² = 0.189). Other relationships, including 
ADR → CC (f² = 0.080), ADR → CI (f² = 0.044), CC → AIC (f² = 0.087), and PD → CC (f² = 0.120), show small 
effects, indicating a modest contribution to the explained variance.

5. Discussion

This study aimed to model the key factors influencing educators’ competency in using AI technologies within 
higher education. Using a sequential mixed-methods approach, the research integrated insights from faculty 
experiences with empirical data analysis. The findings provide a deeper understanding of how professional 
development, access to digital resources, communication and collaboration, creativity and innovation, and 
technological literacy interact to shape educators’ ability to integrate AI meaningfully into teaching and 
learning. The final SEM model reflects the quantitatively retained constructs emerging from the qualitative 
phase and reflects the quantitatively retained dimensions emerging from the qualitative phase and should 
therefore not be interpreted as a complete representation of all themes identified during the exploratory 
stage.

One of the clearest findings concerns the central role of professional development. Educators who had 
access to targeted AI-related training reported higher levels of creativity, technological literacy, and collab
oration. This result is consistent with prior research emphasizing the importance of structured AI-focused 
training in equipping educators with both technical skills and innovative pedagogical strategies (Kanont 
et al., 2024).

The significant positive effects found in H1, H2, and H3: highlight that continuous professional learning 
opportunities play a critical role for fostering not just knowledge acquisition, but also creative and collabora
tive capacities necessary for AI integration. Moreover, professional development appears to encourage new 
ways of thinking, fostering more experimental and innovative teaching attitudes among educators.

Similarly, access to digital resources emerged as a key enabling factor, significantly enhancing communi
cation, creativity, and technological literacy (H4, H5, H6). Participants emphasized that having immediate and 

Table 8. Results of hypotheses testing – direct relationship.
Hypothesis Original sample (O) Sample mean (M) Standard deviation (STDEV) T statistics (|O/STDEV|) P values Results

H1: PD -> CI 0.539 0.540 0.121 4.454 0.000 Supported
H2: PD -> TL 0.535 0.538 0.101 5.290 0.000 Supported
H3: PD -> CC 0.423 0.421 0.128 3.304 0.001 Supported
H4: ADR -> CC 0.346 0.349 0.116 2.978 0.003 Supported
H5: ADR -> CI 0.247 0.247 0.121 2.036 0.042 Supported
H6: ADR -> TL 0.361 0.358 0.114 3.167 0.002 Supported
H7: CC -> AIC 0.260 0.262 0.088 2.944 0.003 Supported
H8: CI -> AIC 0.400 0.401 0.113 3.540 0.000 Supported
H9: TL -> AIC 0.292 0.290 0.102 2.855 0.004 Supported

Table 9. Multicollinearity test using VIF values.
Correlation VIF

ADR -> CC 3.267
ADR -> CI 3.267
ADR -> TL 3.267
CC -> AIC 3.236
CI -> AIC 3.549
PD -> CC 3.267
PD -> CI 3.267
PD -> TL 3.267
TL -> AIC 2.320
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flexible access to AI platforms, tutorials, and updated digital resources allowed them to apply AI tools more 
effectively in their teaching.

This finding echoes the work of Archana (2025) and Chiu et al., who emphasized that resource availability 
is fundamental in enabling educators to experiment with AI tools, access cutting-edge knowledge, and trans
late AI concepts into classroom applications. It also highlights the importance of institutional investment in 
digital infrastructure and educational technologies.

These findings can also be interpreted through the lens of the Technology Acceptance Model (TAM). 
Technological literacy likely strengthens educators perceived ease of use by increasing their confidence in 
navigating AI tools, troubleshooting routine issues, and adapting to unfamiliar systems.

Creativity and innovation may also strengthen perceived usefulness, as educators who are more open to 
experimentation are better able to identify meaningful pedagogical applications of AI. From this perspective, 
the strong effects of technological literacy and creativity suggest that educators’ AI competency develops 
not only from access and training opportunities, but also from conditions that help them view AI as both 
manageable and instructionally valuable.

Communication and collaboration were also found to significantly influence AI competency (H7), though 
the effect size was slightly lower than initially anticipated. While sharing experiences and peer learning 
clearly support educators’ engagement with AI, the data suggest that personal attributes, particularly crea
tivity, play an even stronger role.

Educators who demonstrated higher levels of creativity and a willingness to explore new teaching 
methods appeared more confident and capable in using AI tools. This finding aligns with Tenberga and 
Daniela (2024), who emphasized that collaborative professional cultures can accelerate the diffusion of AI 
innovations, while also suggesting that individual innovative capacity remains a decisive factor.

The findings should also be interpreted in light of the institutional and geopolitical context in which the 
study was conducted. Higher education institutions in Palestine operate within structural conditions that 
may influence educators’ opportunities to develop AI-related competencies. These conditions may 
include uneven access to digital infrastructure, limited institutional budgets for educational technologies, 
and varying levels of institutional policy support for AI integration. Prior research has shown that the success
ful adoption of emerging educational technologies depends heavily on institutional readiness, digital infra
structure, and the broader educational environment in which faculty operate (Rospigliosi, 2020; Xu, 2025). In 
such contexts, factors such as professional development opportunities and access to digital resources may 
play an even more critical role in shaping educators’ AI competency. The prominence of these variables in 
the model may therefore reflect not only pedagogical dynamics but also broader institutional conditions 
that influence how educators’ access and experiment with emerging technologies.

Beyond technical adoption, the development of AI competency also involves educators’ ability to engage 
critically with the risks and limitations of AI technologies. Generative AI tools raise important concerns 
related to algorithmic bias, academic integrity, data governance, intellectual property, and the reliability 
of AI-generated outputs, including so-called “AI hallucinations.” (Chu & Li, 2025; Khlaif et al., 2023; Mahjoubi 
et al., 2025). These issues are increasingly recognized as central components of responsible AI pedagogy 
(Chu & Li, 2025). While the present study primarily measured educators’ applied use of AI tools in teaching 
contexts, the findings suggest that technological literacy and creativity may also support educators’ ability to 
critically evaluate AI outputs and integrate these tools responsibly. Future research should further examine 
how ethical awareness, data governance understanding, and academic integrity considerations can be incor
porated more explicitly into models of AI competency in higher education.

These findings should be interpreted as explaining variation in educators perceived applied AI capability, 
rather than comprehensive or performance-based AI expertise. They suggest that creativity and technologi
cal literacy function as enabling conditions for educators’ AI-specific applied capability rather than as inter
changeable dimensions of the same construct. Moreover, the results confirmed that both creativity and 
innovation (H8) and technological literacy (H9) are direct predictors of AI competency.

Educators who demonstrate creative thinking and strong technological skills are better positioned to cri
tically assess, apply, and innovate with AI tools. These findings align with prior research highlighting the 
importance of flexible, technology-oriented mindsets in responding to the rapid evolution of AI technologies 
( Ahn, 2025).
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The findings should also be interpreted in light of the institutional and geopolitical context in which the 
study was conducted. Higher education institutions in Palestine operate within structural constraints that 
may influence educators’ opportunities to develop AI-related competencies. These include uneven access 
to digital infrastructure, limited institutional budgets for educational technologies, and varying levels of insti
tutional policy support for AI integration. In such contexts, factors such as professional development oppor
tunities and access to digital resources may play an even more critical role in shaping educators’ AI 
competency. The prominence of these variables in the model may therefore reflect not only pedagogical 
dynamics but also broader institutional conditions that influence how educators’ access and experiment 
with emerging technologies. Recognizing these contextual influences is important when interpreting the 
findings and when considering the transferability of the model to other higher education systems.

These findings deepen our understanding and offer several important contributions to both research and 
practice. First, the study moves beyond simply confirming the importance of AI literacy and demonstrates 
how institutional and personal factors interact to develop perceived AI competency in educational practice.

Second, the use of advanced modeling techniques (PLS-SEM) strengthens the robustness of these 
findings by capturing the complex relationships among institutional, technological, and personal factors.

Although the study offers significant insights, several limitations should be acknowledged. The sample 
was limited to educators from universities in Palestine, which may limit the generalizability of the results 
to other regional or institutional contexts. In addition, the research design was cross-sectional, capturing 
only a single point in time, rather than examining long-term developments in AI competency. Future 
studies could adopt longitudinal research designs to examine how sustained exposure to AI technologies 
and professional development opportunities shape educators’ competencies over time.

Nonetheless, the findings carry important practical implications. Higher education institutions aiming to 
integrate AI meaningfully into their teaching and learning environments must adopt a holistic approach.

Providing tools is insufficient; fostering professional learning, encouraging creativity, enabling collabor
ation, and building a supportive digital infrastructure are equally essential. Supporting educators in this 
multi-dimensional way may determine whether AI adoption remains superficial or becomes transformative 
and pedagogically meaningful.

Key institutional strategies include: 

. Investing in targeted professional development that emphasizes not only technical training but also 
ethical, creative, and pedagogical dimensions of AI use.

. Enhancing institutional digital infrastructure by providing educators with accessible AI tools, platforms, 
and learning resources.

. Promoting collaborative professional cultures where educators can share experiences, co-develop AI- 
integrated teaching strategies, and learn from peer innovations.

. Integrating creativity and innovation training into AI-focused educational programs to encourage 
adaptive and original pedagogical uses of AI technologies.

. Embedding technological literacy development within faculty training initiatives to ensure educators 
can effectively navigate evolving AI systems.

Rather than proposing a wholly novel theoretical model, this study contributes by empirically demon
strating how established constructs interact within a specific educational context to shape educators’ per
ceived AI competency. Taken together, these findings contribute to the literature by bringing several 
previously recognized factors into one empirically tested model of educators’ perceived AI competency in 
educational practice. Rather than claiming a wholly novel framework, the study provides a context- 
specific synthesis showing how professional development, access to digital resources, collaboration, creativ
ity, and technological literacy operate together within one higher education setting. The mixed-methods 
design also strengthens the contribution by linking qualitative insights with quantitative model refinement.

6. Theoretical and practical implications

This study contributes to the growing literature on AI in education. It does not seek to replace existing 
models of AI literacy, technology adoption, or digital competence; rather, it integrates several of these 
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strands within a model of educators’ perceived AI competency. Its contribution lies in combining qualitative 
exploration with SEM-PLS model testing while providing empirical evidence from the Palestinian higher edu
cation context. In practical terms, the findings suggest that universities require structured implementation 
frameworks rather than isolated training initiatives.

A first intervention pathway is competency-based professional development. Universities should design 
tiered AI professional development programs at beginner, intermediate, and advanced levels, here each 
level is linked to clearly defined competencies such as prompt design, critical evaluation of AI outputs, 
ethical use, assessment redesign, and discipline-specific classroom applications. These programs should 
extend beyond one-off workshops and include hands-on practice, peer mentoring, and follow-up support 
across the academic year. Progress may be monitored through measurable indicators such as participation 
rates, completion rates, pre- and post-training self-assessments, faculty-produced AI-enhanced teaching 
materials, and evidence of AI-informed instructional redesign.

A second intervention pathway concerns institutional policy and governance. Higher education insti
tutions should establish university-level guidelines for the responsible use of AI in teaching, assessment, 
feedback, research support, and administrative work. These guidelines should clearly define acceptable 
and unacceptable uses of AI, standards for transparency and disclosure, data privacy expectations, and prin
ciples for ethical and pedagogically appropriate use. To ensure implementation, universities should align 
these guidelines with faculty development strategies, curriculum design policies, and internal quality assur
ance procedures. Measurable implementation indicators could include the adoption of formal AI guidelines, 
the number of departments integrating AI guidance into course planning, and the inclusion of AI-related 
criteria in teaching quality reviews.

A third intervention pathway is digital infrastructure and supported access. The findings indicate that edu
cators’ AI competency is difficult to develop without reliable access to digital tools and resources. Univer
sities should therefore provide institutionally approved AI tools, access to tutorials and exemplars, 
technical support, and shared repositories of AI-enhanced teaching practices. This support should be distrib
uted equitably across departments to avoid uneven adoption. Implementation may be evaluated through 
indicators such as the number of approved tools available to faculty, usage rates, frequency of support 
requests, and faculty satisfaction with institutional AI resources.

A fourth pathway is collaborative professional culture. Institutions should create faculty communities of 
practice, cross-disciplinary AI teaching circles, and peer-sharing forums where educators can exchange 
experiences, test ideas, and discuss challenges. Because communication and collaboration support the 
development of AI competency, these structures should be formally supported rather than relying solely 
on informal individual initiatives. Their impact may be tracked through the number of collaborative 
events, peer mentoring engagements, shared teaching resources produced, and documented examples 
of collaborative AI-based course innovation.

At the policy level, universities should embed AI competency within broader teaching and learning strat
egy rather than treating it as a temporary innovation agenda. This means integrating AI competency into 
academic development units, annual training plans, curriculum review processes, and institutional strategic 
planning. In particular, policy should support three measurable priorities: building educators’ technological 
literacy, strengthening creativity and pedagogical experimentation, and ensuring ethical AI use in teaching 
and assessment. In this way, AI competency becomes an institutional capability rather than an optional indi
vidual skill.

In summary, this research contributes both conceptually and practically by offering an empirically 
grounded framework for understanding and enhancing AI competency among educators. More importantly, 
it suggests that meaningful AI integration requires coordinated institutional action through competency- 
based training, policy guidance, digital infrastructure, and collaborative implementation mechanisms. Uni
versities that translate these findings into structured and measurable interventions will be better positioned 
to support responsible, sustainable, and pedagogically effective integration of AI into higher education.

7. Limitations and suggestions for future research

A key limitation of this study relates to construct specification, measurement depth, and the integration of 
the mixed-methods design. First, although the measurement model demonstrated acceptable discriminant 
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validity, some conceptual overlap remained among closely related constructs, particularly AI competency, 
technological literacy, and creativity and innovation. As these constructs are all situated within educators’ 
broader digital and pedagogical practice, some indicators may capture adjacent rather than fully discrete 
dimension.

Second, the operationalization of AI competency primarily captured educators’ self-reported and practice- 
oriented use of AI, including tool recognition, content generation, pedagogical selection, and practical judg
ments about benefits and risks. While these dimensions reflect applied AI capability in educational contexts, 
they do not fully capture higher-order competencies such as algorithmic understanding, systematic bias 
detection, or rigorous critical evaluation of AI-generated outputs. Accordingly, the findings should be inter
preted as reflecting perceived applied AI competency rather than a comprehensive assessment of AI 
expertise.

Third, although the qualitative phase identified a broader range of themes related to educators’ AI com
petency, not all of these themes were retained as independent constructs in the final SEM model. The quan
titative phase prioritized themes that were conceptually distinct, sufficiently operationalized, and 
psychometrically stable, which strengthened measurement rigor but may also have reduced the breadth 
of qualitative representation within the final model. Future research could strengthen this line of inquiry 
by refining construct boundaries through confirmatory scale development, expanding the measurement 
of higher-order AI competencies, and more explicitly mapping qualitative themes to their quantitative treat
ment across phases. With respect to sample size based on PLS-SEM guidelines, the minimum required 
sample size was estimated at 124 respondents, which the final sample of 140 exceeded. A supplementary 
G*Power analysis using a more conservative parameter set yielded a higher recommended sample size.

Therefore, while the achieved sample was adequate for PLS-SEM estimation and hypothesis testing, the 
results should still be interpreted with appropriate caution, and future studies with larger samples would be 
beneficial to enhance statistical stability and external validity. Future research could further extend the pro
posed framework by incorporating these more complex relationships to enhance theoretical understanding 
and to examine potential mediating, moderating, or higher-order constructs that may provide deeper 
insights into the underlying mechanisms of the model. In addition, future research should validate the 
model across different national and cultural contexts to examine whether the observed relationships 
remain stable beyond Palestinian higher education institutions. Further studies may also extend the 
model by integrating machine learning-based predictive approaches alongside SEM-PLS to compare expla
natory and predictive performance. In addition, more focused research is needed on the ethical dimension of 
AI competency, including educators’ preparedness to address bias, privacy, transparency, and responsible 
classroom use of generative AI.

8. Conclusion

This study examines the complex interplay of factors that shape educators’ competency in using AI technol
ogies within higher education. Through a mixed-methods approach, the findings highlight that while tech
nical knowledge is important, developing true AI competency requires a broader set of skills and 
dispositions, including creative thinking, continuous professional learning, strong digital foundations, and 
access to supportive environments.

Professional development emerged as a particularly influential factor, emphasizing that structured oppor
tunities for learning, experimentation, and collaboration are crucial if educators are to move beyond basic 
literacy and achieve real competency. Access to digital resources, although often treated as a background 
factor, also emerged as a critical enabling condition in allowing educators to translate knowledge into prac
tical teaching applications. The role of creativity – and, to a slightly lesser extent, collaboration – highlights 
the importance of empowering educators not only to use AI tools but also to reimagine pedagogical prac
tices through them. Based on these findings, universities should move beyond general encouragement of AI 
use and adopt structured institutional interventions to support educators’ AI competency. Such interven
tions may include sustained professional development programs focused on pedagogical and ethical AI 
use, institutional guidelines for responsible AI integration in teaching and assessment, equitable access to 
approved digital tools and resources, and faculty communities of practice that encourage collaboration 
and pedagogical experimentation

20 H. M. B. A. AL-AHMED ET AL.



These interventions can help institutions translate AI readiness into consistent and effective educational 
practice. By modeling these relationships, this study contributes both conceptually and practically by provid
ing an empirically tested, context-specific framework of educators’ perceived AI competency.

The findings should be understood as incremental and integrative rather than as proposing an entirely 
new theoretical model. Instead, they demonstrate how professional learning, digital access, creativity, collab
oration, and technological literacy interact in shaping educators’ engagement with AI in educational 
practice.

The results are also shaped by the specific institutional context in which they were collected and by the 
particular stage of development in the rapidly evolving AI landscape. Future research could examine how 
these relationships evolve over time and across diverse educational systems and institutional contexts.

The study’s main contribution lies less in introducing entirely new constructs and more in integrating 
established factors within the underexamined context of Palestinian higher education, where institutional 
constraints, professional development opportunities, and digital infrastructure may shape educators’ 
engagement with AI in distinctive ways. In particular, institutional resource availability, digital infrastructure 
conditions, and evolving policy environments may shape how educators engage with AI technologies and 
develop related competencies.

Ultimately, the findings suggest that preparing educators – and, by extension, students – for an AI-inte
grated educational future requires investment not only in technological tools but also in human capacity 
development. Fostering creativity, critical engagement, ethical awareness, and collaborative learning cul
tures will be just as important as introducing new digital platforms. Institutions that invest equally in tech
nology and human capacity will be best positioned to lead education into an AI-integrated future.
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