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Abstract

The present research aims to contribute to the effective development of AI literacy and
thus to its proper educational integration by investigating (i) the relationship between
teachers’ AI literacy and digital competence and (ii) whether this relationship varies by
gender, discipline, age, and teaching experience. This is the first large-sample study
in Hungary to comprehensively analyze such relationships, based on a representative
sample of 1103 teachers from 13 fields of education. After a theoretical grounding and
literature review, the study describes the research methodology, analyzes the empirical
results, and concludes. The research contributes to the AI literacy literature by providing
empirical evidence from a previously understudied population—Hungarian university
teachers—and by refining the understanding of the role of digital competence in the context
of technological transformation. The findings highlight that the development of AI literacy
does not require a one-size-fits-all approach but rather strategies tailored to the specific
needs of target groups (e.g., gender, scientific fields, and experience levels).

Keywords: AI literacy; digital competence; higher education

1. Introduction
Artificial intelligence (AI), particularly generative AI tools, has emerged as a transfor-

mative force in 21st-century education, reshaping teaching methodologies, administrative
processes, and learning experiences. Educators play a key role in the integration of technol-
ogy into education—the successful application of AI tools in classrooms primarily depends
on whether teachers are willing to adopt and integrate them into their teaching and learning
strategies (Bozkurt, 2023; Mujiono, 2023). However, the effective and ethical use of AI
tools requires specific competences, referred to in the literature as AI literacy (Long &
Magerko, 2020; Hornberger et al., 2023; Ng et al., 2021). Long and Magerko (2020) define
it as “a set of competencies that enables individuals to critically evaluate AI technologies,
communicate and collaborate effectively with AI, and use AI as a tool online, at home, and
in the workplace”.

Its relevance and complexity are illustrated by the successive additions to the various
frameworks summarizing digital competences for educators, which are related to AI activi-
ties and competencies (for more details, see later sections). In addition, new pedagogical
competency frameworks focusing specifically on AI literacy are also emerging. The AI
Competency Framework for Teachers developed by UNESCO defines the knowledge, skills,
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and values educators should master in the age of AI. The framework is divided into five key
dimensions: human-centered mindset, ethics of AI, AI foundations and applications, AI
pedagogy, and AI for professional development. Within these, it outlines 15 competencies
that can be achieved at 3 levels: acquire, deepen, and create. The framework aims to
serve as a global reference for developing national AI competency frameworks, informing
teacher training programs, and designing assessment parameters. Additionally, it provides
strategies for teachers to enhance their AI knowledge, apply ethical principles, and support
their professional growth (UNESCO, 2024).

The importance of AI literacy in higher education is, therefore, undeniable, but there
are a number of challenges in developing it. The lack of clear guidelines for integration
can hinder educators’ ability to effectively utilize AI tools, which leads to uncertainty
and reluctance in adoption (Michel-Villarreal et al., 2023). In addition, Kizilcec (2023)
pointed out the psychological barriers to adoption of AI technologies, creating barriers to
the effective implementation. Another challenge is the varying levels of digital competence
among educators, which can affect their ability to engage with AI technologies: educators
with limited digital skills may find it difficult to grasp AI concepts and applications, thereby
impeding their overall AI literacy (Walter, 2024). Furthermore, the need for continuous
professional development is critical, as the fast-paced evolution of AI technologies requires
educators to stay updated with the latest advancements (Walter, 2024).

The present research aims to contribute to the effective development of AI literacy
and thus to its proper educational integration by investigating (i) the relationship between
teachers’ AI literacy and digital competence and (ii) whether this relationship varies by
gender, discipline, age, and teaching experience. This is the first large-sample study in
Hungary to comprehensively analyze such relationships, based on a representative sample
of 1103 teachers from 13 fields of education. After a theoretical grounding and literature
review, the study describes the research methodology, analyzes the empirical results, and
concludes, contributing to the global discourse on AI literacy.

2. Theoretical Background
2.1. AI Literacy and Digital Competence

The relationship between AI literacy and digital competence is interconnected yet dis-
tinct, as AI literacy can be viewed as a specialized subset within the broader framework of
digital competence. With AI becoming an integral part of the digital learning environment
and tools, existing digital competence frameworks for education are expanding to include
AI-related skills.

The supplement to the DigCompEDU Framework (Bekiaridis & Attwell, 2024) expands
the EU’s DigCompEdu framework by integrating AI-related competencies in education,
recognizing AI’s impact on teaching and learning and the need for educators to use it
effectively. It explores AI both as a learning tool and subject, aligning competencies with
DigCompEdu’s six key areas, providing guidance on applications, skill development,
competency progression, challenges, and solutions. A further supplementary proposal
(Georgopoulou et al., 2024) focuses on strengthening critical thinking, which, combined
with AI features, can enable educators to empower students to become responsible and
informed digital citizens in the era of generative AI. The AI-TPACK, as an extension of
the well-known Technological Pedagogical Content Knowledge framework, emphasizes
human–AI collaboration in education, integrating AI not just as a tool but as a fundamental
component that reshapes teaching, learning, and content delivery in the AI era (Mishra
et al., 2023; Ning et al., 2024).
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The relationship between university teachers’ AI literacy and their digital competence
is an increasingly pertinent topic in the context of higher education. This literature review
synthesizes existing research to explore this relationship and examines how factors such as
gender, discipline, age, and teaching experience may moderate it. Kizilcec argues that un-
derstanding educators’ perspectives on emerging technologies is essential for maximizing
their benefits, suggesting that digital competence is closely tied to educators’ readiness to
adopt AI tools (Kizilcec, 2023). The interplay between AI literacy and digital competence is
further supported by the Common Framework for Artificial Intelligence in Higher Educa-
tion (AAI-HE Model) proposed by Jantakun et al., which illustrates how these competencies
can enhance educational outcomes (Jantakun et al., 2021).

2.2. AI Literacy and Demographic Factors

The UNESCO AI Competency Framework for Teachers (UNESCO, 2024) emphasizes
that the development of AI literacy must be inclusive and equitable, taking into account
different social and demographic groups. The DigCompEdu framework highlights the
importance of personalized, differentiated approaches, and according to Venkatesh et al.
(2003), gender, age, and experience significantly influence technology acceptance, so we
can conclude that they are also key factors in the development of AI literacy. For women,
older people, and those with less experience, ease of use and social support increase
the acceptance of AI tools, while for men and younger people, emphasizing usefulness
increases acceptance. Targeted training and a supportive environment tailored to these
demographic groups are necessary.

Moreover, the moderating effects of demographic factors, such as age, gender,
teaching experience, and field of study, are critical to understanding the nuances
of this relationship. Møgelvang’s research indicates that gender differences persist
in technology acceptance and usage, which may extend to AI tools in educational
contexts (Møgelvang et al., 2024). This suggests that male and female educators might
exhibit different levels of AI literacy and digital competence, potentially influencing
their engagement with AI technologies. Research suggests that gender differences in
attitudes toward AI among educators are partly due to differences in perceptions of
the technology, partly due to differences in participation in professional settings, and
partly due to the social embeddedness of the technology. According to a meta-analysis
by Cai et al. (2017), women tended to have fewer positive attitudes toward the use
of technology than men, which may be reflected in educational applications of AI,
although the difference was small. Gibert and Valls (2022) emphasized that women’s
underrepresentation in the field of AI stems from structural inequalities, which may
affect their participation and attitudes toward AI. Research by Møgelvang et al. (2024)
showed that women in higher education were less likely and more narrowly focused
on using generative AI chatbots, more likely to focus on text tasks, with greater concern
for critical thinking, while men used them more frequently and more widely (see also
McGrath et al., 2023, for similar gender differences in AI knowledge among Swedish
university teachers). Venkatesh et al. (2003), in their model of information technology
adoption, found that women tended to evaluate technology use more in terms of effort
and social norms, while men tended to prioritize utility.

Empirical studies provide further insight into these gender dynamics. For instance,
Al-Riyami et al. (2023) found in their research of Omani educators that gender significantly
moderated the acceptance of Fourth Industrial Revolution (4IR) technologies, including
AI. Specifically, women were more influenced by social factors, while men placed greater
emphasis on facilitating conditions, such as infrastructure and technical support (Al-Riyami
et al., 2023). However, the overall impact of gender was limited, suggesting that other
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contextual factors like training and infrastructure may overshadow gender differences
in this context (Al-Riyami et al., 2023). Similarly, Zhang and Villanueva (2023) observed
significant gender differences among Chinese university teachers regarding generative AI
preparedness and digital competence. Female educators scored higher in digital compe-
tence areas, such as subject matter knowledge and pedagogical strategies, while men rated
themselves higher in creativity and problem-solving related to AI. These findings indicate
that women may excel in integrating AI into teaching practices, while men focused more on
its creative applications, potentially reflecting differing priorities or training experiences.

In contrast, several studies reported no significant gender effects. Berber et al. (2023)
found that among Turkish academics, gender did not significantly influence digital com-
petence, suggesting that other factors like age or experience may be more determinative.
Similarly, Xu et al. (2024) concluded that among Chinese university educators, gender did
not moderate the acceptance or intention to use AI tools under the UTAUT2 model, with no
significant impact on constructs like facilitating conditions or behavioral intention (Xu et al.,
2024). Lérias et al. (2024) also found no correlation between gender and AI literacy levels
among Portuguese polytechnic educators, indicating that individual skills and training
opportunities may outweigh gender differences (Lérias et al., 2024).

These mixed findings align with broader theoretical frameworks. Venkatesh et al.’s
(2003) observation that women prioritize effort and social influence while men focus on
utility may explain some of the differences seen in Al-Riyami et al. (2023)’s study, where
social factors were more critical for women. Conversely, the lack of gender effects in the
works of Xu et al. (2024) and Lérias et al. (2024) could reflect contexts where professional
training or institutional support minimize gender-based disparities, as suggested by Gibert
and Valls (2022). Møgelvang et al.’s (2024) findings on women’s narrower use of AI chatbots
and greater concern for critical thinking might resonate with Zhang and Villanueva’s (2023)
results, where women showed higher digital competence, potentially indicating a more
cautious or purpose-driven approach to AI. Meanwhile, the lower GAI-preparedness
observed by Zhang and Villanueva (2023) among female teachers could potentially indicate
a latent barrier for female educators, although this requires further investigation.

Research examining the relationship between educators’ teaching experience and
their AI or digital competence yielded varied results. According to Ghimire et al. (2024),
at a research university in the United States, the length of teaching experience did not
significantly influence familiarity with or acceptance of generative AI tools, regardless
of whether the educators were novices or had been teaching for a longer period. In
contrast, Berber et al. (2023) determined in Turkey that academics with shorter teaching
experience (1 month to 2 years) exhibited higher digital competence than those with over
15 years, suggesting that recent technological knowledge may provide an advantage. Xu
et al. (2024) found in China that experience with AI tool usage (1 to 7+ years) did not
moderate acceptance. Regarding educators teaching at different educational levels, specific
observations about the relationship between teaching experience and AI literacy are scarce.
Lérias et al. (2024) reported from the Portalegre Polytechnic University in Portugal that
educators’ teaching cycles did not affect their AI literacy levels, indicating that experience
across educational levels is not a decisive factor in AI literacy.

The studies known to us regarding the age-related findings of university educators
present a mixed picture concerning the technological acceptance and competence of higher
education instructors. Several studies suggested that younger educators are more open
to technology and exhibit greater competence: Al-Riyami et al. (2023) found that for
faculty members under 46 years old, social influence significantly affected their behavioral
intention to use 4IR-related technologies, as evidenced by the path analysis, while this
effect was not significant for those aged 46 and above. Zhang and Villanueva (2023) noted
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that 21–30-year-old teachers demonstrated higher digital competence. Similarly, Berber
et al. (2023) reported outstanding competence among 21–27-year-olds, and Mah and
Groß (2024) identified age-related differences in the positive perception of AI, with those
under 30 rating it lower compared to older groups. In contrast, several studies found no
significant correlation between age and technological attitudes or literacy. Ghimire et al.
(2024) concluded that age did not influence awareness or attitudes toward generative AI.
Xu et al. (2024) showed that age did not moderate the acceptance of AI tools among Chinese
educators. Likewise, Lérias et al. (2024) determined that age was not a predictor of AI
literacy. These findings suggest that the impact of age may be context dependent, and other
factors, such as professional background or training, might play a more dominant role in
technological acceptance.

Furthermore, the field of study could also moderate this relationship, as university
teachers’ attitudes toward AI tools are fundamentally shaped by their field of training or
profession, which shapes their attitudes through a unique combination of digital compe-
tences, pedagogical paradigms, and ethical contexts. In the humanities and social sciences,
the emphasis on creativity and critical thinking requires applications other than AI, such as
text analysis or ethical reflection, as opposed to the natural sciences, where data analysis
and simulations dominate (Marciniak & Baksa, 2024). Ghimire et al. (2024) found that
in the United States, instructors from the College of Science and the School of Business
exhibited greater awareness and more positive attitudes toward generative AI tools, while
those from the College of Arts scored lower, particularly in technical understanding. Simi-
larly, Al-Riyami et al. (2023) in Oman observed that instructors with IT and engineering
backgrounds showed stronger acceptance of 4IR technologies compared to those from non-
technological fields. Zhang and Villanueva (2023) in China highlighted the high generative
AI preparedness of instructors from the Faculty of Physics and Information Science, while
those from the Physical Education Faculty demonstrated lower levels. In contrast, Lérias
et al. (2024) in Portugal found no significant correlation between training area and AI
literacy, suggesting that the impact of departmental affiliation may be context dependent.
Overall, instructors from technological and scientific faculties generally hold an advantage
in AI-related competencies.

Ethical considerations further widen the gap between disciplines. In healthcare, data
security and algorithm bias are prominent issues, warranting comprehensive AI education
for ethical application (Busch et al., 2023). This context-dependent ethical sensitivity
shapes the cautious attitude of educators, especially in areas under social scrutiny, such as
medicine or law. At the same time, uncertainty about the effectiveness and reliability of AI
is pervasive: many instructors feel unprepared to critically evaluate the technology, which
increases mistrust, especially in dental or other practice training (Uribe et al., 2024).

In conclusion, the literature suggests a relationship between university teachers’ AI
literacy and their digital competence, with moderating effects of factors such as age, gender,
teaching experience, and field of study varying by context. While the field of study
consistently influences AI-related competencies, the impact of gender, age, and experience
is less uniform, highlighting the importance of training and institutional support in shaping
educators’ engagement with AI technologies.
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The aim of the study is to answer the following research questions:
RQ1: Is the Hungarian university teachers’ AI literacy related to their digital competence?
RQ2: If it is related, is this relationship moderated by the teacher’s age, gender,

teaching experience, and field of education?
As AI continues to evolve and permeate educational practices, understanding these

dynamics will be crucial for developing effective training programs and policies aimed at
enhancing educators’ competencies in this area.

3. Materials and Methods
3.1. Design

During the research, we used a survey research design with a quantitative approach.
The data collection was conducted using a questionnaire (MS Forms). The sampling took
place between 30 January 2024 and 27 March 2024, using an online, self-administered
method, in higher education institutions in Hungary selected based on expert selection.
Our expert group, consisting of professionals with in-depth knowledge of the Hungarian
higher education system and the integration possibilities of artificial intelligence, defined
the selection criteria: geographical location, size, type, profile of the institutions, and their
experience with artificial intelligence. After that, the higher education institutions were
selected, taking into account diversity and the likelihood of adopting artificial intelligence.
In the selected institutions, a contact person was sought to distribute the questionnaire
within the institution. Participation in the study was voluntary, and respondents provided
online informed consent. The study received ethical approval from the Research Ethics
Committee of the University Institute of Psychology (BTK/8779/2023), and the data com-
plied with ethical principles. The data were stored in a secure database accessible only to
the research team. After the analysis, a summary report was shared with those interested.

3.2. Sample

In total, 1103 Hungarian university teachers participated in the study, with an average
age of 48.9 years (SD = 10.9). These teachers had varying levels of higher education
teaching experience, averaging 16.3 years (SD = 10.8). Among the participants, 564 were
women and 539 were men. Regarding the field of education, the participants came from
13 different fields.

To ensure representativeness across the dimensions of the field of education, age,
and gender, post-weighting was applied. The target population of the research was the
population of individuals currently teaching in Hungarian higher education institutions.
For the field of education, data from the OH/FIR Institutional Staff Statistics for the
spring of 2022/2023 (available at https://firstat.oh.gov.hu/intezmenyi-letszamstatisztika
(accessed on 23 November 2024)) were used. For age, data from the OECD (Indicator
D8: What is the profile of academic staff?) for 2021 were utilized. For gender, data from
the OH/FIR Higher Education Statistical Data for 2022/2023 (Section 3.2; available at
https://kir.oktatas.hu/firstat.index?fir_stat_ev=2022 (accessed on 23 November 2024))
were employed.

The case-preserving weighting was conducted using an iterative method based on
marginal distributions (RIM), with 5 iterations performed. A total of 1103 completed
questionnaires were included in the study; due to rounding, the weighted sample size was
1128. The full range of the sample weights was 0.18–2.44. No data imputation was applied.

The sociodemographic composition of the weighted teacher sample—based on the
four variables included in this study: gender, age, field of education, and higher education
experience—as well as the frequency of refusals to answer, are summarized in Table 1.

https://firstat.oh.gov.hu/intezmenyi-letszamstatisztika
https://kir.oktatas.hu/firstat.index?fir_stat_ev=2022
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Table 1. Sociodemographic characteristics of the weighted study sample (N = 1128).

Variable Name Variable Values Missing Values, N (%) N (%) or
Mean (SD)

Gender 0 (0)
Male 645 (57.2%)

Female 483 (42.8%)
Age (years) 2 (0.2%) 47.5 (11.20)

Higher education
experience (years) 0 (0) 15.6 (10.9)

Field of education 0 (0)
Political Science 32 (2.9%)

Humanities 151 (13.4%)
Economics 146 (12.9%)
Theology 29 (2.6%)

Information Technology 69 (6.1%)
Law 39 (3.5%)

Engineering, Agricultural Sciences 206 (18.2%)
Arts, Art Mediation 76 (6.6%)

Medical and Health Sciences 208 (18.5%)
Teacher Training 76 (6.7%)

Sport Sciences 10 (0.9%)
Social Sciences 25 (2.2%)

Natural Sciences 60 (5.4%)

3.3. Measures

In addition to the personal variables (gender, age, field of science, and higher education
experience) collected from the participants, we employed two measurement tools. We
interpreted AI literacy as “a set of competencies that enables individuals to critically
evaluate AI technologies, communicate and collaborate effectively with AI, and use AI
as a tool online, at home, and in the workplace” according to Long and Magerko’s (2020)
definition and used the AI literacy scale developed by Hornberger et al. (2023) to measure
it. Within the framework of the present study, we examined the following dimensions and
scales of the questionnaire: (I) understanding intelligence (2 items), (II) AI’s strengths and
weaknesses (2 items), (III) recognizing AI (2 items), (IV) human role in AI (2 items), and
(V) learning from data (2 items). For each of these, respondents were required to select the
correct answer from four different response options.

We defined digital competence as “the skills related to the use of information and
communication technologies in teaching and learning, as well as in other activities related
to education (educational management, related individual and organizational commu-
nication, research activities)” (Dringó-Horváth et al., 2022) and measured it using the
higher-education-specific version of DigCompEdu (Redecker & Punie, 2017) adapted by
Dringó-Horváth et al. (2020) and Horváth et al. (2020). Using this framework, the digital
competence level of teachers can be assessed with 22 items across 6 different competence
areas: (1) teachers’ professional engagement (4 items), (2) searching for and using digital re-
sources (3 items), (3) the learning–teaching process supported by digital solutions (3 items),
(4) assessment practices (4 items), (5) supporting students (3 items), and (6) developing
their digital competence (5 items) (Redecker & Punie, 2017). Each multiple-choice question
within these areas was scored from 0 to 4 points. The respondents’ digital competence level
was determined based on the total score (ranging from 0 to 88 points), which was obtained
by summing the scores from each area.

3.4. Procedure

The descriptive analyses for DigCompEdu, the reliability assessment (Cronbach’s
alpha), and the calculation of descriptive statistics for the AI literacy items (difficulty index
and discrimination index) were conducted using SPSS 30.0 (SPSS Inc., Chicago, IL, USA)
and MS Excel.
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Further analyses were performed using the R program (R Core Team, 2022), utilizing,
in addition to the base packages, the following packages: lavaan (Rosseel, 2012), survey
(Lumley, 2020), mirt (Chalmers, 2012), haven (Wickham et al., 2023b), dplyr (Wickham
et al., 2023a), and psych (Makowski, 2018).

To test for unidimensionality, we fitted a unidimensional model using confirma-
tory factor analysis, and its fit was evaluated using the following commonly used in-
dices and thresholds, which indicate a unidimensional structure of the response patterns:
RMSEA < 0.08 (Awang, 2012) and SRMR < 0.08 (Byrne, 1994). The AI literacy of the
test-takers was estimated using Item Response Theory (IRT), as described in the article
publishing the original measurement tool. We selected among the Rasch, 2-PL, and 3-PL
models using multiple model-fit and item-fit indices: we applied the M2/df statistic (Back-
haus et al., 2015; Brown, 2015) with a cutoff value of 0.3, the RMSEA and SRMR statistics
with a cutoff value of ≤ 0.05 (Maydeu-Olivares, 2013), and the TLI and CFI indices with a
threshold of ≥ 0.95. The fit of the items was examined using the signed chi-square (S − X2)
index (Orl&ø& Thissen, 2003). The independence of the item residuals was assessed using
the Q3 statistic, based on the criterion Q3 ≤ 0.2 (Chen & Thissen, 1997).

Additionally, in SPSS 30.0 (SPSS Inc., Chicago, IL, USA), to achieve objective O1, we
used regression analysis, considering teachers’ digital competence as the independent
variable and AI literacy as the dependent variable. Then, to achieve objective O2, we
conducted moderation analyses using the blockwise method, incorporating the variables
of gender, field of education, age, and higher education experience.

To answer research question RQ1, we used regression analysis, considering teachers’
digital competence as the independent variable and AI literacy as the dependent variable.
Then, to answer research question RQ2, we conducted moderation analyses using the
blockwise method, incorporating the variables of gender, field of education, age, and
higher education experience. These analyses were performed with SPSS 30.0 (SPSS Inc.,
Chicago, IL, USA).

4. Results
4.1. The DigCompEdu Test

In the current study sample, the average DigCompEdu score was M = 50.478
(SD = 18.076), which, considering the maximum achievable score of 88 points, repre-
sents a 57.35% result. For the DigCompEdu questionnaire, the data analysis showed an
excellent internal consistency for the whole instrument, with a Cronbach’s alpha of 0.936.

4.2. Descriptive Statistics of AI Literacy Items

Participants correctly answered an average of M = 5.29 (SD = 2.04) out of the 10 AI
literacy items. Due to the multiple-choice format, it can be expected that, on average, they
would have guessed correctly on 2.25 items. Table A1 presents the descriptive statistics
for all examined AI literacy items. The difficulty index (corrected for guessing) was 0.035
for one item—recognizing AI 1—and ranged between 0.104 and 0.811 for the other items,
which is ideal (between 0.05 and 0.95). The recognizing AI 1 item proved to be too difficult
compared to the others, but its discrimination ability was acceptable (discrimination index
of 0.297), so we continued with the analysis. The discrimination indices for all items were at
least 0.2 (ranging between 0.267 and 0.429), indicating that the items had at least acceptable
discrimination ability. Figure 1 shows the average raw scores (difficulty indices) for the
domains (competencies).
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Figure 1. Mean score for each competency. Numbers in brackets indicate the number of items per
competency.

4.3. Checking for Unidimensionality

The assumption of unidimensionality was tested using a confirmatory factor analysis
(CFA) with a single-factor model. The results indicated that the model fit the data well
(χ2 = 217.750, df = 35, p < 0.001, RMSEA = 0.0688, and SRMR = 0.0549). Therefore, we can
say that the assumption of unidimensionality was not entirely clear-cut, but the results
were acceptable.

4.4. Fitting the IRT Models

After fitting the three classical IRT models (Rasch, 2-PL, and 3-PL), we examined
the model fits. As shown in Table A2, the 3-PL model fit well, only disregarding the TLI
criterion, while the Rasch model and the 2-PL model showed acceptable fits based on the
RMSEA and SRMR indices, but poor fits based on the M2/df, TLI, and CFI indices.

When comparing the three models using AIC and BIC, the 3-PL model proved to
be the weakest; however, since AIC and BIC penalize model complexity, and given that
all model fit indices supported the 3-PL model, we used this model for estimating the
personal AI literacy abilities in our further analyses. The distribution of our sample
according to the AI literacy estimated by IRT scores is presented in Figure A1. The
assumption of local independence was verified using the Q3 statistic based on the
3-PL model (Yen, 1984). We examined the correlations between the residuals of all
items, and every correlation was less than 0.2, indicating that local independence was
not violated.

4.5. Relationship Between AI Literacy and Digital Competence

The results of a simple linear regression analysis, with digital competence as the inde-
pendent variable and AI literacy as the dependent variable, showed that digital competence
was positively related to AI literacy (R2 = 0.110; B = 0.005; p < 0.001). The subsequent
moderation analyses were conducted in three steps. In each analysis, AI literacy was the
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dependent variable, and digital competence was the independent variable. The moderator
variables were as follows:

• First step: Gender and field of education.
• Second step: Age and field of education.
• Third step: Higher education experience and field of education.

4.5.1. First Step: Moderating Effects of Gender and the Field of Education

The field of education variable was transformed into eight categories by combining
fields (see Table A3), and the information technology field (ID = 6) was chosen as the
reference category. Our results indicate that the relationship between digital competence
(DC) and AI literacy significantly differed by gender and certain fields of education. The
DC × Gender interaction remained significant in all models, suggesting that digital com-
petence was more strongly correlated with AI literacy scores among men, while among
women, AI literacy was less dependent on the level of digital competence.

From Model 2, it can be concluded that the fields of education alone did not have a
moderating effect, meaning that the correlation between digital competence and AI literacy
did not differ significantly across fields of education.

However, Model 3 showed that by considering both fields of education and gender, the
differences between genders can be nuanced. As seen in Figure 2, the difference between
genders—in terms of the relationship between digital competence and AI literacy—varied
by field of education. In the sample:

• The strongest relationship between DC and AI literacy was observed among men in
information technology education, along with the most significant difference compared
to women.

• Similar relationships were observed in the fields of political and legal sciences, eco-
nomics, engineering and agricultural sciences, and natural sciences. Based on the
regression, these fields did not show significant differences from the information
technology field (see Table 2).

• However, the fields of humanities, social sciences, and teacher training, theology and
arts, and health sciences differed from this pattern. Here, the gender differences were
weaker than in information technology education (see Table 2).

(b) (a) 

Figure 2. Variation in the relationship between digital competence and AI literacy by gender and
fields of education: (a) male and (b) female.
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Table 2. The relationship between digital competence and AI literacy, with gender and field of
education as moderators *.

B SE p LLCI ULCI

Model1 (R2 = 0.011)
DCxGndr → AI_Lit 0.104 0.030 <0.001 0.045 0.162
Model2 (R2 = 0.012)
DCxGndr → AI_Lit 0.093 0.046 0.043 0.003 0.183
DCxField → AI_Lit DCxField1 0.011 0.085 0.897 −0.156 0.179

DCxField2 −0.012 0.053 0.818 −0.116 0.190
DCxField3 0.064 0.077 0.409 −0.088 0.216
DCxField4 0.021 0.079 0.793 −0.134 0.175
DCxField8 −0.026 0.072 0.722 −0.166 0.115

DCxField11 0.035 0.059 0.548 −0.080 0.151
DCxField15 0.055 0.103 0.591 −0.147 0.257

Model3 (R2 = 0.025)
DCxGndr → AI_Lit 0.318 0.096 <0.001 0.131 0.506
DCxField → AI_Lit DCxField1 −0.147 0.180 0.413 −0.500 0.205

DCxField2 0.058 0.066 0.381 −0.072 0.188
DCxField3 0.064 0.114 0.576 −0.160 0.287
DCxField4 0.082 0.102 0.421 −0.118 0.281
DCxField8 −0.187 0.0156 0.230 −0.492 0.119

DCxField11 0.122 0.075 0.103 −0.025 0.268
DCxField15 −0.006 0.181 0.972 −0.362 0.349

DCxFieldxGndr →
AI_Lit DCxField1xGndr −0.002 0.012 0.881 −0.026 0.022

DCxField2xGndr −0.021 0.008 0.006 −0.035 −0.006
DCxField3xGndr −0.012 0.010 0.206 −0.031 0.007
DCxField4xGndr −0.020 0.010 0.041 −0.040 −0.001
DCxField8xGndr −0.002 0.011 0.855 −0.023 0.019

DCxField11xGndr −0.023 0.008 0.004 −0.038 −0.007
DCxField15xGndr −0.008 0.013 0.551 −0.033 0.018

* DC: teachers’ digital competence (standardized); Gndr: gender (reference: female); AI_Lit: AI-literacy (based
on IRT scores); Field: field of education; Field6 (reference): information technology; Field1: political and legal
sciences; Field2: humanities, social sciences, and teacher training; Field3: economics; Field4: theology and arts;
Field8: engineering and agricultural sciences; Field11: health sciences; Field15: natural sciences.

4.5.2. Second Step: Moderating Effects of Age and the Field of Education

Our second moderation analysis—in which the moderator variables were age and
field of education—is presented in Table 3. According to Model 1, the DC × Age interaction
was not significant (B = −0.008, p = 0.740), indicating that teachers’ age alone did not
influence the relationship between digital competence and AI literacy. Model 2 shows that
the DC × Age interaction remained non-significant (B = −0.012, p = 0.610), confirming
that age alone did not moderate the effect of DC, nor did the DC × Field interactions
(p > 0.05). Furthermore, as seen in Model 3, the DC × Field × Age interactions were also
not significant (p > 0.05). Thus, teachers’ age, either alone or in combination with the field
of education, did not influence the relationship between digital competence and AI literacy.
This suggests that the relationship between digital competence and AI literacy did not
differ significantly between younger and older teachers, and no significant differences were
observed across fields of education as a function of age.
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Table 3. The relationship between digital competence and AI literacy, with age and field of education
as moderators *.

B SE p LLCI ULCI

Model1 (R2 < 0.001)
DCxAge → AI_Lit −0.008 0.023 0.740 −0.053 0.037
Model2 (R2 = 0.009)
DCxAge → AI_Lit −0.012 0.024 0.610 −0.058 0.034
DCxField → AI_Lit DCxField1 0.086 0.077 0.262 −0.065 0.237

DCxField2 0.035 0.049 0.475 −0.061 0.130
DCxField3 0.122 0.072 0.092 −0.020 0.264
DCxField4 0.064 0.076 0.402 −0.086 0.214
DCxField8 0.053 0.060 0.377 −0.065 0.171

DCxField11 0.076 0.055 0.171 −0.033 0.184
DCxField15 0.128 0.099 0.195 −0.066 0.322

Model3 (R2 = 0.015)
DCxAge → AI_Lit −0.104 0.080 0.195 −0.261 0.050
DCxField → AI_Lit DCxField1 0.086 0.077 0.264 −0.065 0.237

DCxField2 0.016 0.050 0.752 −0.082 0.114
DCxField3 0.120 0.073 0.100 −0.023 0.262
DCxField4 0.048 0.080 550 −0.109 0.205
DCxField8 0.051 0.006 0.394 −0.067 0.170

DCxField11 0.080 0.056 0.153 −0.030 0.190
DCxField15 0.217 0.114 0.058 −0.007 0.441

DCxFieldxAge →
AI_Lit DCxField1xAge 0.087 0.119 0.465 −0.147 0.321

DCxField2xAge 0.174 0.097 0.073 −0.016 0.364
DCxField3xAge 0.104 0.101 0.303 −0.094 0.302
DCxField4xAge 0.067 0.135 0.214 −0.097 0.432
DCxField8xAge 0.048 0.098 0.623 −0.144 0.241

DCxField11xAge 0.105 0.094 0.261 −0.078 0.289
DCxField15xAge −0.063 0.131 0.631 −0.319 0.194

* DC: teachers’ digital competence (standardized); Age: age of teachers in years (standardized); AI_Lit: AI-literacy;
Field: field of education; Field6 (reference): information technology; Field1: political and legal sciences; Field2:
humanities, social sciences, and teacher training; Field3: economics; Field4: theology and arts; Field8: engineering
and agricultural sciences; Field11: health sciences; Field15: natural sciences.

4.5.3. Third Step: Moderating Effects of Higher Education Experience and the Field
of Education

Our third moderation analysis—in which the moderator variables were teaching
experience in years and field of education—is presented in Table 4. Model 1 showed
that the DC × Texp interaction was not significant (p = 0.914). Similarly, in Model 2, the
DC × Texp interaction remained non-significant (B = −0.001, p = 0.955), and the DC × Field
interactions were also not significant (p > 0.05). However, in Model 3, when additional
variables were included, the effects of the interactions became clearer: the DC × Texp
interaction became significant with a negative coefficient (B = −0.144, p = 0.043), indicating
that for those with more teaching experience, the relationship between DC and AI literacy
was weaker. Additionally, in Model 3, the DC × Field8 × Texp interaction was significant
(B = 0.278, p = 0.005), suggesting that for teachers in the engineering and agricultural
fields, compared to those in information technology, teaching experience strengthened the
relationship between DC and AI literacy more significantly.
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Table 4. The relationship between digital competence and AI Literacy, with teaching experience and
field of education as moderators *.

B SE p LLCI ULCI

Model1 (R2 < 0.001)
DCxTexp → AI_Lit 0.002 0.023 0.914 −0.042 0.047
Model2 (R2 = 0.009)
DCxTexp → AI_Lit −0.001 0.023 0.147 −0.047 0.042
DCxField → AI_Lit DCxField1 0.087 0.077 0.257 −0.064 0.238

DCxField2 0.032 0.048 0.507 −0.063 0.127
DCxField3 0.120 0.072 0.096 −0.021 0.262
DCxField4 0.054 0.076 0.423 −0.089 0.211
DCxField8 0.054 0.060 0.374 −0.065 0.172

DCxField11 0.079 0.055 0.152 −0.029 0.187
DCxField15 0.122 0.099 0.218 −0.073 0.317

Model3 (R2 = 0.017)
DCxTexp → AI_Lit −0.144 0.071 0.043 −0.284 −0.004
DCxField → AI_Lit DCxField1 0.083 0.078 0.287 −0.070 0.236

DCxField2 0.029 0.049 0.554 −0.067 0.125
DCxField3 0.119 0.072 0.098 −0.022 0.261
DCxField4 0.060 0.079 451 −0.096 0.215
DCxField8 0.058 0.060 0.331 −0.060 0.177

DCxField11 0.079 0.055 0.155 −0.030 0.187
DCxField15 0.212 0.125 0.090 −0.033 0.457

DCxFieldxTexp →
AI_Lit DCxField1xTexp 0.170 0.113 0.133 −0.052 0.391

DCxField2xTexp 0.163 0.088 0.065 −0.010 0.335
DCxField3xTexp 0.153 0.097 0.118 0.039 0.344
DCxField4xTexp 0.136 0.111 0.220 −0.081 0.352
DCxField8xTexp 0.278 0.098 0.005 0.085 0.471
DCxField11xTexp 0.137 0.085 0.108 −0.030 0.303
DCxField15xTexp 0.019 0.129 0.883 −0.234 0.272

* DC: teachers’ digital competence (standardized); Texp: teaching experience in years (standardized); AI_Lit:
AI-literacy; Field: field of education; Field6 (reference): information technology; Field1: political and legal sciences;
Field2: humanities, social sciences, and teacher training; Field3: economics; Field4: theology and arts; Field8:
engineering and agricultural sciences; Field11: health sciences; Field15: natural science.

5. Discussion
The results showed that digital competence positively correlated with AI literacy

(R2 = 0.110, p < 0.001), which is consistent with the literature’s findings that digital skills
play a fundamental role in understanding and applying AI technologies (e.g., Long &
Magerko, 2020; Kizilcec, 2023). This relationship suggests that teachers’ ability to effectively
use digital tools in education promotes the development of their AI-related knowledge
and skills.

The analysis of gender differences yielded particularly noteworthy results. Digital
competence correlated more strongly with AI literacy among male teachers, while this
relationship was weaker among females. This difference was particularly pronounced in
the fields of information technology, political and legal sciences, economics, engineering,
agricultural sciences, and natural sciences, while in the humanities, social sciences, teacher
training, theology, arts, and health sciences, the gender difference was less significant.
These results partially align with the research by Møgelvang et al. (2024), which found that
men were more likely to use generative AI tools and approach technology application with
different motivations, and McGrath et al. (2023) reported higher AI knowledge among male
Swedish university teachers. Similarly, Mah et al. (2025) found that female German and
Austrian university teachers placed greater emphasis on the ethical implications of AI in
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education compared to their male counterparts, and reported disciplinary differences, with
arts faculty perceiving domain-specific AI applications as highly relevant and engineering
faculty placing less emphasis on ethical considerations. Furthermore, Kallunki et al. (2024)
noted that Finnish university faculty across diverse disciplines, such as arts and engineering,
perceived AI as both an opportunity and challenge for teaching, with young teachers and
educational technology experts adopting AI more readily.

The phenomenon may be explained by differing levels of technological self-confidence
(Zhang et al., 2023), as well as sociocultural norms that may steer men toward more
technology-oriented roles. However, some studies reported no significant gender ef-
fects (e.g., Berber et al., 2023), suggesting these differences may vary by context. In
contrast, Salhab (2024) found that female instructors in a Palestinian university exhib-
ited significantly more positive attitudes toward AI literacy integration into the curriculum,
highlighting the role of cultural and contextual factors in shaping gender differences in
AI-related perceptions.

Interestingly, age was not a significant moderator in the relationship between dig-
ital competence and AI literacy, neither on its own nor when examined in conjunction
with the fields of study. This finding aligns with research indicating that age does not
consistently influence technology acceptance (e.g., Ghimire et al., 2024; Xu et al., 2024;
Galindo-Domínguez et al., 2024), though it contrasts with studies suggesting younger
teachers exhibit greater openness or competence with new technologies (e.g., Al-Riyami
et al., 2023; Zhang & Villanueva, 2023). The result suggests that in the Hungarian higher
education context, the presence of digital competence may support the development of AI
literacy to a similar extent across all age groups.

However, the moderating effect of higher education experience presented a more
nuanced picture. For teachers with more experience, the relationship between digital
competence and AI literacy was weaker (B = −0.144, p = 0.043), suggesting that more
experienced teachers rely less on their digital skills in understanding or applying AI tools.
This aligns with findings that less experienced teachers exhibit higher digital competence
(Berber et al., 2023) and contrasts with McGrath et al. (2023), who found that Swedish
university teachers with over 30 years of experience reported higher AI knowledge and
greater willingness to adopt AI-based tools compared to those with less experience. These
differences may reflect a reliance on established pedagogical methods over new technolo-
gies, though some studies found no such effect of experience on technology acceptance
(e.g., Ghimire et al., 2024; Al-Riyami et al., 2023).

The fields of study themselves did not significantly moderate the relationship between
digital competence and AI literacy, suggesting that the relationship was relatively general
across higher education disciplines. This finding was unexpected given prior evidence of
field-specific differences (e.g., Ghimire et al., 2024) but may reflect Hungary’s unified digi-
talization efforts (Hungary’s Artificial Intelligence Strategy, 2020). This aligns with broader
efforts to integrate AI literacy into higher education teaching and learning, emphasizing
the need for educators to develop AI competencies across disciplines (Chan, 2023).

The research contributes to the AI literacy literature by supporting the role of digital
competence with large-scale, Hungarian-specific data and offering a new perspective on
the moderating effects of gender and higher education experience. The context-dependent
nature of the results underscores that the development of AI literacy does not require a
uniform approach but rather a strategy that takes into account the specificities of the target
groups (e.g., gender and scientific fields). The findings suggest that while the relationship
between digital competence and AI literacy was broadly consistent across disciplines,
context-specific factors like gender and experience played significant roles.
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The results have several practical and theoretical implications. Firstly, the positive
relationship between digital competence and AI literacy suggests that developing teachers’
digital skills is crucial for integrating AI technologies into higher education. This is in line
with the recommendations of the UNESCO AI Competency Framework (UNESCO, 2024),
which advocates for the joint development of teachers’ digital and AI-based competencies.
Educational strategies that combine foundational digital pedagogy with targeted, hands-on
AI activities—such as prompt-engineering tasks, workshops using AI-tools, or scenario-
based ethical discussions—proves especially effective. To support long-term development
and quality assurance, we recommend tracking AI literacy progression using a combination
of standardized assessments—such as the AI/digital competency instruments employed
in this study—and authentic artefacts like lesson plans or student work samples that
demonstrate meaningful AI integration.

Secondly, the gender differences suggest that training programs aimed at increasing
AI literacy should consider gender-specific needs. For example, programs focusing on
increasing technological self-confidence for female teachers, while for men, deepening
technical skills may be more effective. This suggests that when developing AI literacy,
gender differences should be prioritized, while field-specific effects may be less critical
given the consistent relationship observed across disciplines. This is particularly relevant
in information technology and other technology-oriented fields, where gender differences
were more pronounced.

Thirdly, the negative moderating effect of higher education experience warns that
special support strategies are needed for experienced teachers. For example, targeted
workshops or mentoring programs can help them keep up with the rapid development of
AI technologies and integrate them into their pedagogical practice.

6. Conclusions
Our results indicated that digital competence was significantly and positively related

to AI literacy, supporting the assumption found in international literature that digital skills
play a fundamental role in understanding and integrating AI technologies into education
(Long & Magerko, 2020; Kizilcec, 2023; Jantakun et al., 2021). Gender differences were
particularly pronounced: the correlation between digital competence and AI literacy was
stronger among male teachers, especially in information technology and other technology-
oriented fields, while among female teachers, this relationship was weaker, particularly
in the humanities, social sciences, and health sciences disciplines. However, some studies
reported no significant gender effects (e.g., Berber et al., 2023; Xu et al., 2024), suggest-
ing context-specific influences. Higher education experience also played a significant
moderating role, with the relationship being weaker among more experienced teachers.
Interestingly, age was not a determining factor, suggesting that in Hungarian higher ed-
ucation, the presence of digital competence supports the development of AI literacy to a
similar extent across all age groups, despite mixed international findings where younger
educators often show greater digital competence (e.g., Al-Riyami et al., 2023; Zhang &
Villanueva, 2023).

The research contributes to the AI literacy literature by providing empirical evidence
from a previously understudied population—Hungarian university teachers—and by
refining the understanding of the role of digital competence in the context of technological
transformation. The findings highlighted that the development of AI literacy does not
require a one-size-fits-all approach but rather strategies tailored to the specific needs of
target groups (e.g., gender and experience levels, with less emphasis on scientific fields
given their consistent relationship). This aligns with the recommendations of the UNESCO
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AI Competency Framework for teachers (UNESCO, 2024), which advocates for the joint
development of teachers’ digital and AI-based competencies.

Finally, the limitations of the research also provide guidance for future studies. The use
of self-administered questionnaires may introduce bias, and due to the Hungarian context,
the generalizability of the results may be limited to other cultural or educational systems.
Further longitudinal research is needed to explore how AI literacy evolves, especially in
a rapidly changing technological environment. Additionally, international comparative
analyses could help contextualize the Hungarian-specific findings and compare them with
global trends. Finally, to deepen the understanding of the relationship between AI literacy
and digital competence, qualitative research—such as interviews or case studies—may also
be warranted to uncover individual motivations and the role of contextual factors.
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Texp Teaching Experience in Years
AI-Lit AI-Literacy
Field Field of Education
Gndr Gender
Age Age of Teachers in Years

Appendix A

Table A1. Descriptive item statistics for the AI literacy items.

Item Item Label Difficulty index Difficulty Index
Corrected for Guessing

Discrimination
Index

01 Understanding
intelligence 1 0.830 0.773 0.310

02 Understanding
intelligence 2 0.858 0.811 0.267

03 AI’s strengths and
weaknesses 1 0.337 0.116 0.292

04 AI’s strengths and
weaknesses 2 0.328 0.104 0.300

05 Recognizing AI 1 0.277 0.035 0.297
06 Recognizing AI 2 0.675 0.566 0.420
07 Human influence 1 0.346 0.128 0.297
08 Human influence 2 0.401 0.201 0.351
09 Learning from data 1 0.801 0.735 0.429
10 Learning from data 2 0.440 0.253 0.406

Table A2. Model fit indices.

Model M2/df RMSEA SRMR TLI CFI AIC BIC

Rasch 4.629 0.057 0.064 0.821 0.825 12,444.79 12,490.04
2-PL 4.923 0.060 0.054 0.807 0.850 12,440.17 12,525.65
3-PL 2.060 0.030 0.047 0.948 0.971 12,451.42 12,577.12

Table A3. Merging of educational fields.

Field Before Merging Field After Merging Field ID

Political science Political and Legal Sciences 1Law
Humanities Humanities, Social Sciences,

and Teacher Training 2Social Sciences
Teacher Training

Economics Economics 3
Theology Theology and Arts 4Arts, Art Mediation

Information Technology Information Technology 6
Engineering, Agricultural

Sciences
Engineering, Agricultural

Sciences 8

Medical and Health Sciences
Health Sciences 11Sports Science

Natural Sciences Natural Sciences 15
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Figure A1. The distribution of IRT-estimated AI literacy in the sample.
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