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Abstract

This study examines teachers’ negative attitudes toward artificial intelligence (AI) in educa-
tion, focusing on the role of digital literacy, demographic characteristics, and direct AI expe-
rience. Using a quantitative cross-sectional design, data were collected from 1110 Romanian
pre-university teachers through a self-administered online questionnaire. Exploratory fac-
tor analysis confirmed a two-dimensional structure of negative attitudes—Perceived AI
Threat and Distrust in the Fairness and Ethics of AI—with good internal reliability (α = 0.93
and α = 0.62, respectively). Results indicated significant gender differences, with women
reporting higher levels of perceived threat, while distrust in AI fairness showed no signifi-
cant variation across gender, age, or teaching degree. Teachers in urban areas expressed
greater skepticism toward AI ethics than those in rural settings. Higher levels of digital
literacy were negatively correlated with both dimensions of negative attitudes, suggesting
that digital competence mitigates technological anxiety. Moreover, frequent personal and
professional use of AI predicted lower perceived threat levels, emphasizing the moderating
role of experiential familiarity. These findings advance understanding of the psychosocial
and cognitive factors shaping educators’ perceptions of AI and highlight the importance of
AI literacy programs that integrate technical, ethical, and reflective components to foster
informed and confident engagement with intelligent technologies.

Keywords: artificial intelligence; teachers’ perceptions toward AI; digital literacy; AI
attitudes; technological anxiety

1. Introduction
In contemporary education, the rapid transformation driven by the continuous ad-

vancement of digital technologies, and more recently by the expansion of artificial in-
telligence (AI) applications, has highlighted the urgent need to reconsider how schools
responsibly integrate these innovations. The COVID-19 pandemic accelerated the digital-
ization of education, highlighting the essential role of digital skills for both teachers and
students. As education systems return to in-person instruction, increasing attention has
turned to how emerging technologies such as AI can be effectively leveraged to person-
alize learning and to stimulate critical reflection on the ethical and social implications of
automation [1,2].

In this context, the concept of AI literacy has become central. However, scientific
literature reveals a notable diversity of approaches and a lack of conceptual consensus.
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This diversity, which ranges from children’s early interactions with educational robots to
advanced professional training in the use of complex AI tools [3–5], creates difficulties
in integrating AI literacy into educational curricula and underlines the lack of validated
tools for assessing related competencies. Unlike digital literacy, which primarily focuses on
accessing and responsibly using online resources [6], AI literacy encompasses understand-
ing algorithms, critically analyzing automated decisions, and reflecting ethically on their
broader societal impact [7].

An essential aspect emphasized in recent research is the persistence of teachers’ re-
sistance to integrating AI into educational practice. Empirical studies suggest that levels
of digital literacy, trust in technology, institutional support, and ethical concerns directly
influence this resistance [8,9]. Among the most frequently cited fears are the loss of
pedagogical control, job insecurity, digital surveillance, and the depersonalization of the
teaching process [10]. Such uncertainty and skepticism are often amplified by the absence
of best-practice examples and by institutional pressure to adopt insufficiently understood
technologies [11].

To address these challenges, recent studies have proposed educational initiatives and
training frameworks designed to develop AI literacy among teachers and, indirectly, among
students. Programs such as SAIL, based on collaborative and reflective activities [12], or
critical co-discovery approaches [13], show that AI integration can be more easily accepted
when it is accompanied by continuous professional development, ethical reflection, and
institutional support. Furthermore, several studies emphasize the importance of flexible
educational policies, explicit guidelines for responsible AI use, and an organizational
culture grounded in trust and collaboration [14,15].

In light of these considerations, the present study seeks to examine the relationship
between AI literacy, demographic factors, and teachers’ resistance to integrating AI tech-
nologies into education. By clarifying the mechanisms that shape the acceptance or rejection
of emerging technologies, this analysis provides valuable insights for the development of
educational policies and training programs tailored to teachers’ actual needs.

Considering these aspects, the present study aims to investigate negative attitudes
toward AI in education and their associated factors, by addressing the following specific
objectives:

O1: To determine how negative attitudes toward AI use vary according to teachers’
socio-demographic characteristics (e.g., age, gender, level of experience, and residence area).

O2: To investigate the relationship between the level of digital competencies and
negative attitudes toward AI.

O3: To examine the associations between experiences of AI use (for personal and
professional purposes) and the perceived levels of threat or distrust toward AI.

By addressing these objectives, the study contributes to a deeper understanding of the
factors underlying teachers’ reluctance to adopt AI-based technologies and, consequently,
to identify effective ways to overcome such barriers and facilitate the efficient integration
of AI tools into contemporary education.

1.1. Conceptualizing AI Literacy in Education

The concept of AI literacy has emerged as a central focus in contemporary educa-
tional research, reflecting the growing need to prepare both teachers and students for
the responsible and critical use of artificial intelligence (AI) technologies. Despite this
increasing attention, the term remains conceptually fragmented, encompassing a broad
spectrum of meanings and pedagogical practices. In their review of 124 studies published
between 2020 and 2024, Gu and Ericson [2] observe that definitions of AI literacy range from
children’s first encounters with programmable robots to advanced university courses on
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AI-based tools. Similarly, Wolters et al. [1] emphasize that most empirical research focuses
on K–12 students, neglecting adult learners and teachers, and that validated instruments
for assessing AI literacy remain scarce.

This persistent diversity reflects the rapid evolution of AI technologies, particularly
generative AI, and fundamental disagreements about what educators need to know. To ad-
dress this conceptual fragmentation and establish a global framework for AI competencies,
UNESCO [16] developed the first international AI Competency Framework for Teachers,
defining 15 competencies across five interconnected dimensions: human-centered mindset,
ethics of AI, AI foundations and applications, AI pedagogy, and AI for professional learn-
ing. The framework categorizes these competencies into three progression levels (Acquire,
Deepen, and Create) reflecting the complexity of developing AI literacy.

Recent research in higher education reveals that the concept of AI literacy is both
multidimensional and still under development, encompassing generic, domain-specific,
and ethical aspects. According to recent findings [17], self-efficacy and AI literacy are deci-
sive predictors of educators’ willingness to adopt AI-based tools. Their findings indicate
that, while educators acknowledge the trans-formative potential of AI, including personal-
ized learning, increased insight into student understanding, and administrative efficiency,
numerous challenges remain, including limited infrastructure, lack of ethical guidance,
insufficient technical training, and the need for targeted professional development.

El-dosuky [3] proposes an integrated framework for developing AI literacy in pre-
university education, stressing that restricting AI education to programming skills may
increase resistance to new technologies. He argues that genuine AI literacy must integrate
technical, ethical, and collaborative dimensions, which can be effectively operationalized
through frameworks such as TPACK.

This multidimensional approach positions AI literacy as both a cognitive and a moral
competence, extending beyond procedural knowledge to include critical reflection on algo-
rithmic decision-making and societal impact. A distinction frequently noted in literature
concerns the relationship between digital literacy and AI literacy. While digital literacy
primarily involves the ability to access, evaluate, and create digital content responsibly [6],
AI literacy introduces an additional layer of understanding related to algorithms, data
ethics, and automated decision processes [7]. Ha et al. [18] further emphasize that AI
literacy requires not only functional knowledge but also ethical literacy, enabling teach-
ers and students to navigate issues of bias, transparency, and accountability inherent in
AI-driven systems.

1.2. Attitudinal, Ethical, and Institutional Dimensions of Resistance

A significant body of research highlights teachers’ persistent resistance to integrating
AI technologies into their professional practice. This resistance, often attributed to psycho-
logical, institutional, and ethical factors, remains a critical barrier to the educational use
of AI. Du et al. [19] found that the absence of ethical literacy among educators intensifies
reluctance, as teachers frequently feel unprepared to address algorithmic fairness, data pri-
vacy, or digital surveillance. Likewise, Holmes et al. [9] report that inadequate training and
the lack of ethical guidance contribute to uncertainty and superficial AI implementations.

Recent evidence highlights that teachers’ resistance is driven not only by technical
challenges but also by deep-seated professional concerns. Tariq [20] demonstrates that
educators frequently express anxiety regarding the potential replacement of their roles,
the erosion of pedagogical autonomy, and the risk of being relegated to mere facilitators
in the learning process. Moreover, ethical apprehensions related to algorithmic trans-
parency, data privacy, and digital surveillance exacerbate skepticism and distrust toward
AI systems. These attitudinal and ethical concerns are further amplified by institutional
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limitations such as unclear policies, insufficient support structures, and scarce professional
development opportunities.

Extrinsic barriers, including insufficient infrastructure, over-crowded classrooms, and
limited material resources, also strongly influence resistance. Mehdaoui [21], in a study
of EFL instructors in Algeria, demonstrates that while educators recognize the potential
of AI, external difficulties such as technical challenges, lack of training, and in-sufficient
resources substantially inhibit the adoption of emerging technologies in education.

Professional development guided by pedagogical frameworks such as TPACK must
integrate both technical knowledge and practical applications to enhance teachers’ confi-
dence in delivering AI-integrated courses [22]. Without such comprehensive preparation,
teachers report anxiety and hesitation regarding AI adoption in their teaching practice.
However, individual-level training is insufficient when institutional structures undermine
AI integration.

From a structural perspective, Zawacki-Richter et al. [10] argue that AI adoption in
education is frequently driven by administrative or economic imperatives rather than
pedagogical reflection, which reinforces skepticism among teachers. The resulting manage-
rial logic fosters concerns transparency, surveillance, and depersonalization of education.
Howard and Mozejko [11] extend this argument by showing that teachers’ reluctance often
stems not from technophobia but from institutional pressures to adopt poorly understood
tools without adequate support. Such contexts create frustration and insecurity rather
than empowerment.

Howard et al. [8] also demonstrate that openness to AI integration varies by age,
experience, and school culture, with younger or more digitally experienced teachers gen-
erally more receptive. However, they note that trust in AI’s usefulness and transparency,
rather than demographic variables alone, is the strongest predictor of acceptance. The lack
of institutional support, insufficient policy clarity, and fears of professional devaluation
further exacerbate teachers’ skepticism [23]. Collectively, these studies underscore that
resistance to AI is a multifaceted phenomenon shaped by psychological, ethical, and con-
textual determinants. Collectively, the reviewed studies show that resistance to AI is a
multifaceted phenomenon shaped by a dynamic interplay of psychological, ethical, and
contextual determinants. Addressing such resistance requires multifaceted strategies that
combine robust training programs with comprehensive governance frameworks.

1.3. Educational Initiatives and Frameworks for Developing AI Literacy

To address these challenges, recent research has proposed several educational frame-
works designed to enhance AI literacy and reduce resistance among teachers. MacDowell
et al. [12] introduced the SAIL (Student Artificial Intelligence Literacy) framework, which
emphasizes experiential and collaborative activities that improve both technical compe-
tence and ethical awareness. Participation in such reflective programs has been shown to
increase teachers’ confidence and readiness to integrate AI tools into their classrooms.

Research on effective professional development models further supports these mul-
tidimensional approaches. A recent scoping review of AI literacy in teacher education
examined six programs designed to enhance teachers’ AI literacy and identified several
critical success factors [24]. One effective approach, the “AI Book Club” model, combines
independent reflection and learning activities with collaborative online discussions, al-
lowing teachers to experiment, ask questions, and critically engage with AI concepts in
a psychologically safe environment. Teachers consistently valued this spaced approach
combined with collaborative reflection, which accommodated their different learning styles
and contextual needs. Similarly, peer learning emerged as a crucial mechanism, with teach-
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ers appreciating the opportunity to engage in hands-on, exploratory AI teaching activities
alongside colleagues.

Recent evidence demonstrates that targeted professional development programs can
substantially increase teachers’ confidence and trust in AI educational technologies. A
comprehensive initiative that combined theoretical and practical knowledge about AI,
while emphasizing transparency, teacher agency, and the complementary role of tech-
nology, proved effective in enhancing teachers’ AI literacy and willingness to adopt AI
tools [25]. This approach primarily reduced psychological barriers such as algorithm
aversion and strengthened teachers’ ability to critically evaluate and override algorithmic
recommendations.

Dilek et al. [13] propose a critical co-discovery approach to teacher training, combining
collaborative projects, mentoring, and case-based discussions to foster deeper understand-
ing of AI’s mechanisms and limitations. Tan et al. [15] similarly argue that effective
integration of AI into education requires comprehensive professional development that
includes not only technical instruction but also pedagogical and ethical reflection. Their
findings point to a persistent gap between policy-level enthusiasm for AI and the practical
realities of classroom implementation.

Additional evidence supports the importance of such multidimensional training
programs. Moura and Carvalho [26] report that most teachers, once trained, view AI as an
auxiliary tool rather than a threat, provided ethical standards and student guidance are
clearly established. Gravino et al. [27] reinforce this perspective, identifying a discrepancy
between macro-level policy goals and the everyday practices of teachers, suggesting that
professional development and institutional support are crucial for translating AI literacy
into sustainable pedagogical innovation.

1.4. Demographic and Digital Competence Factors

Recent empirical studies explore how teachers’ demographic characteristics and levels
of digital literacy influence their attitudes toward AI. Çayak [28] found that lower digital
literacy levels are significantly associated with stronger negative attitudes toward AI,
primarily due to uncertainty and lack of confidence, whereas variables such as gender,
experience, or school level exert less influence.

Complementing these findings, recent path analysis results show that demographic
variables such as age, gender, and field of study influence attitudes toward AI in different
ways [29]. Their study revealed that age demonstrates a positive correlation with both
AI knowledge and attitudes toward AI, suggesting that older educators may develop
more nuanced perspectives through accumulated professional experience. Notably, gender
and field of study showed no significant direct correlations with AI attitudes, implying
that demographic characteristics alone do not predetermine receptiveness to AI. Instead,
the analysis revealed that AI knowledge serves as a crucial mediating variable, through
which demographic factors influence attitudinal outcomes. This mediation effect suggests
that providing targeted knowledge development, rather than addressing demographic
characteristics, may be the most effective pathway to shifting attitudes.

Other empirical research has shown that the level and dimensions of artificial intel-
ligence anxiety among pre-service teachers are significantly influenced by their field of
study rather than by demographic factors such as age or gender. Falebita [30] found that,
while the overall level of AI anxiety in university teacher education programs is moder-
ate, specific forms of anxiety, such as technology intimidation, fear of job displacement,
technological dependence, and ethical concerns, are pronounced in certain disciplines,
particularly among those specializing in science and mathematics. Importantly, the study
reported no statistically significant differences in AI anxiety based on gender, age, or
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year of study, highlighting the greater relevance of disciplinary background over general
demographic variables.

Extending this line of inquiry, recent evidence indicates that both gender and age
can moderate the relationships between perceived usefulness, perceived ease of use, and
behavioral intention to adopt generative AI tools in higher education [31]. Although
gender differences did not reach statistical significance, age emerges as a substantial
moderating factor. Younger instructors perceived generative AI as more useful and easier
to use, and their adoption decisions were shaped primarily by positive attitudes rather
than by instrumental considerations. Conversely, older instructors’ adoption intentions
were strongly influenced by perceptions of practical utility, indicating that age-responsive
professional development strategies may be needed to ensure equitable AI integration
across faculty groups.

These age-related patterns are further supported by findings from a study involving
306 teachers across seven schools, which showed that younger teachers are generally more
likely to adopt AI technologies [32]. Surprisingly, personal innovativeness and level of
openness to new experiences did not stimulate teachers to adopt AI for teaching. Instead,
the study documented a statistically significant link between institutional policy and the
use of AI by colleagues on the one hand, and AI adoption among schoolteachers on the
other. This finding suggests that providing targeted knowledge development, rather than
ad-dressing demographic characteristics or relying on personality traits, may be the most
effective pathway to shifting attitudes, particularly when coupled with institutional support
and peer modeling.

Viberg et al. [33] confirm that teachers’ trust in AI depends largely on perceived
benefits, self-efficacy with digital tools, and understanding of AI mechanisms, while
cultural and contextual factors play a more decisive role than purely demographic ones.

This body of research suggests that the development of AI literacy cannot be sepa-
rated from the broader framework of digital competence. Teachers’ ability to understand,
evaluate, and ethically use AI systems depends not only on training availability but also on
the cultural and institutional context that shapes their professional identities. Accordingly,
resistance to AI integration emerges as a dynamic interplay between personal competencies,
institutional conditions, and the perceived alignment of AI with educational values.

The reviewed literature reveals a growing recognition of AI literacy as a multidi-
mensional construct that integrates technical, ethical, and critical thinking competencies.
However, several significant gaps persist. First, there is still no unified conceptual or
operational definition of AI literacy, which complicates curriculum design and empirical
assessment. Second, while numerous studies have addressed digital literacy or teacher
attitudes separately, few have systematically examined how digital competence and demo-
graphic factors jointly influence resistance to AI integration. Third, existing research often
overlooks national and cultural contexts that mediate teachers’ perceptions and practices.

Considering these limitations, the present study aims to explore the relationship
between AI literacy, socio-demographic variables, and teachers’ resistance to AI integra-
tion in education. By providing empirical evidence from a large and diverse sample of
pre-university teachers, the study contributes to clarifying the mechanisms underlying
acceptance or rejection of emerging technologies and offers insights for the development of
informed educational policies and targeted professional training programs.

2. Materials and Methods
2.1. Research Design and Approach

The present study adopted a quantitative, cross-sectional design [34,35] to explore
how pre-university teachers perceive the integration of artificial intelligence (AI) into
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educational practice. This approach was selected to obtain a comprehensive snapshot of
an emerging phenomenon in the Romanian educational context, allowing the analysis
of relationships between socio-demographic characteristics, digital literacy levels, and
negative attitudes toward AI. The survey method was employed [36,37], using an online
self-administered questionnaire distributed to a diverse sample of teachers. The design
enabled the identification of patterns and associations among variables related to digital
competence, AI literacy, and teacher resistance.

2.2. Participants and Sampling Procedure

The study sample consisted of 1110 pre-university teachers, including both primary
and secondary educators. Participants were recruited through a combination of formal
channels (county school inspectorates) and informal professional networks (online teacher
communities and social media groups). A snowball sampling strategy [38] was applied,
encouraging participants to share the questionnaire with colleagues from their institutions.
Participation was voluntary, anonymous, and uncompensated, consistent with ethical
research principles [36,39,40]. Prior to completion, respondents were informed about the
study’s purpose, the confidentiality of their data, and the exclusive academic use of results.

Responses were collected from 36 Romanian counties, including Bucharest, ensuring
broad geographical coverage despite the convenience nature of the sample [41,42]. The
largest proportions of respondents were from Timis, (14.9%), Ilfov (11%), Teleorman (9.5%),
Botos, ani (7.8%), and Bihor (7.5%), totaling 562 teachers (50.7% of the sample). Regarding
the area of residence, 69.6% of participants were from urban areas and 30.4% from rural
settings, providing a relatively balanced distribution. The gender distribution reflected
the feminization trend typical of Romanian pre-university education, with 81.5% female
respondents, consistent with national statistics indicating that women represent over 70%
of teachers in this sector [43].

2.3. Instruments and Measures

The instrument used to measure general attitudes toward artificial intelligence was
an adapted version of the General Attitudes toward Artificial Intelligence Scale (GAAIS),
developed by Schepman and Rodway [44] and subsequently confirmed through addi-
tional validation analyses [45]. In previous validations, the GAAIS demonstrated a stable
two-factor structure, comprising two distinct dimensions, positive attitudes and negative
attitudes, and showed high levels of internal consistency, being recognized as a robust tool
for assessing perceptions of AI.

For the present study, the instrument was translated and culturally adapted to the
Romanian context following established guidelines for the cross-cultural adaptation of
psychometric tools [46,47]. The authors first independently translated the General Attitudes
toward Artificial Intelligence Scale (GAAIS) from English into Romanian, following specific
recommendations [48,49]. The resulting translations were compared and consolidated into
a consensus version. Subsequently, a certified English teacher with expertise in academic
translation in the social sciences performed a back-translation into English. The back-
translated version was then compared with the original items, and minor adjustments
were introduced to ensure semantic equivalence and conceptual coherence. This multi-step
procedure ensured both linguistic accuracy and cultural appropriateness of the Romanian
version of the GAAIS.

Certain items were removed during adaptation to improve face validity, ensuring that
all items were comprehensible and culturally appropriate for Romanian teachers. This
process aligns with recommendations emphasizing the role of face validity in maintaining
clarity and relevance of items for the target population [50,51].
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The instrument used to assess teachers’ levels of digital competence was adapted from
the tool developed by Rodríguez-de-Dios et al. [52], originally designed to measure the
degree of digitalization among university students. The original scale is structured around
six dimensions: technological skills, personal security skills, critical thinking skills, security
skills, informational skills, and communication skills.

For the purposes of the present study, only three of these dimensions were
retained—technological skills, informational skills, and personal security skills—while
preserving the original five-point Likert scale format, ranging from 1 (“strongly disagree”)
to 5 (“strongly agree”), indicating respondents’ level of agreement with each statement.

Technological competence refers to the ability to effectively use digital technologies,
operate various types of software and hardware, and adapt to technological innovations. In-
formational competence concerns the management of large volumes of digital information
and involves the ability to search, select, analyze, evaluate, and synthesize relevant data.
Personal security competence entails the responsible and safe use of digital environments,
protection of personal data, and management of online reputation, thereby preventing
exposure to cybersecurity risks and threats [53]. In line with the procedure applied for
the GAAIS, this instrument was also translated and culturally adapted using the same
multi-step approach to ensure linguistic accuracy and conceptual equivalence within the
Romanian context.

To assess participants’ direct experiences with AI-based tools, two distinct self-
assessment variables were included. The first variable, “AI use for personal purposes”
measured the frequency of using AI applications in everyday activities such as tourism,
culinary recommendations, general knowledge, or entertainment. The second variable, “AI
use for professional purposes” captured the extent to which participants employed AI in
educational or occupational contexts, including procedure development, lesson planning,
complementary activities, or accessing information relevant to teaching practice.

Both variables were evaluated using a five-point Likert scale (1 = “not at all,” 5 = “to a
very great extent”). The resulting scores were treated as indicators of participants’ practical
familiarity with AI and were subsequently used in the correlational analyses corresponding
to Objective 3 of the study.

2.4. Data Collection Procedure

The data were collected through an online survey platform over a four-week period.
Invitations to participate were disseminated via email and online teacher communities.
Before responding, participants viewed an information sheet describing the purpose,
voluntary nature, and confidentiality of the research. The estimated completion time for the
questionnaire was approximately 10–12 min. No identifying personal data were collected.

2.5. Ethical Considerations

The study adhered to international ethical standards for social science research [39].
All procedures complied with the principles of informed consent, anonymity, and voluntary
participation. Participants could withdraw at any time without penalty. The study protocol
was reviewed to ensure compliance with institutional research ethics requirements. No
data was collected that could directly identify participants, and all responses were stored
securely in encrypted digital format accessible only to the research team.

3. Results
To verify the factorial structure of the scale measuring negative attitudes toward artifi-

cial intelligence, an exploratory factor analysis (EFA) was conducted (Table 1, Appendix A).
The objective of this analysis was to test the unidimensional structure of the negative atti-
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tude measurement scale. In accordance with Field’s recommendations [54], the suitability
of the current study’s data set for factor analysis was confirmed by the Kaiser-Meyer-Olkin
index (KMO = 0.906), which indicates an excellent level of sampling adequacy, and by
Bartlett’s test of sphericity (χ2(28) = 5486.77, p < 0.001), suggesting that the correlation
matrix is suitable for factor reduction. Given the hypothesis of correlations existing between
the investigated dimensions, principal component analysis was performed with Oblimin
rotation, following Pallant’s recommendations [55]. As a result of principal component
analysis, based on Kaiser’s criterion (eigenvalues > 1) and the conceptual coherence of
associated items, two factors were extracted [56,57]. These together explain 72.23% of the
total variance in the responses.

Table 1. Factor loadings of items concerning negative perceptions of artificial intelligence following
Oblimin rotation.

Item Formulated Factor 1 Factor 2

Artificial intelligence could take control over humans. 0.913 –
I believe artificial intelligence is dangerous. 0.909 –
I think with fear about the future uses of artificial intelligence. 0.906 –
People like me will suffer if artificial intelligence is
increasingly used. 0.838 –

I find artificial intelligence threatening. 0.830 –
Organizations use artificial intelligence unethically. – 0.928
I believe AI systems make many errors. – 0.724

The first factor (Factor 1) consists of items that address concerns about the impact
of artificial intelligence on both the individual and society, reflecting an emotional and
existential dimension of the AI threat (Table 2). The second factor (Factor 2) includes items
highlighting perceptions related to ethical aspects, reliability, and the implementation of
artificial intelligence, suggesting a dimension characterized by organizational misuse and
technical errors of AI systems (Table 3). Each item displayed a significant loading on only
one factor, except for the item “Artificial intelligence is used to spy on people,” which was
excluded from the final analysis since it had double factor loadings (λ = 0.48 on Factor 1
and λ = 0.34 on Factor 2. The correlation between the two factors was moderate (r = 0.474),
confirming the conceptually complementary yet distinct nature of the dimensions.

Table 2. Descriptive statistics for the items comprising the “Perceived AI Threat” dimension.

Item Mean SD Median IQR

Artificial intelligence could take control
over humans. 3.41 1.374 4 3

I believe artificial intelligence is dangerous. 3.37 1.277 3 2
I think with fear about the future uses of
artificial intelligence. 3.24 1.324 3 2

People like me will suffer if AI is
increasingly used. 3.13 1.341 3 2

I find artificial intelligence threatening. 3.59 1.249 4 2
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Table 3. Descriptive statistics for the items comprising the “Distrust in the fairness and ethics of
AI” dimension.

Item Mean SD Median IQR

Organizations use artificial intelligence
unethically. 3.31 1.150 3 1

I believe artificial intelligence systems
make many errors. 3.40 1.093 3 1

To evaluate the internal consistency of the “Perceived AI Threat” dimension (Factor 1),
which is composed of five items, Cronbach’s alpha coefficient was calculated, resulting in a
value of α = 0.926, indicating very good internal reliability. This value suggests that the
selected items measure a common construct and that the scale is suitable for use in further
analyses as a composite score. Inter-item correlations ranged between r = 0.623 and r = 0.795,
reflecting moderate to high relationships among items, with no indications of excessive
redundancy. This range suggests that each item contributes distinctly, yet convergently, to
the assessment of a common trait: the fear regarding the potentially threatening impact of
artificial intelligence on the individual and society.

Similarly, to evaluate the internal consistency of the dimension called “Distrust in the
fairness and ethics of AI” (Factor 2), consisting of two items (“Organizations use artificial
intelligence unethically.” and “I believe artificial intelligence systems make many errors.”),
Cronbach’s alpha coefficient was calculated, with a value of α = 0.624. Although this value
is moderate, it is considered acceptable in the context of very short scales, where alpha is
sensitive to the number of included items [58]. To further assess internal reliability, the inter-
item correlation was also computed, which was r = 0.454, indicating a moderate positive
relationship between the two items. Nevertheless, this dimension should be regarded
as tentative, and its refinement or reconceptualization warrants careful consideration in
future research.

Based on the results of the exploratory factor analysis and the Cronbach’s alpha
coefficient values, the computation of composite scores for each of the two identified
dimensions was deemed justified. Thus, for the factor Perceived AI Threat (α = 0.926),
a composite score was calculated to reflect the respondents’ general level of fear, while
for the factor Distrust in AI Fairness and Ethics (α = 0.624), despite the moderate internal
reliability—explainable by the small number of items [59,60]—a composite score was also
computed, considering the conceptual coherence and the inter-item correlation (r = 0.454).
These composite scores will be used in subsequent statistical analyses.

After confirming the structural validity and internal consistency of the scale, subse-
quent analyses focused on how the participants’ socio-demographic characteristics are
associated with negative perceptions toward artificial intelligence. These analyses exam-
ined the differences and statistical relationships corresponding to the first objective of
the research.

The results of the descriptive analysis indicate that the mean scores are similar for
the two dimensions. The Perceived AI Threat dimension recorded a mean of M = 3.35,
SD = 1.15, while Distrust in AI Fairness and Ethics had a mean of M = 3.35, SD = 0.96.
These values reflect a moderate level of negative perceptions toward artificial intelli-
gence, with participants, on average, positioning themselves around the midpoint of
the 1–5 response scale.

The distributions for both dimensions approximate normality, with low and negative
skewness coefficients (−0.28 for Perceived AI Threat and −0.02 for Distrust in AI Fairness
and Ethics), suggesting a slight tendency for responses to cluster toward the higher end
of the scale. The kurtosis coefficients were −0.89 and −0.45, respectively, indicating
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slightly platykurtic distributions (flatter than a normal distribution), yet remaining within
acceptable limits for the assumption of normality [57].

The Mann–Whitney test results showed significant gender differences for the Perceived
AI Threat dimension, Z = −2.869, p = 0.004 (Table 4). Women had a higher mean rank
(Mean Rank = 568.61) compared to men (Mean Rank = 497.61), indicating that women
perceive artificial intelligence as more threatening than men. For the Distrust in Fairness and
Ethics of AI dimension, the gender difference was not statistically significant (Z = −1.946,
p = 0.052), although the general trend suggests a slightly higher level of distrust among
men (Mean Rank = 594.33) compared to women (Mean Rank = 546.70). The magnitude of
the gender effect for Perceived AI Threat was small (r = 0.09).

Table 4. Differences in negative perceptions of AI by socio-demographic variables.

Variable Categories N F1—Perceived AI
Threat Mean Rank

F2—Distrust in
Fairness and Ethics
of AI Mean Rank

Test Statistic/Result

Gender
Male 205 497.61 594.33 Z = −2.869, p = 0.004 (F1)

Z = −1.946, p = 0.052 (F2)Female 905 568.61 546.70

Residence
Urban 773 553.13 575.72 Z = −0.374, p = 0.709 (F1)

Z = −3.225, p = 0.001 (F2)Rural 337 560.94 509.12

Teaching
Degree

No
teaching
degree

126 518.61 561.94
H = 2.454, p = 0.484 (F1)
H = 2.284, p = 0.516 (F2)Teacher Tenure

Exam 173 560.17 553.12

Degree II 132 579.38 517.47
Degree I 679 556.51 562.30

The Mann–Whitney analysis did not indicate significant differences in perceived AI
threat between respondents from urban (Mean Rank = 553.13) and rural (Mean Rank = 560.94)
environments, Z = −0.374, p = 0.709 (Table 4). However, significant differences were ob-
served for Distrust in Fairness and Ethics of AI, Z = −3.225, p = 0.001. Urban educators had a
higher mean rank (Mean Rank = 575.72) than their rural counterparts (Mean Rank = 509.12),
suggesting stronger distrust in the accuracy and ethics of AI systems in urban settings.
The magnitude of this urban–rural difference on the Distrust in Fairness and Ethics of AI
dimension was small (r = 0.10).

The Kruskal–Wallis test results showed no significant differences among teaching
degree categories, neither for Perceived AI Threat, H(3) = 2.454, p = 0.484, nor for Distrust
in Fairness and Ethics of AI, H(3) = 2.284, p = 0.516 (Table 4). Although mean rank values
indicate minor variations (between 518.61 and 579.38 for Factor 1, and between 517.47 and
562.30 for Factor 2), these differences are not statistically consistent enough to support
teaching degree as influencing negative perceptions of AI.

Spearman correlations did not reveal significant relationships between participants’
age and the two analyzed dimensions, Perceived AI Threat (ϱ = −0.014, p = 0.651) and
Distrust in Fairness and Ethics of AI (ϱ = 0.008, p = 0.794).

Next, analyses focused on the relationship between the level of digital competencies
and negative perceptions of artificial intelligence, aiming to identify possible associations
between the two dimensions of negative attitudes (Perceived AI Threat and Distrust in Fair-
ness and Ethics of AI) and components of digital literacy. Given previously identified gen-
der differences in negative AI perceptions, correlation analyses were conducted separately
for male (Table 5) and female (Table 6) teachers to highlight potential group differences.
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Table 5. Spearman correlations between negative AI attitude dimensions and digital literacy
components—male group (N = 205).

Dimensions/Factors Information
Literacy

Web Navigation
Literacy

Data & Security
Literacy

Perceived AI Threat (F1) −0.287 ** −0.207 ** −0.140 *
Distrust in Fairness and
Ethics of AI (F2) −0.172 * −0.144 * −0.003

Note. Values represent Spearman correlation coefficients (ϱ). N = 205. * p < 0.05, ** p < 0.01.

Table 6. Spearman correlations between the dimensions of negative attitudes toward AI and compo-
nents of digital literacy—female group (N = 905).

Dimensions/Factors Information
Literacy

Web Navigation
Literacy

Data & Security
Literacy

Perceived AI Threat (F1) −0.250 ** −0.096 ** −0.114 **
Distrust in Fairness and
Ethics of AI (F2) −0.074 * 0.133 ** 0.125 **

Note. Values represent Spearman correlation coefficients (ϱ). N = 905. * p < 0.05, ** p < 0.01.

For the male participant group (N = 205), Spearman correlation analyses indicated
significant negative associations between the dimensions of negative attitudes toward AI
and the level of digital competencies (Table 5). Thus, Perceived AI Threat (F1) demon-
strated significant negative correlations with all three dimensions of digital competence:
Information literacy (ϱ = −0.287, p < 0.001), Web navigation literacy (ϱ = −0.207, p = 0.003),
and Data & security literacy (ϱ = −0.140, p = 0.045). Similarly, Distrust in Fairness and
Ethics of AI (F2) was negatively correlated with Information literacy (ϱ = −0.172, p = 0.013)
and Web navigation literacy (ϱ = −0.144, p = 0.039), while no significant relationship was
found with Data & security literacy (ϱ = −0.003, p = 0.968).

For the female participant group (N = 905), Spearman correlation analyses revealed
statistically significant associations between dimensions of negative attitudes toward AI
and the level of digital competencies (Table 6). The Perceived AI Threat dimension (F1)
was significantly negatively correlated with Information literacy (ϱ = −0.250, p < 0.001),
Web navigation literacy (ϱ = −0.096, p = 0.004), and Data & security literacy (ϱ = −0.114,
p = 0.001). For the Distrust in Fairness and Ethics of AI dimension (F2), significant negative
correlations were found with Information literacy (ϱ = −0.074, p = 0.027), but positive
correlations emerged with Web navigation literacy (ϱ = 0.133, p < 0.001) and Data & security
literacy (ϱ = 0.125, p < 0.001).

In comparison, the pattern of associations between negative attitude dimensions and
digital competencies was similar for both groups, although the strength of relationships
varied slightly. In general, the negative correlations between Perceived AI Threat and the
dimensions of digital competencies were more pronounced among men than women, while
for Distrust in Fairness and Ethics of AI, positive correlations appeared in the female group.
These results suggest nuanced gender differences in how negative perceptions of AI are
associated with the level of digital competencies, which will be discussed further in the
interpretation section.

After exploring the relationships between digital competencies and negative percep-
tions of artificial intelligence, the analysis was extended to examine how direct experiences
of using AI, both for personal and professional purposes, are related to dimensions of
negative attitudes. This step aims to clarify whether practical familiarity with AI-based
technologies is associated with reduced perceptions of threat or distrust.
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Spearman correlation analyses indicated a significant negative association between
the use of artificial intelligence in personal interest areas (such as tourism, culinary rec-
ommendations, general culture) and Perceived AI Threat (ϱ = −0.286, p < 0.001), while
the relationship with Distrust in Fairness and Ethics of AI was not significant (ϱ = −0.060,
p = 0.200).

Regarding the use of artificial intelligence for professional purposes (such as work
procedures, teaching tasks, complementary activities, or accessing useful information),
Spearman correlations also revealed significant negative relationships with both dimensions
of negative attitudes toward AI. Perceived AI Threat was moderately negatively correlated
(ϱ = −0.264, p < 0.001), while Distrust in Fairness and Ethics of AI was also negatively
correlated, though to a lesser extent (ϱ = −0.107, p = 0.022).

4. Discussion
The present research aimed to investigate negative attitudes toward artificial intelli-

gence (AI) among teachers, focusing on two main dimensions, Perceived AI Threat and
Distrust in the Fairness and Ethics of AI, and their relationships with socio-demographic
variables, digital competency level, and AI usage experience. The results provide a nuanced
picture of how teachers perceive the impact of AI-based technologies and the individual
factors shaping these perceptions.

4.1. Differences in Negative Perceptions of AI

The results indicated significant gender differences in the perception of the threat
posed by AI, with women reporting higher levels of technological anxiety compared to
men. This result converges with previous literature showing that women often manifest a
more cautious attitude and heightened sensitivity to ethical and social risks of AI [61,62].
In studies of technological anxiety, gender differences are often explained by sociocultural
and experiential factors—women tend to perceive threats related to loss of control or
impact on human values more acutely, whereas men may demonstrate greater confidence
in managing emerging technologies [33,61,63].

Conversely, distrust in the fairness and ethics of AI did not differ significantly between
genders, although the general trend showed slightly higher skepticism among men. This
finding may relate to research suggesting that perceptions of algorithm accuracy and
organizational responsibility depend more on professional experience and exposure to
practical applications of AI than on socio-demographic factors [33,63,64].

Differences observed by place of residence revealed higher levels of distrust in urban
areas, which may reflect more frequent exposure to critical discourse about automation,
data ethics, and algorithmic bias [65]. Also, the lack of differences by age and teaching
degree suggests that negative perceptions of AI are distributed relatively uniformly among
teacher generations, confirming observations by other authors who note that, in educa-
tional contexts, professional training level does not directly determine attitudes toward
technology [66,67].

4.2. Relationships Between Digital Competencies and Negative Perceptions of AI

The results showed negative correlations between the level of digital competencies and
negative perceptions of AI. The higher teachers’ digital literacy, especially in information
literacy and web navigation literacy, the less likely they are to perceive AI as threatening.
This result is consistent with the literature on AI literacy and digital competence, which em-
phasizes that familiarity with and understanding of AI mechanisms contributes to reduced
technological anxiety and increased confidence in its educational applicability [7,68,69].
For example, Galindo-Domínguez et al. [69] highlighted a significant association between
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teachers’ digital competence level and their attitudes toward integrating AI into the educa-
tional process. Similarly, Dhahir et al. [68] underline the importance of digital literacy as a
key factor in recognizing and evaluating content manipulated by AI-based technologies.

Meanwhile, subtle gender differences were identified: for men, negative relationships
are stronger and consistent between all components of digital competence and both dimen-
sions of negative attitudes, while for women a mixed association emerged, some positive
correlations with the Distrust in Fairness and Ethics of AI dimension. International results
confirm a similar pattern, showing that women tend to be more critical in evaluating the
ethics and social impact of technology, suggesting the need for gender-sensitive educational
practices [70,71].

The findings converge with results reported by Kasinidou et al. [66] according to which
teachers’ attitudes toward AI are strongly mediated by the general level of digital skills and
perceptions of social responsibility for using technology. Recently published reviews of AI
literacy also emphasize the need to integrate the ethical and critical dimension alongside
technical competencies [71,72].

Overall, these results confirm the hypothesis of an inverse relationship between digital
competence and negative perceptions of AI, supporting the idea that developing AI literacy,
defined by Long and Magerko [7] as the set of cognitive, ethical, and critical skills needed
to understand and use AI, can be an effective strategy for reducing fears about automation
and strengthening teachers’ professional autonomy [7,68,69,71].

However, differences among domains of use are relevant. Personal experience, for
example, using artificial intelligence in everyday activities, seems to reduce the perception
of threat to a greater extent, while professional use exerts moderately positive effects on
both dimensions. These findings are supported by recent research showing that personal
interactions with AI systems have a much stronger influence on perceived risk levels
compared to professional or institutional use [73,74]. Furthermore, the study by Ackerhans
et al. [73] emphasizes that controlled experience with AI in professional settings increases
trust in intelligent tools while maintaining a high level of ethical vigilance, especially in
education and healthcare, where perceptions of professional identity and responsibility
remain sensitive to technological changes.

The global report by KPMG and the University of Melbourne [75] highlights that
the level of trust in artificial intelligence is mainly influenced by users’ familiarity with
technology and direct interaction experiences, as well as by perceived practical benefits.
The report also notes that traditional demographic factors such as age or gender tend to
have a lesser influence on trust compared to usage context and frequency of interactions
with AI systems.

Overall, the results suggest that negative attitudes toward AI among teachers are not
determined solely by fear or skepticism, but rather by digital literacy level, concrete experi-
ences with AI, and the educational and cultural context into which it is introduced. The
present study adds to the existing literature by highlighting a two-dimensional relationship
in attitudes toward AI, emotional and ethical-cognitive, and by demonstrating that these
dimensions respond differently to contextual variables.

5. Conclusions
The present study provides an overview of teachers’ negative perceptions of artificial

intelligence, highlighting the influence of demographic factors, digital competencies, and
direct user experience. The statistical analyses confirmed the two-dimensional structure of
negative attitudes, perceived threat and ethical and technological distrust, dimensions that
capture both emotional reactions and cognitive judgments regarding the integration of AI in
educational settings. As one of the first large-scale explorations of teachers’ attitudes toward
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AI in the Romanian educational system, this study offers an initial empirical foundation for
understanding how risk perceptions and ethical concerns emerge in this context.

Gender differences reveal a familiar pattern observed in research on emerging tech-
nologies: female teachers tend to perceive higher risks, while the level of distrust remains
relatively constant across genders. Conversely, higher levels of digital competence ap-
pear to mitigate these perceptions, suggesting that digital and AI literacy may function as
resilience factors against potential technological anxiety.

Familiarity with AI use, whether for personal or professional purposes, is associated
with more positive and open attitudes. Direct exposure seems to reduce perceptions of
risk and strengthen the sense of control over technology. This relationship supports the
assumption that practical experience facilitates the process of AI acceptance more broadly.

From a theoretical standpoint, the study contributes to understanding the psychosocial
mechanisms that influence technological acceptance among teachers. Empirical evidence
can support the refinement of existing explanatory models and provide a basis for in-
terdisciplinary approaches to the relationship between technological innovation and the
teaching profession.

From an applied perspective, the findings highlight the need to develop AI literacy
training programs that integrate technical, ethical, and pedagogical dimensions of AI use.
Such an approach can strengthen teachers’ trust in AI-based tools and foster a professional
culture open to innovation and digital transformation. Taken together, these conclusions
also point toward several promising directions for future research. Building on these
exploratory findings, future research could test several hypotheses regarding teachers’
perceptions of AI. For example: (H1) digital competence may negatively predict perceived
AI threat; (H2) prior exposure to AI tools may reduce perceived risk; (H3) ethical concerns
and distrust may be shaped by contextual rather than demographic factors (e.g., school-level
technological infrastructure, role-related responsibilities, institutional norms regarding
data use). These hypotheses may be examined in subsequent studies using confirmatory,
longitudinal, or multi-level designs.

6. Limitations of the Study
The study employed a quantitative cross-sectional design, suitable for describing teach-

ers’ perceptions of artificial intelligence, yet limited in its ability to capture their subjective,
motivational, or contextual dimensions. A complementary qualitative approach could
provide a deeper understanding of these aspects [34,76]. Furthermore, the exploratory
and non-representative nature of the sample, obtained through voluntary participation,
constrains the generalizability of the findings to the wider population of Romanian teach-
ers [41,77]. Although the sampling strategy does not allow for probabilistic inference,
the study achieved broad national coverage, including participants from 36 of Romania’s
41 counties as well as Bucharest, and representing both urban and rural schools. This
territorial spread enhances the descriptive value of the dataset and reflects the diversity of
pre-university teaching contexts in Romania. However, the findings cannot be regarded as
nationally representative, and generalizations should be limited to the participating teach-
ers. Future research employing stratified or probability-based sampling would be required
to obtain nationally representative estimates. Given the absence of large-scale national
studies on the acceptance of artificial intelligence in education, the present research may be
regarded as an initial exploratory effort. However, to ensure the external validity of the
conclusions, further sociological investigations based on nationally representative samples
are required. As emphasized by Findley, Kikuta, and Denly [78], sample representativeness
is a fundamental condition for the generalization of results to the target population, thereby
strengthening the robustness and scientific relevance of the research.
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Appendix A. Exploratory Factor Analysis Results

Table A1. Exploratory Factor Analysis of the Adapted AI Attitudes Scale: Factor Loadings and
Communalities.

Item Factor 1
Perceived AI Threat

Factor 2:
Distrust in the Fairness

and Ethics of AI
Communality (h2)

AI seems threatening to me. 0.830 0.061 0.741
AI could take control over humans. 0.913 −0.107 0.752

I believe AI is dangerous. 0.909 0.016 0.841
I think with fear about future uses of AI. 0.906 −0.020 0.805

People like me will suffer if AI is
increasingly used. 0.838 0.011 0.711

Organizations use artificial intelligence
unethically. −0.096 0.928 0.785

I believe artificial intelligence systems
make many errors. 0.139 0.724 0.639

AI is used to spy on people. 0.481 0.342 0.504
Note. Factor loadings are taken from the pattern matrix (SPSS 23). Bold values indicate primary loadings meeting
the retention rule of |λ| ≥ 0.40 with a minimum difference of ∆λ ≥ 0.20. One item (‘AI is used to spy on people’)
displayed cross-loadings and was excluded from the final factor structure. Communalities reflect extraction
values. The two retained factors were moderately correlated (r = 0.474).
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