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Abstract 

The rapid development of artificial intelligence (AI) and Generative AI (GenAI) based on 
large language models (LLMs) is reshaping teaching practices, assessment criteria, and 
ethical questions regarding authenticity, source reliability, and educational responsibility. 
Understanding teachers’ attitudes toward AI is crucial for identifying acceptance, re-
sistance, and professional development needs. This study aimed to adapt and validate, 
for the Italian context, the questionnaire developed by Alsudairy and Eltantawy for as-
sessing teachers’ attitudes toward AI in education, and to explore attitudinal differences 
according to selected socio-professional variables. A convenience sample of 682 in-service 
teachers from different school levels and Italian regions completed the 36-item question-
naire on a 3-point Likert scale. Exploratory factor analysis suggested an interpretable two-
factor structure, although some items showed weak, non-salient, or cross-loadings. A con-
firmatory factor analysis conducted on a refined 32-item ordinal model supported a cor-
related two-factor solution with good global fit indices. However, the strong correlation 
between the two latent factors and the presence of selected weak indicators suggest that 
further refinement and cross-validation are needed. Educational attainment was the only 
socio-professional variable significantly associated with attitudes toward AI, although the 
effect size was small. Post hoc analyses showed a significant difference between teachers 
holding a postgraduate Master’s degree and those holding only a high school diploma, 
whereas other differences should be interpreted as descriptive trends. Taken together, 
these findings provide preliminary support for the Italian adaptation of the instrument 
and offer initial insight into the role of professional characteristics in shaping teachers’ 
attitudes toward AI in educational settings. 
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1. Introduction 
1.1. Context and Definition 

Artificial Intelligence (AI) is currently one of the most significant and controversial 
areas of inquiry. Located at the intersection of technological innovation, social transfor-
mation, and educational change, it raises complex ethical, social, and pedagogical ques-
tions. Within a debate that often tends to polarize between positions of explicit techno-
philia and marked technophobia, that is, between perspectives that emphasize the 
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utopian potential of emerging technologies and those that foreground their dystopian im-
plications and systemic risks, AI has progressively emerged as a central issue in the field 
of education. It has thus become not only an object of theoretical reflection, but also a 
concrete driver of change in educational practices, teaching methodologies, and pedagog-
ical perspectives (Seldon & Abidoye, 2018). 

The introduction of AI into educational settings is now a concrete reality. It requires 
the educational community to reflect critically on the meaning, scope, and conditions of 
its use. From this perspective, while AI is often regarded as an opportunity to personalize 
learning pathways, automate repetitive tasks, and broaden access to diverse educational 
resources, it also raises substantial concerns. These include the delegation of decision-
making to algorithmic systems, the potential reduction in teachers’ mediating and instruc-
tional-design roles, the possible erosion of the relational dimension of teaching, and the 
risks associated with the opacity of computational processes and the expansion of educa-
tional surveillance (Holmes et al., 2019; Crawford, 2021). 

The recent emergence of Generative Artificial Intelligence (GenAI), particularly the 
widespread diffusion of large language models (LLMs), has further accelerated these dy-
namics, highlighting the need for in-depth reflection on the ways in which education is 
structured, organized, and assessed. New-generation conversational tools such as 
ChatGPT, Google Gemini, and Copilot have introduced unprecedented forms of human–
machine interaction, broadening the range of potential educational applications while 
simultaneously prompting critical reflection on the very meaning of learning, the authen-
ticity of cognitive production, and the reliability of sources (Holmes & Tuomi, 2022). 

Although these technologies may democratize access to complex content and sup-
port advanced cognitive processes, they also raise concerns about plagiarism, data manip-
ulation, ethical compliance, and the preservation of learners’ centrality in educational ex-
periences (Zawacki-Richter et al., 2019; Gökşel & Bozkurt, 2019). As a result, the adoption 
of AI and GenAI in education cannot be framed solely in terms of technological innova-
tion; rather, it requires an epistemological and regulatory perspective able to account for 
the anthropological, relational, and cultural implications of teaching and learning in con-
texts mediated by intelligent systems. Within this framework, the scientific community 
engaged in Artificial Intelligence in Education (AIED) research is increasingly called upon 
to address both methodological and value-laden challenges, ranging from ethical-by-de-
sign approaches to the promotion of AI literacy capable of integrating technical compe-
tences, critical awareness, and an understanding of the socio-educational implications of 
emerging technologies (Miao & Shiohira, 2022). As Holmes (2024) has argued, it is essen-
tial to ask not only what these technologies can do, but, above all, what they ought to do 
considering principles such as dignity, autonomy, and the rights of those involved in ed-
ucational processes. 

1.2. Literature Review: Teachers’ Attitudes and Perceptions of AI 

Within this debate, examining teachers’ perceptions and uses of AI is important be-
cause it helps identify their level of acceptance, frequency of use, instructional motiva-
tions, and possible forms of resistance. In turn, this can provide valuable indications for 
the design of teacher education policies and support mechanisms aimed at accompanying 
educational innovation (Ferrantino & Scarano, 2024; di Martino, 2024; Pellegrini & Sebas-
tiani, 2024; Toci et al., 2025; Bruni & Murgia, 2025; Nirchi et al., 2024; Nazaretsky et al., 
2022). 

Perception, as Nirchi et al. (2024) argue, can be understood as a pedagogical category 
of instructional action, situated at the intersection of knowledge, professional experience, 
and pedagogical beliefs. As such, it functions as a filter through which innovations are 
interpreted and evaluated (Vrasidas & McIsaac, 2001; Ertmer, 2005): when a technology is 
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perceived as overly complex or pedagogically inappropriate, it is more likely to generate 
resistance; conversely, when it is regarded as useful and compatible with existing teaching 
practices, it tends to foster greater acceptance. From this perspective, Tondeur et al. (2017) 
have shown that pedagogical beliefs not only predict the extent to which technology is 
used but also shape the ways in which it is integrated into teaching, confirming that teach-
ers’ perceptions cannot be reduced to mere individual opinions. Rather, they constitute a 
crucial pedagogical dimension for the success of educational innovation, whose effective-
ness depends largely on teachers’ active engagement and acceptance (Fullan, 2016). 

Research on technology acceptance has also highlighted the persistence of skeptical 
attitudes, often associated with anxiety in interacting with complex tools, a preference for 
established instructional methods, and broader concerns about the possible replacement 
or marginalization of the teacher’s role (Istenic et al., 2021; Zimmerman, 2006; Tallvid, 
2016). 

It is important to emphasize that the transformative impact of AI on teaching can 
only be realized through its responsible and ethical integration, supported by adequate 
teacher education and professional development (Perla et al., 2025). From this perspective, 
AI assumes a dual role: it is both an object of learning and a tool for supporting teachers’ 
professional growth (di Martino, 2024). The international literature on the topic is both 
extensive and rapidly expanding. Within this body of work, attitudes toward AI are gen-
erally conceptualized as evaluative dispositions. Research has examined the extent to 
which these attitudes are associated, on the one hand, with levels of technological compe-
tence and familiarity (Pokrivcakova, 2023) and, on the other, with the propensity to de-
velop and consolidate forms of AI literacy (Galindo-Domínguez et al., 2024; Özden et al., 
2025). Accordingly, attitudes, competences, and AI literacy appear to be mutually inter-
dependent. Competences may shape attitudes by reducing uncertainty and fear or by pro-
moting more informed critical concerns. At the same time, attitudes may either facilitate 
or hinder the reflective adoption of AI and the development of a pedagogically grounded 
relationship with it (Çayak, 2024). In this sense, attitudes toward AI may be understood 
as multidimensional psychological dispositions encompassing cognitive components 
(knowledge and beliefs about AI), affective components (emotions such as interest, trust, 
or anxiety), and behavioural components (intentions of use and teaching practices), in line 
with the main socio-psychological models of action (Ajzen, 1991). In the international lit-
erature, several studies have shown that variables such as perceived usefulness, ease of 
use, and trust significantly influence teachers’ intention to adopt AI-based tools (Davis, 
1989; Venkatesh et al., 2003; Liu, 2025; Ofem et al., 2025; Marsalek & Teplá, 2026), as do 
ethical and professional concerns, as well as issues related to the reliability of AI systems 
(Zawacki-Richter et al., 2019; Long & Magerko, 2020). Studies conducted in European con-
texts have further highlighted the role of digital competence and targeted training in fos-
tering more positive attitudes and a greater willingness to use such technologies (Re-
decker, 2017; Montenegro-Rueda & Fernández-Batanero, 2022). 

With regard to the Italian context, a growing body of research has examined teachers’ 
attitudes toward AI, revealing heterogeneous levels of knowledge and a generally favour-
able disposition toward its use, often accompanied, however, by unmet training needs 
and persistent uncertainty concerning the pedagogical and ethical implications of AI 
(Giannini & Gaebel, 2022; Borsini & Giaconi, 2025; Fiorucci & Bevilacqua, 2025; Isidori et 
al., 2024; Treglia & Tomassoni, 2024; Gravino et al., 2024; Perla et al., 2025). 

From a methodological perspective, the assessment of teachers’ attitudes toward AI 
has relied predominantly on self-report measures, particularly structured questionnaires 
using Likert-type scales, which are widely employed in research on technology adoption 
in education. Many studies draw on established frameworks such as the Technology Ac-
ceptance Model (Davis, 1989) and the Unified Theory of Acceptance and Use of 
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Technology (Venkatesh et al., 2003), adapting their core dimensions, including perceived 
usefulness, ease of use, and behavioural intention. More recently, AI-specific instruments 
have been developed, such as the General Attitudes toward Artificial Intelligence Scale 
(Schepman & Rodway, 2020), which captures both positive and negative dimensions of 
attitudes, as well as scales incorporating constructs such as trust, anxiety, and self-efficacy. 
However, the literature also reveals marked heterogeneity in the instruments employed, 
many of which have been developed ad hoc for single studies and are characterised by 
limited evidence of validity and reliability, as well as weak theoretical convergence in the 
definition of the underlying constructs (Zawacki-Richter et al., 2019). Significant gaps 
therefore remain, particularly the lack of standardized instruments specifically designed 
for educational settings and teacher populations. This underscores the need for psycho-
metrically robust scales capable of capturing, in an integrated way, the pedagogical, ethi-
cal, and professional dimensions of attitudes toward AI. 

This gap is not merely methodological, but also pedagogical: without validated in-
struments, it is difficult to distinguish between general optimism toward AI, trust in AI 
systems, perceived educational usefulness, and teachers’ readiness to integrate AI into 
instructional processes. 

1.3. Aim and Research Questions 

Against this background, investigating teachers’ attitudes toward AI is particularly 
relevant, as such attitudes may influence not only the acceptance of emerging technolo-
gies, but also the ways in which they are pedagogically interpreted and integrated into 
educational practice. Although the international literature has increasingly addressed 
teachers’ perceptions of AI, important gaps remain, especially regarding the availability 
of psychometrically robust instruments for educational settings and teacher populations. 
This issue is especially relevant in the Italian context, where interest in AI is growing, but 
validated tools for systematically assessing teachers’ attitudes are still limited. 

In response to this gap, the present study has a twofold aim. 
First, it aims to adapt and validate, for the Italian context, the questionnaire devel-

oped by Alsudairy and Eltantawy (2024) to assess teachers’ attitudes toward the use of 
artificial intelligence in educational settings. Specifically, the study examines whether the 
Italian version of the instrument retains a theoretically coherent multidimensional struc-
ture and shows adequate psychometric properties in terms of internal reliability. Accord-
ingly, the first set of research questions is as follows: (a) Does the Italian version of the 
questionnaire display an interpretable and theoretically coherent multidimensional struc-
ture? (b) Is the exploratory two-factor structure supported by a confirmatory factor anal-
ysis of a refined ordinal measurement model? (c) Does the instrument show satisfactory 
psychometric reliability? 

Second, the study explores whether attitudes toward AI vary according to selected 
professional and educational variables identified in the literature as relevant to the rela-
tionship between emerging technologies and teaching practices. More specifically, it ad-
dresses the following questions: (a) What attitudes do mainstream and support teachers 
hold toward the use of AI in education, and are there statistically significant differences 
between these groups? (b) Do attitudes toward AI vary according to length of teaching 
experience? (c) Do attitudes toward AI vary according to educational level or academic 
qualification? 

2. Materials and Methods 
This study employed a quantitative, cross-sectional survey design to examine teach-

ers’ attitudes and perceptions toward the use of AI in educational practice. In response to 
the limited availability of validated instruments in the Italian context, the study had two 
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main aims: to adapt and validate the questionnaire developed by Alsudairy and Eltant-
awy (2024), and to explore whether attitudes toward AI differ according to teaching role, 
length of service, and educational attainment. 

2.1. Participants 

A non-probability convenience sampling strategy was adopted, based on the volun-
tary participation of in-service teachers (Table 1). The sample comprised 682 teachers (99 
males and 583 females); the marked predominance of women is consistent with the gender 
composition typically characterizing the educational and teaching professions. Partici-
pants were divided into mainstream teachers (47.5%, n = 324) and support teachers (52.5%, 
n = 358). This distinction reflects a specific feature of the Italian educational context, where, 
in the absence of special schools, both professional figures work within the same inclusive 
school settings, albeit with different roles and responsibilities. Support teachers receive 
additional specialist training in the field of inclusion. Distinguishing between these two 
groups therefore made it possible to explore the potential influence of different profes-
sional profiles on attitudes toward the use of AI in education. Geographically, the sample 
was drawn predominantly from Southern Italy (68.5%, n = 467), followed by Central Italy 
(22.9%, n = 156) and Northern Italy (8.7%, n = 59). 

Regarding the sociodemographic characteristics (Table 1), the sample was composed 
mainly of teachers aged 40–49 years (39.6%, n = 270) and 50–59 years (29.2%, n = 199). Most 
participants held a master’s degree or equivalent second-cycle qualification (59.7%, n = 
407) and reported relatively limited teaching experience, concentrated in the early career 
stages: 0–5 years (36.7%, n = 250) and 6–10 years (35.3%, n = 241). The distribution by school 
level showed a predominance of upper secondary school teachers (34.8%, n = 237), fol-
lowed by primary school teachers (31.5%, n = 215), lower secondary school teachers 
(22.9%, n = 156), and preschool teachers (10.9%, n = 74). 

Table 1. Sociodemographic Characteristics of Participants. 

Category Response  
Categories 

n % 

Age 

<30 years 51 7.5 
30–39 126 18.5 
40–49 270 39.6 
50–59 199 29.2 
≥60 36 5.3 

Gender 
Female 583 85.5 
Male 99 14.5 

Geographical area of service 
Northern Italy 59 8.7 
Central Italy 156 22.9 

Southern Italy 467 68.5 

Years of teaching experience 

0–5 250 36.7 
6–10 241 35.3 

11–20 110 16.1 
>20 81 11.9 

Educational  
attainment 

High school diploma 129 18.9 
Bachelor’s degree 39 5.7 

Master’s degree/equivalent 407 59.7 
Postgraduate Master’s degree 70 10.3 

PhD 37 5.4 

School level 
Preschool 74 10.9 

Primary school 215 31.5 



Educ. Sci. 2026, 16, 755 6 of 26 
 

https://doi.org/10.3390/educsci16050755 

Lower secondary school 156 22.9 
Upper secondary school 237 34.8 

Current teaching role 
Mainstream teacher 324 47.5 

Support teacher 358 52.5 

2.2. Assessment Instrument 

The instrument used in the present study was originally developed by Alsudairy and 
Eltantawy (2024) to assess special education teachers’ perceptions of the use of artificial 
intelligence (AI) in teaching students with disabilities. It represents one of the earliest sys-
tematic attempts to investigate teachers’ perceptions of AI integration in special education 
within the Saudi context. The questionnaire was developed through a multi-step process, 
including a review of the relevant literature on attitudes and perceptions toward AI. Its 
construction was informed by previously validated instruments, including the General 
Attitudes toward Artificial Intelligence Scale (GAAIS; Schepman & Rodway, 2020), Lezh-
nina and Kismihók’s (2020) work based on the Affinity for Technology Interaction (ATI), 
and a questionnaire measuring students’ knowledge of generative AI. 

In its final version, the instrument comprises 36 items rated on a three-point Likert 
scale (“Disagree,” “Neutral,” “Agree”), scored from 1 to 3. The questionnaire is structured 
into two dimensions: general perceptions of AI (10 items), addressing basic understanding 
of AI, expectations about its future benefits, and trust in delegating complex decisions to 
machines; and perceptions of AI use in educational processes (26 items), focusing on the 
role of AI in personalizing learning, supporting inclusion, simplifying information, and 
diversifying instructional methods. Total scores range from 36 to 108, with higher scores 
indicating more positive attitudes toward AI. 

From a theoretical perspective, these two dimensions may be interpreted as comple-
mentary components of teachers’ attitudes toward AI. The first dimension captures more 
general evaluative orientations toward AI, including beliefs about its usefulness, trust-
worthiness, and broader potential. The second dimension refers more specifically to the 
perceived pedagogical relevance of AI in educational processes, particularly in relation to 
personalization, support for inclusion, adaptation of teaching materials, and diversifica-
tion of instructional strategies. Considered together, the two dimensions are consistent 
with the multidimensional view of attitudes outlined in the theoretical framework, ac-
cording to which attitudes toward AI involve cognitive, affective, and behavioural com-
ponents, as well as perceptions of usefulness, trust, and educational applicability. In this 
sense, the instrument does not measure isolated opinions about technology, but a broader 
attitudinal disposition toward the meaning and possible role of AI in educational practice. 

According to the authors, preliminary analyses provided evidence of strong internal 
consistency and satisfactory psychometric robustness, supporting the use of the instru-
ment in educational research. The questionnaire items used in the present study are re-
ported in Appendix A in both the Italian adapted version and an English rendering for 
readers’ convenience. 

It should be noted that this two-dimensional organization refers to the original theo-
retical structure of the questionnaire. The empirical structure of the Italian adaptation was 
subsequently examined through EFA and CFA, allowing for possible differences in item 
allocation across factors. 
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2.3. Instrument Adaptation and Translation Process 

The original questionnaire developed by Alsudairy and Eltantawy (2024) was trans-
lated into Italian through a translation and expert-review procedure broadly consistent 
with the main guidelines for cross-cultural adaptation (Beaton et al., 2000), which typically 
recommend a five-step process: (1) forward translation by multiple bilingual translators; 
(2) synthesis of the translated versions; (3) back-translation into the source language to 
assess fidelity; (4) review by an expert committee to evaluate semantic, idiomatic, experi-
ential, and conceptual equivalence; and (5) pre-testing with the target population to ex-
amine item comprehension and interpretation. This approach is widely used in the cross-
cultural validation of self-report instruments because it supports semantic and conceptual 
comparability across contexts. More specifically, the Italian version used in the present 
study was developed through: (1) an initial translation from English into Italian carried 
out by an independent translator with expertise in the educational field; and (2) a critical 
review by three experts in Special Education, who assessed the clarity, relevance, and cul-
tural appropriateness of the items. The expert review was guided by a set of predefined 
qualitative criteria. Specifically, the experts were asked to assess: (a) semantic equivalence 
with the original English version; (b) conceptual coherence with the construct of teachers’ 
attitudes toward AI; (c) clarity and readability of the Italian wording; (d) cultural appro-
priateness within the Italian school context; (e) relevance of each item for teachers working 
in inclusive educational settings; and (f) terminological consistency across the question-
naire. 

Although a formal back-translation into English by independent native speakers 
blind to the original version was not performed, particular attention was paid to preserv-
ing the original meaning of each item. 

A final revision of the instrument was then conducted based on the feedback re-
ceived. The modifications were mainly lexical and contextual in nature and were intended 
to improve comprehensibility within the Italian educational context without altering the 
original meaning of the items. Overly literal translations were replaced with expressions 
more commonly used in Italian pedagogical discourse; terminology referring to school 
roles and inclusive educational settings was aligned with the Italian school system; and 
terms referring to artificial intelligence, AI systems, teaching practices, and educational 
processes were harmonized across the questionnaire. For example, expressions related to 
educational use were reformulated using wording more familiar to Italian teachers, such 
as references to teaching and learning processes, personalization, inclusive support, in-
structional strategies, and learning materials. The response options were also adapted to 
ensure naturalness and consistency in Italian. The number of items, the two-section struc-
ture, and the three-point response scale developed by the original authors were left un-
changed. The present study examines the validity of the Italian adaptation of the original 
questionnaire by Alsudairy and Eltantawy (2024), while preserving the original number 
of items, two-dimensional structure, and three-point response scale. 

2.4. Procedure 

An online questionnaire was created using the Google Forms platform, accompanied 
by a brief introduction outlining the study’s objectives and the expected time commit-
ment. Prior to participation, teachers were provided with an informed consent statement, 
which explained the purpose of the study, voluntary nature of participation, and the par-
ticipants’ right to withdraw at any time without penalty. Participants were explicitly in-
formed that their responses would be treated with strict confidentiality and anonymity, 
and that no personally identifiable information would be collected. The survey was anon-
ymous, voluntary, and non-interventional, and the data were analysed only in aggregated 
form. Participants provided informed consent by voluntarily proceeding to complete the 
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questionnaire. The research protocol included both the data collection procedures and the 
informed consent process. 

Responses were automatically recorded through the Google Forms platform, thus 
ensuring data accuracy and integrity. The survey remained open for 4 months and was 
distributed remotely to allow flexibility and encourage broader participation. The ques-
tionnaire was disseminated through a multimodal recruitment strategy involving: (a) di-
rect distribution to schools via institutional email, with a request that the survey be for-
warded to teaching staff; (b) sharing through professional networks and subject-specific 
groups; and (c) publication on digital channels dedicated to teacher education and profes-
sional development. This approach made it possible to reach a large and diverse pool of 
potential respondents, although it did not allow the overall size of the contacted popula-
tion to be determined precisely. 

2.5. Data Analysis 

Content validity was preliminarily assessed through expert review, focusing on item 
relevance, clarity, semantic equivalence, and cultural appropriateness within the Italian 
school context (Osterlind, 1989). Item properties were examined using descriptive statis-
tics, including means, standard deviations, skewness, and kurtosis. 

Construct validity was investigated through exploratory factor analysis (EFA) fol-
lowed by confirmatory factor analysis (CFA). Given the three-point Likert response for-
mat and the presence of skewness and/or kurtosis values exceeding |1| for several items, 
the EFA was conducted on a polychoric correlation matrix, as recommended for ordinal 
items with asymmetric distributions or excess kurtosis (Muthén & Kaplan, 1985, 1992). 
The analysis was performed in FACTOR version 12.06.07 (Lorenzo-Seva & Ferrando, 
2006), using Robust Diagonally Weighted Least Squares (RDWLS) extraction, bias-cor-
rected and accelerated bootstrap confidence intervals based on 500 bootstrap samples, and 
Robust Promin oblique rotation, given the expected association between the latent dimen-
sions. 

The number of factors was evaluated using the optimal implementation of Parallel 
Analysis based on minimum rank factor analysis. Model fit was assessed through 
RMSEA, CFI, NNFI, and RMSR, together with the inspection of residual diagnostics. In-
ternal consistency and factor score quality were examined using ORION reliability coeffi-
cients and the Factor Determinacy Index. 

The CFA was performed in Jamovi (version 2.7.28) using a structural equation mod-
elling approach for ordered categorical indicators (The Jamovi Project, 2024). The model 
was estimated with DWLS, robust standard errors, and correlated latent factors. The con-
firmatory model was specified on the refined 32-item solution derived from the EFA re-
sults, retaining items with theoretically interpretable and salient primary loadings and 
excluding items with non-salient loadings or problematic cross-loadings. 

To examine differences according to professional and educational variables, descrip-
tive statistics were calculated for the total score and for the two original subscale scores. 
Because the EFA and CFA suggested a partial reorganization of the original item struc-
ture, these group comparisons were considered exploratory and were interpreted with 
caution. 

Differences between mainstream and support teachers were tested using Welch’s t-
test, whereas differences by length of service and educational attainment were examined 
using Welch’s ANOVA. These robust procedures were adopted because of unequal group 
sizes and to reduce sensitivity to possible violations of homogeneity of variance. Effect 
sizes were reported using Hedges’ g for two-group comparisons and eta squared (η2) for 
omnibus analyses, with confidence intervals considered where appropriate. 
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Descriptive and comparative analyses were performed using SPSS 30.0 for Windows, 
whereas factorial analyses were conducted using FACTOR and Jamovi. 

3. Results 
3.1. Exploratory and Confirmatory Factor Analysis 

The first part of the analysis was aimed at examining the psychometric properties of 
the Italian version of the questionnaire developed by Alsudairy and Eltantawy (2024). 

We examined the factorial structure of the instrument, the theoretical coherence of 
the emerging dimensions, and internal reliability to assess whether the questionnaire, 
once adapted to the Italian context, retained adequate validity and usability for 
educational research. 

In the following tables, labels V1–V36 correspond to the questionnaire items reported 
in Appendix A. 

Before conducting the factorial analyses, univariate descriptive statistics were 
examined for all items (Table 2), following the procedure recommended by Schmider et 
al. (2010). 

Specifically, mean, standard deviation, skewness and kurtosis were calculated for 
each item. Inspection of the univariate distributions showed that no item exceeded the 
±2.5 threshold for skewness, whereas only one item (V8) slightly exceeded this threshold 
for kurtosis (3.013) (George & Mallery, 2006). Since the overall pattern did not indicate 
severe univariate non-normality, no items were removed on this basis. 

Table 2. Univariate descriptive statistics. 

Item Mean Standard Deviation Skewness Kurtosis 
V1 1.673 0.593 0.253 −0.644 
V2 2.332 0.703 −0.594 −0.719 
V3 2.618 0.602 −1.369 0.992 
V4 2.372 0.664 −0.618 −0.529 
V5 1.268 0.511 1.685 2.076 
V6 1.952 0.709 0.045 −0.945 
V7 2.571 0.651 −1.270 0.520 
V8 2.722 0.567 −1.972 3.013 
V9 1.980 0.833 0.023 −1.520 
V10 1.435 0.615 1.065 0.138 
V11 2.474 0.663 −0.917 −0.180 
V12 2.388 0.699 −0.728 −0.579 
V13 2.571 0.589 −1.072 0.365 
V14 2.510 0.659 −1.034 0.024 
V15 2.426 0.653 −0.737 −0.369 
V16 1.958 0.750 0.049 −1.165 
V17 2.565 0.626 −1.179 0.445 
V18 2.624 0.603 −1.407 1.081 
V19 2.387 0.669 −0.666 −0.508 
V20 2.190 0.705 −0.312 −0.872 
V21 2.621 0.606 −1.400 1.048 
V22 2.277 0.735 −0.509 −0.928 
V23 2.176 0.741 −0.315 −1.057 
V24 2.410 0.747 −0.851 −0.642 
V25 2.436 0.691 −0.851 −0.393 
V26 2.369 0.683 −0.594 −0.703 
V27 2.486 0.636 −0.887 −0.115 
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V28 2.425 0.688 −0.810 −0.431 
V29 2.592 0.599 −1.216 0.640 
V30 2.227 0.724 −0.397 −0.939 
V31 2.086 0.767 −0.168 −1.227 
V32 2.388 0.687 −0.706 −0.546 
V33 2.029 0.773 −0.069 −1.267 
V34 2.179 0.718 −0.303 −0.945 
V35 2.291 0.696 −0.492 −0.756 
V36 2.211 0.693 −0.334 −0.801 

Note. V1–V36 correspond to the questionnaire items listed in Appendix A. 

Preliminary data analysis did not indicate the need to remove any items. No missing 
data were observed; therefore, the missing-value procedure specified in FACTOR did not 
affect the results. MSA diagnostics also supported the adequacy of the item pool. 

In line with the ordinal nature of the three-point Likert items, the exploratory factor 
analysis was re-run using a polychoric correlation matrix and Robust Diagonally 
Weighted Least Squares extraction. The analysis was conducted in FACTOR, with bias-
corrected and accelerated bootstrap confidence intervals based on 500 bootstrap samples, 
LOSEFER empirical correction of the chi-square statistic, and Robust Promin oblique 
rotation. This approach was adopted to provide a more appropriate psychometric basis 
for examining the factorial structure of the Italian adaptation. The adequacy of the 
polychoric correlation matrix was supported by Bartlett’s test of sphericity, χ2 = 7692.6, df 
= 630, p < 0.001, and by a very good KMO value of 0.927. Mardia’s multivariate kurtosis 
was significant, further supporting the use of robust estimation procedures. The Solomon 
method split the sample into two equivalent subsamples, with a Ratio Communality 
Index of 0.996, suggesting a high degree of equivalence between the two subsamples. The 
SENECA estimate also indicated that the available sample size was adequate for the 
analysis, as the recommended sample size was 180 observations, whereas the present 
study included 682 participants. 

Overall, the solution proved interpretable, with most items showing salient loadings 
on one of the two dimensions. However, the distribution of items across the two factors 
did not fully coincide with that reported in the original study by Alsudairy and Eltantawy 
(2024). This divergence, which is common in cross-linguistic and cross-cultural adaptation 
processes, suggests that structural validity should not be assessed solely in terms of exact 
replication of the original item composition, but rather on the basis of the theoretical and 
semantic coherence of the emerging dimensions. From this perspective, the two factors 
identified appear to reflect conceptually coherent domains within the broader construct 
of teachers’ attitudes toward AI in educational settings. 

More specifically, the different distribution of items may reflect both linguistic-
cultural adaptation effects and the different composition of the sample compared with the 
original study. The questionnaire had originally been developed for special education 
teachers, whereas in the present study it was administered to a broader and more 
heterogeneous sample of Italian teachers. This wider application context may have altered 
the relationships among items, leading to factor groupings that are more consistent with 
a more general representation of attitudes toward AI in educational processes. 

The rotated factor loading matrix from the ordinal exploratory factor analysis is 
reported in Table 3. 

Table 3. Rotated factor loading matrix from the ordinal exploratory factor analysis. 

Item F1 F2 
V1 0.314  
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V2 0.600  
V3 0.429  
V4 0.627  
V5  0.509 
V6 0.535  
V7 0.619  
V8 0.639  
V9   
V10  0.342 
V11 0.825  
V12 0.808  
V13 0.711  
V14 0.680  
V15 0.358  
V16   
V17 0.800  
V18 0.480  
V19 0.442 0.344 
V20 0.404 0.376 
V21 0.610  
V22  0.608 
V23  0.788 
V24  0.674 
V25  0.671 
V26  0.591 
V27  0.525 
V28  0.649 
V29  0.529 
V30  0.904 
V31  0.952 
V32  0.623 
V33 −0.425 0.660 
V34  0.967 
V35  0.797 
V36  0.905 

Note. Loadings lower than |0.30| are omitted. EFA was conducted using a polychoric correlation 
matrix, RDWLS extraction and Robust Promin rotation. 

Regarding reliability and factor score quality, the rotated solution showed high 
values. ORION reliability was 0.941 for Factor 1 and 0.957 for Factor 2, while the Factor 
Determinacy Index was 0.970 and 0.978, respectively (Table 4). These findings indicate 
that, despite some structural criticalities, the identified factors show strong internal 
coherence and good quality of factor score estimates, supporting the cautious use of the 
instrument in research settings. 

Table 4. Factor variance, ORION reliability, and Factor Determinacy Index. 

Factor Variance ORION Reliability Factor Determinacy Index 
Factor 1: General trust and perceived educational usefulness 
of AI 

6.790 0.941 0.970 

Factor 2: AI-supported instructional adaptation and 
implementation 

9.015 0.957 0.978 

Inter-factor correlation: r = 0.825
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Overall, the two-factor solution was theoretically interpretable, although it did not 
fully reproduce the original allocation of items proposed by Alsudairy and Eltantawy 
(2024). The first factor grouped items referring to general trust in AI, perceived usefulness, 
and the educational potential of AI, particularly in relation to students with disabilities. 
The second factor mainly included items concerning the operational and pedagogical 
implementation of AI, such as personalization, adaptation of materials, instructional 
support, assessment, motivation, and continuity of learning. 

Some items require cautious interpretation. Items V9 and V16 did not show salient 
loadings above the |0.30| threshold. Items V19 and V20 showed cross-loadings, while V33 
showed a positive loading on Factor 2 and a negative loading on Factor 1. These findings 
suggest that, although the two-factor solution is interpretable, the measurement model is 
not yet fully stabilized and should be further examined in future studies. 

Robust fit indices indicated a good overall fit of the two-factor EFA solution: RMSEA 
= 0.037, CFI = 0.991, and NNFI = 0.989. However, the RMSR value was 0.0589, exceeding 
Kelley’s expected criterion of 0.0383. Residual diagnostics also indicated local areas of 
misfit, with standardized residuals ranging from −4.20 to 7.16. Therefore, the model 
appears adequate at the global level, but some item-level relationships require further 
refinement. This pattern supports the interpretability of the two-factor solution while 
suggesting that the item pool is not yet fully optimized. 

Factor simplicity indices were favourable, supporting the interpretability of the 
rotated solution. The two factors were strongly correlated, r = 0.825, indicating that the 
two dimensions are analytically distinguishable but closely related. This high association 
suggests that general perceptions of AI and perceptions of AI-supported educational 
implementation should be interpreted as two closely connected facets of a broader 
evaluative orientation toward AI rather than as fully independent constructs. 

The CFA tested the refined two-factor structure derived from the EFA. The model 
included 32 items. Items V9 and V16 were excluded because they did not show salient 
loadings in the EFA, whereas items V19 and V20 were excluded because of cross-loadings. 
Contrary to the excluded items, V4 was retained because it loaded clearly on Factor 1 in 
the EFA and showed an acceptable standardized loading in the CFA. 

The final CFA model specified two correlated latent factors. Factor 1 included V1, V2, 
V3, V4, V6, V7, V8, V11, V12, V13, V14, V15, V17, V18, and V21. Factor 2 included V5, V10, 
V22, V23, V24, V25, V26, V27, V28, V29, V30, V31, V32, V33, V34, V35, and V36 (Figure 1). 

The correlated two-factor ordinal model showed good global fit: χ2(463) = 1152, p < 
0.001, RMSEA = 0.047, 95% CI [0.043, 0.050], SRMR = 0.064, CFI = 0.988, TLI = 0.987, and 
NNFI = 0.987. These indices indicate that the refined 32-item model provides a 
substantially better representation of the data than the previously considered 34-item 
specification (Table 5). 

Table 5. Fit indices for the refined 32-item CFA model. 

Index Value 
χ2 1152 
df 463 
p <0.001 

RMSEA 0.047 
95% CI RMSEA [0.043, 0.050] 

SRMR 0.064 
CFI 0.988 
TLI 0.987 

NNFI 0.987 
NFI 0.980 
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IFI 0.988 
GFI 0.984 

AGFI 0.980 

 

Path diagrams 

Figure 1. Confirmatory factor model of the refined 32-item two-factor solution. 

The two latent factors were strongly correlated, φ = 0.848, 95% CI [0.818, 0.878], p < 
0.001, indicating a large amount of shared variance. Therefore, the two dimensions should 
be interpreted as closely related facets of a broader attitude toward AI rather than as fully 
independent constructs (Table 6). 

Table 6. Correlation between latent factors in the CFA model. 

Parameter Standardized Estimate 95% CI p
Factor 1 ↔ Factor 2 0.848 [0.818, 0.878] <0.001

Most standardized factor loadings were satisfactory. However, some indicators 
showed weak or modest loadings, especially V33 (β = 0.261), V3 (β = 0.352), V5 (β = 0.358), 
V8 (β = 0.384), V10 (β = 0.426), V1 (β = 0.444), and V7 (β = 0.458). These items should be 
retained only with caution and should be considered for revision or further testing in 
future validation studies (Table 7). 

Table 7. Standardized factor loadings of the refined CFA model. 

Factor Item β 

F1 
V1 0.444 
V2 0.525 
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V3 0.352 
V4 0.555 
V6 0.535 
V7 0.458 
V8 0.384 
V11 0.739 
V12 0.772 
V13 0.665 
V14 0.783 
V15 0.633 
V17 0.805 
V18 0.627 
V21 0.841 

F2 

V5 0.358 
V10 0.426 
V22 0.778 
V23 0.720 
V24 0.666 
V25 0.768 
V26 0.692 
V27 0.777 
V28 0.753 
V29 0.804 
V30 0.664 
V31 0.742 
V32 0.784 
V33 0.261 
V34 0.799 
V35 0.738 
V36 0.772 

Note. Items V9, V16, V19, V20 were not included in the refined CFA model. 

Taken together, the CFA results support the adequacy of the refined 32-item two-
factor model. At the same time, the high correlation between the two factors, the presence 
of selected weak indicators, and the need for independent cross-validation suggest that 
the factorial structure should be considered promising but not definitive. 

In addition to structural validity, reliability was examined for the refined CFA model. 
Factor 1 showed acceptable to good reliability, with α = 0.846, ordinal α = 0.896, and ω = 
0.856. Factor 2 showed good reliability, with α = 0.901, ordinal α = 0.933, and ω = 0.909. 
However, the average variance extracted was below the conventional 0.50 threshold for 
both factors, especially for Factor 1 (AVE = 0.393) and, to a lesser extent, Factor 2 (AVE = 
0.483). These findings indicate that the two factors show satisfactory internal consistency, 
but convergent validity remains only partially supported. Therefore, reliability evidence 
is encouraging, although further refinement of weak indicators is needed. 

3.2. Exploratory Analysis of Attitudes According to Professional and Educational Variables 

The second part of the analysis explored the distribution of attitudes toward AI in 
relation to a set of professional and educational variables identified in the literature as 
potentially relevant, namely professional role, length of service, and level of 
education/training. Given that the EFA and CFA indicated a partial reorganization of the 
original item structure, the following group comparisons should be interpreted as 
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exploratory. Because these analyses were based on the original total and subscale scores, 
they reflect the theoretical structure of the source instrument rather than the refined 32-
item factorial structure supported by the Italian data. 

Future analyses should therefore replicate these comparisons using factor scores or 
composite scores derived from the refined CFA model. 

The aim was to examine whether these characteristics were associated with 
differentiated attitudinal profiles toward the use of AI in educational settings. From this 
perspective, the findings are not interpreted merely in descriptive terms, but also as 
indicators of the factors that may shape, albeit to different degrees, the acceptance and 
pedagogical interpretation of emerging technologies. 

Are there differences between mainstream teachers and support teachers? 

On the total score, the two groups showed virtually overlapping means (Table 8). 
Welch’s test did not reveal statistically significant differences (Table 9), with a 

negligible effect size (g ≈ −0.03). 
The same pattern was observed for both original subscales. 
This finding suggests that professional role does not constitute a discriminating 

factor with respect to attitudes toward AI. One possible explanation lies in the specificity 
of the Italian school context, in which mainstream teachers and support teachers work 
within the same inclusive educational environments and share a substantial part of their 
organizational and teaching practices. Although their functions and levels of 
specialization differ, both groups appear to engage with AI from sufficiently similar 
professional conditions, which may explain the absence of significantly different 
orientations. 

Table 8. Descriptive statistics by teaching role (M, SD). 

Group n 
M  

Total 
SD  

Total 
M  

General 
SD  

General 
M  

Educational 
SD  

Educational 
Mainstream teacher 324 82.15 13.76 21.04 3.41 61.12 11.44 

Support teacher 358 82.49 12.61 20.87 3.27 61.61 10.34 

Table 9. Comparison between mainstream and support teachers (Welch’s t-test). 

Outcome t df p 
ΔM (Mainstream–

Support) 
95% CI 

Low 
95% CI 
High Hedges’ g 

Total score −0.330 657.031 0.742 −0.335 −2.326 1.657 −0.025 
General AI (1–10) 0.634 666.371 0.526 0.163 −0.341 0.666 0.049 

Educational processes (11–36) −0.593 653.725 0.553 −0.497 −2.143 1.148 −0.046 

Do attitudes vary according to length of service? 

Mean scores across the different categories of teaching experience showed only 
limited variation (Table 10). Welch’s ANOVA on the total score was not statistically 
significant (p = 0.111; η2 = 0.009), and no robust differences emerged for the subscales either 
(Table 11). Only a slight tendency was observed for the “educational processes” subscale, 
with somewhat higher scores among teachers with 0–5 years of experience, although this 
difference did not reach statistical significance. 

Once again, length of service does not appear to be a sufficiently strong variable to 
account for systematic differences in attitudes toward AI. One possible interpretation is 
that AI, especially in its generative forms, represents a relatively recent innovation, with 
respect to which both more experienced and less experienced teachers are still in a phase 
of exploration and redefinition of their practices. In other words, accumulated 
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professional experience does not appear to translate automatically into either greater or 
lesser openness toward these technologies. 

Table 10. Descriptive statistics by length of service (M, SD). 

Length of 
Service 

n M  
Total 

SD  
Total 

M  
General 

SD  
General 

M  
Educational 

SD  
Educational 

0–5 years 250 83.78 13.26 21.10 3.28 62.68 10.92 
6–10 years 241 81.00 12.68 20.65 3.23 60.35 10.52 

11–20 years 110 81.56 13.20 20.97 3.60 60.59 10.86 
>20 years 81 82.84 13.93 21.35 3.45 61.49 11.51 

Table 11. Welch’s ANOVA by length of service. 

Outcome F (Welch) df1 df2 p η2 
Total score 2.021 3 252.960 0.111 0.009 

General AI (1–10) 1.218 3 251.248 0.304 0.005 
Educational processes (11–36) 2.123 3 253.123 0.098 0.009 

Do attitudes vary according to educational attainment/training? 

Descriptive analyses indicated a moderate gradient, with higher scores observed 
among teachers holding a Postgraduate Master’s degree and, to a lesser extent, a 
Master’s/specialist degree (Table 12). The omnibus test was significant for the total score 
(p = 0.014; η2 = 0.019) and for the “educational processes” subscale (p = 0.019; η2 = 0.018), 
whereas it was not significant for the “general” subscale (Table 13). Unlike the other 
variables considered, educational attainment/training therefore showed a significant, 
although small, association with attitudes toward AI. This finding suggests that additional 
training may represent a more influential resource than professional role or length of 
service in fostering greater openness toward the use of AI in educational contexts. 

Table 12. Descriptive statistics by educational attainment (M, SD). 

Educational Attainment n M Total SD Total M General SD General M Educational SD Educational 
High school diploma 129 79.66 13.68 20.28 3.53 59.38 11.22 

Bachelor’s degree 39 78.67 12.61 20.59 2.73 58.08 11.03 
Master’s/specialist degree 407 82.92 13.22 21.09 3.32 61.83 10.93 

Postgraduate Master’s degree 70 85.26 12.91 21.53 3.49 63.73 10.41 
PhD 37 83.51 9.53 21.11 2.85 62.41 7.96 

Note. In the Italian system, Master’s/specialist degree refers to the second-cycle university degree, 
whereas Postgraduate Master’s degree refers to an additional post-degree specialization program. 

Table 13. Welch’s ANOVA by educational attainment. 

Outcome F (Welch) df1 df2 p η2 
Total score 3.237 4 126.373 0.014 0.019 
General AI (1–10) 1.986 4 125.350 0.101 0.013 
Educational processes (11–36) 3.057 4 125.898 0.019 0.018 

Post hoc analyses showed that the significant difference specifically concerned the 
comparison between teachers holding a postgraduate Master’s degree and those holding 
only a high school diploma (Table 14). This finding may be interpreted in light of the fact 
that more advanced educational pathways are likely to provide greater opportunities for 
engagement with debates on educational innovation, digital technologies, and 
professional reflection. What appears to emerge, therefore, is not simply a more 
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favourable general attitude toward technology, but rather a stronger tendency to 
recognize the potential of AI in educational processes. At the same time, the small effect 
size calls for caution in interpreting this result, given that attitudes toward AI are likely 
shaped by a range of individual, educational, and contextual factors not directly examined 
in the present study. 

Table 14. Post hoc comparison on the total score (Holm): significant contrast. 

Comparison ΔM 95% CI p (Welch) p_adj (Holm) g 
Postgraduate Master’s degree vs. High school diploma 5.60 [1.73, 9.47] 0.0048 0.0485 0.416 

4. Discussion 
Overall, the findings outline a complex but coherent psychometric picture. The Ital-

ian version of the questionnaire showed an interpretable two-factor structure in the EFA 
and good global fit in the refined 32-item CFA model. Therefore, the main issue is not 
inadequate global fit, but rather the internal refinement of the measurement model. Spe-
cifically, some items showed non-salient loadings or cross-loadings in the EFA, while se-
lected indicators showed weak standardized loadings in the CFA. In addition, the high 
correlation between the two latent factors indicates that the distinction between general 
attitudes toward AI and perceptions of AI-supported educational implementation is em-
pirically weak. The two factors should therefore be interpreted as closely related facets of 
a broader general attitude toward AI rather than as clearly independent constructs. The 
present findings may also be read in relation to the Italian study by Borsini and Giaconi 
(2025), who investigated the perceptions of teachers in training for support teaching using 
the Italian translation of the questionnaire repurposed from Alsudairy and Eltantawy 
(2024). Their results documented a generally positive, though not uncritical, view of AI in 
inclusive education, especially regarding personalization, diversification of teaching strat-
egies, and support for inclusive teaching-learning processes, while also emphasizing the 
need for specific pedagogical training for a reflective use of AI. In this respect, our findings 
are broadly convergent, as they likewise suggest that attitudes toward AI are linked not 
only to technology acceptance per se, but also to teachers’ educational interpretation of its 
pedagogical value. At the same time, the broader and more heterogeneous composition 
of our sample, together with the psychometric focus of the present study, extends that line 
of inquiry beyond the context of teachers in training. 

This pattern differs, at least in part, from that reported in the original study by Alsu-
dairy and Eltantawy (2024), in which the psychometric properties of the questionnaire 
were examined primarily through internal consistency analyses. More specifically, the au-
thors assessed the correlation between each item and the total score of its corresponding 
dimension, reporting coefficients ranging from 0.407 to 0.728 for the first dimension and 
from 0.530 to 0.823 for the second, all statistically significant at the 0.01 level, thereby sup-
porting the instrument’s internal coherence. In addition, questionnaire stability was ex-
amined using the split-half method, yielding an overall stability coefficient of 0.941 and a 
Spearman–Brown corrected coefficient of 0.968, both of which confirmed a high level of 
measurement stability. Against this background, the present study confirms the good 
overall reliability of the instrument but also reveals a more problematic picture regarding 
its latent structure. In other words, while the Italian data are consistent with the original 
study in terms of the instrument’s internal consistency, they suggest greater complexity 
in the factorial configuration, likely due both to the different analytical framework 
adopted and to differences in sample composition and application context. Indeed, the 
questionnaire was originally developed for special education teachers in Saudi Arabia, 
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whereas in the present study it was administered to a broader and more heterogeneous 
sample of Italian teachers. 

From this perspective, the present findings do not weaken the value of the instru-
ment; rather, they suggest the need to reconsider it from a cross-cultural perspective, high-
lighting the importance of further investigation to achieve a fuller stabilization of the 
measurement model in the Italian context. 

Regarding the professional dimension, the analyses provide a picture in which atti-
tudes toward AI appear to be largely shared among teachers and only weakly differenti-
ated according to role or length of service. In the sample considered, attitudes toward the 
use of AI in education were substantially overlapping between mainstream and support 
teachers, and no robust association emerged between attitudes toward AI and years of 
teaching experience. 

Taken together, these findings suggest that the Italian adaptation retains the substan-
tive core of the original construct, while also showing signs of empirical restructuring. 
This result is plausible because the original instrument was developed for a more specific 
professional group and was here administered to a broader and more heterogeneous sam-
ple of Italian teachers. The refined 32-item solution appears psychometrically stronger 
than the original allocation of items, but it should be considered preliminary. Further 
studies should test the stability of this structure in independent samples, compare one-
factor, two-factor, three-factor, higher-order, and bifactor models, and examine measure-
ment invariance across teaching role, school level, gender, and educational attainment. 

These findings are consistent with part of the literature showing no significant differ-
ences in attitudes toward technology or in its classroom use as a function of age, gender, 
or years of experience (Gu et al., 2013; Islahi & Nasrin, 2019). At the same time, they do 
not align with other studies that have instead highlighted the role of age (O’Bannon & 
Thomas, 2014; Vadakkemulanjanal et al., 2021), gender (Bang & Luft, 2013), years of ex-
perience (Gu et al., 2013; Inan & Lowther, 2010), or disciplinary field (Guidry & BrckaLo-
renz, 2010; Mercader & Gairín, 2020) in shaping attitudes toward and practices of technol-
ogy use. In this sense, the heterogeneity of findings in the literature suggests that techno-
logical attitudes and behaviours are likely to be influenced by sociocultural and organiza-
tional factors specific to different contexts (Kim & Lee, 2024). 

By contrast, educational attainment showed a significant, albeit small, association 
with attitudes toward AI, with higher scores observed especially among teachers holding 
a postgraduate master’s degree and, to some extent, a Master’s/specialist degree, com-
pared with those holding only a high school diploma. This result is in line with recent 
studies that found no significant differences in attitudes toward AI according to gender, 
length of professional experience, or school level, but did identify more positive attitudes 
and higher levels of AI literacy among teachers with postgraduate education (Tan et al., 
2023). 

The association between advanced training and more favourable attitudes toward AI 
is also supported by studies showing that higher levels of education are linked to greater 
technological awareness and closer attention to ongoing innovation, as well as to more 
frequent use of technology in educational processes (Güneş & Buluç, 2017). 

Overall, these findings suggest that attitudes toward AI are only weakly associated 
with socio-professional variables. Educational attainment was the only variable showing 
a statistically significant association, but the effect size was small and should not be over-
interpreted. The difference between teachers holding a postgraduate Master’s degree and 
those holding only a high school diploma may reflect greater exposure to advanced train-
ing, innovation-oriented professional development, or greater familiarity with digital and 
pedagogical debates. However, because the design is cross-sectional and the sample is 



Educ. Sci. 2026, 16, 755 19 of 26 
 

https://doi.org/10.3390/educsci16050755 

non-probabilistic, this association should be interpreted as exploratory rather than causal 
(Tondeur et al., 2017; Scherer et al., 2019; di Martino, 2024). 

This picture appears particularly meaningful when considered in light of evidence 
suggesting that future teachers belonging to Generation Z tend, in some studies, to display 
a greater predisposition toward AI than their teacher educators (di Martino, 2024; Chan 
& Lee, 2023). This further supports the idea that attitudes toward AI do not depend simply 
on accumulated experience, but rather on the type of cultural, educational, and profes-
sional exposure to emerging technologies. 

5. Conclusions 
This study provides preliminary evidence supporting the Italian adaptation of the 

questionnaire developed by Alsudairy and Eltantawy (2024) to investigate teachers’ atti-
tudes toward AI in educational settings. The EFA suggested an interpretable two-factor 
structure, and the CFA supported a refined 32-item correlated two-factor model with 
good global fit. However, the factorial structure did not fully replicate the original alloca-
tion of items, and the strong correlation between the two latent factors suggests that the 
instrument captures two closely related facets of a broader evaluative orientation toward 
AI. 

From a psychometric perspective, the instrument showed satisfactory reliability, es-
pecially when ordinal and omega coefficients were considered. Nevertheless, some indi-
cators showed weak loadings, and the AVE values suggested only partial support for con-
vergent validity. For this reason, the questionnaire should be used cautiously and primar-
ily for research purposes until further validation studies confirm the stability of the re-
fined model. 

From a substantive perspective, attitudes toward AI were only weakly differentiated 
by professional role and length of service. Educational attainment showed a small but 
statistically significant association with more favourable attitudes, particularly among 
teachers holding a postgraduate Master’s degree compared with those holding only a high 
school diploma. This result should be interpreted as an exploratory indication of the pos-
sible role of advanced training and professional exposure to innovation. 

Overall, the study highlights the need to strengthen AI literacy and teacher education 
initiatives in both pre-service and in-service contexts, with attention not only to technical 
skills but also to pedagogical, ethical, inclusive, and critical dimensions. Further research 
should refine the item pool, test alternative factorial models, use independent validation 
samples, and examine measurement invariance across relevant teacher subgroups. 

6. Study Limitations 
This study has several limitations. First, the sample was based on non-probability 

convenience sampling and was geographically unbalanced toward Southern Italy, which 
limits the generalizability of the findings. Second, the use of a self-report instrument may 
have introduced social desirability bias and perceptual distortions. Third, although the 
sample size was adequate, the EFA and CFA were conducted on the same overall dataset; 
therefore, the CFA should be interpreted as a confirmation of a refined structure within 
the same study rather than as an independent cross-validation. Fourth, the use of a three-
point Likert scale may have reduced response variability and contributed to skewed dis-
tributions or ceiling/floor effects for selected items. Fifth, some psychometric issues re-
main, including weak loadings for selected indicators, cross-loadings in the EFA, high 
latent factor correlation, and AVE values below or close to the conventional threshold. 
Sixth, the group comparisons were exploratory and should be replicated using factor 
scores or composite scores derived from the refined CFA model. In addition, the cross-
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cultural adaptation process did not include a full back-translation procedure, which war-
rants caution in interpreting the stability of the Italian version. Finally, the cross-sectional 
design does not allow causal inferences or the examination of attitudinal change over time. 

Future research should employ more representative and geographically balanced 
samples, use independent calibration and validation subsamples, and compare alternative 
model specifications, including one-factor, two-factor, three-factor, higher-order, and bi-
factor models. Further studies should also examine measurement invariance across teach-
ing role, school level, gender, educational attainment, and previous AI training. Finally, 
future versions of the instrument should consider revising or removing weak or ambigu-
ous items, especially those referring to delegation of complex decisions to AI, reduction 
of traditional teaching methods, and overly general statements about AI benefits. 
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Appendix A. Questionnaire Structure and Content 
The questionnaire used in the present study consisted of two sections. The first sec-

tion collected participants’ socio-demographic and professional information (Table A1). 
The second section presents the Italian adaptation of the instrument developed by Alsu-
dairy and Eltantawy (2024) (Tables A2 and A3). The questionnaire was translated and 
validated in Italian. For the convenience of readers, the Table A2 of Appendix A includes 
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both the Italian adapted version and an English translation. Any discrepancies were care-
fully addressed to preserve conceptual equivalence between the Italian version used in 
the study and the English version reported here. 

Table A1. Socio-demographic and professional variables. 

Variable English Response Options 
Age <30 years; 30–39 years; 40–49 years; 50–59 years; ≥60 years 
Gender Female; Male; Other/Prefer not to say 

Educational attainment High school diploma; Bachelor’s degree; Master’s/specialist degree; Postgradu-
ate Master’s degree; PhD 

Geographical area of service Northern Italy; Central Italy; Southern Italy; Islands 
School level Preschool; Primary school; Lower secondary school; Upper secondary school 
Years of teaching experience 0–5 years; 6–10 years; 11–20 years; >20 years 
Current teaching role Mainstream teacher; Support teacher 

Table A2. Dimension 1: General perceptions of AI. Response options for all items/Opzioni di 
risposta per tutti gli item. 1 = Disagree/Non sono d’accordo. 2 = Neither agree nor disagree/Né 
d’accordo né in disaccordo. 3 = Agree/Sono d’accordo. 

Item English Version Italian Adapted Version 
1 Artificial intelligence will make humans happier. L’intelligenza artificiale renderà gli esseri umani più felici. 

2 
Artificial intelligence can solve very complex 
problems. 

L’intelligenza artificiale può risolvere problemi molto 
complessi. 

3 
I understand the basic principles of artificial 
intelligence. Comprendo i principi di base dell’intelligenza artificiale. 

4 
In the future, societies will greatly benefit from 
artificial intelligence. 

In futuro, le società trarranno grandi benefici dall’uso 
dell’intelligenza artificiale. 

5 
I believe that complex decisions can be left to 
artificial intelligence. 

Credo che le decisioni complesse possano essere lasciate 
all’intelligenza artificiale. 

6 
I believe that the benefits of artificial intelligence 
far outweigh its drawbacks. 

Credo che i benefici dell’intelligenza artificiale siano di 
gran lunga superiori ai suoi punti critici. 

7 
I was very surprised when I used artificial 
intelligence to perform some tasks. 

Sono rimasto molto sorpreso quando ho usato 
l’intelligenza artificiale per eseguire alcuni compiti. 

8 
I believe that AI systems are available 24 h a day, 7 
days a week. 

Credo che i sistemi di intelligenza artificiale siano 
disponibili 24 ore al giorno, 7 giorni alla settimana. 

9 
Artificial intelligence is more efficient than humans 
in performing certain tasks. 

L’intelligenza artificiale è più efficiente degli esseri umani 
nello svolgimento di alcuni compiti. 

10 
I want to use artificial intelligence in all my work 
and tasks. 

Voglio utilizzare l’intelligenza artificiale in tutti i miei 
lavori e compiti. 

Table A3. Dimension 2: Perceptions of AI use in educational processes/Seconda dimensione: 
percezione sull’uso dell’intelligenza artificiale. Response options for all items/Opzioni di risposta 
per tutti gli item. 1 = Disagree/Non sono d’accordo. 2 = Neither agree nor disagree/Né d’accordo né 
in disaccordo. 3 = Agree/Sono d’accordo. 

Item English Version Italian Adapted Version 

11 I believe AI can play an important role in the 
learning of students with disabilities. 

Credo che l’intelligenza artificiale possa giocare un ruolo 
importante nell’apprendimento degli studenti con disabilità. 

12 I believe learning about AI can benefit my 
teaching career. 

Credo che l’apprendimento dell’intelligenza artificiale possa 
essere vantaggioso per la mia carriera di insegnante. 

13 
There are many useful AI systems for teaching 
students with disabilities. 

Esistono molti sistemi di intelligenza artificiale utili per 
insegnare agli studenti con disabilità. 
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14 AI helps teachers diversify teaching methods. L’intelligenza artificiale aiuta il docente a diversificare i 
metodi di insegnamento utilizzati. 

15 AI techniques can be used to teach students with 
disabilities certain tasks, such as sign language. 

Le tecniche di intelligenza artificiale possono essere 
utilizzate per insegnare agli studenti con disabilità alcuni 
compiti, come il linguaggio dei segni. 

16 AI systems can be used to reduce cheating 
during exams. 

I sistemi di intelligenza artificiale possono essere utilizzati 
per ridurre gli imbrogli durante gli esami. 

17 
AI systems can personalize learning for students 
with disabilities. 

I sistemi di intelligenza artificiale possono essere utilizzati 
per personalizzare l’apprendimento degli studenti con 
disabilità. 

18 AI systems can be used to create simulated 
lessons. 

I sistemi di intelligenza artificiale possono essere utilizzati 
per creare lezioni simulate. 

19 
AI helps students with disabilities learn 
according to their abilities. 

L’intelligenza artificiale aiuta gli studenti con disabilità ad 
apprendere in base alle loro capacità (personalizzare il 
proprio apprendimento). 

20 AI improves the quality of education for students 
with disabilities. 

L’intelligenza artificiale aumenta la qualità dell’istruzione 
per gli studenti con disabilità. 

21 
AI systems help teachers optimize time in 
adapting teaching materials. 

I sistemi di intelligenza artificiale aiutano il docente ad 
ottimizzare i tempi nell’adattamento del materiale didattico 
per studenti con disabilità. 

22 AI helps plan teaching based on students’ 
abilities and pace. 

L’intelligenza artificiale aiuta a pianificare l’insegnamento in 
base alle capacità e alla velocità dello studente. 

23 
AI helps select the most effective learning 
method. 

L’intelligenza artificiale aiuta a scegliere il metodo di 
apprendimento più efficace attraverso un’analisi 
appropriata delle caratteristiche di apprendimento. 

24 AI can help clarify complex concepts during 
explanations. 

Durante una spiegazione, l’intelligenza artificiale può essere 
utile per chiarire agli studenti concetti complessi. 

25 AI technologies support the educational 
environment. 

Credo che le tecnologie di intelligenza artificiale supportino 
l’ambiente educativo degli studenti. 

26 AI technologies can offer unique and intuitive 
perspectives. 

Credo che le tecnologie AI possano offrire prospettive 
uniche e intuitive a cui non avevo mai pensato prima. 

27 
AI provides support (conceptual, procedural, 
analytical, or feedback) to students with 
disabilities. 

L’AI fornisce agli studenti con disabilità un supporto 
(concettuale, procedurale, analitico o di feedback). 

28 AI technologies help prepare effective teaching 
methods. 

Le tecnologie di intelligenza artificiale aiutano a preparare 
metodi educativi utili nel processo di insegnamento. 

29 AI technologies help simplify information for 
students with disabilities. 

Le tecnologie di intelligenza artificiale aiutano a fornire e 
semplificare le informazioni agli studenti con disabilità. 

30 AI technologies help present abstract concepts. Le tecnologie di intelligenza artificiale aiutano a fornire agli 
studenti con disabilità concetti astratti e intangibili. 

31 AI systems help assess students using new 
methods. 

I sistemi di intelligenza artificiale aiutano a valutare gli 
studenti con disabilità utilizzando nuovi metodi. 

32 AI provides flexibility in the educational process. L’intelligenza artificiale offre flessibilità 
nell’implementazione del processo educativo. 

33 AI reduces the use of traditional teaching 
methods. 

L’intelligenza artificiale riduce l’utilizzo dei metodi di 
insegnamento tradizionali. 

34 
AI helps teachers explain according to students’ 
preferences. 

L’intelligenza artificiale aiuta il docente a spiegare in base 
alle inclinazioni e alle preferenze degli studenti con 
disabilità. 

35 AI increases students’ motivation to learn. 
L’intelligenza artificiale aumenta la motivazione degli 
studenti con disabilità verso l’apprendimento e la 
partecipazione ad esso. 
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36 
AI ensures continuous learning (lifelong learning 
perspective). 

L’intelligenza artificiale garantisce un apprendimento 
continuo agli studenti con disabilità, in ottica di life-long 
learning. 
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