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Abstract

This study adapted the Meta-AI Literacy Scale (MAILS) for Greek early childhood educators
and examined whether its nine-factor structure could be replicated in a new linguistic,
professional, and educational context. A total of 475 participants took part in two samples:
an exploratory factor analysis with one sample (n = 133) and a confirmatory factor analysis
with an independent sample (n = 342). The analyses supported the original nine-factor
structure. Internal consistency was satisfactory across subscales (McDonald’s ω = 0.84–0.96),
and evidence for convergent and discriminant validity was acceptable. Positive attitudes
toward AI were associated with most MAILS dimensions, whereas negative attitudes
showed only weak and mostly non-significant associations. These findings suggest that
apprehension toward AI may not be reducible to perceived competence alone. The study
provides initial evidence that the nine-factor structure of the MAILS can be replicated
with Greek early childhood educators. Because measurement invariance was not tested,
these findings do not establish metric or scalar equivalence with the original version, and
scores from the two versions cannot yet be compared directly. Further work is needed on
invariance testing, predictive validity, and behavioral indicators of AI literacy.

Keywords: artificial intelligence literacy; early childhood education and care; scale validation;
psychometrics; Greek educators

1. Introduction
The Algorithmic Turn

Until late 2022, artificial intelligence was, for most of the world, a fringe phenomenon.
Scientists working within the field understood AI’s transformative potential, and fragments
of its progress occasionally surfaced in public discourse. Yet, for many people, AI belonged
to the same imaginative register as interstellar travel or synthetic life: impressive in the
abstract, irrelevant in practice. Its landmark accomplishments included defeating world
champions at Go, generating protein structures, and producing uncanny images from
text. These read less like engineering milestones and more like something happening in
a distant, abstract field. Even its foundational philosophy carried the flavor of science
fiction: machines that learn on a superhuman level, generalizable systems that could see
and process beyond disciplinary bounds, architectures that could address our daily menial
or lofty needs. Language alone kept it at a safe conceptual distance, something to marvel at
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or worry about in the future tense. Then, in a matter of weeks, that sci-fi distance collapsed.
The release of large generative models to the public did not introduce AI into daily life so
much as reveal that it had already arrived and was waiting to be noticed. The shift was,
mildly put, tectonic. Within months, AI migrated from a topic that educators, policymakers,
or the public could defer thinking about to one they could not ignore without professional
cost. Algorithmic tools penetrated institutional routines with remarkable speed, filtering in-
formation, generating student-facing content, and restructuring assessment pipelines. This
pace outran regulatory frameworks and left practitioners scrambling to distinguish gen-
uine pedagogical opportunity from spectacle (Black & Van Esch, 2021; Haleem et al., 2022;
Zhai et al., 2021). In education, the disruption has been particularly acute. Now, at the time
of writing this study, intelligent tutoring systems and generative models are no longer
fringe supplements. Rather, they sit deeply and irreversibly inside the daily architecture of
teaching and grading, whether individual early childhood educators chose to put them
there or not (Chen et al., 2020; Ng et al., 2023; Southworth et al., 2023).

Yet, available AI is different from understandable AI. This distinction, elementary
as it sounds, carries weight in education that policy discussions have consistently under-
estimated. The generative AI tools now embedded in teaching practice do not withhold
themselves from users. They do the very opposite. They produce lesson plans, assessment
rubrics, feedback drafts, and reading summaries with notable speed and surface fluency.
Yet nothing in that experience teaches the educator where the output originated, what was
silently excluded, what was invented, or whether the model’s confidence reflects actual
reliability or merely syntactic fluency. Biases encoded in training data, the fabrication of
nonexistent references, the quiet drift from factual accuracy: none of this is legible at the
interface (Gray et al., 2018; Markham, 2020). The result is not a knowledge gap in the
traditional sense. It is an epistemic overload: practitioners are surrounded by material
they can use but cannot evaluate. European policy has not been blind to this condition.
DigCompEdu (Redecker, 2017) sets out educator competences for digital environments,
but it treats digital competence broadly and does not address AI directly. Two more recent
documents are AI-specific. Miao and Cukurova (2024), in UNESCO’s AI Competency
Framework for Teachers, define the knowledge, skills, and values teachers are expected
to develop for AI, set out across five aspects and three progression levels. Bekiaridis and
Attwell (2024), in the AI Pioneers project, supplement DigCompEdu with AI-related com-
petences for educators, mapped onto its six competence areas. At the regulatory level, the
Council of Europe Framework Convention on Artificial Intelligence (Council of Europe,
2024) and the EU AI Act (European Parliament & Council of the European Union, 2024)
add legal weight to what had until recently been advisory guidance, treating AI literacy
as something institutions are expected to support. Yet for all this activity, the frameworks
share a conspicuous structural gap: they specify competences without establishing whether
any available instrument can detect them. The demand for measurement has outrun the
supply, and the question of whether practitioners possess the capacities these documents
describe, or merely report that they do, is one that has so far been left largely to empirical
research, where it remains only partly addressed.

This condition is general across education, but it acquires a specific gravity in the sen-
sitive field of early childhood education and care (ECEC). Traditionally, ECEC practitioners
were professionally formed in traditions that foreground relational attunement, embodied
care, and developmental sensitivity. In that tradition, computational reasoning has occu-
pied a marginal position in ECEC curricula, when it has appeared at all. The neglect is
not accidental. It reflects a disciplinary formation in which relational and computational
competences were treated as belonging to different professional worlds, the former to early
childhood, the latter to older age groups and more technically oriented fields. That division
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held for a long time. It no longer does. Papadakis (2025) has argued that computer science
education in ECEC must be reframed for the age of generative AI, moving past the equation
of computational thinking with coding toward a broader set of reasoning capacities the pro-
fession has left unexamined. Preliminary efforts to introduce programming environments
such as ScratchJr into early childhood classrooms have demonstrated feasibility. They
have also made visible, however, how fragile the supporting infrastructure becomes once a
pilot moves into an actual classroom (Louka & Papadakis, 2024). Yet, ECEC educators are
now expected to exercise a new kind of judgment, that is, deciding which algorithmically
generated content to adopt, which to modify, and which to discard, in a domain where
every curricular choice carries formative weight (Andreadakis et al., 2025). Unsurpris-
ingly, incidental exposure to AI tools does not produce this judgment, any more than
administering standardized tests produces psychometric competence. If the professional
integrity of the field is to be supported under conditions of pervasive automation, the AI
literacy of its practitioners must be deliberately cultivated and assessed. That assessment,
however, raises difficult prior questions. What does AI readiness consist of in a practitioner
whose professional identity rests on responsiveness and contextual judgment rather than
technical proficiency? Can constructs developed in one linguistic and cultural setting be
assumed to measure the same thing elsewhere? And does the field possess instruments
precise enough to ground its claims, or is it building on frail psychometric foundations
that have never been tested beyond their conditons of origin (Lund et al., 2023; Ng et al.,
2024; Wienrich & Carolus, 2021; Yang et al., 2025)? Finally, a further question drives this
study. European professional development policy treats negative attitudes toward AI as a
symptom of insufficient knowledge, with training being prescribed as a remedy. However,
can we empirically test whether competence and apprehension occupy the same dimension
or operate independently? In response to these open questions, our study took its moorings
from the MAILS architecture, which directly embodies a meta-competency logic: rather
than treating AI literacy as a fixed knowledge inventory, it captures the self-regulatory
and affective capacities that allow practitioners to keep updating their knowledge as the
technology evolves. This is precisely the layer of readiness that ECEC professionals require,
and that conventional scales have consistently failed to assess.

2. Background: The Consolidation of a Field
These questions on how to understand AI are not random scientific afterthoughts.

Rather, they belong to a research program that has been gaining mass since 2018, which is
organized around a powerful construct: AI literacy. That term now saturates the literature
(see Yang et al., 2025). It appears in curricular guidelines, in national policy documents,
in the mission statements of funding bodies that five years ago had no AI line item at all
(Lintner, 2024; Long & Magerko, 2020; Markham, 2020; Ng et al., 2021a, 2021b, 2022a, 2022b,
2024; Southworth et al., 2023; Su & Yang, 2022; Su et al., 2022, 2023; Tenório et al., 2023;
Tiernan et al., 2023; B. Wang et al., 2023; S. Wang et al., 2022; Yang et al., 2025). Popularity, of
course, is not validity. A construct can be widely adopted and still poorly defined. But AI
literacy, whatever its growing pains, did not appear from thin air. It descended primarily
from two older constructs, digital literacy and data literacy, and it inherited assumptions
from both (see Yang et al., 2025; cf. Long & Magerko, 2020; Ng et al., 2021b). Yet, it also
broke with both. Digital literacy presumed a stable technological substrate. Data literacy
presumed the core challenge was interpretation of fixed datasets. AI literacy presumes
neither stability nor fixity. It refers to a set of competencies, namely, evaluating AI outputs,
understanding system behavior at a functional level, and collaborating with automated
tools deliberately rather than by default, that must hold up even as the technology under-
neath them changes between semesters (Long & Magerko, 2020; Ng et al., 2021b). That set
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of competencies is, in other words, a moving target. The earlier frameworks were aiming
at something that stood still.

So far, Yang et al. (2025) offer the most thorough accounting of how the field arrived
at its current shape. Their extensive bibliometric review spans a full decade, 2014 to 2024,
and covers 335 published studies. Two things stand out. First, there is the sheer pace of
growth. Between 2014 and 2017, the literature was thin, scattered, exploratory, confined to
computer science education journals. After 2018, publication volume climbed steeply and
has not leveled off. Second, and more instructive, is what happened to the field internally
as it grew. It did not cohere into a single program. It splintered. Yang and colleagues
identify four distinct research streams that now run in parallel, overlapping at points but
pursuing different questions with different methods. One stream ties machine learning
and computational thinking to assessment practices, work that became urgent the moment
generative models entered classrooms. A second links information literacy to technology
acceptance, centering on the problem of user trust. A third deals with data ethics and
privacy. The fourth addresses digital competency in a broader, less technically specified
sense (Yang et al., 2025). These are not rival camps. But neither are they speaking the same
language, and the field has not yet reckoned fully with the integrative work that remains.

The fragmentation runs deeper than research streams. Yang et al. (2025) also identify
nine foundational pillars on which the AI literacy literature rests, and tracing the evolution
of those pillars tells a story worth pausing over. The earliest work was grounded in what
one might expect: data literacy, machine learning fundamentals, computational thinking—
hard skills with clear boundaries. Had the field stopped there, measurement would have
been comparatively simple. It did not stop there. As AI systems moved out of laboratories
and into the routines of ordinary professional life, researchers began noticing that technical
knowledge alone was a poor predictor of how people engaged with these tools. The
discourse absorbed psychological dimensions; namely, the technology acceptance model,
with its emphasis on perceived usefulness and trust, became a fixture. So did accountability
frameworks concerned with algorithmic bias and the ethics of automated decision-making.
Then a third layer appeared, less about the individual user and more about the information
environment they inhabit: media literacy, digital verification, academic integrity under
conditions of automated content production, questions about creative authorship when
a machine can generate plausible text on demand. Each layer added explanatory power.
Each also added complexity. The cumulative picture is that AI literacy, as it is currently
understood, is not one skill. On the contrary, it is a tangle of cognitive, affective, and
sociocultural threads, and any attempt to assess it that mistakes this entanglement for a
quick checklist or a single-factor inventory will miss most of what matters (Carolus et al.,
2023; Kong et al., 2023).

3. State of the Art: The Measurement Gap of AI Literacy
The construct of AI literacy has matured substantially since 2018. However, the

tools built to measure it have often been criticized as not catching up (Lintner, 2024).
That asymmetry is the central methodological problem facing AI literacy research today,
and Lintner (2024) documents it in detail. Working within the COSMIN framework,
Lintner reviewed 22 studies reporting on 16 separate instruments. Some of the findings are
reassuring. A number of scales show acceptable structural validity. Internal consistency
figures are within defensible ranges. But reassurance fades quickly once you look at what
sits beneath those numbers.

Thirteen of the sixteen instruments are self-report measures. Three use performance-
based formats. That ratio alone should give the field pause. Self-report captures perceived
competence, that is, what a respondent believes they can do. It does not capture empirically
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demonstrated competence, that is, what they do when placed in front of an AI system and
asked to evaluate its output, detect a hallucination, or decide whether a recommendation
should be trusted. The real gap between believing and doing is well documented in
adjacent literatures. There is no reason to assume it shrinks when the domain is AI, a
technology specifically designed to present its outputs with confidence that bears no
reliable relationship to their accuracy. Lintner also notes something subtler but no less
damaging: very few of the reviewed studies investigated whether their items represented
the construct as experienced by the target population. Instruments were built, factor
structures were confirmed, reliability was reported, yet the prior question, whether the
scale’s content captured what AI literacy looks like in the lives of real users rather than in
the minds of scale developers, was largely left unasked.

The omissions are worse than the weaknesses. Not one instrument in Lintner’s (2024)
review assessed measurement error. That means we do not know, for any published AI
literacy scale, how much of the variance in scores reflects signal and how much reflects
noise. A field making claims about readiness and competence based on scores whose error
properties are unknown rests on weak foundations. But the most consequential absence
is cross-cultural. Every instrument in Lintner’s review had been validated only in the
language and cultural setting where it was developed, and none had been carried into
a second context and re-examined. The assumption embedded in this practice is that a
scale built for German university students, or American undergraduates, or Chinese pri-
mary school teachers, will behave identically when administered to Greek early childhood
educators. A small number of studies have adapted AI literacy scales across languages.
Uluğ et al. (2025) adapted an AI literacy scale into Turkish and re-examined its structure
in samples of healthcare workers, students, and children. The MAILS, however, has not
been examined in this way. We found no published study that translated the MAILS into a
second language and reported whether its nine-factor structure held, and none that did so
with early childhood educators. For this population, the question is open. But the broader
cross-cultural psychometrics literature gives little reason to treat portability as automat-
ically safe. Boer et al. (2018) document systematically how factor structures and item
intercepts often do not replicate across linguistic boundaries. Vandenberg and Lance (2000),
and the measurement invariance tradition that followed from their work, have shown
that even well-validated instruments in applied psychology routinely demonstrate only
partial invariance when moved across populations. Closer to our domain, cross-cultural
adaptations of eHealth literacy scales have revealed that structurally sound instruments
can lose metric or scalar invariance in ways original developers did not expect. Taken
together, this literature indicates that cross-linguistic portability of factor structure should
be treated as an empirical question rather than assumed. Lintner’s conclusion is difficult
to dismiss, for the field is drawing inferential weight from instruments whose portability
is unknown and whose precision has never been established against the benchmarks that
serious measurement science requires.

The measurement gaps Lintner (2024) documented left all of us, researchers of edu-
cational AI, with a practical problem. We needed a scale that did not repeat the patterns
just catalogued, i.e., built once, in one language, validated against one sample, and then
treated as though its psychometric credentials were established. That ruled out most
of what was available. To counter this challenge, we chose the Meta-AI Literacy Scale
(Carolus et al., 2023) for a specific reason: it is one of the few instruments in this space that
treats the psychological dimension of AI engagement as something worth measuring in
its own right, not as background noise. The argument Carolus and colleagues make is
grounded in a simple empirical observation. Technical knowledge about AI decays fast.
Interfaces get constantly redesigned and model capabilities shift between software updates.
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What is more, a prompting strategy that worked last semester may be useless by the next
one in the model’s next version. What proves more durable is the person’s confidence
that they can figure it out again, namely, their tolerance for confusion, their willingness
to re-engage after a failed interaction rather than retreating to what they already know.
Carolus et al. (2023) formalize this intuition by drawing on the Theory of Planned Behavior
(Ajzen, 1985) and Self-Efficacy Theory (Bandura, 1997), both of which predict that sustained
engagement with challenging tasks depends less on what a person currently knows than
on whether they believe their effort will eventually produce results. Most AI literacy scales
ask what a respondent knows. MAILS asks, in addition, whether they are psychologically
equipped to keep learning once that knowledge stops working.

The instrument’s structure reflects this commitment at every level. When Carolus
and colleagues (Carolus et al., 2023) submitted their initial model to confirmatory factor
analysis, the hypothesized single second-order domain they called AI Self-Management did
not hold. What emerged instead were two empirically separable psychological domains
positioned at the same hierarchical level as the cognitive AI Literacy factor, not nested
inside it. AI Self-Efficacy brings together problem-solving confidence and the disposition
to keep updating one’s knowledge as AI applications shift, the capacities that matter most
when a familiar tool behaves differently after an update or a new interface appears in
the workplace. AI Self-Competency pairs persuasion literacy with emotion regulation:
noticing when an AI system is steering your decisions and managing the frustration that
builds when interactions go wrong. That the measurement model grants these domains
the same structural standing as the cognitive facets, Use/Apply AI, Know/Understand AI,
Detect AI, and AI Ethics, amounts to a claim that self-regulatory capacity carries equivalent
explanatory weight to factual knowledge. A further construct, Create AI, did not load on
AI Literacy at all, confirming what most conceptualizations in the field already assume
about the distinctiveness of development skills. This structure is what convinced us that
the instrument was worth replicating rather than simply citing. Most available scales
would give us a snapshot of what Greek early childhood educators currently know about
AI. The MAILS offered something harder to find: a way to measure whether they also
possess the psychological infrastructure to keep engaging once what they know becomes
insufficient. Gollwitzer’s (1990) action-phase model, which the authors invoke to argue
that intention alone cannot sustain engagement without ongoing regulation of action
and emotion, gives this design its theoretical spine. If you believe that people abandon
challenging tools not primarily because they lack information but because the affective
cost of persisting exceeds what they can tolerate, then your instrument needs subscales
that capture tolerance, not just knowledge. That is what the MAILS attempts, and that
is what we set out to test in a language and professional context the original validation
never reached. Our adaptation targets Greek early childhood educators, a population that
differs from the original sample in language, professional culture, training background,
and institutional relationship to technology.

4. The Present Study
This study examines whether the nine-factor structure of the Meta-AI Literacy Scale

(MAILS) can be replicated with Greek early childhood educators. This is a useful test case
for two reasons. First, early childhood education and care has received limited attention in
the AI literacy measurement literature, despite growing policy and professional interest in
AI across educational sectors. Second, the original MAILS was developed in a different
linguistic and cultural context, so its transferability cannot be assumed. We adapted the
scale into Greek and examined its psychometric properties in two independent samples.
In addition to evaluating the proposed factor structure, we examined internal consistency,
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convergent and discriminant validity, and relationships with attitudes toward AI. More
broadly, the study asks whether a measure that combines cognitive and self-regulatory
dimensions of AI literacy is still meaningful in a new professional context.

The study pursued four aims: (1) to adapt the MAILS into Greek for early childhood
educators, following recognized procedures for cross-cultural test adaptation; (2) to test
whether the original nine-factor structure held in this new linguistic and professional
context, using one sample for exploratory factor analysis and an independent sample for
confirmatory factor analysis; (3) to estimate the internal consistency, convergent validity,
and discriminant validity of the Greek version; and (4) to examine how the MAILS dimen-
sions related to general attitudes toward AI, both as an initial check on external validity
and validity and as a test of whether perceived competence and apprehension toward AI
form one dimension or vary independently. We tested three predictions. We expected
the Greek MAILS to reproduce the original nine-factor structure across both samples (H1)
and its subscales to show acceptable internal consistency (H2). We also expected positive
attitudes toward AI to relate positively to the MAILS dimensions, and negative attitudes
to show weaker and less consistent associations (H3); a weak link for negative attitudes
would indicate that apprehension toward AI does not reduce to low perceived competence.

5. Methods
This cross-sectional study adapted the MAILS to the Greek educational context and

examined its psychometric properties in two independent samples. Following the cross-
validation logic of Worthington and Whittaker (2006), the first sample (Sample 1) was used
for exploratory factor analysis (EFA) and the second, independent sample (Sample 2) for
confirmatory factor analysis (CFA).

5.1. Participants

A total of 475 early childhood educators participated in the current study (Sample 1:
n = 133 and Sample y 2: n = 342) (see Table 1, which summarizes their demographic
characteristics). The first sample, used for EFA, consisted of 133 participants (Mage = 47.2,
SDage = 10.4, 81.2% were women). Regarding their education level, 10.6% had a high school
degree, 26.3% had a university degree, 58.6% had a postgraduate degree, and 4.5% had
a Ph.D. degree. Participants were recruited online via Google Forms, using university
mailing lists and professional teacher association networks across Greece.

Table 1. Demographic characteristics.

Sample 1 Sample 2 Total

n % n % n %

Gender
Male 25 18.8 17 5.0 42 8.8
Female 108 81.2 325 95.0 433 91.2

Education level
High School 14 10.6 41 12.0 55 11.5
Bachelor 35 26.3 141 41.2 176 37.1
Master 78 58.6 156 45.6 234 49.3
Ph.D. 6 4.5 4 1.2 10 2.1

M SD M SD M SD
Age 47.19 10.42 40.68 12.94 42.50 12.60
Teacher experience 17.46 10.57 13.74 10.94 14.78 10.95

Note. Sample 1: n = 133, Sample 2: n = 342, Total Sample: n = 475.
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The second sample, used for CFA, consisted of 342 participants. Of the respondents,
17 were male (5%), and 325 (95%) were female. Participants’ ages ranged from 18 to
65 (Mage = 40.7, SDage = 12.9). Regarding their education level, 12% had a high school
degree, 41.2% had a university degree, 45.6% had a postgraduate degree, and 1.2% had
a Ph.D. degree. This sample was recruited using the same procedure described above
for the first sample across Greece. It should be noted that the gender composition of
the two samples differs notably. Sample 1 comprised 81.2% women, while Sample 2
comprised 95% women. This imbalance should be interpreted within the context of the
teaching profession, which is highly feminized across Europe, particularly in pre-primary
and primary education, as well as in Greece (Eurostat, 2026; OECD, 2021). Moreover,
this demographic asymmetry may affect the comparability of factor structures across
samples. Therefore, formal measurement invariance testing across the two samples was
not conducted, which represents a limitation of the cross-validation design.

5.2. Measures

The Meta-AI Literacy Scale (MAILS; Carolus et al., 2023) is a 34-item self-report
measure designed to assess knowledge, awareness, and application competencies related
to AI technology. In the original development work (Carolus et al., 2023), the MAILS
resolved into nine first-order factors. Eight of these are organized conceptually under three
broader content areas, AI Literacy, AI Self-Efficacy, and AI Self-Competency, and a ninth,
Create AI, forms a separate construct that does not load on AI Literacy. Consistent with
the original validation, AI Self-Efficacy and AI Self-Competency are not nested within
AI Literacy but stand at the same level as it; the present study therefore models the nine
factors as correlated first-order factors rather than imposing a second-order structure (see
the confirmatory factor analysis and Figure 1). AI Literacy comprises eighteen items (e.g.,
“I can operate AI applications in everyday life”) that comprises four subscales: Use/Apply
AI (6 items), Know/Understand AI (6 items), Detect AI (3 items), and AI Ethics (3 items).
Create AI is a distinct construct and consists of four items (e.g., “I can design new AI
applications”). AI Self-Efficacy consists of six items (e.g., “I can rely on my skills”) that
comprise two subscales: AI Problem Solving (3 items) and Learning (3 items). Also, AI
Self-competency consists of six items (e.g., “I don’t let AI influence me in my everyday
decisions”) that comprise two subscales, namely, AI Persuasion Literacy (3 items) and AI
Emotion Regulation (3 items). Responses are reported on a 5-point Likert scale (1 = strongly
disagree to 5 = strongly agree). In this study, reliability, measured using McDonald’s omega
coefficient, ranged from 0.84 to 0.96 for all subscales.

The General Attitudes towards Artificial Intelligence Scale (GAAIS; Schepman &
Rodway, 2020) was used to capture participants’ attitudes toward AI for the purpose
of examining discriminant validity with the MAILS. The GAAIS consists of 20 items
that encompass two dimensions: Positive Attitudes toward AI (12 items, e.g., “Artificial
Intelligence is exciting.”) and Negative Attitudes toward AI (8 items, e.g., “I think Artificial
Intelligence is dangerous.”). Responses are reported on a 5-point Likert scale (1 = strongly
disagree to 5 = strongly agree). The negative-attitude items were reverse-scored in line with
the developers’ scoring instructions, so that higher scores on both GAAIS subscales indicate
more positive evaluations of AI. In particular, a higher score on the negative-attitude
subscale reflects a more forgiving attitude toward the drawbacks and risks of AI, rather
than stronger negativity. The ω coefficient for Positive Attitudes toward AI was 0.903 and
for Negative Attitudes toward AI was 0.901.
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Figure 1. Graphical representation and factor loadings of the model.

5.3. Procedures

Prior to adaptation, permission to translate and validate the MAILS in Greek was
formally requested from and granted by the original authors (Carolus et al., 2023). The
translation and cross-cultural adaptation process followed the guidelines proposed by
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Hambleton and Patsula (1999) and the standard techniques determined by the International
Test Commission (ITC, 2017). In the forward translation phase, three independent bilingual
translators with expertise in educational technology and psychology each produced a
separate Greek version of the original English instrument. The three translations were
subsequently compared, discrepancies were discussed among the research team, and a
consolidated Greek version was produced. This version was then independently back-
translated into English by three further bilingual translators who had no prior exposure
to the original scale. The back-translated versions were compared with the original to
identify any semantic shifts, and the Greek wording was revised where conceptual equiva-
lence was judged to be insufficient. Following translation reconciliation, an expert panel
of three specialists in educational technology and psychometrics reviewed all items for
clarity, cultural appropriateness, and content validity. Minor wording adjustments were
incorporated based on the panel’s feedback. A pilot study was subsequently conducted
with 30 participants representative of the target population to assess the comprehensibility
and practical applicability of the Greek version. Participants were asked to evaluate the
clarity of each item, and minor refinements were made before the final Greek version
was confirmed.

Data were collected online via Google Forms using a self-administered questionnaire.
Participants were recruited through convenience and snowball sampling, using university
mailing lists and professional networks across Greece. Participation was voluntary and
anonymous, and all respondents provided electronic informed consent prior to completing
the questionnaire. The study was conducted in accordance with the Declaration of Helsinki
and received ethical approval from the Ethics Committee of the University of Crete (Protocol
No. 664/18-02-2026).

5.4. Data Analyses

Following the cross-validation guidelines proposed by Worthington and Whittaker
(2006), the first sample was used to examine the underlying factors of the MAILS and to
develop the measurement model through exploratory factor analysis (EFA). Exploratory
factor analysis (EFA) identifies the underlying data structure, determines the number
of factors, and clarifies the relationships among observed variables. This method does
not impose a specific framework, enabling researchers to identify patterns in the data
(Fabrigar et al., 1999). This process also facilitates the removal or revision of poorly per-
forming items and ensures that each item contributes meaningfully to the scale (Field et al.,
2012). Recommendations for sample size in exploratory factor analysis are not fixed; the
adequacy of a given sample depends on conditions such as the size of the communalities
and how well each factor is determined by its items (MacCallum et al., 1999). Conducting
an EFA initially provides insights into the data structure, thereby supporting refinement of
the scale before further validation with confirmatory factor analysis (CFA).

Next, we used the second sample to assess whether the measurement model could
be generalized to new data through CFA (Hair et al., 2019). CFA tests hypothesized
relationships between observed variables and latent factors, enabling researchers to confirm
or reject the proposed model. This process evaluates psychometric properties, including
reliability, validity, factor loadings, measurement errors, and fit indices, to determine
whether the model accurately represents the data. Subsequently, the internal consistency of
the MAILS subscales and the item reliability were examined as indicators of measurement
quality at the scale and item levels, respectively.

The evaluation of the confirmatory factor analysis (CFA) models employed several
fit indices and criteria (Hu & Bentler, 1999; MacCallum et al., 1996). These included
the chi-square statistic, Comparative Fit Index (CFI) values greater than 0.90 or 0.95 to
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indicate acceptable or excellent fit, Standardized Root Mean Square Residual (SRMR) values
less than 0.05 or 0.08 to indicate good or acceptable fit, and Root Mean Square Error of
Approximation (RMSEA) values near 0.06 to indicate good fit. Given the sensitivity of
the chi-square statistic to sample size, greater emphasis was placed on the CFI, SRMR,
and RMSEA values (Kline, 2016). All analyses were conducted using the R statistical
environment (version 4.2.0; R Core Team, 2022).

Discriminant validity was assessed using two approaches. First, Pearson correlation
coefficients were estimated between the MAILS dimensions and the Attitudes toward AI
subscales (positive and negative) to evaluate their relationships with external constructs.
Second, internal discriminant validity among the MAILS latent dimensions was evaluated
using the heterotrait–monotrait ratio (HTMT), where values below 0.90 indicated acceptable
discriminant validity (Henseler et al., 2015). Convergent validity was also assessed using
the Average Variance Extracted (AVE), with values above 0.50 demonstrating that the latent
constructs accounted for more variance than measurement error (Fornell & Larcker, 1981).

6. Results
6.1. Preliminary Analyses

Descriptive statistics for all items in both samples were analyzed prior to factor
analysis. Means, standard deviations, skewness, and kurtosis were reviewed to evaluate
distributional properties and test normality assumptions. For Sample 1 (N = 133), skewness
ranged from −0.86 to 0.97 and kurtosis from −1.03 to 0.66. In Sample 2 (N = 342), skewness
values ranged from −0.90 to 0.64 and kurtosis values from −0.99 to 1.11. In both samples,
all skewness values were within ±1 and all kurtosis values within ±2, indicating no
substantial deviations from univariate normality (Finney & DiStefano, 2013).

6.2. Exploratory Factor Analysis with Sample 1

An exploratory factor analysis (EFA) was performed on Sample 1 (n = 133) using
maximum likelihood extraction and oblimin rotation, based on the theoretical expectation
of correlated dimensions. The factorability of the correlation matrix was supported by a
Kaiser–Meyer–Olkin (KMO) value of 0.941 and a significant Bartlett’s test of sphericity,
χ2(561) = 5184, p < 0.001. These indices speak to the suitability of the item intercorrelations
for factor analysis rather than to the sufficiency of the sample. Because the exploratory sam-
ple (n = 133) fell below the conventional 5–10 participants per item guideline (Tabachnick
et al., 2013), the EFA results should be interpreted with caution. Bartlett’s test of sphericity
was significant, χ2(561) = 5184, p < 0.001, confirming the data’s suitability for factor analysis.
Nine factors were extracted, consistent with the theoretical structure of the original MAILS
(Carolus et al., 2023), and visual inspection of the correlation matrix supported this solution.
This solution explained 80.6% of the total variance, with all item communalities exceeding
0.413 (see Table A1 in Appendix A). According to Tabachnick et al. (2013), factor loadings
of 0.45 are considered average, while values of 0.71 are ideal. No items in this study had
a factor loading below 0.32. Model fit indices indicated good fit (RMSEA = 0.050, 90% CI
[0.037, 0.063], TLI = 0.956), and each item loaded on its theoretically assigned factor (see
Table A1 in Appendix A), lending initial support to H1.

6.3. Confirmatory Factor Analysis with Sample 2

As the next step in the cross-validation process, a CFA was conducted on Sample 2 to
assess the structure identified by the EFA and supported by the MAILS theoretical frame-
work. A nine-factor correlated model was specified, with each factor including its theoreti-
cally relevant items. The analysis showed a satisfactory fit to the data (χ2(513) = 1128.57,
p < 0.001, CFI = 0.923, SRMR = 0.066, RMSEA = 0.059, CI 90% = [0.055, 0.063]). To im-
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prove fit, we added one correlated residual, between the error terms of items 5 and 6
(Nye, 2023). We reviewed the content of the two items before specifying this term: both
belong to the Use/Apply subscale of the AI Literacy dimension and express closely related
content, which supports allowing their residuals to correlate. We did not add any other
residual covariances. The results of the new CFA supported the adequacy of the nine-factor
correlated model, which demonstrated an acceptable fit to the data (χ2(512) = 1043.81,
p < 0.001, CFI = 0.933, TLI = 0.927, SRMR = 0.068, RMSEA = 0.055, CI 90% = [0.051, 0.059]).
Figure 1 provides a visual representation of the model and the factor loadings for each item.
Last, all correlations among the latent factors were positive and statistically significant,
ranging from 0.149 to 0.857. The highest inter-factor correlation was observed between
AI Literacy and AI Self-Efficacy (r = 0.857). Although this value approaches commonly
recommended thresholds for discriminant validity, the HTMT and AVE evidence reported
below indicates that the two constructs remained empirically distinguishable. We return to
the conceptual proximity of knowledge and confidence in the Discussion. Discriminant
validity was assessed using HTMT to further evaluate construct distinctiveness. For the
nine first-order MAILS subscales, HTMT values ranged from 0.107 to 0.812, remaining
below the conservative threshold of 0.90. At the broader construct level, the HTMT value
between AI Literacy and AI Self-Efficacy was 0.780, further supporting discriminant valid-
ity. Convergent validity was also confirmed by the AVE, with all latent variables exceeding
the recommended threshold of 0.50 (AVE range = 0.631–0.819) (Table 2). These results
demonstrate that, although some dimensions were strongly associated, they remained
empirically distinguishable.

Table 2. Internal consistency and convergent validity of the MAILS subscales.

Factors
Sample 1 Sample 2 Overall Item-Rest

Correlation
AVE

(Sample 2)α ω α ω α ω

1. Use/Apply AI 0.94 0.94 0.94 0.92 0.94 0.95 0.727
MAILS_01 0.81
MAILS_02 0.82
MAILS_03 0.82
MAILS_04 0.84
MAILS_05 0.82
MAILS_06 0.83

2. Know/Understand
AI 0.93 0.93 0.90 0.91 0.91 0.92 0.631

MAILS_07 0.76
MAILS_08 0.77
MAILS_09 0.82
MAILS_10 0.71
MAILS_11 0.75
MAILS_12 0.66

3. Detect 0.92 0.93 0.88 0.89 0.89 0.90 0.729
MAILS_13 0.77
MAILS_14 0.82
MAILS_15 0.72

4. Ethics 0.92 0.93 0.86 0.86 0.88 0.89 0.682
MAILS_16 0.73
MAILS_17 0.78
MAILS_18 0.70
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Table 2. Cont.

Factors
Sample 1 Sample 2 Overall Item-Rest

Correlation
AVE

(Sample 2)α ω α ω α ω

5. Create AI 0.94 0.95 0.93 0.94 0.94 0.94 0.801
MAILS_19 0.85
MAILS_20 0.90
MAILS_21 0.89
MAILS_22 0.75

6. AI Problem Solving 0.91 0.92 0.90 0.90 0.90 0.91 0.758
MAILS_23 0.79
MAILS_24 0.84
MAILS_25 0.77

7. Learning 0.95 0.95 0.92 0.93 0.93 0.94 0.819
MAILS_26 0.83
MAILS_27 0.88
MAILS_28 0.85

8. Persuasion literacy 0.83 0.84 0.85 0.86 0.85 0.86 0.684
MAILS_29 0.71
MAILS_30 0.81
MAILS_31 0.66

9. Emotion regulation 0.95 0.96 0.91 0.92 0.92 0.93 0.786
MAILS_32 0.78
MAILS_33 0.88
MAILS_34 0.80

Note. α = Cronbach’s alpha; ω = McDonald’s omega; AVE = Average Variance Extracted. AVE values are
reported for the confirmatory sample (Sample 2) and all exceeded the recommended threshold of 0.50, supporting
convergent validity. HTMT values across the nine first-order factors ranged from 0.107 to 0.812, remaining below
the conservative threshold of 0.90, thus supporting discriminant validity.

6.4. Assessment of Reliability and Measurement Quality

Building on the previous results and prior to examining the relationships between
the MAILS scale and a relevant external measure, the internal consistency of the MAILS
subscales was evaluated using Cronbach’s alpha and McDonald’s omega across three
samples: exploratory Sample 1, validation Sample 2, and the overall sample. As indicated
in Table 2, all factors exhibited acceptable reliability. No consistent issues with item
reliability were observed. In addition to internal consistency, convergent validity was
demonstrated by AVE estimates, all of which surpassed the recommended threshold of 0.50.
Discriminant validity was further confirmed through HTMT analyses, with all first-order
factor comparisons remaining below 0.90.

Figure 2 presents the Pearson correlation analysis results regarding the intercor-
relations among MAILS subscales. The correlation matrix indicated that all subscales
were positively intercorrelated, with coefficients ranging from small to strong magnitudes
(r = 0.11 to 0.73).

6.5. Relationship Between AI Literacy and AI Attitudes

Pearson correlation analyses were conducted to examine the relationships between
MAILS dimensions and attitudes toward AI. Positive Attitude toward AI showed signif-
icant positive associations with all MAILS dimensions except Persuasion Literacy, with
correlation coefficients ranging from 0.14 to 0.48 (Table 3). No significant association was
found between Positive Attitude and Persuasion Literacy (r = 0.01, p > 0.05). Regarding the
reverse-scored negative-attitude subscale, only a small positive correlation was found with
Use/Apply AI (r = 0.12, p < 0.05). These results support H3. Positive attitudes toward AI
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were related to most MAILS dimensions, whereas the associations of the reverse-scored
negative-attitude subscale were weak and, with the single exception of Use/Apply AI, non-
significant. In other words, educators’ perceived competence with AI bore little relation to
how tolerant they were of its drawbacks. Because both measures are self-reports collected
on a single occasion, this pattern is best read as a bivariate association, not as evidence that
competence and apprehension are independent constructs.

Figure 2. Pairwise correlation values of MAILS subscales.

Table 3. Descriptive statistics and correlations between MAILS subscales and Attitudes toward AI
subscales.

M SD 1 2 3 4 5 6 7 8 9 10

1. Use/Apply AI 3.59 0.801 —
2. Know/Understand AI 3.27 0.842 0.661 ** —
3. Detect 3.17 0.919 0.531 ** 0.726 ** —
4. Ethics 3.64 0.770 0.468 ** 0.638 ** 0.633 ** —
5. Create AI 2.19 0.993 0.334 ** 0.549 ** 0.497 ** 0.355 ** —
6. AI Problem Solving 2.80 1.002 0.521 ** 0.656 ** 0.574 ** 0.476 ** 0.627 ** —
7. Learning 2.90 0.957 0.543 ** 0.659 ** 0.576 ** 0.473 ** 0.576 ** 0.706 ** —
8. Persuasion Literacy 3.73 0.855 0.246 ** 0.337 ** 0.284 ** 0.518 ** 0.109 * 0.262 ** 0.256 ** —
9. Emotion Regulation 3.70 0.896 0.402 ** 0.455 ** 0.408 ** 0.577 ** 0.143 ** 0.356 ** 0.327 ** 0.626 ** —
10. Positive Attitude 3.33 0.631 0.483 ** 0.316 ** 0.212 ** 0.153 ** 0.287 ** 0.273 ** 0.394 ** 0.012 0.140 ** —
11. Negative Attitude
(reverse-scored) 2.93 0.752 0.117 * 0.015 0.025 0.081 0.035 0.038 0.090 −0.011 0.005 0.159 **

* p < 0.05, ** p < 0.01.

7. Discussion
This study examined whether the structure of the Meta-AI Literacy Scale could be

reproduced in a new context: Greek early childhood education and care. Across two
independent samples, the findings supported the original nine-factor structure and showed
satisfactory internal consistency across subscales. In practical terms, the factor structure was
replicated in a new linguistic and professional setting, so the Greek version of the MAILS
offers a usable starting point for studying perceived AI literacy in this group. The study
also adds to a still limited body of work on the cross-contextual use of AI literacy measures.
Most existing instruments have been developed and validated in the same setting in which
they were created. In that respect, the present findings matter not only because they
provide another validation, but because they test whether the nine-factor structure remains
intact when moved across language, sector, and professional culture, a portability the cross-
cultural measurement literature warns cannot be assumed (Boer et al., 2018; Vandenberg
& Lance, 2000). What the results show is that the factor structure held in a new setting,
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not that measurement is equivalent across the Greek and original versions. Establishing
equivalence would require formal tests of metric invariance (equal factor loadings) and
scalar invariance (equal item intercepts), and neither was conducted here. Score differences
between the two versions therefore cannot be interpreted. The study also did not estimate
test–retest reliability or predictive validity, and the exploratory sample was small for a
34-item instrument.

One notable finding was the weak relationship between negative attitudes toward
AI and the MAILS dimensions. This pattern does not support a simple view in which
reluctance toward AI reflects low perceived competence. In this sample, apprehension
toward AI appeared largely unrelated to perceived AI literacy. That interpretation should
be treated cautiously, however, because both constructs were measured by self-report at a
single time point. The findings therefore suggest that professional development may need
to address self-regulatory and attitudinal dimensions alongside technical and conceptual
knowledge, rather than assume that greater knowledge alone will reduce concern.

The strong association between AI Literacy and AI Self-Efficacy (r = 0.857) deserves
attention. The correlation concerns two latent first-order factors rather than observed
composite scores, and high as it is, the added validity analyses did not indicate redundancy.
HTMT values across the nine first-order factors ranged from 0.107 to 0.812, all below
the conservative 0.90 threshold, and the AVE of every factor exceeded the 0.50 criterion
(range = 0.631–0.819). The content-area HTMT of 0.780, reported above, stayed below the
threshold as well. We therefore do not read the two dimensions as measuring the same
thing, although their proximity invites interpretation. Part of the answer may lie in the
sample itself. ECEC educators have limited opportunities for direct AI use, and where
exposure is sparse, judgments of what one knows and confidence that one can cope are
formed by the same few encounters. The two may simply not yet have differentiated in
practice, and fuller exposure could loosen the coupling. Another part is theoretical, and the
instrument itself anticipates it. Bandura (1997) derives self-efficacy partly from mastery
experience, so perceived competence and efficacy beliefs are expected to overlap, and the
MAILS was constructed on this premise (Carolus et al., 2023). Whether the association
weakens in samples with more extensive AI experience is a question for future work. The
relevance of these findings for ECEC lies in a distinctive feature of the MAILS. Unlike
most AI literacy instruments, the MAILS treats AI Self-Efficacy and AI Self-Competency
as separate but related dimensions alongside cognitive AI Literacy, rather than as part of
it (Carolus et al., 2023). This reflects the idea that effective use of AI depends not only
on knowledge but also on confidence, persistence, and the ability to manage challenges
when using AI tools (Bandura, 1997). These capacities may be particularly important for
ECEC educators, who often have limited opportunities for AI training. In the present
study, the original nine-factor structure was replicated in a Greek ECEC sample, with only
one theoretically justified correlated residual (Items 5 and 6) added to improve model fit.
However, because measurement invariance was not examined, the stability of this structure
across different professional groups cannot be assumed. In addition, the MAILS is a self-
report instrument that measures perceived rather than actual AI literacy, and self-reported
competence may not always reflect observed performance (Lintner, 2024).

These results have a practical use for those who design professional development in
ECEC. Because the MAILS yields separate scores for the cognitive dimensions (Use/Apply,
Know/Understand, Detect, Ethics) and the self-regulatory ones (AI Self-Efficacy, AI Self-
Competency), a subscale profile locates the specific dimensions on which a group of educa-
tors scores low, instead of giving only a single overall figure. Two groups with the same
total score can differ in ways that matter for training: one may be low on Know/Understand
and adequate on AI Emotion Regulation, and another the reverse. A teacher educator
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or pedagogical coordinator could read these profiles at the group level and match the
form of support to the gap. Low scores on the cognitive subscales point to content-based
input, such as sessions on how generative models produce text or how to check AI output
for fabricated material. Low scores on AI Self-Efficacy or AI Emotion Regulation point
to a different need: structured practice, mentoring, and chances to work through failed
interactions with support.

This matters in ECEC because the main barrier to AI use in the sector is often dis-
comfort with tools that behave unpredictably, more than an absence of factual knowledge.
The profession’s training has centered on relational and developmental work, with limited
grounding in technical fields, so educators may understand what an AI system does and
still avoid it when a failed attempt produces frustration they have no support to manage.
Monitoring AI Self-Efficacy and AI Emotion Regulation alongside the cognitive subscales
would let providers see this pattern and respond to it with coaching and supported practice.
We present this as a possible use of the instrument, not as a tested outcome. The present
study did not examine whether MAILS profiles predict later uptake of AI tools or the
quality of their classroom use, and using the scale for planning would need to be checked
against behavioral data in future work.

Several limitations should be noted. First, the study relied on convenience sampling
and self-report data, which limits both representativeness and the interpretation of scores
as indicators of actual competence. Second, the exploratory sample (n = 133) was small
for a 34-item instrument by conventional participants-per-item standards, and its factor
solution should therefore be regarded as provisional. The later cross-validation in an
independent confirmatory sample strengthens confidence in the structure but does not
compensate for the small initial sample. Third, measurement invariance was not tested
across demographic groups or between the two validation samples. This limitation is
notable because the gender composition differed substantially between Sample 1 and
Sample 2. While the predominance of women generally reflects the demographic structure
of the teaching profession in Europe and Greece (Eurostat, 2026; OECD, 2021), these
combined demographic differences may have influenced the comparability and stability of
the estimated parameters. Furthermore, the relatively small number of male participants in
both samples restricted the feasibility of conducting stable multi-group invariance analyses
by gender. Future research should examine configural, metric, and scalar invariance
in larger and more demographically balanced samples before making stronger claims
regarding the cross-group or cross-sample generalisability of the Greek MAILS. Fourth, the
design was cross-sectional, so no conclusions can be drawn about score stability over time
or about causal relationships between AI literacy and attitudes. Finally, the study did not
examine whether MAILS scores predict external outcomes, such as better evaluation of
AI-generated content or more effective educational use of AI tools. These questions should
be addressed in future work.

The present study provides initial evidence that the nine first-order factors of the
MAILS re-emerge intact among Greek early childhood educators, with a single correlated
residual, justified on content grounds, as the only modification. This supports the use of
the instrument as a measure of perceived AI literacy in this context. What the evidence
establishes is that the same structure emerged in both samples, that the subscales were
highly reliable, and that the pattern of relations with attitudes toward AI was informative:
apprehension was not appreciably associated with perceived competence. Together these
findings suggest that AI literacy in ECEC involves not only knowledge-related but also self-
regulatory dimensions. Whether those self-regulatory dimensions shape how educators
actually engage with AI was not tested here. That question calls for more research with
behavioural and predictive outcomes. At the same time, the study should be read as an
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early validation step rather than a definitive measurement solution. The data do not show
whether MAILS scores capture enacted competence in real educational settings. Nor, in
the absence of invariance testing, do they establish that the scale is metrically or scalarly
equivalent across demographic subgroups or across language versions. Scores from the
Greek and original versions should therefore not be compared as though they were on the
same metric. For that reason, the main value of the study lies in establishing a plausible
empirical basis for further work on AI literacy measurement in ECEC, especially work that
combines self-report with behavioral and longitudinal evidence.
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Appendix A

Table A1. Pattern Matrix of the Exploratory Factor Analysis for the Greek Version of the MAILS.

Factor

1 2 3 4 5 6 7 8 9

MAILS_05_Use& Apply AI 0.863
MAILS_03_Use& Apply AI 0.800
MAILS_04_Use& Apply AI 0.750
MAILS_06_Use& Apply AI 0.746
MAILS_02_Use& Apply AI 0.704
MAILS_01_Use& Apply AI 0.529
MAILS_21_CreateAI 0.905
MAILS_19_CreateAI 0.903
MAILS_20_CreateAI 0.902
MAILS_22_CreateAI 0.580
MAILS_33_AI Emotion Regulation 0.985
MAILS_34_AI Emotion Regulation 0.852
MAILS_32_AI Emotion Regulation 0.738
MAILS_27_Learning 0.944
MAILS_28_Learning 0.796
MAILS_26_Learning 0.623
MAILS_09_Know/UnderstandAI 0.653
MAILS_08_Know/UnderstandAI 0.587
MAILS_11_Know/UnderstandAI 0.519
MAILS_07_Know/UnderstandAI 0.479
MAILS_10_Know/UnderstandAI 0.420
MAILS_12_Know/UnderstandAI 0.413
MAILS_23_AI Problem Solving 0.704
MAILS_24_AI Problem Solving 0.645
MAILS_25_AI Problem Solving 0.577
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Table A1. Cont.

Factor

1 2 3 4 5 6 7 8 9

MAILS_17_Ethics 0.800
MAILS_18_Ethics 0.473
MAILS_16_Ethics 0.469
MAILS_15_Detect 0.636
MAILS_14_Detect 0.556
MAILS_13_Detect 0.539
MAILS_31_Persuasion Literacy 0.521
MAILS_30_Persuasion Literacy 0.444
MAILS_29_Persuasion Literacy 0.415
SS loadings 4.522 3.581 4.034 3.708 3.007 2.551 2.603 2.477 0.980
Cumulative percentage of variance (%) 13.30 10.53 11.86 10.91 8.84 7.50 7.66 7.29 2.70

Note. Factors are ordered by magnitude of SS loadings as produced by the EFA solution and do not reflect the
theoretical sequence described in the original MAILS framework.
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