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Abstract
The widespread adoption of generative artificial intelligence (AI) in education and daily life necessitates a deeper understanding 
of students’ awareness and attitudes. However, there is a lack of appropriate and psychometrically validated tools to assess these 
constructs reliably. This study aimed to examine the validity and reliability of a newly developed scale measuring secondary 
school students' awareness of generative artificial intelligence in the Turkish context. This methodological study employed a 
cross-sectional, descriptive, and correlational design. The research was conducted with 444 secondary school students aged 
14–18. Data were collected using a Demographic Information Form and the Generative Artificial Intelligence Awareness 
Scale. The study followed a three-stage process in line with the STROBE checklist: (1) item development, (2) expert evalua-
tion for content validity, and (3) construct validity and reliability testing. Construct validity was assessed using Exploratory 
and Confirmatory Factor Analyses. Reliability was examined through Cronbach’s alpha, corrected item-total correlations, and 
split-half reliability analysis. EFA revealed a three-factor structure: Basic Knowledge of Generative Artificial Intelligence, 
Positive Attitudes Toward Generative Artificial Intelligence, and Concerns About the Impacts of Generative Artificial Intel-
ligence, explaining 54.29% of the total variance. CFA supported the model, yielding acceptable fit indices (χ2/df = 3.792, 
RMSEA = 0.056, GFI = 0.905, CFI = 0.927, TLI = 0.919), indicating good model fit. The Cronbach’s alpha for the total scale 
was 0.946, with subscale coefficients ranging from 0.822 to 0.925. Corrected item-total correlations ranged from 0.512 to 0.733. 
Split-half reliability for the first factor showed strong consistency (Spearman-Brown = 0.891, Guttman = 0.887, correlation 
between halves = 0.804). The findings demonstrate that the Turkish version of the generative artificial intelligenceawareness 
scale is a valid and reliable instrument for assessing students’ knowledge, attitudes, and concerns about generative AI.

What is Known:
• Generative artificial intelligence (GAI) technologies are increasingly used by adolescents in educational settings, yet their awareness, ethical 

understanding, and usage patterns remain underexplored.
• Existing measurement tools for AI literacy often target higher education students and lack specificity in assessing secondary school students' 

awareness of generative AI.
What is New:
• This study developed and psychometrically validated the first comprehensive scale to assess secondary school students’ awareness of genera-

tive AI, including knowledge, attitudes, and ethical concerns.
• The Generative Artificial Intelligence Awareness Scale (GAIAS) provides educators and policymakers with a reliable tool to evaluate and 

support adolescents’ digital and ethical preparedness in the age of generative AI.
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Introduction

Artificial intelligence (AI) technologies have led to pro-
found transformations in recent years across various 
domains, including education, healthcare, economics, and 
social life. These technologies have reshaped how individ-
uals access information, engage in learning processes, and 
interact socially [1, 2]. One of the most striking aspects 
of this transformation is the widespread adoption of gen-
erative artificial intelligence (GAI) systems, which oper-
ate based on advanced algorithms such as large language 
models (LLMs) [3, 4]. Tools like ChatGPT, DALL·E, and 
Copilot are leading innovative applications in education 
by supporting personalized learning, enhancing creative 
thinking, and facilitating content generation [5, 6].

Building upon these capabilities, GAI distinguishes 
itself through its ability to analyze student data, design 
personalized learning pathways, deliver real-time feed-
back, and provide cognitive support [7, 8]. However, 
despite these advantages, it also raises significant concerns 
regarding ethical use, information reliability, privacy, and 
academic integrity [9, 10]. Therefore, developing a com-
prehensive awareness of generative AI one that extends 
beyond technical proficiency to encompass ethical sen-
sitivity, critical thinking, and digital consciousness has 
become increasingly essential [11, 12].

A clear conceptual distinction between conventional 
artificial intelligence, generative artificial intelligence 
(GAI), and awareness of GAI is fundamental to establish-
ing such awareness. Conventional AI refers to systems 
designed for specific, often rule-based tasks such as clas-
sification or prediction, producing only predefined outputs 
[13–15]. In contrast, GAI exemplified by tools such as 
ChatGPT and DALL·E can generate novel outputs (e.g., 
text, images, audio, or code) from learned data, introduc-
ing new dimensions of creativity, personalization, and 
user interaction. These distinctive capabilities also present 
unique pedagogical, ethical, and cognitive challenges not 
typically encountered with conventional AI [16, 17].

Importantly, GAI awareness should not be conflated 
with the technology itself. It refers to users’ understand-
ing, perceptions, and ability to engage responsibly with 
generative systems, including their knowledge of function-
alities, ethical implications, and broader societal impact. 
While GAI is a technological capability, GAI awareness 
represents a human-centered psychological construct [18]. 
Conventional AI and GAI differ mainly in their ability 
to generate new content, with GAI offering broader crea-
tive and practical applications. Consequently, a dedicated 

measurement tool is needed to address GAI’s unique 
impacts. This distinction is essential for both research and 
practice. The development of tools such as the Generative 
Artificial Intelligence Awareness Scale (GAIAS) is there-
fore warranted, as existing AI literacy instruments fail to 
capture the multifaceted nature of GAI particularly its 
ethical, creative, and user experience dimensions [19, 20].

In this context, awareness of generative AI can be defined 
as a multidimensional construct encompassing individuals’ 
levels of knowledge about these technologies, usage habits, 
understanding of ethical and social responsibility, and per-
ceptions of their future impact [13, 14]. Importantly, young 
individuals'interactions with these technologies directly 
influence their ethical decision-making, self-regulation, 
and critical thinking abilities [15, 21]. While the academic 
literature has begun to explore the integration of GAI into 
higher education, empirical research focusing on secondary 
school students remains limited [22, 23]. This is especially 
noteworthy given that adolescence represents a crucial 
developmental stage in which digital literacy and ethical 
responsibility begin to take shape.

Indeed, secondary school students are active users of GAI 
tools such as ChatGPT for preparing assignments, generating 
creative content, and sharing digital outputs on social media. In 
doing so, they take on roles not only as consumers but also as 
content producers [15, 24]. A systematic review by Zhang and 
Tur (2024) confirms this trend, noting that ChatGPT supports 
curriculum design, content creation, and personalized learn-
ing in K–12 education. At the same time, however, the review 
also highlights significant ethical and pedagogical challenges 
that accompany the use of such tools [25]. Complementing 
these findings, a social media content analysis by Mogavi 
et al. (2024) revealed that ChatGPT is most commonly used 
in higher education, K–12 education, and practical skills train-
ing with a usage rate of 22.09% reported at the K–12 level [26].

Recent research highlights that secondary school students 
show considerable variation in their levels of knowledge, eth-
ical sensitivity, and usage patterns related to generative AI 
tools [27, 28]. While students often favor these tools for their 
speed and convenience, they may overlook their pedagogical 
and ethical implications. Ng et al. (2024) emphasized that 
students’ cognitive, affective, behavioral, and ethical aware-
ness of AI develops at different rates and must be supported 
holistically to foster responsible use [29]. Some students tend 
to perceive generative AI merely as a functional tool, which 
may risk diminishing critical thinking abilities over time [30]. 
Thus, effective integration of generative AI into educational 
settings requires not only technical competence but also ethi-
cal literacy and cognitive awareness [31].
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These findings underscore the urgent need for a valid and 
reliable instrument specifically designed to assess secondary 
school students'awareness of generative AI. Despite the increas-
ing attention to AI literacy, the literature reveals a noticeable 
scarcity of tools that address the ethical, pedagogical, and con-
ceptual aspects of generative AI in an integrated manner [32, 
33]. For example, while the AI Literacy Concept Inventory by 
Zhang et al. (2024) identifies students’ conceptual misunder-
standings about AI, it does not fully meet the need for instru-
ments that target the specific dimensions of generative AI [33].

Furthermore, although several existing scales meas-
ure AI literacy or attitudes toward AI, most of them are 
intended for university students or adult populations, and 
they often emphasize general AI knowledge rather than the 
unique characteristics of generative AI, such as ethical con-
cerns, creative use, or personalized learning pathways [34]. 
Additionally, many of these tools are not developmentally 
appropriate for adolescents in terms of language, content, 
or contextual relevance [25]. To date, no psychometrically 
validated tool has been identified that comprehensively 
assesses generative AI awareness among adolescents aged 
14–18 through a multidimensional framework.

To address this gap, the present study developed the GAIAS, 
specifically designed to evaluate secondary school students’ 
basic knowledge, usage patterns, ethical and social concerns, 
and perceptions of generative AI’s impact. As the first validated 
scale of its kind in Türkiye targeting this age group, GAIAS 
offers a valuable contribution to the literature and provides edu-
cators and policymakers with a practical tool to support adoles-
cents’ digital literacy, ethical decision-making, and responsible 
engagement with emerging AI technologies [29, 34].

Methods and materials

Study Design

This methodological study was conducted using a cross-sec-
tional, descriptive, and correlational design (internal analysis 
of the relationships between subscale scores and the total score) 
to develop the Awareness of Generative Artificial Intelligence 
Scale for Secondary School Students and to evaluate its psy-
chometric properties. The study adhered to the EQUATOR 
guidelines and was reported in line with the STROBE checklist.

Study Sample

This study was conducted with secondary school students 
aged 14–18 years enrolled in four secondary education insti-
tutions located in Türkiye, between April and June 2025. 
In scale development studies, it is generally recommended 
to recruit at least five to ten participants per item to ensure 

robust factor analysis [35]. Sample size classifications sug-
gest that fewer than 100 participants are insufficient, 100–200 
are sufficient, 200–500 are good, 500–1000 are very good, 
and over 1000 are considered excellent [36]. Accordingly, we 
aim to reach a very good sample size between 500 and 1000, 
and this study was conducted with 888 secondary school stu-
dents who met the inclusion criteria and volunteered to par-
ticipate. The study included two distinct samples for the EFA 
(n = 444) and CFA (n = 444) analyses. For the EFA sample, 
the mean age was 15.87 years (SD = 1.09), with 208 females 
(46.8%) and 236 males (53.2%). Regarding grade distribu-
tion, 10.4% were in 9th grade, 30.4% in 10th grade, 26.6% in 
11th grade, and 26.8% in 12th grade. In the CFA sample, the 
mean age was slightly higher at 16.01 years (SD = 1.24), with 
266 females (59.9%) and 178 males (40.1%). Class distribu-
tion was similar: 10.6% in 9th grade, 29.6% in 10th grade, 
25.7% in 11th grade, and 23.3% in 12th grade.

A preliminary group of 60 students was randomly invited 
from the main sample to participate in the test–retest reli-
ability analysis. Participants were informed that the scale 
would be administered twice, two weeks apart, and those 
who volunteered for both sessions were included in the 
test–retest group. The pilot study was conducted with a total 
of 60 participants. The mean age of the participants was 
16.47 years (SD = 1.31), with an age range of 14 to 18 years. 
In terms of gender distribution, 36 participants (60.0%) were 
female and 24 (40.0%) were male. These descriptive statis-
tics provided preliminary insights into the appropriateness 
and clarity of the scale items prior to conducting the main 
analyses. Class distribution was 20% in 9th grade, 30% in 
10th grade, 24% in 11th grade, and 26% in 12th grade.

The inclusion criteria for participation were as follows: (a) 
being aged between 14 and 18 years, (b) having the ability 
to comprehend and respond to the questionnaire items, (c) 
providing written informed consent (and parental consent 
where applicable), and (d) voluntarily agreeing to participate. 
Exclusion criteria included (a) refusal to participate, (b) pres-
ence of communication barriers, (c) known cognitive impair-
ments, and (d) significant reading or writing difficulties.

To assess test–retest reliability, the scale was re-admin-
istered to a subgroup of 60 students with similar charac-
teristics to the target population two weeks after the initial 
administration.

Data Collection Tools

Personal Information Form

This form was prepared by the researchers to determine the 
demographic characteristics of students, such as age, gender, 
and grade level.
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Generative Artificial Intelligence Awareness Scale

A comprehensive literature review was conducted to assess 
awareness of generative artificial intelligence, based on 
which a practical scale was developed. The scale com-
prises 27 items. The scale is based on a 5-point Likert scale 
(1 = Strongly disagree to 5 = Strongly agree). The total score 
ranges from 27 to 135, with higher scores indicating greater 
awareness of generative artificial intelligence. Mean scores 
near 5 reflect high awareness, around 3 suggest moderate 
awareness, and near 1 indicate low awareness. The total 
score ranges from 27 to 135, with higher total and subdimen-
sion mean scores indicating greater awareness of generative 
artificial intelligence among students. The scale includes 
three theoretically grounded subdimensions:

Basic Knowledge of Generative Artificial Intelligence: 
This subdimension assesses students’ cognitive under-
standing of key concepts, tools, and capabilities related 
to generative AI, reflecting their informational awareness.
Positive Attitudes Toward Generative Artificial Intel-
ligence: This subdimension captures students’ affective 
responses and perceived benefits of generative AI in edu-
cational and societal contexts, including openness, per-
ceived usefulness, and excitement.
Concerns About the Impacts of Generative Artificial 
Intelligence: This dimension addresses cognitive and 
emotional apprehensions related to ethical dilemmas, 
misinformation, dependence, and potential negative 
effects of AI tools on learning and psychological devel-
opment.

Data Collection Procedure

Phase 1: Development of Item Pool

According to DeVellis and Thorpe (2021), item devel-
opment should be grounded in the extent to which each 
item accurately reflects the construct being measured and 
should be informed by both theoretical understanding and 
empirical evidence. In the development of the draft ver-
sion of the Awareness of Generative Artificial Intelligence 
Scale for Secondary School Students, an extensive litera-
ture review was conducted using international databases 
including PubMed, Cochrane, CINAHL, Embase, MED-
LINE, and PsycINFO. The literature search focused on 
themes related to generative artificial intelligence, digital 
literacy, AI in education, student perceptions of emerging 
technologies, and ethical concerns. Keywords used in the 
review included “generative artificial intelligence,” “AI 
awareness,” “student perception,” “technology in educa-
tion,” “AI ethics,” “digital competence,” and “second-
ary school students.” Informed by the literature and the 

research team’s experience in psychometric scale develop-
ment and digital education, an initial pool of 34 items was 
generated. These items were designed to reflect students’ 
basic knowledge of generative AI, their attitudes toward 
its use, and their concerns about its ethical and societal 
implications. The items were constructed using a 5-point 
Likert-type scale ranging from 1 ("strongly disagree") to 
5 ("strongly agree"). A 5-point Likert scale was selected 
based on its balance between measurement sensitivity and 
respondent ease of use. It is commonly used in educational 
and psychological assessments and is particularly appro-
priate for adolescents, offering clarity and reduced cogni-
tive load while allowing sufficient response variability. In 
designing the items, negatively worded or reverse-coded 
statements were intentionally avoided. This decision was 
based on evidence suggesting that such items may cause 
confusion, increase cognitive load, and lead to inconsistent 
responses, particularly among adolescent populations. The 
goal was to ensure linguistic clarity and response accuracy 
for secondary school students.

Phase 2: Assessing Content Validity

Evaluation by Expert Opinions

In this phase, the initial 34-item draft of the Awareness 
of Generative Artificial Intelligence Scale for Secondary 
School Students was evaluated by a panel of 10 experts 
with academic backgrounds in educational technology, 
psychometrics, and digital literacy. The experts were 
asked to assess each item based on four criteria: content 
relevance, scope, clarity, and appropriateness of wording. 
Each item was rated using a 4-point scale: 1 = not appro-
priate, 2 = item needs substantial revision, 3 = appropriate 
but needs minor changes, and 4 = very appropriate based 
on the Polit and Beck technique.

Content validity of the scale was evaluated through 
expert judgment using the Davis method, which involves 
the calculation of both the Item-Level Content Valid-
ity Index (I-CVI) and the Scale-Level Content Validity 
Index (S-CVI) [37]. According to the literature, an I-CVI 
value of 0.80 or higher is typically considered sufficient 
to demonstrate consensus among experts regarding item 
relevance [31, 33]. In the current study, both the I-CVI and 
S-CVI were found to be 0.99, reflecting a very high level 
of expert agreement and indicating that the items were 
deemed highly appropriate for measuring the intended 
construct. Based on expert feedback, content revisions 
were made to several items to enhance clarity and rele-
vance. A total of 7 items were removed due to redundancy 
or conceptual overlap, resulting in a refined scale of 27 
items for the next stage of analysis.
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Preliminary Test Phase

In accordance with established recommendations in the lit-
erature, a preliminary test was conducted to assess the read-
ability, linguistic clarity, and comprehensibility of the draft 
scale prior to its implementation in the main study [35, 36]. 
This stage involved 60 secondary school students who met 
the inclusion criteria but were not included in the primary 
study sample to avoid potential bias. Following the expert 
validation phase, the revised 27-item version of the Aware-
ness of Generative Artificial Intelligence Scale for Second-
ary School Students was administered face-to-face by the 
researchers. Participants were invited to evaluate the clar-
ity of item phrasing and the comprehensibility of response 
categories. Feedback obtained during this stage informed 
minor revisions to the wording of certain items to enhance 
interpretability. No additions or deletions were made to the 
item pool at this stage. The finalized version of the scale, 
incorporating these minor modifications, was subsequently 
employed in the main validation study.

Phase 3: Evaluation of the Validity and Reliability 
of the Scale

Content validity refers to the degree of agreement among 
experts regarding whether the items adequately represent the 
construct being measured [35, 37]. Content validity was pre-
viously established through expert evaluation and calculated 
using I-CVI and S-CVI indices. To assess construct validity, 
both Exploratory Factor Analysis (EFA) and Confirmatory 
Factor Analysis (CFA) were conducted. Prior to factor analy-
sis, the suitability of the data was confirmed by calculat-
ing the Kaiser–Meyer–Olkin (KMO) measure of sampling 
adequacy and performing Bartlett’s Test of Sphericity [34, 
35]. For the CFA, multiple fit indices were used to evalu-
ate model adequacy, including Chi-square (χ2), degrees of 
freedom (df), the χ2/df ratio, Root Mean Square Error of 
Approximation (RMSEA), Comparative Fit Index (CFI), 
Incremental Fit Index (IFI), Tucker–Lewis Index (TLI), and 
Goodness of Fit Index (GFI). Threshold values of ≥ 0.90 for 
CFI, IFI, TLI, and GFI, and ≤ 0.08 for RMSEA were con-
sidered acceptable indicators of model fit [38].

The reliability of the scale was assessed through multiple 
methods. Internal consistency was evaluated using Cron-
bach’s alpha coefficient. Corrected item-total score correla-
tions were also calculated to assess the contribution of each 
item to the total scale score.

EFA and CFA were conducted using split samples 
derived from a single dataset. The total sample (N = 888) 
was randomly divided into two independent subsamples 
(n = 444 each), with one used for EFA and the other for CFA. 
This approach ensured internal cross-validation while main-
taining statistical independence between the two analyses. 

Split-half reliability was assessed by calculating Cronbach’s 
alpha for the first and second halves of the scale, and the 
consistency between the two halves was examined using the 
Spearman-Brown and Guttman split-half coefficients [35].

Hotelling’s T2 test was employed to examine response 
bias, while the temporal stability of the scale was assessed 
via test–retest reliability. For this, the scale was re-adminis-
tered to a subsample of 60 participants two weeks after the 
initial administration. Pearson correlation coefficients were 
computed for both the test–retest analysis and the item-total 
score analysis to establish measurement invariance and reli-
ability over time.

Data Collection

The data collection process was conducted through face-to-
face survey administration between April and June 2025, 
during the Spring semester of the 2024–2025 academic year. 
Data were collected from secondary school students who 
voluntarily agreed to participate and had obtained written 
parental consent. A total of 1,050 students were invited, and 
888 students completed the questionnaire in full, resulting 
in a participation rate of 84.6%. At the beginning of the 
questionnaire, two separate consent items were presented 
to verify the participation agreement of both the students 
and their parents. Only those who confirmed consent were 
permitted to proceed to the main items of the scale. The sur-
veys were administered in classrooms in a collective setting. 
Prior to distribution, the researcher introduced the purpose 
of the study, read the instructions aloud, and emphasized 
the importance of responding carefully and honestly. Stu-
dents completed the questionnaires individually during class 
time, and all completed forms were collected directly by the 
researcher at the end of the session.

Ethical Considerations

Ethical approval for the study was obtained from the Scientific 
Research and Publication Ethics Committee of Artvin Çoruh 
University (Approval No: E-18457941–050.99–171,843). 
Additionally, permission to conduct the research in schools 
was granted by the Provincial Directorate of National Educa-
tion (Approval No: MEB.TT.2025.022666.01). The study was 
conducted in accordance with the ethical principles outlined 
in the Declaration of Helsinki. Written informed consent was 
obtained from both the students and their parents. At the begin-
ning of the questionnaire, participants were asked to confirm 
consent before proceeding. Participation was voluntary, and 
students had the right to withdraw from the study at any time 
without penalty. All data were collected anonymously, and no 
personally identifiable information was recorded. Completed 
surveys were stored securely on password-protected computers 
accessible only to the research team. In line with institutional 
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and ethical guidelines, the data will be retained for five years 
and then permanently deleted.

Data Analysis

All statistical analyses were performed using IBM SPSS 
Statistics version 28.0 and AMOS version 24.0 soft-
ware. Descriptive statistics were computed to summarize 
participants'sociodemographic information, including means 
and standard deviations. Content validity was assessed by 
calculating the Item-Level Content Validity Index (I-CVI) 
and Scale-Level Content Validity Index (S-CVI), follow-
ing expert evaluations using the Polit and Beck technique. 
For construct validity, the sample was randomly divided 
into two independent subsamples. The first subset was sub-
jected to EFA, while the second was used for CFA. EFA 
was conducted using principal axis factoring with varimax 
rotation to explore the underlying factor structure of the 
scale. Varimax rotation was applied under the assumption 
that the underlying factors are relatively independent. This 
orthogonal rotation technique was preferred to enhance the 
interpretability and simplicity of the factor structure. The 
Varimax method aims to maximize high and low factor load-
ings, meaning that the correlations between observed vari-
ables and extracted factors tend to approach values close to 
1 or 0. By minimizing mid-range loadings, the technique 
improves conceptual clarity by making it easier to determine 
which items are most strongly associated with which fac-
tors. This is particularly useful in early-stage scale develop-
ment when the goal is to obtain a clear and distinct factor 
solution. The appropriateness of the data for factor analysis 
was verified using the KMO measure of sampling adequacy 
and Bartlett’s Test of Sphericity. Subsequently, CFA was 
employed to validate the factor structure revealed by EFA. 
The model’s goodness-of-fit was evaluated using several 
indices: chi-square (χ2), degrees of freedom (df), χ2/df ratio, 
Root Mean Square Error of Approximation (RMSEA), GFI, 
RFI, CFI, IFI, NFI, and TLI. The internal consistency of the 
scale and its subdimensions was examined using Cronbach’s 
alpha coefficient. In addition, split-half reliability was cal-
culated to provide further evidence of the scale’s stability. 
To investigate potential response bias, Hotelling’s T2 test 
was utilized. The level of statistical significance was set at 
p < 0.05 for all analyses, and all tests were interpreted within 
a 95% confidence interval.

Results

Content Validity

Prior to the pilot implementation of the scale, a content 
analysis of the items and the overall scale was conducted 

based on feedback from 10 experts. The Item-Level Content 
Validity Index (I-CVI) and the Scale-Level Content Valid-
ity Index (S-CVI) were calculated as 0.99, demonstrating 
high consistency in expert evaluations. According to the 
literature, an I-CVI or S-CVI value above 0.80 is gener-
ally considered acceptable. In this study, both values were 
calculated as 0.99, indicating excellent expert agreement on 
item relevance.

Construct Validity

In the study, the Kaiser–Meyer–Olkin (KMO) value was 
found to be 0.963, and Bartlett’s test of sphericity was sta-
tistically significant (χ2 = 12,253.632, df = 351, p < 0.001), 
indicating that the data were suitable for factor analysis 
(Table 1). Exploratory Factor Analysis (EFA) conducted 
on responses from 444 participants revealed a three-factor 
structure that explained 54.29% of the total variance. The 
first factor accounted for 41.996% of the variance, the sec-
ond factor explained 6.873%, and the third factor contributed 
5.421% to the total variance (Table 1). The decision to retain 
three factors was based on the Kaiser criterion (eigenval-
ues greater than 1) and further supported by the scree plot, 
which indicated a clear point of inflection after the third 
factor.As shown in the scree plot (Fig. 1), the point of inflec-
tion occurred after the third factor, supporting the retention 
of a three-factor structure. This result is consistent with the 
eigenvalues greater than 1 criterion and further confirms the 
construct validity of the scale.

The Pearson correlation coefficients revealed statistically 
significant positive relationships among the three subdimen-
sions of the scale (p < 0.001). Specifically, the correlation 
between Factor 1 (Basic Knowledge of Generative Artificial 
Intelligence) and Factor 2 (Positive Attitudes Toward Gen-
erative Artificial Intelligence) was r = 0.692, between Factor 
1 and Factor 3 (Concerns About the Impacts of Generative 
Artificial Intelligence) was r = 0.670, and between Factor 2 
and Factor 3 was r = 0.632. These moderate to strong inter-
factor correlations indicate that while the subdimensions are 
conceptually distinct, they are meaningfully related, support-
ing the multidimensional yet cohesive structure of the scale.

During the EFA, items with cross-loadings were 
reviewed. Only items with a primary loading ≥ 0.40 and 
a minimum difference of 0.20 between the highest and 
next loading were retained. This ensured that all items 
in the final model loaded clearly on a single factor with 
no significant cross-loading. The factor loadings for the 
items ranged from 0.458 to 0.795 in the first factor (Basic 
Knowledge of Generative Artificial Intelligence), 0.478 
to 0.805 in the second factor (Positive Attitudes Toward 
Generative Artificial Intelligence), and 0.457 to 0.685 in 
the third factor (Concerns About the Impacts of Genera-
tive Artificial Intelligence), indicating moderate to strong 
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item-factor associations. These findings support the mul-
tidimensional construct of the scale and provide robust 
evidence of its construct validity in measuring perceptions 
of generative artificial intelligence (see Table 1).

Confirmatory Factor Analysis

CFA was conducted to verify the three-factor structure pre-
viously identified through EFA. The results demonstrated 

Table 1   Results of the exploratory factor analysis (n = 444)

KMO = 0.963, Bartlett's Test of Sphericity = 12,253.632, df = 351, p < 0.001, Total extraction variance = 54.29%
KMO : Kaiser−Meyer Olkin coefficient

Factor 1 Factor 2 Factor 3

Item 1 I can explain what generative artificial intelligence is in my own words 0.668
Item 2 I am familiar with generative AI tools (such as ChatGPT, Gemini, DeepSeek, Grok, 

etc.)
0.786

Item 3 I know what kinds of tasks generative AI tools can perform 0.795
Item 4 I have an understanding of how generative AI tools can be used in different areas (e.g., 

education, content creation, daily life)
0.791

Item 5 I have used at least one generative AI application at least once 0.681
Item 6 I use generative AI tools for various purposes (e.g., gathering information, generating 

text, summarizing)
0.618

Item 7 I know the steps to follow when using generative AI tools 0.674
Item 8 I am aware of ethical issues such as copyright and plagiarism when using generative 

AI tools
0.458

Item 9 I know that generative AI algorithms can sometimes produce biased or inaccurate 
information

0.571

Item 10 I know that information I share when using generative AI tools should be kept confi-
dential

0.556

Item 11 I am aware that the misuse of generative AI (e.g., creating fake news) can lead to seri-
ous societal problems

0.534

Item 12 I feel confident in learning and using generative AI tools 0.513
Item 13 I enjoy learning about generative artificial intelligence technologies 0.588
Item 14 The opportunities provided by generative AI tools excite me 0.678
Item 15 I have a generally positive attitude toward generative artificial intelligence 0.478
Item 16 I believe generative artificial intelligence will improve our lives overall 0.525
Item 17 I would like to use generative AI tools in my classes to better understand the topics 0.552
Item 18 I am eager to learn more about generative AI on my own 0.805
Item 19 I would actively participate in a project or club related to generative AI if it were avail-

able at school
0.762

Item 20 I believe gaining generative AI skills can enhance my academic success or creativity 0.604
Item 21 I would like to see more space dedicated to generative AI education in the school cur-

riculum
0.629

Item 22 I am concerned that generative artificial intelligence may lead to the disappearance of 
certain professions in the future

0.685

Item 23 I believe that developments in the field of generative artificial intelligence could 
impact the career path I choose in the future

0.589

Item 24 I think generative AI technologies are driving significant changes in society 0.676
Item 25 Generative artificial intelligence may alter the ways people communicate and interact 

with one another
0.672

Item 26 Generative artificial intelligence could negatively affect society in areas such as educa-
tion and healthcare

0.457

Item 27 I am concerned that generative artificial intelligence may lead to the disappearance of 
certain professions in the future

0.657

Eigenvalues 11.339 1.856 1.464
Explained variance (%) 41.99% 6.873% 5.421%
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an acceptable to good fit of the model to the data (Fig. 2). 
The chi-square value (χ2) was 1194.547 with 315 degrees of 
freedom, resulting in a χ2/df ratio of 3.792, which is within 
acceptable limits for model fit. The RMSEA was calculated 
as 0.056, with a 90% confidence interval of [0.053, 0.060], 
indicating a good model fit. According to conventional crite-
ria, RMSEA values below 0.06 suggest a good fit, and values 
below 0.08 are considered acceptable. Additional model fit 
indices further supported the adequacy of the three-factor 
model. The GFI was 0.905, the RFI was 0.893, and the IFI 
was 0.927. Moreover, the CFI and the TLI were 0.927 and 
0.919, respectively, while the NFI was 0.904. All of these 
values exceed the commonly accepted threshold of 0.90, 
indicating that the three-factor model demonstrated strong 
construct validity and a satisfactory fit to the observed data 
(see Table 2).

Reliability Analysis

The reliability of the scale was assessed using Cronbach’s 
alpha coefficient and corrected item-total score correlation 
analyses. The overall Cronbach’s alpha for the entire scale 
was calculated as 0.946, indicating excellent internal con-
sistency. Subscale reliability values were also high, with 
Cronbach’s alpha coefficients of 0.925 for Basic Knowledge 
of Generative Artificial Intelligence, 0.885 for Positive Atti-
tudes Toward Generative Artificial Intelligence, and 0.822 
for Concerns About the Impacts of Generative Artificial 
Intelligence.

Corrected item-total score correlation coefficients ranged 
from 0.512 to 0.733, demonstrating moderate to strong rela-
tionships between each item and the total score of its cor-
responding subscale. All values exceeded the commonly 
accepted threshold of 0.30, supporting the internal consist-
ency and reliability of each item within its designated factor 
(see Table 3).

To further assess the internal consistency of the instru-
ment, a split-half reliability analysis was conducted for the 
entire 27-item scale. The Cronbach’s alpha coefficient was 
0.920 for the first half and 0.888 for the second half. The 
Spearman–Brown coefficient was calculated as 0.891, while 
the Guttman split-half coefficient was 0.887. The correlation 
between the two halves was 0.804, indicating a high level 
of internal consistency for the overall scale (see Table 4).

The overall Cronbach’s alpha value for the entire scale 
was 0.946, demonstrating excellent internal consistency. 
Subscale reliability coefficients were also high: 0.925 for 
the first factor (Basic Knowledge of Generative Artificial 
Intelligence), 0.885 for the second factor (Positive Attitudes 
Toward Generative Artificial Intelligence), and 0.822 for the 
third factor (Concerns About the Impacts of Generative Arti-
ficial Intelligence). These findings provide robust evidence 
for the reliability of the scale and its subdimensions in meas-
uring perceptions related to generative artificial intelligence 
(see Table 4).

Hotelling's T2 test was employed to examine the pres-
ence of potential response bias within the scale. The analysis 
yielded a Hotelling’s T2 value of 944.177, corresponding to 

Fig. 1   Scree Plot Displaying the Eigenvalues of the Extracted Components
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an F-value of 35.291 and a statistically significant p-value 
(p < 0.001). These findings indicate substantial multivari-
ate differences among item responses, thereby supporting 
the scale’s capacity to discriminate effectively between par-
ticipants and confirming the absence of uniform response 
patterns.

Discussion

The application areas of GAI are rapidly expanding, offer-
ing significant opportunities, particularly in the field of 
education. To benefit effectively from this technology, stu-
dents’ level of knowledge, attitudes, and ethical awareness 

regarding generative AI is of critical importance. It is espe-
cially necessary to assess the awareness levels of secondary 
school students, who are introduced to digital tools at an 
early age, toward this technology. Accordingly, the present 
study aims to develop a valid and reliable measurement tool 
to assess generative AI awareness among secondary school 
students.

Content validity refers to the extent to which the items in 
a measurement tool accurately represent the targeted con-
ceptual construct [35]. In this regard, the appropriateness 
of the item pool created by the researchers was reviewed by 
a panel of experts. The literature suggests that a minimum 
agreement rate of 80% at the item level (I-CVI) and the scale 
level (S-CVI) is considered acceptable for ensuring content 

Fig. 2   Path diagram and factor loads of the three-factor models of the scale

Table 2   Model fit indices of the 
scale (n = 444)

a: Degree of Free; b: Root Mean Square Error of Approximation; c: Goodness of Fit Index; d: Relative Fit 
Index; e: Incremental Fit Index; f: The comparative fit index; g: Normed Fit Index, H:TLI (NFI): Trucker−
Lewis Index

X2 DFa X2/DF RMSEAb GFIc RFId IFIe CFIf NFIg TLIh

Three factor model 1194.547 315 3.792 0.056 0.905 0.893 0.927 0.927 0.904 0.919
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validity [39, 40]. In this study, the final version of the scale, 
revised based on expert evaluations, consisted of 27 items, 
and both the I-CVI and S-CVI values were calculated as 
0.99. These high values indicate that the scale items clearly 
and accurately represent the intended conceptual construct 
and confirm the content validity of the scale.

The second stage of validity analysis involves evaluating 
construct validity. Construct validity is the process of assess-
ing the extent to which a measurement tool accurately rep-
resents the theoretical construct it aims to measure [41, 42]. 

In scale development research, this is commonly assessed 
through EFA and CFA. Prior to conducting these analyses, 
it is crucial to determine the adequacy of the dataset for 
factor analysis. The KMO coefficient serves this purpose, 
indicating sampling adequacy. According to established 
guidelines, KMO values in the range of 0.90–1.00 reflect 
excellent suitability; 0.80–0.89 very good; 0.70–0.79 accept-
able; 0.60–0.69 marginal; and 0.50–0.59 poor [43]. In this 
study, the KMO value was found to be 0.963, indicating that 
the sample was highly suitable for analysis. Additionally, the 
significant p-value (p < 0.005) obtained from Bartlett’s test 
of sphericity confirmed that the variables were sufficiently 
correlated and that the dataset was appropriate for factor 
analysis [38]. All these findings support the suitability of the 
dataset for factor analysis within the scope of this research.

EFA is used to determine the factor structure of a scale [44]. 
According to the scale development literature, explaining 40% 
to 60% of the total variance is generally considered an accept-
able level of explanatory power [45]. In the present study, the 
factor loadings of the items in the three subdimensions ranged 
from 0.458 to 0.795, and the total variance explained was 
within the acceptable limits indicated in the literature.

Following the EFA, CFA was performed to verify the fac-
tor structure of the scale, and model fit indices were exam-
ined [46]. Various threshold values for CFA fit indices are 
recommended in the literature. For example, Konan et al. 
(2015) stated that a χ2/df ratio below 5, and CFI, NNFI, 
and AGFI values above 0.90 indicate strong model fit, while 
CFI ≥ 0.85 and AGFI ≥ 0.80 reflect acceptable fit [47]. Wong 
et al. (2012) considered χ2/df ratios between 2 and 5 as indi-
cators of good fit and defined an RMSEA value close to 0.06 
as good and values near 0.00 as excellent [48]. For GFI and 
CFI, values ≥ 0.90 are minimally acceptable, ≥ 0.95 indicate 
good fit, and values approaching 1.00 reflect ideal fit. In this 
study, the obtained fit indices aligned with these criteria, 
indicating that the model provided an overall adequate fit.

Based on the obtained fit indices, the three-factor struc-
ture of the scale was validated, and the model demonstrated 
construct validity. The reliability of a measurement tool 
refers to its ability to produce consistent results under the 
same conditions [49, 50]. Two key indicators are commonly 
used in reliability assessments: consistency over time (sta-
bility) and internal consistency of items. To test stability, 
it is recommended to re-administer the instrument after a 
certain period [51]. The literature suggests that a correlation 

Table 3   Results of the reliability analyses of the scale and correla-
tions of the item total score (444)

Total Cronbach Alpha (α) Value = 0.946

Items Cronbach
α

Mean ± SD Corrected item-
total score correla-
tion

1 Factor 1 = 0.925 3.38 ± 0.97 0.562
2 4.08 ± 1.02 0.716
3 3.90 ± 0.97 0.706
4 4.01 ± 0.96 0.718
5 4.24 ± 1.06 0.695
6 4.01 ± 1.03 0.688
7 3.69 ± 0.99 0.676
8 3.60 ± 1.06 0.587
9 3.84 ± 1.03 0.625
10 3.95 ± 1.04 0.733
11 4.04 ± 1.05 0.676
12 3.77 ± 0.98 0.682
13 Factor 2 = 0.885 3.70 ± 1.07 0.684
14 3.63 ± 1.06 0.655
15 3.68 ± 0.98 0.659
16 3.62 ± 1.04 0.691
17 3.83 ± 1.07 0.654
18 3.50 ± 1.04 0.668
19 3.29 ± 1.08 0.630
20 3.60 ± 1.02 0.512
21 3.55 ± 1.08 0.653
22 Factor 3 = 0.822 3.71 ± 1.06 0.534
23 3.55 ± 1.07 0.527
24 3.82 ± 1.03 0.671
25 3.77 ± 1.01 0.634
26 3.92 ± 1.01 0.698
27 3.69 ± 1.04 0.559

Table 4   Results of reliability analysis of scale and subdimensions (n = 888)

Subdimensions Cronbach α Split into two halves

First half Cronbach α Second half Cronbach 
α

Spearman‐Brown Guttman split‐half Correlation between 
two halves

Total scale 0.946 0.920 0.888 0.891 0.887 0.804
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coefficient of at least 0.70 is considered acceptable for 
test–retest reliability [52, 53].

To assess the stability of the scale over time, it was re-
administered to the same sample following a two-week inter-
val. Pearson correlation analysis was employed to examine 
the relationship between the two sets of scores. The results 
demonstrated that the scale produces stable and consistent 
outcomes across time points, thereby confirming its temporal 
reliability and its ability to reflect the underlying construct. 
In addition, internal consistency was evaluated by analysing 
the correlations between each item and the total score. The 
analysis yielded a high Cronbach’s alpha coefficient for the 
entire scale, indicating strong internal reliability and sup-
porting the scale’s robustness as a psychometric instrument.

In addition to demonstrating the scale’s strong psycho-
metric properties, this study makes several important the-
oretical and practical contributions to the field. First, the 
GAIAS responds to a pressing gap in the literature by offer-
ing a comprehensive tool specifically designed for secondary 
school students, a demographic increasingly exposed to gen-
erative AI tools but underrepresented in empirical research. 
Unlike general AI literacy scales that tend to focus on func-
tional knowledge or are tailored to university populations 
[34], GAIAS captures the multidimensional nature of gen-
erative AI awareness, including students’ basic knowledge, 
affective orientations, and ethical concerns.

The development of this scale is particularly timely, given 
the growing emphasis on students’ preparedness for AI-inte-
grated learning environments. As emphasized by Ng et al. 
(2024), fostering ethical, cognitive, and behavioural readi-
ness in adolescents is essential for promoting responsible 
engagement with generative technologies [29]. The three-
factor structure of GAIAS aligns with contemporary frame-
works of AI literacy and digital agency [14, 54], and may 
serve as a foundation for future longitudinal studies explor-
ing how awareness evolves across developmental stages.

Moreover, the scale has direct implications for educa-
tional practice. Educators and policymakers can use GAIAS 
to assess students’ readiness, identify potential misconcep-
tions, and design targeted interventions that strengthen digi-
tal literacy and ethical reasoning in the context of generative 
AI. For instance, students who demonstrate high levels of 
technical familiarity but low ethical awareness could benefit 
from curriculum components emphasizing responsible use, 
academic integrity, and data privacy [11, 21].

Finally, this study contributes to the broader discourse 
on the psychological and social implications of AI. In light 
of recent findings that link increased AI usage to concerns 
such as reduced self-regulation and heightened anxiety [55, 
56], the scale developed here enables the early identifica-
tion of students at risk of cognitive overload or ethical dis-
engagement. As such, GAIAS offers a valuable measure-
ment framework for scholars and practitioners seeking to 

understand and shape the next generation’s relationship with 
generative technologies.

In conclusion, understanding the impact of generative 
artificial intelligence technologies in education requires a 
reliable assessment of students'knowledge, attitudes, and 
awareness regarding these technologies. The scale devel-
oped in this study not only possesses valid and reliable psy-
chometric properties but also enables early identification of 
students'psychosocial perceptions and potential cognitive-
technological challenges related to generative AI. As empha-
sized in the literature, it is critically important to recognize 
issues such as anxiety, stress, and uncertainty arising from 
technological transformations, particularly among children 
and adolescents, in a timely manner to ensure academic suc-
cess and social adaptation [55, 56]. In this regard, the Gen-
erative Artificial Intelligence Awareness Scale provides a 
scientifically grounded means of assessing the potential psy-
chosocial impacts of students’ interactions with the digital 
world and contributes meaningfully to the academic literature.

Limitations and future studies

Although this study aimed to develop a valid and reliable 
scale to assess secondary school students’ awareness of GAI, 
it has several noteworthy limitations that also present oppor-
tunities for further research.

First, the sample was limited to students aged 14–18 
from four secondary education institutions in Türkiye. This 
poses constraints on the generalizability of the findings to 
other educational systems, technological infrastructures, and 
sociocultural contexts. While the current study mentions the 
importance of cross-cultural validation, future studies should 
go further by identifying which specific cultural dimensions 
such as public discourse around AI ethics, national digital 
education policies, or collective vs. individualistic learning 
styles may affect students’ awareness and engagement with 
GAI tools. For instance, students from countries with high 
levels of AI integration in education may exhibit different 
patterns of awareness than those in low-resource or low-
exposure settings.

Second, although the scale was developed in Turkish and 
showed strong psychometric properties, its applicability to 
broader populations requires linguistic and cultural adapta-
tion. Future studies should undertake rigorous translation 
and back-translation processes, followed by measurement 
invariance testing in other languages such as English, Span-
ish, or Mandarin. This will ensure the semantic, concep-
tual, and functional equivalence of the scale across diverse 
populations.

Third, the present study focused primarily on cognitive 
and attitudinal components of awareness (i.e., knowledge, 
positive attitude, concern). However, affective and social 
dimensions such as emotional regulation, peer influence, 
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and collaborative decision-making—were not explicitly 
incorporated. The literature increasingly acknowledges that 
awareness of emerging technologies like GAI is not formed 
in isolation but is influenced by socio-emotional interac-
tions and contextual learning environments [53, 54]. There-
fore, future research could extend this work by integrating 
perspectives from social cognitive theory and sociocultural 
theory, exploring how social modeling, peer norms, and 
cultural narratives shape adolescents’ ethical reasoning and 
technological engagement.

Fourth, although the need for “more comprehensive mod-
els” was acknowledged, the current recommendations for 
future studies remain abstract. We recommend that future 
researchers employ mixed-methods designs to capture both 
quantitative and qualitative nuances of GAI awareness; lon-
gitudinal studies to examine how awareness evolves over time 
with increased exposure; and multidimensional scaling or 
network analysis to explore the interplay between cognitive, 
emotional, and behavioral variables in GAI use. Furthermore, 
new subdimensions such as privacy concerns, fear of surveil-
lance, or AI dependency could be tested in relation to stu-
dents’ psychological well-being and academic performance.

Lastly, while Hotelling’s T2 test was used to examine 
potential response bias, it should be noted that the test 
assumes multivariate normality, which may not strictly hold 
with Likert-type data. This limitation is acknowledged, and 
the primary purpose of the analysis was to identify system-
atic response patterns.

By addressing these limitations and extending the con-
ceptual scope, future studies can refine the measurement of 
GAI awareness and contribute to the development of ethi-
cally grounded, culturally responsive, and developmentally 
appropriate educational strategies in the age of generative AI.

Conclusion

This study aimed to develop a psychometrically sound and 
developmentally appropriate instrument to assess GAI 
awareness among secondary school students. Given the lim-
ited number of validated tools that address GAI awareness 
particularly within adolescent populations this research fills 
a critical gap in the literature. Unlike general AI literacy 
or digital literacy scales, the GAIAS specifically captures 
dimensions unique to generative AI, such as creative engage-
ment, ethical concerns, and usage behavior, thereby con-
tributing to the theoretical and empirical differentiation of 
GAI-related constructs.

The academic significance of this study lies not only in the 
development of a new measurement tool but also in its poten-
tial to support future interdisciplinary research on adolescents’ 
cognitive, ethical, and behavioral responses to emerging AI 

technologies. The scale offers a framework for understanding 
how students engage with GAI in ways that are distinct from 
traditional AI systems, paving the way for more targeted inves-
tigations into digital ethics, responsible AI use, and human–AI 
interaction.

From a policy and educational standpoint, the scale pro-
vides actionable insights for curriculum designers, educa-
tors, and decision-makers. For example, the GAIAS can be 
integrated into digital literacy education modules to evaluate 
students'readiness for AI enhanced learning environments. It 
can also inform the development of classroom-based interven-
tions that promote ethical reasoning and critical thinking in 
AI usage, particularly in subjects such as computer science, 
citizenship education, and media literacy.

In sum, the GAIAS offers a timely and contextually relevant 
tool for both researchers and practitioners. As GAI tools con-
tinue to shape the digital landscape of education, assessing 
and nurturing awareness among younger learners becomes 
essential for fostering not just technological competence but 
also ethical responsibility and informed participation in AI-
driven societies.
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