Turkish Online Journal of Distance Education-TOJDE October 2026 ISSN 1302-6488 Volume: 27 Number: 4 Article: 7

DEVELOPMENT OF THE EDUCATIONAL
ARTIFICIAL INTELLIGENCE USE CONCERNS SCALE

Dr. Erdem ERDOGDU

ORCID: 0000-0001-5083-7982
Open Education Faculty
Anadolu University

Eskisehir, TURKIYE

Dr. Mustafa DOGUS

ORCID: 0000-0001-7027-7388
Faculty of Education

Anadolu University

Eskisehir, TURKIYE

Dr. Gizem YILDIZ

ORCID: 0000-0003-2693-6264
Faculty of Education

Anadolu University

Eskisehir, TURKIYE

Dr. Yusuf Levent SAHIN

ORCID: 0000-0002-3261-9647
Faculty of Education

Anadolu University

Eskisehir, TURKIYE

Received: 09/03/2026 Accepted: 22/04/2026

ABSTRACT

The rapid proliferation of artificial intelligence (AI) tools in higher education has brought pedagogical
opportunities to the fore, but it has also made students’ affective responses, particularly concern related
to Al usage, more visible. The aim of this study is to develop the Educational Artificial Intelligence Use
Concerns Scale within the framework of the Technology Acceptance Model (TAM) and Al concern and
anxiety literature. The scale development process was conducted using the classical test theory approach and
included the following stages: item pool creation, content validity through expert opinion, exploratory factor
analysis (EFA), confirmatory factor analysis (CFA), and reliability-validity analyses. Data were collected
from higher education students enrolled at [name of university / universities] in [city, country] through
an online survey distributed via [institutional e-mail / classroom announcements / learning management
system / social media], and separate samples were used for EFA (n = 300) and CFA (n = 129). CFA results
yielded a two-factor structure, explaining 57.99% of the total variance. CFA findings revealed that the two-
factor structure showed acceptable/excellent fit (x?/df=1.88; CF1=.98; TLI=.98; RMSEA=.08; SRMR=.01).
The scale’s internal consistency was found to be high (total a = .90), and convergent validity was supported
by AVE values. The results indicate that the scale is a valid and reliable tool for measuring concerns related
to Al use in higher education contexts. The scale can contribute to studies explaining the acceptance and
integration of Al in education, particularly when used in conjunction with TAM variables, by examining the
role of affective determinants in technology acceptance processes.

Keywords: Artificial intelligence, concern, scale development, higher education, technology acceptance
model.
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INTRODUCTION

Artificial intelligence (Al) is defined as systems that mimic human-like learning, reasoning, and problem-
solving processes and has been creating rapid transformation in education, especially with generative Al
applications in recent years (Floridi & Cowls, 2022; Hwang et al., 2020). Intelligent teaching systems,
adaptive learning environments, and natural language generation tools offer pedagogical advantages such
as personalized learning, instant feedback, and data-driven decision-making (Chen et al., 2020; Zawacki-
Richter et al., 2019). However, the integration of technological innovations into education systems should
not be evaluated solely in the context of pedagogical efficiency. Individuals’ affective responses during the
adoption process of educational technologies, particularly perceptions of concern and uncertainty, play a
decisive role in the acceptance and sustainable use of technology (Venkatesh & Davis, 2000). The Technology
Acceptance Model (TAM) proposes that individuals’ intention to use a technology is determined by perceived
usefulness and perceived ease of use (Davis, 1989). However, later extended models show that affective
variables particularly concern and perceived risk have direct and indirect effects on perceived usefulness and
usage intention (Venkatesh, 2000; Venkatesh & Bala, 2008).

The literature indicates that technological innovations can cause concern in individuals. Concepts such as
computer concern, internet concern, and robot concern have been associated with uncertainty about new
technologies, loss of control, and weakened perceptions of competence (Chuo et al., 2011; Nomura et al.,
20006). Similarly, “Artificial Intelligence Anxiety” (Al Anxiety) is defined as an emotional response stemming
from uncertainty about the direction of Al development, a lack of understanding of its functions, and
concerns about its societal impacts (Johnson & Verdicchio, 2017; Wang & Wang, 2019; Terzi, 2020).

Concern in the context of artificial intelligence is not merely a situation stemming from a lack of technical
competence. Johnson and Verdicchio (2017) argue that concern towards artificial intelligence is related to
“sociotechnical blindness,” loss of control, and perceptions of uncertainty. The Artificial Intelligence Anxiety
model developed by Wang and Wang (2019) conceptualizes anxiety under the dimensions of learning, job
replacement, sociotechnical blindness, and Al configuration. Recent studies in the context of education show
that students experience epistemic uncertainty (uncertainty about the accuracy of information), perceived
ethical risks, and fear of cognitive dependency regarding Al use (Kasneci et al., 2023; Alnsour et al., 2025).

From a TAM perspective, concern towards Al can reduce its perceived usefulness and indirectly weaken the
intention to use it. Indeed, Celik and Donmez (2025) showed a negative relationship between Al attitude
and concern. This situation suggests that concern plays a key role in the acceptance of technology.

This study was based on the literature on Al anxiety. However, the wording of the item pool and the meaning
of the emerging factors pointed to a concept broader than anxiety. In addition to emotional reactions such as
fear and worry, the items also reflected epistemic uncertainty, ethical hesitations, lack of trust, and concerns
regarding control and data security. Therefore, in the final naming of the scale, the term “concern” was
preferred over “anxiety” because it more accurately represents the construct measured in the present study.

Recent studies in the context of higher education indicate that students’ attitudes and concerns regarding Al
use are generally moderate, but they express significant concerns, particularly regarding job displacement,
ethical violations, and information security (Alnsour et al., 2025; Celik & Donmez, 2025). However,
most of the existing studies consist of descriptive research examining attitudes and concerns together;
there appears to be a limited number of education-specific, theoretically grounded, and psychometrically
robust measurement tools for “Concerns about the Use of Artificial Intelligence in Education.” Although
adaptation studies conducted in Turkiye (e.g., Terzi, 2020) and scale development studies at the secondary
education level (Bebek et al., 2025) have made important contributions, there is still a need for scales
that comprehensively address the concern dimensions specific to the learning processes of higher education
students.
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Although there are studies on artificial intelligence literacy (Karaoglan Yilmaz & Yilmaz, 2023) and artificial
intelligence concern (Terzi, 2020) in the Turkish context, there is a limited number of original measurement
tools that theoretically ground Al usage concern specific to the learning processes of higher education
students and can be related to the TAM framework. Building on this gap, this study aims to develop the
Educational Artificial Intelligence Use Concerns Scale (EAIUCS) and examine the scale’s construct validity
and reliability. In this context, the study addresses Al concern not only as an effective response but also
as a structural variable that influences technology acceptance processes. The problem addressed by this
research is the level of concern towards the use of artificial intelligence in an educational context, focusing
on the structural dimensions under which concern is grouped and the psychometric characteristics of the
measurement tool to be developed. The aim of this research is to develop the EAIUCS and to test the scale’s
construct validity and reliability. This study aims to examine the validity and reliability of the EAIUCS
developed to determine users’ concern towards artificial intelligence.

RQ1. What is the factor structure of the EAIUCS developed for higher education students?
RQ2. Does the EAIUCS provide acceptable evidence of construct validity through exploratory and

confirmatory factor analyses?

RQ3. Does the EAIUCS provide acceptable evidence of reliability and convergent validity?

METHOD
Research Design

This study is a scale development study that aims to develop the EAIUCS and examine its psychometric
properties. The scale development process was conducted based on classical test theory and followed a
two-stage structure: (i) Revealing the structure with Exploratory Factor Analysis (EFA) and (ii) Testing the
structure in a different sample with Confirmatory Factor Analysis (CFA) (DeVellis, 2017; Worthington &
Whittaker, 2006). A new scale was developed using the survey model in the study. In scale development
studies, it is recommended that the factor structure be tested on independent samples (Brown, 2006; Kline,
2016). Accordingly, two separate data sets were used for EFA and CFA.

Researcher Positionality

The researchers were affiliated with the same institution as the participants; however, they were not students
enrolled in the authors” courses. The study was conducted with care to minimize any potential effects arising
from this institutional affiliation. Participation was voluntary and anonymous; no course credit or incentives
were offered, and an online format was used to reduce pressure on the participants.

Participants

Data were collected in two stages using convenience sampling for the Exploratory Factor Analysis (EFA) and
Confirmatory Factor Analysis (CFA) phases of the study. The participants were higher education students
enrolled at [name of university / universities] in [city, country]. They were reached through an online
survey distributed via [institutional e-mail / classroom announcements / learning management system /
social media]. Participation was voluntary. The literature suggests a minimum of 300 participants for EFA
(Thompson, 2004) and 100-200 participants for CFA (Kline, 2010). In this study, 300 participants were
included in the EFA stage, and 129 participants were included in the CFA stage. Table 1 presents the
demographic characteristics of the participants.
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Table 1. Demographic Information of Participants

EFA CFA

n % n %
Gender
Female 172 573 67 51,9
Male 128 42,7 62 48,1
Age Group
18-25 80 26,7 35 27,1
26-35 79 26,3 28 21,7
36-45 64 21,3 28 21,7
46-55 55 18,3 26 20,2
56+ 22 73 12 9,3
Total 300 100.0 129 100.0

Note. *p<.05, *p<.01

Conceptual and Operational Definition of Concern Regarding the Use of Artificial
Intelligence

Concern about the use of artificial intelligence in education are defined as a multidimensional affective state
characterized by cognitive uncertainty, epistemic insecurity, perceived ethical risks, and a sense of loss of
control experienced by students when interacting with Al-supported tools. Conceptually, this structure is
based on three fundamental theoretical frameworks:

1. Technology Acceptance Model (TAM) (Davis, 1989; Venkatesh & Davis, 2000),
2. 'The Artificial Intelligence Concern approach (Johnson & Verdicchio, 2017; Wang & Wang, 2019),
3. Epistemic uncertainty and perceived risk literature (Kasneci et al., 2023).

Within the TAM framework, concern is treated as an external variable that influences perceived usefulness
and perceived ease of use (Venkatesh, 2000). In the educational context, concern about Al use can shape
technology adoption processes by influencing students’ perceptions of the accuracy and pedagogical
appropriateness of Al-generated content. In this study, Al usage concern was operationalized under two
dimensions: (a) Concern Related to Learning Processes: Uncertainty and concern about the accuracy,
reliability, ethical appropriateness, and impact on learning of information generated by Al (b) Concerns
Related to Personal Use: Concern about not understanding how Al tools work, experiencing loss of control,
and concerns about the security of personal data. This structure was measured using a 5-point Likert scale (1
= Strongly disagree, 5 = Strongly agree); high scores indicate a high level of concern about Al use.

Scale Development Process

The development of the EAIUCS was carried out through a multi-stage and systematic process (DeVellis,
2017; Worthington & Whittaker, 2006). The process consists of the following stages: (1) Creation of the
item pool, (2) ensuring content validity through expert opinion, (3) pilot application, (4) item analysis
and scale refinement, (5) Exploratory Factor Analysis (EFA), (5) Confirmatory Factor Analysis (CFA), and
(6) reliability and validity analyses. When creating the item pool, the following studies were examined:
artificial intelligence concern literature (Wang & Wang, 2019), artificial intelligence applications in
education (Zawacki-Richter et al., 2019), the relationship between technology acceptance and concern
(Venkatesh, 2000), and studies on artificial intelligence ethics and risk perception (Floridi & Cowls, 2022)
were examined. As a result of this examination, a 24-item preliminary draft covering the themes of epistemic
uncertainty, ethical concerns, cognitive dependency, loss of control, and data security was created. Similar
and overlapping statements were removed to prepare a preliminary form consisting of 17 items.
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Data Collection Tool

During the development of the EAIUCS, a comprehensive literature review was first conducted, and
situations in which users experience concern were identified, particularly with the proliferation of generative
artificial intelligence. When creating the scale items, particular emphasis was placed on:

* Uncertainty regarding the accuracy of information,
* Ethical concerns,

* Concerns about cognitive dependency,

* Loss of control and lack of transparency,

* Concerns about personal data security.

These situations were appropriately expressed to create a pool of items, and a total of 17 statements were
included in the item pool. The prepared items were submitted to 8 academics who are experts in the
field, and linguistic and content adjustments were made in line with content validity. Based on expert
recommendations, the scale was organized as a five-point Likert scale (1 = Strongly disagree, 5 = Strongly
agree). The draft scale was distributed to users via Google Forms, and data was collected for EFA. At this
stage, three items (M2, M6, M11) were removed due to low factor loadings and confluence, and the scale
reached its final form with 14 items. Data was then collected again for CFA. In the final stage, the collected
data were analyzed using CFA, and the EAIUCS was developed as a valid and reliable measurement tool.

Data Collection Procedure

For the EFA and CFA stages, the draft scale was administered online using Google Forms. The survey link
was shared with students at [name of university / universities] in [city, country] via [institutional e-mail /
course instructors / classroom announcements / learning management system / social media groups]. Before
accessing the scale items, participants were informed about the purpose of the study, the voluntary nature of
participation, and the confidentiality of the data. Only students who provided informed consent proceeded
to the questionnaire. Separate datasets were collected for the EFA and CFA stages.

Data Analysis

In the first phase of the study, based on the relationships observed among the numerous variables (items
related to concerns about artificial intelligence use), EFA (Tabachnick & Fidell, 2012), a technique that
identifies a smaller number of latent (hidden) factors explaining these variables, was used. Before performing
EFA, the prerequisites for this analysis were examined. First, the Kaiser-Mayer-Olkin (KMO) test was used
to determine the adequacy of the sample size. The KMO value resulting from EFA was .906. This value is
above .90, indicating “excellent” sample adequacy (Huck, 2012). Then, the Bartlett sphericity test was used
to determine that the items were sufficiently correlated with each other to undergo EFA (p<001, Tabachnick
& Fidell, 2012). To determine the number of factors based on the EFA results, the factor eigenvalues were
examined, and the number of factors with eigenvalues above 1 was used as the basis (Field, 2009). The slope
plot and breakpoints were also used to determine the number of factors. The criteria considered in determining
the number of factors were eigenvalue > 1 (Kaiser criterion), slope plot, and total variance explained (Field,
2009). Item statistics were then examined; items with factor loadings below .40 and a critical value of .20
for the composite item were removed from the scale (Huck, 2012). It was accepted that the total variance
explained by the scale should be in the range of 40-60% in multi-factor structures (Buyukozturk, 2012).

In the second stage of the study, the suitability of the two-factor structure revealed by EFA was tested with CFA
on a second sample (Brown, 2006). Model fit was assessed using the x?/df, SRMR, RMSEA, NFI, TLI, and CFI
indices. The criteria of Hu and Bentler (1999), Sumer (2000), and Bentler & Bonnet (1980) were used in the
evaluation of the fit indices. In CFA, item loadings and Cronbach’s alpha coefficients, model fit values, and average
variance extracted (AVE) values were examined for reliability and validity at the item and measurement levels.
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Ethics

The study was conducted with the approval of the Ethics Committee of Anadolu University (6/11/2025,
protocol no: 955093). Participants were informed about the purpose of the study, the voluntary nature of
participation, their right to withdraw at any time, and the confidentiality and anonymity of their responses.
Informed consent was obtained electronically before participants proceeded to the questionnaire.

FINDINGS

Data was collected using 17 items from the item pool, and the data of 300 participants was analyzed using
EFA, revealing a two-factor structure related to artificial intelligence concern (Table 2). According to the EFA
results, the factor loading of the item “I do not believe that artificial intelligence will improve my learning
process” (M2) was found to be below .40. Furthermore, the items “I fear that using artificial intelligence
in my learning process will dull my thinking skills” (M6) and “The idea that using artificial intelligence
in education will make us lazy worries me” (M11) showed interdependence (<.20). Therefore, these three
items were excluded from the analysis. The EFA with 14 items yielded item loadings that ranged from .59
to .82. These loadings exceeded the recommended minimum threshold of .40, demonstrating that each item
adequately represented its corresponding factor. The items were distributed under two factors. The concern
factor related to the learning process explains 20.28% (<=.88) of the variance related to concern about using
artificial intelligence, while the concern factor related to personal use explains 27.71% (x=.87). Thus, the
total explained variance was calculated as 57.99% (x=.90). These values indicate high internal consistency.

Table 2. Factor Structure Created with EFA in EATUAS

Factors and Items Explained Variance (%) X SS Item Total r FacFor
Loadings
Concern related to learning processes (a=.88) 0?=20.28
M9. [ am not sure that the homework or educational content | produce with 318 111 76 82
artificial intelligence is correct. : ) ) :
M5. 1'am not confident about the accuracy of the information | obtain using
artificial intelligence in my classes and assignments. 314 115 69 82
M10. I am not confident about the adequacy of the homework or 320 145 67 73
educational content | produce using artificial intelligence. ) : ’ )
M7.1am concerned that artificial intelligence may produce misleading or 329 119 66 7
biased results when preparing content. ) : ’ )
M4. 1 am concerned that the use of artificial intelligence in classes (educational 206 130 64 68
materials, homework preparation, etc.) could lead to unethical behavior. ’ ’ ’ :
M1. I think that using artificial intelligence while preparing educational 243 123 59 68
materials or assignments during my studies will have a negative impact on me. : ’ ’ :
M3. Using artificial intelligence in the learning process makes me anxious. 250 1.24 .64 .67
Concerns related to personal use (x=.87) 0?=27.71
M13. Not knowing exactly how artificial intelligence works and how it makes
decisions worries me. 3.00 1.29 74 82
M12. I worry that | won't be able to keep up with the pace of artificial
intelligence development. 2.83 1.26 62 77
M14.The unpredictability of artificial intelligence’s responses worries me. 276 1.24 74 .76
M17.1am concerned that | cannot fully benefit from artificial intelligence
because | cannot control it. 292 1.28 29 72
M16. | am concerned that artificial intelligence will not take individual 208 129 65 66
differences (such as vision loss or hearing loss) into account. ’ ’ ’ ’
M15. I am concerned that artificial intelligence will collect information about 301 119 56 62
my personal details and characteristics. ) ) ’ :
M8. 1 am concerned about artificial intelligence becoming capable of 329 136 59 59

influencing human behavior.

Overall (x=.90) 0?=57.99
Note. *p<.05, *p<.01
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It was found that EFA and EAIUAS are two-factor measurement tools consisting of 14 items. To test whether
this structure provides valid and reliable measurement, CFA was performed in the second stage of the study.
Table 3 shows the item loadings, Cronbach’s alpha, and AVE values obtained because of CFA.

In Table 3, item loadings were first examined, and the results were found to be in the range of .90-.96
(>0.60). An AVE > .50 indicates that convergent validity is achieved (Hair et al., 2017). The internal
reliability coefficients for both factors were .98 (>0.70); the AVE values were calculated as .89 and .86,
respectively (>0.5). Therefore, the constructed structure provides a reliable measurement (Hair et al., 2017).
In addition, Table 4 shows the model fit values calculated for the scale.

Table 3. EAIUAS CFA Results

Factors Items Item loadings a AVE
M1 91
M3 93
M4 .95
gfgcceirsr;;elated to learning M5 95 08 89
M7 .96
M9 .95
M10 .96
M8 94
M12 .92
M13 .92
Concerns regarding personal use M14 .95 .98 .86
M15 92
M16 93
M17 .90

The model fit indices are x?/df = 1.88, SRMR = .01, RMSEA = .08, NFI = .96, TLI = .98, CFI = .98, with
all values being acceptable and most falling within the excellent fit range (Hu & Bentler, 1999). In particular,
the SRMR value of .01 indicates that the model error ratio is extremely low. Comparison of the fit values
presented in Table 4 with the reference and literature-recommended fit values shows that all fit values are
within the appropriate range. Consequently, it was concluded that the two-factor structure (14 items) of the
EAIUAS is a valid and reliable measurement tool.

Table 4. Model Fit Values

Fit index Critical value Observed fit value Source

x2/df 0< x2/df<5 1.88 Sumer (2000)

SRMR 0 <SRMR <0.08 0.01 Hu and Bentler (1999)
RMSEA 0 < RMSEA < 0.08 0.08 Sumer (2000)

NFI .90<NFlI<1 0.96 Bentler and Bonnet (1980)
TLI 90<TLI<1 0.98 Sumer (2000)

CFI .90<CFI<1 0.98 Hu and Bentler (1999)

Reliability and Convergent Validity (Cronbach’s alpha, CR, AVE)

The reliability and convergent validity of the scale were assessed using Cronbach’s alpha, composite reliability
(CR), and average variance explained (AVE) values. As shown in Table 5, the Cronbach’s alpha coefhicient
was .88 for the concern dimension related to learning processes, .87 for the concern dimension related
to personal use, and .90 for the total scale. These values indicate that the scale has a high level of internal
consistency.
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The composite reliability values were above the .70 threshold for both dimensions (CR=.94 and CR=.93).
Furthermore, the AVE values of .89 and .86, respectively, are well above the recommended threshold value of
.50, indicating that convergent validity of the dimensions is ensured (Hair et al., 2017). These findings reveal
that the scale exhibits strong psychometric properties in terms of both internal consistency and structural
integrity.

Table 5. Reliability and Convergent Validity Findings (CFA, n=129)

Dimension Number of Items Cronbach’s a CR AVE
Concern related to learning processes 7 .88 94 .89
Concerns related to personal use 7 .87 93 .86
Total Scale 14 .90 — —

Note: CR = Composite Reliability; AVE = Average Variance Explained. CR and AVE values were calculated based
on CEA results.

Discriminant Validity

Discriminant validity was assessed using the Fornell-Larcker criterion in Table 6. The correlation between
the dimensions of concern related to learning processes (AVE=.89; VAVE=.943) and concern related to
personal use (AVE=.86; VAVE=.927) is .967. Since the correlation between factors is higher than the VAVE
values for both dimensions, discriminant validity is not sufhiciently supported in the context of the Fornell-
Larcker criterion. This finding indicates that there is a very high overlap between the two dimensions.

Table 6. Fornell-Larcker Discriminant Validity Matrix (CFA, n=129)

Dimensions 1 2
1. Concern related to learning processes 0.943 0.967
2. Concern related to personal use 0.967 0.927

As a result of this research, the EAIUCS was developed as a valid and reliable measurement tool consisting of
two factors and 14 items. When EFA and CFA findings are evaluated together; construct validity is strong,
convergent validity is achieved, internal consistency coefficients are high, and model fit indices are at an
acceptable level. The findings indicate that concern related to the use of artificial intelligence is structured
in two main dimensions. These are (1) epistemic and ethical concerns related to learning processes and (2)
concerns about personal control, uncertainty, and data security. This scale is a psychometrically robust tool
that can be used in studies examining the psychological dimensions of artificial intelligence integration in
educational contexts.

DISCUSSIONS

The two-factor structure of the EAIUCS developed in this study (concern related to learning processes
and concern related to personal use) is theoretically consistent with the dimensions of artificial intelligence
concern defined in the literature. The concern related to learning processes dimension includes epistemic
uncertainty, ethical concern, and fear of cognitive dependency. The two-factor structure obtained in this
study concern related to learning processes and concern related to personal use is theoretically consistent with
the dimensions of Al concern defined in the literature. The concern related to learning processes dimension
includes epistemic uncertainty, ethical concern, and fear of cognitive dependency. This dimension parallels
studies showing that uncertainties regarding the accuracy, reliability, and pedagogical effects of generative
artificial intelligence cause concern in students (Alnsour et al., 2025; Kasneci et al., 2023; Halaweh, 2023).
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The present findings are also consistent with recent higher education research showing that students’
engagement with generative Al is marked by ambivalence rather than straightforward acceptance. On the
one hand, students recognize Al’s usefulness for academic support, language assistance, and efficiency; on the
other hand, they simultaneously report concerns about plagiarism, reduced critical thinking, overreliance,
and the ethical implications of delegating academic work to Al systems (Farhi et al., 2023; Kalnina et al.,
2024). This pattern helps explain why concern related to learning processes emerged as a salient dimension
in the present study. In educational settings, concern may arise not because students reject Al altogether, but
because they are uncertain about when Al use supports learning and when it undermines the integrity and
depth of learning.

The personal use concern dimension includes themes such as not understanding how Al works, losing control,
and data security concerns. This structure overlaps with the “sociotechnical blindness” and “Al configuration”
dimensions in Wang and Wang’s (2019) Al Concern model. Terzi’s (2020) Turkish adaptation study also
reveals similar sub-dimensions. When evaluated within the TAM framework, these two concern dimensions
have the potential to weaken perceived usefulness. Perceived usefulness is the belief that a technology will
enhance performance (Davis, 1989). If students are unsure about the accuracy or ethical consequences of Al,
perceived usefulness may decline. Similarly, concerns about loss of control and data security may negatively
affect perceived ease of use. In this context, EATUAS is a tool that can contribute to measuring the perceived

risk and concern variables included in the TAM and UTAUT models.

The dimension of concerns related to personal use can likewise be interpreted considering emerging evidence
on transparency, privacy, and governance deficits in higher education Al practices. Recent university-based
research has shown that both students and faculty express substantial concern about data privacy, limited
transparency of Al systems, and the risk that Al may constrain academic autonomy or reproduce inequities
(Marin et al., 2025). These concerns align closely with the present scale items referring to not understanding
how Al works, loss of control, unpredictability, and personal data security. Accordingly, the second factor
identified in this study appears to capture not only individual uncertainty, but also a broader institutional
trust problem surrounding Al integration in education

The total explained variance of 57.99% falls within the recommended range of 40-60% for multi-factor
scales and indicates that the structure has sufficient representativeness (Buyukozturk, 2012). The high factor
loadings (.90-.96) and fit indices (CFI=.98; TLI=.98; SRMR=.01) obtained in the CFA findings reveal
that the model shows strong fit with the data. This indicates that the scale has not only statistical but also
theoretical integrity.

Current literature indicates a negative relationship between positive attitudes toward artificial intelligence
and concern (Celik & Donmez, 2025). In this context, EAIUAS can be used in conjunction with the
technology acceptance model (TAM) or artificial intelligence literacy studies in the future to examine
the concern—attitude—acceptance relationships using a structural equation model. Testing the scale with
structural equation models in future studies may reveal the effect of artificial intelligence concern on perceived
usefulness, intention to use, and actual use. From a technology acceptance perspective, these findings suggest
that concern should be positioned as a meaningful antecedent that may shape both perceived usefulness and
perceived ease of use in Al-supported learning. When students experience uncertainty about the validity
of Al-generated information, the fairness of its use, or the safety of their personal data, they may become
less willing to see Al as educationally beneficial or easy to integrate into their own learning routines. In this
sense, the EAITUAS may function as an important complementary instrument for future structural models
examining the relationships among Al literacy, concern, trust, ethical perception, and intention to use. This
interpretation is also compatible with recent findings showing that students want stronger institutional
guidance, clearer policies, and more explicit support for responsible Al use in higher education.

Limitations and Recommendations

This research has some limitations. First, the sample consists of participants from a single university context,
which limits its generalizability. Future studies should analyze samples from different universities, different
disciplines, and with a balanced gender distribution.
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Second, the study has a cross-sectional design. Longitudinal studies could reveal how Al usage experience
changes concern levels. Third, the scale is based solely on self-reported data. Future research could use
behavioral data and experimental designs.

Recommendations for Future Research

The scale developed in this study showed a two-factor structure. Future research should test these
two factors using TAM variables (perceived usefulness, perceived ease of use, behavioral intention)
through structural equation modeling (SEM). In particular, the effect of concern related to learning
processes on perceived usefulness should be examined.

The total explained variance in the scale is 57.99%. Cross-validation analyses of the scale should be
conducted on different samples (different universities, disciplines, and cultural contexts). The cross-
cultural consistency of the structure should be tested.

The item loadings of the scale in CFA are in the range of .90-.96. In future studies, measurement
invariance should be tested using multi-group confirmatory factor analysis (MG-CFA).

The epistemic uncertainty dimension related to the learning process showed strong loadings. It should
be analyzed together with the variables of epistemic trust and academic self-efficacy.

The internal consistency coefficients of the scale are generally high, with a=.90. A short-form validation
study can be conducted for the scale. High reliability allows for the creation of a more economical
version by selecting items.

Themes of data security and loss of control emerged in the scale’s dimension related to concerns
about personal use. A structural model should be established in conjunction with artificial intelligence
ethical awareness scales.

Recommendations for Future Application

The theme of epistemic uncertainty is present in the scale’s concern factor related to learning processes.

niversities should organize critical artificial intelligence literacy workshops on “evaluating the
U ties should org tical artificial intellig literacy ksh g
accuracy of artificial intelligence outputs.”

The ethical concern items of the scale showed high loadings. University senates should publish an
artificial intelligence ethical use guide.

The theme of data security is included in the scale’s sub-dimension of concerns related to personal use.
Students should be provided with mandatory information about data security and privacy risks.

The scale’s items on loss of control and “not knowing how it works” carry high factor loadings. Basic
algorithm literacy modules explaining how artificial intelligence systems work should be integrated
into course curricula.

The two-factor structure of the scale explains 57.99% of the total variance. Universities should
consider the level of psychological readiness as well as technical infrastructure in artificial intelligence
integration.

In line with the scale’s high reliability coeflicients, it is recommended that universities conduct impact
assessments by measuring concern before and after implementation in their artificial intelligence
integration projects.

The scale’s concern dimension related to the learning process is strong. Guidance documents should
be prepared for academics; how artificial intelligence can be used safely and ethically in learning
processes should be explained.

Personal competence and mastery concern stand out in the scale’s sub-dimensions. Applied micro-
certificate programs on Al use should be launched for students.

The scale’s CFA fit indices are very high. The scale can be used to conduct risk mapping across the
university.
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* As a result of this research, concern has been structured into two separate dimensions. Intervention
programs should not be uniform; separate strategies should be developed for learning-focused concern
and personal security concern.

CONCLUSION

This study determined that the EAIUCS is a two factor, 14-item measurement tool that is psychometrically
robust. The scale can distinguish between epistemic and ethical anxieties related to learning processes and
anxieties based on personal control and security. The high internal consistency coefhicients, strong factor
loadings, and acceptable model fit indices obtained indicate that the scale can be used reliably in a higher
education context. Taken together, the findings indicate that educational Al concern is not a marginal
or purely negative reaction, but a psychologically and pedagogically meaningful construct reflecting how
students negotiate uncertainty in Al-mediated learning environments. The scale developed in this study may
therefore help researchers and institutions move beyond simplistic pro-Al versus anti-Al dichotomies by
identifying specific domains of concern that can be addressed through Al literacy training, ethical guidelines,
transparent communication, and pedagogically grounded implementation strategies.

EAIUAS allows for the evaluation of not only the technical but also the affective dimension of Al integration
in education. In this respect, the scale is an important measurement tool for both policy makers and
researchers.

Implications for Practice

The findings of this study show that the integration of artificial intelligence in education is related not only
to technical infrastructure but also to the emotional readiness level of students. Artificial intelligence literacy
and ethical use training should be widespread in universities. Guidance mechanisms should be established
to reduce students’ epistemic uncertainty. Data security and ethical frameworks should be clearly defined.
Education policies should include pedagogical support mechanisms aimed at reducing artificial intelligence
concern.
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