
International Journal of Human–Computer Interaction

ISSN: 1044-7318 (Print) 1532-7590 (Online) Journal homepage: www.tandfonline.com/journals/hihc20

Turkish Adaptation of the AI Self-Efficacy Scale: A
Psychometric Evaluation

Zeynep Aca, Umut Solmaz & Orhan Koçak

To cite this article: Zeynep Aca, Umut Solmaz & Orhan Koçak (29 Sep 2025): Turkish
Adaptation of the AI Self-Efficacy Scale: A Psychometric Evaluation, International Journal of
Human–Computer Interaction, DOI: 10.1080/10447318.2025.2558027

To link to this article:  https://doi.org/10.1080/10447318.2025.2558027

Published online: 29 Sep 2025.

Submit your article to this journal 

View related articles 

View Crossmark data

Full Terms & Conditions of access and use can be found at
https://www.tandfonline.com/action/journalInformation?journalCode=hihc20

https://www.tandfonline.com/journals/hihc20?src=pdf
https://www.tandfonline.com/action/showCitFormats?doi=10.1080/10447318.2025.2558027
https://doi.org/10.1080/10447318.2025.2558027
https://www.tandfonline.com/action/authorSubmission?journalCode=hihc20&show=instructions&src=pdf
https://www.tandfonline.com/action/authorSubmission?journalCode=hihc20&show=instructions&src=pdf
https://www.tandfonline.com/doi/mlt/10.1080/10447318.2025.2558027?src=pdf
https://www.tandfonline.com/doi/mlt/10.1080/10447318.2025.2558027?src=pdf
http://crossmark.crossref.org/dialog/?doi=10.1080/10447318.2025.2558027&domain=pdf&date_stamp=29%20Sep%202025
http://crossmark.crossref.org/dialog/?doi=10.1080/10447318.2025.2558027&domain=pdf&date_stamp=29%20Sep%202025
https://www.tandfonline.com/action/journalInformation?journalCode=hihc20


Turkish Adaptation of the AI Self-Efficacy Scale: A Psychometric
Evaluation

Zeynep Acaa , Umut Solmazb and Orhan Koçakc
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ABSTRACT
This study aimed to examine the validity and reliability of the Turkish version of the
Artificial Intelligence Self-Efficacy Scale, which assesses individuals’ self-efficacy in
using AI technologies. The sample included 532 active AI users over the age of 18 in
Turkey in 2024. Linguistic and content validity analyses were conducted, followed by
exploratory and confirmatory factor analyses to determine construct validity. In the
exploratory factor analysis, the reliability coefficient was found to be 0.925, and no
items were removed. In the confirmatory factor analysis, three items were excluded to
improve model fit. The resulting 19-item scale showed acceptable fit indices: RMSEA
¼ 0.066, NFI ¼ 0.927, SRMR ¼ 0.041, RFI ¼ 0.912, GFI ¼ 0.903, TLI ¼ 0.948, CFI ¼
0.958, and v2/df¼ 2.284. The test-retest and internal consistency results supported the
scale’s reliability. The findings indicate that the Turkish version is a valid and reliable
tool for measuring AI self-efficacy among adult users.

KEYWORDS
Artificial ıntelligence; self-
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1. Introduction

The term “artificial intelligence” (AI) refers to systems that utilise technologies such as algorithms,
machine learning, sensory feedback systems, and automation to perform only the functions for which
they are programmed (Russell & Norvig, 2016; Thierer et al., 2017). As a subfield of computer sci-
ence, AI aims to transform machines into entities capable of imitating human cognitive processes
and acting intelligently (Brynjolfsson & McAfee, 2014). In this process, computers, robots, or soft-
ware are designed to emulate human thought patterns by being endowed with the ability to think
intelligently (Moore, 2019).

The advent AI has precipitated a paradigm shift, heralding a new era characterised by technological,
industrial and social transformation. This transformative technology has exerted profound and far-
reaching impacts on various domains, including educational transformation, economic development,
social progress, and the international political and economic landscape (UNESCO, 2021). AI, which is
becoming ubiquitous, has become an indispensable component of business models across various sec-
tors, including healthcare, education, public administration, strategic planning, and the criminal justice
system (Dwivedi et al., 2021; King & Grudin, 2016). The integration of AI into various industries has
become imperative due to technological advancements, thereby necessitating adaptation and adoption
(Wang et al., 2023; Morales-Garc�ıa et al., 2024).

In order to successfully implement new technologies, it is essential to identify the factors that influ-
ence users’ decisions to accept or reject technology (Hasan, 2006; Latikka et al., 2019; Venkatesh, 2000).
Individual factors such as perception and familiarity with technology have been demonstrated to play a
crucial role in technology adoption (Agarwal & Karahanna, 2000; Chen et al., 2011; Hsu & Chiu, 2004;
P€utten & Von Der Bock, 2018). A substantial body of research on technology adoption has demon-
strated that individuals with a higher perceived self-efficacy regarding a specific application are more
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likely to accept that technology (Agarwal & Karahanna, 2000; Hsia et al., 2014; John, 2013; Lee & Ryu,
2013; Tsai et al., 2019; Yang, 2010). However, while much of this literature has concentrated on general
technology self-efficacy, there is still a lack of focus on domain-specific measures for AI, which pos-
sesses unique features such as autonomy, adaptive learning, and anthropomorphic interaction. This gap
underlines the need to develop and validate instruments that specifically assess self-efficacy in AI usage.

Self-efficacy is defined as an individual’s belief in their ability to achieve desired goals. Individuals
with high self-efficacy believe they can successfully complete tasks, whereas those with low self-efficacy
perceive tasks as more complex (Bandura, 1997). In this context, technology self-efficacy refers to an
individual’s belief in their ability to effectively use technology to derive benefits (Holden & Rada, 2011),
playing a crucial role in the adoption of innovative technologies (Hong, 2022). The notion of computer
self-efficacy has been a focal point in numerous research studies (Compeau & Higgins, 1995; Teo &
Koh, 2010; Thangarasu et al., 2014; Torkzadeh & Van Dyke, 2002). Research has explored various
dimensions of self-efficacy in information technologies (IT), including computer self-efficacy (Compeau
& Higgins, 1995), self-efficacy in robot use (Latikka et al., 2019), and teacher computer self-efficacy
(Thangarasu et al., 2014), internet self-efficacy (Torkzadeh & Van Dyke, 2002), and software self-
efficacy (Agarwal et al., 2000; Hasan, 2006). However, in terms of predictive capability, perceived
self-efficacy is more accurately assessed through domain-specific measures rather than general evalua-
tions (Bandura, 1986). For instance, Marakas et al. (1998) advocate for task-specific assessments of com-
puter self-efficacy. Therefore, general self-efficacy perceptions may be inadequate in explaining AI adoption
(Bandura, 2006). AI self-efficacy (AISE) is defined as an individual’s self-assessment of their specific com-
petencies in using AI technologies and products, and thus differs from general judgments regarding
technological skills. Based on previous literature on technology self-efficacy, AISE can be defined as indi-
viduals’ general beliefs about their ability to interact with and effectively utilise AI. Consequently, the
development of a specialized instrument to assess AISE is imperative (Wang et al., 2023). This indicates a
clear research gap: although several scales exist for technology self-efficacy, few tools explicitly capture the
unique challenges and competencies associated with AI technologies.

Bandura’s self-efficacy theory posits that individuals’ beliefs in their capabilities to execute behaviors
necessary to produce specific performance attainments play a critical role in determining their actions,
motivations, and emotional reactions (Bandura, 1977, 1986). While general technology self-efficacy
assesses confidence in the use of digital tools broadly, artificial intelligence self-efficacy (AISE) introdu-
ces unique challenges due to the complex, adaptive, and human-like features of AI technologies. Unlike
traditional digital tools, AI systems often involve elements such as decision-making autonomy, predict-
ive analytics, and interaction through natural language—features that may evoke uncertainty or per-
ceived risk. This justifies the need for a domain-specific measure. In particular, the inclusion of
dimensions like “anthropomorphic interaction” in the AISE scale captures users’ comfort and efficacy
in interacting with AI systems that simulate human characteristics, such as voice assistants or AI chat-
bots. This facet reflects not only technical proficiency but also psychological readiness, trust, and
acceptance, which are essential for meaningful AI adoption. Therefore, AISE extends beyond the scope
of conventional technology self-efficacy and addresses competencies that are central to the evolving
nature of human-AI collaboration.

The Artificial Intelligence Self-Efficacy Scale (AISES) was developed by Wang and Chuang (2024) as
a 22-item instrument specifically designed to measure self-efficacy perceptions in the context of AI
technologies. The scale encompasses four key dimensions: assistance, anthropomorphic interaction,
comfort with AI, and technological skills. Its cultural appropriateness was tested within the Taiwanese
context. By assessing self-efficacy in the AI domain, the scale highlights the complexity of this technol-
ogy and its impact on individuals across various educational and professional settings (Morales-Garc�ıa
et al., 2024). However, despite the presence of this scale, its applicability outside of the original cultural
context has yet to be sufficiently tested, which presents an important opportunity for adaptation
studies.

In Turkey, a plethora of scales related to artificial intelligence (AI) have been developed or adapted,
including the General Attitude Towards AI Scale (Kaya et al., 2022), the AI Addiction Scale (Savaş,
2024), the AI Scale (S€uleymano�gulları et al., 2024), the AI Literacy Scale (Çelebi et al., 2023; Polatgil &
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G€uler, 2023; Karao�glan Yılmaz & Yılmaz, 2023), the AI Anxiety Scale (Akkaya et al., 2021; Kolcu et al.,
2021; Terzi, 2020), and the AI Perception Scale (Kurtbo�gan & Ak, 2024). A scale specifically addressing
AI self-efficacy has also been proposed, such as the Generative AI and Competency Scale (Arslankara
& Usta, 2024), which measures generative AI usage and competency as part of lifelong learning self-
efficacy. In addition, recent studies have focused on generative AI by developing instruments such as
the Generative Artificial Intelligence Attitude Scale for Students (Marengo et al., 2025) and the
Generative Artificial Intelligence Acceptance Scale (Yılmaz et al., 2024), while other works have
explored the role of cognitive flexibility, digital competencies, self-regulation, and metacognitive aware-
ness in shaping generative AI anxiety and attitudes (Yılmaz et al., 2025; Karao�glan Yılmaz & Yılmaz,
2025). Moreover, empirical studies have demonstrated the effects of generative AI-based tool use on
computational thinking, programming self-efficacy, and motivation (Yılmaz & Yılmaz, 2023a), as well
as students’ perspectives on the use of ChatGPT for programming education (Yılmaz & Yılmaz, 2023b).
While these studies contribute to the growing body of knowledge on AI, they primarily emphasize atti-
tudes, anxiety, acceptance, or general competencies, and no validated Turkish version of the AI Self-
Efficacy Scale exists. This underscores the necessity of adapting Wang and Chuang (2024) scale into
Turkish to fill this critical gap in the literature.

In this context, the present study aims to address this gap by providing an instrument for the self-
assessment of specific individual skills related to the use of AI technologies and products in Turkey.
The adaptation of this scale will establish a valid and reliable instrument to assess Turkish-speaking
individuals’ perceptions of AI interaction and usage. Additionally, the scale will allow for an examina-
tion of the psychological implications of AI development on individuals’ future motivations and behav-
iours. The scale’s development did not target a specific demographic, thus allowing for its application
across various domains, including education, healthcare, marketing, finance, and manufacturing. In this
regard, the scale has the potential to contribute to the development of AI technologies and products
across different sectors (Wang & Chuang, 2024). Consequently, it may aid in the formulation of poli-
cies and strategies aimed at the adoption and effective utilisation of AI technologies.

Accordingly, the present study seeks to answer the following research questions:

1. Does the Turkish version of the AI Self-Efficacy Scale demonstrate validity and reliability compar-
able to the original?

2. Is the factor structure of the adapted version consistent with the theoretical framework established
by Wang and Chuang (2024)?

Based on the literature, the following hypotheses are also proposed:

� H1: The Turkish version of the AI Self-Efficacy Scale will demonstrate a factor structure consistent
with the original (Wang & Chuang, 2024).

� H2: The Turkish version of the AISES will demonstrate high internal consistency and test–retest
reliability, comparable to the original.

� H3: The adapted version will exhibit construct validity in line with related technology self-efficacy
instruments (Compeau & Higgins, 1995; Morales-Garc�ıa et al., 2024).

2. Material and methods

This section of the study provides exhaustive information regarding the following aspects: the instru-
ments utilised for data collection, the characteristics of the study group, the ethical procedures followed,
the research methodology employed, and the study process.

2.1. Study design, sample and data collection

The present study was designed using a quantitative research methodology. Quantitative research
involves the conducting of studies on a sample group that is representative of a population, thus
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allowing for generalisation (Creswell, 2009). Accordingly, data were collected through the implementa-
tion of a survey method, which is one of the data collection techniques employed.

In this study, the adaptation of the Artificial Intelligence Self-Efficacy Scale into Turkish was carried
out through a quantitative methodology focusing on testing the validity and reliability of the adapted
instrument. The independent variable, defined as participants’ prior experience with AI products,
guided the structuring of the research instruments. First, the Demographic Information Form was
administered to determine participants’ socio-demographic characteristics and AI usage history. Then,
the Artificial Intelligence Self-Efficacy Scale (AISES), which consists of four sub-dimensions (assistance,
anthropomorphic interaction, comfort with AI, and technological skills), was applied. During the lin-
guistic and content validity stages, expert opinions were obtained to ensure cultural appropriateness,
and a pilot study was conducted to assess comprehensibility. For validity, exploratory factor analysis
(EFA) and confirmatory factor analysis (CFA) were performed, while reliability was tested through
Cronbach’s alpha and test–retest procedures. This systematic approach integrated both the theoretical
justification (self-efficacy theory) and statistical verification, thereby strengthening the methodological
rigor of the study.

In order to ensure the generalisability of the Turkish version of the measurement instrument for
assessing artificial intelligence self-efficacy, inclusion criteria were established. Participants had to be
residents of Turkey, aged 18 and above, and have responded “yes” to the question “Have you experi-
enced AI products?”. In quantitative research, it is recommended that the sample size be at least ten
times the number of measurement items (Boateng et al., 2018). The data collection process was meticu-
lously structured into three phases.

The data collection process in this study was conducted in three phases.In the first phase, a pilot
study was carried out with 50 participants to assess the comprehensibility of the Turkish-translated sur-
vey questions.In the second phase, data were collected from 401 participants as the initial step in assess-
ing the construct validity of the scale. Although the response rate was 401, the analysis was conducted
on 267 participants, as only individuals who had used AI products were considered (N¼ 401). During
this phase, construct validity and internal consistency were examined.In the third phase, data were col-
lected from 400 participants. While the response rate was 400, the analysis was performed on 300 par-
ticipants, focusing solely on individuals who had used AI products (N¼ 400).

The data collection process was conducted between May and December 2024. Informed consent was
obtained from all participants, and the survey questions were administered via Google Forms. The gen-
erated link was distributed to participants by the researchers.

2.2. Ethical considerations

This study was conducted in accordance with the Declaration of Helsinki. Ethical approval was
obtained from the Ethics Committee for Social and Human Sciences Research at Bandırma Onyedi
Eyl€ul University (Date: 30/04/2024; Decision No: 2024-4).

Informed consent was obtained from all participants by means of a consent option that was selected
by the participants, thus indicating that they had been informed about the study and had agreed to par-
ticipate. Following this, the survey was completed by the participants via Google Forms. Additionally,
permission emails were obtained from the original authors who developed the scale.

2.3. Measures

This section provides information regarding the measurement instrument utilised in the study and the
demographic information form.

2.3.1. Demographic information form
The form in question comprised a series of questions designed to elicit information regarding the
demographic characteristics of the participants, including their age, gender, educational background,
occupation, average monthly income, prior interaction with AI products, and previous experience in
using AI products. The primary objective of the form was to provide a detailed description of the
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characteristics of the participants in the two sample groups, with a particular emphasis on distinguish-
ing individuals who have used AI products.

2.3.2. Artificial Intelligence Self-Efficacy Scale
The Artificial Intelligence Self-Efficacy Scale (AISES) was developed by Wang and Chuang (2024) to
measure individuals’ self-efficacy levels in AI usage. The scale consists of 22 items and is structured
into four dimensions: assistance (items 1–7), comfort with AI (items 13–18), technological skills (items
19–22), and anthropomorphic interaction (items 8–12). Each dimension comprises a minimum of four
items, and the scale is designed using a 7-point Likert-type format, with no reverse-coded items.

The original reliability coefficients of the scale were reported as 0.95 for the overall scale, 0.94 for
the assistance dimension, 0.97 for anthropomorphic interaction, 0.96 for comfort with AI, and 0.86 for
technological skills. In the present study, the overall reliability was calculated as 0.925.

The analysis of the present study confirmed that the assistance, comfort with AI, technological skills,
and anthropomorphic interaction dimensions remained consistent with the original scale. However,
three items from the assistance dimension (items 5, 6, and 7) were deemed inappropriate and subse-
quently removed. Consequently, the final scale structure was established with 19 items.

2.4. Cultural adaptation procedure

This section of the study outlines the stages of the adaptation process for the scale intended for transla-
tion into Turkish culture.

2.4.1. Language validity
Initially, the original English version of the scale was translated into Turkish by five independent native
Turkish speakers. Subsequently, these three translators collaborated with the researchers to evaluate the
translations and reach a consensus on a single version of the text. The finalised Turkish version of the
scale was then back-translated into English by a native English speaker.

Finally, the original scale and its back-translated version were compared and harmonized by the
researchers to ensure consistency. Throughout the translation process, terminology selection and sen-
tence structures were refined to preserve the semantic accuracy of the source language. After these
necessary revisions, the adaptation process was finalized.

2.4.2. Content validity
In order to evaluate the content validity and comprehensibility of the Turkish version of the scale, it
was sent to five academic experts, and their expert opinions were obtained. The Davis method was
employed for content validity evaluation (Davis, 1992). According to this method, experts were invited
to rate each item on a four-point scale: 1¼not relevant, 2¼ somewhat relevant, 3¼ quite relevant, and
4¼ highly relevant. The Content Validity Index (CVI) was determined by dividing the number of
experts who assigned a rating of 3 or 4 to an item by the total number of experts. The CVI was eval-
uated for each item and for the overall scale.

2.4.3. Pilot study
In order to evaluate the comprehensibility of the items in the final Turkish version of the scale, an
evaluation was conducted with 50 participants. The survey form was administered to these 50 individu-
als, and their opinions on the items were collected. Based on the feedback received from the partici-
pants, necessary revisions were made to the items. These participants were subsequently excluded from
the sample group.

2.5. Statistical analysis

The statistical analyses were conducted using IBM SPSS Statistics 25.0, while factor analysis was con-
ducted using AMOS 26.0. The content validity of the scale was assessed using the Content Validity
Index (CVI).
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In order to evaluate the construct validity of the research, exploratory factor analysis (EFA) and con-
firmatory factor analysis (CFA) were conducted. Reliability was assessed by calculating the item-total
correlation and the reliability coefficient. The test-retest reliability was evaluated by computing the item
correlation coefficient. Descriptive statistics were presented as frequency and percentage, mean, and
standard deviation. The results were considered statistically significant at a 95% confidence interval,
with a significance level set at p< 0.05.

3. Results

This section presents the socio-demographic characteristics of the participants, as well as the validity
and reliability analyses of the study, including values related to construct and content analyses, which
are provided in tabular format.

3.1. Participant socio-odemographic characteristics

In this section, the socio-demographic characteristics of the participants are presented for two analysis
groups (Table 1).

An analysis of the demographic characteristics of the participants revealed that, in the exploratory
factor analysis (EFA) group, 70.6% were female, 50.1% held a bachelor’s degree, and 66.1% had used an
AI product. The mean age of participants in this group was 26.33 years.

In the confirmatory factor analysis (CFA) group, 70.8% were female, 44.0% held a bachelor’s degree, and
75.0% had used an AI product. The mean age of participants in this group was 25.61 years (Table 1).

3.2. Validity

In this section of the study, the construct validity of the scale was investigated, with the results of the
analyses presented in tabular format. As part of the construct validity assessment, exploratory factor
analysis (EFA), reliability analysis, and item-total correlation were evaluated. Subsequently, to confirm
the structure, confirmatory factor analysis (CFA) was conducted.

3.2.1. Construct validity
In the assessment of construct validity, exploratory factor analysis (EFA) was conducted as the primary
step. In EFA, a Kaiser-Meyer-Olkin (KMO) value above 0.60 and a significance level below 0.05 are
indicative of construct validity (IBM, 2025). Within this framework, exploratory factor analysis was per-
formed on the existing items of the Artificial Intelligence Self-Efficacy Scale. The analysis yielded a
KMO value of 0.89 and a significance level of 0.000, as illustrated in Table 2.

As a result of the factor analysis conducted, a reliability analysis was performed to measure the
item-total correlations and internal consistency of the existing items. The values related to the reliability
analysis are presented below.

3.3. Reliability

To assess the reliability of the scale in both data groups, reliability coefficients were calculated following
both exploratory factor analysis (EFA) and confirmatory factor analysis (CFA). The analysis results indi-
cated that the reliability coefficients for both the dimensions and the overall scale were high (Table 3).

3.3.1. Reliability analysis
Following the reliability analysis, the item-total correlation analysis of the scale was conducted, reveal-
ing that the correlation coefficients for all items were above 0.30 (Section 3.3.2).

3.3.2. Item-Total correlation analysis
An evaluation of the item-total correlations of the existing items in the scale revealed that the correl-
ation coefficients ranged between 0.533 and 0.728 (Table 4).
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3.4. Confirmatory factor analysis

A confirmatory factor analysis is a process that is conducted for the purpose of verifying a given struc-
ture. This analysis involves the examination of compatibility values and the validation of the structure
(Tabachnick & Fidell, 2015). In this context, the compatibility values that are present in the structure
of the scale are as follows (see Table 5):

Table 1. Participant socia-demographic characteristics.
EFA (N¼ 401) CFA (N¼ 400)

n(%) Ort.±Ss n(%) Ort.±Ss

Gender
Male 118(29.4) 117(29.3)
Female 283(70.6) 283(70.8)
Educational Status
Elemantary/Middle School 8(2.0) 3(0.8)
High School 124(30.9) 160(40.0)
University 201(50.1) 176(44.0)
Master/PhD 68(17.0) 61(15.3)
Use of Artificial Intelligence Product
Yes 265(66.1) 300(75.0)
No 136(33.9) 100(25.0)
Age 26.33 ± 8.46 25.61 ± 9.14
�CFA: Confirmatory factor analysis; EFA: Exploratory factor analysis; N: Sample Size; n: Number of
Respondents; SD: Standard Deviation; %¼Percentage.

Table 2. Exploratory factor analysis.
Factors Items Factor loading Factor explained variance Alfa

Comfort with Artificial Intelligence AI17 0.860 39.970 0.925
AI15 0.851
AI16 0.804
AI14 0.724
AI13 0.708
AI7 0.589
AI6 0.562
AI18 0.470

Anthropomorphic Interaction AI10 0.913 12.106
AI11 0.862
AI12 0.848
AI9 0.790
AI8 0.692

Assistance AI2 0.899 8.399
AI1 0.873
AI3 0.854
AI4 0.734
AI5 0.652

Artificial Intelligence Self-Efficacy AI19 0.750 6.418
AI20 0.723
AI21 0.722
AI22 0.701

Total Explained Variance 66.892

KMO 0.896

Barlett’s Sphericity Test Chi-Square 3840.64

df 231
p 0.000

Note. AI: Artifical Intelligence; p: Degree of Freedom; p: Significance Value.

Table 3. Reliability analysis.
Exploratory factor analysis Do�grulayıcı fakt€or analizi

Scale name Number of questions Cronbach’s alpha value Number of questions Cronbach’s alpha value

Comfort with Artificial Intelligence 8 0.911 6 0.928
Anthropomorphic Interaction 5 0.912 5 0.915
Assistance 5 0.896 4 0.928
Technological Skills 4 0.834 4 0.848
Artificial Intelligence Self-Efficacy 22 0.925 19 0.938
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In confirmatory factor analysis (CFA), an RMSEA value below 0.05 or 0.06 indicates a perfect fit,
while a value between 0.05 and 0.08 is considered acceptable (Gunzler et al., 2021; Whittaker &
Schumacker, 2022). In this study, the RMSEA value was found to be 0.066, indicating that it falls
within the acceptable range.For the SRMR value, it is required to be below 0.08 (Sureshchandar, 2023).
In this study, the SRMR value was 0.041. The acceptable threshold for CFI, NFI, and TLI values has
been identified as 0.90 and above (Zyphur et al., 2023). According to the literature, the acceptable range
for the CMIN/DF value is between 1 and 3 (Boateng et al., 2018). In this study, CMIN/DF was found
to be 2.284, which falls within the acceptable range. Upon consideration of the indices under review, it
is evident that the model fit indices demonstrate an acceptable level of fit (see Table 5). The path dia-
gram of the examined structure is presented below (see Figure 1).

4. Discussion

In this study, the Turkish version of the Artificial Intelligence Self-Efficacy Scale, which was originally devel-
oped in English, was analysed with Turkish-speaking individuals over the age of 18 who had experience
with AI products. The linguistic equivalence and content validity of the Turkish version were ensured.

In order to undertake a content validity analysis, item-level content validity indices (I-CVI) and
scale-level content validity indices (S-CVI) were calculated. This analysis, which was conducted with
the assistance of five experts, resulted in an I-CVI value of 0.94, which can be categorised as excellent.
Additionally, the study found that the inter-rater agreement (S-CVI ¼ 0.93) indicated a high level of
content validity (Davis, 1992; Polit & Beck, 2003; Polit et al., 2007).

The basis of scale adaptation studies is strong theoretical foundations, with the factor structure of
the measured variable known in advance. Accordingly, it is recommended that the factor structure of
the measurement instrument be tested and confirmed using Confirmatory Factor Analysis (CFA)
(Carpenter, 2018; Kline, 2013).

In the context of scale adaptation studies, the factor loadings of items should be subjected to meticu-
lous scrutiny. In the event that an item manifests comparable loadings to multiple other items, it may
be imperative to consider its removal from the scale (Stanton et al., 2002). Consequently, three items
that exhibited a disruptive influence on the model fit indices were eliminated, and the fit indices were
subsequently recalculated based on a remaining 19 items. This finding may also reflect cultural and
contextual differences in how Turkish participants perceive their own competence in explaining or gen-
eralising AI-related tasks, suggesting that AI self-efficacy is not only a technical construct but is also
shaped by socio-cultural experiences and expectations.

Table 4. Item-total correlation.
Questions Item-Total correlation

AI1 0.603
AI2 0.636
AI3 0.639
AI4 0.589
AI5 0.533
AI6 0.627
AI7 0.577
AI8 0.565
AI9 0.612
AI10 0.554
AI11 0.578
AI12 0.577
AI13 0.705
AI14 0.699
AI15 0.728
AI16 0.714
AI17 0.683
AI18 0.703
AI19 0.569
AI20 0.598
AI21 0.621
AI22 0.591

AI: Artifical Intelligence.
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The goodness-of-fit indices assessed for CFA indicated that the RMSEA value (0.066) was within the
acceptable range for model fit (Kline, 2023). Since 0.066 falls between 0.05 and 0.08, it is considered an
adequate fit (Hu & Bentler, 1999; Gunzler et al., 2021). A similar conclusion was reached by
Sureshchandar (2023) who found that the SRMR value (0.041) indicated excellent model fit. According
to the extant literature, SRMR values less than 0.08 are considered to indicate a good fit (Hu & Bentler,
1999; Kline, 2023), while values less than 0.05 are classified as excellent (Gunzler et al., 2021; Kline,
2023). The study results showed NFI ¼ 0.927, RFI ¼ 0.912, GFI ¼ 0.903, TLI ¼ 0.948, and CFI ¼
0.958. Given that TLI approaches 0.95 and CFI exceeds 0.95, it can be concluded that the model dem-
onstrates excellent fit to the data (Hu & Bentler, 1999; Sureshchandar, 2023). Furthermore, the model
is deemed to demonstrate a satisfactory fit and an adequate structure, as evidenced by the NFI, RFI,
and GFI all measuring 0.90 or higher (Hu & Bentler, 1999; Lomax, 2013). Finally, the v2/df ratio was
found to be 2.284, which falls within the acceptable range of 2 to 3, indicating that the model provides
an acceptable fit (Kline, 2023).

The factor loadings, which indicate the relationship or weight of each variable with each factor
(Kline, 2023), were found to be above 0.50. According to Hair et al. (2013), factor loadings should be
at least between 0.30 and 0.40 for the structure to be interpretable. Loadings above 0.50 are considered
practically significant, while those exceeding 0.70 are regarded as indicators of a well-defined structure.
Tavakol and Wetzel (2020) state that a factor loading greater than 0.30 signifies a moderate relationship
between the item and the factor. In this context, all 22 items exceeded the minimum threshold.
However, due to inconsistencies between the factor loadings and fit indices, three items from the first

Table 5. Confirmatory factor analysis fit indices (N¼ 400).
Index Scale value

SRMR 0.041
CFI 0.958
NFI 0.927
TLI 0.948
CMIN/DF 2.284
RMSEA 0.066

Note: RMSEA: Root Mean Square Error of Approximation; NFI: Normed Fit
Index; CFI: Comparative Fit Index; SRMR: Standardized Root Mean Square
Residual; TLI: Tucker-Lewis Index; CMIN/DF: Chi-square fit index.

Figure 1. Path diagrams.
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dimension (assistance) were removed following confirmatory factor analysis (CFA) (Brown, 2015;
Kline, 2013). This adjustment aligns with Bandura’s (1977, 1986) self-efficacy theory, which emphasises
the domain-specific nature of self-efficacy beliefs. The retention of four sub-dimensions in the Turkish
version demonstrates that AI self-efficacy captures not only technical skills but also the psychological
readiness to interact with autonomous and anthropomorphic AI systems.

Beyond psychometric validation, these results have important implications for practice. The Turkish
AISES can be employed in educational and training contexts to assess learners’ confidence in AI usage,
to evaluate the effectiveness of AI-related curricula, and to inform interventions aimed at increasing
technology acceptance. The scale also provides opportunities to explore demographic differences—for
example, between younger and older users or across gender—which may further enrich theoretical
understanding of AI self-efficacy in diverse populations.

The reliability of the scale was assessed using the test-retest method and the reliability coefficient.
The reliability coefficients for the subdimensions of the scale were found to be 0.94 for assistance, 0.97
for anthropomorphic interaction, 0.96 for comfort with AI, and 0.86 for technological skills. However,
as three items from the assistance dimension (items 5, 6, and 7) were deemed unsuitable, they were
removed from the scale. Consequently, the revised 19-item scale was recalculated, resulting in a reliabil-
ity of 0.925. As posited by Tavakol and Dennick (2011), the acceptable range of reliability coefficients
is reported to vary between 0.70 and 0.95. In accordance with this, coefficients of 0.90 or above are
classified as “excellent”, those of 0.80 as “very good”, and those of 0.70 as “adequate” (Kline, 2023).
Utilising these criteria, the Cronbach’s alpha values for the overall scale and its subdimensions can be
classified as adequate to very good. Moreover, an analysis of the reliability coefficients of the original
scale (Wang & Chuang, 2024) and its adapted version revealed that the subdimension reliability coeffi-
cients remained constant. While the overall reliability coefficient of the original scale was 0.95, the cur-
rent scale’s reliability coefficient was 0.925.

The findings indicate that the statistical reliability levels of the original and adapted scales are simi-
lar, demonstrating that both versions exhibit high reliability. The minimal difference between the reli-
ability coefficients suggests that the original and adapted versions are closely aligned in terms of
reliability, with both scales demonstrating high internal consistency. Taken together, these outcomes
not only confirm the methodological robustness of the adaptation but also provide a theoretically
grounded instrument for future studies on AI adoption, learning, and professional practice in Turkey.

4.1. Limitations and future research directions

A key limitation of this study is the overrepresentation of female participants and the relatively low
average age of the sample, which may restrict the generalisability of the findings and limit the detection
of potential variations in adaptation to AI products based on age. Another limitation is the cross-
sectional design, which does not allow for the observation of changes in AI self-efficacy and usage over
time. Furthermore, since the survey was administered online via Google Forms, the identities and char-
acteristics of the participants could not be independently verified, raising the possibility of non-genuine
responses or duplicate participation, which may affect data validity.

In addition to these considerations, further limitations should be acknowledged. The study relied
solely on self-report instruments, which may be subject to biases such as social desirability and self-
selection. Participants who were already interested in AI technologies might have been more inclined
to take part, potentially inflating self-efficacy levels. Moreover, the adaptation was restricted to a single
scale, preventing cross-validation with other measures of AI attitudes, anxiety, or literacy that have
been developed in recent years. While exploratory and confirmatory factor analyses strengthened the
psychometric evidence, the absence of mixed-methods or longitudinal approaches limited the scope of
interpretation. Finally, the reliance on an online distribution method may have unintentionally excluded
individuals with limited internet access or low digital literacy, which restricts the inclusivity of the
sample.

It is recommended that future research explore the potential for AI adaptation and self-efficacy to
vary across different gender groups, facilitating comparative analyses between these groups. Similarly,
studies could investigate how socio-economic conditions influence perspectives on AI products and
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their frequency of use. Additionally, it would be beneficial to examine AI adaptation among older indi-
viduals in greater depth, with longitudinal studies enabling the observation of changes in AI self-
efficacy and usage over time. Finally, the incorporation of diverse testing and measurement tools in
future research endeavours has the potential to yield more reliable and comprehensive results, thereby
minimising individual biases.

5. Conclusions

The findings of this study demonstrate that the Turkish version of the Artificial Intelligence Self-
Efficacy Scale, comprising three subscales and 19 items, is a valid and reliable measurement instrument
for a sample of individuals aged 18 and above. As the scale was not developed for a specific group, sec-
tor, or profession, its Turkish version is valid and applicable across various fields where AI products
are utilised.

In response to the first research question, the Turkish version of the AI Self-Efficacy Scale demon-
strated validity and reliability comparable to the original instrument developed by Wang and Chuang
(2024). Both exploratory and confirmatory factor analyses confirmed the four-factor structure, with
only minor modifications in the “assistance” dimension. This indicates that the adapted version success-
fully captures the theoretical dimensions of AI self-efficacy in the Turkish context. Regarding the
second research question, the factor structure of the Turkish version was largely consistent with the
theoretical framework of the original scale, with acceptable fit indices and high reliability values across
all subscales.

When compared with other instruments developed in Turkey, such as the General Attitude Towards
AI Scale (Kaya et al., 2022), the AI Addiction Scale (Savaş, 2024), the AI Literacy Scale (Çelebi et al.,
2023; Polatgil & G€uler, 2023; Yılmaz & Yılmaz, 2023b), the AI Anxiety Scale (Akkaya et al., 2021;
Kolcu et al., 2021; Terzi, 2020), and the AI Perception Scale (Kurtbo�gan & Ak, 2024), the current study
highlights a different but complementary dimension. While these scales focus on attitudes, knowledge,
or emotional responses to AI, the AISES specifically captures individuals’ beliefs about their ability to
effectively use AI technologies, thereby addressing a more behavioral and competency-oriented con-
struct. Similarly, the Generative AI and Competency Scale (Arslankara & Usta, 2024) approaches self-
efficacy indirectly through competency assessment, whereas the AISES directly measures perceived effi-
cacy across multiple domains of AI interaction.

Recent international research further reinforces the significance of this focus. Yılmaz et al. (2025)
and Karao�glan Yılmaz & Yılmaz (2025) emphasized that cognitive flexibility, self-regulation, and meta-
cognitive awareness shape students’ generative AI anxiety and attitudes. Marengo et al. (2025) and
Yılmaz et al. (2024) validated attitude and acceptance scales for generative AI, highlighting the growing
need for reliable tools in this field. Additionally, Yılmaz and Yılmaz (2023a) and Yılmaz and Yılmaz
(2023b) showed that AI-based tools can enhance computational thinking, programming self-efficacy,
and motivation, while also shaping student perspectives on ChatGPT for programming education.
Taken together, these studies demonstrate that AI self-efficacy is a foundational construct that influen-
ces attitudes, acceptance, learning outcomes, and user trust.

Compared to these instruments, the Turkish version of AISES complements the literature by focus-
ing explicitly on self-efficacy, as defined by Bandura (1977, 1986), rather than on attitudes, anxieties, or
knowledge. This distinction strengthens its utility as both a research and practical tool, enabling the
assessment of individual readiness to engage with AI in diverse cultural and educational contexts.

What we learned from this study is that AI self-efficacy, beyond being a technical skill, encompasses
socio-cultural and psychological readiness to engage with AI. The Turkish version of the AISES pro-
vides researchers and practitioners with a tool to examine these dynamics in education, healthcare, and
professional development. In practice, the scale may support the evaluation of AI training programs,
measure the effectiveness of AI-based curricula, and identify demographic variations in AI adoption.
Thus, this study contributes not only to the psychometric literature but also to the growing body of
research on AI literacy, generative AI acceptance, and user readiness in diverse cultural contexts.
Although the present study was carried out with Turkish-speaking participants, the implications of the
findings extend beyond this immediate context. The adapted AISES can be utilised in different
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educational and professional settings, including higher education, vocational training, and workplace
development, to assess learners’ and employees’ confidence in engaging with AI. As AI technologies are
increasingly integrated into global curricula and organizational practices, the scale offers a valuable tool
for cross-cultural comparisons and for identifying how socio-economic and institutional contexts shape
AI self-efficacy. This broader application underlines the potential of the AISES not only as a psycho-
metric instrument for Turkey but also as a contribution to international discussions on digital compe-
tencies and AI adoption

5.1. Implication for artifical intelligence

In this study, the AI Self-Efficacy (AISE) Scale was adapted into Turkish. The scale was originally
developed, validated, and introduced by Wang and Chuang (2024) as a comprehensive psychometric
instrument for assessing general AI self-efficacy. It underwent a validity and reliability assessment in
Turkish to establish a framework that enables comparative evaluation of AI technologies and products.
The scale can be utilised to compare the four factors of personal AI self-efficacy across different AI
technologies and products.

Recent years have seen rapid advancements in the field of AI, with significant impact on various
industries and wider society. These developments have included substantial progress in machine learn-
ing, deep learning and natural language processing, enabling AI models to be employed in a variety of
applications, including image recognition, language translation and gaming (Padmaja et al., 2024). In
line with these developments, the AI Self-Efficacy Scale (AISE) has been developed as an assessment
tool that measures individuals’ perceptions of AI products and the frequency of their interactions with
these technologies. This facilitates a comparative analysis of different AI products.The applicability of
AISE across various fields, including education, healthcare, and technology, is essential for understand-
ing both the effectiveness of AI products and users’ trust in these technologies.

The advent of AI has precipitated a profound metamorphosis in the domain of education, heralding
a new era of advancement in teaching and learning methodologies (Guilherme, 2019). The imminent
integration of AI products is poised to impart long-term benefits in the educational sector (Wang et al.,
2023). These technologies are already being leveraged in educational services and curriculum design,
and their utilisation is projected to escalate in the near future. These technologies are poised to support
instructors by facilitating feedback on student work and enhancing virtual teaching assistant applica-
tions. Furthermore, AI products have the potential to improve language translation and enhance acces-
sibility for students with disabilities (Brown et al., 2020). Notable examples include Amazon’s Alexa
Education Skills API and the use of Microsoft Translator to expand language options in a public school
in North Carolina.Additionally, Osetskyi et al. (2020) examined the use of AI in education across vari-
ous countries and found that modern technologies significantly impact teaching quality and individual
competitiveness. In this context, the AI Self-Efficacy Scale (AISE) has the potential to enhance the qual-
ity of educational processes and promote the widespread adoption of AI products (Luckin et al., 2016).
Furthermore, such assessments can facilitate the development of personalised learning experiences
(Osetskyi et al., 2020).

The rapid advancement of AI technology represents a significant opportunity for its integration into
clinical applications, with the potential to transform healthcare services (Alowais et al., 2023). AI prod-
ucts have the capacity to enhance diagnostic accuracy, prediction, and classification of diseases, leading
to reduced costs and time savings (Ahsani et al., 2022). The utilisation of AI in clinical laboratory test-
ing has the potential to enhance the accuracy, speed, and efficiency of laboratory processes (Undru
et al., 2022). In emergency departments, AI products can optimise patient flow, prioritise high-risk
cases, and reduce unnecessary visits (Gandhi & Sabik, 2014). Furthermore, the employment of AI-
driven predictive analytics has the potential to forecast hospital readmissions and identify patients at
risk of developing chronic diseases, such as endocrine or cardiovascular conditions (Nelson et al., 2019;
Donz�e et al., 2013). This, in turn, can contribute to reducing healthcare costs and improving patient
outcomes (Alowais et al., 2023). The AI Self-Efficacy Scale (AISE) can thus be used to assess healthcare
professionals’ confidence in AI products and their self-efficacy in utilising these technologies. Such
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evaluations can provide valuable data for overcoming barriers to the adoption of AI-based healthcare
technologies and identifying the training needs of healthcare professionals regarding AI integration.

AI products have become a staple in numerous sectors, particularly the technology sector, where
they have the potential for extensive application. These products have been shown to facilitate the effi-
cient collection and processing of market data, thereby reducing information asymmetry and optimising
the production process and governance structure of businesses (Ballestar et al., 2021; Venables, 2001).
The integration of AI products into data analysis processes has been demonstrated to enhance accuracy
and reliability. Technologies such as automation, blockchain, and the Internet of Things (IoT) further
improve efficiency in data collection, processing, and analysis, leading to a more effective analytical
process (Liu et al., 2020). These technologies enable precise data processing while minimising human
intervention, ultimately enhancing the accuracy of outcomes. Similarly, AI products can provide robust
data support for technological innovations (Li et al., 2024). In this context, the AI Self-Efficacy Scale
(AISE) can serve as a valuable tool for assessing technology professionals’ confidence and competencies
in AI products, thereby identifying training and development needs within the sector (Li et al., 2024).
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Orhan Koçak http://orcid.org/0000-0002-0281-8805

Data availability statement

The data that support the findings of this study are available from the corresponding author upon reasonable
request.

References

Agarwal, R., & Karahanna, E. (2000). Time flies when you’re having fun: Cognitive absorption and beliefs about
information technology usage. MIS Quarterly, 24(4), 665–694. https://doi.org/10.2307/3250951

Agarwal, R., Sambamurthy, V., & Stair, R. M. (2000). Research report: The evolving re lationship between general
and specific computer self-efficacy an empirical assessment. Information Systems Research, 11(4), 418–430.
https://doi.org/10.1287/isre.11.4.418.11876

Ahsan, M. M., Luna, S. A., & Siddique, Z. (2022). Machine-learning-based disease diagnosis: A comprehensive
review. Healthcare (Basel, Switzerland), 10(3), 541. https://doi.org/10.3390/healthcare10030541

Akkaya, B., €Ozkan, A., & €Ozkan, H. (2021). Yapay Zeka Kaygı (YZK) €Olçe�gi: T€urkçeye uyarlama, geçerlik ve
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