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Abstract
The increasing role of Artificial Intelligence (AI) applications in education neces-
sitates the development of a valid and reliable measurement tool that can assess 
students’ attitudes towards AI-based scoring systems. The purpose of this study is 
to develop a scale that measures students’ attitudes towards AI-based scoring sys-
tems in education and to test the validity and reliability of this scale. In the study, 
a literature review was conducted and expert opinion was consulted to develop 
the scale items. The first form of the scale was administered to 416 participants. 
The construct validity of the scale was examined using exploratory factor analysis 
(EFA) and rotation procedures. As a result of these procedures, a structure consist-
ing of 12 items and two main factors (AI-SAS positive attitude and AI-SAS nega-
tive attitude) was determined. In the next step, a confirmatory factor analysis (CFA) 
was carried out on the data obtained from 441 participants. The results showed that 
the scale has robust construct validity. To test concurrent validity, comparisons with 
the General Attitudes Towards Artificial Intelligence Scale (GAAIS) and the AI 
Anxiety Scale (AI Anxiety) revealed significant relationships between the AI-SAS 
and these scales. In addition, measurement invariance was tested to ensure that the 
scale would measure consistently across different demographic groups. The results 
showed that the AI-SAS scale has a similar factor structure in different groups ac-
cording to demographic variables such as gender, type of school, use of artificial 
intelligence in daily life, and can therefore be used in different subgroups. In con-
clusion, this study provides a reliable and valid scale to measure students’ attitudes 
towards AI-based scoring systems in education. This scale can be used as a tool for 
evaluating the impact of using AI in educational practice.
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1  Introduction

Artificial intelligence (AI) technologies have started an important transformation 
process in many fields, from education to health, from financial services to secu-
rity (Bahoo et al., 2024; Chen et al., 2020; Holzinger et al., 2019; Radulov, 2019). 
It is noted that these technologies have recently been widely used and adopted by 
educational institutions due to the innovations they offer in the field of education 
(Chen et al., 2020). The use of AI in education offers many benefits such as providing 
learning paths adapted to the individual needs of students, creating better learning 
environments, providing feedback by assessing student performance, personalising 
teaching methods, providing interactive and collaborative learning experiences, and 
providing career counselling services to students (Ahmad et al., 2021; Hamal et al., 
2022; Kamalov et al., 2023; Popenici & Kerr, 2017; Shafique et al., 2023; Tapalova 
& Zhiyenbayeva, 2022; Wang & Chuang, 2024).

In recent years, AI technologies have enabled the development of innovative 
approaches in education, particularly in assessment processes. AI has the potential 
to reduce teacher workload and make assessment processes more efficient by auto-
mating assignments such as evaluating and grading student work (Ahmad et al., 
2023; Chen et al., 2020; Ramazanoglu & Akın, 2024). These systems offer the pos-
sibility of analysing student performance objectively and quickly (Attali & Burstein, 
2006). They increase objectivity by requiring less human intervention in the assess-
ment of student performance and support the efficiency and accuracy of assessment 
processes (Williamson et al., 2006).

Automated scoring systems have some limitations as well as advantages. These 
systems may have difficulty scoring innovative student responses that do not match 
the expected answers. This can lead to students focusing on finding the right answer 
rather than thinking creatively (Hahn et al., 2021). While these tools work well in 
certain contexts, they may be limited in assessing authentic contexts or writing styles. 
Further research is needed to improve the reliability of these systems (Xu et al., 2024). 
In conclusion, AI-based automated scoring systems have the potential to transform 
assessment processes in education. However, continued research and development is 
needed to increase the effectiveness of these systems and to minimise potential risks. 
The opinions, contributions and collaboration of educators, students, policy makers 
and all other stakeholders are crucial (Owan et al., 2023).

The rapid development of AI technologies has made it important to understand 
attitudes towards these technologies. Various studies show that understanding the 
attitudes of individuals and employees towards AI is crucial for the successful 
integration of these technologies (Del Giudice et al., 2023; Park et al., 2024). 
Attitudes towards AI are often complex and multidimensional. Attitudes towards AI 
are assessed with positive and negative sub-dimensions that reflect human similarity, 
adaptability, quality, fear of use, societal and personal benefits, and concerns (Cao 
et al., 2021; Schepman & Rodway, 2020). Attitudes towards AI may be influenced 
by demographic and psychological factors. For example, while men generally have 
a more positive view of AI, women may be more cautious (Karakuş et al., 2023). In 
addition, fear and personality traits towards AI are also important factors influencing 
attitudes. While computer use and knowledge of AI increase positive attitudes, 
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anxiety about learning AI can trigger negative attitudes (Brewer et al., 2022). In 
this context, how AI is implemented in education will be shaped by the attitudes of 
teachers and students. The impact of AI in education is directly related to students’ 
attitudes and teachers’ awareness of these technologies. Therefore, these factors need 
to be taken into account for the integration and acceptance of AI (Kaya et al., 2022).

Recently, many scales have been developed to better understand the impact of arti-
ficial intelligence technologies in education and individuals’ attitudes towards these 
technologies. Some of these scales are listed in Table 1.

The scales in Table 1 address general attitudes towards AI. It can be seen that there 
is no comprehensive tool in the literature that can measure students’ attitudes towards 
AI-based scoring systems. Therefore, the development of a unique scale that assesses 

Authors Scale Name Factor Structure Num-
ber of 
Items

 Schepman 
and Rodway 
(2020)

General Attitudes 
Towards Artifcial 
Intelligence

Negative Attitude 
Towards Artifi-
cial Intelligence, 
Positive Attitude 
Towards Artifcial 
Intelligence

20

 Grassini 
(2023)

AI Attitude Scale 
(AIAS-4)

4

Park, Woo & 
Kim (2023)

attitudestowards AI 
application at work 
(AAAW)

Humanlikeness, 
Adaptability, Qual-
ity, AI use anxiety, 
Job insecurity, 
Personal utility

25

 Sindermann 
et al. (2021)

Attitude Towards 
Artifcial Intelligence 
Scale (ATAI)

Acceptance, Fear 5

 Yılmaz et 
al. (2025)

Attitude Scale 
Towards the Use of 
Artificial Intel-
ligence Tech-
nologies in Nursing 
(ASUAITIN)

positive attitude, 
negative attitude

15

 Jang et al. 
(2022)

Attitude Toward the 
Ethics of Artifi-
cial Intelligence 
(AT-EAI)

Fairness, Trans-
parency, Privacy, 
Responsibility, 
Non-maleficence

17

 Hadlington 
et al. (2023)

Attitudes towards AI 
in Defense (AAID)

Positive Outcomes, 
Negative Outcomes

15

Marengo et 
al. (2025)

Generative AI At-
titude Scale

Positive Attitude, 
Negative Attitude

13

 Krägeloh et 
al. (2024)

Artificial Intel-
ligence Attitudes 
Inventory (AIAI)

Positive attitudes 
subscale, Negative 
attitudes subscale

16

 Derinalp 
and Ozyurt 
(2024)

Student Attitudes 
toward Artificial 
Intelligence (SATAI) 
Scale

Behavioral, Affec-
tive, Cognitive

26

Table 1  AI attitudes scales 
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attitudes towards AI-based scoring will contribute to a better understanding of both 
the integration of AI in educational processes and students’ attitudes towards these 
technologies. This need is driven by the increasing role of AI in education and the need 
to more effectively assess students’ interactions with these technologies. Students’ 
positive and negative attitudes towards AI-based scoring systems play a critical role 
in the adoption, use and development of these systems in educational environments. 
This scale aims to measure students’ attitudes towards AI-based scoring systems in a 
more accurate and valid way. It is believed that this scale will contribute to increas-
ing students’ awareness of the use of artificial intelligence in assessment processes by 
revealing the positive or negative aspects of students’ attitudes.

2  Methodology

2.1  Research design

The aim of the study is to develop a scale to assess students’ attitudes to AI-based 
grading of their exams and assignments. To achieve this, a sequential design model 
- one of the mixed research methods - was employed (Brannen, 2017). During the 
scale development process, qualitative analysis was used to generate the item pool, 
while quantitative analysis was applied during the development and validation 
phases (Creswell & Plano Clark, 2006). The construction of the Artificial Intelligence 
Scoring Attitude Scale (AI-SAS) followed the steps shown in Fig. 1 and outlined 
by DeVellis (2017). To assess the reliability and validity of the scale, exploratory 
factor analysis (EFA) was conducted on the responses of an initial sample of students 
using the draft version of the AI-SAS. In the validation phase, the factor structure 
identified in the EFA was tested with a second student sample, and confirmatory 
factor analysis (CFA) was conducted on their responses. Concurrent validity was 
carried out on the first sample’s responses to the AI-SAS, GAAIS and AI-Anxiety 

Fig. 1  AI-SAS development steps

 

1 3



Education and Information Technologies

scales. Demographic variables obtained from the first sample were used to examine 
measurement invariance.

2.1.1  Clearly defining the trait to be measured

This study aims to develop a scale to identify and measure students’ attitudes towards 
AI-based scoring systems. With the rapidly increasing use of AI technologies in edu-
cation, understanding students’ attitudes towards these systems is an important step 
in making the integration of these technologies in education more efficient. The AI-
SAS developed in this context focuses on two main dimensions: positive attitudes 
and negative attitudes. Each dimension examines students’ perceptions, emotional 
reactions and attitudes towards AI-based scoring systems.

The positive attitudes dimension examines students’ level of trust in AI-based 
scoring systems, their belief that the systems will operate in a fair and impartial man-
ner, and their perception of preference. This dimension reflects students’ tendency to 
view AI systems as an accurate and reliable assessment tool. It also measures how 
they perceive the contribution of AI to the student learning process, the provision of 
feedback and the impact on student development. Students’ confidence in these sys-
tems may make them more inclined to use AI as a tool in their educational processes.

The negative attitudes dimension explores students’ concerns about AI-based sys-
tems, their worries about inaccurate scoring and inconsistent results, and the aspects 
of the system that they believe may be lacking compared to human assessment. This 
dimension addresses students’ resistance to AI and uncertainties in the feedback they 
receive from the system. In addition, the lack of the human factor may lead students 
to find AI-based systems emotionally inadequate. Mistrust and fear of such systems 
may lead students to develop negative attitudes towards AI-based assessments.

2.1.2  Generating an item pool

In developing the item pool, similar studies in the literature and qualitative analysis 
techniques were used. First, the items were reviewed from scale development studies 
in the literature on attitudes towards AI (Derinalp & Ozyurt, 2024; Grassini, 2023; 
Hadlington et al., 2023; Jang et al., 2022; Krägeloh et al., 2024; Marengo et al., 
2025; Park & Kim, 2023; Sindermann et al., 2021; Yılmaz et al., 2025). These stud-
ies guided the process of preparing items to be used in measuring attitudes towards 
AI-based scoring systems. Subsequently, a semi-structured interview form consisting 
of open-ended questions investigating students’ views on the assessment of student 
answers by AI-based systems was developed and 54 students, 25 high school stu-
dents and 29 university students, were interviewed. The students’ responses to the 
open-ended questions were analysed by the researchers using content analysis. An 
inductive approach inspired by Braun and Clarke (2006) was followed to identify 
meaningful patterns in the data. Two researchers independently coded the responses 
and reached consensus on the final codes through iterative comparison and discus-
sion. The codes were then grouped into main categories reflecting students’ trust, per-
ceived fairness, accuracy concerns, and emotional reactions toward AI-based scoring 
systems. These categories guided the creation of the item pool. An expert group of 7 
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people, consisting of experts in the field of information and instructional technolo-
gies and measurement and evaluation in education, was formed to create the question 
pool. The themes from the students’ responses were shared with the expert group 
and the expert group was asked to write a large number of items measuring attitudes 
towards AI scoring. The expert group wrote a total of 92 items in the first phase. 
The expert group initially developed 92 items, which were then subjected to detailed 
descriptive analysis. This analysis focused on assessing the similarity and content of 
the items. Items with overlapping content were merged, resulting in a draft scale of 
32 items (DeVellis, 2017).

2.1.3  Determining the measurement format

The choice of scale development technique depends on the trait being measured. This 
process should be carried out in parallel with the item generation phase (DeVellis, 
2017). As the AI-SAS is an attitude scale, it was developed in Likert-type scale for-
mat (Likert, 1932). The number of categories in the Likert-type scale was set at five, 
as generally accepted in the literature, and scored as ‘1 = strongly disagree’, ‘2 = dis-
agree’, ‘3 = undecided’, ‘4 = agree’ and ‘5 = strongly agree’ (Allen & Seaman, 2007).

2.1.4  Reviewing the item pool by experts

To assess the appropriateness of the 32-item AI-SAS form, an expert opinion form 
was developed. This form allowed experts to rate each item using the options: ‘appro-
priate’, ‘should be corrected’, ‘not appropriate’ and ‘your opinion’ (Berk, 1990). The 
expert opinion form was first sent to three academicians/teachers specialising in 
computer education and instructional technology. Their ratings indicated that 12 of 
the 32 items were inappropriate, while 20 were considered appropriate. Following 
a consensus among the researchers, the 12 inappropriate items were removed from 
the scale.In the second phase, the revised 20-item form was sent to four academics/
teachers specialising in educational measurement and evaluation. Their feedback 
indicated that 6 of the remaining 20 items were inappropriate, leaving 14 items 
as appropriate. In addition, the experts suggested that the terms ‘assignment’ and 
‘exam’ should be combined as ‘assignment/exam’ rather than used separately in 
the items. As a result, a final 14-item AI-SAS form was created to assess students’ 
attitudes towards AI-based grading of homework and exams. In the next stage, this 
14-item scale was administered to the participants for further analysis.

After the final 14-item form of the AI-SAS was created, cognitive interviews 
were conducted with 13 students (3 psychology, 5 law, 2 business and 3 high school) 
from different departments and levels to determine the appropriateness of the scale 
items. In the interviews, students were asked what they understood from the items 
in the 14-item draft form of the AI-SAS and what these items measured. Notes were 
taken throughout the cognitive interview process. The 14-item first draft of the AI-
SAS was finalised by making minor revisions to items that might not have been 
understood.
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2.1.5  Including validation elements

A validation item was included in the AI-SAS. The validation item was included in 
the 10th row of the scale as “Please mark this AI-related item as ‘undecided’.“. Par-
ticipants who did not mark ‘undecided’ were excluded from the sample. In addition, 
participants who marked the same option for all items at a high rate were labelled as 
inattentive responders and excluded from the research sample. As a result, 32 par-
ticipants in the first sample and 18 participants in the second sample were removed 
from the data.

2.1.6  Applying items to samples

In order to demonstrate the validity of the AI-SAS, the scale development process 
was conducted with two separate sample groups. The responses from the first sample 
were subjected to exploratory factor analysis (EFA) as well as convergent and diver-
gent validity procedures, while the responses from the second sample were subjected 
to confirmatory factor analysis (CFA). Data collection for both groups took place 
face-to-face during the autumn term of the 2024–2025 academic year, using conve-
nience sampling with voluntary participation. A critical aspect of scale development 
is the determination of an appropriate sample size. There are various recommenda-
tions in the literature on this issue. Many sources suggest that a sample size between 
300 and 500 is sufficient (Comrey & Lee, 1992; Tabachnick & Fidell, 2013). Other 
researchers suggest that the sample size should be at least five to ten times the number 
of items in the scale (Bentler & Chou, 1987; Kass & Tinsley, 1979). Some studies 
even suggest that a sample size between 100 and 200 may be acceptable (Kline, 
2014). Furthermore, in terms of statistical power, a minimum sample size of 384 
is recommended to ensure representation at a 95% confidence interval (Krejcie & 
Morgan, 1970). Based on these considerations, the first sample in this study consisted 
of 416 participants, while the second sample consisted of 441 participants, both of 
which meet the adequacy criteria for scale validation.

2.1.7  Assessment of validity evidence

In this study, there were two samples to be used in the EFA and CFA analyses. The 
initial sample sizes were 470 and 465 in the first and second samples respectively. 
Missing data were analysed first. In the data obtained from the first sample (EFA 
sample) it was found that the rate of missing data on an item basis was quite low 
(mean = 1.0%, min = 0.0%, max = 3.7%). Similarly, the rate of missing data for the 
second sample (CFA sample) was quite low (mean = 0.4%, min = 0.0%, max = 1.3%). 
Due to the low rate of missing data, the EM algorithm was used to replace the miss-
ing data (Dempster et al., 1977). After examining the missing data, a total of 50 
inattentive participants who marked one of the different options for the validation 
item were removed from the sample (Sample1: 32, Sample2: 18). Then, a total of 18 
responses that formed response patterns such that they marked the same response to 
all options (straight-line response) due to the fact that there are two different dimen-
sions in the scale were removed from the sample (Sample1: 12, Sample2: 6) because 
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they reduced data quality (Kim et al., 2019). Following these procedures, the final 
sample sizes were 416 for the first group and 441 for the second group. In order to 
assess the normality of the data distribution, the skewness and kurtosis values of 
the variables were examined. Since all scales had skewness and kurtosis coefficients 
within the acceptable range of [−1.5, + 1.5], the data were considered to be normally 
distributed (Tabachnick & Fidell, 2013).

Construct validity (EFA, CFA, convergent and divergent validity) and concurrent 
validity analyses were conducted to demonstrate the validity and reliability of the AI-
SAS. Prior to the EFA, the results of the Kaiser Meyer Olkin (KMO) and Bartlett’s 
sphericity tests were analysed. KMO test assesses whether the sample size is suitable 
for factor analysis and whether the correlations between items are high enough (Pett 
et al., 2003). If the correlations between items are not high enough, the items cannot 
be grouped into factors and it should be accepted that the items measure different 
variables. Bartlett’s sphericity test assesses whether the correlations between items 
are significant (Shrestha, 2021). A KMO value greater than 0.60 and the significance 
of Bartlett’s test (p < 0.01) indicate that the items can be grouped into factors (Tabach-
nick & Fidell, 2013). After applying the KMO and Bartlett’s sphericity tests, EFA 
was applied to the data obtained from the first sample. In determining the dimensions 
of the AI-SAS scale, factors with eigenvalues greater than 1.00 and explaining at 
least 5% of the total variance were considered (Guttman, 1954; Kaiser, 1960). The 
scree plot was also analysed (Cattell, 1966). In addition, a parallel analysis was car-
ried out and the number of factors and components suggested by the parallel analysis 
was also taken into account (Hayton et al., 2004). In EFA, the principal axis factoring 
(PAF) method, which is recommended for use in social sciences, was used as the fac-
tor extraction method (Winter & Dodou, 2012). In exploring the factor structure, EFA 
was first applied without rotation and then factor loadings were calculated using the 
‘promax’ rotation method, which is recommended when correlations between factors 
are found. Once the factor structure was obtained, corrected item-total correlations 
were also calculated. The Average Variance Extracted (AVE) coefficient was calcu-
lated to examine convergent validity. AVE is a value that calculates the average of 
the common variance of the items measuring a construct and shows how much of the 
variance of the items measuring the construct is explained by the factor. The literature 
suggests that an AVE of 0.50 and above is sufficient (Hair et al., 2022). The reliability 
of the factors was assessed using Composite Reliability (CR), Cronbach’s Alpha and 
McDonald’s Omega coefficients. CR is a coefficient based on factor loadings that 
assesses the internal consistency (reliability) of a scale and is expected to be 0.70 and 
above (Raykov et al., 2016). The interpretation of Cronbach’s Alpha and McDonald’s 
Omega was based on Cronbach’s (1951) criteria (acceptable ≥ 0.70, good ≥ 0.80 and 
excellent ≥ 0.90).

In the second stage, first-order (Model I) and second-order (Model II) CFA were 
applied to the data obtained from the second sample (n = 441) in order to confirm 
the construct obtained from the EFA. In evaluating the CFA results, the χ2/sd (chi-
squared goodness of fit), CFI (comparative goodness of fit index), TLI (Tucker-Lewis 
index), RMSEA (root mean square error of approximation) and SRMR (root mean 
square error of standardised residuals) goodness of fit indices of the model were 
examined. Acceptable values of model-data goodness of fit indices are as follows χ2/
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sd < 5; CFI ≥ 0.90; TLI ≥ 0.90; RMSEA ≤ 0.08; SRMR ≤ 0.08 (Kline, 2014; Bentler & 
Bonett, 1980; Hu & Bentler, 1999).

In the third step, concurrent validity was examined by calculating Pearson correla-
tion coefficients with two different scales in the literature that are considered to mea-
sure a similar and a different construct. In this regard, the General Attitudes towards 
Artificial Intelligence Scale (GAAIS) (developed by Schepman and Rodway (2020) 
and adapted to Turkish by Kaya et al. (2022) and the Artificial Intelligence Anxiety 
Scale (AI-Anxiety) (developed by Wang and Wang (2019) and adapted to Turkish by 
Akkaya et al. (2021) were used as they contain similar and different items to AI-SAS.

In the fourth stage, the measurement invariance of the scale was examined accord-
ing to five demographic variables in the data obtained from the first sample (n = 416). 
These variables and the number of participants in their subgroups were as follows 
Gender (Female = 276, Male = 140), School Type (High School = 195, Univer-
sity = 221), Daily Life AI Use (“Do you use artificial intelligence in your daily life?“; 
Yes = 326, No = 90), AI Attitude (How would you describe your opinion about arti-
ficial intelligence in general?; Positive = 254, Neutral = 140, Negative = 22), Content 
(Have you ever developed content with artificial intelligence?; Yes = 180, No = 235). 
Measurement invariance was assessed using multi-group confirmatory factor anal-
ysis (MG-CFA) by testing four hierarchical models: configural invariance, metric 
invariance, scalar invariance, and strict invariance (Vandenberg & Lance, 2000). 
Changes in comparative fit index (ΔCFI) values were considered to assess model-
data fit across these stages (Hu & Bentler, 1999; Schermelleh-Engel et al., 2003; 
Schumacker & Lomax, 2004). Progression to the next stage was only made when 
sufficient model fit was confirmed at the previous stage. While some studies sug-
gest testing the significance of chi-squared differences (Δχ²) to determine invariance 
between stages (Schmitt & Kuljanin, 2008), the chi-squared difference test tends to 
over-reject the null hypothesis in large samples due to its sensitivity to sample size. 
As an alternative, Cheung and Rensvold (2002) recommended using changes in CFI 
(ΔCFI) instead of Δχ². Following this approach, a ΔCFI value of ≤ 0.01 was adopted 
as the threshold for establishing measurement invariance across levels in this study 
(Cheung & Rensvold, 2002).

All analyses in the study were performed in R, using codes written by the research-
ers. Missing data imputation was performed using ‘mvdalab’ (Afanador et al., 2022), 
EFA analyses were performed using ‘psych’ (Revelle & Revelle, 2015), and CFA and 
MG-CFA analyses were performed using the ‘lavaan’ (Rosseel, 2012) and ‘SemPlot’ 
(Epskamp, 2015) packages.

3  Results

3.1  Construct validity

Prior to EFA, KMO and Bartlett’s tests were examined to test the suitability of the 
sample size and factorability of the data. KMO value = 0.93 and Bartlett’s test (χ2: 
2807.19, P = 0.00) (Table 2). These findings indicate that the sample size is sufficient 
and the data can be factorized under the factors.
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3.1.1  Exploratory factor analysis (EFA)

First, EFA without factor rotation was performed to explore the factor structure of the 
scale. The scree plot graph in Fig. 2 shows that there is a two-factor structure as two 
eigenvalues are greater than 1 (6.64, 1.30, 0.93, 0.74, 0.74, 0.62, …, respectively). 
Considering that 5% can be accepted as the percentage of variance explained when 
determining the number of factors, it can be seen that there is a two-factor structure 
(percentages of variance explained: 44.6%, 6.5%, 2.7%, 1.9%, 1.3%, …) (Guttman, 
1954). In addition, the parallel analysis also suggests that the scale has a structure con-
sisting of two factors and two components (Fig. 2). The EFA results show that the first 
version of the scale, consisting of 14 items, has a structure grouped under two factors.

The EFA results applied to the AI-SAS using the Promax factor rotation method 
are presented in Table 3.

As a result of EFA with factor rotation, it was decided to remove two items from 
the scale. While one of these items loaded low on the factors, the other item loaded 
on two factors (Clark & Watson, 2015; Jordan & Spiess, 2019). The two factors in 
the AI-SAS were named AI-SAS-Positive Attitude and AI-SAS-Negative Attitude, 
taking into account the items in the AI-SAS. There was a correlation of 0.66 between 
AI-SAS-Positive Attitude and AI-SAS-Negative Attitude.

3.1.2  Confirmatory factor analysis (CFA)

As a result of the EFA, the AI-SAS was found to have a structure consisting of two 
factors and 12 items. To confirm this structure, data were collected a second time 
from another group and CFA was applied. According to the CFA results, the model-
data fit indices were χ2/df = 1.89, CFI = 0.999, TLI = 0.998, RMSEA = 0.045 and 

Fig. 2  Scree Plot and Parallel Analysis

 

Test Statistic
Bartlett’s Test of Sphericity Approx. Chi-Square 2807.198

df 91
p 0.000

KMO 0.93

Table 2  AI-SAS KMO and 
bartlett’s test
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SRMR = 0.033 (Model I). According to these results, the model-data fit is quite good. 
This shows that the two-factor and 12-item structure of the AI-SAS was confirmed. 
In addition, a second level CFA was conducted to investigate whether the two-factor 
structure could be aggregated under a second level factor (Model II). According to 
the results of the second level CFA, the model-data fit indices were found to be χ2/
df = 1.92, CFI = 0.999, TLI = 0.997, RMSEA = 0.046 and SRMR = 0.033 (Model II). 
According to the results of the second level CFA, the model-data fit indices are quite 
good. This shows that the scores obtained from the AI-SAS can be summarized under 
a single component. (Table 4.)

The factor loadings of Model I and Model II are shown in Fig. 3. It is seen that the 
factor loadings of the items under the positive attitude factor of AI-SAS (Item 1, Item 
2, Item 3, Item 4, Item 7, Item 13) vary between 0.63 and 0.86, and the factor load-
ings of the items under the negative attitude factor of AI-SAS (Item 6, Item 8, Item 9, 
Item 10, Item 11, Item 12) vary between 0.67 and 0.83.

3.2  Convergent and divergent validity

The EFA scores, factor loadings, adjusted item-total correlations, average vari-
ance explained (AVE), composite reliability (CR) and reliability coefficients of the 

Factors Mean Sd Corrected 
Item-Total 
Correlation

Items 1 2
Item 1 0.850 3.10 1.09 0.696
Item 2 0.871 3.40 1.16 0.675
Item 3 0.745 2.79 1.18 0.621
Item 4 0.801 3.10 1.18 0.638
Item 5* 0.353 0.337 3.48 1.08 Loads on 

two factors.
Item 6 0.536 3.07 1.13 0.659
Item 7 0.721 2.97 1.03 0.731
Item 8 0.538 2.83 1.10 0.606
Item 9 0.623 2.58 1.10 0.599
Item 10 0.737 2.79 1.13 0.696
Item 11 0.861 2.75 1.18 0.547
Item 12 0.687 2.90 1.12 0.523
Item 13 0.581 3.23 1.12 0.659
Item 14* 3.12 1.60 Factor  

loadings 
low.

12 Items 6 Items 6 Items
AI-SAS AI-SAS-

Positive
AI-SAS-
Negative

AI-SAS 1.000
AI-SAS-
Positive

0.917 1.000

AI-SAS-
Negative

0.905 0.659 1.000

Table 3  EFA values of the 
AI-SAS
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12-item AI-SAS scale were calculated and convergent and divergent validity were 
examined (Table 5).

Looking at the convergent analysis values of the AI-SAS scale, the AVE values 
of the positive and negative factors are 0.63 and 0.53 respectively. The Cronbach 
Alpha reliability coefficients for the AI-SAS, AI-SAS-Positive and AI-SAS-Negative 
factors are 0.91, 0.89 and 0.85 respectively, while the McDonald’s Omega reliability 

Scale Reference value Model I Model II
χ2 100.3 100.3
p value 53 52
df 0.000 0.000
χ2/df < 5 1.892 1.929
RMSEA < 0.07 0.045 0.046
SRMR < 0.07 0.033 0.033
GFI > 0.90 0.998 0.998
AGFI > 0.90 0.994 0.993
NFI > 0.90 0.997 0.997
CFI > 0.92 0.999 0.999
TLI > 0.90 0.998 0.997

Table 4  CFA model fit indices 

Fig. 3  CFA Path Diagram for Model I and Model II. Note 1. Model I: Two Factor CFA Model, Model 
II: Second Level CFA Model. Note 2. Negative Attitude dimension was reverse coded
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coefficients are 0.93, 0.93 and 0.88 respectively. It can therefore be concluded that the 
AI-SAS scale has convergent validity. The factor loadings were above 0.50 in both 
sub-dimensions and the corrected item-total correlations were at acceptable levels. 
The total variance explained was 53%, which is considered sufficient for scale devel-
opment studies in the social sciences. The total explained variance of 53% obtained 
in this study is considered adequate for self-report scale research (Smedslund et al., 
2022). Average variance explained (AVE) values above 0.50 indicate that the scale 
has convergent validity. The CR values were 0.90 and 0.86 respectively, indicat-
ing that the internal consistency of both sub-dimensions was high. The Cronbach’s 
alpha values of the scale and its factors (0.91, 0.89 and 0.85) and the McDonald’s 
omega coefficients (0.93, 0.93 and 0.88) support that the reliability is high. These 
results suggest that the scale is a valid and reliable instrument for measuring attitudes 
towards AI-based scoring.

3.3  Concurrent validity

To demonstrate the concurrent validity of the AI-SAS scale, the General Attitudes 
Towards Artificial Intelligence Scale (GAAIS) consisting of two factors (positive 
attitudes-negative attitudes) and the Artificial Intelligence Anxiety Scale (AI Anxi-
ety) consisting of four factors (learning, job replacement, socio-technical blindness, 
AI configuration) were used (N = 416) (Table 6). In this study, the Cronbach’s alpha 
values of the GAAIS scale, GAAIS positive attitudes and GAAIS negative attitudes 
factors were 0.88, 0.90 and 0.82 respectively. The Cronbach’s alpha values of the 
AI fear scale and the learning, job replacement, socio-technical blindness, and AI 
configuration factors are 0.93, 0.92, 0.82, 0.82, and 0.93, respectively. Looking at the 
Pearson correlation values (r) between the scales and their sub-dimensions, it can be 
seen that there is a positive and moderate relationship between AI-SAS and GAAIS 
(r = 0.53). At the same time, there is a moderate and negative relationship between 
AI-SAS and the AI Anxiety scale (r=−0.34). All these results show the concurrent 

Table 5  AVE, reliability and explained variance percentages of the AI-SAS
Factor Items Factor 

Loadings
Corrected  
Item-Total 
Correlation

AVE CR Explained 
Variance 
Percentages

Cron-
bach 
Alpha

McDonald’s 
Omega

AI-SAS 
Positive
Attitude

Item 1 0.833 0.704 0.625 0.895 0.30 0.893 0.930
Item 2 0.845 0.658
Item 3 0.737 0.650
Item 4 0.780 0.657
Item 7 0.711 0.659
Item 13 0.577 0.745

AI-SAS 
Negative 
Attitude

Item 6 0.514 0.631 0.527 0.855 0.23 0.848 0.880
Item 8 0.532 0.604
Item 9 0.620 0.701
Item 10 0.724 0.552
Item 11 0.850 0.529
Item 12 0.667 0.674

AI-SAS 0.53 0.911 0.928
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validity of the AI-SAS scale. At the same time, the positive attitude factor of the 
AI-SAS shows small or moderate negative correlations with the factors of the AI-
Anxiety scale, while the positive attitude factor of the GAAIS shows positive and 
moderate correlations. On the other hand, the AI-SAS Negative Attitude factor has a 
moderate and positive correlation with the GAAIS Negative Attitude and a positive 
and moderate correlation with the sub-dimensions of the AI-Anxiety scale (as AI-
SAS Negative Attitude is reverse coded here, the direction of the relationship should 
be reversed when interpreting).

3.4  Measurement invariance

Measurement invariance was tested with MG-CFA according to five different demo-
graphic variables in the hierarchical order of configural invariance, metric invari-
ance, scalar invariance and strict invariance (Table 7). The value of ∆𝐶𝐹𝐼 was used 
to determine whether invariance was achieved between two hierarchical levels. 
A ∆𝐶𝐹𝐼<0.01 between levels indicates that measurement invariance is achieved 
(Cheung & Rensvold, 2002).

The Δ𝐶𝐹𝐼 value of the AI-SAS scale is less than 0.01 at all stages according to 
gender, school type, AI use in daily life, AI attitude and content development with 
AI variables (see Table 5). Therefore, the AI-SAS scale provides configural, metric, 
scalar and strict invariance according to five different demographic variables. This 
finding shows that the AI-SAS scale has a similar factor structure across different 
subgroups and can therefore be used to measure groups with different characteristics.

Table 6  Pearson correlation values between factors
1 2 3 4 5 6 7 8 9 10 11

1. AISAS
2. AISAS-Positive 
Attitude

0.917

3. AISAS-Nega-
tive Attitude

0.905 0.659

4. GAIAS 0.526 0.498 0.459
5. GAAIS-Posi-
tive Attitude

0.478 0.506 0.360 0.884

6. GAAIS-Nega-
tive Attitude

−0.369 −0.272 −0.405 −0.735 −0.333

7. AI Anxiety −0.335 −0.243 −0.371 −0.569 −0.39 0.581
8.
AI-ANX-Learning

−0.255 −0.192 −0.275 −0.516 −0.410 0.445 0.733

9. AI-ANX-Job 
Replacement

−0.323 −0.239 −0.353 −0.459 −0.312 0.473 0.835 0.390

10. AI-ANX-
Sociotechnical 
Blindness

−0.318 −0.227 −0.356 −0.446 −0.256 0.527 0.859 0.425 0.756

11.AI-ANX-AI 
Configuration

−0.195 −0.132 −0.228 −0.418 −0.271 0.450 0.841 0.492 0.615 0.671

Note AISAS-Negative Attitude variable is reverse coded
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3.5  How to score the scale

The AI-SAS scale consists of 12 items in total, 6 items in the AI-SAS positive attitude 
dimension and 6 items in the AI-SAS negative attitude dimension. Two items from 
the original 14-item draft (original Items 5 and 14) were removed after exploratory 
factor analysis; the remaining items were renumbered for the final 12-item AI-SAS. 
For cross-reference, see the Table 8 in Appendix-1 below. The items of the scale are 
given in Table 9 in Appendix-2.

The scores obtained from the items in the dimensions of the scale can be summed 
and used separately as two dimensions. In addition, the second level CFA results 
in Table 4 show that the items in the AI-SAS Negative Attitude dimension can be 
reverse coded and summed with the items in the AI-SAS Positive Attitude dimension 
and used by obtaining a single AI-SAS score. As a result, the AI-SAS Negative Atti-
tude and AI-SAS Positive Attitude dimensions can be used separately, or the AI-SAS 
Negative Attitude items can be reverse coded and summed with the AI-SAS Nega-
tive Positive items to obtain a single AI-SAS score. It can be interpreted that as the 
AI-SAS score obtained in this way increases, students’ positive attitudes towards AI 
scoring increase, whereas as the AI-SAS score decreases, students’ positive attitudes 
decrease.

Table 7  Measurement invariance by demografic variables
Demograf-
ic Variable

Stage χ2 sd χ2/sd 𝑅𝑀𝑆𝐸𝐴 𝑆𝑅𝑀𝑅 GFI AGFI 𝑇𝐿𝐼 𝐶𝐹𝐼 Δ𝐶𝐹I

Gender Config-
ural

161.684 106 1.525 0.032 0.040 0.999 0.998 0.994 0.995 -

Metric 144.083 116 1.242 0.029 0.045 0.998 0.998 0.995 0.996 0.001
Scalar 163.654 126 1.299 0.032 0.048 0.998 0.997 0.994 0.994 0.002
Strict 169.961 138 1.232 0.029 0.050 0.998 0.998 0.995 0.995 0.001

School 
Type

Config-
ural

174.777 106 1.649 0.034 0.041 0.999 0.998 0.993 0.995 -

Metric 148.032 116 1.276 0.031 0.048 0.998 0.998 0.994 0.995 0.000
Scalar 171.798 126 1.363 0.036 0.051 0.998 0.997 0.993 0.993 0.002
Strict 183.952 138 1.333 0.035 0.055 0.998 0.997 0.993 0.993 0.000

Daily Life 
AI Use

Config-
ural

171.654 106 1.619 0.037 0.043 0.999 0.998 0.992 0.993 -

Metric 172.256 116 1.485 0.041 0.050 0.998 0.997 0.990 0.991 0.002
Scalar 182.105 126 1.445 0.039 0.051 0.998 0.997 0.991 0.991 0.000
Strict 191.748 138 1.389 0.038 0.052 0.998 0.997 0.992 0.991 0.000

AI attitude Config-
ural

217.297 159 1.367 0.04 0.049 0.998 0.997 0.989 0.992 -

Metric 205.569 179 1.148 0.034 0.054 0.997 0.996 0.993 0.993 0.001
Scalar 228.866 199 1.150 0.034 0.057 0.997 0.996 0.992 0.992 0.001
Strict 247.498 223 1.110 0.03 0.059 0.997 0.996 0.994 0.993 0.001

Content Config-
ural

172.432 106 1.627 0.033 0.041 0.999 0.998 1.014 1.000 -

Metric 157.954 116 1.362 0.036 0.050 0.998 0.997 1.009 1.000 0.000
Scalar 168.071 126 1.334 0.034 0.051 0.998 0.997 1.009 1.000 0.000
Strict 172.981 138 1.253 0.031 0.052 0.998 0.997 1.010 1.000 0.000
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4  Discussion and conclusion

This study was conducted according to the scale development process proposed by 
DeVellis (2017). An operational plan, including the development steps of the AI-SAS 
scale, was prepared and the process steps were followed. EFA was applied to the data 
obtained by applying AI-SAS to the first sample and factor extraction was performed. 
CFA was applied to the data obtained from the second sample and the factor struc-
ture was confirmed. The results of the analysis show that AI-SAS consists of two 
factors: Positive Attitude, Negative Attitude. The Positive Attitude dimension mea-
sures individuals’ positive perceptions of AI-based scoring systems and their level of 
acceptance of these systems. In this dimension, there are items measuring the belief 
that artificial intelligence will assess exams and assignments in a fair, impartial and 
reliable way, the confidence that it can produce more consistent and reliable results 
compared to human assessors, that it will be seen as a facilitating and efficient tool 
in the assessment process in large-scale exams, and that it will be accepted as a valu-
able technological innovation in education. The AI-SAS Negative Attitude dimen-
sion measures individuals’ negative perceptions of AI-based scoring systems and 
their fear of these systems. This dimension includes items measuring concern about 
the possibility of making mistakes in AI-based scoring, perceptions of inaccurate or 
inconsistent scoring, perceptions of inadequacy in correctly understanding students’ 
responses, and general feelings of mistrust and discomfort towards AI-based scor-
ing. The 12-item AI-SAS has adequate reliability and content validity. The AI-SAS 
was also validated for construct, concurrent, convergent and divergent validity. The 
results indicate that the AI-SAS has very good psychometric properties and is an 
adequate instrument for measuring attitudes towards AI-based scoring.

4.1  Theoretical implications

This study develops the Artificial Intelligence Scoring Attitude Scale (AI-SAS) to 
measure students’ attitudes towards AI-based scoring and comprehensively evaluates 
its psychometric properties. The validated AI-SAS is broadly designed to provide an 
assessment framework that can be used for a wide range of different AI-based scoring 
technologies or for comparative assessments. Many scales have already been devel-
oped around the concept of AI attitude (Derinalp & Ozyurt, 2024; Grassini, 2023; 
Hadlington et al., 2023; Jang et al., 2022; Krägeloh et al., 2024; Marengo et al., 2025; 
Park & Kim, 2023; Sindermann et al., 2021; Yılmaz et al., 2025). The factor structure 
of six of the ten scales analysed in the literature review section consists of negative 
and positive dimensions, as in the AI-SAS. While one scale has a single factor, the 
other scales consist of three, five and six factor structures. AI-SAS had a similar 
factor structure to the majority of the AI Attitude scales. On the other hand, because 
AI-SAS measures attitudes towards the scoring of student responses by AI-based sys-
tems, it has a different and unique structure from all of these scales, both in terms of 
theory and items. The constructed AI-SAS consists of two factors: (1) AI-SAS Nega-
tive Attitude Factor (i.e., perceptions of fairness, impartiality, trust, and favourability 
towards AI scoring); (2) AI-SAS Negative Attitude (i.e., perceptions of concern that 
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AI scoring may be inaccurate, inconsistent scoring, inability to understand answers 
correctly, and general insecurity and discomfort).

Designed to understand and measure students’ attitudes towards Artificial Intelli-
gence (AI)-based scoring systems, AI-SAS can be used as an important research tool, 
particularly in the fields of educational technology and measurement and evaluation 
in education. In particular, the process of integrating AI into assessment processes 
can identify individuals’ perceptions, confidence levels and potential resistance 
points towards the technology and provide important insights into the applicability of 
AI-based assessment systems in educational settings. On the other hand, the attitudes 
of stakeholders are very important in the implementation of a new technology in 
education (Del Giudice et al., 2023; Park et al., 2024). Before using AI-based tech-
nologies in nationwide examinations, it is extremely important to obtain the opinions 
of stakeholders and to organise AI-based scoring systems in accordance with these 
opinions in terms of the implementation of a new technology (Horowitz et al., 2024; 
Tverskoi et al., 2022). In this context, AI-SAS can reveal the level of acceptance 
and reasons for discomfort towards AI assessment by providing deep insights from 
students in the evaluation of AI-based assessment systems. The data obtained can 
provide guiding recommendations for educational administrators, policy makers and 
system developers. AI-SAS can be used to identify individual differences towards 
AI-based assessment and grading systems. By examining the attitudes of students of 
different ages, levels of education or departments towards AI scoring, the variables 
that influence the acceptance or rejection of these systems can be analysed. In addi-
tion, AI-SAS can provide suggestions for comparing different AI-based assessment 
systems. As technology develops, different AI-based assessment systems will be 
developed and the data obtained from AI-SAS can be used to determine the effective-
ness of these systems. When measuring success in education, different measurement 
methods are used in different industries (e.g. scenario-based questions, open-ended 
questions, short-answer questions, performance evaluation, interview, etc.). There-
fore, students’ attitudes towards the evaluation of student responses obtained from 
different measurement methods with AI-based scoring tools will also be different. 
AI-SAS can be used to reveal the differences in students’ attitudes towards AI scoring 
according to different measurement methods. Again, AI-SAS can help researchers 
develop and test theories and models related to AI. With AI-SAS, researchers can 
conduct modelling studies that explore the relationships between different variables 
such as students’ motivation, anxiety, cognitive engagement, AI literacy, perceived 
enjoyment of AI (Cengiz & Peker, 2025; Liu & Reinders, 2025; Liu et al., 2025). The 
findings may provide new insights and understanding for more successful develop-
ment and application of theories and models related to AI.

4.2  Practical implications

The results of this study show that AI-SAS has satisfactory validity and reliabil-
ity. AI-SAS can be used to evaluate, rank or compare AI-based evaluation technolo-
gies or products. Companies, universities and public organisations are researching 
and producing AI-based evaluation systems with large budgets. AI-SAS can play an 
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important role in revealing the attitude and satisfaction obtained from these AI-based 
assessment products. In addition, the students in the sample in this study are at high 
school and university level, and the age range of the participants varies between 15 
and 48 years (mean = 19.3, SD = 3.7). It can therefore be seen that AI-SAS can be 
used at different levels of education and across a wide age range. In addition, the 
measurement invariance results in Table 4 show that the AI-SAS has measurement 
invariance across different groups, so that the results obtained from different groups 
are comparable. Therefore, the 12-item AI-SAS measurement tool will be able to 
guide developers and implementers of AI-based assessment systems to improve their 
systems by providing immediate feedback to users about their systems. In addition, 
the AI-SAS is designed in two dimensions to measure positive and negative attitudes. 
This allows the scale to be compared across two different dimensions of AI-based 
scoring systems.

The AI-SAS can be adapted and used in different studies according to the needs 
of researchers. In this study, AI-SAS was found to have a positive and moderate cor-
relation with the GAAIS and a negative and moderate correlation with the AI anxiety 
scale. In this context, AI-SAS can be used in cross-sectional or intervention studies 
aimed at improving student satisfaction and attitudes towards AI-based assessment 
systems. In addition, AI-SAS will play an important role in the design of studies 
aimed at identifying the factors that increase or decrease students’ attitudes towards 
AI-based scoring systems.

In recent years, Artificial Intelligence (AI)-based scoring systems have been 
increasingly used in education and business, offering innovative solutions to tradi-
tional assessment processes. However, the effective adoption of these technologies 
is directly related to the attitudes of individuals and organisations towards AI-based 
scoring systems. While users’ perceptions of these systems as fair, reliable and useful 
increase acceptance of the technology, negative attitudes make the adoption process 
more difficult (Horowitz et al., 2024; Tverskoi et al., 2022). Theoretical approaches 
to the acceptance of new technologies indicate that individuals’ perceptions and atti-
tudes play a critical role in the adoption process. In particular, the Technology Accep-
tance Model (TAM) developed by Davis (1989) shows that the ease of use and the 
benefits provided by a technology significantly influence the acceptance process of 
individuals. In this context, creating positive perceptions about the transparency, reli-
ability and fairness of AI-based scoring systems can facilitate users’ adoption of these 
systems (Chai et al., 2024). In addition to individual attitudes, social and organisa-
tional dynamics also shape the acceptance process of AI-based scoring technologies. 
In particular, factors such as concerns, algorithmic biases and the role of human fac-
tors in assessment processes directly influence perceptions of these systems (Starke 
et al., 2022; Chai et al., 2024). As a result, the effective diffusion of AI-based scoring 
technologies is directly related to users’ attitudes towards these systems. Strength-
ening the perception that the technology is fair, reliable and useful is one of the 
main factors that accelerate the adoption process. In this direction, the AI-SAS scale, 
awareness-raising training, regulations developed within an ethical framework and 
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user-friendly system designs will contribute to determining the level of acceptance of 
AI-based scoring technologies by the wider masses.

4.3  Limitations and suggestions

In this study, AI-SAS was developed to measure students’ attitudes towards AI-based 
scoring systems. Although all stages of the scale development process were carefully 
applied in the development of AI-SAS, our study has some limitations. Firstly, proba-
bilistic sampling methods were not used to determine the sample in the development 
of AI-SAS, but random sampling was used. Therefore, the results of this study may 
not be generalisable to students in other countries and this needs to be investigated. 
There may be differences especially in countries with different levels of information 
and technology. Therefore, this study suggests that future researchers should conduct 
cross-cultural studies to verify the appropriateness of AI-SAS. Secondly, the sample 
in this study consists of high school and university students. Primary and secondary 
school students were not included in the sample due to concerns that they may not 
have sufficient knowledge, equipment, and attitudes towards AI. Therefore, the fact 
that the AI-SAS was not investigated among primary and secondary school students 
is another limitation of this research. Thirdly, the data collected in this study were 
based on participants’ self-reports. Biases such as social desirability, which reflect 
the tendency to provide responses that present oneself in a favorable light, may have 
influenced participants’ answers. Consequently, positive attitudes may have been 
overstated, while negative attitudes may have been understated. It is therefore con-
sidered valuable to apply the scale to different social or cultural groups in future 
research. Fourth, the educational context of the participants represents a potential 
limitation. The participants in this study shared similar educational environments 
and systems. Therefore, the attitudes of students from similar educational settings 
may not represent those of individuals in different contexts. Fifth, the cross-sectional 
design of this study represents another limitation. In future research, it is recom-
mended that the AI-SAS be employed in longitudinal research designs to monitor 
how students’ attitudes toward AI-based scoring evolve over time as AI technologies 
continue to develop and become more integrated into educational settings. Moreover, 
experimental studies could be conducted to test the effectiveness of interventions 
aimed at enhancing students’ trust and acceptance of AI-based scoring systems—
such as transparency-enhancing feedback mechanisms, AI literacy training, or mixed 
human–AI evaluation models. Furthermore, integrating the AI-SAS into theoretical 
frameworks such as the Technology Acceptance Model (TAM) or the Unified Theory 
of Acceptance and Use of Technology (UTAUT) would provide deeper insights into 
the cognitive and affective mechanisms underlying the adoption and use of AI-based 
assessment tools. Such theoretical integration would not only strengthen the con-
struct validity of the AI-SAS but also contribute to advancing theoretical understand-
ing of AI acceptance in educational contexts.
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Appendix 1

Original item number Final (current) item 
number

Comment

1 1 unchanged
2 2 unchanged
3 3 unchanged
4 4 unchanged
5 — Removed after EFA
6 5 renumbered (origi-

nal 6 → final 5)
7 6 renumbered (origi-

nal 7 → final 6)
8 7 renumbered
9 8 renumbered
10 9 renumbered
11 10 renumbered
12 11 renumbered
13 12 renumbered (origi-

nal 13 → final 12)
14 — Removed after EFA

Table 8  Final item mapping 
table

Note 1.The original item number indicates the numbers in the 
original form of the scale and those used in the analyses in the 
article. Two items (original Items 5 and 14) were removed from the 
original 14-item draft following exploratory factor analysis, and the 
AI-SAS items were renumbered to obtain the final (current) item 
number. The final (current) item number corresponds to the item 
numbers in Appendix 2
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