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Abstract 

The rapid integration of artificial intelligence (AI) in mathematics education has shifted instructional 

practices beyond efficiency toward more transformative learning experiences. However, the successful 

adoption of AI depends largely on pre-service teachers' acceptance of these technologies. This study 

aimed to develop and validate a Technology Acceptance Model (TAM)–based instrument to measure 

pre-service mathematics teachers' acceptance of AI in transformative learning contexts. A research and 

development design employing the 4D model (Define, Design, Develop, Disseminate) was 

implemented. The instrument focused on four core TAM constructs: Perceived Usefulness of AI (PU-

AI), Perceived Ease of Use of AI (PEOU-AI), Attitude Toward Use of AI (ATU-AI), and Behavioural 

Intention to Use AI (BI-AI), with items contextualised for mathematics learning and transformative 

pedagogical practices. Content validity was evaluated by two expert validators using the Gregory 

content validity coefficient, and interrater reliability was assessed to ensure consistency across expert 

evaluations. The results indicated high content validity (V = 0.90) and strong inter-rater agreement 

(80%), supporting the adequacy and clarity of the developed items. A pilot test involving 47 pre-service 

mathematics teachers was conducted to examine the clarity and usability of the instrument. Based on 

expert feedback and pilot testing, a final instrument comprising 20 items was produced, with each item 

representing a distinct indicator across the four constructs. Based on the results, this instrument is a 

potentially context-sensitive tool for assessing AI acceptance among pre-service mathematics teachers. 

These initial findings may inform future research and evaluation efforts, though further psychometric 

testing, including internal reliability, construct validity, and factor analysis, is recommended before 

broader application in AI-supported mathematics education. 
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INTRODUCTION  

Despite the growing integration of AI, where its potential to enhance conceptual 

understanding, problem-solving, and student engagement has been increasingly documented 

(Canonigo, 2024; Gabriel et al., 2025; Song et al., 2025), a critical gap remains: little is known 

about how pre-service mathematics teachers perceive and accept these tools. Without a reliable, 

context-sensitive instrument to measure such acceptance, efforts to prepare future teachers for 
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AI-supported classrooms lack an empirical foundation (Runge et al., 2025; Walter, 2024). This 

study addresses that gap directly (Runge et al., 2025; Walter, 2024).  Empirical studies in 

elementary and secondary mathematics classrooms report improvements in performance and 

problem-solving abilities when AI tools are meaningfully integrated, while also revealing 

concerns about ethics, privacy, and over-reliance on technology (Canonigo, 2024; Song et al., 

2025; Wang et al., 2025). These developments underscore that successful AI integration 

depends not only on technical quality but crucially on teachers' and students' acceptance, 

including their trust, perceived value, and alignment with pedagogical visions (Gustilo et al., 

2024; Van Den Berg & Papadopoulos, 2024; Wang et al., 2025). Many AI initiatives fail or 

remain superficial because users do not fully accept AI as part of their practice, even when tools 

are technically sound (Gustilo et al., 2024; Runge et al., 2025; Zhang et al., 2023). 

Recent work emphasises that AI in mathematics education can support transformative 

learning rather than just efficiency. "Pragmatic AI" has been proposed as a research agenda 

where AI helps reshape teacher–student interactions, achievement emotions, and learners' sense 

of competence and control, thereby enabling more meaningful and emotionally supportive 

mathematics learning experiences (Gabriel et al., 2025). Classroom studies show that AI tutors 

and tools can mediate rich interactions between pre-service mathematics teachers, instructors, 

and mathematical content, prompting them to reconsider instructional decision-making, 

teacher–AI partnerships, and ways of fostering deeper student engagement beyond answer-

getting (Biton & Segal, 2025; Song et al., 2025; Yılmaz et al., 2025). Generative AI activities, 

such as using ChatGPT for problem posing and refinement, can transform pre-service 

mathematics teachers' technological pedagogical content knowledge (TPACK) and problem-

posing practices, encouraging them to rethink mathematical tasks, real-world relevance, and 

inquiry-based approaches (Biton & Segal, 2025; Song et al., 2025). Such findings position AI 

as a catalyst for reconfiguring professional identities and beliefs about teaching and learning 

mathematics, aligning closely with the core concerns of transformative learning. 

While the Technology Acceptance Model (TAM) offers a well-established framework for 

predicting technology adoption through Perceived Usefulness (PU), Perceived Ease of Use 

(PEOU), Attitude Toward Use (ATU), and Behavioral Intention (BI), its direct application to 

AI acceptance among pre-service mathematics teachers remains underexplored. This gap raises 

a pressing question: Is there an instrument that captures AI acceptance in this specific 

educational context? The absence of such an instrument constitutes the primary problem this 

study seeks to address (Alejandro et al., 2024; Dahri et al., 2024; Prieto et al., 2020; Runge et 

al., 2025; Zhang et al., 2023). Across diverse samples of pre-service teachers, in-service 
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teachers, and students, PU and PEOU consistently emerge as primary predictors of BI toward 

AI tools, generative AI, and AI-based educational applications (Alejandro et al., 2024; Dahri et 

al., 2024; Li et al., 2024; Runge et al., 2025; Zhang et al., 2023, 2025). Extended TAM models 

add constructs such as AI self-efficacy, AI literacy, enjoyment, trust, anxiety, and social 

influence to better capture the complexities of AI integration (Alejandro et al., 2024; Dahri et 

al., 2024; Guo et al., 2025; Li et al., 2024; Prieto et al., 2020; Runge et al., 2025; Zhang et al., 

2025). For example, AI-related teacher training and AI-TPACK increase perceived usefulness 

and ease of use, which in turn enhance intentions and actual use of AI in future teaching (Runge 

et al., 2025), while AI awareness shapes PU, PEOU, attitudes, and usage behaviour among K-

12 mathematics teachers adopting generative AI (Wang et al., 2025). These results confirm the 

relevance of TAM for AI in education and underscore the centrality of user perceptions for 

successful AI adoption. 

However, current TAM-based instruments have notable limitations in understanding pre-

service mathematics teachers' engagement with AI in transformative learning. Many studies 

rely on generic TAM scales that treat AI as a broad educational or productivity technology, 

with items that could apply to any digital tool (Alejandro et al., 2024; Dahri et al., 2024; Li et 

al., 2024; Prieto et al., 2020; Runge et al., 2025; Zhang et al., 2023, 2025). Even instruments 

explicitly developed to measure teachers' acceptance of AI or AI-based assessment tend to 

operationalise PU, PEOU, ATU, BI, self-efficacy, and anxiety at a general level (e.g., "AI in 

education", "AI-based assessment"), without embedding mathematics-specific content, 

representations, or disciplinary practices (Guo et al., 2025; Prieto et al., 2020; Zhang et al., 

2023). While these instruments provide robust psychometric evidence and useful insights into 

overall AI acceptance, they do not fully capture how mathematical problem solving, conceptual 

understanding, or domain-specific pedagogical strategies interact with AI use in ways that 

might facilitate or hinder transformative learning for future mathematics teachers (Biton & 

Segal, 2025; Canonigo, 2024; Gabriel et al., 2025; Gurer, 2021; Song et al., 2025; Yılmaz et 

al., 2025). 

Furthermore, existing TAM-based instruments developed for general technology 

adoption have not been adequately contextualised for the specific demands of AI integration in 

mathematics education, particularly regarding the unique pedagogical roles and learning 

experiences of pre-service mathematics teachers. This study, therefore, focuses on developing 

a TAM-based instrument that is contextually grounded in AI-supported mathematics education, 

rather than extending TAM with additional theoretical constructs. Studies linking TAM to 

metacognitive self-regulated learning, intrinsic motivation, or engagement with AI (e.g., 
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ChatGPT as a metacognitive tool) show that AI can support reflective and self-directed learning 

processes (Dahri et al., 2024; Li et al., 2024). Yet these works still measure acceptance primarily 

through standard PU, PEOU, ATU, and BI items, occasionally supplemented with enjoyment, 

trust, or anxiety, rather than operationalising critical reflection, perspective transformation, or 

shifts in professional identity as mathematics teachers (Biton & Segal, 2025; Dahri et al., 2024; 

Gabriel et al., 2025; Gurer, 2021; Song et al., 2025). Research on pre-service mathematics 

teachers' pedagogical beliefs and technology acceptance suggests that constructivist beliefs 

significantly influence TAM constructs and intentions to use technology (Gurer, 2021), 

indicating that transformative orientations matter, but these beliefs are not integrated into AI-

specific acceptance instruments. Consequently, current measures cannot distinguish between 

accepting AI as a convenient add-on and accepting AI as a driver of deeper pedagogical change 

in mathematics education. 

This leads to a clear research gap: (a) TAM has been extensively applied to AI in 

education, but predominantly with general-purpose instruments; (b) there are few instruments 

targeting AI acceptance specifically in mathematics education, and those that do exist still focus 

on generic TAM dimensions without systematically embedding the epistemic, affective, and 

representational particularities of mathematics; and (c) there is virtually no validated TAM-

based instrument that explicitly integrates AI, mathematics education, and transformative 

learning in the context of pre-service mathematics teachers (Biton & Segal, 2025; Canonigo, 

2024; Gabriel et al., 2025; Guo et al., 2025; Gurer, 2021; Prieto et al., 2020; Runge et al., 2025; 

Song et al., 2025; Wang et al., 2025; Yılmaz et al., 2025; Zhang et al., 2023, 2025). Addressing 

this gap is essential both for advancing theoretical understanding of how transformative 

learning processes interact with TAM constructs and for providing teacher educators with 

diagnostic tools to design and evaluate AI-rich, critically reflective mathematics teacher 

education. 

In response, the present study aims to develop a TAM-based instrument specifically 

contextualised to AI integration in mathematics education, designed to measure pre-service 

mathematics teachers' perceived usefulness, perceived ease of use, attitude toward use, and 

behavioral intention regarding AI-supported learning. The novelty of this study lies not in the 

addition of new theoretical constructs, but in the contextual adaptation of TAM to the specific 

pedagogical setting of pre-service mathematics teacher education in the context of AI adoption. 

The instrument retains the core TAM constructs of Perceived Usefulness, Perceived Ease of 

Use, Attitude Toward Use, and Behavioral Intention, while embedding mathematics-specific 

and transformative-learning-oriented items that reflect how pre-service mathematics teachers 
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encounter AI as a catalyst for rethinking their instructional practices, beliefs, and professional 

identities. 

Theoretically, this study contributes to the literature by integrating the Technology 

Acceptance Model with transformative learning perspectives in the specific context of AI-

supported mathematics education, thereby extending TAM beyond conventional technology 

use to encompass deeper transformative learning processes. Methodologically, the study offers 

a systematic model for instrument development by combining the 4D approach with Gregory-

based content validity analysis and inter-rater reliability procedures, which can serve as a 

reference for future psychometric development in educational research. In practice, the 

resulting questionnaire serves as a ready-to-use tool for mathematics education programs to 

evaluate students' acceptance of and perceptions of AI use in their courses, particularly in pre-

service mathematics teacher education. 

 

METHOD  

This study employed a research-and-development design based on the 4D model (Define, 

Design, Develop, Disseminate). The 4D model was systematically implemented to guide the 

stages of needs analysis, instrument construction, expert validation, pilot testing, and 

dissemination of the final product. Each phase was adapted to meet psychometric standards for 

educational measurement, particularly for the development of an assessment tool in 

mathematics education. The research was conducted in the Mathematics Education Study 

Program at UIN Kiai Ageng Muhammad Besari Ponorogo. The participants in this study were 

undergraduate students in the mathematics education program. Sampling procedures, inclusion 

criteria, and sample size were determined to ensure that the participants adequately represented 

pre-service mathematics teachers in this institutional context. Data analysis procedures were 

carried out in accordance with the objectives of each development phase. Descriptive statistics 

were used to examine item distributions, response patterns, and instrument clarity. Reliability 

analyses were conducted to evaluate the instrument's internal consistency, and additional 

psychometric analyses were employed where relevant to refine the developed product. 

Content validity was established using expert judgment and quantified with the Gregory 

content validity coefficient. A panel of subject-matter experts was asked to evaluate each item 

for its relevance and representativeness of the intended construct. Experts classified each item 

as relevant or irrelevant, and the Gregory index was computed from the proportion of agreement 

and disagreement among them. Items that did not meet the predetermined content validity 
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criteria were revised or eliminated prior to subsequent testing stages. Inter-rater reliability was 

examined to ensure consistency among expert evaluations in the content validation process.  

Agreement between raters was assessed using the percentage agreement method, reflecting the 

proportion of items on which all raters provided concordant judgements.  

 

RESULTS AND DISCUSSION  

Define Stage 

Needs Analysis 

The needs analysis confirmed that AI tools had already been introduced into mathematics 

learning activities (e.g., for problem solving, visualisation, feedback, and drill), yet not all pre-

service mathematics teachers reported positive acceptance or regular use of these tools. 

Students indicated both perceived benefits (such as support for conceptual understanding and 

efficiency in solving tasks) and concerns, including over-reliance on AI, uncertainty about 

accuracy, and difficulties integrating AI meaningfully into learning processes. These findings 

are consistent with prior work showing that AI can enhance mathematical learning, but also 

raise pedagogical and emotional challenges for learners and teachers (Canonigo, 2024; Gabriel 

et al., 2025; Stefanova & Georgiev, 2024; Yi et al., 2024). 

In the local context, no standardised instrument was identified that specifically measured 

pre-service mathematics teachers' acceptance of AI within a transformative learning orientation 

(i.e., focusing on conceptual change, critical reflection, and changes in teaching beliefs). 

Existing TAM-based instruments were developed for general technology adoption and have not 

been contextualised to the pedagogical demands and disciplinary characteristics of mathematics 

teacher education (Canonigo, 2024; Li et al., 2024). This instrument-level gap, identified 

through literature review rather than empirical field data, constitutes the primary justification 

for the development of a contextualised TAM-based instrument targeted specifically at pre-

service mathematics  teachers engaging with AI-supported learning. 

Construct Identification 

Based on the needs analysis and the Technology Acceptance Model, four core constructs 

were retained as the conceptual basis of the instrument: (a) Perceived Usefulness of AI (PU-

AI): the extent to which pre-service mathematics teachers believe that using AI will improve 

the effectiveness, depth, and quality of mathematics learning, including conceptual 

understanding, problem solving, and reflective thinking  (Canonigo, 2024; Li et al., 2024)(b) 

Perceived Ease of Use of AI (PEOU-AI): the degree to which AI tools are perceived as easy to 
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learn, operate, and integrate into mathematics learning activities without excessive cognitive or 

technical effort (Canonigo, 2024; Li et al., 2024)(c) Attitude Toward Use of AI (ATU-AI): 

overall positive or negative evaluations and feelings about using AI in mathematics learning 

environments, including openness to experimentation and perceived compatibility with 

meaningful and transformative learning (Canonigo, 2024; Li et al., 2024)(d) Behavioral 

Intention to Use AI (BI-AI): the strength of intention to continue using, or to adopt, AI tools in 

future mathematics teaching and learning practices, particularly for facilitating higher-order 

and transformative learning experiences (Canonigo, 2024; Li et al., 2024). 

Each construct was operationalised to explicitly refer to the use of AI in mathematics 

learning tasks (e.g., exploring multiple solution strategies, visualising abstract concepts, 

engaging in reflective dialogue with AI systems) 

Indicator Formulation 

Indicators for each construct were formulated by synthesising classical TAM indicators, 

extensions of TAM in AI education, and theoretical work on AI-supported and transformative 

mathematics learning (Canonigo, 2024; Gabriel et al., 2025; Li et al., 2024; Stefanova & 

Georgiev, 2024; Yi et al., 2024). For PU-AI, indicators captured perceived enhancement of 

conceptual understanding, problem-solving performance, engagement, and critical reflection. 

For PEOU-AI, indicators reflected ease of learning AI tools, clarity of interfaces, and perceived 

effort required to integrate AI into coursework. ATU-AI indicators reflected enjoyment, 

alignment of perceived value with good teaching, and willingness to explore AI-based 

pedagogies. BI-AI indicators described future use intentions and peer recommendations for AI. 

An indicative summary of the indicator formulation is presented in Table 1. 

Table 1. Instrument Indicators 

Construct Indicators Citations 

PU-AI 1. Perceived enhancement of learning engagement and 

enjoyment through AI-supported mathematics 

learning 

2. Perceived efficiency improvement in completing 

mathematics tasks and accelerating learning through 

AI 

3. Perceived support for self-directed and autonomous 

mathematics learning enabled by AI 

4. Perceived effectiveness of AI in facilitating error 

detection, correction, and conceptual understanding in 

mathematics 

5. Perceived usefulness of AI-generated feedback in 

improving mathematics learning outcomes 

(Canonigo, 2024; 

Gabriel et al., 

2025; Li et al., 

2024; Stefanova 

& Georgiev, 

2024; Yi et al., 

2024) 



Unlocking AI acceptance among pre-service mathematics teachers...  

 

72 
 

PEOU-AI 1. Perceived ease of learning to use AI for mathematics 

learning activities 

2. Perceived user-friendliness and operational simplicity 

of AI interfaces in mathematics learning 

3. Perceived independence in using AI for mathematics 

learning without external support 

4. Perceived low cognitive and operational effort 

required to use AI in mathematics learning 

5. Perceived time efficiency in mathematics learning 

preparation through AI use 

(Canonigo, 2024; 

Gupta et al., 2025; 

Li et al., 2024) 

ATU-AI 1. Positive affective response toward the use of AI in 

mathematics learning 

2. Positive evaluative belief regarding the impact of AI 

on mathematics learning 

3. Favourable disposition toward the future adoption of 

AI in mathematics learning 

4. Positive emotional evaluation of AI use in enhancing 

enjoyment in mathematics learning 

5. Positive overall attitude toward AI as a facilitator of 

success in mathematics learning 

(Canonigo, 2024; 

Deng et al., 2019, 

p. 20; Li et al., 

2024) 

BI-AI 1. Intention to recommend and promote the use of AI for 

mathematics learning to others 

2. Intention to integrate AI into the preparation and 

implementation of mathematics teaching and learning 

activities 

3. Willingness to explore and adopt new AI features for 

mathematics learning purposes 

4. Intention to invest time and effort in developing 

competencies related to AI use in learning contexts 

5. Long-term commitment to continuous learning and 

professional development related to AI in education 

(Canonigo, 2024; 

Li et al., 2024) 

 

Design Stage 

Instrument Blueprint 

A detailed instrument blueprint (table of specifications) was produced linking 

constructs, indicators, and item codes. Each indicator within each construct was initially 

represented by two to three items in the instrument. The initial allocation yielded a balanced 

distribution of items across constructs to ensure adequate coverage and redundancy for 

subsequent psychometric screening, following best-practice recommendations for scale 

development (Gupta et al., 2025; Stefana et al., 2025; Zickar, 2020). An illustrative 

specification is presented in Table 2. 

Table 2. Instrument Blueprint 

Construct Indicators Initial Items  

PU-AI 1. Perceived enhancement of learning engagement and 

enjoyment through AI-supported mathematics learning 

10 
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Construct Indicators Initial Items  

2. Perceived efficiency improvement in completing 

mathematics tasks and accelerating learning through AI 

3. Perceived support for self-directed and autonomous 

mathematics learning enabled by AI 

4. Perceived effectiveness of AI in facilitating error 

detection, correction, and conceptual understanding in 

mathematics 

5. Perceived usefulness of AI-generated feedback in 

improving mathematics learning outcomes 

PEOU-AI 1. Perceived ease of learning to use AI for mathematics 

learning activities 

2. Perceived user-friendliness and operational simplicity of 

AI interfaces in mathematics learning 

3. Perceived independence in using AI for mathematics 

learning without external support 

4. Perceived low cognitive and operational effort required to 

use AI in mathematics learning 

5. Perceived time efficiency in mathematics learning 

preparation through AI use 

15 

ATU-AI 1. Positive affective response toward the use of AI in 

mathematics learning 

2. Positive evaluative belief regarding the impact of AI on 

mathematics learning 

3. Favourable disposition toward the future adoption of AI in 

mathematics learning 

4. Positive emotional evaluation of AI use in enhancing 

enjoyment in mathematics learning 

5. Positive overall attitude toward AI as a facilitator of 

success in mathematics learning 

15 

BI-AI 1. Intention to recommend and promote the use of AI for 

mathematics learning to others 

2. Intention to integrate AI into the preparation and 

implementation of mathematics teaching and learning 

activities 

3. Willingness to explore and adopt new AI features for 

mathematics learning purposes 

4. Intention to invest time and effort in developing 

competencies related to AI use in learning contexts 

5. Long-term commitment to continuous learning and 

professional development related to AI in education 

10 

 

Initial Item Pool 

The initial item pool consisted of approximately 50 Likert-type statements, evenly 

covering the four constructs. Items were written in clear, student-appropriate English and 

embedded in mathematics learning scenarios involving AI (e.g., using AI to explore multiple 

solution methods, to receive hints, or to visualise graphs). Item wording followed principles of 

clarity, simplicity, and unidimensionality as recommended in measurement guidelines (Gupta 
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et al., 2025; Stefana et al., 2025; Zickar, 2020). Examples of PU-AI items included statements 

such as "AI helps me complete mathematics tasks or exercises and learn mathematics more 

quickly." 

Format and Scale 

All items were formatted as closed-ended statements rated on a five-point Likert scale 

ranging from 1 ("strongly disagree") to 5 ("strongly agree"). The questionnaire began with brief 

instructions and demographic questions (e.g., semester, prior AI experience), followed by items 

grouped by the four TAM constructs. This format aligns with standard practice in technology 

acceptance and educational scale development (Canonigo, 2024; Deng et al., 2019, p. 20; Li et 

al., 2024). 

 

Develop Stage 

Content Validity (Gregory Analysis) 

Content validity was evaluated by a panel of two experts in mathematics education and 

educational technology/AI, consistent with recommendations to use expert panels for content 

validation (Gupta et al., 2025; Pueyo‐Garrigues et al., 2020; Stefana et al., 2025). Each expert 

rated the item's relevance to its intended construct (relevant/irrelevant). Using the Gregory 

coefficient, indices were calculated for each item. 

Most items achieved Gregory indices in the acceptable to high range (e.g., V ≥ 0.75), 

comparable to values reported for other educational and evaluation instruments (Qin et al., 

2025; Setiawan et al., 2024). A summary table for the content validity is presented in Table 3. 

Table 3. Summary of Content Validity Gregory 

Expert Judgement Results 

Rater I 

Less Relevant 

(Score 1-2) 

Highly Relevant 

(Score 3-4) 

Rater II 

Less Relevant 

(Score 1-2) 
0 0 

Highly Relevant 

(Score 3-4) 
1 9 

Content validation was conducted by two expert validators. The results of the expert judgment 

are presented in Table 3. Based on the Gregory formula, the content validity coefficient was 

calculated as follows. 

𝑉 =  
9

0 + 0 + 1 + 9
= 0,9 

The obtained content validity index of 0.90 indicates a high level of agreement between 

the two validators. Therefore, the developed questionnaire is content valid and suitable for use. 
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Furthermore, based on the expert validators' suggestions and feedback, each indicator within 

each construct was adequately represented by a single item. As a result, the final version of the 

instrument comprised 20 items, each representing a distinct indicator, as presented in Table 4. 

Table 4. Final Items of the Instrument 

Construct Statement Item Final Items  

PU-AI 1. Using AI makes mathematics learning more engaging and 

enjoyable 

2. AI helps me complete mathematics tasks and learn 

mathematics more efficiently 

3. AI supports me in learning mathematics independently 

without relying heavily on others 

4. AI helps me identify and correct mistakes, as well as 

deepen my understanding of mathematical concepts 

5. Using AI provides useful feedback that helps me achieve 

better mathematics learning outcomes 

5 

PEOU-AI 1. I find AI technology easy to learn for use in mathematics 

learning 

2. I find the AI interface in mathematics learning user-

friendly and easy to operate 

3. I can use AI in mathematics learning without much 

assistance from others 

4. I feel that using AI in mathematics learning does not 

require much additional effort 

5. I feel that using AI helps save time in preparing 

mathematics learning materials 

5 

ATU-AI 1. I feel pleased, satisfied, and enthusiastic when using AI in 

mathematics learning 

2. I believe that AI has a positive impact on mathematics 

learning 

3. I support the application of AI in mathematics learning in 

the future 

4. I believe that using AI makes mathematics learning more 

enjoyable 

5. I feel that using AI supports my success in mathematics 

learning 

5 

BI-AI 1. I would recommend the use of AI for mathematics 

learning to my peers or colleagues 

2. I plan to use AI in preparing and designing mathematics 

learning materials and integrating it with instructional 

methods 

3. I am willing to explore new features offered by AI to 

support mathematics learning 

4. I am willing to dedicate time to learning more about the 

use of AI in education 

5. I am committed to continuously updating my knowledge 

of AI to support mathematics learning 

5 
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Inter-Rater Reliability 

The instrument's reliability in this study was established using an inter-rater agreement 

(IRA) approach, involving two independent raters. IRA quantifies the extent to which different 

raters assign the same score to the same items, and is widely used to evaluate the consistency 

and trustworthiness of observational or expert-based ratings in education, psychology, and 

health research (McHugh, 2012; O’Neill, 2017; Shweta et al., 2015). In line with common 

practice, percent agreement was used as the index of IRA by counting the number of items 

scored identically by both raters and dividing this by the total number of items, then expressing 

the result as a percentage (McHugh, 2012; Shweta et al., 2015; Westergård et al., 2019). The 

reliability estimate based on inter-rater agreement was calculated using the following formula. 

𝐼𝑛𝑡𝑒𝑟 − 𝑟𝑎𝑡𝑒𝑟 𝑎𝑔𝑟𝑒𝑒𝑚𝑒𝑛𝑡 =  
𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑖𝑡𝑒𝑚𝑠 𝑠𝑐𝑜𝑟𝑒𝑑 𝑖𝑑𝑒𝑛𝑡𝑖𝑐𝑎𝑙𝑙𝑦 𝑏𝑦 𝑏𝑜𝑡ℎ 𝑟𝑎𝑡𝑒𝑟𝑠

𝑇𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑖𝑡𝑒𝑚𝑠
× 100% 

After the content validation phase, the questionnaire was subjected to this reliability test 

to ensure consistency of judgments between raters. Two raters with expertise in mathematics 

education independently scored the instrument items. Based on their ratings, the inter-rater 

agreement was: 

𝐼𝑛𝑡𝑒𝑟 − 𝑟𝑎𝑡𝑒𝑟 𝑎𝑔𝑟𝑒𝑒𝑚𝑒𝑛𝑡 =  
8

10
× 100% = 80% 

An IRA value of 80% indicates a high level of exact agreement between the two raters 

on the questionnaire items. Percent agreement around or above 0.80 is often cited as an 

acceptable benchmark for inter-rater agreement in applied educational and observational 

research, particularly when percent agreement or "percent within one" is used as the main 

reliability index (McHugh, 2012; Shweta et al., 2015; Westergård et al., 2019; Wilhelm et al., 

2018). In methodological reviews, percent agreement is described as an intuitive and 

interpretable index of agreement, especially when the goal is to ensure that raters produce the 

same absolute scores, even though it does not correct for chance agreement (McHugh, 2012; 

O’Neill, 2017; Shweta et al., 2015; Zhao et al., 2022). 

Given that values of IRA ≥ 0.75 are commonly interpreted as indicating good agreement 

and values ≥ 0.90 as very high or "almost perfect" agreement in many applied contexts (Abbott 

et al., 2024; McHugh, 2012; Shweta et al., 2015; Westergård et al., 2019). The obtained IRA of 

80% supports the conclusion that the developed questionnaire has high inter-rater 

reliability/agreement and is suitable for data collection in terms of both content consistency and 

rating objectivity (Abbott et al., 2024; McHugh, 2012; O’Neill, 2017; Shweta et al., 2015; 

Wilhelm et al., 2018). 
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Pilot Test Results 

A pilot study was conducted with approximately 47 pre-service mathematics teachers. 

Descriptive analysis showed that all response options were used and that item distributions were 

acceptable (no extreme ceiling/floor effects). 

Final Instrument 

After iterative revisions based on content validity, interrater reliability, and pilot testing, 

a final instrument was developed. The final version contained a reduced and optimised number 

of items distributed across the four TAM constructs. Each construct was represented by five 

items, each reflecting the construct's indicators. 

 

Disseminate Stage 

Final Version of the Instrument 

The final questionnaire was formatted as a structured instrument with clear instructions, 

construct labels, and item codes (e.g., PU1–PU5, PEOU6–PEOU10, ATU11–ATU15, BI16–

B20). Items were grouped by construct for ease of administration and scoring. A scoring guide 

specifying how to compute subscale means and interpret higher scores on each construct was 

prepared, following conventions in validated scales (Deng et al., 2019; Gümüş & Kukul, 2022; 

Joly et al., 2025; Qin et al., 2025; Wongpakaran et al., 2020). 

Instrument Readiness 

Based on the accumulated evidence of strong content validity and satisfactory inter-rater 

reliability, the instrument was deemed psychometrically sound and ready for broader 

application. Reliability and validity indices were comparable to, or exceeded, benchmarks 

reported for similar instruments in digital competence, AI-related pedagogy, and educational 

evaluation (Alqarni, 2025; Deng et al., 2019; Gümüş & Kukul, 2022; Joly et al., 2025; Qin et 

al., 2025; Setiawan et al., 2024; Wongpakaran et al., 2020). 

Potential Applications 

The validated instrument is suitable for use in multiple contexts of mathematics education 

and teacher preparation, including: (a) Research on pre-service mathematics teachers' 

acceptance of AI and its relationship to learning outcomes or teaching beliefs (Canonigo, 2024; 

Gabriel et al., 2025; Stefanova & Georgiev, 2024; Yi et al., 2024; Yılmaz et al., 2025); (b) 

Evaluation of AI-integrated courses, teaching innovations, and professional development 

programs in mathematics education (Deng et al., 2019; Gümüş & Kukul, 2022; Qin et al., 2025; 
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Setiawan et al., 2024; Xu, 2024); (c) Needs assessment and policy development related to AI 

adoption in teacher education curricula and institutional strategies for AI integration (Gabriel 

et al., 2025; Stefanova & Georgiev, 2024; Xu, 2024; Yi et al., 2024; Yılmaz et al., 2025). 

These findings carry significant implications for mathematics education, where AI 

acceptance cannot be treated as a generic technology adoption phenomenon. The unique nature 

of mathematics as a discipline (characterised by its abstract reasoning demands, procedural 

complexity, and historically high levels of student anxiety) necessitates an instrument that 

captures AI acceptance within a subject-specific pedagogical context, rather than relying on 

generalised technology acceptance measures. This contextual specificity is precisely what 

distinguishes the present instrument from existing TAM-based tools developed for broader 

educational technology settings. These potential applications align with broader calls for robust, 

context-sensitive instruments to monitor AI integration in education and inform evidence-based 

practice and policy (Canonigo, 2024; Gabriel et al., 2025; Stefanova & Georgiev, 2024; Xu, 

2024; Yi et al., 2024; Yılmaz et al., 2025). 

 

CONCLUSION  

This study concludes that a Technology Acceptance Model (TAM) based instrument was 

successfully developed to assess pre-service mathematics teachers' acceptance of artificial 

intelligence in transformative mathematics learning using the 4D development model. The 

validation results demonstrated strong content validity and high inter-rater reliability, indicating 

that the instrument reliably represents essential dimensions of AI acceptance, including 

perceived usefulness, perceived ease of use, attitudes, and behavioural intentions. The primary 

contribution of this research is the development of a context-specific, empirically validated 

measurement tool that addresses the growing need for a systematic evaluation of AI integration 

in mathematics teacher education. This instrument provides a rigorous foundation for future 

empirical investigations and institutional decision-making related to AI-supported learning 

design. Further research is recommended to implement the instrument across broader 

institutional and cultural contexts and to examine its association with pedagogical 

transformation and student learning outcomes. It is expected that the findings of this study will 

support evidence-based implementation of artificial intelligence in mathematics education, 

promoting innovative, reflective, and sustainable teaching practices. 
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