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Abstract:  Artificial Intelligence (AI) is transforming science education through 

virtual labs, intelligent tutoring, and adaptive assessments. However, pre-service 

teachers often lack formal training in AI integration. This study aims to validated 

the Artificial Intelligence Competence Self-Efficacy (AICS) instrument using 

Rasch model, covering AI knowledge (AIK), AI Pedagogy (AIP), AI Assessment 

(AIA), AI Ethics (AIE), Human-Centred Education (HCE), and Professional 

Engagement (PEN). This study used a quantitative survey with 338 third-year 

pre-service science teachers selected through convenience sampling. Data were 

collected via Google Forms where ethical considerations and back-translation 

ensured data integrity. Data were analyzed through reliability, separation, item fit 

statistics, unidimensionality and Differential Item Functioning (DIF). The 

findings indicate that the AICS instrument is psychometrically sound, with high 

reliability (person reliability = 0.94, item reliability = 0.95) and excellent 

separation indices. The Wright Map showed that item difficulty was well-aligned 

with participant ability, effectively capturing various levels of AI self-efficacy. 

Item fit statistics confirmed all items functioned within acceptable ranges, and 

unidimensionality analysis supported the measurement of a single, coherent 

construct. DIF analysis showed minimal gender bias, though one item (AIP1) 

favored males. Overall, the instrument is valid and reliable for being used to 

assess AI competence self-efficacy among pre-service science teachers. 
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INTRODUCTION 

 

Artificial Intelligence (AI) has rapidly 

emerged as a transformative force across various 

sectors, including education. With its ability to 

automate tasks, personalize learning, enhance 

assessment practices, and facilitate access to 

diverse resources, AI is becoming increasingly 

integrated into teaching and learning 

environments (Wang & Huang, 2025). 

Educational technologies powered by AI, such as 

adaptive learning systems, automated grading 

tools, intelligent tutoring systems, and content 

generation platforms (e.g., ChatGPT), have 

reshaped pedagogical approaches and expanded 

instructional possibilities (Ning, Zhang, Xu, 

Zhou & Wijaya, 2024). In particular, AI is 

playing a vital role in supporting teachers to 

improve efficiency and effectiveness while 

enabling students to engage with content in more 

meaningful and tailored ways (Qudratuddarsi, 

Fauziah, Agung & Yanti, 2025). As AI continues 

to permeate the educational landscape, it is 

essential to ensure that educators, especially pre-

service teachers, are equipped with the necessary 

competence to navigate, implement, and 

critically assess AI-based tools in their future 

classrooms. 

In the domain of science education, AI has 

demonstrated significant potential to transform 

the teaching and learning process. Applications 

such as AI-driven virtual laboratories, intelligent 

tutoring systems, automated assessment tools, 

and simulation-based learning environments are 

becoming increasingly prevalent (Jia, Sun & 

Looi, 2024). These technologies support students 
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in developing scientific inquiry skills, conducting 

virtual experiments, and receiving immediate, 

personalized feedback. AI also facilitates the 

creation of adaptive learning pathways by 

analyzing individual student performance and 

tailoring scientific content to meet their unique 

needs (Kavitha & Joshith, 2024). For science 

educators, this presents new opportunities to 

implement differentiated instruction, promote 

inquiry-based learning, and foster higher student 

engagement in complex scientific concepts. 

However, the responsible and effective 

integration of AI in science education demands a 

strong foundation in AI literacy, pedagogical 

flexibility, and ethical considerations—critical 

competencies that must be developed during 

teacher training programs (Dewi, Qudratuddarsi, 

Ningthias & Cinthami, 2024). 

Given the growing presence of AI in 

classrooms, a pertinent question arises: are pre-

service teachers ready to apply AI in their 

teaching practices? This question is particularly 

significant as today’s teacher candidates, 

primarily belonging to Generation Z, are digital 

natives with high exposure to technology, yet 

often lack formal training in AI integration 

(Karataş & Ataç, 2024). Many teacher education 

programs are still in the early stages of 

embedding AI-related content into their 

curricula. (Hava & Babayiğit, 2025). 

Consequently, pre-service teachers may have 

limited opportunities to explore the pedagogical, 

ethical, and practical implications of AI in 

education. To bridge this gap, it is essential to 

assess their readiness, competence, and 

confidence in using AI tools for instructional 

purposes. This assessment can provide valuable 

insights into the support systems, training 

modules, and professional development efforts 

needed to prepare future educators for the AI-

enhanced classroom environment (Tram, 2024). 

In response to this emerging need, the 

development and validation of a reliable and 

comprehensive instrument to measure pre-

service teachers' AI competence self-efficacy is 

both timely and vital (Oved & Alt, 2025). Self-

efficacy, defined as an individual's belief in their 

ability to perform a specific task or activity, plays 

a crucial role in shaping teachers' intentions, 

behaviors, and persistence in adopting new 

technologies (Wang & Chuang, 2024). 

Measuring AI competence self-efficacy allows 

researchers and teacher educators to identify 

strengths and areas for growth, tailor training 

interventions, and monitor progress over time. 

Moreover, a validated instrument ensures that the 

data collected is accurate, meaningful, and 

aligned with theoretical frameworks of 

technology acceptance and educational 

innovation (Chou, Shen, Shen & Shen, 2024). 

The instrument validated in this study, the 

Artificial Intelligence Competence Self-Efficacy 

(AICS) scale, encompasses six key dimensions 

reflecting the multifaceted nature of AI 

integration in education. These dimensions are 

AI Knowledge (AIK), AI Pedagogy (AIP), AI 

Assessment (AIA), AI Ethics (AIE), Human-

Centred Education (HCE), and Professional 

Engagement (PEN). Each construct is grounded 

in contemporary research and designed to capture 

distinct yet interconnected aspects of AI 

competence among pre-service science teachers. 

AI Knowledge (AIK) focuses on foundational 

understanding and practical exploration of AI 

tools. It includes the ability to identify AI-driven 

applications, experiment with AI-generated 

content, and articulate basic AI concepts. This 

dimension is critical at the early stages of teacher 

preparation, as it sets the groundwork for more 

advanced applications of AI in pedagogy and 

assessment. AI Pedagogy (AIP) addresses the 

integration of AI tools into teaching and learning 

scenarios. Items in this dimension assess 

participants' capacity to envision and plan AI-

supported instruction, identify subject-relevant 

tools, and engage in collaborative discussions 

about pedagogical strategies involving AI. This 

reflects the growing emphasis on hypothetical 

and practice-based applications of technology in 

teacher education. AI Assessment (AIA) captures 

pre-service teachers' understanding of how AI 

can support assessment for and of learning. It 

includes designing AI-assisted assessments, 

leveraging AI for feedback and self-evaluation, 

and reflecting on the role of AI in monitoring 

student progress. This is particularly important 

given the evolving nature of assessment practices 

in digital learning environments. AI Ethics (AIE) 

emphasizes awareness of ethical, privacy, and 

well-being considerations related to AI use. 

Participants are expected to demonstrate an 

understanding of responsible data handling, 

potential biases in AI systems, and the 

importance of promoting ethical digital behavior 

among students. This construct addresses 

growing concerns about the ethical implications 

of technology use in education. Human-Centred 

Education (HCE) highlights reflective and 
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societal aspects of AI integration. Items in this 

dimension encourage participants to consider the 

benefits and risks of AI in schools, the role of 

human judgment in AI applications, and the 

broader impact of AI on society. This fosters a 

critical perspective and promotes informed 

decision-making among future educators. 

Professional Engagement (PEN) focuses on pre-

service teachers' motivation to explore, share, and 

continuously learn about AI in education. It 

includes seeking professional development 

opportunities, collaborating with peers, and 

contributing to knowledge-sharing practices. 

This dimension aligns with the concept of 

lifelong learning and the evolving nature of 

teaching in the digital age (Chiu, Ahmad & 

Çoban, 2024). 

Given the scope and complexity of AI 

integration in education, it is imperative to 

validate the AICS instrument through rigorous 

methodological approaches. Validation ensures 

that the scale reliably measures the intended 

constructs, is applicable across diverse 

educational contexts, and yields results that can 

inform teacher education practices. In this study, 

the Rasch model was employed to analyze the 

instrument's psychometric properties (Guo, Shi 

& Zhai, 2025). The Rasch analysis provides 

insights into item reliability, fit statistics, 

unidimensionality, rating scale functionality, and 

potential differential item functioning (DIF) 

across subgroups. By employing this model, 

researchers can ensure that the instrument 

maintains consistency, fairness, and accuracy in 

measuring AI competence self-efficacy 

(Qudratuddarsi, Ramadhana, Indriyanti & Ismail, 

2024). Research question of this study: Do the 

Artificial Intelligence Competence Self-Efficacy 

(AICS) valid and reliable?  

 

METHOD 

 

This research adopted a quantitative 

survey approach, emphasizing the collection and 

analysis of numerical data from structured 

participant responses. As a survey-based study, it 

aimed to assess pre-service science teachers' 

Artificial Intelligence Competence Self-Efficacy 

(AICS) at a specific point in time, without 

introducing any intervention or manipulation to 

the participant group (Ramadhana & 

Qudratuddarsi, 2024). Utilizing a cross-sectional 

design enabled the researchers to obtain a 

snapshot of participants’ self-efficacy, thereby 

avoiding challenges commonly associated with 

longitudinal studies—such as dropouts or 

shifting external influences that might affect 

perceptions over time (Wang, & Cheng, 2020). 

The use of a quantitative methodology ensured 

the objectivity and reliability of the data, 

allowing for statistical evaluation of trends and 

patterns in the responses. This approach was 

well-suited to the study’s aim of producing 

generalizable findings that can inform the 

broader integration of virtual labs into science 

teacher education programs. 

 

Participants 

 

This study involved 338 Generation Z pre-

service science teachers, selected using 

convenience sampling, which allowed for easy 

access to participants and efficient data 

collection. Although this sampling method may 

limit the generalizability of the findings, the 

selected participants were highly relevant to the 

study. All participants were in their third year of 

study, making them an appropriate group to 

provide informed responses regarding Artificial 

Intelligence Competence Self-Efficacy (AICS), 

as they have gained sufficient exposure to both 

pedagogical and technological aspects of their 

teacher education program. As shown in Table 1, 

the sample consisted of 28.99% male and 71.01% 

female participants. In terms of specialization, 

the group included 23.67% chemistry, 21.30% 

physics, 20.71% biology, and 34.32% general 

science pre-service teachers. This distribution 

highlights a diverse representation of science 

disciplines, providing valuable insights into the 

varying perspectives on AI competence across 

different fields within science education. 
 

Table 1. Distribution of sample 

Sample N Percentage 
Gender   
Male 98 28.99% 
Female 240 71.01% 
Specialization   
Chemistry 80 23.67% 
Physics 72 21.30% 
Biology 70 20.71% 
Science 116 34.32% 
Total  100 % 

 

Instrument 

The instrument used in this study was 

carefully adapted from the work of Chiu, Ahmad, 

and Çoban (2024), who previously developed 
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and validated a scale to measure Artificial 

Intelligence Competence Self-Efficacy (AICS). 

The original instrument was published in a 

reputable, high-impact journal and was originally 

constructed in English. As the target participants 

in the current study were native speakers of 

Bahasa Indonesia, a rigorous back-translation 

process was conducted to ensure both linguistic 

accuracy and cultural appropriateness. This 

process involved translating the instrument from 

English to Bahasa Indonesia and then 

independently translating it back to English by a 

bilingual expert. The back-translation technique 

was essential for preserving the semantic 

integrity, contextual relevance, and conceptual 

equivalence of the measurement items, thus 

minimizing potential misinterpretations or 

cultural biases (Behr, 2017). The decision to 

adapt this specific instrument was guided by its 

alignment with the objectives of the present 

study, which sought to explore pre-service 

science teachers' self-efficacy in integrating AI 

within their educational practices. Furthermore, 

the use of a previously validated and 

psychometrically robust instrument streamlined 

the research process, allowing the researchers to 

focus on contextual adaptation and Rasch model-

based validation for the new participant group. 

This ensured that the adapted scale retained its 

reliability and validity within the unique 

educational and cultural setting of the current 

study. 

The final instrument was designed to 

comprehensively capture the diverse dimensions 

of Artificial Intelligence Competence Self-

Efficacy (AICS) among pre-service science 

teachers. It consisted of six key constructs: AI 

Knowledge (AIK), which measures confidence in 

understanding basic AI concepts relevant to 

science education; AI Pedagogy (AIP), which 

assesses the ability to design and implement AI-

supported teaching strategies; AI Assessment 

(AIA), which evaluates confidence in using AI 

tools for student assessment and feedback; AI 

Ethics (AIE), which gauges awareness of ethical 

issues such as data privacy and fairness in AI use; 

Human-Centred Education (HCE), which 

focuses on maintaining student-centered teaching 

while integrating AI; and Professional 

Engagement (PEN), which reflects the 

commitment to continuous professional 

development in AI. Together, these constructs 

provide a solid framework for understanding the 

self-efficacy of pre-service science teachers in 

integrating AI responsibly and effectively into 

their future classrooms. 

 

Data Collection 

Data were collected using Google Forms, 

a digital platform that supports sustainable, 

paperless research practices. This method aligns 

with environmental responsibility initiatives 

while also enhancing efficiency and accuracy in 

data handling. The digital format enabled real-

time access to participant responses and 

minimized the risk of data entry errors (Hidayat, 

Imami, Liu, Qudratuddarsi, & Saad, 2024). To 

ensure clarity and improve data reliability, the 

researcher was physically present during the data 

collection process. This allowed for immediate 

clarification of any confusing items and fostered 

a supportive environment, which encouraged 

participants to respond sincerely and attentively. 

Participation in the study was entirely voluntary, 

and participants were assured that their 

involvement would have no impact on their 

academic grades (Ahmad et. Al., 2019). 

Furthermore, all responses were treated as 

confidential, thereby protecting participant 

privacy and minimizing potential response bias. 

These ethical measures were essential for 

ensuring the integrity and authenticity of the data 

collected. 

 

Data Analysis 

Following the data collection phase, the 

responses were systematically organized and 

tabulated using Microsoft Excel 2019 to 

streamline further analysis with Winsteps version 

3.7.3. The Rasch measurement model was 

employed as the primary analytical framework to 

evaluate several psychometric properties of the 

instrument, including reliability, separation 

indices, item fit statistics, unidimensionality, and 

rating scale functioning. Each sub-construct 

related to Artificial Intelligence Competence 

Self-Efficacy (AICS) was analyzed 

independently to ensure precision in the 

interpretation of results. Reliability analysis was 

conducted to assess the internal consistency and 

stability of the measurement instrument across 

items and participants. Meanwhile, separation 

statistics were used to determine the instrument’s 

capacity to differentiate between respondents 

with varying levels of self-efficacy or perceived 

competence regarding technology use. These 

indices are vital for understanding the precision 

and discriminative power of the scale (Revelle & 
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Condon, 2019). Item fit statistics played a central 

role in identifying whether each item adequately 

aligned with the latent construct being measured. 

Misfitting items could indicate ambiguity or 

misinterpretation and therefore needed to be 

evaluated to ensure the overall validity of the 

scale. The analysis of unidimensionality verified 

that each subscale measured a single, coherent 

latent trait—an essential assumption of the Rasch 

model to maintain construct integrity (Hagquist 

& Andrich, 2017). In addition, rating scale 

calibration was performed to confirm the proper 

functioning of response categories. This process 

ensures that the Likert-type scale options 

provided clear and meaningful distinctions across 

different levels of the measured construct. By 

employing this comprehensive Rasch-based 

analytical approach, the study ensured a robust 

validation process for the instrument, ultimately 

reinforcing the credibility and generalizability of 

the findings related to pre-service science 

Artificial Intelligence Competence Self-Efficacy. 

 

RESULT AND DISCUSSION 

 
Wright Map 

The Wright Map (Item-Person Map) is a 

key diagnostic tool in Rasch analysis, providing 

a simultaneous representation of item difficulty 

and person ability on the same logit scale. In this 

study, the map indicates that the AICS instrument 

is well-aligned with the measured abilities of the 

pre-service science teachers. On the left side of 

the map, the distribution of items ranges from 

approximately –5 to +6 logits, showing a broad 

spectrum of difficulty levels. This ensures that 

the instrument can effectively differentiate 

between low, moderate, and high levels of AI 

self-efficacy. Easier items, such as those related 

to ethical awareness (e.g., AIE1, PEN1), were 

generally endorsed by most participants, while 

more challenging items, such as those requiring 

application and integration of AI in teaching 

(e.g., AIK1, AIP3), were located at higher logit 

levels, requiring greater perceived competence. 

This vertical spread of item difficulty supports 

the content and construct validity of the scale by 

adequately covering the underlying trait 

continuum of AI competence self-efficacy. 

On the right side of the Wright Map, the 

participants' abilities are distributed across a 

relatively wide range, though the majority fall 

between 0 and +2 logits. This concentration 

suggests that most pre-service science teachers 

perceive themselves as having moderate to high 

AI competence self-efficacy. Importantly, the 

alignment between the person and item 

distributions suggests that the test is well-

targeted: most items are situated at levels 

appropriate to the abilities of the participants. 

This good targeting enhances measurement 

precision, as it allows the instrument to reliably 

capture differences in self-efficacy across the 

cohort. Additionally, the absence of floor or 

ceiling effects indicates that neither the items 

were too easy nor too difficult for the sample as a 

whole, further affirming the instrument’s 

suitability. In conclusion, the Wright Map 

substantiates the psychometric robustness of the 

AICS instrument, providing strong evidence for 

its validity in assessing the AI-related self-

efficacy of pre-service science teachers. 
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Figure 1. Wright Map 
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Reliability and Separation 

The results of the Rasch analysis presented 

in Table 2 indicate that the AICS (Artificial 

Intelligence Competence Self-Efficacy) 

instrument possesses strong psychometric 

properties in terms of reliability and item-person 

separation. The person reliability index of 0.94 

and item reliability of 0.95 demonstrate excellent 

internal consistency, indicating that the 

instrument is highly effective in distinguishing 

individuals with varying levels of AI self-

efficacy and that the items are stable across 

different samples. This is further supported by a 

high Cronbach’s alpha coefficient of 0.94, which 

confirms the internal consistency of the scale and 

suggests that the items are measuring the same 

underlying construct. Additionally, the person 

separation index of 4.09 implies that the 

instrument can categorize respondents into at 

least four distinct levels of ability, which is well 

above the minimum threshold of 2.0 for reliable 

separation. Similarly, the item separation index 

of 7.23 indicates a wide range of item difficulties 

and confirms that the sample size is sufficient to 

validate the item hierarchy. The statistically 

significant chi-square value (χ² = 16,684.85, df = 

7,610, p < .01) further supports the presence of 

real differences among item difficulties, rather 

than random variation. Collectively, these 

findings provide strong evidence that the AICS 

instrument is both reliable and valid for assessing 

the self-efficacy of pre-service science teachers 

in relation to artificial intelligence competence. 

 

Table 2. Reliability and Separation of NATAI 

Indicator Value 

Person Reliability 0.94 

Item Reliability 0.95 

Cronbach Alpha 0.94 

Person Separation 4.09 

Item Separation 7.23 

Chi-square 16684.85** (d.f. 7610) 

 
Fit Statistics 

The item fit statistics from the Rasch 

model analysis indicate that all items in the AICS 

instrument function acceptably within the 

expected range of the model. Using the 

commonly accepted threshold of 0.5 to 1.5 for 

Mean Square (MNSQ) values, all items—both 

for Infit and Outfit—fall within this acceptable 

range. This suggests that each item contributes 

meaningfully to measuring the latent trait of 

artificial intelligence competence self-efficacy 

among pre-service science teachers. Notably, 

items such as AIK1 (Infit MNSQ = 1.46; Outfit 

MNSQ = 1.48) and AIP3 (Infit MNSQ = 1.36; 

Outfit MNSQ = 1.26) are on the higher end but 

still remain within the permissible bounds, 

suggesting that while they are somewhat 

unpredictable, they do not significantly distort 

measurement. Additionally, the standardized 

ZSTD values for these items (e.g., AIP3 ZSTD 

Outfit = 9.6) are elevated, likely due to the large 

sample size, which can cause ZSTD to become 

overly sensitive; therefore, interpretation of 

ZSTD values should be made cautiously. 

Importantly, all items have positive Point-

Measure Correlation (Pt. Mea Corr) values 

ranging from 0.55 to 0.81, indicating that each 

item aligns positively with the overall construct 

and contributes effectively to measuring the 

intended trait. These findings collectively support 

the internal structural validity of the instrument 

and affirm that the AICS scale is well-targeted 

and reliable for assessing AI competence self-

efficacy in pre-service science teachers. 

 
Tabel 3. Item Fit Statistics 

Item 
MNSQ ZSTD 

Pt Mea Corr 
Infit Outfit Infit Outfit 

AIK1 1.46 1.48 5.3 5.2 0.64 

AIK2 0.93 0.92 -0.9 -1.6 0.72 

AIK3 0.98 0.89 -1.3 -1.4 0.72 

AIK4 0.97 0.97 -0.4 -0.3 0.73 

AIP1 1.37 1.37 4.4 4.3 0.63 

AIP2 1.25 1.21 3.1 2.6 0.67 

AIP3 1.36 1.26 7.7 9.6 0.55 
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Item 
MNSQ ZSTD 

Pt Mea Corr 
Infit Outfit Infit Outfit 

AIP4 1.24 1.25 3.6 2.9 0.66 

AIA1 0.8 0.83 -2.8 -2.3 0.74 

AIA2 0.95 0.94 -0.7 -0.7 0.72 

AIA3 1.27 1.33 3.2 3.8 0.62 

AIA4 0.79 0.83 -3.6 -2.2 0.75 

AIE1 0.67 0.66 -4.8 -4.8 0.79 

AIE2 0.75 0.79 -3.5 -2.9 0.76 

AIE3 0.99 1.0 -0.1 -1.0 0.75 

AIE4 1.16 1.19 2.6 2.3 0.76 

HCE1 0.8 0.81 -2.8 -2.6 0.77 

HCE2 0.87 0.85 -1.8 -2.0 0.76 

HCE3 0.93 0.93 -1.6 -0.9 0.76 

HCE4 0.76 0.76 -3.5 -3.4 0.77 

PEN1 0.61 0.66 -5.9 -5.9 0.81 

PEN2 0.98 0.99 -0.3 -0.2 0.75 

PEN3 0.81 0.81 -2.6 -2.7 0.77 

PEN4 0.87 0.92 -1.8 -1.1 0.76 

 
Unidimensionality 

The unidimensionality of the AICS 

(Artificial Intelligence Competence Self-

Efficacy) instrument was assessed using Rasch 

model analysis, and the results support the scale's 

validity as a measure of a single latent trait. The 

analysis showed that 56.0% of the total raw 

variance was explained by the Rasch measures, 

with 32.5% attributed to persons and 23.5% to 

items. This level of explained variance indicates 

that the model effectively captures the construct 

being measured—pre-service science teachers’ 

self-efficacy in AI competence. Furthermore, the 

unexplained variance in the first contrast was 

relatively low, with an eigenvalue of 1.4 and a 

percentage of 7.8%. These values fall well below 

the commonly accepted thresholds (eigenvalue < 

2.0; < 10% variance), suggesting the absence of 

any dominant secondary dimension. Such 

findings provide strong evidence for the 

unidimensionality of the scale, confirming that 

the AICS instrument is appropriately structured 

to assess a single, coherent construct. This 

supports the instrument's use in educational 

research and teacher training contexts where 

valid and reliable measurement of AI competence 

self-efficacy is essential. 

 
Table 4. Unidimensionality of AICS 

 Value 

Raw variance explained by persons 32.5% 

Raw variance explained by items 23.5% 

Raw variance explained by measures 56.0% 

Unexplained variance in 1st contrast (eigenvalue) 1.4 

Unexplained variance in 1st contrast (percentage) 7.8% 

 
DIF Analysis 

The Differential Item Functioning (DIF) 

analysis was conducted to examine whether male 

and female pre-service science teachers 

responded differently to specific items within the 

instrument, despite having comparable overall 

ability levels. The graph illustrates the DIF 

measures across selected items, with values on 

the y-axis indicating the magnitude and direction 

of DIF. A positive DIF value suggests the item 

was more favorable or easier for males, while a 

negative value implies it was more accessible to 

females. Overall, the instrument demonstrated 

minimal DIF across most items, indicating that it 

generally functions equitably for both genders. 

However, a notable exception was Item 5 (AIP1), 

which displayed a DIF value exceeding +1.0, 

suggesting that male participants found this item 

significantly easier. This item pertains to 

envisioning how AI tools could support teaching 

and learning, which may reflect gender-based 

differences in technological confidence or 

familiarity with AI applications in education. 

Conversely, Items 1 (AIK1) and 3 (AIK3), which 

relate to fundamental AI knowledge, showed 

moderate negative DIF values, indicating that 
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female participants responded more favorably to 

these items. Other items, such as AIA3, PEN1, 

and PEN3, exhibited negligible DIF, with 

overlapping response patterns between male and 

female participants. These findings suggest that 

while the instrument is largely gender-neutral, a 

few items—particularly AIP1—may require 

further review or revision to ensure consistent 

interpretation and fairness across gender groups. 

Addressing these discrepancies will enhance the 

instrument’s validity and ensure more reliable 

measurement of AI competence self-efficacy 

among diverse populations. 

 

 
Figure 2. DIF analysis based on gender 

 

Despite its valuable contributions, this 

study has several limitations. First, the use of a 

convenience sampling method limits the 

generalizability of the findings, as the 

participants were drawn from courses taught by 

the researchers and may not fully represent the 

broader population of pre-service science 

teachers. Additionally, the cross-sectional design 

captures participants' perceptions at a single point 

in time, which does not account for potential 

changes in attitudes or technology use over 

longer periods. The gender imbalance in the 

sample, with a predominance of female 

participants, may also introduce bias and limit the 

applicability of the results across more balanced 

populations. Furthermore, reliance on self-

reported data may be subject to social desirability 

bias, where participants could provide favorable 

responses rather than fully accurate ones. 

 

CONCLUSION 

 

The results of this study provide strong 

evidence for the validity, reliability, and fairness 

of the AICS (Artificial Intelligence Competence 

Self-Efficacy) instrument in assessing AI-related 

self-efficacy among pre-service science teachers. 

The Wright Map analysis demonstrated that the 

instrument is well-targeted, with a broad and 

balanced distribution of item difficulties that 

align appropriately with the participants' ability 

levels. This indicates that the instrument can 

effectively differentiate between varying degrees 

of AI competence self-efficacy without 

presenting items that are too easy or too difficult. 

The reliability and separation indices further 

affirm the psychometric strength of the AICS 

instrument. High person and item reliability 

values, along with strong person and item 

separation indices, confirm the internal 

consistency and the instrument’s ability to 

classify respondents into distinct levels of ability. 

The fit statistics also showed that all items 

perform within acceptable ranges, supporting the 

instrument's structural validity and ensuring that 

each item contributes meaningfully to the 

measurement of AI self-efficacy. Additionally, 

the unidimensionality analysis confirmed that the 

AICS instrument accurately measures a single 

underlying construct, validating its theoretical 
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framework. Minimal Differential Item 

Functioning (DIF) across gender groups suggests 

that the instrument is largely free from gender 

bias.  
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