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 This experimental study examined the impact of pre-service teachers' development of 

performance tasks utilizing differentiated generative artificial intelligence tools—

textual, visual, and video-based—on their attitudes towards generative artificial 

intelligence (AI) and their acceptance levels of AI. A quasi-experimental approach 

was utilized to address the research issues, incorporating one control group and two 

randomly allocated experimental groups. Ninety-four pre-service teachers voluntarily 

participated in the study. The groups were categorized based on three distinct 

generative artificial intelligence tools utilized by the students in the development of a 

performance task. As a results of analyses, a significant increase in both positive 

attitude and acceptance level was reported in the Control group using text-based 

GenAI; an increase only in positive attitude in the Experiment 1 group; and a decrease 

in negative attitude in the Experiment 2 group. Engagement with differentiated 

generative AI tools resulted in notable alterations in in-group attitudes and levels of 

acceptability. This study underscores the essential requirement for pre-service teachers 

to implement a nuanced and diversified strategy for AI integration, acknowledging the 

advantages and limitations of different AI tools and their capacity to affect pre-service 

teachers' attitudes and acceptance in various manners. 
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Introduction 

 

The widespread adoption of GenAI tools has also resonated within the education community, rapidly becoming 

an integral part of educational processes. While universities strive to develop policies and guidelines concerning 

the use of these tools around the world (Crawford et al., 2023; Driessens & Pischetola, 2024; Moorehouse et al., 

2023), a growing body of research focuses on guiding students toward the ethical and effective utilization of such 

technologies (Kadaruddin, 2023; Qadir, 2023). A crucial concern emerges regarding educators' capacity to 

effectively integrate these emerging technologies into their practices. Teachers' ability to synthesize technological, 

content, and pedagogical knowledge is paramount to their teaching effectiveness (Bugti et al., 2024). Therefore, 

enhancing pre-service teachers' competencies during teacher education programs is essential. Equipping them 

with the skills to leverage GenAI tools responsibly and effectively, while fostering awareness of ethical 

considerations, is crucial for preparing them to navigate the evolving landscape of education and effectively utilize 

these tools in their future teaching practices. 

 

Recent studies emphasize the potential of GenAI tools to transform various stages of educational processes. These 

tools can rapidly analyze students’ individual needs and generate tailored content, supporting personalized 

learning pathways (Owan et al., 2023; Su & Yang, 2023). GenAI can also serve as a digital assistant for teachers, 

efficiently addressing students’ queries and fostering more interactive classroom environments (Aksu-Dünya & 

Yıldız-Durak, 2024). Furthermore, such tools can monitor and evaluate students’ progress, providing educators 

with valuable insights for continuous improvement (Chiu et al., 2023; Westera et al., 2020).  

 

The integration of GenAI in education not only aims to alleviate teachers' workload but also contributes to the 

creation of personalized and adaptive learning environments for students. By fostering more engaging and 

interactive educational settings, these tools encourage active student participation in their learning journey, 

enhancing their overall academic experiences (Baidoo-Anu & Ansah, 2023; Labadze et al., 2023; Santos, 2023). 

Moreover, research suggests that GenAI-supported applications can bolster students’ problem-solving skills and 

nurture creative thinking processes, essential competencies in contemporary education (Luckin et al., 2016; Ou et 

al., 2024). 

 

In addition to its benefits for students, the use of GenAI tools has been shown to positively impact teachers' job 

performance and pedagogical skills. Teachers can utilize these tools to critically evaluate their instructional 

practices and receive constructive feedback for improvement (Gunawan et al., 2021; Jaiswal & Arun, 2021; Owan 

et al., 2023). Notably, Lin (2022) demonstrated that AI-assisted teaching significantly enhances instructional 

effectiveness, underscoring the transformative potential of AI in education. Furthermore, studies on the integration 

of GenAI tools in the professional development of pre-service teachers suggest that these technologies can 

effectively support their growth and readiness for teaching (Lu et al., 2024).  This evidence suggests that GenAI 

tools hold significant potential not only for transforming student learning experiences but also for empowering 

educators (or future educators) to refine their practices and maximize their impact within the educational 

landscape. 
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Exploring the Impact of Generative AI on Educational Assessment and Evaluation 

 

The integration of Generative AI (GenAI) into educational assessment and evaluation has transformed key 

processes, including the development, administration, and evaluation of assessment tools. GenAI technologies, 

such as ChatGPT, have been shown to significantly reduce the time and effort required for tasks like question 

generation, enabling educators to focus on higher-order educational activities (Terwiesch, 2023). Moreover, in 

computer-adaptive testing (CAT), AI enhances item selection by dynamically tailoring questions to the 

examinee’s ability level, utilizing advanced deep learning techniques (Mujtaba & Mahapatra, 2020; Liu et al., 

2024). During evaluation, AI tools automate tasks such as scoring closed-ended questions, assessing open-ended 

responses, and generating comprehensive feedback, as seen in platforms like Gradescope (Latif & Zhai, 2024; 

Owan et al., 2023). AI-driven automated essay scoring systems ensure efficiency, scalability, and consistency in 

evaluating written work, while also supporting the development of rubrics to enhance fairness and accuracy in 

subjective assessments (Conrad & Rees, 2024; Yancey et al., 2023). These advancements underscore the 

transformative potential of GenAI in streamlining and enhancing educational assessment practices especially in 

the subjective assessment methods. 

 

One prominent subjective assessment method for evaluating higher-order thinking skills is performance-based 

tasks. Performance tasks, which target students' cognitive skills like analysis, synthesis, and evaluation in Bloom’s 

taxonomy, offer valuable opportunities to assess both the product and the process of student learning (Berk, 1986; 

Conrad & Rees, 2024; Palm, 2008). However, despite their potential for rich insights into students' learning, the 

development of performance tasks is often labor-intensive and demands considerable expertise, potentially 

discouraging teachers from utilizing them (Halagatti et al., 2023).Challenges also arise during the assessment 

stage, where teachers often encounter difficulties in objectively scoring performance tasks (Metin, 2013). Due to 

the nature of these tasks, assessment can rely heavily on subjective judgments, emphasizing the need for well-

structured rubrics to maintain scoring consistency. Yet, creating an effective rubric and implementing it fairly for 

every student requires substantial effort and time (Metin, 2013). It is precisely in these areas of performance-based 

assessment that GenAI tools offer promising potential for support. 

 

GenAI offers educators practical support in developing, organizing, and evaluating performance-based tasks, 

which are crucial for assessing higher-order thinking skills. GenAI tools, such as ChatGPT, Claude, and Gemini, 

empower educators to generate performance tasks aligned with specific learning objectives by leveraging well-

structured prompts (Conrad & Rees, 2024). This streamlined development process helps to overcome the 

traditionally labor-intensive nature of creating performance tasks, a barrier that may have previously discouraged 

teachers from employing this valuable assessment method (Halagatti et al., 2023).Moreover, AI-driven platforms 

like Midjourney, DALL-E, Fliki.ai, and Flux.ai provide educators with the ability to create engaging visual 

materials to complement performance tasks, further enriching the assessment experience. In the evaluation phase, 

text-based GAI tools facilitate the development of analytic or holistic rubrics, ensuring alignment with 

predetermined assessment criteria (Conrad & Rees, 2024). Platforms such as Gradescope and ExamScore 

streamline the evaluation process by enabling automated assessment of student submissions based on teacher-

designed rubrics. This automation significantly reduces educators' workloads while ensuring that assessments are 
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personalized and reflective of each student's learning trajectory. The integration of GenAI in performance-based 

assessment not only addresses the challenges of rubric development and consistent scoring (Metin, 2013) but also 

supports educators in providing more effective and personalized feedback to students. 

 

As discussed, GenAI tools offer significant benefits to teachers in the development and evaluation of performance-

based tasks. These benefits, however, hinge on teachers' positive perceptions, attitudes, and behaviors toward 

these technologies. While the potential of AI in education is substantial, its successful integration is not without 

challenges. It requires careful consideration of several key factors, including teachers’ perceptions and attitudes 

toward these technologies, their willingness to embrace and adapt to AI-driven innovations, and their capacity to 

sustain creativity and pedagogical authenticity while leveraging AI in their instructional practices (Chung, 2024). 

Addressing these challenges is paramount for ensuring that AI tools are used effectively and ethically to enhance 

teaching and learning. The successful implementation of AI in education requires a holistic approach that 

considers not only the technological aspects but also the human factors that influence its adoption and impact. 

 

Teachers’ Attitudes Towards Gen AI Technology in Learning Environments 

 

Attitudes towards artificial intelligence (AI) are multifaceted, encompassing emotional, cognitive, and behavioral 

responses to these technologies. Ajzen and Fishbein's Theory of Planned Behavior (TPB) provides a valuable 

framework for understanding the development of these attitudes (Ajzen & Fishbein, 2000). The TPB suggests that 

an individual's intention to engage in a particular behavior, such as using AI tools, is shaped by three primary 

factors: attitude towards the behavior, subjective norms, and perceived behavioral control (Ajzen & Fishbein, 

2000). The TPB highlights the interconnectedness of these factors in shaping behavioral intentions. For example, 

a teacher who holds a positive attitude toward AI, perceives supportive norms from their colleagues, and feels 

confident in their ability to use AI tools is more likely to integrate these technologies into their teaching practices. 

Therefore, understanding attitudes towards AI through a comprehensive theoretical lens like the TPB is crucial. 

These attitudes not only mirror opinions of the benefits and drawbacks of AI but also elucidate the elements that 

affect the acceptance and integration of AI in educational environments. Examining issues like educators' 

perceptions of AI's advantages and their perceived control over its deployment can facilitate the effective and 

ethical utilization of AI to improve teaching and learning. 

 

Given the importance of teachers' attitudes in shaping their intention to use AI, it is crucial to examine current 

research on these attitudes. A review of recent studies reveals predominantly positive perceptions of GenAI tools 

among teachers and preservice teachers (Bezjak, 2024; Evmenova et al., 2024; Kim & Kim, 2024; Lee et al., 

2024; Nyaaba et al., 2024; Pettersson et al., 2024). Many educators acknowledge the potential of these tools to 

enhance their professional work, specifically by reducing administrative workload and improving instructional 

quality through opportunities for self-reflection and gaining new perspectives (Chiu, 2023). This recognition 

aligns with the TPB, as teachers' positive attitudes toward GenAI stem from their perception of its benefits, such 

as improving learning outcomes. For example, ChatGPT can help educators brainstorm ideas, create rubrics, and 

develop learning questions, ultimately fostering student self-assessment and engagement (Chiu, 2023; Xia et al., 

2024). Supporting this positive outlook, a study by Bower et al. (2024) involving 318 teachers across diverse 
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disciplines found that most participants perceived GenAI as significantly impacting educational assessment. 

However, these perceptions varied depending on factors like years of teaching experience, gender, and the 

teachers' specific discipline (Bower et al., 2024). 

 

Despite the predominantly positive perceptions of GenAI, teachers also voice significant concerns regarding its 

use in education (Chung, 2024; Kim & Kim, 2024; Lee et al., 2024). One prominent concern revolves around the 

potential negative impact of excessive AI reliance on students' critical thinking and active engagement in learning 

(Picton & Clark, 2024; Echave et al., 2024). For instance, over 50% of teachers in one study expressed fears that 

GenAI might hinder students' capacity for independent thought.  

 

Further concerns center around data security issues related to student information entered into AI tools, the 

potential for AI to generate inaccurate content, and the risk of fostering overdependence on these technologies 

(Bezjak, 2024; Picton & Clark, 2024; Kim & Kim, 2024). Notably, a study by Kim and Kim (2024) involving 

primary and secondary school teachers emphasized concerns about misinformation generated by GenAI and 

advocated for the implementation of training programs to promote the effective and ethical use of AI tools. Such 

training could address teachers' concerns about AI, enhance their understanding of its capabilities and limitations, 

and empower them to leverage GenAI responsibly and effectively in their teaching practices. By acquiring the 

necessary knowledge and skills, teachers can develop positive attitudes towards AI and translate those attitudes 

into informed and beneficial behaviors, ultimately promoting successful AI integration in education. 

 

Teachers' attitudes, whether positive or negative, are intrinsically linked to their acceptance of specific 

technologies. Research consistently demonstrates that as teachers' positive attitudes toward technology increase, 

so does their level of acceptance, ultimately leading to a greater integration of these technologies into their 

teaching practices (Hamzah et al., 2024). The Technology Acceptance Model (TAM), developed by Davis (1989), 

provides a valuable framework for understanding this relationship between attitudes and technology acceptance 

among educators (Nair & Das, 2012). At the core of TAM are three key constructs: perceived ease of use, 

perceived usefulness, and attitudes towards using technology (Davis, 1989).  

 

Perceived ease of use centers on teachers' beliefs about the effortlessness of using technological tools. In contrast, 

perceived usefulness focuses on educators' expectations regarding how these technologies can enhance the 

effectiveness and quality of their teaching practices (Nair & Das, 2012). According to TAM, individuals' 

intentions to use technology are shaped by their perceptions of the technology and their attitudes towards using it. 

Similarly, Teo (2009) aimed to extend the original TAM by including additional variables such as computer self-

efficacy, technological complexity and facilitating conditions to provide a more comprehensive model of pre-

service teachers' acceptance of technology. In these comprehensive models, attitudes towards technology were 

demonstrated to be a direct and substantial predictor of behavioral intention. This finding emphasizes the 

importance of mindset in their willingness to adopt and incorporate technology into teaching practices. 

 

Research specifically exploring the acceptance of GenAI in education has revealed a significant willingness 

among teachers to integrate these tools into their pedagogical practices (Arguson et al., 2023; Cabero-Almenara 
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et al., 2024; Ofosu-Ampong, 2024). This positive trend aligns with the broader concept of technology acceptance, 

as highlighted by the Technology Acceptance Model (TAM), which posits that positive attitudes toward 

technology drive its adoption (Davis, 1989; Nair & Das, 2012). Studies consistently demonstrate that positive 

attitudes toward GenAI are a strong predictor of its adoption by educators. For instance, Ofosu-Ampong (2024) 

found that 84% of educators participating in their study expressed acceptance of GenAI technologies, with 

attitudes toward AI emerging as a key factor influencing this acceptance.  

 

Similarly, Lu et al. (2024) identified a positive correlation between improved attitudes toward GenAI and 

increased intentions to utilize these technologies in education. The findings underscore that fostering favorable 

opinions of GenAI among educators can greatly enhance its effective incorporation into classrooms, as attitudes 

influence both the readiness to utilize and the actual usage behaviors (Hamzah et al., 2024). Consequently, the 

study highlights the crucial influence of teacher attitudes in facilitating the implementation of GenAI technologies. 

This underscores the necessity for focused techniques and professional development programs that assist 

educators in cultivating a constructive and informed comprehension of GenAI and its capacity to improve teaching 

and learning. 

 

This study addresses critical gaps in understanding the impact of GenAI on pre-service teachers. While research 

explores educators' attitudes and acceptance of AI (e.g., Baidoo-Anu & Ansah, 2023; Bannister et al., 2023; 

Bozkurt, 2023), several limitations exist. First, existing studies often involve educators with limited AI experience 

(e.g., Ciftci et al., 2024; Lee et al., 2024; Pettersson et al., 2024), failing to capture the full potential of AI 

integration, particularly in cognitively demanding tasks like performance assessment development. Second, 

despite some evidence of positive effects of AI on attitudes and creativity (e.g., Cabero-Almenara et al., 2024; Lu 

et al., 2024; Ofosu-Ampong, 2024), inconsistent findings and a focus on higher education instructors rather than 

pre-service teachers necessitate further investigation. Third, there is a lack of experimental research specifically 

designed to enhance attitudes and acceptance, especially research that examines the interplay between these 

factors and creativity (e.g., Chandrasekera et al., 2024; Kim, 2023; Yin et al., 2024). This study directly addresses 

these gaps by experimentally investigating how using GenAI to develop performance tasks influences pre-service 

teachers’ attitudes, acceptance, and creativity. By focusing on pre-service teachers, this research offers crucial 

insights for teacher preparation programs, contributing to more effective integration of AI in K-12 education, as 

highlighted by mapping reviews (e.g., Yusuf et al., 2024). 

 

Research Aim 

 

This study aims to investigate the impact of using GenAI tools in the development of performance tasks on pre-

service teachers' attitudes towards AI and their acceptance of AI technology. In this context, answers were sought 

to the following research questions: 

1. How does the use of GenAI tools for performance task development affect pre-service teachers' 

attitudes towards AI? 

2. How does the use of GenAI tools for performance task development affect pre-service teachers' AI 

acceptance levels? 
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Methodology 

Research Design  

 

This study examined the impact of pre-service teachers' development of performance challenges utilizing GenAI 

tools on their views towards GenAI and their acceptance of AI. A quasi-experimental design was favored in this 

study. Quasi-experimental designs are studies that compare experimental and control groups to assess the impact 

of interventions, without employing random assignment (Creswell & Creswell, 2020). This study employed a 

quasi-experimental design, deemed suitable due to the selection of distinct courses as experimental and control 

groups in the Measurement and Evaluation course at the Faculty of Education. 

 

Study Group  

 

The study participants were third-year university students enrolled in the Faculty of Education. Three distinct 

groups were established for the research: one control group and two experimental groups. The groups were 

classified based on the various GenAI tools utilized by the students in the construction of the performance task 

(see Table 1).  

 

Table 1. Participants, Groups, and Characteristics 

Used GenAI Gender  Control group Experiment 1 Experiment 2 

ChatGPT Canva (DALL-E) Fliki.ai 

Gender Female 24 27 22 

 Male 4 9 8 

 

The pre-service teachers in the control group were instructed to use only ChatGPT, a text-based GenAI tool. In 

the first experimental group, participants were asked to use both ChatGPT and the visual GenI tool DALL-E. The 

pre-service teachers in the second experimental group were instructed to use Fliki.ai, an AI tool that generates 

videos in conjunction with ChatGPT when creating performance tasks. All students participating in the study were 

in Year 3, and these students were selected because they had taken the measurement and assessment course at this 

level. This ensured that the students had the necessary knowledge of measurement and assessment in the process 

of creating performance tasks.  

 

Random assignments were used to determine the groups, but not to assign the participants to the groups. Within 

the framework of the research, three different sections of Year 3 were designated as A, B and C, and these classes 

were randomly selected to be assigned as control or experimental groups. At the beginning of the study there were 

36 participants in the control group, 51 in the first experimental group and 52 in the second experimental group. 

However, in determining the final participants in the study, those who did not take the pre-test, did not complete 

the online training and did not take the post-test were excluded from the analysis. After this elimination process, 

the results of 28 pre-service teachers in the control group, 36 pre-service teachers in the first experimental group 

and 30 pre-service teachers in the second experimental group were analyzed. 
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Data Collection 

Demographic Information Form 

 

This form was used to collect basic demographic information such as the participants' gender, student number and 

the branch of the course they were taking.   

 

General Attitude Scale towards Artificial Intelligence 

 

It was developed by Schepman and Rodway (2023) in order to measure the participants' general attitudes towards 

AI. This scale was adapted into Turkish by Kaya et al. (2022). The scale consists of 20 items and two dimensions 

(positive attitude and negative attitude). Participants rate each item between 1 and 5. Total scores for positive and 

negative attitude dimensions were calculated separately. Cronbach's alpha internal consistency coefficients were 

calculated as .82 for the positive attitude dimension and .84 for the negative attitude dimension (Kaya et al., 2022).  

 

Generative Artificial Intelligence Acceptance Scale 

 

It was developed by Karacaoğlan-Yılmaz et al. (2023) to measure the level of acceptance of GenAI tools by 

individuals. The scale consists of 20 items and four sub-dimensions (performance expectation, effort expectation, 

facilitating conditions and social influence). Participants rated the scale items between 1 and 5. The highest score 

that can be obtained from the scale is 100 and the lowest score is 20. The evidence for the reliability of this scale 

was calculated as .97 with Cronbach's alpha and .95 with the test-retest method (Karacaoğlan-Yılmaz et al., 2023). 

 

Procedure 

 

Participants were randomly assigned to the control and experimental groups. Informed consent forms were 

distributed to the participants for their voluntary participation in the study and those who agreed to participate 

were included in the study and pre-tests were administered (see Figure 1).  Then, a two-hour face-to-face training 

was given on creating a performance task and preparing a rubric. In this training, the definition, characteristics, 

usage areas and types of performance tasks were explained in detail and sample performance tasks were presented. 

In addition, the types, characteristics and usage examples of rubrics required for the evaluation of performance 

tasks were explained to the participants. Following this face-to-face training, the participants received an online 

and asynchronous training on GenAI. This training consisted of two parts. The first part aims to increase the 

general knowledge level of all participants about GenAI. The training covered the main purposes and benefits of 

GenAI, prompt engineering and how to create products with GenAI. 

 

In the second part of the training, the trainings received by the groups were designed with different contents (see 

Table 2). The control group received only a training on the use of ChatGPT. Experiment 1 group received training 

on the use of DALL-E tool in addition to ChatGPT, and Experiment 2 group received training on Fliki.ai, a video 

creation tool, in addition to ChatGPT. These trainings were conducted online using the Edpuzzle platform. The 

Edpuzzle platform was preferred because it offers the opportunity to track how long the participants watch the 
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given videos and to increase the attention and interaction of the viewers by adding questions on the videos.  

 

Table 2. Details about Experiment Process 

 Control Group Experiment 1 Experiment 2 

Pre-test 

Demographic 

Information Form 

Demographic Information 

Form 

Demographic Information 

Form 

 

General Attitude towards 

AI 

General Attitude towards 

AI 

General Attitude towards 

AI 

 GenAI Acceptance Scale GenAI Acceptance Scale GenAI Acceptance Scale 

Process 1 (2 

hours) 

Performance Task and 

Rubric Training 

Performance Task and 

Rubric Training 

Performance Task and 

Rubric Training 

Process 2 

(Online) 

GenAI and ChatGPT 

Training 

GenAI and ChatGPT ve 

DALL-E Training 

GenAI, ChatGPT and 

Fliki.ai Training  

Post-test 

General Attitude towards 

AI 

General Attitude towards 

AI 

General Attitude towards 

AI 

 GenAI Acceptance Scale GenAI Acceptance Scale GenAI Acceptance Scale 

 

 

Figure 1. Study Process 

 

After the training and pre-test phases, post-tests were administered to each group and the data obtained were 

collected for analysis (see Figure 1).   

 

GenAI Tools Used in the Study 

 

An analysis of GenAI tools utilized in education reveals the existence of various types, each serving distinct 

purposes. In addition to text-based GenAI tools such as ChatGPT, Claude, and Gemini, visual content generation 

systems like MidJourney and DALL-E are playing a significant role in enhancing educational practices. 

Furthermore, tools that generate multimedia content, including Fliki.ai, Flux.ai, and Sora, enable educators to 

enrich instructional materials and assessment tools. By leveraging these technologies, educators can offer students 

more engaging and interactive learning experiences. Research underscores the effectiveness, time-saving 

capabilities, and user-friendliness of visual AI tools in educational settings (Hisan & Amri, 2023; Vigna-Taglianti, 

2024). Although existing studies primarily focus on applications in medical education, they highlight the broader 

advantages of visual GenAI tools. These tools not only generate royalty-free images of tangible objects but also 
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aid in visualizing complex abstract concepts, thereby facilitating student comprehension (Aktay, 2022). This 

capability is particularly beneficial in subjects requiring abstract thinking, as it significantly supports the learning 

process by bridging the gap between conceptual understanding and practical application. 

 

Data Analyses  

 

The research data were analyzed using Jamovi 2.3.28 software. The analysis process was carried out in the 

following two stages:  

 

Analysis of Pre-Tests 

 

Descriptive statistics (mean, median, mode) were calculated to check the initial similarity of the control and 

experimental groups. To determine whether the pre-test scores were normally distributed, skewness and kurtosis 

values were analyzed and the Shapiro-Wilk test was applied. For a data set to be normally distributed, the 

skewness and kurtosis values should be between -1 and +1 and the Shapiro-Wilk test should not be statistically 

significant (Field, 2009).  

 

With the exception of the negative attitude sub-dimension of the general attitude towards AI scale, the positive 

attitude dimension and the acceptance levels of GenAI do not show a normal distribution. Therefore, non-

parametric tests such as the Kruskal-Wallis test were used for these variables. In the negative attitude sub-

dimension, since it was found that there was a normal distribution and that the group variances were homogeneous, 

the ANOVA test was preferred for this variable. According to the pre-test results, positive and negative attitudes 

towards AI were similar in all groups before the experiment. However, significant differences were observed in 

the levels of acceptance of GenAI. These results were taken into account when analyzing the post-test data. 

 

Analysis of Post-Tests 

 

Descriptive statistics were initially computed in the analysis of the post-test data. The normality of the post-test 

scores was assessed by analyzing the skewness and kurtosis values, together with the outcomes of the Shapiro-

Wilk test. The findings of this normality test indicate that the acceptance ratings for GenAI are not normally 

distributed (p < .05), although the positive and negative attitude scores of AI are regularly distributed (p > .05). 

Given these normality tests and the analyses of differences between the groups on the pre-test scores, Kruskal-

Wallis, ANOVA and ANCOVA tests were used to determine whether the post-test scores differed between the 

groups.  The dependent samples t-test was used for normally distributed data and the Wilcoxon signed-rank test 

was used for non-normally distributed data to determine the differences between participants' pre- and post-

experimental data.  

 

Reliability and Validity  

 

In this study, the reliability of the pre- and post-test scores of the experimental and control groups were assessed 
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using Cronbach's alpha and McDonald's omega coefficients. Table 3 shows the reliability coefficients of the pre- 

and post-test scores of the control group.  

 

Table 3. Reliability Coefficients for the Pretest and Posttest Scores of the Control Group 

 Pre-test Post-test 

 Cronbach 

alpha 

McDonald’s 

omega 

Cronbach 

alpha 

McDonald’s 

omega 

Positive attitude towards AI .911 .916 .854 .871 

Negative attitude towards AI .773 .792 .741 .755 

Acceptance of GenAI .939 .947 .837 .870 

 

The reliability coefficients in Table 3 show values of .70 and above for all variables. These results indicate that 

the scales have high reliability and the results are reliable (Field, 2009). In Table 4, the reliability coefficients for 

the pre-test and post-test scores of the Experiment 1 are presented.  

 

Table 4. Reliability Coefficients for Pretest and Posttest Scores for Experiment 1 Group 

 Pre-test Post-test 

 Cronbach 

alpha 

McDonald’s 

omega 

Cronbach 

alpha 

McDonald’s 

omega 

Positive attitude towards AI .959 .960 .85 .876 

Negative attitude towards AI .852 .857 .826 .833 

Acceptance of GenAI .987 .984 .951 .955 

 

The reliability coefficients in Table 4 show that the scale scores of the Experiment 1 are highly reliable (Field, 

2009). In Table 5, the reliability coefficients for the pre-test and post-test scores of the Experiment 2 are presented. 

 

Table 5. Reliability Coefficients for Pre-test and Post-test Scores for Experiment 2 Group 

 Pre-test Post-test 

 Cronbach alpha McDonald’s omega Cronbach alpha McDonald’s omega 

Positive attitude  .844 .862 .777 .798 

Negative attitude .804 .809 .771 .787 

Acceptance of GenAI .907 .917 .925 .930 

 

Cronbach's alpha and McDonald's omega values in Table 5 show that both the pre-test and post-test scores of the 

Experiment 2 group are reliable (Field, 2009). The validity of the study is in accordance with the validity standards 

accepted in the literature for the scales used. The general attitude of AI scale and the GenAI acceptance scale were 

evaluated in detail in the relevant literature and adapted into Turkish (Kaya et al., 2022; Karacaoglan-Yılmaz et 

al., 2023). The validity of these scales was assessed in terms of content validity, construct validity and criterion 

validity. 
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Ethics  

 

In order to ensure the ethical appropriateness of the research, approval was obtained from the Ethics Committee 

of the university. The ethics committee approval number is indicated as E-64075176-050.04-240117688. This 

approval confirms that the research was conducted in accordance with scientific and ethical standards and that 

participant rights were protected. In addition, participants were asked to sign an informed consent form before 

participating in the study. This form provided participants with detailed information about the purpose, methods 

and possible risks of the study. 

 

Results 

Descriptive Statistics of Pre-test Scores 

 

Firstly, the attitude towards AI and acceptance levels of GenAI of the control and experimental groups were 

measured with the descriptive statistics (see Table 6). 

 

Tablo 6. Descriptive Statistics for Pretest Scores for Experimental and Control Groups 

Variables Groups n Mean Median Standard Deviation Min Max 

Positive attitude Control 28 42.2 43.5 7.83 16 56 

 Experiment 1 36 43.9 46 10.8 12 60 

Experiment 2 30 45.3 47 7.71 27 59 

Negative attitude Control 28 23 22 5.04 14 38 

 Experiment 1 36 22.9 22.5 5.92 9 37 

Experiment 2 30 26 26 6.09 10 39 

Acceptance of GenAI Control 28 71.6 75 11.7 24 88 

 Experiment 1 36 73.8 77.5 18.4 21 100 

Experiment 2 30 80.2 77.5 9.30 65 100 

 

As seen in Table 6, Experiment 2 has the highest mean (Mean = 45.3, SD = 7.71). This was followed by the 

Experiment 1 group (Mean = 43.9, SD = 10.8) and the control group (Mean = 42.2, SD = 7.83). These results 

show that the positive attitudes of the groups at the beginning were above the middle level. In terms of negative 

attitude scores, the Experiment 2 had the highest mean (Mean = 26, SD = 6.09). The control group (Mean = 23, 

SD = 5.04) and Experiment 1  (Mean = 22.9, SD = 5.92) exhibited very close averages. These data show that the 

negative attitudes of the groups are below the medium level.  

 

Analysis of acceptance levels reveals that the Experiment 2 group has the greatest mean (Mean = 80.2, SD = 

9.30). The Experiment 1 has a mean of 73.8 and a standard deviation of 18.4, while the control group has a mean 

of 71.6 and a standard deviation of 11.7. The results indicate that acceptance levels were elevated across all groups, 

with the Experimental 2 exhibiting the highest levels compared to the others. Differences were noted among the 

pretest scores of the three groups. Analyses of differences were conducted to ascertain the statistical significance 

of these variations, with the results presented in Table 7 and Table 8. 
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Table 7. Kruskal Wallis Test Results of Pre-test Scores 

Variables Chi-square df p 

Positive attitude 3.89 2 .143 

Acceptance of GenAI 6.76 2 .034* 

* p < 0.05 

 

Tablo 8. ANOVA Test Results of Pre-test Scores 

Variables F df1 df2 p 

Negative attitude 2.74 2 59.7 .073 

 

As seen in Table 7 and Table 8, it is seen that there is no significant difference between the groups in positive and 

negative attitude of AI scores. However, a significant difference was found between the groups in the total scores 

of the acceptance scale for GenAI (χ² = 6.76, p = .034). The DSCF post-hoc test conducted to determine between 

which groups this difference was between revealed that there was a significant difference between the control 

group and the Experiment 2. 

 

Descriptive Statistics of Post-test Scores  

 

After the experimental procedures, post-test was applied to all groups. Descriptive statistics of the post-test scores 

are presented in Table 9. 

 

Tablo 9. Descriptive Statistics for Post-test Scores for Experimental and Control Groups 

Variables Groups n Mean Median Std. Deviation Min Max 

Positive attitude Control 28 45.9 45.0 5.84 34 60 

 Experiment 1 36 48.1 48.0 5.64 34 59 

Experiment 2 30 44.5 44.5 6.52 29 60 

Negative attitude Control 28 22.5 21.5 4.73 12 33 

 Experiment 1 36 21.2 20.5 5.41 8 32 

Experiment 2 30 23.5 23.0 5.45 11 40 

Acceptance of GenAI Control 28 78.0 77.5 6.58 67 95 

 Experiment 1 36 79.3 78.5 12.0 35 100 

Experiment 2 30 80.8 80.0 10.2 58 100 

 

It is seen that the positive attitude towards AI scores have the highest mean in the Experiment 1 group (Mean = 

48.1, SD = 5.64). The control group (Mean = 45.9, SD = 5.84) and Experiment 2 group (Mean = 44.5, SD = 6.52) 

exhibited similar averages. These data show that the intervention applied in the Experiment 1 group was more 

effective in increasing the positive attitude towards AI. In order to make sure of this effect, difference analyses 

between groups were performed (see Table 10).  

 

In terms of negative attitude towards AI scores, small differences were observed between the groups. The 
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Experiment 2 group had the highest mean (Mean = 23.5, SD = 5.45), followed by the control group (Mean = 22.5, 

SD = 4.73) and the Experiment 1 group (Mean = 21.2, SD = 5.41). These results suggest that the experimental 

interventions may have shown a limited effect in reducing negative attitudes. When the acceptance levels of 

GenAI are analyzed, it is seen that all groups exhibited high averages. Experiment 2 group had the highest mean 

(Mean = 80.8, SD = 10.2), followed by Experiment 1 group (Mean = 79.3, SD = 12.0) and control group (Mean 

= 78.0, SD = 6.58). These results suggest that the levels of acceptance of GenAI were high in all groups and that 

the experimental interventions may have further increased these levels. However, the statistical significance of 

these differences needs to be examined with further analyses. Therefore, the difference between the control and 

experimental groups was revealed by Kruskal Wallis and ANOVA tests. ANOVA test was used to evaluate the 

differences between the post-test scores obtained from the sub-dimensions of the attitude towards AI scale. The 

results of the analysis are presented in Table 10.  

 

Table 10. ANOVA Results of Post-test Positive and Negative Attitude Scores between Groups 

Variables F df1 df2 p 

Positive attitude 2.85 2 58.3 0.066 

Negative attitude 1.46 2 59.7 0.241 

 

As seen in Table 10, the ANOVA results of the positive attitude scores show that there is no statistically significant 

difference between the groups (F(2, 58.3) = 2.85, p = 0.066). However, the fact that the p-value is quite close to 

0.05 indicates a significant marginal difference. This indicates that there may be a tendency between the groups 

in terms of positive attitude, but this tendency does not reach the level of statistical significance.  

 

The ANOVA test for the negative attitude scores revealed that there was no statistically significant difference 

between the groups (F(2, 59.7) = 1.46, p = 0.241). This result shows that the experimental procedures applied did 

not have a differentiating effect on the participants' negative attitudes. Nonparametric ANCOVA was employed 

to analyze the disparities among the groups in the posttest scores for the acceptance levels of GenAI. The findings 

are presented in Table 11. 

 

Table 11. Non-parametric ANCOVA Results of Post-test Acceptance of GenAI Total Scores between Groups 

 Groups (Mean Rank) Kruskal Wallis H df p 

 Control Experiment 1 Experiment 2 

Acceptance of GenAI 43.2 51.55 47.47 1.358 2 .507 

 

The data in Table 11 indicate that the posttest acceptability levels of participants in both the control and 

experimental groups were not statistically different (H = 1.358, df = 2, p > .05). Thus, it may be stated that there 

is no substantial difference between the groups regarding posttest acceptance scores. The various experimental 

methodologies employed did not appreciably alter the participants' acceptance levels of GenAI. Analysis of the 

Mean Rank values reveals that the Experiment 1 group possesses the highest value (51.55), succeeded by 

Experiment 2 (47.47) and the Control group (43.2), respectively. Nonetheless, these disparities lack statistical 

significance. The p-value of 0.507 suggests that the observed differences between the groups are probably 
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attributable to random variation. 

 

Analyses of the Differences between the Pre-test and Post-test Scores of the Groups  

 

Non parametric Wilcoxon test was preferred for the difference analyses between the pretest-posttest scores of the 

control group's positive attitude of AI and acceptance levels of GenAI. The Wilcoxon test findings in Table 12 

indicate a significant difference between pretest and post-test scores for positive attitudes of AI and acceptance 

levels of GenAI  (p < .05). The findings indicate that the posttest scores surpass the pretest scores, and these 

discrepancies are statistically significant. It was noted that positive opinions  increased following the experiment 

involving the group utilizing solely ChatGPT to complete a performance challenge.Likewise, the acceptability 

levels of pre-service instructors utilizing solely text-based GenAI tools for performance task creation improved 

following the experiment.The effect size for the variable of positive attitude was determined to be Cohen's d = -

0.59 and rank biserial correlation = -0.71. This signifies a medium to high effect magnitude. The effect size for 

the acceptability of GenAI was determined as Cohen's d = -0.48 and rank biserial correlation = -0.60. This signifies 

a moderate effect magnitude. The negative effect size signifies that the post-test results exceed the pretest values.  

 

Table 12. Pre-test-Post-test Difference Analyses of the Control Group's Positive Attitude of AI and Acceptance 

of GenAI 

 Wilcoxon W p Effect size 

Positive attitude 

 

47 .002* Cohen’s d -0.59 

Rank biserial -0.71 

Total acceptance 81.5 .006* Cohen’s d -0.48 

Rank biserial -0.60 

 

The disparity between the pretest and post-test negative attitude levels  in the control group was examined using 

a dependent samples t-test (see Table 13). It was found that there was no significant difference between the pre-

test and post-test scores of the control group's negative attitudes of AI (t(27)=.484, p> .05). This result shows that 

there is no change in the negative attitudes of the pre-service teachers who used only ChatGPT while creating the 

performance task after the experiment. Similar to the control group, pre-test and post-test difference analyses were 

performed for variables in Experiment 1 group. Wilcoxon test was used for positive attitude of AI and acceptance 

levels of GenAI. 

 

Table 13. Pre-test-post-test Difference Analyses of the Control Group's Negative Attitude Levels of AI 

 Pair sample t test df p 

Negative attitude .484 27 .632 

 

No significant difference was found between the pre-test and post-test acceptance levels of the individuals in 

Experiment 1 group (see Table 14). However, a significant increase was found in the positive attitude levels of 

the participants in Experiment 1 group (W= 129, p < .05). In other words, the participants in the group who used 

both text-based and image-generating AI tool while creating the performance task increased their positive attitudes 
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after the experiment. The effect size was calculated as -0.513 with rank biserial.  The negative effect size indicates 

that the post-test scores were higher than the pretest scores.  

 

Table 14. Pre-test and Post-test Difference Analyses of Positive Attitude and Total Acceptance of Experiment 1 

Group 

 Wilcoxon W p Effect size 

Positive attitude 129 .011 Rank biserial -0.513 

Total acceptance 241 .338 - 

 

The analyses of the level of negative attitude of AI were performed with a dependent samples t-test and given in 

Table 15. 

 

Table 15. Pre-test and Post-test Difference Analyses of Negative Attitude of Experiment 1 Group 

 Pair sample t test df p 

Negative attitude 1.79 35 .082 

 

In Experiment 1 group, no significant difference was found in negative attitude levels (p> .05). In other words, no 

difference was detected in the attitudes of the participants who used ChatGPT and DALL e while preparing the 

performance task before and after the experiment. After Experiment 1, the difference between the pre-test and 

post-test data of the pre-service teachers who used both ChatGPT and fliki.ai platform while creating the 

performance task was analyzed. The results of these analyses are presented in Table 16 and Table 17. 

 

Table 16. Pre-test and Post-test Difference Analyses of Positive Attitude and Total Acceptance of Experiment 2 

Group 

 Wilcoxon W p Effect size 

Positive attitude 243 .367 - 

Total acceptance 146.5 .469 - 

 

In the Experiment 2 group, there was no significant difference between the pretest and posttest scores in positive 

attitude and acceptance levels of GenAI (p> .05). This situation indicates that the attitudes and acceptance of the 

participant group, which used both text-based and video-generating AI tools while creating a performance task, 

did not differ after the experiment. The dependent samples t-test was applied to compare the pretest and posttest 

values of the negative attitude levels of the Experimental 2 group (see Table 17). 

 

Table 17. Pre-test-post-test Difference Analyses of the Negative Attitude Levels of the Experiment 2 Group 

 Pre-test M Post-test M Pair sample t-test df p Effect size (Cohen’s d) 

Negative attitude 26 23.5 2.497 29 .018 .46 

 

In the Experiment 2 group, a significant difference was found between pre-test and post-test scores in negative 

attitude levels (t(29)= 2.497, p < .05). These findings show that the attitudes of those who used both ChatGPT and 
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fliki.ai while creating a performance task changed. When the arithmetic averages of the pre-test and post-test 

values were analyzed (see Table 17), a decrease was found in the post-test values. This indicates that the negative 

attitude levels of the participants in Experiment 2 decreased. The Cohen's d value for the effect size was calculated 

as .46, and according to the classification proposed by Cohen (1988), this value indicates a moderate effect. This 

result shows that the practical significance of the observed change is also noteworthy. 

 

Discussion 

 

This study examined the impacts of integrating GenAI tools into performance-based task development on pre-

service teachers' attitudes and acceptance of AI. The results provide significant insights into the emerging domain 

of AI in education, especially for the training of future educators. The study revealed high average acceptance 

levels of GenAI across all groups, both before and after the empirical interventions. This suggests a pre-existing 

receptiveness among pre-service teachers towards incorporating such tools into their future teaching practices. 

These findings align with the growing body of research indicating educators' increasing interest in GenAI 

applications within educational contexts (Darayseh, 2023; Nyaaba et al., 2024; Zhai, 2024).  For instance, studies 

by Darayseh (2023) have also reported high levels of acceptance and positive attitudes towards AI among pre-

service teachers. Chung (2024) found that pre-service teachers perceived AI as a valuable tool for enhancing 

student engagement and personalizing learning. Moreover, Brandhofer and Tengler (2024) demonstrated that 

familiarity with AI technologies was positively correlated with acceptance levels among educators. The observed 

increase in positive attitudes, particularly within the control group exposed only to ChatGPT, suggests that hands-

on experience with text-generating AI tools may be particularly effective in fostering a more informed and 

constructive view of their potential benefits in education. This could be attributed to the direct and immediate 

utility of ChatGPT in generating text-based content relevant to performance task development. However, it is also 

possible that pre-existing biases or expectations regarding text-based AI tools, compared to more novel visual or 

video-based tools, contributed to this difference. Future research could explore these potential mediating factors. 

 

Differential Impact of AI Tools and the Technology Acceptance Model (TAM) 

 

Although the post-test results did not reveal statistically significant differences in overall attitudes and acceptance 

levels between the groups, the analysis of intra-group changes between pre-test and post-test scores presents a 

more intricate perspective. These results suggest that different types of GenAI tools may not exert homogenous 

effects on pre-service teachers' perceptions. This discovery emphasizes the intricate nature of AI integration and 

reveals the possibility for varying effects of different AI tools, supporting Bower et al.'s (2024) conclusions 

regarding the diversity of AI perceptions among educators influenced by experience, gender, and discipline. The 

lack of substantial overall group differences underscores the necessity of accounting for individual variances and 

contextual elements in forthcoming studies, along with Chung's (2024) advocacy for a comprehensive strategy to 

AI integration.  

 

Delving deeper into the intra-group changes, the control group (using only ChatGPT) exhibited a significant 

increase in both positive attitudes towards AI and acceptance of GenAI. This demonstrates that even text-based 
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AI tools like ChatGPT can positively influence pre-service teachers' perceptions of AI's potential benefits and 

their willingness to use such technologies for pedagogical purposes. The significant increase in positive attitudes 

towards AI and acceptance of GenAI within the control group resonates strongly with the Technology Acceptance 

Model (TAM) (Davis, 1989), particularly the construction of perceived usefulness. The experience of using 

ChatGPT to generate text-based content for performance tasks likely enhanced pre-service teachers' perceptions 

of its utility in an educational context, thus directly contributing to their behavioral intention to use GenAI in the 

future, as predicted by TAM (Hamzah et al., 2024; Nair & Das, 2012). Furthermore, the differential impact 

observed between the groups suggests that different AI tools may influence different constructs within TAM. For 

example, while ChatGPT may primarily impact perceived usefulness, DALL-E may influence perceived ease of 

use or even subjective norms, warranting further investigation into these nuanced relationships. 

 

Conversely, the Experiment 1 group, which utilized both text-generating (ChatGPT) and image-generating 

(DALL-E) AI tools, exhibited a significant increase solely in positive attitudes towards AI. This finding suggests 

that the integration of image-generating AI tools like DALL-E, while potentially reinforcing the belief in AI's 

general utility, may not necessarily translate to an increased acceptance of GenAI for direct pedagogical 

applications at the same rate as text-based tools. This difference could be attributed to the perceived relevance and 

applicability of the specific AI tool to the task at hand. While ChatGPT directly supports text generation for 

performance task development, the immediate pedagogical utility of DALL-E might be less apparent to pre-

service teachers. This aligns with findings from Yadav (2020) who compared the impact of different AI tools on 

student learning outcomes and found that the effectiveness of the tool depended on its alignment with the specific 

learning objectives. Further research by (Hutson & Cotroneo, 2023; Montero, 2024; Wangdi, 2023) has explored 

the use of visual AI tools in education, highlighting their potential for enhancing creativity and engagement, but 

also emphasizing the need for careful pedagogical integration (Zebua, 2024). These findings warrant further 

investigation into the specific mechanisms through which different functionalities of GenAI tools shape teachers' 

perceptions and acceptance. 

 

A notable outcome was the substantial reduction in negative perceptions of AI among the Experiment 2 group, 

which utilized both text and video-based AI tools (ChatGPT and Fliki.ai). This indicates that engaging with a tool 

like Fliki.ai, specifically designed for video creation, might have provided a concrete example of AI's creative 

potential, thereby mitigating some of the anxieties associated with its perceived negative impacts on critical 

thinking (Chung, 2024; Echave et al., 2024). This finding aligns with the work of Kim and Kim (2024), who 

emphasize the importance of effective AI training programs in addressing concerns and fostering informed use of 

AI tools. The reduction in negative attitudes also suggests that direct and constructive interaction with specific AI 

tools can play a crucial role in shaping perceptions and alleviating anxieties. This is further supported by research 

from (Kaur et al., 2024; Matias & Zipitria, 2023) who found that exposure to positive examples of AI applications 

in education can effectively reduce negative biases. Schiavo et al.'s (2024) study on the impact of AI anxiety on 

technology acceptance provides further evidence for the importance of addressing negative perceptions to promote 

successful AI integration. 

 

The intricate results about the varying effects of different AI tools align with the expanding study on the 
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Technology Acceptance Model (TAM) and its extensions. The original Technology Acceptance Model (Davis, 

1989) identifies perceived utility and ease of use as key determinants of technology acceptance, although 

subsequent models, including Teo's (2009), integrate additional aspects such as self-efficacy and facilitating 

situations. The findings of this study indicate that various AI tools may have disparate effects on these aspects. 

The favorable influence of ChatGPT on attitudes and acceptance within the control group may be ascribed to its 

perceived utility in producing text-based content, consistent with research that has effectively utilized the 

Technology Acceptance Model (TAM) to forecast technology adoption in educational contexts (Nair & Das, 

2012; Hamzah et al., 2024).  

 

Limitations and Future Directions 

 

This study recognizes several limitations, including comparatively small sample size and the reliance on self-

reported measures. The limited sample size, sourced from a specific cohort of pre-service teachers, may constrain 

the applicability of the findings to other groups with differing degrees of AI familiarity and technological 

proficiency. Subsequent research ought to utilize larger, more heterogeneous samples and integrate observational 

methodologies to evaluate the influence of AI tool utilization on genuine instructional practices and student 

outcomes. Examining the enduring impacts of GenAI integration on pre-service teachers' attitudes, acceptance, 

and pedagogical practices beyond the initial intervention phase is essential. Furthermore, examining the 

relationship between personal attributes (e.g., previous AI experience, technological self-efficacy, pedagogical 

views) and the distinct characteristics of various AI tools is crucial for a thorough comprehension of successful 

AI integration in education.  

 

The findings endorse the integration of GenAI tools into pre-service teacher education curricula. By providing 

hands-on experiences with these technologies specifically aimed at enhancing performance-based task 

development, teacher preparation programs can equip future educators with the skills and confidence needed to 

leverage GenAI effectively into classes. This can ultimately contribute to fostering more engaging and effective 

learning environments for prospective teachers. 

 

Conclusion 

 

In conclusion, this study demonstrates that the use of GenAI tools in performance task development has complex 

and varied effects on pre-service teachers' attitudes towards and acceptance of AI. Despite the absence of overall 

group differences, interaction with different AI tools led to significant changes in intra-group attitude and 

acceptance levels. The findings of this study underscore the critical need for teacher education programs to adopt 

a nuanced and differentiated approach to AI integration, one that acknowledges the diverse affordances and 

limitations of specific AI tools and their potential to impact pre-service teachers' attitudes and acceptance in 

distinct ways. By meticulously developing interventions that address specific constructs within established 

theoretical frameworks such as TAM and TPB, teacher educators can proficiently equip future teachers to manage 

the intricacies of AI in education and leverage its transformative potential to improve teaching and learning. 
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