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Abstract


This study examines the factors that may impact the adoption of generative artificial intelligence (Gen AI) tools for students’ assessment in tertiary education from the perspective of early-adopter instructors in the Middle East. It utilized a self-administered online survey and the Unified Theory of Acceptance and Use of Technology (UTAUT) model to collect data from 358 faculty members from different countries in the Middle East. The Smart PLS software 4 was used to analyze the data. The findings of this study revealed that educators developed new strategies to integrate Gen AI into assessment and used a systematic approach to develop assignments. Moreover, the study demonstrated the importance of developing institutional policies for the integration of Gen AI in education, as a driver factor influencing the use of Gen AI in assessments. Additionally, the research identified significant factors, namely performance expectancy, effort expectancy, social influences, and hedonic motivation, shaping educators’ behavioral intentions and actual use of Gen AI tools to assess students’ performance. The findings reveal both the potential advantages of Gen AI, namely enhanced student engagement and reduced instructor workloads, and challenges, including concerns over academic integrity and the possible negative impact on students’ writing and thinking skills. This study emphasizes the significance of targeted professional development and ethical criteria for the proper integration of Gen AI in educational assessment.
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1. Introduction


Educators’ interest in generative artificial intelligence (Gen AI) has grown significantly [1], particularly since OpenAI released ChatGPT-3 in 2022. This is primarily due to these tools’ capacity to generate writing that resembles that produced by humans, to the extent that texts generated by AI are challenging for even specialists to recognize [2]. Furthermore, students have rapidly adopted Gen AI tools in their writing (Moorhouse et al., 2023).



Opponents of the integration of Gen AI in education have expressed their concerns regarding the validity of assessments, particularly with respect to academic integrity and plagiarism [3,4]. Students’ use of AI tools to complete their assignments [5] could compromise academic integrity and eventually undermine the reputations of academic institutions. Furthermore, academics contend that if students rely too much on GAI, it might hinder the development of their writing and critical thinking abilities [4,6] and negatively impact the quality of instruction and learning outcomes for students [7].



Nevertheless, some academics argue that Gen AI can have positive effects on schooling [8,9]. For example, [10] points out that Gen AI can boost students’ participation in assignments, provide prompt feedback, facilitate collaboration, and make learning more accessible. One major advantage is the capacity to offer prompt and insightful feedback through automated marking. Similarly, [11] found that Gen AI tools could assist educators in identifying and meeting their students’ needs, as well as in automatic essay scoring and instantaneous student feedback, thereby reducing instructors’ workloads. Zhai and Nehm (2023) argue that the discussion about Gen AI should focus on how to use these tools, rather than whether to use them. This is because many teachers are already using AI to aid formative assessment in various educational settings [12,13].



To persuade instructors and professors who doubt the validity of Gen AI in student assessment in higher education, it is essential to examine the factors that may influence their decisions. Therefore, the purpose of this study is to explore the factors that influence higher education instructors’ use of Gen AI in assessing students from their perspectives.




2. Research Problems


The rapid advancement of Gen AI technologies has sparked considerable interest among educators regarding their potential applications in tertiary education, especially in student assessment. However, the adoption of Gen AI tools in educational assessment is fraught with challenges and controversies. Critics worry that the use of artificial intelligence (AI) in assessment may jeopardize academic integrity, leading to increased instances of plagiarism and reducing the reliability of assessment outcomes [3,5]. Furthermore, there are concerns that the reliance on Gen AI could impair students’ writing and critical thinking skills and degrade the quality of instruction and learning outcomes [6,7].



Despite these concerns, proponents highlight the benefits of Gen AI, such as enhanced student engagement, timely feedback, and reduced instructor workloads, which can make learning more accessible and personalized [10,11]. Given these opposing viewpoints, it is vital to explore the factors affecting the acceptability and usage of Gen AI tools in higher education from the perspective of educators. This study seeks to fill this gap by investigating the constructs that influence the acceptance of Gen AI for student evaluation, providing insights that might assist in defining policies and approaches for the effective implementation of AI in schools and universities.



2.1. Research Purpose


The goal of this study is to investigate the constructs that may influence the use of Gen AI in assessing students in university settings, as seen through the viewpoints of early-adopter educators in higher education institutions. Moreover, this study provides a structural relationship between these constructs using the PLS-SEM analysis of the retrieved data from the participants.




2.2. Contribution of the Study


This study makes a significant contribution to the field of educational technology by empirically examining the factors influencing the adoption of Gen AI tools for students’ assessment in higher education. Utilizing the Unified Theory of Acceptance and Use of Technology (UTAUT) model, this research validates the critical roles of performance expectancy, effort expectancy, social influences, and hedonic motivation in shaping educators’ behavioral intentions (BI) and actual usage of Gen AI. By highlighting the moderating effect of professors’ experience, this study provides nuanced insights into how familiarity with technology influences its adoption.



Moreover, this research addresses both the benefits and challenges of integrating Gen AI, offering practical implications for educators, institutions, and policymakers to enhance the effective and ethical use of AI in educational assessment. These findings lay the groundwork for future studies to explore long-term impacts, diverse contexts, and the development of robust frameworks for the ethical use of Gen AI in education.





3. Literature Review


Creating exams and assessments for students is an integral part of a teacher’s job. It is often a dull, time-consuming, and tiresome process and requires follow-up work that involves correcting these tests and monitoring and checking students’ grades. With the development of AI techniques, it has become possible to rely on generative multiple-choice question tools to complete this tedious work. Recent studies show that AI is transforming how students are assessed, making the process more personalized, efficient, and effective [14,15,16,17,18,19].



3.1. Assessment in Tertiary Education


In tertiary education, assessment and feedback serve as pivotal elements of education, influencing a diverse array of stakeholders, including students, faculty, and administrative personnel. Assessment and feedback not only augment students’ grading proficiency, motivational engagement, and academic performance but also facilitate enhanced learning trajectories [20,21,22,23]. Many studies highlight the transformative impact of assessment on the pedagogical outcomes of students within tertiary educational settings. Assessment and feedback have moved beyond a student-centered focus to encompass elements such as curricular frameworks, pedagogical methodologies, and administrative mechanisms. These assessments are critical to elevating students’ academic outcomes and are integral to their subsequent academic and professional achievements [23].



Diagnostic, formative, summative, and electronic assessments are among the assessment types used in higher education, with self-evaluation and peer assessment being common as well. The appropriate assessment type is determined by the course’s specific educational objectives and expected learning outcomes. Formative assessments, or “assessments for learning”, are implemented throughout the educational process, whereas summative assessments, or “assessments of learning”, are typically administered at the culmination of the educational activities [24,25].



Traditionally, evaluations in higher education have generally focused on the retention and application of knowledge within narrowly defined contexts, typically measured through conventional examinations and academic tasks like term paper composition. These assessment methodologies are fundamental to instructional strategies that furnish feedback, thereby allowing both students and educators to refine ongoing teaching and learning processes to better achieve the intended instructional outcomes. Moreover, educators are increasingly adopting cognitive analytics as a foundation for robust e-learning evaluations, thereby enabling learners to substantially improve their academic performance [26].



Assessment involves collecting and analyzing students’ exams and work according to a certain criterion and rubric so as to form judgments. Assessment or evaluation is an essential component of education, closely linked to learning, teaching, and the curriculum, and plays a critical role in generating successful learning outcomes and increasing student satisfaction. In many Arab nations, where students care about passing their tests, which are centered on memorization and rote learning, assessment is the most essential aspect of their study [27]. Because assessment is so important in education, many studies have looked into the characteristics of assessments, including both summative and formative assessments, and how they affect students’ learning performance, motivation, and learning quality [28,29]. Moreover, research on peer and self-assessment has highlighted that these methods enhance students’ skills, their participation, and eventually their academic excellence.



Summative evaluation analyzes students at the end of a course by summarizing both their learning and teaching experiences. This assessment method provides critical feedback on students’ achievements during the course, using grades, projects, term papers, and standardized tests [30]. The advantages of summative assessment include (1) assisting instructors in minimizing errors; (2) enhancing their ability to correct mistakes; (3) offering dependable data such as grades and mid-term marks for accountability purposes among various stakeholders, including learners, teachers, and administrators, in higher education; and (4) aiding in the development of educational strategies such as curricula or funding departments [31]. Traditionally, higher education institutions have relied on summative assessments to gauge students’ learning outcomes [32].



The integration of generative AI tools into higher education assessment practices has sparked discussions on the adaptation of traditional assessment strategies. Educators and students have different attitudes towards the use of AI in assessments, with educators favoring tailored assessments that promote critical thinking and questioning. In contrast, students have expressed concerns about the potential lack of creativity [33]. Studies have shown that AI-generated content, such as that from GPT-4, poses challenging situations in detecting academic misconduct, highlighting the need for improved AI detection tools and enhanced awareness amongst faculty and students [34]. To address these challenges, there is a call for adjustments in assessment strategies to enhance the resistance against AI tools, the incorporation of AI-inclusive assessments, and the implementation of comprehensive training programs for both faculty and students [35].



Assessment is a vital method in education, providing valuable statistical information for students, parents, educators, and policymakers to track progress, regulate efforts, and make knowledgeable decisions [36,37,38]. It is crucial in making choices based on data, demonstrating worth, and highlighting the impact on student achievement [39]. Nevertheless, challenges such as inadequate data accuracy and contested data might impede the assessment process. Assessment provides information to students, parents, educators, and schools on the progress of learning, which helps to guide study efforts and course choices [38]. Assessment in college and university settings promotes learning and generates formal records of achievement by utilizing grading frameworks such as norm-referenced and criterion-referenced frameworks [40,41]. The development of assessment systems, legislation, and policies in education, as well as the incorporation of international assessment systems, highlights the significance of assessment in enhancing the quality and outcomes of education. Effective assessment design is essential in impacting students’ future lives and professional careers [40].



AI tools offer significant advantages in educational assessment. They help students to monitor their learning progress and prepare for tests, while also enabling teachers to efficiently create, correct, and give feedback on assessments. There is a concern that AI may undermine traditional forms of evaluation, like essay writing, because AI tools can generate high-quality written content that performs well in standardized settings [4]. To mitigate these concerns, students could be tasked with correcting or improving texts generated by AI, which not only tests their understanding but also engages them in critical thinking. These methods guarantee that AI instruments are employed to supplement, and not to replace, the teaching process. It is also critical to understand the limitations of AI, which include the potential for “hallucinations” and erroneous information to be produced. Instructors must create exams that not only make good use of AI but also push students to think critically and use their knowledge in novel ways. This is especially important in fields like language and literature courses, where the content is subjective and creative.




3.2. Evolution of AI in Education


Artificial intelligence (AI) has significantly changed education since it was first developed in 1956 [42]. It offers tailored solutions to enhance student learning, while improper usage might have detrimental effects [43]. While many contend that artificial intelligence (AI) has the potential to replace human educators, others maintain that human educators are irreplaceable due to their unique qualities, such as creativity and critical thinking [44]. Therefore, it is essential to integrate AI effectively, without viewing it as a substitute for the provision of a comprehensive learning experience [45]. Moturu and Nethi [46] argued that AI applications are increasingly essential in education, aiming to personalize learning experiences, make them effective, focus on output, promote integration, and foster long-term retention. The integration of AI in education is directly linked to advancements in educational methodologies, underscoring the importance of AI-based e-learning applications in revolutionizing the educational environment.



Significant progress has been made in student-facing systems, personalized adaptive learning, automatic grading, and teacher feedback thanks to AI in education over the last 30 years. The integration of AI with cutting-edge technologies like the Internet of Things and immersive technology is essential to the future of AI in education [47]. Undergraduate nursing education currently incorporates artificial intelligence simulations [48]. By using this technology, students have the opportunity to engage with a virtual patient that is constantly changing as they advance through the curriculum, beginning with essential skills.




3.3. Using AI in Student’s Assessment


Many academics have noted that the COVID-19 pandemic has greatly increased the acceptance of asynchronous and remote learning approaches [49]. Such approaches are at the forefront of the ongoing digital revolution in education [50]. Artificial intelligence has resulted in the creation of innovative tools with the capability to revolutionize various aspects. A notable example is GPT-3, which has demonstrated its ability to create educational materials, debug software, and compose detailed texts that rival the quality of human writing [51].



The definition of AI varies depending on the context, but it generally refers to machines’ ability to execute tasks that would normally need human intelligence. Some scholars define it as the intelligence demonstrated by computers and programs to mirror human mental capacities and work habits, such as the ability to learn, infer, and react to unprogrammed conditions. Furthermore, it is the name of an academic discipline that studies how to develop programs and computers that are capable of exhibiting intelligent behavior.



Education is not an exception to the growing presence of AI in many spheres of society. The use of AI in education started in 1960, when computers were brought into classrooms to handle administrative duties including scheduling, record-keeping, and evaluation [52]. It has been improved over many years to help teachers to assess students and determine their strengths and weaknesses more effectively. With the tremendous development brought about by the Internet, educational chatbots that support artificial intelligence have recently emerged. They can simulate learners and answer their queries. This resulted in the development of individualized learning algorithms that are tailored to the needs of each individual learner.



Artificial intelligence contributed to minimizing the administrative burdens on the educational system. It helped in creating tables and records and therefore improved the process of distributing tasks. This can develop the curriculum and provide academic content for learners in accordance with their needs and capabilities. It also prepares tests and corrects questions, as in most universities that adopt distance learning, where the learner answers random questions from a bank of questions covering all aspects of the subject, whether the questions are multiple-choice or essay questions. In addition, learners can also have access to recorded lectures of their courses at any time and with the least effort. This also comes with instant translations that the learner can use in any language to avoid difficulties in receiving and understanding the information. All of these advantages have contributed to creating a more advanced educational system where the learner does not feel overwhelmed and tired, leading to higher levels of productivity. In general, AI could transform education into a more effective and interesting experience in the future.



The transition from traditional, in-class education to an online mode of learning has sparked concerns regarding student evaluation, which remains a core aspect of e-learning. Previously, in-class evaluations were conducted using conventional methods such as paper-based exams, which required extensive effort and time from educators to prepare, administer, correct, and archive. These traditional methods often fell short in achieving educational objectives, particularly those involving technology. In contrast, the modern digital era, with its advancements in Gen AI technologies, has enhanced the educational process for both teachers and students. While AI tools have significantly aided in meeting diverse educational needs, it is crucial to view them as supplements rather than replacements.




3.4. The Potential of Gen AI in Assessment


Assessing knowledge stands as a crucial component of the educational journey, offering quantifiable insights into the knowledge acquired by learners. It highlights areas needing improvement, thereby facilitating positive reinforcement and motivating students to excel further. Technological advancements have revolutionized not just dynamic teaching and learning methodologies but also the conventional approach to examinations. Traditional pen-and-paper tests are increasingly giving way to automated online assessments, which are more inclusive, accessible, and precise. Furthermore, these automated examinations encapsulate the refined best practices in evaluation and testing that have evolved over time.




3.5. The Factors Influencing the Usage of Gen AI in Students’ Assessment


Scholars have pinpointed assessment as a key domain where AI and related technological advancements hold substantial promise for educational innovation [3,53]. Nonetheless, the broad adoption of AI is not without its challenges, introducing both practical and ethical issues that must be addressed [54].



Students’ perceptions considerably influence the usage of Gen AI in assessment in higher education. Many students have a positive opinion regarding Gen AI, recognizing its potential for individualized learning support, as a writing aid, and its research capabilities [33]. Furthermore, the intention to use Gen AI correlates positively with its perceived value and negatively with its perceived cost. Concerns regarding accuracy, privacy, ethical issues, personal growth, and societal values also influence students’ desire to use Gen AI tools [55,56]. Educators and policymakers must evaluate these elements in order to appropriately customize Gen AI technologies, address students’ concerns, and promote responsible assessment integration, thereby improving teaching and learning experiences in tertiary education [57].




3.6. The Proposed Model of the Study


Based on the discussion in the previous sections and the framework of this study, namely the UTAUT2, the researchers developed the proposed model (Figure 1). The figure below represents a conceptual research model examining the factors influencing behavioral intention (BI) and its effect on use behavior (UB). The model includes constructs such as hedonic motivation (HM), habit (HT), performance expectancy (PE), effort expectancy (EE), and social influence (SI), each hypothesized to affect BI through paths H1a to H1e. Additionally, experience (EXP) is posited to have direct influences on BI and moderate other paths, as indicated by the blue arrows. The relationships between BI and UB are defined by paths H2a, H2b, and H2c. SI also has a direct relationship with EE through H3. This model seeks to investigate how different motivational, behavioral, and experiential factors drive behavioral intentions and the actual usage of a system or technology.




3.7. The Context of the Study


The current study was carried out in a number of Middle Eastern higher education institutions. We recruited participants who were early adopters of Gen AI in teaching. The snowball technique was used to recruit the potential participants for this study based on predefined conditions, including the use of different Gen AI applications for teaching, the use of these tools frequently in his/her courses, and the use of these tools in assessing students’ work/assignments. Therefore, the present investigation focuses on the following research questions.



RQ1: How do teachers in higher education institutions use Gen AI to assess their students’ performance?



RQ2: What are the factors that drive instructors to use Gen AI in assessing students’ performance in higher education institutions from teachers’ perspectives?



RQ3: What is the relationship among these drivers of the use of Gen AI in assessing students’ performance?





4. Methodology


A mixed-methods design was used in this study, using a survey composed of closed questions and open-ended questions. Open-ended questions enable the exploration of participants’ perspectives, experiences, and reasoning in greater depth, providing context and insights into the quantitative findings. The combination of closed and open-ended questions facilitates a more comprehensive understanding of the research problem, allowing for triangulation, enhancing the validity of the results, and offering a more nuanced perspective on the phenomena being studied [58].



4.1. Participants


The participants of this study were faculty members who were teaching in higher education institutions in in the Middle East. We devised a set of criteria for the recruitment of the participants to ensure that our study included a broad and relevant group of individuals from various universities, which would enrich the insights and increase the application of the study’s findings. The participants in the current study had to be instructors in a higher education institution, have experience and familiarity with Gen AI tools, have used AI tools in teaching their courses, be early adopters of Gen AI technology, come from various fields and universities, and have attended professional development workshops on the integration of Gen AI applications in teaching settings. Based on the proposed criteria, the participants in the current study consisted of 358 instructors (47.2% female and 52.8% male). Participants from the social sciences amounted to 34% of the total participants, those from the natural and engineering sciences amounted to 41%, and those from the medical sciences amounted to 25%.




4.2. Open-Ended Questions: Data Analysis


We considered the participants’ responses to the open-ended questions as qualitative data, which we utilized to address the first and second research questions. To address the first question, we conducted an inductive thematic analysis, following the six-step methodology proposed by [58]. Prior to the analysis, we cleaned and organized the responses. The qualitative data analysis during this phase was guided by the six phases of thematic analysis outlined by [58].




4.3. Translation Process


Because the survey items and the participants’ responses to the open-ended questions were in Arabic, the researchers employed a conceptual equivalence translation method combined with a back-translation approach to ensure the accuracy and reliability of the translated themes and survey items. Initially, the survey items, quotations, and themes were translated from Arabic to English by an initial translator. The researchers then meticulously reviewed these translations to identify and correct any errors or technical inaccuracies. This review process was crucial in addressing potential misunderstandings related to technical concepts, ensuring that the translated content faithfully represented the original material.



Following this initial translation, the researchers implemented the back-translation technique. The English versions of the quotations, themes, and survey items were given to a second translator who was not privy to the original Arabic content. This second translator then translated the English text back into Arabic. The purpose of this step was to evaluate the consistency and conceptual equivalence between the original Arabic text and the back-translated version.



Upon receiving the back-translated Arabic version, the researchers conducted a detailed comparison with the original data and survey items. This comparison focused on ensuring that the meaning and concepts conveyed in the translations aligned with the original content. The results showed a high degree of agreement, with a 93% match between the translated and original versions. This high level of similarity indicated that the translations were conceptually equivalent and accurately reflected the intended meaning of the survey items.



Due to time constraints and the substantial agreement observed between the translations, the researchers decided not to convene a panel of translation experts for further validation. The rigorous review and back-translation processes were deemed sufficient to ensure the quality and accuracy of the translations, allowing the researchers to proceed with confidence in the reliability of the translated survey items.




4.4. Research Instrument


The research instrument was composed of closed-ended questions based on a Likert scale that included five points on assessments and open-ended questions to allow the participants to write about their perspectives and experiences in more detail. The researchers developed the survey (see Appendix A) based on the findings of previous studies and the UTAUT model, with slight changes to reflect the context of this study (see Table 1).





5. Results


5.1. RQ1: How Do Faculty Members in Higher Education Institutions Use Gen AI to Assess Students’ Performance?


In their responses, the participants focused on two main themes. The first one reflected the procedures used to obtain high-quality assignments and assessments through their dialogue with Gen AI, and the second theme focused on strategies for the use of Gen AI in assessing students’ performance. Further descriptions of these findings are given below.



5.1.1. Procedures for Use of Gen AI to Generate Assignments and Ways to Assess Students


Based on the analysis of the participants’ responses to the open-ended questions, various procedures were identified to obtain high-quality outputs from generative AI (Gen AI) applications in generating assignments and assessing students’ performance. The participants described a range of approaches, which were not uniform across the board. Each participant utilized a different set of steps to achieve their goals, indicating the diversity in the strategies and techniques employed.



The researchers organized and synthesized these varied approaches into a cohesive flowchart (see Figure 2). This flowchart serves as a guide, outlining the essential steps that educators can follow to optimize the use of Gen AI applications in their teaching practices. The process begins with a deep understanding of the context in which the AI will be used, followed by the careful crafting of prompts to generate relevant and high-quality responses. The participants emphasized the importance of revising and iterating these prompts to continually improve the quality of the generated outputs.



Moreover, the evaluation of responses was a critical step, involving assessing the quality and relevance of the AI-generated content. This process includes determining the effectiveness of the AI in meeting the educational objectives and adjusting the prompts or approaches as necessary. The flowchart highlights the iterative nature of this process, encouraging educators to continually refine their methods.



Finally, the participants’ approaches culminated in the practical application of the generated content, whether for assignments or assessments. The use of Gen AI applications in this context requires not only technical proficiency but also a nuanced understanding of how to integrate these tools into pedagogical practices effectively. The resulting flowchart provides a valuable resource for educators and researchers, offering a structured framework to harness the potential of Gen AI in educational settings.



The participants in this study identified various strategies for the integration of Gen AI into their assessment practices. Their responses varied based on their teaching fields, experience with technology, and institutional policies on the use of Gen AI. The strategies that they shared reflected their understanding of Gen AI’s capabilities and how to incorporate them into their assessments to promote fair, authentic, and inclusive practices.




5.1.2. Categorizing Assignments in the Gen AI Era


The researchers categorized the responses of the participants in terms of the type of assignment into three themes, including assignments without Gen AI, Gen AI-assisted assignments, and Gen AI-empowered assignments. These types of assignments emerged based on the development of Gen AI in teaching and learning, as reported by most of the participants.




5.1.3. Assignments without Gen AI


In this type of assessment, as described by the responses of the participants, students were not allowed to use any type of Gen AI application. Some of the assessment tools are in-person exams, oral exams, practical applications, and final presentations. A professor in nursing stated that, “In the course description, I informed my students where they can use Gen AI and where they cannot use it. So already they know in exams and oral presentations they are not allowed to use it”.




5.1.4. Gen AI-Assisted Assignments


The second type of assignment involves the use of Gen AI as a form of assistance for students. Students can use it to generate ideas for their assignments and teamwork projects and can use it for brainstorming but must write the final text themselves. This type of assignment is intended to develop their skills and critical thinking, especially while critiquing the ideas generated by the Gen AI application. A professor in computer engineering wrote that, “allowing students to use ChatGPT or any generated application enhances the learning ethics of AI and its literacy. My students were not allowed to copy and paste the ideas; I requested that they critique and develop the materials, and also include the generated text as an appendix in the final project”.



In addition, some faculty members reported using these tools to generate assignments for their students. An assistant professor in social sciences emphasized that, “I used generative AI to create project-based assignments, saving time by providing the tool with criteria and the final outcome”.




5.1.5. Gen AI-Empowered Assignments


In this type of assignment, as reported by the participants in their responses to the open-ended questions, students were allowed to create all aspects in their assignments, focusing on critical thinking and problem solving. All students had to write a reflection paper about their project and their experience with Gen AI in completing the assignment. An IT professor wrote, “students are allowed to fully integrate Gen AI into their assignments, but they are also required to write a reflection paper on their experience using it”. Another professor in the humanities wrote, “using Gen AI to empower students in the assignment will make them lazy and depend on it in the future. I do not like to use it in this way; my idea is that educators use it only for assessment, teaching, and scientific research”.




5.1.6. Utilizing Gen AI in Assessing Students’ Performance


The majority of the participants in this study confirmed in their responses to the open-ended questions that they used different Gen AI applications to generate various types of exam questions, such as false/true questions, multiple-choice questions, and short essay questions. For example, a professor in biology stated, “I used ChatGPT-4 to generate multiple-choice questions for my courses and shared the presentations online, making slight changes to the generated questions. Students were not allowed to use any Gen AI during the exam”.



Some participants mentioned challenges such as accuracy and redundancy in AI-generated questions. “When I use Gemini to generate multiple-choice and true/false questions, I notice high similarity in questions. These tools are not professional enough to generate exams”, wrote an assistant professor in IT.




5.1.7. Utilizing Gen AI for Assignment and Rubric Design


Many participants used Gen AI tools to design assignments and create grading rubrics, aiming to ensure fairness and accurately assess students’ knowledge and skills. A professor in computer engineering noted, “I used these tools to generate ideas for my assignments to ensure fairness and make sure my students complete the assignment without Gen AI assistance”.




5.1.8. Grading Handwritten Assignments


Some participants reported using ChatGPT-4 to grade handwritten assignments. They defined criteria for the assessment of students’ work and reviewed the AI-generated feedback to ensure its suitability. “I used ChatGPT-4 to grade students’ work and provide feedback, usually reviewing and modifying the feedback”, noted a faculty member in educational sciences. Another mentioned that tools like “GradeScope combined with ChatGPT can save time and effort, especially during the busy end-of-semester grading period”.




5.1.9. Generating Varied Assignments


The participants highlighted the power of Gen AI to create diverse assignments, including images, text, and videos. “I used it to generate assignments with audio, video, and images. You just need to know how to use it to generate assignments based on your teaching style”, explained an assistant professor in electronics.





5.2. RQ2: What Are the Factors That Drive Instructors to Use Gen AI in Assessing Students’ Performance in Higher Education Institutions from Teachers’ Perspectives?


The researchers utilized both qualitative and quantitative data to address the second question in this study, which aimed to explore the factors influencing educators’ adoption of Gen AI to assess students’ academic performance. The analysis of the open-ended responses revealed several factors affecting educators’ use of Gen AI in assessment, including institutional policies, Gen AI application features, pricing considerations, and integration with learning management systems (LMS). Furthermore, the researchers identified the main survey themes as additional factors that could influence the adoption of Gen AI in student assessment.



5.2.1. PLS-SEM Analysis


Partial least squares structural equation modeling was used to investigate the complex relationships among the variables via the Smart PLS software.




5.2.2. Model Estimation


We assessed the specified constructs by analyzing the indicator loadings (Table 2). An indicator loading greater than 0.7 indicates an acceptable level of item reliability.



Validity and construct reliability are established as part of the measurement model of assessment. Composite reliability (CR) and Cronbach’s alpha were utilized to establish construct reliability. Table 3 displays the sample’s construct reliability and convergent validity. For every construct, the Cronbach alpha values and CR exceeded the suggested threshold of 0.7. Convergent validity is supported by the constructs’ average variance extracted (AVE), which was more than 0.5 [65]. The goodness of fit (GoF) for the overall hypothesized model was 0.69, confirming that the model met the global criterion of 0.3 as proposed by [65].



To assess the discriminant validity of PLS-SEM, we used the criterion and HTMT proposed by [66], which states that the square root of the average variance that is extracted by a construct must be larger than its correlation with any other construct. The heterotrait–monotrait (HTMT) ratio of correlations technique from [65] was used. It is recommended to use the HTMT threshold of 0.90 when the constructs are conceptually comparable. A lower requirement of 0.85 is suggested by [65] for more distinct entities. Because every value in Table 4 is below the 0.85 threshold, the discriminant validity is maintained.



The diagonal and italicized elements are the square roots of the average variance extracted (AVE). Above the diagonal, the elements represent the correlations between the constructs. Below the diagonal are the HTMT values.



The examination of the proposed relationships was the next stage of our investigation. Direct relationships were examined first. Table 5 presents the analysis’s results in detail.



Table 6 compares the initial result of the bootstrap-based test for the exact overall model fit (i.e., d_ULS and d_G) with the confidence interval derived from the sampling distribution. The initial value should be included in the confidence interval. Therefore, to show that the model has a “good fit”, the upper bound of the confidence interval needs to be greater than the initial value of the d_ULS and d_G fit requirements. The confidence interval is selected so that the 95% or 99% point represents the upper bound. Moreover, satisfactory fitting is indicated by an SRMR value of 0.05, which is less than 0.08.



The results revealed that all hypotheses were supported, as shown in Figure 3, with positive coefficients, with the exception of H2b: EE -> UB effort expectancy → use behaviour (β = −0.14, t = 3.72, p = 0.00) was found to be significant, with a negative coefficient. Next, the model’s explanatory power was assessed. The study’s endogenous variables have R2 values of 0.52 for effort expectancy, 0.87 for behavioral intention, and 0.89 for use behavior. The R2 value ranges from substantial to very good. We evaluated the predictive relevance by utilizing the Q-square (Q2) value. The endogenous constructs’ Q2 values varied between 0.69 and 0.89. According to [67], this study’s Q2 values can be characterized as high.



RQ3: What is the relationship among these drivers of the use of Gen AI in assessing students’ performance?



The researchers answered the third question, which considered the relationships among the factors that guided the adoption and acceptance of Gen AI in assessing students’ performance, using Smart PLS. The findings of the mediated relationships are presented in Table 5. They revealed the significant mediating role of behavioral intention between use behavior and effort expectancy (β = 0.19, t = 3.79, p = 0.00), hedonic motivation (β = 0.14, t = 2.49, p = 0.01), habit (β = 0.07, t = 2.04, p < 0.04), performance expectancy (β = 0.29, t = 6.64, p = 0.00), and social influence (β = 0.25, t = 4.71, p = 0.00). Effort expectancy also significantly mediated the relationship between use behavior and social influence (β = −0.12, t = 3.73, p = 0.00) and between social influence and behavioral intention (β = 0.16, t = 3.89, p = 0.00). Effort expectancy and behavioral intention together significantly mediated the relationship between social influence and use behavior (β = 0.15, t = 3.78, p = 0.00).



There was a significant and moderate relationship between performance expectancy and behavioral intention, with a positive coefficient (β = 0.19, t = 4.30, p = 0.00), indicating that professors’ experience strengthens the relation PE -> BI. The R2 change in behavioral intention was 0.02, and f2 = 0.153. Additionally, there was a negative and moderate relationship between social influence and behavioral intention (β = -.25, t = 5.17, p = 0.00), suggesting that professors’ experience weakens the relation SI -> BI. The R2 change in behavioral intention was 0.03, and f2 = 0.31. Professors’ experience had a medium effect size (Cohen, 1988), as shown in Table 7 and Table 8.






6. Discussion


The findings of this study highlight the complex landscape regarding the use of Gen AI in the assessment of students in higher education. The results underscore both the potential benefits and challenges associated with integrating this new technology, providing valuable insights for educators, policymakers, and academic institutions. Moreover, the participants reported different procedures used to improve the quality of assignments and assessment methods. Implementing new assessment methods with varied assignments in the era of AI can enhance the empowerment of learning and assessment procedures through Gen AI.



6.1. Potential Benefits


One of the key advantages of Gen AI in education is its ability to provide immediate and detailed feedback to students, which can enhance learning outcomes and reduce the workload for educators [11]. The high composite reliability (CR) and average variance extracted (AVE) values in the measurement model indicate that the constructs were well measured and reliable, supporting the robustness of the findings. In addition, the study revealed significant positive relationships between several constructs and the use of Gen AI in assessments. Performance expectancy, effort expectancy, hedonic motivation, habits, and social influences all positively influenced the behavioral intention to use Gen AI, which in turn positively influenced the actual use behavior. These findings align with previous research emphasizing the usefulness and efficiency of Gen AI tools in educational settings [10,68].




6.2. Challenges and Concerns


Despite these benefits, this study also identified significant challenges. Effort expectancy negatively impacted use behavior, suggesting that the ease of use of Gen AI tools might not always translate into actual usage. This outcome emphasizes the importance of thorough training and assistance for educators in effectively integrating these tools into their teaching practices [3]. Additionally, concerns about academic integrity and the potential for AI-generated content to undermine traditional assessment methods were prevalent among participants. This result is consistent with previous research that emphasizes the need for improved AI detection tools and awareness programs to reduce the dangers of plagiarism and academic dishonesty [34,35].




6.3. Moderating Role of Experience


This study also found that professors’ experience mediated the relationship between performance expectancy, social influences, and behavioral intention. Experienced educators were more likely to see the benefits of Gen AI tools, suggesting that familiarity and comfort with technology play crucial roles in its adoption. This finding suggests that targeted professional development and continuous learning opportunities are essential to foster positive attitudes towards Gen AI in education [44].




6.4. Implications


This study’s findings have many implications for practice and policy. First, robust frameworks for the use of AI in evaluations must be developed in order to address concerns about academic integrity. This entails the formulation of clear guidelines and the education of teachers and students on the ethical application of AI tools [36]. Secondly, higher education institutions should allocate resources to professional development programs aimed at improving educators’ digital skills, especially in utilizing Gen AI tools. By fostering a supportive environment, institutions can encourage the effective integration of these technologies, thereby enhancing teaching and learning outcomes [39].



Finally, policymakers should take into account the various factors that impact the adoption of Gen AI in education, such as effort expectancy, performance expectancy, and social influences. By understanding these factors, strategies can be developed to promote the adoption of AI tools, ensuring that they are used to enhance, rather than replace, traditional educational practices [56].



6.4.1. Theoretical Implications


This study adds to the expanding body of literature on the integration of Gen AI in higher education by giving empirical evidence on the factors that influence its use for student evaluations. Using the UTAUT model, this study validates the role of performance expectancy, effort expectancy, social influences, and hedonic motivation in altering instructors’ behavioral intentions and actual usage of Gen AI tools. The constructs utilized in this study were very reliable and valid, reaffirming the UTAUT model’s robustness in the context of educational technology adoption.



Furthermore, this study contributes to a better understanding of how instructors’ experience moderates the relationship between performance expectancy, social influences, and behavioral intention. This finding highlights the importance of considering user experience when investigating technology adoption, suggesting that experienced educators are more likely to perceive the benefits and integrate Gen AI tools into their teaching practices effectively.




6.4.2. Practical Implications for Educators and Institutions


Professional Development and Training: The negative impact of effort expectancy on use behavior underscores the need for comprehensive training programs. Educators should be given continuous professional development opportunities to improve their digital competencies and facilitate the integration of Gen AI tools into their assessment methods. This training should include both the technical aspects of using these technologies and their educational applications.



Addressing Academic Integrity: Concerns about academic dishonesty and plagiarism require the creation of rigorous standards and norms for the ethical application of Gen AI in evaluations. Institutions should implement policies that promote academic integrity and provide tools to detect and mitigate the misuse of AI-generated content. Educators should be trained to recognize AI-generated work and incorporate strategies that encourage original student contributions.



Enhanced Support Systems: Facilitating conditions, such as access to resources and support, are critical to the adoption of Gen AI solutions. Institutions should provide educators with the required technological infrastructure and support services. Peer support networks and collaborative platforms can also help educators to share best practices and troubleshoot common issues.




6.4.3. Practical Implications for Policymakers


Policy Development: Clear guidelines and standards for the use of Gen AI in educational assessments should be devised by policymakers. These regulations should address ethical concerns, data protection, and the equitable application of AI tools in various educational settings. By establishing a regulatory framework, policymakers can help to mitigate the risks associated with Gen AI and promote its responsible use.



Incentives for Adoption: To encourage the adoption of Gen AI tools, policymakers can provide incentives such as grants, funding for technology integration projects, and recognition programs for innovative teaching practices. These incentives can encourage instructors to try out and accept new technology, thereby improving the educational quality.



Research and Development: Continued research into the effects of Gen AI on educational outcomes is critical. Policymakers should encourage research projects that look into the long-term effects of AI integration in education, identify best practices, and create new tools and methodologies. Collaborative efforts between academia, industry, and the government can drive innovation and ensure that AI tools are aligned with educational goals.





6.5. Limitations


Generalizability: While the study included a large number of participants from Middle Eastern higher education institutions, the results may not be applicable to other educational contexts. The cultural, technological, and educational differences across regions may influence participants’ adoption and successful integration of Gen AI tools.



Self-Reported Data: This study relied on self-reported data from the participants, which are susceptible to biases such as social desirability and recollection bias. The participants may have inflated or understated their use and perceptions of Gen AI tools, potentially impacting the results’ accuracy.



Cross-Sectional Design: This study used a cross-sectional approach, collecting data at a single point in time. This technique limits the ability to infer causality or track changes in perceptions and behaviors over time. Longitudinal studies would be more effective in understanding the evolution of educators’ attitudes and the long-term impacts of Gen AI integration.



Focus on Early Adopters: This study focused on early adopters of Gen AI tools, who may have more positive perceptions and experiences compared to the general population of educators. This could lead to the overestimation of the benefits and the underestimation of the challenges associated with Gen AI adoption.



Technological Variability: This study did not account for the variability in the types and functionalities of Gen AI tools used by the participants. Different tools may have varying levels of effectiveness and user-friendliness, influencing educators’ perceptions and experiences.




6.6. Future Research


Longitudinal Studies: Future studies should use longitudinal designs to track changes in educators’ perceptions, attitudes, and use of Gen AI tools over time. This would provide further insights into the long-term effects of Gen AI on educational assessment and learning outcomes.



Comparative Studies: Conducting comparative studies across different regions, educational levels, and cultural contexts could help to identify universal and context-specific factors influencing Gen AI adoption. This would enhance the generalizability of the findings and inform tailored implementation strategies.



Exploring Diverse Populations: Future studies should include a broader range of individuals, including those who are skeptical about or neutral towards Gen AI techniques. Understanding the barriers and facilitators for different groups can provide a more complete picture of the problems and potential of integrating Gen AI into education.



Impact on Student Learning: While the current study focused on instructors’ perceptions, future research should investigate the influence of Gen AI tools on students’ learning results, engagement, and satisfaction. Investigating students’ opinions and experiences in using AI-driven evaluations can provide useful insights about the instruments’ effectiveness.



Technological Advancements: As Gen AI technologies continue to evolve, future research should examine the latest advancements and their implications for educational assessment. Studies should investigate the integration of emerging technologies, such as immersive VR and adaptive learning systems, with Gen AI tools to enhance educational experiences.



Ethical and Policy Considerations: Further research is needed to investigate the ethical implications of utilizing Gen AI in education, including concerns about data privacy and academic integrity and the possibility of AI bias. Developing comprehensive ethical rules and policies will be critical to the responsible use of Gen AI capabilities.



Training and Support: Investigating the effectiveness of different training and support programs for educators using Gen AI tools can provide insights into best practices for professional development. Future research should explore the most effective ways to build educators’ digital competencies and confidence in using AI-driven technologies.



By addressing these limitations and exploring the recommended future research topics, scholars can contribute to a more comprehensive understanding of Gen AI integration in educational evaluations, as well as its potential to improve higher education teaching and learning.





7. Conclusions


This study offers a thorough understanding of the factors influencing the use of generative artificial intelligence (Gen AI) in student assessments in higher education. Although there are evident benefits, such as increased efficiency and personalized feedback, challenges related to ease of use and academic integrity need to be addressed. By leveraging these insights, educational institutions and policymakers can develop strategies to effectively integrate Gen AI, thereby enhancing both teaching practices and student learning experiences.
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Appendix A


Gender: Male Female



Teaching experience:



Teaching experience with ICT:



	
Items

	
Strongly Disagree

	
Disagree

	
Neutral

	
Agree

	
Strongly Agree




	
“I believe that Gen AI is useful in assessing students’ assignments”

	

	

	

	

	




	
“Using Gen AI increases my chances to evaluate my students’ assignments professionally”

	

	

	

	

	




	
“Using Gen AI helps students get tasks and projects done faster”

	

	

	

	

	




	
“Using Gen AI increases students’ productivity in their assignments”

	

	

	

	

	




	
“Learning how to use Gen AI in assessment is easy for me”

	

	

	

	

	




	
“My interaction with Gen AI is clear and understandable”

	

	

	

	

	




	
“I find Gen AI easy to design rubrics for assessing my students’ projects”

	

	

	

	

	




	
“It is easy for me to become skillful at using Gen AI in assessment”

	

	

	

	

	




	
“People who are important to me think I should Gen AI in assessment”

	

	

	

	

	




	
“People who influence my behavior believe that I should use Gen AI”

	

	

	

	

	




	
“People whose opinions I value prefer me to use Gen AI for students’ assessment”

	

	

	

	

	




	
“I have the resources necessary to use Gen AI in assessing my students”

	

	

	

	

	




	
“I have the knowledge necessary to use Gen AI for students’ assessment”

	

	

	

	

	




	
“Gen AI is compatible with technologies I use in teaching”

	

	

	

	

	




	
“I can get help from others when I have difficulties using Gen AI”

	

	

	

	

	




	
“Using Gen AI for assessment is fun”

	

	

	

	

	




	
“Using Gen AI for assessment is enjoyable”

	

	

	

	

	




	
“Using Gen AI for assessment is very entertaining”

	

	

	

	

	




	
“Gen AI is reasonably priced”

	

	

	

	

	




	
“Gen AI is good value for the money”

	

	

	

	

	




	
“At the current price, Gen AI provides good value”

	

	

	

	

	




	
“The use of Gen AI for students’ assessment has become a habit for me”

	

	

	

	

	




	
“I am addicted to using Gen AI in teaching and assessment”

	

	

	

	

	




	
“I must use Gen AI for students’ assessment”

	

	

	

	

	




	
“Using Gen AI for assessment has become natural for me”

	

	

	

	

	




	
“I intend to continue using Gen AI for assessment in the future”

	

	

	

	

	




	
“I will always try to use Gen AI in my teaching and assessment”

	

	

	

	

	




	
“I plan to continue to use Gen AI for assessment frequently”

	

	

	

	

	




	
“I like experimenting with new information technologies”

	

	

	

	

	




	
“If I heard about a new information technology, I would look for ways to experiment with it”

	

	

	

	

	




	
“Among my family/friends, I am usually the first to try out new information technologies”

	

	

	

	

	




	
“In general, I do not hesitate to try out new information technologies”

	

	

	

	

	




	
“Please choose your usage frequency for Gen AI:

1. Never;

2. Once a month;

3. Several times a month;

4. Once a week;

5. Several times a week;

6. Once a day;

7. Several times a day”

	

	

	

	

	




	

	
Based on your experience, please answer the following open questions. Can you describe your experience with using generative AI tools for students assessment in your courses? How do you use Gen AI tools in your teaching and assessing your students (please write the Gen AI tools you use).
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Figure 1. Proposed model where the arrows present the relationship between the constructs of the model. 
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Figure 2. Flowchart of procedures to develop assignments using Gen AI as reported by the participants. The arrows represent the steps to be taken while developing the assignments using Gen AI. 
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Figure 3. Path result with factor loadings (p) for outer model and (β, p) for inner model where arrows in the figure represents the relationships between the constructs. 
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Table 1. Study measurement scale items.






Table 1. Study measurement scale items.





	
Construct

	
Item

	
Items

	
Source






	
Performance expectancy (PE)

	
PE1

	
“I believe that Gen AI is useful in assessing students’ assignments”

	
[59]




	
PE2

	
“Using Gen AI increases my chances to evaluate my students’ assignments professionally”




	
PE3

	
“Using Gen AI helps students get tasks and projects done faster”




	
PE4

	
“Using Gen AI increases students’ productivity in their assignments”




	
Effort expectancy (EE)

	
EE1

	
“Learning how to use Gen AI in assessment is easy for me”

	
[60]




	
EE2

	
“My interaction with Gen AI is clear and understandable”




	
EE3

	
“I find Gen AI easy to design rubrics for assessing my students’ projects”




	
EE4

	
“It is easy for me to become skillful at using Gen AI in assessment”




	
Social influence (SI)

	
SI1

	
“People who are important to me think I should Gen AI in assessment”

	
[61]




	
SI2

	
“People who influence my behavior believe that I should use Gen AI”




	
SI3

	
“People whose opinions I value prefer me to use Gen AI for students’ assessment”




	
Facilitating conditions (FC)

	
FC1

	
“I have the resources necessary to use Gen AI in assessing my students”

	
[59]




	
FC2

	
“I have the knowledge necessary to use Gen AI for students’ assessment”




	
FC3

	
“Gen AI is compatible with the technologies I use in teaching”




	
FC4

	
“I can get help from others when I have difficulties using Gen AI”




	
Hedonic motivation (HM)

	
HM1

	
“Using Gen AI for assessment is fun”

	
[59]




	
HM2

	
“Using Gen AI for assessment is enjoyable”




	
HM3

	
“Using Gen AI for assessment is very entertaining”




	
Price value (PV)

	
PV1

	
“Gen AI is reasonably priced”

	
[62]




	
PV2

	
“Gen AI is good value for the money”




	
PV3

	
“At the current price, Gen AI provides good value”




	
Habit

	
HT1

	
“The use of Gen AI for students’ assessment has become a habit for me”

	
[59]




	
HT2

	
“I am addicted to using Gen AI in teaching and assessment”




	
HT3

	
“I must use Gen AI for students’ assessment”




	
HT4

	
“Using Gen AI for assessment has become natural for me”




	
Behavioral intention (BI)

	
BI1

	
“I intend to continue using Gen AI for assessment in the future”

	
[59]




	
BI2

	
“I will always try to use Gen AI in my teaching and assessment”




	
BI3

	
“I plan to continue to use Gen AI for assessment frequently”




	
Personal innovativeness (PI)

	
PI1

	
“I like experimenting with new information technologies”

	
[63,64]




	
PI2

	
“If I heard about a new information technology, I would look for ways to experiment with it”




	
PI3

	
“Among my family/friends, I am usually the first to try out new information technologies”




	
PI4

	
“In general, I do not hesitate to try out new information technologies”




	
Use behavior (UB)

	
UB1

	
“Please choose your usage frequency for Gen AI:

1. Never;

2. Once a month; 3. Several times a month;

4. Once a week;

5. Several times a week;

6. Once a day;

7. Several times a day”

	
[59]











 





Table 2. Item loadings.
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Construct

	
Item

	
Loading






	
Behavioral intention

	
BI1

	
0.96




	
BI2

	
0.96




	
BI3

	
0.97




	
Effort expectancy

	
EE1

	
0.96




	
EE2

	
0.95




	
EE3

	
0.96




	
EE4

	
0.96




	
Hedonic motivation

	
HM1

	
0.97




	
HM2

	
0.97




	
HM3

	
0.98




	
Habit

	
HT1

	
0.93




	
HT2

	
0.9




	
HT3

	
0.92




	
HT4

	
0.95




	
Performance expectancy

	
PE1

	
0.96




	
PE2

	
0.97




	
PE3

	
0.97




	
PE4

	
0.95




	
Social influence

	
SI1

	
0.95




	
SI2

	
0.93




	
SI3

	
0.94




	
Use behavior

	
UB

	











 





Table 3. Reliability and convergent validity.






Table 3. Reliability and convergent validity.





	Construct
	Cronbach’s α
	CR
	AVE





	Behavioral intention (BI)
	0.96
	0.96
	0.92



	Effort expectancy (EE)
	0.97
	0.97
	0.92



	Hedonic motivation (HM)
	0.97
	0.97
	0.95



	Habit (HT)
	0.95
	0.96
	0.86



	Performance expectancy (PE)
	0.97
	0.97
	0.93



	Social influence (SI)
	0.94
	0.94
	0.88










 





Table 4. Discriminant validity using the criterion of [66] and the heterotrait–monotrait method (HTMT).
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	Construct
	BI
	EE
	HM
	HT
	PE
	SI





	BI
	0.96
	0.89
	0.89
	0.82
	0.9
	0.85



	EE
	0.85
	0.96
	0.83
	0.82
	0.84
	0.83



	HM
	0.86
	0.83
	0.97
	0.78
	0.88
	0.81



	HT
	0.85
	0.85
	0.81
	0.93
	0.74
	0.79



	PE
	0.85
	0.84
	0.84
	0.77
	0.96
	0.81



	SI
	0.84
	0.85
	0.85
	0.83
	0.85
	0.94










 





Table 5. Direct relationships.
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	Hypothesis
	Path
	Β
	t
	p
	Result





	H2a
	BI -> UB
	0.99
	30.83
	0.00
	supported



	H1d
	EE -> BI
	0.19
	3.92
	0.00
	supported



	H2b
	EE -> UB
	−0.14
	3.72
	0.00
	supported



	H1a
	HM -> BI
	0.14
	2.49
	0.01
	supported



	H1b
	HT -> BI
	0.07
	2.02
	0.04
	supported



	H1c
	PE -> BI
	0.3
	6.83
	0.00
	supported



	H1e
	SI -> BI
	0.26
	4.73
	0.00
	supported



	H2c
	SI -> UB
	0.11
	3.51
	0.00
	supported



	H3
	SI -> EE
	0.83
	40.7
	0.00
	supported










 





Table 6. Goodness of fit.
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	Original Sample (O)
	Sample Mean (M)
	95%
	99%





	SRMR
	Saturated model
	0.05
	
	
	



	d_ULS
	Saturated model
	0.3
	0.15
	0.21
	0.44



	
	Estimated model
	0.71
	0.43
	0.69
	0.87



	d_G
	Saturated model
	0.6
	0.45
	0.57
	0.64



	
	Estimated model
	0.72
	0.46
	0.59
	0.76










 





Table 7. Mediation analysis.






Table 7. Mediation analysis.





	Path
	Β
	T
	P





	EE -> BI -> UB
	0.19
	3.79
	0.00



	HM -> BI -> UB
	0.14
	2.49
	0.01



	SI -> EE -> BI
	0.16
	3.89
	0.00



	HT -> BI -> UB
	0.07
	2.04
	0.04



	SI -> EE -> UB
	−0.12
	3.73
	0.00



	PE -> BI -> UB
	0.29
	6.64
	0.00



	SI -> BI -> UB
	0.25
	4.71
	0.00



	SI -> EE -> BI -> UB
	0.15
	3.78
	0.00










 





Table 8. Moderation analysis.






Table 8. Moderation analysis.





	Path
	β
	t
	p
	R2
	f2





	Exp ×PE -> BI
	0.19
	4.30
	0.00
	0.02
	0.153



	Exp ×SI -> BI
	−0.25
	5.17
	0.00
	0.04
	0.304







Effect size (f2) (≥0.02 is small; ≥0.15 is medium; ≥0.35 is large), where β is the coefficient of the relationship among the constructs; t is the value of the coefficient; p is the probability; and f2 is the effect size.
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