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ARTICLE INFO ABSTRACT
Keywords: Generative artificial intelligence (GAI) tools, such as ChatGPT, have emerged as valuable assets in
ChatGPT higher education. Despite their potential benefits in academic support, questions persist about the

Technology integration
ICAP framework
Self-determination theory
Academic performance
Epistemic curiosity

concrete advantages of integrating this technology into learning processes and its impact on
academic outcomes. This research addresses this gap by investigating the influence of technology
integration on academic performance, employing the Interactive-Constructive-Active-Passive
(ICAP) framework and self-determination theory. The empirical findings from Chinese business

students using Wenjuanxing platform reveal a positive impact of technology integration on
business students’ motivation, encompassing their learning desires, self-efficacy, and future be-
liefs, ultimately leading to enhanced academic performance. Notably, while epistemic curiosity
augments the effects of technology integration on learning desires and future beliefs, its influence
on self-efficacy is not significant. This suggests that curiosity alone might not be enough to alter
deeply ingrained beliefs about one’s capabilities. In conclusion, this study underscores the aca-
demic significance of these findings and their practical implications for educators and business

students in optimizing ChatGPT’s potential for academic success.

1. Introduction

The advent of ChatGPT, developed by OpenAl, has brought about a revolution in higher education, showcasing its remarkable
capabilities such as generating human-like dialogues, brainstorming ideas, composing essays, and even assisting in coding tasks (Ali
etal., 2024; Ameen et al., 2024; Lian et al., 2024; Strzelecki, 2023). Despite concerns about its potential impact on academic integrity,
the demonstrated potential of ChatGPT should not be overlooked. Its educational content enhances student engagement and inter-
action, making it a valuable addition to instructional learning methodologies (Ivanov & Soliman, 2023; Kasneci et al., 2023). With the
ability to correct wrong answers and remember previous user interactions, ChatGPT’s ongoing dialogues with students refine its
performance, thereby deepening their learning experiences. This positions ChatGPT as a prime tool for nurturing students’ analytical
and writing prowess, aiding them in realizing their academic ambitions (Rejeb et al., 2024; Strzelecki, 2023). For educators and
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university students alike, ChatGPT establishes a transformative relationship with knowledge.

As the utilization of generative artificial intelligence (GAI) learning tools, such as ChatGPT, becomes increasingly prominent in
higher education, ongoing discussions persist regarding their impact on learning activities and academic outcomes (Ali et al., 2024;
Duong et al., 2023; Ratten & Jones, 2023). While some technologies may demonstrate limited efficacy or even impede academic
performance (Bryant et al., 2020), observations by McNeil (2016) indicate that only half of educators perceive technology integration
as somewhat beneficial. This incomplete understanding may present challenges in how students engage with ChatGPT-assisted
learning, with insufficient input of prompts potentially resulting in misleading or incomplete feedback (Choi et al., 2023). Misuse
or misconceptions regarding effective prompts could lead to confusion, diminishing interest in utilizing the technology for learning
purposes. Over-reliance or blind trust in ChatGPT may disconnect students from their course content, undermining independent
thinking and self-efficacy, which contradicts the intended purpose of technology in education. Concerns also arise regarding the
impact of ChatGPT on students’ social skills, particularly in interactions with peers and educators, as inadequate human interaction
skills could negatively influence students’ perceptions of their future prospects. For business students, the integration of technology
aims to equip them with the capacity to blend theoretical knowledge with practical skills and align educational practices with industry
requirements (Pitic & Irimias, 2023). This approach seeks to enhance educational practices, fostering students’ ability to envision a
more promising future. Therefore, a deeper study is needed to comprehensively understand the consequences of using ChatGPT on
business students’ academic performance.

The academic discourse on ChatGPT in higher education is promising but still in its early stages, with limited empirical studies on
its consequences (Farrokhnia et al., 2023; Lim et al., 2023; Skavronskaya et al., 2023). While there is research on motivation and
technological attributes (Antonietti et al., 2023; Consoli et al., 2023), there is lack of focus on observable learning activities. The
essence of students’ learning activities lies in how technology is employed, rather than what is employed (Backfisch et al., 2021; Chien
et al., 2016; Wekerle et al., 2022). In response to this gap, the current research constructs a model to comprehend the impact of
ChatGPT on the academic performance of business students. To provide academia and practitioners with deeper insights, the study
leverages the interactive-constructive-active-passive (ICAP) framework (Chi et al., 2018; Chi & Wylie, 2014) and self-determination
theory (Deci & Ryan, 2000; Ryan & Deci, 2020). The ICAP framework suggests that digital technology integration can be assessed
through observable learning activities. Self-determination theory aids in understanding factors influencing intrinsic and autonomous
extrinsic motivations, ultimately impacting performance outcomes. Considering the link between student engagement and motivation,
overt learning behaviors are regarded as determinants influencing students’ motivational elements and academic performance.

This study also explores the moderating effect of epistemic curiosity, emphasizing the pursuit of new knowledge and information
(Lee et al., 2022). While the desire for learning focuses on seeking specific, unfamiliar information, epistemic curiosity highlights an
individual’s emotional thirst for in-depth knowledge (Fisher & King, 2010; Junca-Silva & Silva, 2021; Lee et al., 2022). Epistemic
curiosity positively motivates business students to explore, concentrate, and persevere in learning tasks (Cheng, 2023; Hwang, 2023).
The research suggests that business students with this characteristic are more likely to bridge informational gaps in
ChatGPT-integrated educational scenarios, fueling their motivational elements during learning activities. The study addresses gaps
with three objectives:

i. To explore the impact of technology integration in learning activities on business students’ motivational elements (i.e., desire
for learning, self-efficacy, and beliefs about the future).
ii. To examine the mediating role of business students’ motivational elements (i.e., desire for learning, self-efficacy, and beliefs
about the future) in enhancing academic performance.
iii. To investigate the moderating effect of epistemic curiosity in altering business students’ motivational elements (i.e., desire for
learning, self-efficacy, and beliefs about the future).

This paper follows a structured approach. It commences with an overview of the theoretical foundation, centering on two key
theories: the ICAP framework and the self-determination theory. This is succeeded by a focused literature review, culminating in the
formulation of hypotheses that delineate the proposed relationships. The subsequent section details the methodology, followed by a
discussion of the findings, encompassing both practical and theoretical implications. Both limitations and suggestions for future
research are included at the last section.

2. Theoretical background

The effectiveness of integrating technology into learning processes is determined more by its ability to cognitively motivate and
engage students than by the nature or frequency of the technology itself (Chien et al., 2016; Wekerle et al., 2022). While previous
studies acknowledged the importance of incorporating technology into educational settings (Fiitterer et al., 2022; Petko et al., 2017),
they often overemphasized the attributes of the technology, neglecting the process of integration into learning activities and its
functional role (Antonietti et al., 2023). Models like the technology acceptance model (TAM) and the unified theory of acceptance and
use technology (UTAUT) have been dominant in technology-based educational research, focusing primarily on the attributes of the
technology (Dwivedi et al., 2020; Scherer et al., 2019). However, the current research shifts the focus to business students’ learning
activities, emphasizing the integration of technology rather than the technology itself.

This research utilizes the ICAP framework (Chi et al., 2018; Chi & Wylie, 2014) to scrutinize diverse student perceptions concerning
the integration of ChatGPT in learning activities. It also integrates the self-determination theory (Deci & Ryan, 2000; Ryan & Deci,
2020) to explore how this tech-driven educational method affects students’ desire for learning, self-efficacy, beliefs about the future,
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and ultimately, their academic performance. This synthesis of theories is consistent with Backfisch et al. (2021), who suggest that
understanding the value of technology in education requires an examination of how it alters learning tasks and improves outcomes
through cognitive and emotional constructs. Specifically, this approach examines the learning tasks of business students using
ChatGPT, focusing on their observable learning behaviors as outlined in the ICAP framework. Furthermore, the self-determination
theory provides insights into how the features of ChatGPT may positively influence the overall academic success of business stu-
dents through emotional and motivational factors.

2.1. The interactive-constructive-active-passive (ICAP) framework

Chi (2009) introduced the ICAP framework, later refined by her and her colleagues in subsequent years (Chi et al., 2018; Chi &
Wylie, 2014). The framework classifies modes of student engagement in learning processes based on observable behaviors, catego-
rizing them into Interactive (I), Constructive (C), Active (A), and Passive (P). Passive learners absorb information, active learners apply
pre-existing knowledge, constructive learners focus on personal knowledge growth, and interactive learners collaborate with others.
Interactive learning tends to yield the most favorable outcomes, following the sequence I - C - A — P. The ICAP framework em-
phasizes actions rather than the emotional and motivational facets of engagement (Antonietti et al., 2023) and is adaptable across
diverse learning sectors.

In essence, the ICAP framework evaluates engagement through tangible learning actions, such as note-taking or summarizing, as
highlighted by Chi and Wylie (2014). ChatGPT complements these activities, aiding in information retrieval, in-depth concept
exploration, and orderly explanations. Effective technology integration aligns with educational goals (Wekerle et al., 2022), and
through the ICAP lens, this study assesses ChatGPT’s contribution to education by identifying observable learning behaviors supported
by the technology. The ICAP framework appears well-suited to investigate how business students integrate ChatGPT into their learning
activities. It is important to note that the ICAP model has been primarily used from the perspective of teachers, often in qualitative
studies, with limited quantitative use, especially in technology-integrated educational contexts (Consoli et al., 2023; Wekerle et al.,
2022). To address this gap, Antonietti et al. (2023) adapted the ICAP framework for technological settings, introducing the
ICAP-Technology Scale to enhance the measurability of ChatGPT’s integration into learning activities.

2.2. Self-determination theory

The self-determination theory offers a comprehensive framework to understand intrinsic and autonomous extrinsic motivations,
impacting performance outcomes (Deci & Ryan, 2000; Ryan & Deci, 2020). Intrinsic motivation involves actions pursued for personal
interest and enjoyment, driven by a voluntary desire for satisfaction. Extrinsic motivation is behavior driven by external factors,
defined by its association with personal autonomy. Even under external pressures, individuals may engage in an activity with choice
and willingness as long as they recognize its value. This theory emphasizes intrinsic and autonomous extrinsic motivations, where
people engage in activities for inherent gratification, increasing the likelihood of positive outcomes (Agonacs et al., 2020).

Self-determined behaviors reflect a positive cognitive state observed across various cultural and situational landscapes, especially
when individuals find these endeavors meaningful (Gaggioli et al., 2017). Ryan and Deci (2020) highlight that self-directed actions are
influenced by a mix of intrinsic and extrinsic motivators which align with individuals’ autonomy and competence needs. In line with
this, this study emphasizes autonomy and competence needs to elucidate intrinsic and autonomous extrinsic motivations effectively.
Autonomy is tied to the individual’s inherent need to control actions and goals, indicating a sense of personal agency (Ryan & Deci,
2020; Vansteenkiste et al., 2020). This is exemplified by the desire for learning, where students voluntarily and eagerly engage in the
learning process (Agonacs et al., 2020; Fisher & King, 2010). Competence involves achieving expertise and effectiveness, aligning with
self-efficacy in using ChatGPT for learning (Ryan & Deci, 2020; Vansteenkiste et al., 2020). When students lack confidence in
mastering technology integration, achieving favorable academic outcomes becomes challenging (Mendoza et al., 2023). Anderman
and Gray (2015) emphasize that fulfilling students’ competence needs should align with their desire for the future. Hence, this study
includes “beliefs about the future” to explore how ChatGPT use could offer a competitive advantage for future pursuits.

3. Hypotheses development
3.1. Technology integration in learning activities and motivational elements

In alignment with the ICAP framework, the concept of technology integration in learning activities involves four engagement
modes: interactive, constructive, active, and passive (Chi et al., 2018; Chi & Wylie, 2014). Expanding upon the definition of each
engagement mode, the practical examples of ChatGPT’s integration within the ICAP model are as follows:

Interactive (I) activities: These involve collaborative generation of educational content through dialogue between two or more
learners, referencing and responding to each other’s statements. Business students engage directly with ChatGPT, participating in
dynamic discussions. For instance, learners can sharpen negotiation and communication skills through business role-plays with
ChatGPT, fostering critical analysis and creative problem-solving.

Constructive (C) activities. This category involves developing new understanding beyond the original learning content. Business
students actively build upon their knowledge, using ChatGPT to devise custom business plans, explore speculative market situations,
and investigate complex business theories. For example, learners can draft bespoke business roadmaps under ChatGPT’s guidance,
integrating elements like market dynamics, competitive analysis, and expansion potentials.



Z. Gao et al. The International Journal of Management Education 22 (2024) 100958

Active (A) activities: These enable students to assimilate new information with their pre-existing knowledge and frameworks,
tackling challenges with ChatGPT’s insights. Students engage in decision-making exercises, unravelling business dilemmas and making
informed choices grounded in empirical evidence.

Passive (P) activities: In these activities, students consume knowledge dispensed by ChatGPT, such as decoding complex financial
data or familiarizing themselves with fundamental business terminology. These sessions offer clear explanations and concise over-
views, deepening students’ grasp of sophisticated business concepts.

The construct of “desire for learning” signifies a general motivation to acquire new knowledge or skills through a diverse range of
learning activities, encompassing both formal and informal approaches (Agonacs et al., 2020; Fisher & King, 2010; Grande et al.,
2022). Wekerle et al. (2022) posit that the effectiveness of technology integration lies in its ability to intellectually stimulate students
during learning tasks. The primary task is to leverage technology, such as ChatGPT, to ignite the thirst for knowledge among business
students. Contemporary digital tools, including ChatGPT, have demonstrated the potential to enhance specific cognitive engagements.
For instance, Fiitterer et al. (2022) found that the use of tablet computers positively influences students’ immediate cognitive
participation. Wekerle et al. (2022) observed heightened willingness among students to engage in learning activities with the inte-
gration of technology. This study proposes that students will experience a strong desire for learning when they are able to integrate
technology into their learning activities. Therefore, the following hypothesis is established:

Hla. Technology integration in learning activities (i.e., using ChatGPT) has a positive influence on desire for learning.

Self-efficacy, denoting a student’s conviction in their aptitude and proficiency to proficiently execute designated tasks and attain
desired outcomes, constitutes a pivotal construct in educational psychology (Hazzam & Wilkins, 2023). Within the sphere of higher
education, self-efficacy assumes a paramount role, particularly given the recurrent instances wherein students confront challenges
autonomously. The adept navigation of such challenges not only represents opportunities for cognitive maturation (Han & Geng, 2023)
but also underscores the centrality of self-efficacy in the academic journey.

In the specific context of business education, the seamless integration of ChatGPT into learning activities or the adept resolution of
intricate problems assumes a critical role in fostering a profound sense of mastery and capability among students. The mastery ex-
periences derived from successfully leveraging ChatGPT contribute substantively to the cultivation of self-efficacy beliefs. This
newfound confidence, rooted in efficacious encounters with technology, augments students’ readiness and determination to confront
and excel in tasks enriched by technological augmentation (Kang & Park, 2023; Liong et al., 2023). Therefore, the present study posits
that:

H1b. Technology integration in learning activities (i.e., using ChatGPT) has a positive influence on self-efficacy.

Beliefs about the future encompass the internalized sense of optimism, hope, and long-term vision that students hold regarding
their future goals, options, and choices (Kim & Jang, 2015). These beliefs, whether rooted in educational aspirations or career ob-
jectives, exert a profound influence on students’ trajectories and actions, functioning as a catalyst propelling them toward the pursuit
of their passions (Davies & Ercolani, 2021; Salusky & Tull, 2021). Within the scope of this research, the integration of ChatGPT into
learning activities is perceived as a transformative force, augmenting business students’ digital proficiency and equipping them for a
technology-centric workforce. Immersive engagement with technology-enhanced learning is anticipated to instill a sense of possessing
a competitive edge in future job markets, thereby fostering a positive outlook on their professional trajectories. This optimistic
perspective, grounded in the enhancement of digital skills, has the potential to amplify students’ trust in forthcoming prospects,
enabling them to envision themselves as adaptable entities in an ever-evolving technological environment (Liong et al., 2023; Salusky
& Tull, 2021). Building upon this rationale, the following hypothesis is formulated:

Hlc. Technology integration in learning activities (i.e., using ChatGPT) has a positive influence on beliefs about the future.
3.2. Desire for learning and self-efficacy

A robust desire for learning denotes an inherent motivation to acquire new knowledge and engage in academic pursuits (Agonacs
etal., 2020; Fisher & King, 2010; Grande et al., 2022). This motivation typically emanates from the conviction that the learning process
will yield positive outcomes such as acquiring new insights, personal development, or enhancing abilities. The observation of these
favorable outcomes serves to reinforce individuals’ confidence in their learning capabilities, contributing to an augmented sense of
self-efficacy. Moreover, a strong desire for learning fosters resilience, motivating individuals to persist in the face of obstacles or
setbacks (Kim & Jang, 2015; Wu et al., 2023). As business students attain milestones, unravel complex concepts, or overcome chal-
lenges through their dedicated pursuit of knowledge, they accumulate a series of successful experiences that further enhance their
self-efficacy. Therefore, the formulated hypothesis posits:

H2. When students’ learning is seamlessly integrated with technology (i.e., using ChatGPT), desire for learning has a positive in-
fluence on self-efficacy.

3.3. Beliefs about the future and self-efficacy

Believing in a promising future can serve as a motivating force for individuals to establish ambitious goals, meticulously plan their
endeavors, and invest effort with persistence to achieve them (Salusky & Tull, 2021). This optimistic perspective on the future not only
provides a foundation for resilience but also acts as a guiding force during challenging times. As articulated earlier, overcoming
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obstacles contributes to a student’s growing confidence in their abilities, thereby reinforcing their self-efficacy (Liong et al., 2023).
Consequently, the hypothesis is posited as:

H3. When students’ learning is seamlessly integrated with technology (i.e., using ChatGPT), beliefs about the future has a positive
influence on self-efficacy.

3.4. Motivational elements and academic performance

Motivations, whether stemming from intrinsic or autonomous extrinsic factors, are widely acknowledged as predictors of positive
learning outcomes (Baek & Kim, 2023; Huang et al., 2023; Mendoza et al., 2023). When business students demonstrate proactive
interest in their learning, they exhibit a tendency to invest dedicated time and effort into their studies. This innate desire for learning
propels them to actively engage in classes, concentrate with greater diligence, delve deeply into readings, and extend their exploration
beyond the prescribed curriculum (Grande et al., 2022). Consequently, these motivated learners typically acquire a more profound
understanding of concepts, retain knowledge for an extended duration, and demonstrate excellence in both assignments and exami-
nations (Agonacs et al., 2020). Thus, this study posits the following prediction:

H4a. When students’ learning is seamlessly integrated with technology (i.e., using ChatGPT), desire for learning has a positive in-
fluence on academic performance.

When students possess a robust sense of self-efficacy, they approach their studies with confidence and a positive perspective
(Zakariya et al., 2022). Those possessing high self-efficacy are prone to setting ambitious academic goals and maintaining resilience in
the face of challenges. Rather than perceiving setbacks as failures, they interpret them as opportunities for learning and personal
development (Han & Geng, 2023). This heightened sense of self-efficacy facilitates efficient time management, empowering business
students to organize their schedules effectively. Essentially, students who believe in their potential are inclined to opt for more
challenging courses, potentially enhancing their overall academic performance (Hazzam & Wilkins, 2023). Accordingly, it is hy-
pothesized that:

H4b. When students’ learning is seamlessly integrated with technology (i.e., using ChatGPT), self-efficacy has a positive influence on
academic performance.

Positive beliefs about the future cultivate a growth-oriented mindset (Kim & Jang, 2015). When business students hold the belief
that their academic pursuits lead to promising opportunities and future successes, they are more inclined to engage in proactive
learning actions such as seeking additional resources or participating in extracurricular activities. This dedication, rooted in the
anticipation of long-term benefits, fosters consistent effort, deep engagement, and a commitment to continuous improvement, all of
which collectively contribute to enhance academic performances (Liong et al., 2023; Salusky & Tull, 2021). Therefore, the hypothesis
is formulated that:

H4c. When students’ learning is seamlessly integrated with technology (i.e., using ChatGPT), beliefs about the future has a positive
influence on academic performance.

3.5. The mediating role of motivational elements

The self-determination theory outlines a three-step process to comprehend self-determined behaviors: drivers of motivation, the
motivational elements, and the outcomes stemming from those motivations (Deci & Ryan, 2000; Ryan & Deci, 2020). In this study, it is
predicted that implementing ChatGPT in learning activities can influence business students’ level of engagement and motivation,
subsequently affecting their academic outcomes. ChatGPT, by offering tailored explanations (passive), responding to inquiries (active),
and enabling enriched learning experiences (constructive and interactive), can amplify business students’ interest and involvement in
their studies. A motivated student typically exhibits a higher inclination to exert additional effort, delve into active learning, persevere
against hurdles, and pursue in-depth comprehension (Han & Geng, 2023). Such behaviors can foster improved study habits, better
retention of information, and ultimately, superior academic achievement (Hazzam & Wilkins, 2023; Salusky & Tull, 2021). Drawing on
the self-determination theory, the following hypotheses are postulated:

H5a. The influence of technology integration in learning (i.e., using ChatGPT) on academic performance is mediated by desire for
learning.

H5b. The influence of technology integration in learning (i.e., using ChatGPT) on academic performance is mediated by self-efficacy.

H5c. The influence of technology integration in learning (i.e., using ChatGPT) on academic performance is mediated by beliefs about
the future.

3.6. The moderating role of epistemic curiosity

Epistemic curiosity refers to individuals’ inherent emotional need to acquire knowledge and solve intellectual challenges, aiming to
bridge the disparity between expected and actual understanding (Lee et al., 2022). This curiosity consists of two aspects: one is
characterized by a joyful enthusiasm to explore (interest type), while the other stems from an urge to mitigate uncertainty (deprivation
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type). Although they have distinct emphases, both are rooted in a fundamental craving for knowledge with an objective to fill
knowledge voids (Cheng, 2023; Zedelius et al., 2022). Hence, having epistemic curiosity can bolster positive learning motivation
among business students.

This research hypothesized that epistemic curiosity would moderate the relationships between technology integration in learning
activities and motivational elements (i.e., desire for learning, self-efficacy, and beliefs about the future). First, epistemic curiosity can
influence how business students perceive the relevance and value of technology integration. Those with pronounced epistemic cu-
riosity might view technology as a personalized instrument that aligns with their learning preferences and affect, enabling in-depth
explorations (Cheng, 2023; Junca-Silva & Silva, 2021). Such a bespoke learning approach can amplify motivation in diverse
learning contexts (Huang et al., 2023).

Specifically, the natural inquisitiveness of business students leads them to delve deeper into ChatGPT’s range of functions and
potential uses. This immersive exploration could reveal novel and appealing learning styles, potentially amplifying their desire for
learning (Gherghel et al., 2023; Molinillo et al., 2018). Moreover, this enhanced engagement, fueled by epistemic curiosity, augments
the likelihood of fruitful tech experiences (Hwang, 2023). Such achievements can elevate their perceived competence (Ulfert-Blank &
Schmidt, 2022). Furthermore, the intensified participation enables business students to recognize ChatGPT’s efficacy as a learning
tool, which is effective in preparing for future challenges. Based on the above reasonings, the following hypotheses are proposed:

H6a. The positive influence of technology integration in learning (i.e., using ChatGPT) on desire for learning is stronger when
epistemic curiosity is high.

H6b. The positive influence of technology integration in learning (i.e., using ChatGPT) on self-efficacy is stronger when epistemic
curiosity is high.

H6c. The positive influence of technology integration in learning (i.e., using ChatGPT) on beliefs about the future is stronger when
epistemic curiosity is high.

Based on the abovementioned, the focus is on four distinct forms of overt student engagement (interactive, constructive, active, and
passive) in technology-integrated learning activities. The objective is to discern students’ motivational levels. Learning behaviors that
are observable serve as a reflection of the students’ internal attitudes. Students with lower motivation tend not to participate in
interactive or constructive activities, whereas more motivated students are less inclined to be passive. Similarly, it is anticipated that
students with higher motivation (characterized by a greater desire for learning, stronger self-efficacy, and more robust beliefs in the
future) will show enhanced academic performance, while those with lower motivation are expected to have comparatively lower
academic achievements. Motivational elements are believed to act as a connector between students’ learning behaviors and their
academic performance, serving to both mirror and internalize these behaviors, which then impact their overall academic outcomes.
Finally, epistemic curiosity is anticipated to enhance the expression of students’ internal attitudes, driven by their innate emotional
inclination to seek knowledge and tackle intellectual challenges.

Epistemic Curiosity
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3.7. Control variables

Several related prior research studies have indicated that demographic factors may impact individuals’ learning outcomes and
academic performance. For instance, females with fewer gender-biased beliefs tend to demonstrate a stronger inclination towards
mastering information and communication technologies (Liong et al., 2023). University students in earlier academic years tend to
exhibit greater emotional engagement in-class sessions, while their seniors allocate more time for self-directed study (Gherghel et al.,
2023). When comparing college and high school students, the former places a higher premium on emotional gratification as a measure
of their contentment with learning activities (Wu et al., 2023). Moreover, regular technology users show increased enthusiasm towards
educational tasks (Grande et al., 2022). To mitigate potential distortions arising from these variables, this research incorporated four
control factors, namely gender, age, education level, and technology use frequency. The research model is shown in Fig. 1.

4. Methodology
4.1. Data collection and sampling

The research employed purposive sampling for data collection, specifically targeting Chinese international students pursuing their
degrees in the field of business-related studies at both private and public institutions in Malaysia. To ensure sufficient familiarity with
the survey questions, this study exclusively focused on students who had utilized ChatGPT (i.e., ChatGPT 3.5) as a learning aid. The
choice to focus on ChatGPT 3.5 instead of ChatGPT 4.0 was influenced by its cost-free availability, leading status in the Al domain, and
its significant presence in the market across web and mobile platforms (Lim et al., 2023; Luo et al., 2023; Statista, 2023a).

Kuala Lumpur, the capital city, was selected as the sampling location for this study due to its status as Malaysia’s most advanced
city, attracting a significant portion of the 39,000 Chinese international students enrolled in Malaysia in 2022 (Statista, 2023b). This
choice was made with the expectation that international students from China would provide unique insights and learning experiences
when integrated with ChatGPT, given the potential for broader adoption of similar Al tools in China. The study sample was surveyed by
distributing questionnaires via the Wenjuanxing platform, which is similar to Qualtrics, from June to August 2023. At the beginning of
the questionnaire, a prominent notice is displayed, highlighting the limitations of using ChatGPT 3.5, including issues like halluci-
nations/accuracy, biases, and the currency of information. This is to ensure that students are aware that the knowledge they receive
from ChatGPT might not always be accurate. Out of the 381 responses collected, 376 were deemed valid for data analysis after
addressing issues related to straight-lining answers. Based on the guidelines of Hair et al. (2022), a sample size of 376 is adequate,
significantly surpassing the estimation of 129 responses from the prior analysis with G*power 3.1 (involving 4 predictors, a 0.15 effect
size, and 95 % power) (Faul et al., 2009).

4.2. Measures

The research employed established measures tailored to this study’s context. The measurement scale incorporated two higher-order
constructs (HOCs): technology integration in learning activities, encompassing interactive, constructive, active, and passive di-
mensions as outlined by Antonietti et al. (2023), as well as epistemic curiosity (Lee et al., 2022), including interest type and depri-
vation type. The desire for learning was assessed using the scale developed by Fisher and King (2010), self-efficacy was gauged with
Hazzam and Wilkins’s (2023) scale, and beliefs about the future were adapted from Kim and Jang (2015). Items related to academic
performance were evaluated based on Islam’s (2013) scale.

Before the actual data collection, the questionnaire underwent a pre-test with ten experts reviewing it for clarity and relevance.
Based on their feedback, slight modifications were made. A pilot survey involving 60 Chinese international students who use ChatGPT
was carried out before the main survey. The reliability and validity outcomes for the constructs were found to be acceptable, with
composite reliability and loading exceeding 0.70, and average variance extracted surpassing 0.50, allowing for the initiation of the
primary data gathering process.

4.3. Data analysis

This study employed the Partial Least Squares Structural Equation Modeling (PLS-SEM) approach due to its predictive capabilities
and proficiency in optimizing explained variance (Cheah, Magno, & Cassia, 2023; Wang, Cheah, et al., 2023), providing meaningful
insights in the context of higher education (Barrett et al., 2021; Lee et al., 2022). The technique’s capability to handle complex models,
including higher-order constructs, mediation, and moderation, ensured dependable analytical outcomes (Becker et al., 2023; Sarstedt
etal., 2019, 2020). The evaluations of both the measurement and structural models were performed using SmartPLS 4 (Cheah, Kersten,
et al., 2023; Ringle et al., 2023).

5. Results
5.1. Profile of respondents

The majority of respondents were male (56.4 %), aged between 21 and 25 years old (39.6 %), held a bachelor’s degree (76.9 %),
and had a use frequency of ChatGPT about once a day (41.5 %). In addition, the primary reason for them to utilize ChatGPT is for
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creative writing and storytelling, with 87.2 % of users reporting this. This is followed by transforming learning materials into quizzes
(83.2 %), providing step-by-step explanations (71.5 %), practicing languages (69.9 %), delving into concepts (61.2 %), summarizing
texts (56.4 %), brainstorming ideas (54.3 %), and note-taking (24.2 %) (see Table 1).

5.2. Common method bias (CMB)

Before collecting the data, measures were taken to reduce the Common Method Bias (CMB) by offering explicit instructions and
using both five-point and seven-point Likert scales for exogenous and endogenous variables, respectively (Podsakoff et al., 2012). In
the phase of post-data collection, the study used both the full collinearity method (Kock & Lynn, 2012) and Harman'’s single-factor
approach to address concerns related to CMB. The full collinearity method’s results demonstrated that the variance inflation fac-
tors (VIFs) for all constructs were below 3, with values between 1.190 and 1.363 (Table 2) (Kock & Lynn, 2012). Meanwhile, Harman’s
single-factor method indicated that only 32.53 % (less than 40 %) of the variance was accounted for by the primary factor (Aguir-
re-Urreta & Hu, 2019). These tests validated that CMB was not an issue in the study.

5.3. Reflective measurement model

Based on Table 2, the reliability of the constructs was deemed satisfactory, as the composite reliability (CR) scores exceeded the
recommended 0.70 threshold (Hair & Sarstedt, 2019). The data also confirmed convergent validity, with outer loadings surpassing
0.70 and the average variance extracted (AVE) values being above 0.50 (Bagozzi et al., 1991; Bagozzi & Yi, 1988; Fornell & Larcker,
1981). Discriminant validity was validated by the heterotrait-monotrait (HTMT) ratio, where all results were beneath the suggested
0.85 threshold as shown in Table 3 (Hair et al., 2022; Henseler et al., 2015).

5.4. Higher-order constructs (HOCs)

The HOCs were evaluated using a disjoint two-stage (Becker et al., 2023; Sarstedt et al., 2019). The path coefficients of the
technology integration in learning activities (§ = 0.789) and epistemic curiosity (p = 0.831) demonstrated satisfactory convergent
validity (Cheah et al., 2018). Each of the sub-dimensions had strong outer weights (above 0.30) and was statistically significant (p <
0.01), underscoring their significance in shaping the HOCs. In addition, there were no multicollinearity issues, with VIF values
remaining under 3 (Hair et al., 2022). Hence, it can be concluded that it is reasonable to conceptualize technology integration in
learning activities with four sub-dimensions (i.e., interactive, constructive, active, and passive) and epistemic curiosity with two
sub-dimensions (i.e., interest type curiosity and deprivation type curiosity) (see Table 4).

Table 1
Respondent profile.

Characteristic Item Frequency (n = 387) Percent (%)

Gender Male 212 56.4
Female 164 43.6

Age 20 years old and below 51 13.6
21-25 years old 149 39.6
26-30 years old 105 27.9
31-35 years old 60 16
36 years old and above 11 2.9

Education Undergraduate degree (B.Sc., B.A. etc.) 289 76.9
Master’s degree (M.Sc., M.A., MBA etc.) 73 19.4
Doctoral Degree (PhD, DBA etc.) 14 3.7

Frequency Never use 6 1.6
Less than once a week 11 2.9
About once a week 36 9.6
Several times a week 106 28.2
About once a day 156 41.5
Several times a day 61 16.2

Purpose” Information gathering 201 53.5
Language Practice 263 69.9
Concept Exploration 230 61.2
Brainstorm Ideas 204 54.3
Step-by-step Explanation 269 71.5
Turn the Learning Materials into Quizzes 313 83.2
Summarization of Texts 212 56.4
Note-taking 91 24.2
Creative Writing and Storytelling 328 87.2

@ Note: Respondents can select all the purposes that apply to them in their usage of ChatGPT.
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Table 2
Results of reliability, convergent validity, and full collinearity.
Construct Item Measurement Items Outer CR AVE
Loading
Technology Integration in I can use ChatGPT ....
Learning Activities
Interactive INT1 To develop new knowledge together with others. 0.898 0.863  0.779
(FC =1.190) INT2 To discuss different points of view with others. 0.891
INT3 To work on complex problems. 0.860
Constructive CON1 To acquire new knowledge individually. 0.914 0.878  0.803
(FC = 1.246) CON2 To develop individual solutions for complex problems. 0.888
CON3 To become individually creative and produce something new. 0.886
Active ACT1 To write down and record the knowledge imparted. 0.885 0.867  0.789
(FC = 1.266) ACT2 To actively repeat and practice the knowledge imparted. 0.885
ACT3 To solve simple tasks with the knowledge imparted. 0.895
Passive PAS1 To inform about learning objectives and content. 0.896 0.849 0.762
(FC =1.217) PAS2 To demonstrate learning content vividly. 0.855
PAS3 To explain learning content in a comprehensible way. 0.868
Desire for learning DFL1 I want to learn new information. 0.853 0.948  0.702
(FC =1.232) DFL2 I enjoy learning new information. 0.832
DFL3 I have a need to learn. 0.845
DFL4 I enjoy a challenge. 0.819
DFL5 I do not enjoy studying. 0.836
®)
DFL6 I critically evaluate new ideas. 0.829
DFL7 I learn from my mistakes. 0.845
DFL8 I need to know why. 0.839
DFL9 When presented with a problem I cannot resolve, I will ask for assistance. 0.845
Self-efficacy SSE1 I usually receive excellent grades in classes. 0.933 0.949 0.864
(FC = 1.258) SSE2 I usually understand the most complex material in classes. 0.921
SSE3 I do an excellent job on assignments and tests in classes. 0.931
SSE4 Considering the difficulty of courses, the lecturer, and my skills, I do well in 0.933
classes.
Beliefs about the future (FC = BAF1 I have the confidence I need to solve future problems. 0.844 0.900 0.710
1.363) BAF2 I have confidence that I will be a useful person when I grow up. 0.839
BAF3 I do expect to get what I want. 0.852
BAF4 I can see that my future is pleasant. 0.836
BAF5 It is possible for me to be satisfied in the future. 0.840
Epistemic Curiosity
Interest type curiosity (FC = 1.308) ITC1 1 enjoy exploring new ideas. 0.924 0.952  0.860
ITC2 I enjoy learning about subjects that are unfamiliar to me. 0.925
ITC3 I find it fascinating to learn new information. 0.919
ITC4 I enjoy learning something new and, to find out more about it. 0.940
Deprivation type curiosity (FC = DTC1 I spend hours on a problem because I cannot rest without an answer. 0.909 0.937 0.835
1.310) DTC2 Conceptual problems keep me awake thinking about solutions. 0.898
DTC3 I feel frustrated if I cannot figure out problems, so I work even harder. 0.921
DTC4 I work like a fiend at problems that I feel must be solved. 0.928
Academic performance (FC = AP1 I anticipate good grades in such courses where ChatGPT is used heavily. 0.963 0.918 0.919
1.261) AP2 I anticipate better grades in such courses where some of the in-class activities ~ 0.954

are replaced by ChatGPT-based activities.

Note: FC = Full Collinearity; CR = Composite Reliability; AVE = Average Variance Extracted; (R) = Reverse-coded.

Table 3
Discriminant validity result using the Heterotrait-Monotrait (HTMT) ratio of correlations.
No Construct 1 2 3 4 5 6 7 8 9 10
1 Academic Performance
2 Active 0.287
3 Belief about Future 0.364 0.359
4 Constructive 0.353 0.417 0.415
5 Deprivation Type Curiosity 0.345 0.400 0.310 0.360
6 Desire for Learning 0.342 0.448 0.415 0.503 0.418
7 Interactive 0.259 0.319 0.306 0.322 0.274 0.372
8 Interest Type Curiosity 0.279 0.344 0.410 0.322 0.373 0.389 0.314
9 Passive 0.375 0.230 0.315 0.339 0.355 0.428 0.244 0.270
10 Student Self-efficacy 0.266 0.316 0.348 0.276 0.329 0.350 0.291 0.238 0.221
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5.5. Heterogeneity with control variables

As shown in Table 5, all the control variables (i.e., gender, age, education level, and use frequency, on academic performance)
yielded non-significant results (p > 0.05), indicating negligible observed heterogeneity in this study.

5.6. Structural model

Multicollinearity was not a concern in the current research, as evidenced by the inner VIFs, which varied between 1.200 and 1.961
(Hair et al., 2022). To test the proposed hypotheses, the bootstrapping technique with 10,000 sub-samples was employed, with the
results outlined in Table 5 (Becker et al., 2023). Specifically, desire for learning (H1a: # = 0.358; p < 0.001), self-efficacy (H1b: g =
0.116; p < 0.05), and beliefs about the future (Hlc: f = 0.268; p < 0.001) were predicted by technology integration in learning
activities. Surprisingly, desire for learning (H2: f = 0.051; p = 0.219) showed an insignificant relationship with self-efficacy, while a
positive relationship was found for beliefs about the future (H3: = 0.120; p < 0.05). Furthermore, desire for learning (H4a: # = 0.194;
p < 0.001), self-efficacy (H4b: g = 0.126; p < 0.05), and beliefs about the future (H4c: f = 0.228; p < 0.001) had significant positive
relationships with academic performance. For the mediation effect, desire for learning (H5a: g = 0.069; p < 0.01) (H5a) and beliefs
about the future (H5c: f = 0.061; p < 0.01) significantly mediated the impacts of technology integration in learning activities on
academic performance, while student self-efficacy (H5b: g = 0.015; p = 0.228) failed to show a mediation effect.

The moderation analysis illustrated that the interaction effects of epistemic curiosity x technology integration in learning activities
significantly impacted desire for learning (H6a: g = 0.327; p < 0.001) and beliefs about the future (H6c: g = 0.207; p < 0.001)
(Table 5). Stronger links between technology integration in learning activities and desire for learning as well as beliefs about the future
were observed with higher levels of epistemic curiosity (Figs. 2 and 3). On the other hand, the interaction effect of epistemic curiosity
x technology integration in learning activities on student self-efficacy (H6b: g = 0.232; p < 0.001) was not considered valid results
based on the simple slope analysis.

The variable of technology integration in learning activities accounted for 44.7 %, 21.8 %, and 27.5 % of the variance in desire for
learning, self-efficacy, and beliefs about the future respectively, while desire for learning, student self-efficacy, and beliefs about the
future explained 17.8 % of the variance in academic performance. The Q?predict values for desire for learning (0.404), student self-
efficacy (0.168), beliefs about the future (0.249), and academic performance (0.147) were greater than zero, indicating the predic-
tive relevance of the model (Chin et al., 2020; Shmueli et al., 2019). In addition, the findings from PLSpredict indicate a medium
predictive power for academic performances (refer to Table 6).

6. Discussion and implications
6.1. Discussion of results

By integrating the ICAP framework and self-determination theory, the findings of this research highlight that the infusion of
technology into learning activities significantly shapes motivational elements among business students. Notably, there is a positive
impact on their desire for learning, self-efficacy, and beliefs about the future (H1a, H1b, and H1c were supported). Examination reveals
that business students exhibit heightened motivation in Al-enhanced learning environments, particularly those emphasizing inter-
active and constructive learning methodologies (Antonietti et al., 2023; Bao et al., 2023; Wekerle et al., 2022). Specifically, the
integration of ChatGPT into learning activities emerges as a key driver, elevating learning motivation while dismantling barriers that
could impede academic success (Gherghel et al., 2023; Huang et al., 2023). Leveraging ChatGPT’s capacity to personalize learning
explanations, it functions as a continuous study companion, alleviating frustrations and establishing consistent study patterns (Kasneci
et al., 2023; Lim et al., 2023). These adaptive and supportive learning contexts consistently enhance business students’ interests and
desire for learning, providing an optimal environment for grasping complex concepts (Kent et al., 2023).

Moreover, this research delves into the intricate relationships among various motivational elements, revealing unexpected pat-
terns. Specifically, the connection between the desire for learning and self-efficacy yielded insignificance (H2 was not supported),
while beliefs about the future exhibited marginal significance (H3 was supported). Notably, the impact of ChatGPT in stimulating

Table 4
Assessment of higher-order constructs.
Higher Order Construct Lower Order Construct ~ Convergent Outer Outer t-value p- Confidence
Validity VIF Weights value Interval
Technology integration in learning Interactive 0.789 1.144 0.435 10.735**  0.000 (0.358,0.516)
activities
Constructive 1.261 0.345 7.845%* 0.000 (0.256,0.429)
Active 1.205 0.393 9.072%* 0.000 (0.307,0.477)
Passive 1.122 0.308 7.478%** 0.000 (0.227,0.389)
Epistemic curiosity Interest type curiosity 0.831 1.141 0.613 15.257**  0.000 (0.530,0.690)
Deprivation type 1.141 0.604 15.395%* 0.000 (0.524,0.678)
curiosity

Note: **p < 0.001, VIF = Variance Inflation Factor.
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Table 5
Results of structural model.
Path Relationship Std. Beta Std. Error t-value p-value CI VIF £ R? Q% predict
Hla: TILA - > DFL 0.358 0.048 7.483 0.000%* (0.287,0.442) 1.646 0.141(S) 0.447 0.404
H1b: TILA - > SSE 0.116 0.065 1.775 0.038* (0.012,0.226) 1.961 0.009(T) 0.218 0.168
Hlc: TILA - > BAF 0.268 0.056 4.773 0.000** (0.181,0.363) 1.646 0.060(S) 0.275 0.249
H2: DFL - > SSE 0.051 0.066 0.776 0.219 (-0.052,0.162) 1.815 0.002(T)
H3: BAF - > SSE 0.120 0.061 1.975 0.024* (0.020,0.221) 1.383 0.013(T)
H4a: DFL - > AP 0.194 0.055 3.546 0.000** (0.103,0.282) 1.277 0.036(S) 0.178 0.147
H4b: SSE - > AP 0.126 0.057 2.217 0.013* (-0.030,-0.217) 1.200 0.016(T)
H4c: BAF - > AP 0.228 0.052 4.346 0.000%* (0.143,0.315) 1.258 0.050(8)
Hb5a: TILA - > DFL - > AP 0.069 0.023 3.056 0.002** (0.029,0.118)
H5b: TILA - > SSE - > AP 0.015 0.012 1.204 0.228 (-0.001,0.044)
H5c: TILA - > BAF - > AP 0.061 0.020 2.992 0.003** (0.027,0.107)
Hé6a: Epistemic Curiosity x TILA - > DFL 0.327 0.048 6.805 0.000%* (0.224,0.414)
H6b: Epistemic Curiosity x TILA - > SSE 0.232 0.058 3.971 0.000** (0.112,0.342)
Hé6c: Epistemic Curiosity x TILA - > BAF 0.207 0.053 3.882 0.000%* (0.097,0.305)
Control variables
Gender - > AP —0.172 0.098 1.767 0.077 (-0.357,0.025)
Age - > AP 0.021 0.046 0.447 0.655 (-0.069,0.113)
Education - > AP 0.091 0.047 1.955 0.051 (-0.001,0.182)
Discipline - > AP 0.031 0.096 0.322 0.747 (-0.158,0.216)
Use Frequency - > AP 0.033 0.054 0.614 0.539 (-0.072,0.136)

Note: *p < 0.05; **p < 0.01; TILA = technology integration in learning activities; DFL = desire for Learning; SSE = student self-efficacy; BAF = belief
about the future; AP = academic performance; CI = confidence interval; effect size: S = small; M = medium; L = large.
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Fig. 2. Epistemic curiosity*technology integration in learning activities on desire for learning.
business students’ interest in learning introduces an intriguing nuance, as its efficacy may inadvertently trigger “imposter syndrome”
in learners. This phenomenon manifests when students attribute their achievements to the Al tool rather than recognizing their own
efforts (Breeze, 2018). Contrary to this, a robust belief in a promising future emerges as a potent driver, compelling business students to

refine essential skills. This, in turn, enhances their confidence and self-efficacy in academic pursuits (Davies & Ercolani, 2021; Salusky
& Tull, 2021). While ChatGPT plays a pivotal role in motivation, it is crucial to navigate potential challenges associated with the
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Fig. 3. Epistemic curiosity*technology integration in learning activities on belief about the future.

Table 6
Assessment of PLS predict.
PLS LM PLS-LM
Item Q%predict RMSE MAE RMSE MAE RMSE MAE Predictive Power
AP1 0.138 1.559 1.258 1.538 1.251 0.021 0.007 Medium
AP2 0.132 1.560 1.276 1.551 1.285 0.009 —0.009

Note: AP = academic performance.

perceived source of achievement.

Grounded in the self-determination theory, self-determined behaviors manifest when individuals perceive certain activities as
advantageous opportunities (Gaggioli et al., 2017). Business students immersed in Al-integrated educational experiences tend to
exhibit elevated perceptions of motivation, encompassing the desire for learning, self-efficacy, and beliefs about the future, which
correlate with enhanced academic achievements (H4a, H4b, and H4c were supported). These findings underscore the positive impacts
of various motivational elements on intentional behaviors, specifically academic performance, aligning closely with previous research
(Huang et al., 2023; Wu et al., 2023). A heightened desire for learning typically stimulates deeper comprehension, improved retention,
and practical application of information (Agonacs et al., 2020; Grande et al., 2022; Kim & Jang, 2015). Business students driven by
passion are naturally inclined to invest greater effort, a commitment that often translates to higher academic marks.

Furthermore, high self-efficacy is associated with superior academic achievement, refined problem-solving skills, and increased
resilience against challenges (Han & Geng, 2023; Hazzam & Wilkins, 2023). Business students with a positive outlook on their future
aspirations tend to set higher goals, strategize more effectively, and dedicate themselves more profoundly to their academic journey
(Liong et al., 2023; Salusky & Tull, 2021). This forward-looking mindset acts as a powerful motivator, propelling business students to
attain the necessary qualifications and expertise for their prospective professional goals.

Also, the self-determination theory posits that intrinsic and autonomous extrinsic motivations act as intermediaries for ChatGPT-
integrated learning activities and self-determined behaviors (Deci & Ryan, 2000; Ryan & Deci, 2020). In alignment with this theory,
this study reveals that motivational elements of business students, such as the desire for learning and beliefs about the future, play
mediating roles in the relationship between technology integration in learning activities and academic performances (H5a and H5c
were supported). This finding echo results from Wu et al. (2023), suggesting that business students, upon immersion in
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ChatGPT-enhanced learning environments, cultivate specific motivations that subsequently shape their academic behaviors and
outcomes. Intriguingly, the mediating role of student self-efficacy was found to be non-significant (H5b was not supported), deviating
from conventional findings (Han & Geng, 2023). As mentioned earlier, the emergence of “imposter syndrome” might impede the
development of student self-efficacy, potentially attributed to ChatGPT’s prowess as an external factor rather than recognized
internally, hindering its role as a connective factor between technology integration and academic success.

This study further explores the moderating effect of epistemic curiosity in reinforcing positive relationships between technology
integration in learning activities and business students’ motivational elements (i.e., desire for learning and beliefs about the future)
(H6a and H6c were supported). Business students with strong epistemic curiosity perceive technology as an asset that enhances their
learning, subsequently expanding their future prospects. In these instances, technology acts as a catalyst, facilitating the satisfaction of
their inquisitiveness and elevating both their passion for learning and optimism about the future (Hwang, 2023; Lee et al., 2022; Liong
et al., 2023). However, epistemic curiosity did not appear to influence the positive relationship between technology integration in
learning activities and students’ self-efficacy (H6b was not supported), as indicated by the results of the simple slope test. One possible
explanation for this unexpected finding is the rapid feedback provided by ChatGPT to inquiries. While this swift response aids
accelerated learning, it may deprive business students of the typical learning progression involving grappling with challenges, delving
deeper, and finally attaining comprehension—a process that typically elevates self-efficacy (Kasneci et al., 2023; Lim et al., 2023). In
essence, whether a business student is inherently curious or not, the journey of obtaining answers, crucial for self-efficacy develop-
ment, is expedited. Thus, the moderating effect of this curiosity becomes less evident. This lack of significance indicates that simply
being curious might not suffice to alter long-established views about one’s capabilities. As explained by Bandura’s (2001), self-efficacy
is a deeply rooted belief system that is often resistant to alteration through indirect interventions. Therefore, the effect of technology
integration in learning activities on students’ self-efficacy is not easily swayed by external factors and is challenging to extend to other
aspects.

6.2. Theoretical implications

This research examines the relevance of the ICAP framework (Chi et al., 2018; Chi & Wylie, 2014) within ChatGPT-integrated
learning, shedding light on the process of integrating technology into tangible learning activities. In particular, the study takes a
quantitative approach, uniquely focusing on the experiences of business students, in contrast to the predominantly qualitative
emphasis on teachers’ perspectives in the existing literature (Consoli et al., 2023; Wekerle et al., 2022). Employing the
self-determination theory (Deci & Ryan, 2000; Ryan & Deci, 2020), this research evaluates how the integration of technology in
learning activities influences business students’ motivational elements (i.e., desire for learning, self-efficacy, and beliefs about the
future), subsequently impacting their academic outcomes. Through this holistic approach, the study provides deeper insights into
factors influencing business students’ technology integration in observable learning activities, motivational elements, and academic
achievements.

Moreover, this study contributes to the literature by expanding understandings of the mediating role of motivational elements (i.e.,
desire for learning and beliefs about the future) in shaping business students’ academic performances. While prior studies predomi-
nantly focused on emotional factors as direct precursors to academic achievements (Antonietti et al., 2023; Wekerle et al., 2022), this
research delves deeper into the mediating roles these emotional or motivational elements play between tech-integrated learning and
academic results. A notable revelation is the unexpected insignificance of self-efficacy as an intermediary, diverging from patterns
observed in previous studies (Han & Geng, 2023). This raises intriguing questions about the potential influence of the “imposter
syndrome,” where business students might attribute their successes predominantly to ChatGPT, potentially diminishing their own
capabilities and efforts (Breeze, 2018). Such insights prompt essential considerations regarding ChatGPT’s exact role in Al-enhanced
educational settings, especially when compared to previous technology implementations where the technology served as an adjunct,
ensuring the student remained the primary beneficiary (Huang et al., 2023; Wang, Liu, et al., 2023). These findings underscore the
urgent need for future studies to adopt a broader perspective, moving beyond merely examining direct correlations to recognizing the
intricate mediating roles of motivational elements.

Lastly, the current study confirms the potential contingent effect of epistemic curiosity on some of students’ motivational elements
(i.e., desire for learning and beliefs about the future) when integrating ChatGPT into business students’ learning activities. The
observation of an insignificant moderating effect on students’ self-efficacy underscores the importance of a more in-depth investigation
into business students’ unique encounters and personal narratives within ChatGPT-integrated learning contexts.

6.3. Practical implications

The findings of this study can provide significant implications to three major parties, including students, educators and academic
institutions.

(i) For business students:

Business students are strongly advised to employ a diverse range of engagement methods when utilizing ChatGPT as a learning aid.
This involves transitioning from passive information absorption, such as seeking definitions or explanations, to more active forms of
interaction. Examples include posing thought-provoking questions, constructively summarizing complex topics, and initiating inter-

active discussions. This multifaceted approach not only enriches the learning experience but also nurtures critical thinking skills and a
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deeper understanding of the subject matter. While ChatGPT serves as a powerful tool for learning and knowledge acquisition, business
students should exercise discernment in deciding when to rely on it and when to independently challenge their understanding.
Achieving the right balance between using Al-driven assistance and independently grappling with academic challenges is paramount
for holistic skill development.

Moreover, it is crucial for business students to recognize that motivational elements, although often correlated with academic
success, are not always interdependent. A student may demonstrate enthusiasm for learning but maintain a pessimistic outlook
regarding their future prospects, or vice versa. Understanding the nuanced relationships between various motivational elements
empowers business students to identify their individual needs and preferences. This, in turn, enables them to seek the right tools or
assistance, ensuring that their academic progression is attributed not solely to external aids but also to the cultivation of their internal
capabilities. In essence, the effective utilization of ChatGPT as a learning tool extends beyond harnessing its capabilities. It involves
developing a holistic and self-aware approach to learning that encompasses motivation, critical thinking, and the judicious use of
external resources.

(ii) For educators:

The integration of technology undoubtedly forms a promising foundation for modern education, but its true impact is realized
when it becomes a catalyst for enhancing essential motivational elements in business students. In this dynamic landscape, educators
shoulder the critical responsibility of crafting customized tools and strategies designed to identify and leverage the distinct motiva-
tional profiles of each student. By doing so, educators can offer individualized educational support that not only addresses academic
needs but also nurtures and sustains intrinsic motivation to learn among business students.

In the current era where the role of epistemic curiosity is increasingly acknowledged, educators must confront the challenge of
discerning varying degrees of curiosity exhibited by business students in their interactions with ChatGPT and other Al-driven learning
tools. This necessitates the incorporation of assessment tools within ChatGPT interfaces and similar platforms, enabling educators to
accurately gauge and measure student curiosity levels. Armed with this information, educators can fine-tune the depth and scope of AI-
student dialogues, tailoring the learning experience to match each student’s individual curiosity and inquiry preferences.

However, as educators embrace the potential of ChatGPT and similar technologies, measured reliance is vital. Striking a delicate
balance is crucial. While Al-driven tools like ChatGPT can undoubtedly enhance learning outcomes, they should complement rather
than replace traditional teaching methods. The integration of ChatGPT with other enriching learning modalities, such as in-class
discussions, problem-solving activities, collaborative projects, and hands-on experiments, remains paramount. This holistic
approach not only promotes analytical thought but also fosters collaborative efforts, critical thinking, and the development of essential
skills beyond information retrieval. It is imperative to note that the future of education lies in the hands of educators who can leverage
technology to unlock the full potential of their business students while maintaining a holistic and balanced approach to teaching and
learning.

(iii) For academic institutions (e.g., universities):

Institutions of higher learning should not view technology integration as a mere add-on; rather, it should be considered a
fundamental element that, when seamlessly aligned with business students’ motivational factors, has the potential to significantly
enhance academic outcomes. It is imperative for institutions to champion teaching methods that not only incorporate technology but
also cater to the emotional and mental well-being of business students. By establishing and maintaining robust feedback channels,
academic institutions can systematically evaluate the impact of ChatGPT and similar technologies on business students’ motivation.
Equipped with valuable insights from these assessments, institutions can strategically optimize the integration of ChatGPT into their
curricula. The objective should extend beyond treating ChatGPT solely as a sophisticated tool for information retrieval; it should
encompass maximizing its capacity to ignite students’ intrinsic desire for learning and nurturing a hopeful outlook on their academic
journey. Both of these elements are foundational pillars of academic excellence and overall student development.

Similar to other stakeholders, academic institutions should advocate for a balanced approach where technology serves as an
enhancement rather than a replacement for traditional teaching practices. This involves leveraging technology to create engaging and
interactive learning experiences while preserving essential human aspects of education, such as mentorship, guidance, and the
cultivation of critical thinking skills. By embracing this holistic approach, institutions can ensure that technology, like ChatGPT,
contributes meaningfully to the holistic development and success of their students.

7. Conclusion and future research directions

In today’s swiftly evolving educational landscape, leveraging Al, specifically ChatGPT, is indispensable for business students
aspiring to enrich their learning experiences and attain academic excellence (Kasneci et al., 2023; Lim et al., 2023). This research
amalgamates the principles of the ICAP framework with the self-determination theory, delineating a comprehensive progression of
learning activities with ChatGPT. It delves into observable learning behaviors, student motivation, and eventual learning outcomes,
thereby extending the applicability of both theories. To optimize the advantages of technology integration in learning, it is crucial to
underscore four distinct learning modalities: interactive, constructive, active, and passive. When deployed effectively, technology can
ignite a business student’s passion for learning, enhance their confidence, and amplify their future aspirations—elements critical for
academic success. Additionally, this research underscores that epistemic curiosity can enhance the benefits of positive tech-integrated
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learning experiences, particularly in nurturing a business student’s desire for learning and future aspirations.

However, this study is not without its limitations, pointing towards areas that warrant further exploration. Firstly, the research
employs a cross-sectional design. While the presented framework implies a sequential and causal relationship, a more thorough
investigation of these relationships is essential, necessitating the use of longitudinal or experimental designs. Additionally, the intricate
dynamics between various motivational elements call for deeper scrutiny. This prompts questions about whether educators should
perceive these motivational elements as distinct pillars or as part of an integrated spectrum (Ryan & Deci, 2020). Moreover, the
non-significant results regarding students’ self-efficacy, both in mediating and moderating effects, suggest potential challenges related
to “imposter syndrome” when interacting with ChatGPT. The readily available answers from ChatGPT may hinder confidence-building
processes and self-efficacy development (Wang, Liu, et al., 2023). Future studies could explore the theory of behavioral control,
delving into the non-significant effect and comparing covert behavioral controls like self-efficacy with more overt ones, such as the
affordability of premium versions of GAI (e.g., ChatGPT 4.0) or other GAI platforms (e.g., Google Bard, Gemini). In-depth scrutiny into
the dynamics of self-efficacy within ChatGPT-integrated learning environments holds promise for maximizing its benefits for learners.
Lastly, a notable limitation of our investigation into the incorporation of Generative Al, specifically ChatGPT, in educational activities,
is the reliance on the veracity of the generated content and students’ capacity for critical evaluation. While the construct of epistemic
curiosity in the current framework provides an initial understanding, it may not fully encompass the breadth of cognitive and met-
acognitive processes involved. Future inquiries could benefit from integrating more nuanced constructs such as cognitive flexibility
and information literacy to offer a comprehensive understanding of how learners interact with and evaluate Al-generated content,
thereby providing deeper insights into the pedagogical implications of Generative Al in educational settings.
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