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Abstract

This pilot study examines the intention to use AI mediators among young adult learners, focusing on the mediating roles of organizational complexity and synchronous expert guidance within an extended Theory of Planned Behavior framework. Data were collected from learners in East Coast and Southern Malaysia and analyzed using Partial Least Squares Structural Equation Modeling (PLS-SEM).
As a pilot investigation, the study emphasizes mediation analysis to explore the underlying mechanisms prior to full-scale model validation. This pilot study primarily examines mediation analysis as a preliminary assessment of the model. The pilot findings demonstrate strong explanatory power (R² = 0.863), indicating that the proposed model effectively predicts intention to adopt AI mediators. Organizational complexity emerges as the most influential factor, exerting both a strong direct effect and a substantial mediating role, particularly in transmitting the influence of subjective norms and attitudes. Synchronous expert guidance also contributes positively, though with a comparatively smaller mediating effect, primarily supporting perceived behavioral control. Effect size analysis confirms that organizational complexity exerts an exceptionally large influence (f² = 1.634), whereas synchronous expert guidance contributes a smaller yet meaningful effect (f² = 0.098). Regional comparison suggests greater reliance on institutional structures in the East Coast and stronger dependence on expert-guided support in Southern Malaysia. The study underscores the importance of organizational readiness in enhancing AI adoption in education.
Introduction
The rapid evolution of artificial intelligence (AI) technologies has significantly transformed contemporary educational practices, particularly through the integration of intelligent systems that facilitate personalized and adaptive learning. Among these advancements, AI mediators like intelligent platforms designed to guide learners through interactive and context-aware support. These systems provide real-time assistance, feedback, and scaffolding, thereby enhancing learners’ engagement and autonomy. Despite these advantages, the adoption of AI mediators is not uniform, particularly among young adult learners whose acceptance is shaped by a complex interplay of psychological, technological, and institutional factors (ul Haq et al., 2026; Venkatesh et al., 2012).
The Theory of Planned Behavior (TPB) serves as a foundational framework for understanding individuals’ intention to adopt new technologies. According to TPB, behavioral intention is influenced by attitude, subjective norm, and perceived behavioral control (Ajzen, 1991). In the context of AI-mediated learning, attitude reflects learners’ evaluation of AI usefulness, subjective norm involves peer and institutional influence, and perceived behavioral control relates to learners’ confidence in using such systems. While TPB has been widely applied in technology adoption research, recent studies suggest that its predictive power can be enhanced by incorporating contextual and environmental variables (Avci, 2026; Tarhini et al., 2015).
In educational settings, particularly those involving AI systems, organizational structures play a pivotal role in shaping user behavior. Organizational complexity (OC), defined as the level of institutional structure, policy integration, and technological infrastructure, represents a critical factor influencing technology adoption. Institutions that provide clear guidelines, robust infrastructure, and seamless integration of AI tools are more likely to encourage usage among students. The findings of this study indicate that organizational complexity exerts the strongest influence on intention, suggesting that institutional readiness is a key determinant of AI mediator adoption (Obeng et al., 2026; Teo, 2011).
Beyond organizational factors, external facilitation mechanisms are also critical in enabling effective technology use. Synchronous expert guidance (EXT), which refers to real-time support provided by instructors or experts, represents an important dimension of the learning experience. Such guidance helps learners navigate complex systems, reduces uncertainty, and enhances perceived competence. Prior research highlights that facilitating conditions and expert support significantly influence behavioral intention, particularly in digital learning environments where users may require continuous assistance (Hasan et al., 2025; Venkatesh et al., 2003).

Hypothesis Development

The Theory of Planned Behavior (TPB) provides a well-established framework for explaining behavioral intention, positing that attitude, subjective norm, and perceived behavioral control are key predictors of individuals’ decision-making processes (Ajzen, 1991). In the context of AI-mediated learning, attitude reflects learners’ positive or negative evaluations toward the use of AI mediators. Prior studies have shown that favorable attitudes significantly enhance the likelihood of adopting new technologies in educational settings (Venkatesh et al., 2003). Based on these arguments, it is expected that learners with more positive attitudes toward AI mediators will demonstrate stronger intention to use such systems.
H1: Attitude positively influences intention to use AI mediators.

Perceived behavioral control (PBC) refers to an individual’s perception of their ability to perform a given behavior, including access to resources and skills required to adopt technology. In digital learning environments, PBC is closely associated with learners’ confidence in using AI tools effectively (Vistari & Yuliasri, 2026; Ajzen, 1991). Empirical evidence suggests that individuals who perceive greater control over technology usage are more likely to exhibit stronger behavioral intention (Hou et al., 2026; Pavlou & Fygenson, 2006). Therefore, PBC is hypothesized to positively influence intention to use AI mediators.
H2: Perceived behavioral control positively influences intention.
Subjective norm (SN), defined as perceived social pressure to engage in a behavior, is another critical determinant of intention within TPB (Ajzen, 1991). In educational contexts, peers, instructors, and institutional expectations may shape learners’ decisions to adopt AI systems. Research indicates that social influence significantly affects technology acceptance, particularly in collectivist societies where group norms play an important role (Xue et al., 2026; Tarhini et al., 2015; Venkatesh et al., 2003). Consequently, learners who perceive stronger social endorsement of AI mediators are more likely to adopt them.
H3: Subjective norm positively influences intention.
While the traditional TPB framework emphasizes individual-level factors, recent studies highlight the importance of organizational context in shaping behavioral outcomes (Koltsida et al., 2026; Aziz et al., 2025; Teo, 2011). In this study, organizational complexity (OC) is introduced as a mediator capturing institutional structures, policies, and technological infrastructure that facilitate AI adoption. The present findings demonstrate that OC exerts a strong direct effect on intention, suggesting that institutional support systems significantly influence technology usage behavior. Thus, it is hypothesized that OC mediates the relationship between TPB variables and intention.
H4: Organizational complexity mediates the relationship between TPB variables and 
        intention.
Specifically, attitude is expected to influence intention indirectly through organizational complexity. When learners hold positive attitudes toward AI mediators, they are more likely to engage with institutional structures that support such technologies. These structures, in turn, reinforce behavioral intention by providing necessary resources and integration mechanisms (Sun et al., 2009). Therefore, organizational complexity strengthens the translation of individual attitudes into actual intention.
Similarly, subjective norms are hypothesized to exert an indirect effect on intention through organizational complexity. Social expectations often become embedded within institutional practices, policies, and norms, thereby influencing learners’ behavior at a structural level (Salendab & Almano, 2026; Scott, 2008). The empirical results indicate that subjective norm has a strong indirect effect via OC, implying that social influence is institutionalized within organizational frameworks. This reinforces the role of OC as a critical mediator in shaping AI adoption.
H5: Synchronous expert guidance mediates the relationship between perceived behavioral 
        control and intention.
In addition to organizational complexity, synchronous expert guidance (EXT) is proposed as a second mediator that captures real-time support provided by knowledgeable experts in AI-mediated environments. EXT reflects the availability of guidance, feedback, and mentorship, which can enhance learners’ perceived ability to use AI systems effectively. Prior research suggests that external facilitation plays a crucial role in technology adoption by reducing uncertainty and increasing user confidence (Halim et al., 2026; Venkatesh et al., 2012). Therefore, EXT is expected to mediate the relationship between perceived behavioral control and intention.
Finally, EXT may also mediate the relationship between subjective norm and intention by translating social expectations into actionable guidance. When learners perceive strong encouragement from peers or instructors, access to expert guidance can further reinforce their readiness to adopt AI mediators. However, consistent with the present results, the mediating effect of EXT is expected to be weaker than that of organizational complexity, indicating that while expert support is beneficial, institutional structures remain the dominant driver of adoption. Based on these arguments, the proposed hypotheses are summarized as follows:

H1: Attitude positively influences intention to use AI mediators.
H2: Perceived behavioral control positively influences intention.
H3: Subjective norm positively influences intention.
H4: Organizational complexity mediates the relationship between TPB variables and intention.
H5: Synchronous expert guidance mediates the relationship between perceived behavioral control and intention.
Method
This pilot study adopts a quantitative research design to examine the determinants of intention to use AI mediators among young adult learners. The study applies Partial Least Squares Structural Equation Modeling (PLS-SEM) using a SmartPLS approach, which is appropriate for exploratory and prediction-oriented research models involving complex relationships and mediation effects. PLS-SEM is particularly suitable for studies with relatively small sample sizes and non-normal data distributions (Hair et al., 2019).
The conceptual model extends the Theory of Planned Behavior (TPB) by incorporating organizational complexity (OC) and synchronous expert guidance (EXT) as mediating variables. This allows for a deeper understanding of how institutional and external factors influence behavioral intention indirectly through structural mechanisms.
Data Analysis
As a pilot investigation, the study emphasizes mediation analysis to explore the underlying mechanisms prior to full-scale model validation. This pilot study primarily examines mediation analysis as a preliminary assessment of the model. Data were analyzed using Partial Least Squares Structural Equation Modeling (PLS-SEM) with SmartPLS 4.0. PLS-SEM was selected because of its suitability for exploratory and prediction-oriented research involving relatively small sample sizes and complex structural relationships (Ringle et al., 2023; Hair et al., 2022).
Mediation Analysis
Given its exploratory nature, this pilot study concentrates on mediation analysis to provide initial insights into the underlying mechanisms of the proposed relationships. Mediation analysis was conducted to examine the indirect effects of attitude (ATT), subjective norm (SN), and perceived behavioral control (PBC) on intention (INT) through two proposed mediators: organizational complexity (OC) and synchronous expert guidance (EXT). In line with best practices in PLS-SEM, the mediation effects were assessed using a bootstrapping procedure, which allows for the estimation of indirect effects and their statistical significance without relying on normal distribution assumptions (Hair et al., 2019; Preacher & Hayes, 2008).

This study adopts a parallel mediation model, where OC and EXT operate simultaneously as mediators linking exogenous constructs to intention. The inclusion of mediating variables enables a more nuanced understanding of how individual-level perceptions are translated into behavioral intention within institutional and technology-supported learning contexts. As shown in Table 1, Synchronous expert guidance (EXT) also demonstrates significant mediation effects, albeit at a lower magnitude compared to OC. The indirect effect of perceived behavioral control on intention through EXT (β = 0.382) indicates that learners’ confidence in using AI mediators is enhanced when supported by real-time expert guidance. Additionally, subjective norm indirectly influences intention through EXT (β = 0.534), suggesting that social expectations can be translated into actionable behavior through expert facilitation. supporting H4 and H5. Since the confidence intervals did not include zero, both indirect effects were considered statistically significant. 
Table 1
Mediation Analysis Results
	Hypothesis
	Indirect Path
	Indirect Effect
	Decision

	H4
	Subjective Norms → Organizational complexity → Learning Intention
	0.382
	Supported

	H5
	Perceived Behavioral Control → Synchronous expert guidance → Learning Intention
	0.534
	Supported



The extent of mediation in this study was further examined using the Variance Accounted For (VAF) approach, which quantifies the proportion of the total effect explained by indirect effects (Hair et al., 2019). The results indicate varying degrees of mediation across the proposed paths. Specifically, the indirect effect of attitude on intention through organizational complexity (ATT → OC → INT) yields a VAF of approximately 47.8%, indicating partial mediation. Similarly, subjective norm demonstrates a stronger mediating effect via organizational complexity (SN → OC → INT), with a VAF of 63.2%, suggesting substantial partial mediation. In contrast, mediation through synchronous expert guidance (EXT) shows moderate influence, with PBC → EXT → INT recording a VAF of 43.1% and SN → EXT → INT yielding 44.4%, both reflecting partial mediations. These findings collectively confirm that the mediators do not fully account for the relationships, but instead operate alongside direct effects, indicating the coexistence of both direct and indirect pathways in shaping intention.
A notable outcome of this analysis is the clear dominance of organizational complexity over synchronous expert guidance as the primary mediating mechanism. This conclusion is strongly supported by effect size results, where organizational complexity exhibits an exceptionally large effect (f² = 1.634), whereas synchronous expert guidance demonstrates a comparatively smaller effect (f² = 0.098). This disparity highlights the critical role of institutional readiness, structural support, and system integration in influencing AI mediator adoption. While synchronous expert guidance contributes by enhancing learners’ confidence and facilitating interaction with AI systems, organizational complexity fundamentally determines the environment within which such technologies are adopted, thereby exerting a more substantial impact on behavioral intentions.
Furthermore, the mediation analysis provides important context-specific insights when comparing learners from East Coast Malaysia and Southern Malaysia. In the East Coast region, organizational complexity emerges as a more influential mediator, reflecting the reliance on structured institutional environments in settings with relatively limited technological infrastructure and exposure. Conversely, in Southern Malaysia, synchronous expert guidance plays a more prominent mediating role, indicating that learners benefit more from real-time interaction with experts in regions characterized by more advanced digital ecosystems. These findings underscore that the effectiveness of mediation pathways is not uniform but varies according to contextual and regional factors. Overall, the results demonstrate that mediation effects are inherently context-dependent, shaped by differences in organizational support, technological readiness, and access to expert facilitation, thereby reinforcing the importance of tailoring AI adoption strategies to specific regional environments. 



Conclusion

This pilot study set out to examine the determinants of AI mediator adoption among young adult learners by extending the Theory of Planned Behavior (TPB) through the inclusion of organizational complexity (OC) and synchronous expert guidance (EXT) as mediating constructs. The findings provide strong empirical support for the proposed model, revealing that the integration of institutional and contextual factors significantly enhances the explanatory power of traditional TPB variables. With an R² value of 0.863, the model demonstrates substantial predictive capability, suggesting that the combined influence of individual, organizational, and external factors offers a comprehensive explanation of behavioral intention (Hair et al., 2019).
Consistent with the TPB framework, attitude, subjective norm, and perceived behavioral control were all found to positively influence intention of using AI mediators. However, the results indicate that these individual-level factors alone are insufficient in explaining the complexity of AI adoption in educational settings. Notably, subjective norm emerged as a relatively strong predictor, reflecting the importance of social influence in shaping learners’ technology adoption decisions. This aligns with prior research emphasizing the role of social norms in collectivist contexts, where peer and institutional expectations significantly impact behavioral intention (Avci, 2026; Fauzi et. al., 2021; Tarhini et al., 2015; Venkatesh et al., 2003).
A key contribution of this study lies in the identification of organizational complexity as the most influential predictor of AI mediator adoption. The exceptionally large effect size associated with OC (f² = 1.634) demonstrates that institutional structures, policies, and technological infrastructure play a dominant role in shaping learners’ intentions. This finding reinforces the argument that technology adoption in educational environments is not merely an individual decision but is heavily dependent on the readiness and capability of organizational systems (Scott, 2008; Teo, 2011). The strong direct effect of OC on intention suggests that institutions must prioritize system integration and support mechanisms to facilitate effective AI adoption.
The mediation analysis further highlights the critical role of organizational complexity as a central mechanism through which individual and social factors influence intention. The substantial indirect effects observed, particularly for subjective norm (β = 0.671), indicate that social pressures are largely institutionalized within organizational structures. This suggests that organizational systems act as a conduit through which external expectations are translated into actionable behaviors. Such findings extend the TPB framework by demonstrating that institutional context mediates the relationship between psychological determinants and behavioral outcomes, thereby providing a more nuanced understanding of technology adoption processes (Hair et al., 2019).
In contrast, synchronous expert guidance (EXT) was found to play a complementary but less dominant role in influencing intention. Although EXT significantly mediates the relationship between perceived behavioral control and intention, its overall effect size remains comparatively smaller (f² = 0.098). This suggests that while expert facilitation enhances learners’ confidence and supports technology usage, it does not substitute for the foundational role of organizational infrastructure. This finding is consistent with prior studies highlighting that facilitating conditions and external support are important enablers but are secondary to structural and institutional readiness (Venkatesh et al., 2012).
The comparative analysis between East Coast and Southern Malaysia provides valuable context-specific insights into the adoption of AI mediators. The results indicate that organizational complexity plays a more significant role in the East Coast region, where institutional support systems are essential for overcoming limitations in technological exposure and infrastructure. Conversely, in Southern Malaysia, synchronous expert guidance exerts a stronger influence, reflecting greater reliance on interactive and expert-driven learning environments in technologically advanced contexts. These findings underscore the importance of tailoring AI adoption strategies to regional characteristics, as the effectiveness of mediating mechanisms varies depending on contextual conditions (Avci, 2026; Tarhini et al., 2015).
Theoretically, this study contributes to the literature by extending the TPB model to include organizational and external mediating factors, thereby bridging the gap between individual-level and institutional-level explanations of behavior (Tan et al., 2025). The findings demonstrate that behavioral intention is not solely determined by internal attitudes or perceptions but is significantly shaped by the environment in which individuals operate. This integrated perspective aligns with institutional theory, which emphasizes the role of organizational structures in influencing behavior (Subramaniam et al., 2026; Scott, 2008) and highlights the need to consider both psychological and contextual factors in technology adoption research.
From a practical standpoint, the results suggest that educational institutions aiming to promote AI mediator adoption should prioritize the development of robust organizational systems, including technological infrastructure, policy frameworks, and integration strategies. While providing expert guidance and support remains important, these efforts must be complemented by strong institutional foundations to achieve sustained adoption. Policymakers should also recognize regional disparities in technological readiness and design targeted interventions that address specific contextual needs. By focusing on both organizational and external support mechanisms, institutions can create an enabling environment that fosters effective AI integration and enhances learning outcomes.
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