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Abstract 

Agentic artificial intelligence (AAI) systems—capable of autonomously executing multi-

step instructional tasks with minimal human oversight—are reshaping higher education 

while exposing the limitations of adoption- and continuance-centred models that treat 

value and risk as independent predictors. In an environment of widespread AI availabil-

ity, the more meaningful question concerns how deeply educators integrate delegation-

capable systems into teaching, assessment, and instructional workflows. Drawing on af-

fordance theory, institutional theory, and automation risk perspectives, this study devel-

ops and tests a dual-pathway framework that conceptualises pedagogical integration as a 

dynamic value–risk trade-off embedded within institutional and contextual conditions. 

Survey data from 338 higher-education educators across Global North and South contexts, 

all of whom underwent a structured screening process to verify exposure to agentic rather 

than conventional generative AI systems, were analysed using PLS-SEM with robustness 

and endogeneity checks. The model explains substantial variance in pedagogical integra-

tion (R2 = 0.619), pedagogical value (R2 = 0.621), and autonomy risk (R2 = 0.615). Institu-

tional AI capability is positively associated with pedagogical value and negatively associ-

ated with autonomy risk, whereas perceived AI complexity shows the opposite pattern. 

Higher pedagogical value is also associated with lower perceived autonomy risk (β = 

−0.445, p < 0.001), suggesting that educators may interpret system autonomy as a manage-

able pedagogical feature rather than solely as a source of concern. Regulatory clarity 

weakens the complexity–risk relationship, while AI legitimacy strengthens the value–in-

tegration relationship. Given the cross-sectional design, findings should be interpreted as 

associative rather than causal. 
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1. Introduction 

Agentic artificial intelligence (AAI) is distinguished by its capacity to autonomously 

execute multi-step tasks, representing a notable leap forward in educational technologies 

(Cetinkaya & Krämer, 2026; J. Wang et al., 2025). For the purpose of this study, AAI refers 

specifically to systems capable of autonomous multi-step task execution with limited real-

time human intervention, thereby distinguishing them from conventional prompt-re-

sponse generative AI systems. Unlike traditional generative AI tools that primarily re-

spond to user prompts, AAI systems operate with greater autonomy, fundamentally 

transforming human–technology interactions in educational contexts. This transition 

from assistive technologies to delegation-capable systems introduces new considerations 

for educators, who must assess not only the pedagogical benefits of AI but also the impli-

cations of transferring aspects of instructional control to intelligent agents (Shulner-Tal et 

al., 2025). Consequently, conventional technology evaluation frameworks centred on 

functionality, efficiency, or ease of use provide only a partial explanation of how AAI be-

comes embedded within higher education teaching practices. Although educators are in-

creasingly experimenting with AAI tools, consistent and meaningful pedagogical integra-

tion remains uneven (Baig & Yadegaridehkordi, 2025; Zheng et al., 2025). 

The distinction between initial experimentation and meaningful pedagogical integra-

tion is particularly important, as engagement driven by novelty does not necessarily trans-

late into sustained instructional embedding. In an environment where AI capabilities are 

increasingly integrated into browsers, learning management systems, and productivity 

platforms, the question of whether educators continue to use AI has become less informa-

tive than understanding how deeply, reliably, and pedagogically AAI is integrated into 

teaching, assessment, and instructional decision-making (Cukurova, 2026; Silalahi et al., 

2026). This shift redirects scholarly attention from adoption and continuance towards in-

tegration depth, emphasising how educators incorporate AAI into their professional prac-

tices rather than merely whether they use it (Singh & Paiva, 2025). 

Pedagogical integration entails deeper cognitive, behavioural, and institutional com-

mitments and is especially consequential in educational settings where technology di-

rectly influences teaching quality, student outcomes, and professional accountability. Ex-

isting research on AI in higher education has largely focused on initial acceptance through 

constructs such as perceived usefulness, perceived ease of use, and behavioural intention 

(Feng et al., 2025; Khanfar et al., 2025), as well as continuance intention as conceptualised 

by the Expectation Confirmation Model for IS (Bhattacherjee, 2001). While these perspec-

tives provide important insights, they generally assume that positive expectation confir-

mation is sufficient for continued use and often treat enabling and constraining influences 

as independent factors. In the context of AAI, however, the issues of autonomy and in-

structional delegation introduce a fundamentally different evaluative challenge. AAI pro-

vides enabling affordances, including instructional automation and pedagogical augmen-

tation, while simultaneously raising concerns regarding autonomy, accountability, and 

data privacy (Pikhart & Al-Obaydi, 2025; Park, 2026). 

This duality suggests that pedagogical integration emerges not from isolated evalu-

ations of benefits and risks, but from their dynamic interplay (W. Li, 2025). Nevertheless, 

prior studies have tended to examine these dimensions separately, offering limited insight 

into how they jointly shape sustained instructional engagement. To address this gap, the 

present study develops a mechanism-based framework that explains pedagogical integra-

tion through two interconnected pathways: a value pathway and a risk pathway. The 

value pathway captures educators’ evaluations of pedagogical benefits, whereas the risk 

pathway reflects concerns associated with delegating instructional responsibilities to au-

tonomous systems. These pathways are further shaped by institutional support and reg-

ulatory environments, which represent important contextual conditions influencing edu-
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cators’ experiences with AAI (Erdmann & Toro-Dupouy, 2025; Liu, 2025). By integrating 

these elements, the study offers a process-oriented perspective on pedagogical integration 

in agentic AI contexts (Anomah, 2025). 

The study also considers broader institutional and societal influences. Regulatory 

clarity may reduce uncertainty by providing governance structures, while perceived AI 

legitimacy reflects the extent to which AAI use is regarded as professionally appropriate 

and socially endorsed (Colonna, 2026; Şen et al., 2026). These contextual conditions shape 

how educators evaluate the value–risk trade-off and, consequently, their willingness to 

embed AAI within instructional practice (Alfiras et al., 2025; García-López & Trujillo-

Liñán, 2025). Pedagogical integration is therefore conceptualised as a dual-evaluation pro-

cess situated within institutional and normative environments. Building on this discus-

sion, the present study addresses the following research questions: 

RQ1: How do institutional capability and perceived complexity jointly shape educators’ evalua-

tions of AAI systems in terms of pedagogical value and autonomy-related risk? 

RQ2: How do perceived pedagogical value and perceived autonomy risk interact to shape the depth 

and consistency of pedagogical integration of AAI into instructional practice in higher education? 

RQ3: How do contextual boundary conditions, such as regulatory clarity and AI legitimacy, mod-

erate the relationships within the value–risk mechanism governing pedagogical integration of AAI? 

Contributions of the Study 

This study makes four principal contributions to the emerging literature on agentic 

AI in higher education. First, it shifts the analytical focus from continuance intention to-

wards pedagogical integration, emphasising the depth, consistency, and instructional em-

bedding of AAI within teaching practice. Second, it develops a dual-pathway value–risk 

framework that conceptualises pedagogical integration as the outcome of interconnected 

evaluations of pedagogical benefits and autonomy-related concerns rather than treating 

these dimensions as independent predictors. Third, the study integrates affordance the-

ory, institutional theory, and automation risk perspectives into a unified explanatory 

framework, thereby providing a more comprehensive understanding of educators’ inter-

actions with delegation-capable AI systems. Finally, by drawing on a diverse international 

sample of higher-education educators and employing multiple robustness checks, includ-

ing invariance, marker-variable, and endogeneity assessments, the study offers evidence 

across varied institutional contexts while acknowledging the limitations associated with 

purposive online recruitment. 

The remainder of this paper is structured as follows. The next section presents the 

theoretical framework and hypothesis development, followed by the research methodol-

ogy and empirical results. The paper concludes with a discussion of theoretical and prac-

tical implications, limitations, and directions for future research. 

2. Theoretical Background 

The integration of agentic artificial intelligence (AAI) into higher education raises 

theoretical questions that extend beyond traditional explanations of technology ac-

ceptance and continuance. While established information systems frameworks provide 

valuable insights into post-adoption behaviour, the autonomous and delegation-capable 

nature of AAI introduces additional considerations related to institutional support, peda-

gogical value, and autonomy-related risk. Accordingly, this section first situates the study 

in relation to the Expectation Confirmation Model for IS (ECM-IS) and then develops an 
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integrated framework that combines affordance theory, institutional theory, and automa-

tion risk perspectives to explain pedagogical integration in agentic educational contexts. 

2.1. Extending ECM-IS to Agentic Educational Contexts 

The Expectation Confirmation Model for IS (ECM-IS; Bhattacherjee, 2001) has long 

served as a dominant lens for explaining post-adoption continuance, positing that satis-

faction—arising from the confirmation of pre-use expectations and perceived useful-

ness—drives continued use. ECM-IS has been productively extended to e-learning, mobile 

applications, and, more recently, to generative AI tools in higher education (Baig & 

Yadegaridehkordi, 2025; Silalahi et al., 2026; Zheng et al., 2025). However, several charac-

teristics of agentic AI suggest that ECM-IS, in isolation, provides only a partial explanation 

of how educators integrate delegation-capable systems into instructional practice. 

First, ECM-IS conceptualises technology primarily as a passive instrument whose 

value is evaluated through expectation confirmation. AAI, by contrast, functions as an 

active delegate that executes multi-step tasks with limited human oversight (Shulner-Tal 

et al., 2025; J. Wang et al., 2025). This shifts the evaluative emphasis from whether a system 

meets user expectations to whether educators perceive autonomous instructional delega-

tion as pedagogically appropriate and manageable. Second, ECM-IS focuses largely on 

satisfaction as a unidimensional affective evaluation, whereas engagement with agentic 

systems involves simultaneous assessments of enabling affordances and autonomy-re-

lated concerns. Although risk is not a central structural component within ECM-IS, it be-

comes increasingly salient in contexts characterised by delegated decision-making and 

instructional autonomy (Parasuraman & Riley, 1997; Park, 2026). Third, ECM-IS primarily 

emphasises individual-level cognitive evaluations and provides limited consideration of 

institutional, regulatory, and legitimacy conditions that shape the acceptable use of au-

tonomous technologies. In higher education, where instructional accountability is embed-

ded within organisational structures, such contextual influences are particularly im-

portant (Colonna, 2026; Erdmann & Toro-Dupouy, 2025). 

The present framework therefore extends ECM-IS in two important respects. First, it 

reconceptualises the focal outcome from continuance intention or repeated usage to ped-

agogical integration, referring to the depth, consistency, and instructional embedding of 

AAI within teaching, assessment, and workflow delegation. This shift reflects the contem-

porary reality that AI technologies are increasingly embedded within educational envi-

ronments, making differences in integration practices more meaningful than simple dis-

tinctions between use and non-use (Cukurova, 2026; Saleem, 2026). Second, the frame-

work supplements expectation confirmation with a dual value–risk mechanism in which 

institutional capability and perceived complexity jointly influence pedagogical value and 

autonomy risk, which are subsequently associated with pedagogical integration. In this 

sense, the proposed approach complements rather than replaces ECM-IS, extending con-

tinuance perspectives to accommodate the distinctive characteristics of delegation-capa-

ble AI systems in educational settings. 

To operationalise this extension, the study integrates theoretical perspectives that 

capture the enabling opportunities, contextual conditions, and potential constraints asso-

ciated with agentic AI. The following section develops an integrated affordance–institu-

tional–risk framework that explains how these dimensions jointly shape educators’ peda-

gogical integration of AAI. 

2.2. An Integrated Affordance–Institutional–Risk Framework 

Building on this extension of ECM-IS, the present study employs an integrated theo-

retical framework that combines affordance theory, institutional theory, and automation 

risk perspectives to explain pedagogical integration of AAI in higher education (Kang et 

https://doi.org/10.3390/educsci16071161


Educ. Sci. 2026, 16, 1161 5 of 39 
 

https://doi.org/10.3390/educsci16071161 

al., 2025). Together, these perspectives capture the enabling, contextual, and constraining 

dimensions of technology evaluation that are particularly relevant to systems character-

ised by autonomous, multi-step task execution and reduced human oversight (Kellogg et 

al., 2020). 

Affordance theory provides the foundational lens for understanding how educators 

perceive the action possibilities offered by AAI systems (Gibson, 1977). Rather than focus-

ing exclusively on technological features, it emphasises the interaction between system 

capabilities and user goals. Within higher education, AAI affords autonomous task exe-

cution, instructional augmentation, and greater interaction efficiency (Feng et al., 2025). 

These affordances emerge through user interpretation and contextual enactment, shaping 

educators’ evaluations of teaching effectiveness, workload reduction, and instructional 

quality (Xu et al., 2025). Such evaluations contribute to perceived pedagogical value, 

which represents an important enabling mechanism associated with pedagogical integra-

tion (Üzüm et al., 2025). However, affordances alone are insufficient to explain educators’ 

engagement with AAI. The autonomous nature of these systems introduces a parallel 

evaluative dimension centred on risk, as increasing system independence may generate 

uncertainty regarding outcomes, accountability, and instructional control (Parasuraman 

& Riley, 1997). In educational settings, these concerns relate to execution errors, data pri-

vacy, and the potential erosion of instructional authority (Park, 2026). Accordingly, per-

ceived autonomy risk constitutes a constraining mechanism that operates alongside per-

ceptions of value, suggesting that educators evaluate AAI through an ongoing balancing 

process between benefits and potential concerns (Z. Li & Zhang, 2025). 

Institutional theory situates these evaluations within broader organisational and so-

cietal environments (DiMaggio & Powell, 1983). Institutional AI capability, encompassing 

infrastructure, training opportunities, governance mechanisms, and policy support, plays 

a central role in shaping both value and risk perceptions (Erdmann & Toro-Dupouy, 2025). 

Supportive institutional environments facilitate the realisation of pedagogical affordances 

while reducing uncertainty through formal oversight and guidance, whereas weaker in-

stitutional contexts may impede meaningful integration (Denford et al., 2025). Integrating 

these perspectives results in a dual-pathway framework in which institutional and sys-

tem-level factors are associated with pedagogical integration through enabling (value) 

and constraining (risk) processes (Anomah, 2025). Perceived AI complexity further influ-

ences this mechanism by limiting the realisation of affordances and increasing uncer-

tainty, making it a central evaluative factor rather than merely a usability concern 

(Cetinkaya & Krämer, 2026). 

Finally, contextual boundary conditions further refine the proposed framework. Reg-

ulatory clarity may reduce ambiguity and weaken the relationship between complexity 

and perceived autonomy risk by providing formal guidance for AI use (Colonna, 2026). 

Similarly, AI legitimacy may strengthen the association between perceived pedagogical 

value and pedagogical integration by reinforcing the social and professional acceptance 

of agentic technologies within educational settings (Şen et al., 2026). Collectively, these 

elements capture the interplay among affordances, risks, institutional capabilities, and 

normative contexts that shape pedagogical integration of AAI in higher education (Gar-

cía-López & Trujillo-Liñán, 2025). 

3. Hypotheses Development 

Drawing upon affordance theory, institutional theory, and perspectives on automa-

tion risk, the proposed relationships elucidate the manner in which institutional enablers 

and system-level perceptions shape educators’ evaluations of agentic AI. These evalua-

tions, in turn, are associated with the pedagogical integration of AAI (DiMaggio & Powell, 

1983; Parasuraman & Riley, 1997). The hypotheses are organised around a dual-pathway 
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mechanism that encompasses both value and risk channels, extending to mediation and 

moderation effects that capture the complexity of AAI integration decisions within higher 

education contexts (Feng et al., 2025; Pikhart & Al-Obaydi, 2025). 

3.1. Institutional AI Capability and Perceived Pedagogical Value 

Institutional AI capability refers to the extent to which an institution furnishes the 

requisite infrastructure, training, policies, and organisational support that enable educa-

tors to effectively engage with AAI systems, characterised by their capacity to autono-

mously execute multi-step tasks (Erdmann & Toro-Dupouy, 2025). Rooted in institutional 

theory, environments rich in resources help alleviate structural barriers to adoption, par-

ticularly in contexts where system autonomy and delegation require heightened oversight 

(DiMaggio & Powell, 1983; Islam et al., 2026). Access to technical support, explicit guide-

lines, and training empowers educators to comprehend and utilise the autonomous capa-

bilities of AAI, including independent task execution (Liu, 2025; Mai, 2024). This support 

facilitates the realisation of pedagogical benefits such as time savings, enhanced teaching 

quality, and improved student interaction (Xu et al., 2025). Consequently, stronger insti-

tutional support is expected to be associated with more favourable evaluations of the ped-

agogical contributions of AAI. Thus, we hypothesise that: 

H1. Institutional AI capability positively influences perceived pedagogical value. 

3.2. Institutional AI Capability and Perceived Autonomy Risk 

Institutional support is pivotal in the effective deployment of AAI systems, signifi-

cantly influencing perceptions of the risks associated with autonomous task execution 

(Denford et al., 2025; Anomah, 2025). Institutional frameworks that establish clear gov-

ernance structures, data protection protocols, and oversight mechanisms directly address 

the autonomy-related concerns educators face when delegating instructional tasks to AAI 

(Colonna, 2026). By communicating transparent policies regarding the use of AAI, ensur-

ing compliance with privacy regulations, and providing training on the safe and respon-

sible integration of autonomous systems, institutions equip educators with the knowledge 

and confidence necessary to manage delegation effectively (García-López & Trujillo-

Liñán, 2025). This institutional assurance may reduce uncertainties related to execution 

errors, data misuse, and loss of instructional control (Park, 2026). Consequently, stronger 

institutional capability is expected to be associated with lower perceived autonomy risk. 

Thus, we hypothesise that: 

H2. Institutional AI capability negatively influences perceived autonomy risk. 

3.3. Perceived AI Complexity and Perceived Pedagogical Value 

Perceived AI complexity encompasses the cognitive and operational challenges that 

educators face when attempting to comprehend, configure, and manage AAI systems, 

which are characterised by their capacity to autonomously perform multi-step tasks (Xing 

& Jiang, 2025). Unlike simpler technologies, AAI requires users to set objectives, manage 

iterative workflows, and oversee autonomous processes (Shulner-Tal et al., 2025). When 

educators find these systems cognitively demanding, their ability to effectively engage 

with and utilise AAI affordances may be constrained, thereby diminishing their confi-

dence in the systems’ instructional utility (Khanfar et al., 2025). Affordance theory sug-

gests that realising value depends on users’ ability to purposefully interact with system 

capabilities (Xu et al., 2025). Consequently, high perceived complexity may limit per-

ceived improvements in teaching efficiency, quality, and student interaction (C. Wang et 

https://doi.org/10.3390/educsci16071161


Educ. Sci. 2026, 16, 1161 7 of 39 
 

https://doi.org/10.3390/educsci16071161 

al., 2026). As a result, greater complexity is expected to be associated with lower perceived 

pedagogical value. Thus, we hypothesise that: 

H3. Perceived AI complexity negatively influences perceived pedagogical value. 

3.4. Perceived AI Complexity and Perceived Autonomy Risk 

In addition to influencing value perceptions, complexity may also intensify the risk 

assessments associated with autonomous AAI systems that operate with limited transpar-

ency (Shulner-Tal et al., 2025). When educators encounter difficulties in comprehending 

how AAI processes inputs or autonomously executes multi-step tasks, their capacity to 

anticipate, monitor, and rectify system behaviour may be constrained (Xing & Jiang, 2025). 

This cognitive opacity can generate uncertainty and unpredictability, thereby increasing 

concerns regarding reliability, accountability, and control over delegated instructional 

processes (Pikhart & Al-Obaydi, 2025). Perspectives on automation risk suggest that chal-

lenges in forming accurate mental models of system behaviour are important precursors 

to perceived risk (Parasuraman & Riley, 1997; Kellogg et al., 2020). In educational contexts, 

where instructional quality and data integrity are paramount, such opacity assumes par-

ticular significance (Abdelazim et al., 2025). Consequently, increased perceived complex-

ity is expected to be associated with heightened autonomy-related risk. Thus, we hypoth-

esise that: 

H4. Perceived AI complexity positively influences perceived autonomy risk. 

3.5. Perceived Pedagogical Value and Perceived Autonomy Risk 

The relationship between perceived pedagogical value and perceived autonomy risk 

reflects a significant cognitive trade-off in educators’ evaluations of AAI systems, which 

are distinguished by their capacity to execute tasks autonomously (Feng et al., 2025). 

When educators develop strong positive beliefs regarding the instructional benefits of 

AAI—such as workload reduction, improvements in teaching quality, and enhanced stu-

dent outcomes—these evaluations may influence how they perceive the risks associated 

with delegating instructional tasks to autonomous systems (C. Wang et al., 2026). Higher 

perceived pedagogical value may be associated with lower perceptions of autonomy-re-

lated risk, as educators who recognise substantial instructional benefits may be more 

likely to view autonomous functionalities as manageable trade-offs rather than purely as 

threats (Üzüm et al., 2025; Abdelazim et al., 2025). Consequently, positive pedagogical 

evaluations may correspond to lower levels of perceived autonomy-related concern. Thus, 

we hypothesise that: 

H5. Perceived pedagogical value negatively influences perceived autonomy risk. 

Although alternative sequencing is plausible, and perceptions of autonomy-related 

risk may also shape evaluations of pedagogical value, the present study adopts a theory-

driven ordering in which educators first evaluate the instructional benefits afforded by 

AAI before forming broader assessments of autonomy-related concerns. This ordering is 

consistent with affordance theory, which emphasises how perceived action possibilities 

and pedagogical utility inform subsequent evaluations of technology use (Gibson, 1977; 

Xu et al., 2025). Nevertheless, future longitudinal and experimental research should com-

pare competing causal structures to examine how value and risk perceptions co-evolve 

over time. 
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3.6. Perceived Pedagogical Value and Pedagogical Integration of AAI 

Perceived pedagogical value encompasses educators’ belief that AAI systems, with 

their autonomous and multi-step execution capabilities, improve instructional effective-

ness, support teaching outcomes, and alleviate the burden of routine tasks (Feng et al., 

2025; Xu et al., 2025). Such positive evaluations constitute an important motivational basis 

for sustained engagement with AAI (Baig & Yadegaridehkordi, 2025). From an affordance 

perspective, pedagogical integration represents the behavioural realisation of enacted af-

fordances, whereby educators who perceive stronger instructional value are more likely 

to embed AAI within their teaching practices (C. Wang et al., 2026). Unlike initial adop-

tion, which may be driven by experimentation or institutional mandates, pedagogical in-

tegration reflects a more deliberate and routinised commitment to AI-assisted teaching 

grounded in experienced benefits (Silalahi et al., 2026). Consequently, higher perceived 

pedagogical value is expected to be associated with greater frequency, consistency, and 

instructional embedding of AAI over time. Thus, we hypothesise that: 

H6. Perceived pedagogical value positively influences pedagogical integration of AAI. 

3.7. Perceived Autonomy Risk and Pedagogical Integration of AAI 

Perceived autonomy risk encompasses educators’ concerns regarding the delegatory 

implications of AAI systems, including apprehensions about execution errors, student 

data exposure, and the erosion of instructional authority when tasks are performed au-

tonomously (W. Li, 2025). These perceptions may discourage sustained engagement with 

AAI by reducing confidence in the reliability and appropriateness of integrating autono-

mous systems into professional teaching practices (Pikhart & Al-Obaydi, 2025). Perspec-

tives on automation risk suggest that heightened concerns about system independence 

may prompt users to reduce reliance on delegated processes and maintain greater manual 

control (Parasuraman & Riley, 1997). In educational settings, where errors directly affect 

student outcomes and professional accountability, such concerns assume particular sig-

nificance (Oc et al., 2025). Consequently, higher perceived autonomy risk is expected to 

be associated with lower levels of pedagogical integration of AAI. Thus, we hypothesise 

that: 

H7. Perceived autonomy risk negatively influences pedagogical integration of AAI. 

3.8. Mediation by Perceived Pedagogical Value 

Perceived pedagogical value is posited as an important mediating mechanism 

through which institutional AI capability and perceived AI complexity are associated with 

the pedagogical integration of AAI systems characterised by autonomous, multi-step task 

execution (Feng et al., 2025; Xu et al., 2025). Institutional resources and support may in-

fluence pedagogical integration by shaping how educators evaluate the instructional ben-

efits of AAI, particularly its capacity to autonomously perform pedagogical tasks and sup-

port teaching outcomes (Erdmann & Toro-Dupouy, 2025). Similarly, the cognitive de-

mands imposed by complex AAI systems may constrain educators’ ability to realise these 

benefits, thereby reducing perceived instructional value and subsequent integration into 

practice (Cetinkaya & Krämer, 2026). This mediated perspective reflects a cognitive eval-

uation process in which institutional and system-level conditions influence perceptions of 

value, which are, in turn, associated with pedagogical integration behaviours (Zheng et 

al., 2025). Thus, perceived pedagogical value serves as an important explanatory pathway 

linking enabling conditions to pedagogical integration. Therefore, we hypothesise that: 
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H8. Perceived pedagogical value mediates the effects of institutional AI capability and perceived 

AI complexity on pedagogical integration of AAI. 

3.9. Mediation by Perceived Autonomy Risk 

Perceived autonomy risk is posited as a secondary mediating mechanism, represent-

ing the risk-oriented pathway through which antecedent conditions are associated with 

the pedagogical integration of AAI systems that operate with autonomous decision-mak-

ing capabilities (Abdelazim et al., 2025). Institutional AI capability may reduce autonomy-

related concerns by establishing governance structures, oversight mechanisms, and safe-

guards that help manage the uncertainty associated with delegating instructional control 

to agentic systems (Denford et al., 2025). Conversely, perceived AI complexity may 

heighten autonomy-related concerns by constraining educators’ ability to comprehend 

and monitor how AAI executes multi-step tasks, thereby increasing perceptions of unpre-

dictability and loss of control (J. Wang et al., 2025). Perceived pedagogical value may also 

be associated with lower autonomy-related concerns when educators interpret system au-

tonomy as supporting, rather than undermining, instructional objectives (Feng et al., 

2025). In each instance, pedagogical integration is expected to be indirectly associated with 

these antecedents through the intermediate evaluation of autonomy-related concerns. 

Thus, we hypothesise that: 

H9. Perceived autonomy risk mediates the effects of institutional AI capability, perceived AI com-

plexity, and perceived pedagogical value on pedagogical integration of AAI. 

3.10. Moderation Effects 

3.10.1. Regulatory Clarity as a Moderator 

Regulatory clarity pertains to educators’ perception of the presence of well-defined, 

accessible, and actionable legal and policy frameworks governing the use of AAI systems 

in educational contexts (Colonna, 2026; Alfiras et al., 2025). In situations where regulatory 

environments are ambiguous, uncertainty surrounding AAI may increase, as educators 

lack formal guidance for managing autonomous task execution and its implications (Z. Li 

& Zhang, 2025). Under such conditions, perceived AI complexity may become more 

strongly associated with autonomy-related concerns, as educators must independently 

interpret both the technical and governance dimensions of AAI systems (Shulner-Tal et 

al., 2025). Conversely, when regulatory clarity is high, structured guidelines may help ed-

ucators interpret and manage the implications of system autonomy, thereby reducing un-

certainty (Yan & Liu, 2025). Consequently, regulatory clarity is expected to weaken the 

positive association between perceived AI complexity and perceived autonomy risk. 

Thus, we hypothesise that: 

H10a. Regulatory clarity weakens the positive relationship between perceived AI complexity and 

perceived autonomy risk. 

3.10.2. AI Legitimacy as a Moderator 

AI legitimacy pertains to the degree to which the integration of AAI systems into 

educational practices is perceived as socially endorsed, professionally appropriate, and 

normatively accepted (Zagami, 2026). When AAI is broadly regarded as a legitimate com-

ponent of teaching practice, educators who recognise strong pedagogical value may be 

more likely to translate these evaluations into sustained pedagogical integration (Kang et 

al., 2025). Social endorsement may reduce the psychological and reputational concerns 

associated with delegating instructional tasks to autonomous systems, thereby supporting 

behavioural commitment (Zheng et al., 2025). Conversely, when legitimacy is low, educa-
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tors may hesitate to integrate AAI into their instructional practices despite perceiving in-

structional benefits, owing to concerns about professional norms and peer evaluation 

(Park, 2026). Consequently, AI legitimacy is expected to be positively associated with the 

translation of perceived pedagogical value into pedagogical integration by reinforcing the 

social acceptability of autonomous instructional support. Thus, we hypothesise that: 

H10b. AI legitimacy strengthens the positive relationship between perceived pedagogical value and 

pedagogical integration of AAI. 

Figure 1 below presents the proposed conceptual model. 

 

Figure 1. Conceptual model with hypothesis. 

4. Research Methodology 

4.1. Research Design and Data Collection 

This study employs a cross-sectional survey design to examine the mechanisms un-

derlying the pedagogical integration of agentic artificial intelligence (AAI) systems in 

higher education. Given the emergent and complex nature of AAI—characterised by au-

tonomous multi-step task execution, workflow delegation, and limited real-time human 

intervention—a survey-based approach facilitates the systematic examination of educa-

tors’ perceptions, evaluations, and integration practices across diverse institutional and 

geographic contexts. The design is particularly appropriate for investigating cognitive 

evaluations, such as perceived pedagogical value and perceived AI complexity, alongside 

autonomy-related concerns that constitute the proposed affordance–institutional–risk 

framework. 

Consistent with the cross-sectional nature of the data, the findings should be inter-

preted as associative rather than causal, and the temporal ordering among constructs re-

mains theoretically motivated rather than empirically established. While the proposed 

framework is grounded in established theoretical perspectives, future longitudinal and 

experimental studies are necessary to validate the directionality and evolution of these 

relationships over time. 
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Data were collected through an online questionnaire administered to higher educa-

tion educators across multiple countries. Recruitment was conducted through academic 

mailing lists, professional LinkedIn networks, faculty communities, and scholarly confer-

ences where discussions on educational technology and AI-enabled teaching practices 

were prevalent. No monetary or non-monetary incentives were offered for participation, 

thereby reducing the possibility of participation motivated primarily by external rewards. 

The study employed purposive sampling to target educators with varying degrees 

of exposure to AAI-enabled instructional systems. Although this approach ensured the 

inclusion of respondents familiar with autonomous and semi-autonomous educational 

technologies, it also introduces the possibility of self-selection bias. Specifically, educators 

who are digitally confident, interested in AI, or early adopters of emerging technologies 

may be overrepresented in the sample. Accordingly, the findings should be interpreted as 

reflecting informed evaluations among educators with at least some exposure to AAI ra-

ther than as representative of the entire higher education population. 

The questionnaire was pre-tested with a small group of academics to ensure clarity, 

contextual relevance, and content validity, particularly with respect to concepts involving 

autonomous task execution and instructional delegation. Minor refinements were incor-

porated prior to full deployment. A total of 364 responses were initially obtained. Follow-

ing the implementation of the study’s screening procedures and standard data-quality 

checks, 26 responses were excluded because respondents did not satisfy the conceptual 

and behavioural filter requirements designed to verify meaningful exposure to AAI sys-

tems. The final analytical sample therefore comprised 338 valid responses. 

The final sample demonstrates considerable international diversity. Respondents 

represented both Global North and Global South contexts, with 60.1% and 39.9% of par-

ticipants, respectively. Countries represented in the Global North included the United 

States, Canada, the United Kingdom, Germany, Sweden, the Netherlands, and Australia. 

Global South participants were drawn from India, Brazil, South Africa, Kenya, Nigeria, 

Indonesia, Vietnam, the Philippines, Thailand, and the United Arab Emirates. For analyt-

ical purposes, these countries were subsequently aggregated into the regional categories 

reported in Table 1. This diverse composition provides broader contextual representation 

while acknowledging the limitations associated with purposive online recruitment. 

Although participants varied in their levels of engagement with AI technologies, all 

retained respondents reported at least minimal validated exposure to AAI systems capa-

ble of autonomous or semi-autonomous task execution, ensuring the substantive rele-

vance of their evaluations and perceptions. 

Table 1. Final Sample Profile. 

Variable Category No. (%) 

Global Context 
Global North 203 (60.1%) 

Global South 135 (39.9%) 

Region 

North America 100 (29.6%) 

Europe 74 (21.9%) 

East/Southeast Asia 42 (12.4%) 

Sub-Saharan Africa 33 (9.8%) 

South Asia 28 (8.3%) 

Oceania 21 (6.2%) 

Latin America 18 (5.3%) 

MENA 6 (1.8%) 

Gender 

Male 203 (60.1%) 

Female 123 (36.4%) 

Non-binary 10 (3.0%) 
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Prefer not 2 (0.6%) 

Institution Type 

Public 215 (63.6%) 

Private 100 (29.6%) 

International 23 (6.8%) 

Discipline 

Natural Sciences 80 (23.7%) 

Engineering 60 (17.8%) 

Health 58 (17.2%) 

Social Sciences 30 (8.9%) 

Humanities 28 (8.3%) 

Education 27 (8.0%) 

Other 21 (6.2%) 

Business 14 (4.1%) 

Teaching Experience 

11–20 years 94 (27.8%) 

2–5 years 87 (25.7%) 

6–10 years 83 (24.6%) 

<2 years 41 (12.1%) 

>20 years 33 (9.8%) 

Tech Comfort 

Low (1–2) 110 (32.5%) 

Moderate (3) 122 (36.1%) 

High (4–5) 106 (31.4%) 

GenAI Experience 
Low 118 (34.9%) 

High 220 (65.1%) 

Current GenAI Use 

Regular 82 (24.3%) 

Occasional 138 (40.8%) 

Tried 86 (25.4%) 

Never 32 (9.5%) 

Internet Quality 

Reliable 161 (47.6%) 

Mostly 107 (31.7%) 

Unreliable 51 (15.1%) 

Limited 19 (5.6%) 

Primary Device 

Laptop 178 (52.7%) 

University system 108 (32.0%) 

Smartphone 31 (9.2%) 

Tablet 21 (6.2%) 

4.1.1. AAI Exposure, Screening, and Sample Validation 

Given the conceptual ambiguity between conventional artificial intelligence, genera-

tive AI (GenAI), and agentic artificial intelligence (AAI), a structured multi-stage screen-

ing procedure was implemented to ensure that respondents possessed a clear understand-

ing of AAI and had meaningful exposure to its distinctive functionalities. This procedure 

was designed to minimise construct contamination and enhance the internal validity of 

the study. 

For the purposes of this research, minimal exposure to AAI referred to direct experi-

ence with at least one of the following functionalities: (1) autonomous workflow execu-

tion; (2) AI agents capable of multi-step task completion; (3) delegation of instructional or 

administrative tasks to AI systems; (4) AI assistants with autonomous decision-support 

capabilities; or (5) systems capable of independently sequencing and completing intercon-

nected activities with limited real-time human intervention. Examples of such systems 

included ChatGPT 5 Operator, AutoGPT, Claude Projects and Artifacts, Perplexity Labs, 

Microsoft Copilot Agents, Gemini Agents, and Manus AI. These examples were illustra-
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tive rather than exhaustive and served primarily to help respondents distinguish agentic 

systems from conventional prompt-response generative AI tools. 

The screening protocol consisted of four sequential stages. First, respondents com-

pleted an awareness check designed to assess familiarity with AAI concepts. Second, a 

conceptual differentiation exercise required participants to correctly distinguish AAI sys-

tems from conventional generative AI tools based on characteristics such as autonomy, 

delegation, and multi-step execution. Third, respondents reported their usage status, dis-

tinguishing between current users, previous users, and individuals with no direct experi-

ence. Finally, behavioural verification items assessed actual engagement with agentic 

functionalities, including workflow delegation, autonomous execution, and independent 

task sequencing. Of the 364 initial responses, 26 were excluded because they did not sat-

isfy one or more of these filter requirements, including failures on conceptual differentia-

tion items, inconsistencies between reported awareness and behavioural exposure, or in-

sufficient evidence of meaningful engagement with agentic functionalities. Consequently, 

the final sample comprised 338 respondents with validated exposure to AAI systems. 

Although precise exclusion counts were not retainable for each individual screening 

stage, all removed cases failed at least one of the predefined criteria relating to awareness, 

conceptual differentiation, usage status, or behavioural verification. The final analytical 

sample therefore included only respondents who demonstrated validated exposure to 

agentic AI through both conceptual understanding and observable engagement with au-

tonomous or semi-autonomous functionalities, thereby ensuring the substantive rele-

vance and internal validity of the study. Respondents were retained only if they correctly 

identified the defining characteristics of agentic AI, reported either current or prior use, 

and demonstrated at least one verified behavioural interaction involving autonomous or 

semi-autonomous task execution. Individuals reporting only intentions to use or no direct 

experience with agentic AI were excluded from the final analytical sample. 

Importantly, respondents who had never used AAI systems or whose experience was 

limited solely to conventional prompt-based generative AI were excluded from the ana-

lytical sample. Similarly, individuals expressing only an intention to use AAI without de-

monstrable behavioural exposure were not retained for hypothesis testing. This approach 

ensured that the study captured informed evaluations of pedagogical integration rather 

than hypothetical attitudes toward unfamiliar technologies. The complete screening pro-

tocol, including awareness checks, conceptual differentiation items, and behavioural ver-

ification measures, is provided in Appendix A. 

4.1.2. Assessment of Common Method Bias 

Given the self-reported nature of the data, potential common method bias (CMB) was 

addressed through both procedural and statistical remedies (Podsakoff et al., 2024). Pro-

cedurally, respondents were assured of anonymity, and the questionnaire was designed 

to minimise evaluation apprehension and response tendencies through careful sequenc-

ing and separation of measurement items (Podsakoff et al., 2003). Statistically, a theoreti-

cally unrelated marker variable—the primary device used to access AI systems—was in-

corporated. Although device type may be associated with technology access or usage con-

venience, it bears no direct theoretical relationship with the value–risk mechanisms, insti-

tutional conditions, or pedagogical integration processes examined in the present study. 

Accordingly, it provides a reasonable diagnostic for detecting potential common method 

variance without overlapping conceptually with the substantive constructs (Kock, 2017). 

Correlations between the marker variable and the focal constructs remained low and non-

significant (|r| < 0.15), indicating an absence of systematic shared variance attributable to 

measurement procedures. In addition, full-collinearity variance inflation factor (VIF) val-

ues were below the conservative threshold of 3.3, providing further evidence that com-
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mon method bias is unlikely to threaten the validity of the findings (Podsakoff et al., 2003; 

Kock, 2017). Collectively, these procedural and statistical safeguards suggest that com-

mon method variance does not materially influence the observed relationships. 

4.2. Measurement of Constructs 

All constructs were operationalised using multi-item reflective scales adapted from 

established literature and contextualised for the pedagogical use of agentic artificial intel-

ligence (AAI) in higher education. Guided by affordance theory, institutional theory, and 

automation risk perspectives (Gibson, 1977; DiMaggio & Powell, 1983; Parasuraman & 

Riley, 1997), the measurement framework captured both the enabling and constraining 

dimensions associated with delegation-capable AI systems. 

Institutional AI Capability (IAC) measured the extent to which institutions provide 

the infrastructure, governance mechanisms, training opportunities, and implementation 

support necessary for effective AAI integration (Erdmann & Toro-Dupouy, 2025; Denford 

et al., 2025). Perceived AI Complexity (PAIC) assessed educators’ cognitive and opera-

tional challenges in understanding, configuring, and managing autonomous multi-step 

AI systems (Cetinkaya & Krämer, 2026; Xing & Jiang, 2025). Perceived Pedagogical Value 

(PPV) captured the extent to which educators believed that AAI enhances teaching effec-

tiveness, instructional quality, student engagement, and workload efficiency (Feng et al., 

2025; Xu et al., 2025). 

Perceived Autonomy Risk (PAR) reflected concerns regarding loss of instructional 

control, execution errors, accountability, and privacy implications arising from the dele-

gation of pedagogical tasks to autonomous systems (Pikhart & Al-Obaydi, 2025; Park, 

2026). Regulatory Clarity (RC) measured perceptions of the existence of clear governance 

structures, institutional policies, and legal frameworks guiding the responsible use of AAI 

(Colonna, 2026), while AI Legitimacy (AIL) captured the extent to which AAI use was 

perceived as professionally appropriate and socially accepted within academic environ-

ments (Şen et al., 2026; Zagami, 2026). 

Particular attention was devoted to the conceptualisation of the dependent construct. 

Rather than measuring simple continuance intention or repeated system use, Pedagogical 

Integration of AAI (PIA) was conceptualised as the depth, consistency, and instructional 

embeddedness with which educators incorporated AAI functionalities into teaching, as-

sessment, feedback generation, and broader instructional workflows. Although certain 

behavioural indicators reflect routinised and sustained engagement, these items capture 

the institutionalisation and normalisation of agentic AI within pedagogical practices ra-

ther than mere intentions to continue using technology. Accordingly, the construct ex-

tends beyond traditional continuance perspectives by emphasising integrated, habitual, 

and pedagogically meaningful utilisation of autonomous AI capabilities (Silalahi et al., 

2026; Zheng et al., 2025). 

Although one indicator is phrased in terms of continued use, it is interpreted within 

this study as reflecting the institutionalisation of agentic AI within educators’ pedagogical 

practice rather than a distinct continuance intention. In educational settings, sustained in-

tention to use a teaching technology typically indicates that it has become embedded 

within routine instructional planning, content delivery, assessment, and learner support. 

Accordingly, continued use is treated as evidence of routinised pedagogical integration, 

capturing the habitual incorporation of agentic AI into regular teaching activities rather 

than merely expressing a future behavioural intention. 

All constructs were measured using seven-point Likert scales ranging from 1 

(strongly disagree) to 7 (strongly agree) (Hair & Alamer, 2022; Becker et al., 2023). Control 

variables included prior generative AI experience, teaching experience, and academic dis-
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cipline, while primary device usage was retained as a marker variable for assessing com-

mon method bias (Kock, 2017). 

To address concerns regarding coding consistency, all measurement items were 

aligned such that higher scores consistently represented higher levels of the underlying 

construct. Reverse-coded items within the Perceived AI Complexity (PAIC) scale are ex-

plicitly identified as (R) in Appendix A. 

Pre-Test and Expert Review 

A two-stage validation procedure was employed to ensure measurement clarity, con-

textual relevance, and theoretical consistency (Hair & Alamer, 2022). First, five experts 

comprising academics, a practitioner, and specialists in measurement development eval-

uated the survey instrument with respect to item clarity, construct validity, and alignment 

with the theoretical foundations of the study (Becker et al., 2023). Particular emphasis was 

placed on ensuring that the items appropriately reflected the autonomous, delegatory, 

and multi-step execution characteristics that distinguish AAI from conventional genera-

tive AI systems. Minor revisions relating to wording, sequencing, and contextual framing 

were subsequently incorporated. 

Second, a pilot study involving 30 higher education educators with prior exposure to 

agentic AI technologies was conducted to assess comprehensibility, reliability, and re-

spondent burden. The pilot participants were selected to ensure familiarity with agentic 

functionalities such as autonomous workflows, instructional delegation, and AI-assisted 

task sequencing, thereby enhancing the contextual validity of the instrument. 

Reliability diagnostics, including Cronbach’s alpha and composite reliability, ex-

ceeded the recommended threshold of 0.70 for all constructs, indicating satisfactory inter-

nal consistency (Hair & Alamer, 2022; Becker et al., 2023). No substantive issues relating 

to ambiguity or conceptual overlap emerged during the pilot phase. Minor refinements 

concerning item phrasing and survey flow were implemented to improve readability and 

reduce cognitive load. 

Importantly, all measurement items were explicitly framed within the context of 

agentic AI rather than generic artificial intelligence applications. This distinction was 

maintained throughout the instrument to minimise conceptual contamination between 

conventional generative AI tools and autonomous, delegation-capable systems. Overall, 

the pre-test and expert-review procedures strengthened content validity, enhanced meas-

urement precision, and ensured alignment with contemporary best practices in PLS-SEM 

research (Becker et al., 2023). 

4.3. Data Analysis Technique 

The proposed model was evaluated using Partial Least Squares Structural Equation 

Modelling (PLS-SEM) implemented in SmartPLS 4.1 (Ringle et al., 2024). This analytical 

approach is appropriate given the study’s predictive orientation, theory-extension objec-

tives, and the presence of multiple mediation and moderation mechanisms within the 

proposed framework. PLS-SEM is particularly well suited for complex models that prior-

itise variance explanation, accommodate reflective measurement specifications, and do 

not require strict multivariate normality assumptions (Becker et al., 2023; Hair & Alamer, 

2022). 

The analysis followed a two-stage procedure comprising the assessment of the meas-

urement model, followed by the evaluation of the structural model. This approach en-

sured that the reliability, convergent validity, and discriminant validity of the constructs 

were established prior to interpreting the hypothesised relationships. Bootstrapping with 

5000 resamples was employed to estimate the statistical significance of direct, indirect, 

and moderation effects. To assess potential endogeneity, the Gaussian copula procedure 
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proposed by Hult et al. (2018) was additionally implemented, thereby strengthening the 

robustness of the findings. 

4.3.1. Model Specification 

The proposed model examines the influence of Institutional AI Capability and Per-

ceived AI Complexity on the Pedagogical Integration of AAI through two complementary 

mediating mechanisms: Perceived Pedagogical Value and Perceived Autonomy Risk. 

These mediators capture the dual evaluative pathways through which educators assess 

delegation-capable AI systems, reflecting both enabling pedagogical opportunities and 

concerns associated with autonomy and instructional control. 

The model further incorporates Regulatory Clarity and AI Legitimacy as contextual 

boundary conditions that may strengthen or weaken these relationships. Specifically, reg-

ulatory clarity is expected to buffer the positive relationship between perceived complex-

ity and autonomy risk, whereas AI legitimacy is posited to strengthen the translation of 

pedagogical value into pedagogical integration. Prior generative AI experience, teaching 

experience, and academic discipline were included as control variables, while primary 

device usage served as a theoretically unrelated marker variable to address potential com-

mon method bias. 

4.3.2. Measurement Model Assessment 

The measurement model was evaluated using established criteria for reliability and 

validity. Indicator reliability was assessed through outer loadings, with all items exceed-

ing the recommended threshold of 0.70, indicating adequate representation of their re-

spective constructs. Internal consistency reliability was examined using composite relia-

bility coefficients, all of which surpassed the recommended value of 0.70 (Hair & Alamer, 

2022). Convergent validity was assessed through average variance extracted (AVE), with 

all constructs exceeding the threshold of 0.50, confirming that the latent variables ex-

plained a substantial proportion of the variance in their indicators (Becker et al., 2023). 

Table 2 below shows the measurement model reliability and descriptives.  

Table 2. Measurement Model: Reliability, Validity and Descriptives with Significance. 

Construct Item Loading VIF t-Value CI [2.5%, 97.5%] Mean (SD) Skewness (Kurtosis) 

AI Legitimacy (AIL) 

AIL1 0.833 1.89 14.72 [0.689, 0.906] 4.769 (1.684) −0.384 (−0.805) 

AIL2 0.851 2 16.58 [0.727, 0.907] 4.497 (1.827) −0.276 (−0.911) 

AIL3 0.926 2.27 32.7 [0.885, 0.973] 4.695 (1.630) −0.407 (−0.507) 

Institutional AI Ca-

pability (IAC) 

IAC1 0.891 2.79 77.09 [0.867, 0.912] 4.592 (1.715) −0.274 (−0.776) 

IAC2 0.874 2.57 64.35 [0.843, 0.896] 4.278 (1.734) −0.198 (−0.839) 

IAC3 0.894 2.87 87.14 [0.872, 0.912] 4.393 (1.885) −0.268 (−1.020) 

IAC4 0.849 2.22 49.62 [0.811, 0.878] 4.796 (1.645) −0.339 (−0.761) 

Perceived AI Com-

plexity (PAIC) 

PAIC1 0.884 2.68 73.79 [0.857, 0.905] 4.044 (1.843) −0.048 (−1.041) 

PAIC2 0.842 2.18 47.75 [0.801, 0.871] 4.352 (1.692) −0.162 (−0.775) 

PAIC3 0.896 2.87 74.03 [0.870, 0.917] 4.464 (1.881) −0.207 (−1.090) 

PAIC4 0.883 2.52 76.7 [0.858, 0.903] 4.136 (1.759) −0.097 (−0.889) 

Perceived Autonomy 

Risk (PAR) 

PAR1 0.831 2.02 47.65 [0.792, 0.861] 3.976 (1.766) −0.042 (−0.955) 

PAR2 0.86 2.21 62.7 [0.828, 0.883] 4.175 (1.826) −0.040 (−1.031) 

PAR3 0.85 2.11 53.9 [0.815, 0.877] 4.408 (1.639) −0.191 (−0.741) 

PAR4 0.867 2.3 64.26 [0.838, 0.891] 4.068 (1.838) 0.049 (−1.042) 

Perceived Pedagogi-

cal Value (PPV) 

PPV1 0.894 2.83 75.81 [0.869, 0.915] 4.941 (1.622) −0.473 (−0.665) 

PPV2 0.887 2.75 76.54 [0.862, 0.907] 4.692 (1.796) −0.474 (−0.758) 

PPV3 0.889 2.71 80.92 [0.865, 0.909] 5.115 (1.543) −0.490 (−0.722) 
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PPV4 0.881 2.67 68.99 [0.852, 0.902] 4.772 (1.797) −0.494 (−0.754) 

Regulatory Clarity 

(RC) 

RC1 0.909 2.5 82.22 [0.885, 0.928] 4.278 (1.823) −0.214 (−0.955) 

RC2 0.869 2.13 50.16 [0.828, 0.896] 4.077 (1.862) −0.044 (−1.055) 

RC3 0.9 2.46 75.23 [0.872, 0.920] 4.420 (1.708) −0.142 (−0.824) 

Pedagogical Integra-

tion of AAI (PIA) 

PIAI1 0.846 2.02 48.93 [0.805, 0.875] 4.503 (1.877) −0.308 (−0.997) 

PIAI2 0.821 1.84 45.78 [0.782, 0.854] 4.225 (1.763) −0.059 (−0.938) 

PIAI3 0.822 1.96 40.35 [0.777, 0.858] 4.370 (1.787) −0.189 (−0.914) 

PIAI 4 0.861 2.16 63.5 [0.830, 0.884] 4.678 (1.597) −0.448 (−0.474) 

Discriminant validity was evaluated using both the heterotrait–monotrait (HTMT) 

ratio and the Fornell–Larcker criterion. All HTMT values remained below the conserva-

tive threshold of 0.85 (Becker et al., 2023), while the square roots of AVE exceeded the 

corresponding inter-construct correlations, supporting adequate discriminant validity. 

To provide additional evidence regarding discriminant validity, bootstrapped 

HTMT confidence intervals were also examined. None of the 95% confidence intervals 

included the value of 1.0, providing further support for the empirical distinctiveness of 

the constructs. Although the relationships among Perceived Pedagogical Value, Perceived 

Autonomy Risk, and Pedagogical Integration of AAI exhibited comparatively high HTMT 

values (0.824–0.840), their upper confidence bounds remained below unity (0.872–0.886), 

suggesting conceptual proximity consistent with the proposed dual-pathway framework 

rather than problematic construct redundancy. These findings reinforce the adequacy of 

the measurement model while acknowledging the theoretically interrelated nature of ed-

ucators’ value, risk, and integration evaluations. Table 3 below shows the discriminant 

validity assessment. 

Table 3. Discriminant Validity and HTMT Confidence Intervals (below). 

Discriminant Validity (HTMT Criteria) 

 AI Legitimacy 
Institutional 

AI Capability 

Perc. Autonomy 

Risk 

Perc. Pedagogical 

Value 

Perceived AI 

Complexity 

Reg. 

Clarity 

Pedagogical 

Integration 

of AAI 

AI Legitimacy        

Institutional AI 

Capability 
0.370       

Perc. Autonomy 

Risk 
0.320 0.677      

Perc. Pedagogical 

Value 
0.341 0.757 0.833     

Perceived AI 

Complexity 
0.188 0.202 0.576 0.556    

Reg. Clarity 0.467 0.422 0.457 0.445 0.295   

Pedagogical Inte-

gration of AAI 
0.189 0.681 0.840 0.824 0.528 0.426  

Discriminant Validity (Fornell–Larcker Criteria) 

 AI Legitimacy 
Institutional 

AI Capability 

Perc. Autonomy 

Risk 

Perc. Pedagogical 

Value 

Perceived AI 

Complexity 

Reg. 

Clarity 

Pedagogical 

Integration 

of AAI 

AI Legitimacy 0.871       

Institutional AI 

Capability 
0.327 0.877      

Perc. Autonomy 

Risk 
−0.282 −0.603 0.852     

Perc. Pedagogical 

Value 
0.302 0.687 −0.745 0.888    
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Perceived AI 

Complexity 
−0.167 −0.183 0.514 −0.505 0.876   

Reg. Clarity 0.407 0.376 −0.401 0.400 −0.262 0.893  

Pedagogical Inte-

gration of AAI 
0.167 0.600 −0.731 0.731 −0.466 0.371 0.838 

Table 4 above shows the bootstrapped HTMT confidence intervals. Although several 

HTMT values approached the conservative cut-off, particularly among Perceived Peda-

gogical Value, Perceived Autonomy Risk, and Pedagogical Integration of AAI, these rela-

tionships are theoretically expected within the proposed dual-pathway framework. Ped-

agogical value captures educators’ evaluations of instructional benefits, autonomy risk 

reflects concerns associated with delegated control, and pedagogical integration repre-

sents the behavioural embedding of AAI into instructional practice. While conceptually 

related, these constructs remain theoretically distinct and correspond to enabling, con-

straining, and behavioural dimensions, respectively. The observed HTMT values there-

fore indicate expected conceptual proximity rather than problematic overlap. 

Table 4. Bootstrapped HTMT Confidence Intervals. 

HTMT Confidence Intervals Original Sample (O) Sample Mean (M) 2.50% 97.50% 

Pedagogical Integration of AAI <-> Institutional AI Capability 0.681 0.681 0.602 0.753 

Perceived AI Complexity <-> Institutional AI Capability 0.202 0.201 0.095 0.311 

Perceived AI Complexity <-> Pedagogical Integration of AAI 0.528 0.527 0.423 0.621 

Perceived Autonomy Risk <-> Institutional AI Capability 0.677 0.676 0.608 0.739 

Perceived Autonomy Risk <-> Pedagogical Integration of AAI 0.84 0.839 0.789 0.886 

Perceived Autonomy Risk <-> Perceived AI Complexity 0.576 0.575 0.481 0.66 

Perceived Pedagogical Value <-> Institutional AI Capability 0.757 0.757 0.7 0.81 

Perceived Pedagogical Value <-> Pedagogical Integration of AAI 0.824 0.824 0.77 0.872 

Perceived Pedagogical Value <-> Perceived AI Complexity 0.556 0.556 0.468 0.637 

Perceived Pedagogical Value <-> Perceived Autonomy Risk 0.833 0.833 0.785 0.876 

Future research may further strengthen discriminant validity assessments by report-

ing HTMT confidence intervals and comparing constrained alternative measurement 

specifications. Nevertheless, the combined evidence from HTMT and Fornell–Larcker 

analyses supports the adequacy of the measurement model. 

Multicollinearity was examined using variance inflation factors (VIF), with all values 

remaining below the conservative threshold of 3.0 (Kock, 2017), indicating the absence of 

problematic collinearity. Overall, the measurement model demonstrates satisfactory psy-

chometric properties, supporting the validity and reliability of the constructs employed 

in the analysis. 

4.3.3. Structural Model Assessment 

The structural model was evaluated using bootstrapping with 5000 resamples to es-

timate path coefficients, t-statistics, and bias-corrected confidence intervals (Becker et al., 

2023). This non-parametric procedure provides robust significance testing without impos-

ing distributional assumptions on the data. 

The model demonstrated substantial explanatory power across the principal endog-

enous constructs. The coefficient of determination (R2) indicated that Perceived Pedagog-

ical Value (R2 = 0.621), Perceived Autonomy Risk (R2 = 0.615), and Pedagogical Integration 

of AAI (R2 = 0.619) all exhibited moderate-to-high levels of explained variance, suggesting 

that the proposed framework effectively captures the principal determinants of educators’ 

integration decisions. 
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Model fit indicators further supported the adequacy of the specification. The SRMR 

values for both the saturated (0.041) and estimated (0.046) models remained below rec-

ommended thresholds, indicating acceptable model fit. The NFI value of 0.887, although 

slightly below conventional benchmarks, may be more appropriately interpreted as mar-

ginal rather than unequivocally acceptable, particularly given the predictive orientation 

of PLS-SEM. Accordingly, greater emphasis is placed on SRMR and predictive relevance 

statistics when evaluating model adequacy. 

Predictive relevance was assessed using blindfolding procedures. The Q2 values for 

Perceived Pedagogical Value (Q2 = 0.601), Perceived Autonomy Risk (Q2 = 0.587), and Ped-

agogical Integration of AAI (Q2 = 0.611) all substantially exceeded zero, indicating strong 

out-of-sample predictive capability and supporting the model’s predictive validity. 

Effect-size analysis (f2) revealed meaningful differences in the substantive im-

portance of the exogenous constructs. Most notably, Institutional AI Capability exhibited 

an exceptionally large effect on Perceived Pedagogical Value (f2 = 0.964). This finding sug-

gests that institutional infrastructure, governance mechanisms, training opportunities, 

and organisational support constitute foundational conditions through which educators 

recognise and realise the pedagogical benefits of AAI. In other words, the educational 

value of agentic systems appears to depend heavily on the institutional environments 

within which they are embedded. By contrast, the effects of Perceived Pedagogical Value 

(f2 = 0.220) and Perceived Autonomy Risk (f2 = 0.213) on Pedagogical Integration of AAI 

are moderate, indicating that both enabling and constraining evaluations contribute 

meaningfully to educators’ integration decisions. Regulatory Clarity and AI Legitimacy 

exhibit comparatively smaller effect sizes, suggesting that they function primarily as con-

textual boundary conditions rather than principal explanatory drivers. 

Mediation analyses were conducted using bootstrapped indirect effects, with signif-

icance inferred from confidence intervals that excluded zero. Both specific and serial me-

diation pathways were examined, with particular attention devoted to the sequential 

mechanism linking pedagogical value and autonomy risk. The significant indirect effects 

provide support for the proposed dual-pathway framework, indicating that institutional 

capability and perceived complexity influence pedagogical integration through intercon-

nected evaluations of value and risk. Table 5 below shows the main direct and moderation 

effect results.  

Table 5. Direct Effects and Moderation Results. 

Path 
Direct 

(β) 
t p 

Indirect 

(β) 
t p 95% CI 

CORE ANTECEDENTS → MEDIATORS → OUTCOME        

Institutional AI Capability → Perc. Pedagogical Value 0.609 18.552 <0.001 — — — — 

Institutional AI Capability → Perc. Autonomy Risk −0.248 5.107 <0.001 −0.271 7.079 <0.001 [−0.350, −0.201] 

Institutional AI Capability → Pedagogical Integration of 

AAI 
— — — 0.454 15.035 <0.001 [0.392, 0.510] 

Perceived AI Complexity → Perc. Pedagogical Value −0.377 11.448 <0.001 — — — — 

Perceived AI Complexity → Perc. Autonomy Risk 0.242 5.479 <0.001 0.168 6.174 <0.001 [0.119, 0.226] 

Perceived AI Complexity → Pedagogical Integration of AAI — — — −0.317 12.265 <0.001 [−0.368, −0.266] 

MEDIATOR CHAIN (CORE MECHANISM)        

Perc. Pedagogical Value → Perc. Autonomy Risk −0.445 7.870 <0.001 — — — — 

Perc. Pedagogical Value → Pedagogical Integration of AAI 0.405 8.285 <0.001 0.178 6.681 <0.001 [0.131, 0.235] 

Perc. Autonomy Risk → Pedagogical Integration of AAI −0.399 8.840 <0.001 — — — — 

SERIAL MEDIATION PATHS (KEY CONTRIBUTION)        

Institutional AI Capability → PPV → PAR → PIA — — — 0.108 6.411 <0.001 [0.079, 0.146] 

Perceived AI Complexity → PPV → PAR → PIA — — — −0.067 5.465 <0.001 [−0.095, −0.047] 
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Perc. Pedagogical Value → PAR → PIA — — — 0.178 6.681 <0.001 [0.131, 0.235] 

Perceived AI Complexity → PAR → PIA — — — −0.097 4.360 <0.001 [−0.146, −0.057] 

Institutional AI Capability → PAR → PIA — — — 0.099 3.990 <0.001 [0.054, 0.152] 

CONTROL VARIABLES        

Gen AI Exp → Pedagogical Integration of AAI 0.150 4.256 <0.001 0.058 2.304 0.021 [0.009, 0.106] 

Gen AI Exp → Perc. Autonomy Risk −0.041 1.136 0.256 −0.031 1.950 0.051 [−0.064, 0.000] 

Discipline → Pedagogical Integration of AAI −0.031 0.437 0.662 0.067 1.372 0.170 [−0.030, 0.163] 

Discipline → Perc. Autonomy Risk −0.006 0.085 0.933 −0.049 1.609 0.108 [−0.109, 0.009] 

Teaching Exp → Pedagogical Integration of AAI −0.047 1.428 0.153 −0.025 1.006 0.315 [−0.074, 0.024] 

MARKER VARIABLE (CMB CHECK)        

Primary Device → Pedagogical Integration of AAI 0.008 0.241 0.809 0.017 0.681 0.496 [−0.031, 0.069] 

Primary Device → Perc. Autonomy Risk −0.043 1.298 0.194 0.000 0.005 0.996 [−0.033, 0.030] 

Consistent with reporting conventions, all statistically significant paths are reported 

as p < 0.001 rather than p = 0. Collectively, the structural results support the explanatory 

and predictive robustness of the proposed framework and demonstrate the importance of 

value–risk evaluations in understanding the pedagogical integration of delegation-capa-

ble AI systems in higher education. 

4.3.4. Moderation Effects 

Moderation analysis was conducted using the two-stage approach in PLS-SEM to ex-

amine whether regulatory clarity and AI legitimacy function as contextual boundary con-

ditions within the proposed value–risk framework. The results indicate that both moder-

ators significantly influence the relationships specified in the conceptual model, although 

their effects operate by amplifying or buffering existing mechanisms rather than serving 

as direct determinants of pedagogical integration. 

Regulatory clarity significantly moderates the relationship between Perceived AI 

Complexity and Perceived Autonomy Risk (β = −0.100, p = 0.008), indicating that the pos-

itive association between complexity and autonomy-related concerns becomes weaker 

when educators perceive clearer institutional and regulatory guidance regarding AAI use. 

This finding suggests that governance structures, policy frameworks, and explicit opera-

tional guidelines may help educators manage the uncertainty associated with complex, 

delegation-capable AI systems, thereby reducing the extent to which technical complexity 

translates into perceived risk (Al-Emran, 2023). 

Similarly, AI Legitimacy positively moderates the relationship between Perceived 

Pedagogical Value and Pedagogical Integration of AAI (β = 0.144, p < 0.001). This result 

suggests that when AAI is perceived as professionally appropriate and socially endorsed 

within educational communities, educators are more likely to translate positive evalua-

tions of pedagogical value into sustained instructional integration. The finding is con-

sistent with legitimacy-based explanations of technology acceptance and institutional 

conformity, which emphasise the importance of normative support in shaping behav-

ioural commitment (Suchman, 1995; Lowry et al., 2025). 

Importantly, the direct effects of Regulatory Clarity (β = −0.074, p = 0.062) and AI 

Legitimacy (β = −0.061, p = 0.054) remain statistically non-significant, indicating that these 

constructs function primarily as contextual enablers rather than independent drivers of 

pedagogical integration. Their influence is therefore better understood as shaping the 

strength of existing relationships within the value–risk framework. 

Simple-slope interpretations further reinforce these conclusions. Higher levels of reg-

ulatory clarity attenuate the positive association between perceived AI complexity and 

autonomy-related risk, whereas stronger perceptions of AI legitimacy amplify the posi-

tive association between pedagogical value and pedagogical integration. The simple-slope 
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analysis further indicates that the effect of perceived AI complexity on autonomy risk is 

substantially weaker under conditions of high regulatory clarity than under low regula-

tory clarity. Likewise, the positive influence of perceived pedagogical value on pedagog-

ical integration becomes considerably stronger when AI legitimacy is perceived to be high, 

highlighting the role of normative acceptance in translating perceived benefits into in-

structional practice. 

Figures 2 and 3 present the interaction effects and simple-slope relationships associ-

ated with regulatory clarity and AI legitimacy, respectively, thereby providing a more 

intuitive interpretation of the moderating mechanisms. 

 

Figure 2. Interaction effect of Regulatory Clarity on the relationship between Perceived AI Com-

plexity and Perceived Autonomy Risk. 

 

Figure 3. Interaction effect of AI Legitimacy on the relationship between Perceived Pedagogical 

Value and Pedagogical Integration of AAI. 
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4.3.5. Multi-Group Analysis Results 

To evaluate the robustness and generalisability of the proposed framework across 

different respondent groups, measurement invariance and multi-group analyses (MGA) 

were conducted using the MICOM (Measurement Invariance of Composite Models) pro-

cedure and Bootstrap MGA in SmartPLS. Two theoretically relevant subgroup compari-

sons were examined: (1) Global North versus Global South educators and (2) respondents 

with low versus high prior generative AI experience. 

The MICOM procedure established compositional invariance across virtually all con-

structs in both comparisons. For the Global North and Global South groups, original cor-

relations ranged from 0.981 to 1.000, with non-significant permutation p-values, thereby 

satisfying the requirements for compositional invariance. Equality of means and variances 

was also supported, indicating full measurement invariance across geographic contexts. 

These findings suggest that respondents from different regional and institutional environ-

ments interpreted the focal constructs in comparable ways. 

Similarly, for the generative AI experience comparison, compositional invariance 

was achieved for nearly all constructs, with correlations ranging from 0.923 to 1.000. Alt-

hough Perceived Autonomy Risk exhibited a significant permutation result (p = 0.013), 

equality of means and variances remained supported. Accordingly, partial measurement 

invariance was established, which remains sufficient for conducting meaningful multi-

group comparisons within the PLS-SEM framework. 

Subsequent Bootstrap MGA revealed no statistically significant differences across 

any structural paths for either comparison group, with all two-tailed p-values exceeding 

the 0.05 threshold. These findings indicate that the proposed dual-pathway mechanism 

linking institutional capability, perceived complexity, pedagogical value, autonomy risk, 

and pedagogical integration operates consistently across both geographic contexts and 

varying levels of prior generative AI experience.Table 6 below shows the MGA results.  

Table 6. MGA Results for Gen AI Experience and Geographic Context. 

Comparison Structural Path Difference 
1-Tailed 

p-Value 

2-Tailed 

p-Value 

Global North (n = 203) vs. 

Global South (n = 135) 
    

 AI Legitimacy → Pedagogical Integration of AAI −0.094 0.913 0.174 
 Institutional AI Capability → Perc. Autonomy Risk 0.113 0.133 0.266 
 Institutional AI Capability → Perc. Pedagogical Value −0.015 0.592 0.816 
 Perc. Autonomy Risk → Pedagogical Integration of AAI 0.117 0.115 0.230 
 Perc. Pedagogical Value → Perc. Autonomy Risk −0.109 0.827 0.347 
 Perc. Pedagogical Value → Pedagogical Integration of AAI 0.063 0.257 0.514 
 Perceived AI Complexity → Perc. Autonomy Risk −0.021 0.587 0.827 
 Perceived AI Complexity → Perc. Pedagogical Value −0.008 0.544 0.911 
 Reg. Clarity → Perc. Autonomy Risk −0.006 0.529 0.942 

Gen AI Experience (Low = 

118; High = 220) 
    

 AI Legitimacy → Pedagogical Integration of AAI −0.072 0.814 0.371 
 Institutional AI Capability → Perc. Autonomy Risk −0.067 0.750 0.500 
 Institutional AI Capability → Perc. Pedagogical Value −0.048 0.749 0.501 
 Perc. Autonomy Risk → Pedagogical Integration of AAI −0.039 0.653 0.695 
 Perc. Pedagogical Value → Perc. Autonomy Risk 0.158 0.088 0.175 
 Perc. Pedagogical Value → Pedagogical Integration of AAI 0.001 0.491 0.983 
 Perceived AI Complexity → Perc. Autonomy Risk 0.074 0.231 0.463 
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 Perceived AI Complexity → Perc. Pedagogical Value 0.023 0.381 0.763 
 Reg. Clarity → Perc. Autonomy Risk −0.016 0.571 0.859 

Overall, these results strengthen the external validity and robustness of the proposed 

framework by demonstrating that the underlying value–risk evaluation process remains 

structurally stable across diverse educational, cultural, and experiential settings. The con-

sistency of the findings across Global North and Global South contexts further suggests 

that the pedagogical integration of AAI may be governed by common evaluative mecha-

nisms despite differences in institutional environments and technological maturity. 

4.3.6. Endogeneity Assessment 

To assess potential endogeneity, the Gaussian copula procedure proposed by Hult et 

al. (2018) was employed. This approach enables the detection of unobserved confounding 

by examining whether the inclusion of copula terms materially alters the estimated struc-

tural relationships. 

The results indicate limited evidence of endogeneity within the proposed model. The 

copula terms associated with Institutional AI Capability → Perceived Autonomy Risk (β 

= −0.006, p = 0.962), Institutional AI Capability → Perceived Pedagogical Value (β = 0.082, 

p = 0.370), Perceived AI Complexity → Perceived Autonomy Risk (β = 0.244, p = 0.090), 

Perceived AI Complexity → Perceived Pedagogical Value (β = −0.201, p = 0.291), Perceived 

Pedagogical Value → Perceived Autonomy Risk (β = 0.057, p = 0.559), and Perceived Au-

tonomy Risk → Pedagogical Integration of AAI (β = −0.192, p = 0.299) were all statistically 

non-significant. These findings suggest that unobserved confounding is unlikely to mate-

rially affect the majority of the hypothesised relationships. 

However, one notable exception concerns the relationship between Perceived Peda-

gogical Value and Pedagogical Integration of AAI. Although the Gaussian copula term 

for this relationship was statistically significant (GC β = 0.249, p = 0.001), indicating the 

possibility of residual endogeneity, the copula-adjusted structural coefficient decreased 

from the original estimate (β = 0.405) to β = 0.153 and was no longer statistically significant 

(p = 0.120). This finding suggests that the relationship between perceived pedagogical 

value and pedagogical integration may be more sensitive to unobserved influences than 

the remaining structural paths. Accordingly, this association should be interpreted with 

caution, and future longitudinal or experimental research is needed to examine its causal 

stability more conclusively. 

Overall, the Gaussian copula analysis supports the robustness of the proposed frame-

work, as most structural relationships remained unaffected after accounting for potential 

endogeneity (Hult et al., 2018). Nevertheless, the direct relationship between Perceived 

Pedagogical Value and Pedagogical Integration appears comparatively less robust, indi-

cating that this specific association may be influenced by unobserved factors. While the 

broader dual-pathway framework remains supported, this relationship should be inter-

preted with greater caution until validated through longitudinal or experimental research 

designs. Table 7 below shows the endogeneity assessment results.  

Table 7. Endogeneity Assessment using the Gaussian Copula approach. 

Paths Path Coeff.  T-Stats p Values 

Institutional AI Capability -> Perc. Autonomy Risk −0.241 1.731 0.083 

Institutional AI Capability -> Perc. Pedagogical Value 0.527 4.883 0 

Perc. Autonomy Risk -> Pedagogical Integration of AAI −0.229 1.205 0.228 

Perc. Pedagogical Value -> Perc. Autonomy Risk −0.509 4.49 0 

Perc. Pedagogical Value -> Pedagogical Integration of AAI 0.153 1.556 0.12 

Perceived AI Complexity -> Perc. Autonomy Risk 0.003 0.02 0.984 
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Perceived AI Complexity -> Perc. Pedagogical Value −0.197 1.04 0.298 

GC (Institutional AI Capability) -> Perc. Autonomy Risk −0.006 0.048 0.962 

GC (Institutional AI Capability) -> Perc. Pedagogical Value 0.082 0.896 0.37 

GC (Perceived AI Complexity) -> Perc. Autonomy Risk 0.244 1.696 0.09 

GC (Perceived AI Complexity) -> Perc. Pedagogical Value −0.201 1.055 0.291 

GC (Perc. Pedagogical Value) -> Perc. Autonomy Risk 0.057 0.585 0.559 

GC (Perc. Pedagogical Value) -> Pedagogical Integration of AAI 0.249 3.209 0.001 

GC (Perc. Autonomy Risk) -> Pedagogical Integration of AAI −0.192 1.038 0.299 

Although most copula-adjusted coefficients remained broadly consistent with the 

original estimates, the relationship between Perceived Pedagogical Value and Pedagogi-

cal Integration showed a noticeable reduction in magnitude and was no longer statistically 

significant after adjustment. Consequently, this path should be interpreted with greater 

caution than the remaining structural relationships. Overall, the evidence suggests that 

endogeneity concerns are limited and do not substantially undermine the explanatory ro-

bustness of the proposed model. Nonetheless, future research employing longitudinal de-

signs, experimental approaches, or objective behavioural measures would further 

strengthen causal inference and reduce the possibility of unobserved confounding in stud-

ies of agentic AI integration. 

5. Discussion 

This study advances the discourse on agentic AAI by shifting the analytical focus 

from adoption and continuance towards pedagogical integration—the depth, consistency, 

and instructional embedding of delegation-capable systems in teaching practice—concep-

tualised as a dynamic value–risk trade-off process (Feng et al., 2025). In an environment 

of ambient AI availability, the empirically meaningful variation no longer lies in whether 

educators continue to use AI but in how they integrate it into instructional decision-mak-

ing (Cukurova, 2026; Silalahi et al., 2026). Unlike ECM-IS and other continuance-centred 

models that typically treat value and risk as independent determinants, the findings sug-

gest that these dimensions are cognitively interconnected, with perceived pedagogical 

value being associated with lower autonomy-related risk perceptions (W. Li, 2025). This 

perspective positions pedagogical integration as a process-oriented phenomenon rather 

than a static outcome, offering a more comprehensive understanding of how educators 

evaluate and adapt to autonomy-enabled systems. 

Central to the findings is the identification of a dual-pathway mechanism that cap-

tures the simultaneous evaluation of enabling and constraining forces. The results suggest 

that educators do not assess AAI systems solely on the basis of functional benefits but also 

consider the implications of delegating instructional responsibilities. This dual evaluation 

reflects a broader cognitive balancing process in which pedagogical benefits are weighed 

against concerns related to autonomy, accountability, and uncertainty. By conceptualising 

AAI use as a delegation-based evaluation problem, the study extends prior research on 

assistive technologies and highlights the distinctive considerations introduced by systems 

capable of autonomous, multi-step execution (Shulner-Tal et al., 2025; Pikhart & Al-

Obaydi, 2025). 

A key insight emerging from this study is the role of institutional AI capability as 

both an enabler and a source of stability within this evaluative process. Institutional sup-

port, in the form of infrastructure, training, and governance mechanisms, is positively as-

sociated with perceptions of pedagogical value and negatively associated with autonomy-

related concerns. This pattern suggests that institutional environments shape not only the 

availability of technological resources but also how educators interpret and manage issues 

associated with instructional delegation (Erdmann & Toro-Dupouy, 2025). In this regard, 
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the findings align with institutional theory by indicating that organisational support may 

function as a cognitive reference point through which educators interpret both the oppor-

tunities and uncertainties associated with agentic technologies. 

In contrast, perceived AI complexity emerges as an important constraining factor 

within the proposed framework. When educators perceive AAI systems as cognitively 

demanding or difficult to manage, their ability to recognise and enact pedagogical af-

fordances may be reduced, while uncertainty and perceived risk may become more sali-

ent. This finding aligns with research on system opacity and unpredictability, which sug-

gests that difficulties in understanding autonomous processes correspond to lower confi-

dence in technology-enabled delegation (Cetinkaya & Krämer, 2026). Importantly, the in-

fluence of complexity appears to operate through evaluative mechanisms rather than 

through direct behavioural effects, indicating that complexity primarily affects pedagogi-

cal integration by shaping how educators perceive value and risk. 

One of the notable contributions of this study is the identification of a cross-pathway 

relationship between perceived pedagogical value and perceived autonomy risk. The 

findings indicate that higher perceptions of pedagogical value are associated with lower 

levels of autonomy-related concern, suggesting that educators who recognise stronger in-

structional benefits may be more inclined to view system autonomy as a manageable ped-

agogical feature rather than solely as a source of uncertainty (Singh & Paiva, 2025). Rather 

than implying a deterministic process, this relationship points to the possibility that pos-

itive instructional evaluations correspond to more favourable interpretations of autono-

mous capabilities. Such a mechanism offers a dynamic perspective on technology evalua-

tion in which perceptions of benefits and concerns are cognitively intertwined. 

At the same time, it is important to acknowledge that alternative explanations remain 

plausible. Although the present framework adopts a theory-driven ordering in which 

pedagogical value precedes autonomy-risk assessments, the reverse relationship may also 

exist, whereby higher perceptions of risk influence educators’ evaluations of pedagogical 

value. The cross-sectional design does not permit empirical verification of temporal or-

dering, and future longitudinal or experimental studies should compare competing causal 

structures to examine how value and risk perceptions co-evolve over time in relation to 

agentic AI use. 

Building upon this perspective, the serial mediation results further support the no-

tion of a layered evaluation process. Rather than being associated with isolated factors, 

pedagogical integration appears to correspond to a sequence of cognitive assessments in 

which institutional and system-level conditions are linked to perceptions of pedagogical 

value, which are subsequently associated with autonomy-related concerns and instruc-

tional integration. This suggests that engagement with autonomous systems may repre-

sent an evolving process shaped by prior evaluations and contextual influences rather 

than a single adoption decision. 

An important clarification concerns the nature of the risk construct examined in this 

study. The analysis focuses specifically on perceived autonomy risk, reflecting educators’ 

subjective concerns regarding issues such as instructional control, accountability, privacy, 

and the implications of delegating tasks to autonomous systems. The study does not 

measure objective privacy breaches, actual execution errors, or verifiable accountability 

failures. Consequently, the findings should be interpreted as capturing educators’ percep-

tions and interpretations of potential risks rather than demonstrating the existence or 

magnitude of such outcomes. Future research incorporating behavioural, institutional, or 

system-level data could further examine the relationship between perceived and objec-

tively observable forms of autonomy-related risk. 

The role of contextual boundary conditions further refines the proposed mechanism 

by situating it within broader institutional and normative environments. Regulatory clar-
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ity is associated with a weaker relationship between perceived complexity and autonomy-

related concerns, suggesting that formal guidance and governance structures may help 

educators interpret and manage the implications of autonomous instructional systems 

(Colonna, 2026). Similarly, AI legitimacy corresponds to a stronger association between 

perceived pedagogical value and pedagogical integration by reinforcing the social and 

professional acceptability of agentic technologies (Şen et al., 2026). These findings indicate 

that educators’ evaluations of AAI are embedded within broader governance frameworks 

and normative expectations, highlighting the importance of contextual alignment in sup-

porting pedagogical integration. 

Finally, the consistency of the dual-pathway mechanism across different levels of AI 

experience and geographic contexts provides evidence regarding the robustness of the 

proposed framework. The absence of significant structural differences between Global 

North and Global South samples suggests that the underlying value–risk evaluation pro-

cess may operate similarly across diverse institutional environments (Silalahi et al., 2026). 

Nevertheless, this observation should be interpreted cautiously given the purposive sam-

pling strategy and uneven subgroup sizes. While contextual differences may influence the 

strength or manifestation of specific relationships, the overall pattern of findings aligns 

with the proposition that educators across regions engage in comparable cognitive evalu-

ations when considering the pedagogical integration of AAI. 

Overall, the findings position the value–risk trade-off as a mechanism-oriented 

framework for understanding pedagogical integration of AAI, offering an alternative per-

spective to traditional adoption models that pay limited attention to autonomy and dele-

gation dynamics. By integrating affordance theory, institutional theory, and automation 

risk perspectives, the study provides a process-oriented explanation of how educators 

navigate the opportunities and concerns associated with autonomy-enabled systems. Ra-

ther than depicting pedagogical integration as a simple consequence of perceived useful-

ness or satisfaction, the framework emphasises the interplay among value perceptions, 

autonomy-related concerns, and contextual influences, thereby offering a theoretically 

grounded lens for examining the evolving role of agentic AI in higher education. 

6. Implications 

6.1. Implications for Theory 

Building on the empirical findings and the proposed dual-pathway framework, this 

study offers several theoretical contributions that advance the understanding of AAI in 

higher education. Specifically, the implications extend beyond traditional adoption mod-

els by introducing a process-oriented and contextually embedded perspective on peda-

gogical integration of AAI. The key theoretical contributions are structured as follows: 

6.1.1. From Continuance to Integration: A Delegation-Based Value–Risk Trade-Off 

This study contributes to a growing strand of research that moves beyond adoption- 

and continuance-centred models toward an account of how AI becomes embedded in in-

structional practice. In an environment of ambient AI availability, the meaningful variance 

no longer lies in whether educators use AAI but in how deeply and reliably they integrate 

it into teaching, assessment, and workflow delegation (Cukurova, 2026; Saleem, 2026). 

Theorising pedagogical integration explicitly as a delegation-based value–risk trade-off, 

this study extends ECM-IS (Bhattacherjee, 2001) by reconceptualising the outcome varia-

ble and supplementing the unidimensional satisfaction–continuance pathway with a 

dual-pathway mechanism in which value perceptions are associated with autonomy-re-

lated risk evaluations. Whereas ECM-IS explains continuance of assistive technologies 

through expectation confirmation, the proposed framework provides a process-oriented 
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explanation of integration depth in delegation-capable systems through a contextually 

embedded value–risk mechanism (Feng et al., 2025). This shift offers a more behaviourally 

realistic account of how educators navigate autonomy-enabled systems and positions in-

tegration as a process grounded in delegation and control rather than a static outcome. 

6.1.2. Extending Post-Adoption Theory to Delegation-Capable AI 

The study further contributes to post-adoption literature by extending rather than 

replacing traditional continuance perspectives such as ECM-IS. Conventional post-adop-

tion models explain sustained technology use primarily through expectation confirma-

tion, perceived usefulness, and satisfaction (Bhattacherjee, 2001). However, the findings 

of this study suggest that pedagogical integration of delegation-capable AI systems in-

volves simultaneous evaluations of instructional value and autonomy-related concerns. 

In this sense, pedagogical integration represents a deeper form of post-adoption engage-

ment characterised by routinised instructional embedding, workflow delegation, and in-

stitutional normalisation. The proposed framework therefore broadens existing continu-

ance perspectives by accommodating the distinctive affordances and constraints associ-

ated with autonomous educational technologies, thereby providing a more suitable theo-

retical lens for understanding agentic AI in higher education contexts. 

6.1.3. Advancing a Dual-Pathway Process Mechanism 

Secondly, the study develops and provides empirical support for a dual-pathway 

mechanism with cross-path dependency, extending existing technology evaluation frame-

works from static predictors to process-based explanations of sustained engagement. The 

findings are consistent with the proposition that perceived pedagogical value is associated 

with lower autonomy-related concerns, suggesting that educators who recognise stronger 

instructional benefits may interpret system autonomy as a manageable pedagogical fea-

ture rather than solely as a source of uncertainty (W. Li, 2025). Although the temporal 

ordering adopted in this study is theoretically motivated rather than empirically estab-

lished, the proposed structure offers a process-oriented explanation of how enabling and 

constraining forces may jointly shape pedagogical integration. 

6.1.4. Embedding Agentic AI Evaluation in Institutional Contexts 

Thirdly, by integrating institutional capability, regulatory clarity, and AI legitimacy, 

the study situates AAI evaluation within broader organisational and normative contexts. 

Institutional AI capability enables value realisation while simultaneously mitigating au-

tonomy-related risk, whereas regulatory clarity and AI legitimacy shape how these eval-

uations translate into sustained engagement (Erdmann & Toro-Dupouy, 2025; Colonna, 

2026). This contribution extends institutional theory by demonstrating that technology 

evaluation is co-determined by structural support and social endorsement. 

6.1.5. Extending Affordance Theory Through Cross-Pathway Effects 

The study further extends affordance theory by demonstrating that affordance reali-

sation is not solely determined by user–technology interaction but is conditioned by insti-

tutional capability and mediated through risk evaluation. While traditional affordance 

perspectives emphasise perceived action possibilities, the findings show that these possi-

bilities remain latent without adequate infrastructural, policy, and training support. 

Moreover, identifying a cross-pathway relationship between perceived pedagogical value 

and perceived autonomy risk offers a significant theoretical insight, suggesting that value 

perceptions may shape how educators interpret system autonomy and associated uncer-

tainties (Singh & Paiva, 2025). 
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6.1.6. Reconceptualising Risk in Agentic Educational Technologies 

The study also contributes by conceptualising autonomy risk as a perceived evalua-

tive construct rather than an objective indicator of technical failures, privacy breaches, or 

accountability violations. This distinction is theoretically important because educators’ 

behavioural responses are likely to depend primarily on their interpretations of delegated 

autonomy rather than on the actual occurrence of adverse events. Consequently, future 

theoretical models of educational AI may benefit from explicitly differentiating perceived 

autonomy risk from objective system risk and examining how these two forms of risk 

interact and evolve over time. Such distinctions may offer richer explanations of pedagog-

ical integration in increasingly autonomous educational environments. 

6.1.7. Demonstrating Cross-Context Robustness of the Value–Risk Mechanism 

Lastly, the demonstration of multi-group invariance across Global North and Global 

South contexts provides preliminary evidence regarding the contextual robustness of the 

proposed framework. Despite contextual differences in effect strength, the absence of 

structural variation indicates that the underlying value–risk mechanism operates in a 

broadly consistent manner across diverse institutional environments (Silalahi et al., 2026). 

Rather than implying universal generalisability, these findings suggest that the proposed 

framework possesses relevance across varied educational contexts while acknowledging 

the limitations associated with purposive online recruitment and differences in institu-

tional resources, governance structures, and technological ecosystems. 

6.2. Implications for Practice 

The findings hold substantial practical significance for university leaders, policymak-

ers, and educational technology developers seeking to promote responsible and pedagog-

ically meaningful integration of agentic AI in higher education. 

6.2.1. For University Leaders: Strengthening Institutional AI Capability as a  

Strategic Priority 

Given that institutional AI capability demonstrated the largest effect on perceived 

pedagogical value (f2 = 0.964), universities should regard AI capability development as a 

strategic pedagogical investment rather than a purely technological initiative. Effective 

integration requires structured onboarding processes aligned with delegation require-

ments, targeted faculty training, clear governance policies, and robust technical support 

systems. Such investments not only enhance perceived instructional value but are also 

associated with lower autonomy-related concerns, thereby generating cumulative institu-

tional benefits (Erdmann & Toro-Dupouy, 2025). Establishing cross-functional AI units 

that integrate pedagogy, technology, ethics, and governance can further support coherent 

implementation. Embedding AI capability within long-term institutional strategies, rather 

than relying on ad hoc initiatives, may contribute to more sustainable pedagogical inte-

gration. 

6.2.2. Reframing Faculty Development Around AI Delegation Competencies 

The findings suggest that educators evaluate AAI not merely as content-generation 

tools but as systems capable of instructional delegation and autonomous task execution. 

Consequently, faculty development initiatives should move beyond basic prompt-engi-

neering workshops and focus on delegation competencies, including workflow design, 

human oversight, accountability mechanisms, and ethical monitoring of autonomous in-

structional processes. Such training may help educators translate perceived pedagogical 

value into deeper instructional integration while reducing autonomy-related concerns. 
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Developing educator competencies around collaborative human–AI workflows may 

therefore become an essential component of future academic development programmes. 

6.2.3. For Educational Technology Developers: Reducing Complexity as a Barrier to 

Sustained Engagement 

Perceived complexity constitutes a significant constraint on pedagogical integration. 

Developers of educational technologies should prioritise intuitive interfaces that facilitate 

task specification, workflow management, and educator oversight. Institutions may like-

wise adopt phased implementation approaches that begin with low-complexity use cases, 

allowing educators to develop accurate mental models before engaging with more auton-

omous applications. This approach addresses cognitive opacity as an important source of 

perceived risk (Cetinkaya & Krämer, 2026). Adaptive onboarding systems, contextual 

prompts, explainable AI functionalities, and continuous user-feedback mechanisms may 

further reduce cognitive burden and improve usability. 

6.2.4. Designing Human-in-the-Loop Governance and Risk Communication Strategies 

Educators’ concerns regarding errors, data privacy, and the potential loss of instruc-

tional control reflect legitimate uncertainties associated with autonomous systems. Insti-

tutions should therefore establish transparent protocols for data governance, error man-

agement, and accountability. Importantly, human-in-the-loop governance models that 

preserve educator oversight over assessment, feedback generation, and high-stakes in-

structional decisions should remain central to implementation strategies. The findings in-

dicate that perceived autonomy risk remains a significant barrier to pedagogical integra-

tion, suggesting that transparent oversight arrangements may help educators interpret AI 

autonomy as a manageable pedagogical feature rather than a threat to professional au-

thority (Pikhart & Al-Obaydi, 2025). Collaborative development of governance frame-

works with faculty members may further strengthen trust and sustained engagement. 

6.2.5. For Policymakers: Leveraging Regulatory Clarity and AI Legitimacy 

Regulatory clarity and the legitimacy of AAI serve as important contextual enablers 

of pedagogical integration. Well-defined governance frameworks reduce uncertainty and 

transform compliance requirements into facilitators of responsible innovation. Policymak-

ers should therefore develop educational AI guidelines that explicitly address instruc-

tional delegation, educator accountability, ethical oversight, and student data protection 

(Colonna, 2026). Educational accreditation systems may also incorporate AI governance 

principles and digital pedagogy competencies to support institution-wide adoption. Con-

currently, universities can strengthen AI legitimacy by formally recognising AI-enabled 

teaching innovations, incentivising responsible experimentation, and embedding AI liter-

acy within professional development initiatives. Alignment between institutional prac-

tices and broader regulatory frameworks may further enhance trust and acceptance. 

6.2.6. Tailoring Strategies for Resource-Diverse Educational Contexts 

Although the structural relationships identified in this study operate consistently 

across Global North and Global South settings, institutional resources, governance struc-

tures, and technological ecosystems may differ considerably across contexts. The findings 

therefore suggest that locally adapted governance frameworks, contextual faculty training 

programmes, and incremental implementation strategies may be particularly important 

for supporting pedagogical integration in resource-diverse educational environments (Is-

lam et al., 2026). Strengthening institutional resilience through collaborative partnerships, 

targeted investments, and context-sensitive capacity-building initiatives may contribute 

to more equitable and sustainable AI integration across higher education systems. 
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7. Limitations and Future Research 

Despite its contributions, this study is subject to several limitations that provide av-

enues for future research. First, the cross-sectional design constrains causal inference and 

does not permit empirical verification of the temporal ordering proposed in the dual-path-

way framework. Although the hypothesised relationships are grounded in affordance the-

ory, institutional theory, and automation risk perspectives, alternative explanations re-

main plausible. In particular, perceptions of autonomy-related risk may also influence ed-

ucators’ evaluations of pedagogical value rather than following the sequencing proposed 

in the present model. Future longitudinal, panel, and experimental studies are needed to 

examine how value and risk perceptions co-evolve over time and to compare competing 

causal structures underlying the pedagogical integration of agentic AI (Hair & Alamer, 

2022). Certain disciplinary and regional subgroups, including Business educators (n = 14) 

and respondents from the MENA region (n = 6), were relatively small and should there-

fore be interpreted with caution. Future research should seek broader representation 

across underrepresented educational and geographic contexts. 

Second, the purposive online sampling strategy may have introduced self-selection 

bias by attracting educators who are more digitally confident, interested in artificial intel-

ligence, or predisposed towards experimenting with emerging educational technologies. 

Although this approach ensured meaningful exposure to delegation-capable AI systems, 

the findings should be interpreted as reflecting informed evaluations among educators 

with validated AAI experience rather than the broader higher education population. Fu-

ture studies could employ probability-based sampling approaches and investigate insti-

tutions characterised by different levels of digital maturity and AI readiness to strengthen 

the external validity and contextual applicability of the findings (Podsakoff et al., 2024). 

Third, while the sample encompassed respondents from diverse Global North and 

Global South contexts, certain regional and disciplinary subgroups remained relatively 

small, particularly those from the MENA region and business education. Consequently, 

subgroup-specific interpretations should be treated with caution, and broader contextual 

generalisations remain tentative. Future research should pursue more balanced cross-cul-

tural and disciplinary samples to examine how institutional environments, governance 

arrangements, and professional norms influence the pedagogical integration of agentic AI 

across heterogeneous educational settings (DiMaggio & Powell, 1983). 

Fourth, the study relied exclusively on self-reported perceptions of pedagogical 

value, autonomy-related risk, and pedagogical integration. Accordingly, the findings cap-

ture educators’ subjective evaluations rather than directly observed instructional practices 

or objectively measured educational outcomes. Moreover, the study examines perceived 

autonomy risk, including concerns regarding accountability, privacy, and instructional 

control, rather than actual occurrences of execution failures, data breaches, or governance 

violations. Future research should incorporate classroom observations, learning analytics, 

digital trace data, institutional usage records, and student performance indicators to in-

vestigate the relationship between perceived and objective manifestations of pedagogical 

integration within agentic AI environments (Parasuraman & Riley, 1997). 

Finally, the present study adopts an educator-centred perspective and therefore does 

not incorporate the views of students, institutional leaders, instructional designers, or ed-

ucational technology developers. The pedagogical integration of agentic AI is inherently 

a multi-actor and institutionally embedded process involving interactions among diverse 

stakeholders operating within broader systems of governance, legitimacy, and profes-

sional norms. Future studies should therefore employ multi-level and multi-stakeholder 

designs to investigate how different actors collectively shape perceptions of pedagogical 

value, autonomy-related risk, legitimacy, and instructional delegation. Such efforts would 
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contribute to a more holistic understanding of how agentic AI becomes embedded within 

contemporary higher education ecosystems (Suchman, 1995). 
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Appendix A. Survey Instrument, Screening Protocol, and  

Measurement Items 

Appendix A.1. Participant Information and Consent 

You are invited to participate in a research study examining educators’ perceptions 

and pedagogical integration of agentic artificial intelligence (AAI) systems in higher edu-

cation teaching. Agentic AI refers to artificial intelligence systems capable of autono-

mously executing multi-step tasks with limited real-time human supervision. 

Your participation is voluntary, and all responses will remain anonymous and con-

fidential. The data collected will be used solely for academic research purposes. There are 

no right or wrong answers; we are interested in your genuine perceptions and experiences 

regarding AI-enabled teaching systems. 

By proceeding with this survey, you indicate your informed consent to participate in 

the study. 

For the purpose of this study: 

Agentic artificial intelligence (AAI) refers to AI systems capable of autonomously planning, 

executing, and managing multi-step tasks with minimal real-time human intervention. Unlike tra-

ditional generative AI systems that primarily respond to prompts, agentic AI systems can inde-

pendently perform delegated workflows and make operational decisions within predefined bounda-

ries. 

Appendix A.2. Conceptual Differentiation and Screening Logic 

Because users frequently confuse general artificial intelligence (AI), generative AI 

(GenAI), and agentic artificial intelligence (AAI) systems, a structured conceptual differ-

entiation protocol was incorporated prior to construct measurement. The objective was to 

ensure that respondents possessed at least a minimal validated understanding and expo-
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sure to agentic AI systems characterised by autonomous multi-step task execution and 

delegated workflow capability. 

The screening procedure consisted of four sequential stages: (1) awareness validation; 

(2) conceptual differentiation; (3) usage-status classification; and (4) behavioural verifica-

tion. Respondents were required to distinguish autonomous agentic AI systems from 

prompt-based generative AI tools prior to inclusion in the final sample. 

Section A. Awareness and Conceptual Understanding 

Q1. Before today, have you heard the term “agentic AI”? 

• Yes, I understand what it is 

• Heard the term, unsure of meaning 

• No, this is new to me 

Q2. Approximately how many agentic AI tools or systems have you heard of? 

• 0 

• 1–2 

• 3–4 

• 5–6 

• More than 6 

Q3. Which statement best describes agentic AI? 

• AI that works independently after setup to complete multi-step tasks 

• AI that mainly generates content from prompts 

• Not sure 

Q4. What best describes your current usage status of agentic AI? 

• I currently use agentic AI 

• I tried it but stopped using it 

• I have never used agentic AI 

Section B. Behavioural Verification Items (Current/Prior Users Only) 

Please indicate which of the following activities you have personally performed us-

ing agentic AI systems. 

Item Yes No 

Delegated a multi-step workflow to AI □ □ 

Allowed AI to autonomously execute instructional tasks after setup □ □ 

Used AI systems that independently completed teaching-related processes □ □ 

Used AI systems capable of autonomous sequencing of decisions or actions □ □ 

Responses were aggregated to generate a behavioural verification count ranging 

from 0 to 4, which was used during sample validation and screening. 

Respondents failing conceptual differentiation checks or demonstrating inconsisten-

cies between reported awareness and verified behavioural exposure were excluded dur-

ing data screening to minimise construct contamination between generative AI and agen-

tic AI systems. 

Appendix A.3. Demographic and Professional Profile 

Section C. Respondent Profile 

Q5. What is your country of residence? 

(Open-ended) 

Q6. Geographic region (Auto-coded) 

• North America 

• Europe 
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• East/Southeast Asia 

• South Asia 

• Sub-Saharan Africa 

• Latin America 

• Oceania 

• Middle East and North Africa (MENA) 

Q7. Global classification (Auto-coded) 

• Global North 

• Global South 

Q8. Gender 

• Male 

• Female 

• Non-binary 

• Prefer not to say 

Q9. Institution type 

• Public/Government-funded 

• Private 

• International 

Q10. Primary teaching discipline 

• Humanities & Arts 

• Social Sciences 

• Natural Sciences 

• Engineering & Technology 

• Health Sciences 

• Business & Management 

• Education 

• Other 

Q11. How many years have you been teaching in higher education? 

• Less than 2 years 

• 2–5 years 

• 6–10 years 

• 11–20 years 

• More than 20 years 

Q12. How would you rate your overall comfort with technology? 

1 = Very uncomfortable 

2 = Uncomfortable 

3 = Neutral 

4 = Comfortable 

5 = Very comfortable 

Q13. Do you currently use regular generative AI tools (e.g., ChatGPT, Claude) in 

teaching? 

• Yes, regularly 

• Yes, occasionally 

• No, but I have tried them 

• No, never used them 
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Q14. Internet quality at your institution 

• Consistently reliable 

• Mostly reliable with occasional issues 

• Frequently unreliable 

• Very limited 

Q15. Primary device used for teaching 

• University-provided computer/system 

• Personal computer/laptop 

• Tablet 

• Primarily smartphone 

Appendix A.4. Core Measurement Scales Used in the Final Structural Model 

Only constructs retained in the final structural model are presented as core measurement 

scales below. Each construct is accompanied by a brief operational definition and a note indicating 

its theoretical anchors and the literature from which the items were adapted, in alignment with the 

theoretical scaffolding developed in §2 of the main manuscript. 

Response Format 

All construct items were operationalised using Likert-type scales. Following instru-

ment refinement and pilot validation, the final constructs retained in the structural model 

were measured using seven-point Likert scales ranging from: 

1 = Strongly Disagree 

2 = Disagree 

3 = Somewhat Disagree 

4 = Neutral 

5 = Somewhat Agree 

6 = Agree 

7 = Strongly Agree 

Institutional AI Capability (IAC) 

Operational definition: The extent to which the educator’s institution provides infra-

structure, training, governance, and policy support sufficient to enable effective engage-

ment with agentic AI systems. 

Adapted from Erdmann and Toro-Dupouy (2025) and Denford et al. (2025); grounded in 

institutional theory (DiMaggio & Powell, 1983; Scott, 2013). 

Code Measurement Item 

IAC1 My institution has IT staff who could support AI implementation 

IAC2 Clear policies exist about using AI in teaching at my institution 

IAC3 Training on AI tools is available to me 

IAC4 Reliable infrastructure is available for AI tools to function effectively 

Perceived AI Complexity (PAIC) 

Operational definition: The cognitive and operational demands the educator faces 

when configuring, supervising, and managing agentic AI systems for instructional tasks. 

Adapted from Cetinkaya and Krämer (2026) and Xing and Jiang (2025); grounded in af-

fordance theory (Gibson, 1977) and the multi-faceted perceived-risk perspective on system opacity 

(Featherman & Pavlou, 2003). 
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Code Measurement Item 

PAIC1 Setting up agentic AI to work on my behalf would be straightforward [R] 

PAIC2 I would find it easy to explain what I want the AI to do [R] 

PAIC3 Learning to use agentic AI would take too much effort 

PAIC4 Managing an AI that acts independently would be confusing 

Perceived Pedagogical Value (PPV) 

Operational definition: The educator’s reflective judgement that agentic AI tangibly 

improves teaching effectiveness, instructional quality, student interaction, and workload 

efficiency—the cognitive endpoint of affordance enactment. 

Adapted from Feng et al. (2025) and Xu et al. (2025); grounded in affordance theory (Gibson, 

1977) and the post-acceptance reassessment construct in ECM-IS (Bhattacherjee, 2001). 

Code Measurement Item 

PPV1 Agentic AI would save me significant time compared to doing tasks manually 

PPV2 Agentic AI would help me accomplish teaching tasks I currently struggle with 

PPV3 Using agentic AI would improve the quality of my teaching 

PPV4 Agentic AI would give me more time to focus on student interaction 

Perceived Autonomy Risk (PAR) 

Operational definition: The educator’s apprehension that delegating instructional 

tasks to a semi-autonomous system may produce execution errors, compromise student 

data, erode instructional authority, or attract professional scrutiny. 

Adapted from Pikhart and Al-Obaydi (2025) and Park (2026); grounded in the multi-faceted 

perceived-risk perspective (Featherman & Pavlou, 2003) and the human–automation literature on 

autonomy, control, and accountability (Parasuraman & Riley, 1997; Kellogg et al., 2020). 

Code Measurement Item 

PAR1 I feel uncertain about trusting agentic AI to handle teaching tasks without constant supervision 

PAR2 I worry about AI making mistakes when acting independently 

PAR3 I am concerned about student data privacy with agentic AI 

PAR4 I fear losing control over my teaching if I rely on agentic AI 

Regulatory Clarity (RC) 

Operational definition: The educator’s perception of well-defined, accessible policy 

frameworks governing agentic AI use in education at the institutional and national levels. 

Adapted from Colonna (2026); contextualised against the institutional governance literature 

on AI in higher education. 

Code Measurement Item 

RC1 Clear regulations exist about AI use in education in my country 

RC2 I understand the legal implications of using agentic AI with student data 

RC3 My government provides guidelines on educational AI use 

AI Legitimacy (AIL) 

Operational definition: The extent to which the educator perceives agentic AI use in 

teaching as socially endorsed, professionally appropriate, and normatively accepted 

within their institutional and disciplinary context. 

Adapted from Şen et al. (2026) and Zagami (2026); grounded in legitimacy theory (Suchman, 

1995) within the institutional-theory tradition. 
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Code Measurement Item 

AIL1 Using agentic AI for teaching is professionally acceptable in my context 

AIL2 Delegating teaching tasks to AI aligns with teaching norms in my institution 

AIL3 Educational innovation involving AI is valued in my institution 

Pedagogical Integration of AAI 

Operational definition: The extent to which educators consistently embed agentic AI 

within teaching, assessment, feedback generation, and broader instructional workflows 

as a routinised and pedagogically meaningful component of professional practice. The 

construct captures the depth, consistency, and institutionalisation of AI-supported in-

structional activities rather than simple intentions for continued use. 

Adapted from Limayem et al. (2007) and contextualised for pedagogical integration of agentic 

AI in higher education. Although some indicators reflect routinised engagement, the construct ex-

tends beyond traditional continuance perspectives by emphasising instructional embedding and 

habitual pedagogical use. 

Code Measurement Item 

PIAI1 I intend to continue using agentic AI regularly in my teaching activities 

PIAI2 Agentic AI has become integrated into my teaching workflow 

PIAI3 I rely on agentic AI for multiple instructional activities 

PIAI4 Agentic AI is becoming essential to my teaching practices 

Appendix A.5. Behavioural Usage Profiling and Validation Questions 

The following items were used to validate respondent exposure to agentic AI systems and to 

profile patterns of continuance engagement, autonomy delegation, and instructional integration. 

BU1. How frequently do you currently use agentic AI in your teaching? 

• Daily 

• 3–5 times per week 

• 1–2 times per week 

• 2–3 times per month 

• Monthly or less 

BU2. Approximately how many teaching-related tasks do you currently perform 

using agentic AI? 

• 1 

• 2 

• 3 

• 4 

• 5 

• 6 or more 

BU3. For the task you use agentic AI MOST for, how much independence do you 

give the AI? 

• Suggestions only 

• Takes actions but I approve each one 

• Works independently and I review afterward 

BU4. How essential is agentic AI to your current teaching activities? 

1 = Not essential at all 

2 = Slightly essential 

3 = Moderately essential 

4 = Essential 
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5 = Extremely essential 

BU5. How do you primarily access agentic AI tools? 

• Personal paid subscription 

• Institutional subscription 

• Free tier/trial access 

• Open-source tools 

These items were used for behavioural profiling and were not included as reflective 

indicators in the final PLS-SEM model. 

Appendix A.6. Intention to Use (Non-Users Only) 

Please indicate your level of agreement with the following statements. 

Code Measurement Item 

IU1 I intend to use agentic AI in my teaching within the next 6 months 

IU2 I plan to explore agentic AI tools for at least one teaching task 

IU3 I would recommend colleagues experiment with agentic AI systems 

Appendix A.7. Notes on Instrument Development and Validation 

• All constructs were adapted from prior literature and contextualised for agentic arti-

ficial intelligence in higher education, with theoretical anchoring in IS continuance 

theory (Bhattacherjee, 2001; Limayem et al., 2007), affordance theory (Gibson, 1977), 

the multi-faceted perceived-risk perspective (Featherman & Pavlou, 2003), and insti-

tutional theory (DiMaggio & Powell, 1983; Scott, 2013), as detailed in Section 2 of the 

main manuscript. 

• Items were explicitly framed around autonomous, multi-step AI systems to avoid 

conceptual overlap with conventional generative AI technologies. 

• Items marked [R] were reverse-coded prior to analysis. 

• The questionnaire underwent expert review followed by pilot testing with 30 re-

spondents prior to final deployment. 

• Screening and behavioural verification items were included to ensure conceptual dif-

ferentiation between generative AI familiarity and validated exposure to agentic AI 

systems. 

• Only respondents demonstrating minimum conceptual understanding of agentic AI 

were retained for final analysis. 

• The final validated sample used in the study consisted of 338 respondents after 

screening for conceptual consistency, behavioural verification, and response com-

pleteness. 
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