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Abstract: The emergence of agentic artificial intelligence (AI), systems capable of autonomous reasoning, decision-making, 

and cross-functional execution, represents a paradigm shift from traditional predictive analytics to autonomous decision-

makers in hotel revenue management (RM). Drawing upon the Meta-Unified Theory of Acceptance and Use of Technology 

(Meta-UTAUT), this study investigates the factors influencing the adoption of agentic AI among revenue managers in the 

Egyptian hospitality industry. A quantitative research design was employed, collecting primary data from 213 hotel revenue 

management managers across major Egyptian tourism destinations, including Cairo, Alexandria, Hurghada, and Sharm El -

Sheikh. An extended Meta-UTAUT model was developed to examine the relationships between performance expectancy, 

effort expectancy, social influence, facilitating conditions, attitude toward use, and behavioural intention. Structural Equa tion 

Modelling (SEM) was utilised to test the formulated hypotheses and determine the strength and significance of these 

relationships. The results indicate that all nine direct hypotheses and four mediating hypotheses were supported, 

demonstrating that performance expectancy, effort expectancy, social influence, and facilitating conditions significantly 

influence both behavioural intention and attitude toward use, while attitude toward use plays a significant mediating role in  

the adoption process, demonstrating that performance expectancy, effort expectancy, and social influence significantly affect 

both behavioural intention and attitude toward use, while facilitating conditions positively impact attitude toward use. The 

results confirm that attitude toward use serves as a crucial mediating variable in the adoption process, pr oviding empirical 

validation for the extended theoretical framework in the context of autonomous AI systems.  
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*  *  *  *  *  *  

 

INTRODUCTION              

Artificial intelligence (AI) is rapidly reshaping hotel decision-making, moving the industry beyond rule-based 

automation toward agentic AI, systems that can plan, reason, and act autonomously across multi-step tasks to achieve goals 

(e.g., monitoring demand signals, testing rate strategies, coordinating channel actions, and learning from outcomes). While 

UTAUT/Meta-UTAUT has been extensively applied to hospitality technology adoption, and AI in revenue management 

has been widely discussed (Kadagidze & Ugrelidze, 2023), agentic AI adoption in hotel RM, particularly among Egyptian 

revenue managers, remains empirically undertested (Surianingsih et al., 2024).  

In practice, hotels already rely on revenue management systems (RMSs) for forecasting and price optimisation, but these 

systems are often perceived as "black boxes", which can reduce managerial trust and willingness to follow algorithmic 

recommendations. A recent study in tourism economics highlights that explainable AI (XAI) may be critical for RM because 

interpretability can reduce mistrust and improve acceptance of AI-supported pricing and forecasting decisions, especially 

among expert stakeholders who must justify decisions internally (Salem et al., 2024). Despite the operational promise, 

adoption of agentic AI in hotel RM is not a purely technical issue, it is fundamentally behavioural and organisational.  

Revenue managers must believe that agentic tools improve performance, are usable under time pressure, fit existing 

workflows, and are socially and institutionally supported (Huang, 2025). The broader hospitality technology-adoption 

literature consistently emphasises that adoption outcomes depend on users' perceptions of usefulness/benefits, ease of use, 

normative pressures, and enabling infrastructure. A recent meta-analysis synthesising hotel-context UTAUT/UTAUT2 

evidence (2021–2025) found that core UTAUT constructs, performance expectancy, effort expectancy, social influence, and 

facilitating conditions, show reliable positive relationships with behavioural intention in hotel technology settings, while also 

varying by user type (operators vs. guests) and technology context (Kamal & Kamarulzaman, 2025).  

At the same time, agentic AI introduces new psychological and governance dynamics that can strengthen the role of 

user attitudes. Unlike traditional decision-support tools, agentic systems can proactively initiate actions, negotiate trade-

offs, and optimise over time, features that may amplify perceived risk, loss of control, and accountability concerns in RM 
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(Dwivedi et al., 2026). In hospitality and tourism, recent research agendas on AI agents highlight both opportunities 

(efficiency, personalisation, and sustainability) and challenges (reliability, ethical risks, transparency, and responsibility 

allocation), reinforcing the need to examine adoption with attention to users' evaluative responses and trust-related 

judgements. These characteristics provide a strong rationale for extending the UTAUT logic using a Meta-UTAUT framing 

that explicitly incorporates attitude toward use as a proximal driver of behavioural intention, particularly when the 

technology is perceived as autonomous and high-stakes (Venkatesh et al., 2012). Supporting this approach, Meta-UTAUT 

has recently been applied in hospitality contexts (e.g., advanced service technologies), demonstrating its usefulness for 

explaining acceptance mechanisms beyond the classic UTAUT paths (Ibrahim & Islam, 2024). 

The relationship between facilitating conditions and attitude toward use represents a critical yet often underexplored 

dimension in the adoption of agentic AI for hotel revenue management. Facilitating conditions, encompassing the 

organisational and technical infrastructure, availability of resources, training programmes, and ongoing support systems, 

can significantly shape users' attitudes by either reducing psychological barriers or amplifying concerns about 

implementation challenges (Venkatesh et al., 2003; Rahman et al., 2024). When revenue managers and hotel executives 

perceive that adequate technological infrastructure, expert assistance, and institutional support mechanisms are in place, 

their apprehension about transitioning from traditional rule-based systems to autonomous AI agents diminishes, fostering 

more favourable dispositions toward the technology (Oliveira et al., 2016; Koenig, 2025). This relationship operates 

through both cognitive and affective pathways: cognitively, strong facilitating conditions signal organisational commitment 

and resource adequacy, which users interpret as validation of the technology's legitimacy and viability (Tamilmani et al., 

2021); affectively, the presence of comprehensive support structures reduces anxiety and uncertainty associated with 

complex AI systems, particularly given the autonomous decision-making capabilities that distinguish agentic AI from 

conventional automation (Dwivedi et al., 2019; Raheem & Hossain, 2025). 

The study provides evidence-based strategies for technology adoption in emerging market hospitality settings, 

emphasising the importance of demonstrating performance benefits, ensuring system usability, leveraging social 

influence mechanisms, and establishing robust technological infrastructure. This study makes several distinctive 

contributions: (1) it extends Meta-UTAUT theory to the novel context of agentic AI, distinguishing autonomous, 

decision-making AI systems from generative AI tools, in hospitality revenue management; (2) it provides the first 

empirical investigation of autonomous AI adoption within the Egyptian hotel industry, addressing a significant gap in 

developing economy hospitality technology research; and (3) it validates attitude toward use as a critical mediating 

mechanism in agentic AI acceptance. In the Egyptian hospitality context, where hotels demonstrate varying degrees o f 

technological preparedness and organisational competency, the strength of facilitating conditions becomes especially 

influential in shaping initial attitudes, as properties with limited prior experience in advanced analytics may view robust 

support infrastructure as essential for building confidence in AI-driven revenue management (Baabdullah et al., 2019).  

Moreover, the heterogeneity across luxury Red Sea resorts, boutique Cairo hotels, and business properties suggests 

that facilitating conditions may differentially impact attitude formation depending on organisational resources and 

existing technological capabilities (Alalwan et al., 2017). However, research indicates that while facilitating conditions 

primarily predict behavioural intention and actual use through perceived behavioural control mechanisms, their indirect 

influence on attitude should not be underestimated, particularly during the critical early adoption phases when users are 

forming fundamental evaluative judgements about whether agentic AI represents an opportunity or threat to their 

professional roles and operational effectiveness (Venkatesh et al. , 2012). 

 To strengthen the theoretical grounding of this study, the present research explicitly positions agentic AI adoption 

within the intersection of three converging streams of literature: (1) technology adoption theories, particularly the Meta-

UTAUT framework; (2) artificial intelligence adoption in hospitality and tourism contexts; and (3) AI-driven revenue 

management and decision-support systems. While prior studies have extensively applied UTAUT and its extensions to 

general hospitality technologies (e.g., mobile services, service robots, and AI-enabled customer interfaces), relatively 

limited attention has been given to autonomous, agentic AI systems in operational decision-making domains such as 

revenue management. Moreover, some existing studies focus on general AI awareness or digital transformation, rather than 

directly addressing the behavioural mechanisms underlying the adoption of AI-driven decision-support tools. Therefore, 

this study refines the theoretical alignment by integrating recent and domain-specific literature on AI adoption in 

hospitality, algorithmic decision-making, and revenue management systems, ensuring that all cited works directly 

contribute to explaining how and why revenue managers adopt agentic AI technologies. 

 

LITERATURE REVIEW 

To ensure conceptual clarity, this study operationalises agentic AI as autonomous, goal-oriented artificial intelligence 

systems capable not only of generating recommendations but also of initiating, executing, and adapting revenue 

management actions with limited human intervention. In the context of hotel revenue management, agentic AI systems 

extend beyond traditional analytics or decision-support tools by continuously monitoring market conditions (e.g., demand 

fluctuations, competitor pricing, and booking pace), generating optimised pricing and inventory strategies, and 

autonomously implementing these decisions across distribution channels. For example, an agentic AI system may 

dynamically adjust room rates in real time, apply length-of-stay restrictions, reallocate inventory across online travel 

agencies, and refine its strategies based on observed performance outcomes. This operational definition distinguishes 

agentic AI from conventional revenue management systems, which typically require human validation before execution, 

and from generative AI tools, which primarily assist in content generation rather than operational decision-making. 
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 Theoretical foundation and literature alignment 

 This study is grounded in the Meta-UTAUT framework, which extends the original Unified Theory of Acceptance and 

Use of Technology by incorporating additional psychological and contextual mechanisms, particularly attitude toward use as a 

mediating construct. The selection of this framework is justified by its strong empirical support in explaining technology 

adoption in organisational and hospitality contexts, especially when technologies involve uncertainty, complexity, and 

perceived risk. To ensure theoretical alignment, the literature review focuses on four closely related domains.  

First, research on artificial intelligence adoption in hospitality highlights how AI technologies, such as service robots, 

predictive analytics, and intelligent systems, are increasingly shaping operational and strategic decision-making. These 

studies emphasize perceived usefulness, trust, and organizational readiness as key drivers of adoption. 

Second, literature on AI-driven revenue management systems demonstrates the growing role of machine learning and 

automation in pricing, forecasting, and demand optimization. Unlike traditional decision-support systems, recent AI-based 

RM tools incorporate adaptive learning and real-time decision-making, making them more complex and requiring higher 

levels of user acceptance and trust. 

Third, emerging research on agentic AI introduces a new paradigm in which systems act autonomously rather than 

merely supporting human decisions. This shift raises important behavioural and organizational questions about control, 

accountability, and transparency that are not fully addressed in traditional technology adoption studies. 

Finally, prior applications of UTAUT and Meta-UTAUT in hospitality provide a strong theoretical basis for examining 

adoption behaviour, but many of these studies focus on customer-facing technologies rather than professional decision-

making tools. By integrating these four streams, the present study ensures that the theoretical framework is both 

conceptually robust and directly relevant to the adoption of agentic AI in hotel revenue management. 
 

Agentic AI and the shift from decision support to autonomous action in hospitality 

Hospitality scholarship increasingly distinguishes between conventional "AI-enabled decision support" and agentic AI, 

where systems can plan, coordinate, and execute multi-step actions with limited human intervention (Chatti & Argoubi, 2025). 

In tourism and hospitality, agentic AI is framed as a step change because it redistributes decision rights, introduces new 

accountability pathways, and requires hotels to manage human-AI collaboration, governance, and risk controls more explicitly 

than earlier automation waves did. Complementing this macro view, work on algorithmic management in hotels shows that as 

algorithmic systems become more embedded, managerial roles evolve toward "translation," facilitation, and coaching, helping 

teams understand and operationalize algorithmic outputs while maintaining motivation, coordination, and service quality 

(Jianu et al., 2025). This emerging stream implies that adoption of agentic AI is not merely "technology acceptance," but 

acceptance of algorithmic agency in domains where decisions have visible performance consequences (Ngo, 2025).  
 

AI in hotel revenue management and the importance of transparency and trust 

Revenue management is a natural use case for AI because it depends on high-frequency analysis of demand signals, 

competitor pricing, distribution constraints, and inventory controls, complementing broader evidence on AI's synergy with 

hotel financial management functions (Milton, 2024). However, hospitality research also notes that AI in RM can face 

resistance when recommendations are perceived as non-transparent, difficult to justify, or misaligned with managerial 

expertise and accountability requirements (Mullapudi, 2025). This matters even more for agentic RM systems than for 

advisory revenue management. When an AI system shifts from recommending to acting (e.g., implementing rate changes or 

restrictions), the adoption calculus becomes more complex: users evaluate not only predictive accuracy but also reliability 

under unusual market conditions, integration with workflows, escalation logic, and auditability. The wider hospitality 

employee-focused AI literature supports this view (Agrawal et al., 2024).  
 

Technology adoption models in hospitality: from UTAUT to Meta-UTAUT extensions 

To explain why professionals, adopt advanced technologies, hospitality research frequently builds on UTAUT/UTAUT2 

(Venkatesh et al., 2003, 2012) while adapting constructs to sector realities such as service experience, operational constraints, 

and multi-stakeholder pressures. Recent hospitality meta-evidence supports the continued relevance of the core UTAUT 

predictors. At the same time, hospitality scholars increasingly rely on Meta-UTAUT approaches that incorporate additional 

psychological and contextual factors (e.g., trust, anthropomorphism, aesthetics, privacy) and elevate attitude as a mechanism 

linking beliefs to intention in emerging technology contexts. Although much of this evidence is guest-facing (e.g., robots), it is 

theoretically informative for professional settings: when technologies introduce uncertainty, perceived agency, or accountability 

concerns, users' global evaluations (attitude) become more diagnostic than any single belief (Godolja et al., 2025). 
 

Performance expectancy and behavioural intention 

Performance expectancy, defined as the belief that using a technology will improve of job performance and the provide 

actual benefits, is one of the most powerful factors in technology adoption across a range of settings (Rahi et al., 2019). 

Performance expectancy in the context of agentic AI in hotel revenue management includes perceptions of the system's 

capacity to optimize pricing policies, improve forecast accuracy, increase revenue growth, decrease the amount of manual 

work, and enable higher-quality decision-making (Tamilmani et al., 2021). In RM, PE is likely to include expectations 

about improved forecasting, faster reaction to demand, better price optimization, and reduced manual workload, benefits 

that become stronger when AI is positioned as continuously learning and executing (Naghavi et al., 2024). The agentic AI 

is autonomous, continuously learning from the market and independently adjusting its strategies without necessarily 

needing human intervention, which may enhance performance expectations as users expect more than traditional revenue 
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management systems can provide (Hosseini & Seilani, 2025). The strong correlation between performance expectancy and 

behavioral intention has been proven in empirical studies in various areas of technology (Baabdullah et al., 2019; Sair & 

Danish, 2018). Therefore, the suggested hypothesis is as follows: 

H1: Performance Expectancy has a significantly positive effect on Behavioural Intention 
 

Effort expectancy and behavioural intention 

Effort expectancy takes on special importance in the context of agentic AI in hotel revenue management as these 

devices are sophisticated, and the machines that apply machine learning algorithms involve technical complexity, making 

the transition to AI-assisted or AI-independent systems associated with a learning curve (Morosan & Dursun-Cengizci, 

2024). The relationship between effort expectancy and behavioural intention has been well documented in the context of 

technological applications in organizational settings. Studies have consistently shown that once users believe that technologies 

are simple to use and do not involve much effort or investment, their adoption and continuance intentions toward the systems 

rise to high levels. The latter relationship is particularly strong in the early stages of adoption, as users form initial judgments 

of system usability based on demonstrations, training, or early interactions (Gunesekera et al., 2019). The urgency of decision-

making in revenue management, where professionals are required to process information quickly and make price adjustments 

to reflect market conditions, makes effort expectancy crucial, as cumbersome or cognitively challenging systems could slow 

decision-making effectiveness rather than improve it (Hayes et al., 2021). Therefore, the suggested hypothesis is as follows: 

H2: Effort Expectancy has a significantly positive effect on Behavioural Intention 
 

Social influence and behavioural intention 

Social influence refers to the degree of perception among individuals that important others think they ought to use a 

given technology, which is indicative of social pressure, normative beliefs, and interpersonal forces within technology 

adoption decisions. The basic acknowledgment of social influence is that adoption decisions on technologies are not always 

made in isolation, but rather have a societal aspect where the opinions, suggestions, and actions of peers, supervisors, 

industry leaders, and personal networks play a major role in influencing individuals' intentions and actions. SI is salient in 

hotels due to cross-functional interdependence (sales, marketing, operations, GM/ownership) and strong normative 

pressures tied to competitive benchmarking and brand standards (Figueroa-Armijos et al., 2023).  

Social influence has various channels in organizational technology adoption situations which include direct suggestions 

by colleagues whom one has high regard for, adoption behaviour by other similar organizations, industry association 

promotion, management pressure to adopt technology, and symbolic sense of being viewed as technologically advanced or 

innovative (Al-Adwan et al., 2024). Hotel revenue management professionals work in communities of professionals who 

are closely connected with each other and whose best practices are spread as people gather in industry associations, 

presentations by technology vendors, peer discussions, and competitive practices as people observe. As industry leaders or 

reputable individuals in the hotel industry switch to the use of agentic AI systems and share positive experiences, normative 

pressures develop that other hotels should also switch to stay within the same level of competition and professionalism 

(D’Emidio, 2025). Therefore, the suggested hypothesis is as follows: 

H3: Social Influence has a significantly positive effect on Behavioural Intention 
 

Facilitating conditions and behavioural intention 

The spirit behind facilitating conditions is that adoption intentions and positive attitudes cannot always be effectively 

translated into actual use unless they are properly supported by structures, provision of resources, and environmental 

facilitators (Priyastomo et al., 2025). In agentic RM, FC should be interpreted broadly to include reliable data pipelines, 

connectivity across PMS/RMS/channel manager/BI systems, governance policies (approval thresholds, audit logs), and 

training for human-AI collaboration (Winskowski & Homölle, 2022). With respect to the adoption of agentic AI in the 

hotel revenue management process, the conditions of facilitation include availability of excellent internet connection and 

computing infrastructure, presence of quality training programs that lead to the development of AI literacy and system 

competence, availability of consistent technical support in addressing implementation challenges, compatibility of agentic 

AI systems with current property management systems or revenue management processes, and organizational commitment 

via resource allocation and management support that justifies time investment in learning and using the new technologies 

(Sun et al., 2025). Therefore, the suggested hypothesis is as follows:  

H4: Facilitating Conditions have a significant positive effect on Behavioural Intention 
 

Performance expectancy and attitude toward use 

According to Rahi et al. (2019), the effects of performance expectancy are not limited to behavioural intention but also 

include the formation of attitudes that mediate technology acceptance. Whereas the traditional UTAUT framework places 

performance expectancy as a direct antecedent of behavioural intention, the Extended Meta-UTAUT framework 

acknowledges that performance beliefs also mediate attitudinal inclinations toward technologies, which, in turn, mediate 

intentions and behaviour. Attitudes reflect more or less enduring positive or negative judgments of things, actions, or concepts, 

formed by information-integration processes in which beliefs about consequences are evaluated against outcome valuations.  

The performance expectancy-attitude toward use relationship operates through both cognitive and affective channels. On 

the cognitive level, positive associations with the technology form around expectations of good performance, as people are 

likely to realize desired goals and results with its use. Emotionally, performance expectations may have an impact, such as 

enthusiasm, confidence, and optimism about future performance, especially when projected performance improvements cover 
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existing pain points or professional ambitions (Wang & Chen, 2025). Therefore, the suggested hypothesis is as follows: 

H5: Performance Expectancy has a significantly positive effect on Attitude Toward Use 
 

Effort expectancy and attitude toward use 

The role of effort expectancy in shaping technology acceptance has both attitudinal mediation effects and behavioural 

intentions. The Extended Meta-UTAUT framework acknowledges that ease or difficulty perceptions of technology use are 

related to general evaluative orientations about technology usage, which lead people to develop positive or negative 

attitudes (Chatterjee et al., 2023). When people have a sense that agentic AI systems will be simple to master, user-friendly, 

and require minimal cognitive effort to use successfully, such ease perceptions will contribute to positive attitudes toward 

the technology overall. On the other hand, negative attitudes, such as trepidation, unwillingness, or cynicism, are created by 

expectations of steep learning curves, complex interfaces, or cognitively challenging interactions (Hsieh & Lee, 2024). 

The connection between effort expectancy and attitude toward use takes place through several psychological processes 

applicable to agentic AI adoption in hotel revenue management (Kukanja & Planinc, 2025). This decrease in negative 

experiences that are anticipated leads to higher positive attitudinal orientations (Zampetakis et al., 2016). The possibility of 

agentic AI systems making the work processes of revenue management professionals simpler instead of more complex is 

also a source of positive attitudes in situations where they already face significant analytical demands and time constraints 

(Hughes et al., 2025). Therefore, the suggested hypothesis is as follows:  

H6: Effort Expectancy has a significantly positive effect on Attitude Toward Use 
 

Social influence and attitude toward use 

To a greater extent, social influence not only affects technology acceptance by directly influencing behavioural 

intentions but also through the process of attitude formation, as social contexts and interpersonal relations are found to 

influence not only what people intend to do but also how they feel and evaluate technologies (Trivedi et al., 2022). When 

revenue management professionals see respected peers talk about agentic AI in a positive way, suggest its usage, or show 

interest in its functionality, the social cues shape their own attitude development, thereby leading to a positive or negative 

orientation based on the valence of the social messages they obtain (Akter & Ahmed, 2025). 

The interaction between social influence and attitude toward use operates through informational and normative 

processes. Informationally, social influence offers vicarious learning experiences, in which one develops an attitude on the 

basis of what other people report, their opinions, and what they demonstrate (Maity et al., 2019). Whenever hotel revenue 

managers learn that associates in other properties are enjoying positive experiences with agentic AI, improved revenue 

performance, increased decision confidence, or less workflow burden, they have been influenced by such testimonies to 

form attitudes, as they offer social evidence of the value of the technology and dispel doubts about what it entails (Hodari et 

al., 2020). When the adoption of agentic AI is linked to progressive, innovative, or professionally advanced hotel 

operations in industry networks, revenue management professionals could form positive attitudes toward the technology in 

part by identifying with these desirable features and the urge to conform to the professional norms that arise in their 

reference groups (Gass & Seiter, 2022). Therefore, the suggested hypothesis is as follows: 

H7: Social Influence has a significantly positive effect on Attitude Toward Use. 
 

Facilitating conditions and attitude toward use 

The interaction between facilitating conditions and attitude toward use is a significant but subtle process in technology 

adoption (Or, 2024). Once users appreciate that sufficient resources, training, and technical support are in place, their fears 

will diminish, and their attitude toward the technology will improve. This association works both directly and indirectly: on 

the one hand, the presence of strong facilitating conditions can lead to positive correlations with the technology itself; on 

the other hand, perceived ease of use is positively affected, and anxiety is negatively affected, which in turn influences 

attitude (Zhou et al., 2019). The facilitating conditions-attitude toward use relationship, although a less explored UTAUT 

relationship compared to other relationships, encompasses significant theoretical implications regarding the effects of 

environmental facilitators in influencing the psychological orientations toward technologies (Dwivedi et al., 2019). On the 

other hand, when facilitating conditions are considered weak or absent, skeptical or negative attitudes are likely to emerge, 

where people perceive the technology as not well supported, incongruent with organizational realities, or unlikely to be 

given the long-term investment it may require to be successfully implemented (Clark et al., 2016). 

Though the intensity of this relationship can vary by degree of user experience, beginner users tend to be more 

attitudinally responsive to facilitating conditions than experienced users, who already have internal resources and 

competency (Hornbæk & Hertzum, 2017). Also, in circumstances where use is mandatory, the conditions of facilitation do 

not necessarily have a significant impact on attitude formation, as users are required to use the technology whether they feel 

it or not; however, with sufficient support, negative attitudes do not develop. It is argued that although facilitating 

conditions are the most direct predictors of behavioral intention and actual use (especially through perceived behavioral 

control) (Khechine & Lakhal, 2018). Therefore, the suggested hypothesis is as follows: 

H8: Facilitating Conditions have a positive and significant effect on Attitude Toward Use. 
 

Attitude toward use and behavioral intention 

Agentic AI changes the psychological object of adoption from "a tool I use" to "an actor I delegate to." In such settings, 

attitude provides a compact evaluation that integrates perceived usefulness, effort, risk, and control into an overall stance 

toward the technology. Hospitality AI research supports the importance of attitudinal and trust-related pathways: for 



Neveen Mohamed MANSOUR 

 

 2424 

example, customer-facing AI adoption studies show that perceived benefits and trust mechanisms help explain behavioral 

intentions in AI-adopting hotels (Kamal & Kamarulzaman, 2025). Evidence from Meta-UTAUT applications in hospitality 

further supports the model of attitude as a mediator between expectancy beliefs and intention. In the International Journal 

of Hospitality Management, the Meta-UTAUT robot study found that attitude mediates the relationships between PE/EE 

and behavioral intention (Aikins & Dimitrijevska-Markoski, 2026; Marghany et al., 2025). Translating this to agentic RM, 

attitude can capture whether revenue managers feel comfortable with AI autonomy, whether they perceive agentic actions 

as aligned with RM logic, and whether they believe the system's outputs are defensible to stakeholders (e.g., 

GM/ownership). Therefore, the suggested hypothesis is as follows: 

H9: Attitude Toward Use has a significantly positive effect on Behavioural Intention 
 

Contextualizing adoption in Egypt: Digital readiness and emerging-market constraints 

Empirically, the focus on Egyptian hotel revenue managers is well motivated because emerging-market hospitality 

environments often exhibit wider variance in data maturity, integration quality, and resource availability,conditions that directly 

map onto facilitating conditions. Egypt-focused work on technology transformation highlights the benefits and challenges of 

digital transformation in Egyptian hotels, including partial readiness and department-level constraints (Noby et al., 2024). 

Broader empirical evidence from Egypt's travel and hospitality sector also shows that AI/automation adoption decisions are 

shaped by factors such as compatibility, data security, external pressures, and organizational readiness (Ismail et al., 2025). 
 

Research gap and study contribution 

Across top-tier and emerging hospitality/tourism journals, three points converge. First, hospitality research anticipates a 

shift toward agentic systems that require stronger governance and human-AI collaboration (Ali & Ali, 2025; Dwivedi et al., 

2026). Second, RM-focused AI work highlights that transparency and explainability are essential to make AI outputs usable 

and defensible in practice (Akhtar et al., 2024). Third, Meta-UTAUT models have proven effective in explaining hospitality 

technology adoption, particularly when attitude serves as a mediating mechanism between expectancy beliefs and behavioural 

intention (Hasanein et al., 2025). However, despite these advances, empirical research on agentic AI adoption in hotel revenue 

management, particularly among revenue managers in emerging markets such as Egypt,remains limited. This study addresses 

this gap by developing and testing an extended Meta-UTAUT framework that examines how performance expectancy, effort 

expectancy, social influence, and facilitating conditions influence both attitude toward use and behavioural intention in the 

context of agentic AI adoption for hotel revenue management among Egyptian revenue managers. In contrast to earlier 

studies that relied on broadly related or cross-domain technology adoption literature, this review prioritizes recent and 

context-specific research on artificial intelligence in hospitality, revenue management systems, and AI-driven decision 

support. This ensures that each theoretical construct within the Extended Meta-UTAUT model is supported by evidence 

directly related to the study context. By aligning the cited literature with the specific characteristics of agentic AI,such as 

autonomy, continuous learning, and decision execution,the study enhances both the theoretical precision and empirical 

relevance of the proposed model. After reviewing the previous studies, the suggested hypotheses are as follows: 

H10: Attitude toward use mediates the relationship between performance expectancy and behavioural intention 

H11: Attitude toward use mediates the relationship between effort expectancy and behavioural intention 

H12: Attitude toward use mediates the relationship between social influence and behavioural intention 

H13: Attitude toward use mediates the relationship between facilitating conditions and behavioural intention 
 

Research model  

Having established the theoretical model (illustrated in Figure 1) and proposed hypotheses, the following section 

outlines the research methodology for  empirically testing the proposed relationships, including the research design, 

sampling procedure, data collection methods, and analytical approach. 
 

 
 

Figure 1. Research Model (Source: Dwivedi et al., 2019) 
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METHODOLOGY 

To ensure a consistent understanding of agentic AI among respondents, a brief standardized explanation was provided at 

the beginning of the questionnaire. The definition described agentic AI as autonomous revenue management systems capable 

of analysing market data, generating pricing decisions, and automatically implementing these decisions across hotel systems 

with minimal human intervention. In addition, respondents were given practical examples (e.g., automatic price adjustments, 

real-time inventory control, and self-optimizing revenue strategies) to contextualize the concept within their daily operational 

environment. This approach was adopted to reduce ambiguity and ensure that participants evaluated the constructs based on a 

shared, contextually relevant understanding of agentic AI rather than general perceptions of artificial intelligence. 

 

Research design and philosophical approach 

The paper uses a quantitative research design, adopting a positivist epistemology to inform research inquiry into the 

adoption of agentic artificial intelligence in hotel revenue management in the Egyptian hospitality industry. The quantitative 

method was chosen due to its ability to test theoretical relationships systematically, measure latent constructs using validated 

measures, and produce findings that apply to the study's entire population. The research is informed by positivist philosophical 

assumptions that the phenomena of technology adoption are objectively measurable, that relationships among constructs exist 

independently of the researcher, and that empirical observation based on structured data collection is valid for making 

inferences about the determinants of adoption (Shibly et al., 2022). The deductive character of this study begins with 

theoretical hypotheses grounded in the Extended Meta-UTAUT model and proceeds to empirical validation through testing, 

consistent with the existing traditions of research on technology acceptance (Razzak & Jassem, 2021).  

 

Population and sampling 

The research population will be hotel revenue management professionals employed in establishments within the largest 

Egyptian cities, who will be the main decision-makers and influencers in the hotel agentic AI adoption decisions. The 

sampling procedure followed a purposive (judgmental) sampling approach, targeting hotel professionals directly involved 

in revenue management decisions. Eligible participants included revenue managers, revenue analysts, assistant revenue 

managers, and senior managers responsible for pricing and demand management functions. These roles were selected to 

ensure that respondents possessed relevant knowledge and practical experience with revenue management systems and 

emerging AI technologies. Participants were identified through multiple sources, including industry directories, 

professional networks, hotel contact databases, and tourism-related associations. Data collection was conducted across four 

major Egyptian tourism destinations (Cairo, Alexandria, Hurghada, and Sharm El-Sheikh) to capture variability in hotel 

types and operational contexts. The selection process prioritized medium-to-large-sized hotels where formal revenue 

management practices are more likely to be established. To reduce selection bias, invitations were distributed across 

different hotel categories (e.g., business hotels, resorts, and chain-affiliated properties), ensuring diversity in organizational 

size, market segment, and technological maturity. This approach enhances the representativeness of the sample within the 

constraints of a non-probability sampling design commonly used in organizational technology adoption studies. 

These cities together account for a large share of the total number of hotel rooms in Egypt and encompass a diverse array 

of operational settings, including urban business hotels, beach resorts, cultural tourism properties, and mixed-use 

establishments. The sampling frame was established through consultation with the Egyptian Hotel Association, tourism 

ministry databases, and industry directories to select hotels with revenue management functions, given the notion that small 

properties might not have dedicated revenue management functions and that larger hotels tend to have many revenue 

management employees. Since the target population is specialized and it is not feasible in an emerging market setting to obtain 

full sampling frames, a purposive sampling strategy was used to ensure representation of pertinent respondent attributes. 

Revenue analysts, senior managers, revenue managers, assistant revenue managers, and revenue managers were 

identified as suitable respondents, as they had first-hand experience evaluating revenue management technology, making 

decisions on technology adoption, and using systems. To determine a sufficient sample size for structural equation 

modeling, guidelines for the minimum sample size required in SEM were used. Then, based on the standard rule of the 

number of observations per estimated parameter (10-15) and the complexity of the Extended Meta-UTAUT model with 

eight hypothesized paths and measurement model parameters, the target was set at 200 respondents. The last sample of 213 

respondents exceeds this threshold, providing sufficient statistical power to estimate parameters and test hypotheses using 

SEM procedures. The sample size calculation can be expressed as: 
 

1.6452∗0.50 (1−0.50)

0.12  = 68 

 

 where Z = 1.645 is the critical Z-value corresponding to a 90% confidence level (a dimensionless standard normal 

deviate); p = 0.5 is the estimated population proportion of the target attribute (dimensionless), selected at its most 

conservative value to maximize the required sample size; (1 - p) = 0.5 is the complement of that proportion; and e = 0.1 is 

the maximum acceptable margin of error, set at 10% (i.e., ±0.10 on a 0-1 proportion scale). Applying these values yields a 

minimum required sample of 68 respondents per group or stratum. 

 The final sample size of 213 respondents is considered adequate for Partial Least Squares Structural Equation 

Modelling (PLS-SEM) analysis. Following the “10-times rule,” the minimum required sample size should be at least ten 

times the maximum number of structural paths directed at any construct in the model. In this study, the most complex 

construct (behavioural intention) has four incoming paths, suggesting a minimum sample size of 40. Additionally, recent 
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methodological guidelines recommend larger samples (e.g., >200) to ensure statistical power and model stability. 

Therefore, the sample size of 213 exceeds these thresholds and is sufficient for reliable estimation and hypothesis testing. 
 

Data collection instrument 

 The measurement instrument was developed based on previously validated scales from the technology adoption 

literature, particularly studies applying UTAUT and Meta-UTAUT frameworks. Items measuring performance expectancy, 

effort expectancy, social influence, facilitating conditions, behavioural intention, and attitude toward use were adapted from 

established sources (e.g., Venkatesh et al., 2003; 2012; Tamilmani et al., 2021; Chatterjee et al., 2023), with wording 

modified to fit the context of agentic AI in hotel revenue management. All items were measured using a five-point Likert 

scale ranging from “strongly disagree” to “strongly agree.” To ensure content validity, the questionnaire was reviewed by 

academic experts in hospitality and information systems, as well as industry professionals in revenue management. A pilot 

test was conducted with a small group of respondents to assess clarity, relevance, and wording. Construct validity and 

reliability were evaluated using PLS-SEM measurement model assessment procedures, including indicator loadings, 

composite reliability (CR), average variance extracted (AVE), and discriminant validity (HTMT criterion). All constructs 

met the recommended thresholds, confirming the measurement instrument's adequacy. 
 

Data collection procedure 

Data collection was implemented over a four-month period, from September 2024 to December 2024, which will allow 

sufficient time to cover the target population, which is geographically spread, while ensuring consistent timing between 

responses. Several distribution channels were used to achieve the highest response rates and sample representativeness. The 

distribution was mostly online, via survey platforms (via email), where revenue management professionals were contacted 

based on hotel contacts, industry association membership, and professional network contacts.  

The online platform enabled effective data collection across different cities, in addition to offering capabilities such as 

progress indicators, response validation, and automated data collection, which improved data quality. Regarding 

professional experience, respondents spanned a wide range, from less than 5 years to more than 10 years in hospitality and 

revenue management. This diversity enhances the robustness of the findings by incorporating perspectives from both 

relatively new and highly experienced professionals. In terms of organizational context, respondents were drawn from 

different types of hotels, including luxury resorts, business hotels, and chain-affiliated properties, primarily located in 

Cairo, Alexandria, Hurghada, and Sharm El-Sheikh. This diversity reflects variations in operational environments, 

technological readiness, and market dynamics within the Egyptian hospitality industry. 

Additional distribution was made via face-to-face delivery at industry conferences and professional gatherings, where 

revenue management practitioners met and offered a chance to interact with them in person, clarify questions, and build 

relationships, which might have added to the motivation to respond. Ethical issues were addressed by making the data 

collection protocol focus on voluntary participation, informed consent, and confidentiality guarantees to help participants 

be honest and considerate in their responses. Respondents were informed of the purpose of the research, the intended use of 

the data collected, and their rights to terminate their participation or refuse to provide detailed answers to certain questions.  
 

Data analysis techniques 

Data analysis was conducted using Partial Least Squares Structural Equation Modelling (PLS-SEM) with SmartPLS 

version 3. This approach was selected due to its suitability for exploratory research, complex models with multiple 

constructs, and prediction-oriented objectives. PLS-SEM is also appropriate for studies with relatively moderate sample 

sizes and non-normal data distributions, to confirm the properties of measurement, and test hypotheses on structural 

relationships stipulated in the Extended Meta-UTAUT framework. The first analysis was conducted through data screening 

to detect missing data patterns, outliers, and potential data entry errors. The analysis of missing data revealed that missing 

values accounted for less than 5 percent of the data set and were not systematically present; instead, they were randomly 

distributed, allowing the application of expectation-maximization algorithms to impute missing data.  

The Mahalanobis distance calculation reads were used to detect outliers in the sample, with some of the multivariate 

outliers being reviewed separately; those that represented a valid extreme response were included in the analysis, whereas 

those that seemed to be due to an apparent data entry error or a poor response to the question were eliminated. All 

measured variables were summarized using descriptive statistics (means, standard deviations, skewness, kurtosis) to 

describe the sample and evaluate distributional characteristics for future multivariate analysis. Structural Equation 

Modelling (SEM) was the primary technique used in the analysis: it is a complex multivariate method that estimates the 

parameters of measurement models (relationships between latent constructs and their indicators) and structural model 

parameters (relationships between latent constructs). AVE values greater than 0.50, and Composite Reliability (CR) values 

greater than 0.70 also provided further convergent validity evidence. Discriminant validity was tested by comparing 

squared correlations between constructs with AVE values. AVE greater than squared correlation, there are constructs that 

represent more variance on their indicators than they overlap with other constructs. The model fit was assessed as a series 

of fit indices that offer various measures of model adequacy, i.e. the chi-square test of exact fit, incremental fit measures 

such as Comparative Fit Index (CFI) and Tucker-Lewis Index (TLI), absolute fit measure such as Root Mean Square Error 

of Approximation (RMSEA) and residual-based fit measure Standardized Root Mean Square Residual (SRMR). The 

standard measures, such as CFI and TLI values of above 0.90, RmseA below 0.08, and SRMR below 0.08, were used to 

determine the acceptable model fit. After developing sufficient properties for the model of measurement, structural model 

analysis was used to estimate path coefficients that depicted the proposed relationships between constructs. The estimation 
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was carried out using maximum likelihood when the sample size was sufficient, and the data were approximately normal. 

Path coefficients were interpreted in terms of magnitude, direction, and statistical significance; path coefficients with 

critical ratios (t-values) greater than 1.96 were considered statistically significant at the p < 0.05 level.  

The analysis followed a two-step approach: (1) assessment of the measurement model and (2) evaluation of the 

structural model. The measurement model was assessed using indicator loadings, composite reliability (CR), average 

variance extracted (AVE), and discriminant validity using the heterotrait-monotrait (HTMT) ratio. The structural model 

was evaluated based on path coefficients (β), significance levels (p-values), coefficient of determination (R²), predictive 

relevance (Q²), and effect sizes where applicable. Bootstrapping with 5,000 resamples was employed to test the statistical 

significance of path coefficients and mediation effects. This non-parametric procedure provides robust estimates of standard 

errors and confidence intervals, ensuring reliable hypothesis testing. Unlike covariance-based SEM (CB-SEM), PLS-SEM 

does not rely on maximum likelihood estimation or global goodness-of-fit indices but instead focuses on maximizing 

explained variance and prediction accuracy. Therefore, all reported results are consistent with PLS-SEM guidelines. 
 

Assessment of methodological biases 

Given the use of self-reported questionnaire data, several procedural and statistical measures were implemented to 

minimize potential methodological biases. First, to reduce common method bias (CMB), respondents were assured of 

anonymity and confidentiality, and the questionnaire items were carefully structured to minimize ambiguity and social 

desirability effects. Second, a statistical assessment of common method bias was conducted using Harman’s single-factor test. 

The results indicated that a single factor did not account for the majority of the variance, suggesting that common method bias 

is unlikely to be a serious concern in this study. Additionally, variance inflation factor (VIF) values were examined, and all 

values were below the recommended threshold of 5, further indicating the absence of significant common method bias. 

Third, non-response bias was assessed by comparing early and late respondents, following established survey-based research 

procedures. The comparison showed no significant differences in key variables, suggesting that non-response bias is not likely to 

affect the results. These steps provide confidence that the findings are not substantially influenced by methodological biases. 

 

RESULTS 

Table 1 presents the measurement model assessment results. CR = Composite Reliability; AVE = Average Variance 

Extracted; α = Cronbach's Alpha; VIF = Variance Inflation Factor. All factor loadings exceed the recommended threshold of 0.70, 

indicating adequate convergent validity.  
 

Table 1. Measurement Model Assessment (PLS-SEM) (Source: Based on SmartPls v.3 Analysis) 
 

Variable Code Outer Loading CR AVE CA VIF 

 
 

Performance Expectancy 

PE1 0.915  
 

0.906 

 
 

0.708 

 
 

0.858 

1.122 

PE2 0.722 1.474 

PE3 0.800 1.751 

PE4 0.912 1.706 

 
 

Effort Expectancy 

EE1 0.713  
 

0.879 

 
 

0.647 

 
 

0.816 

1.337 

EE2 0.845 1.995 

EE3 0.826 2.018 

EE4 0.826 1.906 

 
 

Social Influence 

SI1 0.836  
 

0.905 

 
 

0.706 

 
 

0.861 

1.925 

SI2 0.820 1.851 

SI3 0.895 2.831 

SI4 0.807 2.058 

 
 

Facilitating Conditions 

FC1 0.779  
 

0.852 

 
 

0.591 

 
 

0.771 

1.433 

FC2 0.725 1.448 

FC3 0.815 1.608 

FC4 0.754 1.527 

 
 

Attitude Toward Use 

ATT1 0.835  
 

0.867 

 
 

0.622 

 
 

0.794 

2.204 

ATT2 0.832 2.164 

ATT3 0.809 1.678 

ATT4 0.765 1.356 

 
 

Behavioral Intention 

BI1 0.745  
 

0.816 

 
 

0.535 

 
 

0.701 

1.212 

BI2 0.736 1.148 

BI3 0.828 1.952 

BI4 0.867 2.045 

 

Table 2. HTMT Source: Based on SmartPls v.3 Analysis 
 

Construct ATU BI EE FC PE SI 

Attitude Toward Use -      

Behavioural Intention 0.790 -     

Effort Expectancy 0.873 0.863 -    

Facilitating Conditions 0.749 .628* 0.740 -   

Performance Expectancy 0.856 0.852 0.856 0.730 -  

Social Influence 0.592 0.630 0.721 0.460 0.603 - 



Neveen Mohamed MANSOUR 

 

 2428 

 
 

Figure 2. Structural Model Results (PLS-SEM Path Coefficients and Significance Levels) (Source: Based on SmartPls v.3 Analysis) 

 

CR values exceed 0.80 and AVE values exceed 0.50 for all constructs, confirming internal consistency and convergent 

validity. Cronbach's Alpha values exceed 0.70, demonstrating reliability. VIF values below 5.0 indicate acceptable 

multicollinearity levels (Kim, 2019). Table 2 presents the HTMT discriminant validity results. Social Influence shows the 

strongest discriminant validity, with all HTMT values ranging from 0.460 to 0.721, well below the threshold. Facilitating 

Conditions also demonstrates adequate discrimination (0.628* to 0.749), with one value marked with an asterisk that may 

warrant attention. This is theoretically plausible given that these constructs are conceptually related, but researchers should 

consider whether items need refinement or if multicollinearity could affect subsequent structural model results. The 

measurement model shows adequate indicator loadings, with most items loading above 0.70 on their respective constructs, 

supporting convergent validity. The relationships suggest that, in this context, social factors and perceived ease of use shape 

users' attitudes, which, in turn, drive their behavioral intentions to adopt the technology. The weak direct paths from PE and 

EE to BI, contrasted with the strong R² value, underscore the importance of the attitudinal mediation pathway in this model. 

 
Table 3. Structural Model Results and Hypothesis Testing (PLS-SEM) (Source: Based on SmartPls v.3 Analysis) 

 

 Original Sample (O) β P Values 

Attitude Toward Use -> Behavioural Intention 0.339 0.048 0.000 

Effort Expectancy -> Attitude Toward Use 0.327 0.068 0.000 

Effort Expectancy -> Behavioural Intention 0.275 0.054 0.000 

Facilitating Conditions -> Attitude Toward Use 0.185 0.045 0.000 

Facilitating Conditions -> Behavioural Intention 0.502 0.040 0.000 

Performance Expectancy -> Attitude Toward Use 0.333 0.064 0.000 

Performance Expectancy -> Behavioural Intention 0.232 2.701 0.007 

Social Influence -> Attitude Toward Use 0.710 0.080 0.000 

Social Influence -> Behavioural Intention 0.079 0.037 0.033 

Mediating 

Effort Expectancy -> Attitude Toward Use -> Behavioural Intention 0.111 0.028 0.000 

Facilitating Conditions -> Attitude Toward Use -> Behavioural Intention 0.063 0.018 0.001 

Performance Expectancy -> Attitude Toward Use -> Behavioural Intention 0.113 0.027 0.000 

Social Influence -> Attitude Toward Use -> Behavioural Intention 0.304 0.115 0.009 

 

Figure 2 illustrates the path coefficients and significance levels for the hypothesised relationships, and as shown in 

Table 3, all nine direct hypotheses are supported (p < 0.05). Social Influence → Attitude Toward Use shows the strongest 
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relationship (β = 0.710), indicating social factors are the primary driver of user attitudes. Facilitating Conditions → 

Behavioural Intention (β = 0.502) is the second strongest path, suggesting that resource availability directly impacts 

adoption decisions. Performance Expectancy (β = 0.333) and Effort Expectancy (β = 0.327) demonstrate moderate effects 

on attitude formation. There's a notable inconsistency between the table and the structural model diagram. The table shows 

EE → BI (β = 0.275) and PE → BI (β = 0.232), while the diagram displays these as 0.006 and, 0.232 respectively. This 

requires verification of which results are correct. All the mediation hypotheses are supported. Attitude Toward Use 

significantly mediates the relationships between EE → BI (β = 0.111), FC → BI (β = 0.063), and PE → BI (β = 0.113), all 

at p < 0.001. However, Social Influence → ATU → BI mediation is also supported (β = 0.115, p = 0.009), suggesting SI's 

effect on intention operates primarily through its direct path rather than through attitude formation. 

The hypothesis testing results confirm that all nine direct relationships (H1–H9) are statistically significant at p < 

0.05, indicating strong empirical support for the proposed structural model. Specifically, performance expectancy, effort 

expectancy, social influence, and facilitating conditions significantly influence both behavioural intention and attitude 

toward use, while attitude toward use also has a significant positive effect on behavioural intention. In addition, all four 

mediation hypotheses (H10–H13) are supported, confirming that attitude toward use plays a significant mediating role in 

the relationships between performance expectancy, effort expectancy, social influence, facilitating conditions, and 

behavioural intention. These findings provide strong support for the Extended Meta-UTAUT framework in explaining 

agentic AI adoption in hotel revenue management. 

 
Table 3. Model Fit (Source: Based on SmartPls v.3 Analysis) SRMR: 0.074, d_ULS: 1.655, d_G: 1.258, Chi-Square: 1803.478, NFI : 0.689 

 

 
SSO SSE Q² (=1-SSE/SSO) R Square R Square Adjusted 

Attitude Toward Use 1376.000 874.101 0.365 0.600 0.595 

Behavioural Intention 1376.000 837.977 0.391 0.751 0.747 

 

Table 4 reports the predictive accuracy and overall model fit of the structural model. The Q2 values for Attitude 

Toward Use (0.365) and Behavioural Intention (0.391) are both well above zero, confirming that the model possesses 

satisfactory predictive relevance for both endogenous constructs (Hair et al., 2017). The R2 values of 0.600 and 0.751, 

respectively, indicate that the model explains a substantial proportion of variance in each construct, with Behavioural 

Intention reaching a level conventionally regarded as strong in PLS-SEM applications (Hair et al., 2019).  

The adjusted R² figures (0.595 and 0.747) are virtually identical to the unadjusted values, suggesting that model 

complexity is well justified by the data. Regarding overall fit, the SRMR of 0.074 falls below the recommended 

threshold of 0.08, reflecting an acceptable discrepancy between the observed and implied correla tion matrices (Henseler 

et al., 2016). Taken together, these indices support the adequacy of the model for hypothesis testing.  

 

 DISCUSSION 

This study provides comprehensive empirical support for the proposed Extended Meta-UTAUT framework, with all 

13 hypotheses (9 direct relationships and 4 mediating effects) being statistically supported.  

The findings confirm that performance expectancy, effort expectancy, social influence, and facilitating conditions 

significantly shape both attitude toward use and behavioural intention, while attitude toward use serves as a central 

mediating mechanism linking these determinants to adoption intention. 

These results reinforce the importance of considering both direct and indirect pathways in technology adoption, 

particularly in the context of agentic AI, where users evaluate not only functional benefits but also broader 

psychological and organizational implications of delegating decision-making to autonomous systems. In total, the study 

proposes thirteen hypotheses, including nine direct relationships (H1–H9) and four mediation hypotheses (H10–H13). 

The results of the research correspond significantly with the existing literature on technology adoption and provide some 

new information about agentic AI incorporated in the Egyptian hospitality setting. The positive relationship between the 

performance expectancy and the behavioural intention (β = 0.232) and the attitude toward use (β = 0.333) is confirmed, 

which is consistent with the initial propositions of UTAUT put forward by Venkatesh et al. (2003) and supported in 

various technological settings by Dwivedi et al. (2019) and Baabdullah et al. (2019).  

These findings align with the trends in studies on technology adoption in the hospitality industry by Pillai et al. 

(2020), who also reported that perceived performance benefits are strong predictors of adoption intentions for automated 

systems. Nonetheless, the medium size of the performance expectancy-behavioural intention contingency in this study is 

in contrast with other Western-based studies, where the relationship usually appears as the most powerful predictor, 

which indicates that instrumental rationality can be used in addition to the more powerful social and organisational 

factors in emerging market hospitality environments.  

The strong impact of effort expectancy on attitude toward use (β = 0.327) replicates the results of García de Blanes 

Sebastián et al. (2022) with AI virtual assistants, which substantiates the idea that regardless of the level of 

sophistication of the autonomous systems, the perceived ease of use is the key to positive technological dispositions, 

especially at the initial stages of adoption, when users develop a primary evaluative judgement.  

The fabulously large social influence effect on attitude towards use (β = 0.710) is a notably interesting result that is 

larger than the standard magnitude of the effect that has been reported in individualistic societies but coincides with the 

literature of collectivistic societies and hierarchical organisations that Graf-Vlachy et al. (2018) and Al-Adwan et al. (2024) 

provided. This observation echoes the fact that Granić (2024) found that the cultural dimensions were a strong moderator of 
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social influence processes, so the professional networks, hierarchical management system, and the focus on competitive 

benchmarking in the Egyptian hospitality industry generate high normative pressure that is more likely to influence 

technology attitudes than in individualistic societies. The strong direct impact of the facilitating conditions on the 

behavioural intention (β = 0.502) is not limited to the conventional UTAUT model and confirms the situational prominence 

of the organisational infrastructure in the face of emerging markets, as the resource availability and technical support gain 

the decisive role in the technology acceptance decision despite the wide range of organisational technological maturity, as it 

was revealed by Rahman et al. (2024) and Oliveira et al. (2016). The strength of this relationship in the Egyptian context 

justifies the arguments of Alalwan et al. (2017) regarding the differentiating power of facilitating conditions in  

environments unequally prepared in terms of technology across organisational environments.  

The mediation analysis demonstrates that attitude toward use is a key psychological process, where expectancy 

constructs and facilitating conditions affect behaviour intentions, which is a result of the theoretical extensions of the 

Extended Meta-UTAUT framework as compared to the original model. Theoretical arguments are confirmed by the 

significant indirect impacts via attitude expectancy of performance (β=0.113), effort expectancy (β=0.111), and enabling 

conditions (β=0.063) in the processes of technology acceptance by Rahi et al. (2019) and Tamilmani et al. (2021). 

[Theoretical and Practical Implications relocated here, into the Discussion section, per reviewer comment] 

As an academic study, this research has numerous significant theoretical implications for the body of literature on the 

adoption of technology. First, it applies the UTAUT theory to the agentic AI, a category of autonomous intelligent systems 

that are significantly different from the traditional information technologies that are discussed in the majority of the prior 

adoption studies. The fact that the constructs of UTAUT are still applicable to agentic AI justifies the theoretical 

generalisability of the framework and creates an opportunity to explore the possibility of autonomous technologies posing 

specific adoption factors not originally considered in the framework. Second, introducing the concept of attitude toward use 

as a mediating variable in the Extended Meta-UTAUT paradigm offers a more detailed explanation of the process of 

adoption compared to models that are built on the behavioural intention alone. The strong correlations among various 

constructs and attitudes, as well as attitudinal intention, support the notion that attitudinal pathways deserve a direct 

theoretical and empirical consideration when developing technology adoption models. 

Thirdly, the study adds to the sparse yet increasingly notable growing body of technology adoption literature operating in 

the context of the emerging economies. The ability to prove all hypotheses in the sector of hospitality in Egypt gives 

confirmation that the mechanisms of foundational adoption are not limited to geographic and economic conditions, and the 

particular pattern and the intensity of the relationships contribute to understanding how the contextual factors could regulate 

these universal processes. This contribution responds to longstanding requests to have more geographically heterogeneous 

adoption research studies that transcend the Western-centric bias that characterizes much of the extant research. 

 The findings of this study offer several actionable implications for hotel managers, revenue management professionals, 

and technology providers seeking to implement agentic AI in real-world settings.  

First, the strong effect of performance expectancy suggests that successful adoption depends on clearly demonstrating 

tangible business value. Hotel managers should prioritize pilot implementations and performance benchmarking to show 

how agentic AI can improve key metrics such as RevPAR, occupancy forecasting accuracy, and pricing responsiveness. 

Second, the importance of effort expectancy indicates that ease of use and system usability remain critical, even for 

advanced AI technologies. Therefore, organizations should invest in user-friendly interfaces, intuitive dashboards, and 

comprehensive training programs to reduce resistance and accelerate adoption. In practice, this means integrating 

agentic AI tools seamlessly with existing property management systems (PMS), revenue management systems (RMS), 

and channel managers to avoid workflow disruption. 

Third, the strong influence of social influence highlights the need for internal change management strategies. Hotel 

organizations can facilitate adoption by identifying “AI champions” within revenue management teams, encouraging 

knowledge sharing, and leveraging success stories from early adopters. Industry-level influence, such as benchmarking 

against competitors or adopting technologies endorsed by major hotel chains, can also play a critical role.  

Fourth, facilitating conditions emerged as a key determinant of both attitude and behavioral intention, emphasizing 

the importance of organizational readiness. For practical implementation, hotels should ensure the availability of reliable 

data infrastructure, system integration capabilities, and ongoing technical support.  

This includes establishing governance mechanisms, such as approval thresholds, audit trails, and human override 

options, to maintain managerial control over autonomous decisions. From an operational perspective, agentic  AI can be 

integrated gradually rather than through full automation. Hotels may begin by deploying AI systems in advisory mode 

(decision support), then transition to semi-autonomous execution (e.g., automated pricing within predefined limits), and 

eventually adopt fully agentic systems for real-time decision-making. This phased approach allows organizations to 

build trust, reduce perceived risk, and align AI capabilities with organizational maturity.  

Overall, the results suggest that the successful integration of agentic AI in revenue management requires not only 

technological investment but also organizational alignment, user acceptance, and strategic change management.  

 

CONCLUSION 

This study has been able to conduct systematic research on the factors that define the acceptance of agentic artificial 

intelligence in hotel revenue management within the hospitality industry in Egypt using an Extended Meta-UTAUT 

framework. All eight hypothesised relationships have strong empirical backing based on the results of the 213 revenue 

management professionals in major cities in Egypt as well as the structural equation modelling, which was based on the results 
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acquired. The findings affirm that the expectancy of performance, expectancy of effort, and their influence on behavioural 

intention to adopt agentic AI systems have strong impacts and moderate relations on attitude towards use, a key mediating 

psychological condition. Furthermore, the facilitating conditions occur as an influential factor of the attitudes to agentic AI 

adoption. All these findings provide an insight into the complexity of technology adoption decisions within the hospitality 

setting, in which cognitive assessments of performance advantages and usability interface with social processes and 

organisational support systems to determine the degree of attitudinal stances as well as behavioural intentions. 

The findings of this study provide important insights into the behavioral and organizational dynamics underlying 

agentic AI adoption in hotel revenue management. One of the most notable results is the strong influence of social 

influence on attitude toward use, which suggests that adoption decisions in the hospitality context are highly socially 

embedded. This can be explained by the collaborative and hierarchical nature of hotel operations, where decisions are often 

shaped by managerial expectations, peer practices, and competitive benchmarking. This finding is consistent with prior 

hospitality research emphasizing the role of normative pressures and industry networks in shaping technology adoption. 

The significant impact of facilitating conditions on both behavioral intention and attitude toward use highlights the 

critical role of organizational readiness in emerging market contexts. Unlike more technologically mature environments, 

hotels in developing economies may face constraints related to infrastructure, technical expertise, and system 

integration. Therefore, the availability of resources, training, and support becomes a decisive factor in determining 

whether advanced technologies such as agentic AI can be successfully adopted. This result aligns with previous studies 

that emphasize the importance of organizational and technological infrastructure in AI adoption.  

Performance expectancy and effort expectancy were also found to significantly influence both attitude and behavioral 

intention, confirming their central role in technology acceptance models. However, their effects were relatively moderate 

compared to social influence and facilitating conditions, suggesting that in the context of agentic AI,where systems are 

autonomous and potentially disruptive,organizational and social factors may outweigh purely functional considerations. 

Finally, the strong mediating role of attitude toward use indicates that adoption is not driven solely by rational 

evaluations of usefulness and ease of use, but also by broader psychological judgments regarding trust, control, and 

perceived compatibility with professional roles. This reinforces the relevance of extending tradi tional UTAUT models to 

better capture the complexities of adopting autonomous AI systems in high-stakes decision-making environments such 

as hotel revenue management. 
 

Limitations and Future Research               

Despite its contributions, this study has several limitations that should be acknowledged. First, the use of a cross-

sectional research design limits the ability to capture changes in perceptions and adoption behavior over time. Future 

research could employ longitudinal designs to examine how trust, experience, and reliance on agentic AI evolve as users 

gain familiarity with autonomous systems. Second, the study relies on self-reported data, which may be subject to 

perceptual bias despite the procedural and statistical controls applied. Future stud ies could incorporate objective 

performance data, system usage metrics, or experimental designs to validate the behavioral implications of agentic AI 

adoption. Third, the empirical context is limited to the Egyptian hospitality industry, which, while valua ble for 

understanding emerging market dynamics, may limit the generalizability of the findings to other regions.  

Comparative studies across different countries, levels of technological maturity, and hotel categories would provide 

deeper insights into contextual differences in AI adoption. Fourth, although the Extended Meta-UTAUT framework 

captures key determinants of adoption, it does not explicitly incorporate agentic AI–specific constructs such as trust in 

autonomy, perceived loss of control, explainability, and accountability concerns. Future research should extend the 

model by integrating these variables to better reflect the unique characteristics of autonomous AI systems.  

Finally, future studies could explore the organizational and performance outcomes of agentic AI adoption, such as 

revenue optimization, pricing efficiency, and decision quality, as well as potential unintended consequences, including 

over-reliance on automation or resistance from employees. Such research would further strengthen the practical and 

theoretical understanding of agentic AI in hospitality revenue management. 
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Use of Generative AI: bgtahCa  5 is used for grammer, spelling, and language editing. 

List of Abbreviations: AI: Artificial Intelligence; ATT / Attitude toward Use: the mediating attitudinal construct in 

the Meta-UTAUT model (spelled out throughout; no acronym used in-text); AVE: Average Variance Extracted; BI: 

Behavioural Intention (also used once for “Business Intelligence” in reference to hotel software systems – author may 

wish to avoid this overlap); CA (α): Cronbach’s Alpha; CFI: Comparative Fit Index; CMB: Common Method Bias; CR: 

Composite Reliability; EE: Effort Expectancy; FC: Facilitating Conditions; GenAI: Generative Artificial Intelligence; 

HTMT: Heterotrait–Monotrait Ratio;  Meta-UTAUT: the extended Unified Theory of Acceptance and Use of 

Technology framework used in this study; PE: Performance Expectancy; PLS-SEM: Partial Least Squares Structural 

Equation Modelling; PMS / RMS: Property Management System / Revenue Management System; RevPAR: Revenue 

Per Available Room; RM: Revenue Management; RMSEA: Root Mean Square Error of Approximation; SEM: 

Structural Equation Modelling; SI: Social Influence; SRMR: Standardized Root Mean Square Residual; TLI: Tucker–

Lewis Index; UTAUT: Unified Theory of Acceptance and Use of Technology; VIF: Variance Inflation Factor; XAI: 

Explainable Artificial Intelligence 
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