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ABSTRACT

This study examined the impact of artificial intelligence (AI) adoption in private schools on educational service purchase intention among students and parents in Jeddah, Saudi Arabia. The research addressed a critical gap in the literature by investigating how AI integration in teaching and marketing influences purchase intention through the mediating roles of trust and perceived value, and the moderating role of cultural factors.
A quantitative, cross-sectional survey design was employed. Data were collected from 409 respondents, comprising students and parents of private schools in Jeddah, using a structured questionnaire with 31 Likert-scale items measured on a seven-point scale. The sample was derived using convenience sampling. Data analysis was conducted using the PROCESS macro by Hayes (Models 1, 4, 6, and 7) for mediation and moderation testing, supported by exploratory factor analysis and confirmatory factor analysis for instrument validation.
The results revealed that both AI adoption in teaching and AI-driven marketing had significant positive effects on perceived service quality. Trust in AI and the school mediated the relationship between AI adoption and purchase intention, as did perceived value. Cultural factors, including family values, religious orientation, and gender preferences, moderated the relationship between AI adoption and purchase intention. The serial mediation pathway from AI adoption through service quality, trust, perceived value, and ultimately purchase intention was also significant.
The findings contribute to the theoretical understanding of AI adoption in education by extending the Technology Acceptance Model and the Unified Theory of Acceptance and Use of Technology into the private school context. Practically, the study provides evidence-based recommendations for private-school administrators and policymakers in Saudi Arabia regarding the strategic deployment of AI technologies to enhance educational services and influence parental and student purchase decisions.
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[bookmark: _Toc228056548]CHAPTER 1
INTRODUCTION
[bookmark: _Toc228056549]1.1 Introduction and Background
With its application to K-12 operations in private schools, the adoption and active development of artificial intelligence (AI) in schools have shifted over the last few years, from being a peripheral novelty to being at the core of the marketing, differentiation, and eventual selection of schools by families. Multiple intersecting pressures have led to this shift: the fast proliferation of AI tools to create personalised learning post-2022; increasing demand for private schools to compete in urban markets, and national policy agendas identifying AI as the engine of economic and educational change. The Kingdom of Saudi Arabia is at the centre of the convergence of these forces in a specific manner. Digitisation of education has been declared a priority in Vision 2030, and the private-school sector in large cities (particularly Jeddah) is growing in volume and in its readiness to invest in AI-enabled administrative, pedagogical, and marketing solutions. It is based on this that the current study seeks to explore the influence of the adoption of AI in private schools on the intent to purchase among parents who have been pondering enrolling their children in such schools.
The research builds upon an extensive intellectual tradition in information systems and services marketing. The original Technology Acceptance Model (TAM) developed by Davis (1989) made perceived usefulness and perceived ease of use the two proximal factors of technology acceptance by individuals, and this model was successfully developed into the Unified Theory of Acceptance and Use of Technology (Venkatesh et al., 2003) and TAM3 (Venkatesh and Bala, 2008) to add social, organisational and individual-difference variables. Parallel to this, the marketing tradition of the services sector has created SERVQUAL (Parasuraman et al., 1988), which is the operationalised version of service quality (using a five-dimensional basis: tangibles, reliability, responsiveness, assurance, and empathy) and provided a scale used to quantify service quality that has since been adjusted in education, healthcare, hospitality and government services. A third stream, the Theory of Planned Behaviour (TPB) (Ajzen, 1991), predicts such psychological antecedents of intention as attitudes, subjective norms, and perceived behavioural control. Another stream, based on consumer behaviour, defined the perceived value as a multidimensional concept joining functional, emotional, social and monetary dimensions (Zeithaml, 1988; Sweeney and Soutar, 2001). Combined, these four traditions provide a theoretical framework around a study of AI adoption in education: TAM describes how parents evaluate the usability of the AI-enabled services; SERVQUAL explains how they evaluate the quality of those services; TPB states how attitude is converted to intention; and perceived-value theory states why they are willing to purchase the overall bundle.
The implications of AI in education are beginning to be documented in recent empirical work to include the pedagogical, administrative, and marketing implications. Synthesising the first wave of research on AI in higher education, Zawacki-Richter et al. (2019) identified a heavy focus on and use of predictive analytics, profiling, and intelligent tutoring systems, but also a remarkable lack of voices of educators in the design of such systems. This systematic mapping was further expanded by Crompton and Burke (2023) to the post-2020 time range and reported a significant diversification of AI use in curriculum design, assessment and student support. A key finding of one of the first organised case studies of ChatGPT in education (Tlili et al., 2023) was that generative AI has a twofold nature; on the one hand, it can act as a pedagogical copilot that deepens learner engagement; on the other hand, its outputs have the potential to disrupt the teaching process when used thoughtlessly. Beyond the classroom, Davenport et al. (2019) claimed that AI would completely reorganise the marketing process by shifting it to a conversational, data-intensive, predictive form and, according to Dwivedi et al. (2019, 2023), the multidisciplinary extension of AI and, more recently, large language models to organisations, including educational ones. These texts define AI adoption as a technology question (acceptance, usability), a service question (quality, reliability, empathy), and a market question (positioning, differentiation, and intention to purchase).
Although this framework is rich in conceptual and empirical support, systematic consideration of how the adoption of AI by private schools influences the purchase intention of parents has hitherto rarely been examined, especially in emerging markets where the decision-making processes are family-based and where digital transformation is changing rapidly. The literature on AI in education has focused on higher education in the Gulf Cooperation Council (GCC) region and Saudi Arabia, in particular, or on the approval of teachers. The decision architecture that would determine the purchase of private K-12 (Secondary Stage) education, where parents would evaluate how the school utilises AI, make judgements about the quality of services and trust thereof, and calculate a perceived value and come to an intention to enrol or switch has not been modelled with similar rigour. The current research bridges this research gap by analysing the private school market in Jeddah, one of the most vibrant urban education ecosystems in the Kingdom, in a quantitative, theory-driven manner.
[bookmark: _Toc228056550]1.2 Problem Statement
Jeddah and other schools in the Kingdom, as do the private schools, now exist in a market where AI has become not only a means of operation but also of modernity. Schools use AI for three general purposes: pedagogical (adaptive learning, automated feedback, AI tutoring), administrative (registration, scheduling, communication with parents, predictive retention), and marketing (personalised recruitment journeys, chatbots for admissions, targeted advertising). Parents, meanwhile, are exposed to a saturated information landscape where the words of schools talking about AI compete with peer narratives, media reporting, religious and cultural judgements about AI, and an unbalanced national discourse of the safety and desirability of AI with children. The empirical implication is that two schools that have objectively similar academic performance can generate very dissimilar enrolment patterns based on their use of AI, whether it seems credible to parents, and their consistency with family values.
From a research perspective, this condition brings to the fore an issue that is not merely and applied issue but a problem instead. The current literature tends to consider AI adoption, service quality, trust, perceived value, and purchase intention more as distinct constructs, which are conceptualised in initially different lineages of theory and analysed in different empirical traditions. Research into the use of AI in education focuses on teachers and students, but not on parents (Zawacki-Richter et al., 2019; Crompton and Burke, 2023). Scholarly research on service quality uses SERVQUAL or modified versions to assess the quality of institutions but seldom uses technology-oriented dimensions (Parasuraman et al., 1988). The research on trust in AI questions the willingness of the user to trust automated decision-making but is preponderant in the healthcare, finance, and public administration settings. Surveys on perceived value in education argue about tuition-price elasticity and results but seldom present the added value of AI-enabled features. The literature on purchase intent in school choice bases its conclusions on the TPB (Ajzen, 1991) as well as arguments based on cultural fit but has never, so far, incorporated AI adoption as an antecedent. This leads to the disintegration of fragmentation such that decision-makers, both school leaders and policymakers, do not have a coherent empirical description of how AI adoption is transformed, via the mediating cognitive and affective processes, into a decision to purchase.
The second level of the issue is the validity of the evidence available in context. The majority of theoretical tools (which are core to this area) were developed in a Western and an individualistic consumer environment (Davis, 1989; Parasuraman et al., 1988; Zeithaml, 1988). The relevance of these instruments to a culturally specific market like Saudi Arabia cannot be assumed, where extended-family decision-making, religious values, gender-sensitive service design and high uncertainty avoidance are relevant. The existing data regarding trust towards AI, for example, might change in sign or magnitude should the service being analysed be, say, the education of one's child in a religious and cultural sense. This creates the possibility that the intuitively conflicting findings in the global literature are not a sign of phenomena that are comparable in nature but of imprecisely constructed instruments and models.
A third level of analysis would involve examining the direction of influence and the causal architecture. Empirical research in neighbouring settings has tended to model AI adoption either as a predictor of intention or of quality perceptions, yet studies have seldom focused on the entire cause-and-effect relationship: AI adoption and its relationship to service quality perception, to trust in AI and in the school, to perceived value, to purchase intent, to actual enrolment behaviour. In the absence of an integrated model, practitioners would not be able to address the simple diagnostic question: in cases where the intention to enrol in a school becomes softer after investment in AI, is the change related to the perceived ease of use, perceived quality of the results, trust, value ratio, or cultural fit? All these diagnoses carry with them the implication of a different intervention.
The current research thus fulfils a well-designed research problem: Does an empirically supported, theoretically motivated model exist that explains the impact of AI adoption by the private school as a market on parental intention to purchase educational services, mediated by perceptions of service quality, trust and perceived value, and moderated by cultural factors in the context of the role of these phenomena in Jeddah? The issue is critical as its solution directly impacts school investment decisions, parental decision support, and national policy regarding AI in K-12 education. It is not intellectually trivial since it involves synthesising four traditions (TAM, SERVQUAL, TPB, and perceived value) into a consistent structural model, and it involves doing this in a cultural environment where the elements have not been tested as a block in the past.
[bookmark: _Toc228056551]1.3 Importance of the Study
The study is important on three levels: theoretical, methodological, and contextual. Theoretically, the work offers a contribution in that it presents and empirically validates a combined model that amalgamates four bodies of tradition that so far have been mainly mobilised within the private-education and AI-adoption literatures independently. The study is scaffolded, where AI adoption is not diluted to usability and links to marketing output but instead analysed as a multi-step process that occurs between antecedent use of technology, through quality perceptions, trust and value, and intention. This type of integration has been recommended in recent review papers on AI in education (Crompton and Burke, 2023; Tlili et al., 2023) and on AI marketing research (Davenport et al., 2019; Dwivedi et al., 2023) but has rarely been implemented in practice in an independent structural model.
The study methodologically contributes by creating and validating an instrument specific to the context which is a context-sensitive tool to measure AI adoption, perceived service quality, trust, perceived value, cultural fit, and purchase intention in the very special case of Saudi private schools and by using hierarchical regression analysis combined with Hayes' PROCESS macro for mediation and moderation testing on a sample of 409 respondents drawn from a population of approximately 102,000 stakeholders. The instrument is a synthesis of validated scales used in previous research and adapts them to an Arabic-speaking, family-focused setting with Arabic-based bilingual back-translation, pilot testing, and review by the experts. Future researchers who may need to replicate this study using other markets in the GCC or other sectors relying on services can reuse this methodological apparatus.
In this context, the study advances by producing the first big sample of empirical data on how the adoption of AI affects purchase intentions related to the use of private K-12 education in one of the largest cities in Saudi Arabia at the time of intense national transition to digital applications. The results can be directly applied by three audiences. Among the leaders of private schools, they will determine which AI adoption dimension has the strongest conversion rate to enrolment intention, in which ways they need to invest to build trust, and which are value-perception mediated. For policymakers, such as the Ministry of Education and the Digital Government Authority, the results can be used to guide evidence-based policies on AI in K-12 environments, especially on transparency, parental communication, and cultural fit. For parents, the study provides a systematic explanation of which variables actually do count, and which can be used in public communication and decision support.
In addition to these direct contributions, the study has significance in that it does not involve Saudi Arabia as a marginal case to test a Western-developed model, but rather as a location where the model itself can be supported, refined, or challenged. The cultural moderation element, incorporated within the model via family values, religious orientation and gender-sensitive service preferences, will enable the study to identify the possibility that the mechanisms that are operating in individualistic consumer markets switch to attenuate or invert in a family-centred, high-uncertainty-avoidance consumer market. This corresponds with the modern trend in consumer and technology-acceptance research for context-aware theory (Venkatesh and Bala, 2008).
[bookmark: _Toc228056552]1.4 Research Problems and Research Hypotheses
The research is structured around a single overall research question and five sub-research questions.
Overarching question: What are the effects of integrating AI in the operations of private schools in Jeddah on parental purchase intention for the educational services, and what are the cognitive, affective and cultural mechanisms through which these effects are achieved?
Subordinate research questions:
RQ1. How would the adoption of AI by private schools directly impact the parental intention to purchase education services from the schools?
RQ2. Is there a relationship between purchase intention and AI adoption mediated by perceived service quality?
RQ3. Is there a mediation of trust in AI and the school between the adoption of AI, service quality, and purchase intention?
RQ4. Does the perceived value mediate the relationship between quality of service, trust, and purchase intention?
RQ5. Do cultural factors (family values, religious orientation, gender preferences) moderate the relationships among AI adoption, perceived service quality, trust, perceived value, and purchase intention?
Based on these research questions, twelve hypotheses are formulated and divided into four blocks indicating the causal architecture of the integrated model.
Block A: Direct effects of AI adoption.
H1. The presence of AI in private schools positively impacts and significantly influences parental intention to purchase educational services.
H2. The use of AI by private schools positively and significantly influences the perceived quality of services.
H3. The adoption of AI in the context of privately run schools positively and significantly impacts parental trust.
Block B: Trust as mediator.
H4. Perceived service quality has a positive and significant effect on parental trust.
H5. There is a positive and significant impact of parental trust on purchase intention.
H6. The relationship between purchase intention and adoption of AI is mediated by parental trust.
Block C: Perceived value as mediator.
H7. Perceived value is positively and significantly influenced by perceived service quality.
H8. Perceived value is positively and significantly influenced by parental trust.
H9. The extent of influence of perceived value on purchase intention is a positive and significant one.
Block D: Cultural paths and service quality.
H10. AI adoption in teaching has a direct positive and significant effect on purchase intention, independent of the mediated pathways.
H11. AI adoption in marketing and communication has a direct positive and significant effect on purchase intention, independent of the mediated pathways.
H12. The integrated model has cultural variables conditioning the relationships, that is, the magnitude of the effects of AI adoption, the quality of the provided services, trust, and perceived value on the purchase intention.
The twelve-hypothesis architecture design of the study allows the integrated model to be tested per se but, simultaneously, isolates the particular mechanisms which convey the effect of AI adoption to purchase intention.
[bookmark: _Toc228056553]1.5 Limitations, Delimitations, and Assumptions
Limitations: The method is based on self-reported data gathered by the use of an online survey instrument; this is susceptible to common-method variance and social-desirability bias as well as recall error that the study has reduced through the design of an instrument; however, it cannot eradicate these. The cross-sectional design limits the power of causal inference, whereas the regression-based mediation and moderation framework (Hayes, 2022) supports the testing of indirect and conditional effects; a longitudinal or quasi-experimental design would be more impressive. Operational measurement of AI adoption depends on parental perception of the school's use of AI and not the independent organisational audit; perceived adoption of AI can be in conflict with the actual use of AI.
Delimitations: This research is confined geographically to the city of Jeddah and does not capture the entire geographical heterogeneity of Saudi private education because this area is not representative, though it is a big city. It is narrowed down sectorally to K-12 private schools and excludes public schools, foreign-only international schools, and institutions of higher learning. It is demographically restrained by the parents, who are the most important decision-makers for enrolment; neither the student point of view nor the school-leader point of view is directly sampled. It is limited in time such that it is restricted to the 2025/26 academic year and is not trying to trace longitudinal change.
Assumptions: The study assumed that parents are the key decision-makers in the decision about whether to choose privately owned schools in Jeddah, and this is in line with decision-making patterns in the region. It presupposed that the respondents were able to positively discriminate AI-enabled and non-AI-enabled functions of the services provided in their schools, and the pilot test confirmed this. It presupposed that the constructs of the integrated model, adoption of AI, service quality, trust, value, cultural factors, and intention have conceptual consistency in an Arabic-Saudi context, which was facilitated by back-translation and expert assessment of the instrument. Lastly, it was based on the assumption that multiple regression analysis combined with bootstrap-based mediation and moderation testing (PROCESS macro; Hayes, 2022) provides appropriate statistical inferences for the specified direct, indirect, and conditional effects, with the obtained sample size and distributional assumptions.
[bookmark: _Toc228056554]1.6 Definition of Terms
In order to guarantee the relevance of all paragraphs in the study, the important constructs are operationally defined. The concept of artificial intelligence (AI) adoption to which this study relates is defined as the level to which a private school uses AI-enabled tools in pedagogical, administrative, and marketing processes adopted and perceived by parents. The construct is quantified using a multi-item scale that can reflect the visibility, frequency of use, perceived sophistication, and role of AI in services offered by the school.
Perceived service quality is the overall evaluation of the quality of educational services at the school as viewed by parents and operationalised through five SERVQUAL dimensions that have been adapted to the K-12 private-education environment, that is, the tangibles dimension, dimension of reliability, dimension of responsiveness, dimension of assurance, and dimension of empathy (Parasuraman et al., 1988).
Trust also means the assurance of the parents that the school and the AI used in school will act in a reliable and competent way, and always in the best interests of the child. Trust in the integrated model is considered as a compound of institutional trust in the school and technological trust in AI.
Perceived value is a scaling of the general evaluation of the benefit of a school in comparison with financial, time, and psychological costs incurred, which is operationalised through functional, emotional, social, and monetary elements (Zeithaml, 1988; Sweeney and Soutar, 2001).
Cultural factors are family values, religious orientation, and gender-preference considerations, which influence a Saudi context in terms of parental preferences about service features and the use of technology.
Purchase intention is the reported likelihood of enrolling, remaining enrolled and referring to the school, based upon a multi-item scale based on the TPB and applied in school-choice contexts (Ajzen, 1991).
In this research paper, the term private school implies a fee-based K-12 school in the city of Jeddah, licensed by the Saudi Ministry of Education and providing either the national curriculum or the international curriculum or both. In this research, a parent is considered the adult parent (father, mother, or legal guardian) with the main responsibility in the choice of school for one or more children at present attending or wishing to attend a private school in Jeddah.
[bookmark: _Toc228056555]1.7 Background and Context: Jeddah Private-School Market
Saudi Arabia has a large and competitive school market in Jeddah, the second largest city and commercial gateway to the Kingdom. The demographic makeup of the city – including a high proportion of expatriates in families, an increasing Saudi middle-income population, and the soft power of the family network to determine school choice – produces heterogeneous parental preferences and at least a natural difference for the main variables of study. It has over 700 licensed private schools operating in the K-12 spectrum and has a population of about 102,000 parents of students attending its private schools, from which the study sample of 409 respondents was drawn.
The market was influenced by two contextual forces during the time of the study. The former was Vision 2030, which centres digital transformation and human capital development in national strategy and which has been seen to generate direct and indirect incentives to mobilise schools to engage with AI. The second is the diffusion of generative AI post-ChatGPT (Tlili et al., 2023; Dwivedi et al., 2023) that has transformed possibilities in terms of what schools can do with AI and what parents have adjusted to expect.
In Jeddah, schools advertise AI-assisted educational journeys, AI-enabled language tutoring, smart chatbots to make applications, and parent-facing analytics dashboards; however, the uptake is disproportionate, and the parental opinion of the services is an open-ended empirical issue. The Jeddah market, which is culturally inclined, amalgamates the features of high family centrality, religious sensitivity towards the content and communication, gender-based tendencies in the service design framework in specific age categories, as well as a growing orientation to modernity in terms of technological use. All these characteristics predetermine the particular significance of the cultural-moderation element of the integrated model: the cultural context is no longer a background aspect but a dynamic modulator of the processes linking AI adoption with purchase intention. This contextual specificity is also one of the reasons the study is located in Jeddah as opposed to taking a national perspective, and it is also in accord with the methodological trend in cross-cultural adoption literature of situated, urban-located studies that can model context in detail.
[bookmark: _Toc228056556]1.8 Chapter Summary
The chapter has presented the study; situated it in its theoretical and contextual background; stipulated the problem the study is to consider, outline and justify; described its importance; formalised its research questions and twelve hypotheses; and defined its limitations, delimitations, assumptions, key terms and the Jeddah private-school setting in which the empirical work will be undertaken. The research brings together four theoretical traditions, namely the TAM and its variations, SERVQUAL, the TPB and perceived-value theory, into one structural model that can test the effects of AI adoption by private schools on parental purchase intention and how this effect is mediated (service quality, trust) and moderated (cultural factors). By doing so, the research adds to the theoretical, methodological, and contextual bridging of the gap in the literature that, so far, has made the parental-decision architecture of AI-enabled private education relatively uncharted territory in the Saudi context. The rest of the dissertation is structured as follows: Chapter 2 elaborates the literature review and conceptual framework; Chapter 3 identifies the research methodology; Chapter 4 outlines the results of the research; Chapter 5 interprets the findings and draws conclusions and implications for theory, practice and policy.


[bookmark: _Toc228056557]CHAPTER 2
REVIEW OF THE LITERATURE
[bookmark: _Toc228056558]2.1 Introduction
The aim of this chapter is to build a theoretical and empirical framework for the integrated model on parental purchase intention for educational services given the adoption of AI by private schools. For this reason, the chapter is not striving to exhaustively review all papers that have been working on AI, schools and consumer intention. It seeks rather to establish a consistent intellectual stance: to determine the intellectual traditions that frame the phenomenon, to trace its evolution through history, to discriminate between the competing views, and to outline where the current research fits in this intellectual landscape. The review proceeds through six moves. The first step defines the scope of the review and the inclusion criteria of the curated 188-paper corpus upon which the argument is anchored. The second step develops the epistemic map of the domain, differentiating the well-charted, contested, partially covered, and unexplored territories. The third step reframes the theoretical frameworks — TAM, Unified Acceptance, TPB, SERVQUAL, and Perceived Value — as the intellectual lineage rather than as a list of references. The fourth step examines ten thematic domains aligned with the major constructs of the integrated model. The fifth step consolidates the review into a conceptual model and a set of testable propositions mapped onto the twelve hypotheses outlined in Chapter 1. Section 2.6 concludes the review and previews the methodology set out in Chapter 3.
Inclusion criteria: The corpus of 188 papers was selected according to ten thematic areas that jointly cover the constructs of the study: AI adoption in teaching; AI adoption in marketing; service quality in education (SERVQUAL); trust in AI and institutional trust; perceived value in education; purchase intention and school choice; TPB applied to AI and education; TPB applied to educational choice; cultural factors in AI adoption; and the Saudi educational context. Sources were retrieved from Scopus, Web of Science, ScienceDirect, IEEE Xplore, the ACM Digital Library, ERIC, and Google Scholar, supplemented with a small number of foundational sources outside this window (Davis, 1989; Ajzen, 1991; Parasuraman et al., 1988; Zeithaml, 1988; Sweeney and Soutar, 2001). Priority was given to peer-reviewed journal articles, high-quality conference papers, and systematic reviews. The review blends a critical-synthesis approach with a systematic-mapping logic: papers have been coded by theme, theoretical lens, method, sample, and contribution, and have been integrated into the argument rather than listed. The critique is constructive throughout the chapter: every limitation noted is accompanied by an appreciation of the contribution the paper made at its time and a statement of how the current study seeks to extend it.
[bookmark: _Toc228056559]2.2 Epistemic Map of the Domain
It may help to describe the intellectual landscape of adopting AI in privately-oriented education in four zones, a description of which is revisited at the end of the chapter.
The initial zone is well-explored territory involving two types of discoveries. The first one is the canonical interrelationships among perceived usefulness, perceived ease of use and technology acceptance at the individual level that has been repeated in hundreds of studies in information systems since Davis (1989). It also encompasses the five-dimensional framework of quality in service development that was set out by Parasuraman et al. (1988) and its reiteration in industries. In the two circumstances, the foundations are safe, and the current research is not aimed at re-establishing them.
Several debates are found in the second zone, which is that of contested territory. The first point of contention is whether generative AI specifically and large language models in particular fortify or are a source of diminished user trust when deployed to high-stakes service conditions. The excitement and the scepticism that surrounded the initial adoption of ChatGPT in education and in marketing have been captured by Tlili et al. (2023) and Dwivedi et al. (2023). The second debate is whether the adoption of AI decreases or increases perceived service quality in the areas that are defined as featuring affective service encounters, including education and healthcare: both the prediction of adoption theory and the prediction of service-encounter theory are equally positive and ambivalent, respectively. A third discussion is the relevant theoretical specification: TAM, UTAUT, or a hybrid are most adequate to conceptualise AI-specific adoption, based on the view that AI is not a single technology, but a family of technologies with unique features.
The third area – partly-charted territory – involves the combination of service quality, trust, and perceived value as one model of AI adoption in education. There is research looking at each pair (service quality to trust, trust to value, value to intention) but little on the entire chain, and none explicitly in K-12 privatised education in the GCC.
The fourth area – unexplored territory – is the one this study aims to occupy. It can be characterised in the following three ways: the emphasis on parents as the decision-makers (and not students and teachers); specification of full-chain AI adoption → service quality→ trust → value mediated by cultural influences; and that it is empirically grounded in Jeddah at a time of high diffusion of AI in private schools.
This is the epistemic map that is the intellectual map of the chapter. Each theme analysed below lies within one of the four zones, providing discipline to the review and making sure that the argument is advancing and not restating a well-known finding.
[bookmark: _Toc228056560]2.3 Theoretical Foundations
2.3.1 The TAM and Its Extensions
Davis (1989) formulated the TAM, which is recognised as the most mentioned instrument in the information-systems research field, with over forty thousand citations in over thirty years. Its essence is that two beliefs – perceived usefulness (the degree to which the use of the technology will lead to performance improvement) and perceived ease of use (the degree to which the use of it will be pain-free) – explain user acceptance of a technology; the two beliefs in concert determine attitude towards the use, and through attitude, behavioural intention. Its remarkable spread in empirical research can be explained by the parsimony of the model, its clarity of operation, and the fact that a validated measurement tool is available. TAM was initially designed in an organisational information-system scenario, though it has since been reconfigured to consumer technologies, e-commerce, mobile banking and, as is most of interest to the current study, AI-enabled services.
An extension of the model, TAM2 (Venkatesh and Davis, 2000), added social-influence processes, including subjective norm, voluntariness, image, and cognitive-instrumental processes, including job relevance, output quality, and result demonstrability, as antecedents of perceived usefulness. Four longitudinal field studies involving various organisational contexts established TAM2 and demonstrated that the extended model accounted for between thirty-five and sixty per cent of the variation in intention, as opposed to the forty or so per cent ceiling of the original TAM. The social influence addition is relevant to the current study in particular, as the school-choice decision is a highly socially embedded decision where peer family norms, extended-family influence and reputation of the community carry a heavy value.
The Unified Theory of Acceptance and Use of Technology (UTAUT) (Venkatesh et al., 2003) consolidated eight competing hypothesised theories of technology acceptance: TAM, the Theory of Reasoned Action, the Theory of Planned Behaviour, the Motivational Model, the Model of PC Utilisation, the Innovation Diffusion Theory, the Social-Cognitive Theory, and combined TAM &TPB into a single theory whereby performance expectancy, effort expectancy, social influence, and facilitating conditions predict behavioural intention. 
In its original and UTAUT2 consumer form, UTAUT has been extensively mobilised in e-government, mobile payment, telehealth, and, more recently, AI-enabled service research. In the current study, UTAUT contributes to two aspects: it justifies the integration of acceptance factors with social and contextual factors into one model and provides the moderator logic relied on by the cultural-factors part of UTAUT.
TAM3 (Venkatesh & Bala, 2008) expanded this to include determinants of perceived usefulness and perceived ease of use with potential individual differences (computer self-efficacy, computer anxiety, computer playfulness) and system characteristics, social influence, and facilitating conditions. The study is especially interested in TAM3 as it contains a research agenda about what can be done by organisations, at various points in the deployment, in order to influence user beliefs. This coincides with the managerial input of the current research that aims to find the distinct AI-adoption behaviours that are followed in Saudi private schools that have the strongest correlation with translation into parental purchase intention.
TAM’s lineage contribution then is triple: a proven centrality of usefulness and ease of use; a multi-level extension of the model that introduces social, organisational and personal variables to the model; and an interventionist agenda that links theory to practice. The constraints are also reported. TAM and its extensions are mainly individual-level models, which are more likely to under-theorise organisational capabilities, service-encounter interactions, and culturally-specific decision logic. They are also attitudinal models, and in their primitive description make no distinction between types of technology, which is significant when this technology is AI, which is an ensemble of data-driven systems with probabilistic, opaque and adaptive properties. In the current study, TAM is retained for its parsimony of measurement but is placed within a larger structural framework that is also endowed with service-quality, trust, value, and cultural-moderation logic.
2.3.2 TPB
The most successful behavioural-intention model in the social sciences is the TPB (Ajzen, 1991) with over sixty thousand citations. Based on the Theory of Reasoned Action, TPB hypothesises that attitude towards the behaviour (the overall favourableness or unfavourableness of performing the behaviour), subjective norms (the perceived social pressure to perform or not perform the behaviour), and perceived behavioural control (the perceived ease or difficulty of performing the behaviour, which reflects both internal and outside resources) lead to behavioural intention. Intention, on the other hand, is the nearest predictor of actual behaviour, and perceived behavioural control also has a direct influence on behaviour where the behaviour is not quite under volitional control.
In relation to the current research, TPB has three contributing factors. First, it provides the logical constitution of the dependent variable: purchase intention is not an aimless culmination but a theoretically-based construct with a lengthy heritage of measurement. Second, it contextualises the social influence in a manner that aligns with both the subjective-norm factor of UTAUT and the cultural-moderation factor: the perceived pressures of social approval and social pressure play a special role in a family-centred market. Third, the separation of intention and behaviour introduced by TPB allows the methodological rigour6 of the current test, which operationalises intention as the immediate product but admits that the characterisation of intention into enrolment is based on perceived behavioural control. There are also other factors that the model fails to encompass (school availability, admissions outcomes, tuition affordability, work-related relocation). TPB has been criticised for its comparatively poor theorisation of affective and automatic processes, and more recent extensions (such as implementation-intention theory) have attempted to fill these gaps, but modern extensions (the integrated model) have attempted to incorporate several affective and contextual factors via its other components.
2.3.3 SERVQUAL and Service Quality in Education
Service quality, measured by SERVQUAL (Parasuraman et al., 1988), determines the difference between customer expectations and perceptions of service performance operationalised based on five dimensions namely: tangibles (physical facilities, equipment, and the way employees appear); reliability (capability to deliver the promised service correctly and in the right way); responsiveness (eagerness to assist the customer and provide timely service); assurance (employee knowledge and courtesy); and empathy (individualised attention to customers). This instrument has been recreated in hundreds of industries such as education, healthcare, hospitality, banking, and the public service, and has been translated into various languages and cultures.
When applied to education, SERVQUAL has generated abundant adaptation literature: entries on the "tangibles" list are repurposed as concerns about school facilities, learning contexts, and learning informatics; on reliability as concerns about curriculum delivery and consistency of assessment; on responsiveness as concerns about the responsiveness of teachers and administrators to the concerns of parents; on assurance as concerns about the qualifications of teachers and the reputation of the school; and on empathy as concerns about the degree of caring and individual attention to students and parents considering their unique needs and personal circumstances. The adaptation is not without criticism: several theorists have stated that educational SERVQUAL needs more dimensions (quality of curriculum, safety, and outcomes among the others); some have expressed criticism about the expectations-minus-perceptions format of scoring, in favour of a perceptions-only format. Nevertheless, the SERVQUAL framework is by far the most common operationalisation of service quality in educational research studies, and its conceptual framework is employed in its current study with modifications to incorporate AI-enabled service elements (e.g., the reliability of AI-mediated feedback, responsiveness of AI chatbots, empathy of AI-mediated communication).


2.3.4 Perceived Value
Conceptualised by Zeithaml (1988), the perceived value is the overall evaluation of the utility of a commodity or service in the minds of a consumer based on perception of the received and the given. The means-end model by Zeithaml suggests that perceived value is the higher-order construct that intermediates between the concrete service attributes (including quality) and the behavioural outcomes (including purchase intention and loyalty). Sweeney and Soutar (2001) later came up with operationalisations of perceived value in terms of four sub-dimensions: functional value (price-quality), functional value (performance-quality), emotional value, and social value; they did this by developing a multi-item scale known as PERVAL. This multidimensionality is significant in that it reflects the fact that value is not merely determined according to its basis in functional performance against price but also the emotional experience of consumption and the social signalling that the service fulfils.
The role of perceived value is particularly focal in education since the service is intangible, experience-based, long-term and future outcome-focused. Parents do not merely consider the immediate material characteristics of the school, but they take into consideration the projected performance (academic performance), the projected emotional performance (happiness of the child, his or her self-esteem), the social status which the reputation of the school offers, and the financial investment necessary. Perceived value is even more multidimensional in the AI-adoption context: AI-enabled services are judged based on functional benefits (the contribution to personalisation, the fastness of feedback), as well as on the emotional aspects (whether users are confident with AI-enabled services or apprehensive about the changes), on the social factors (whether AI-enabled schools are valued by their social circle), and on the financial factors (whether AI adoption is perceived to justify tuition cost). That is why the integrated model states the perceived value as a focal mediator that takes up the impacts of the quality of services and trust and conveys them to the purchase intention.
2.3.5 Synthesis of Theoretical Foundations
A combination of these four traditions synthesises an analytical framework that is coherent. TAM and its extensions explain the antecedents of acceptance of technology at the individual level and provide the logic for the acceptance-intention that regulates the connection between AI adoption and intention to purchase. The social- and behavioural-control mechanisms of intention formation are put into perspective by TPB, which is especially salient in a social decision environment like in a family. SERVQUAL provides the construct and the logic for measurement of the perceived quality of service by indicating the dimensions by which AI-mediated service characteristics and human-mediated ones are measured. The perceived-value theory takes into consideration the cognitive (price-quality) and affective (emotional, social) axis in which the judgment is translated into intention. The four traditions are not superfluous; each one of them seals a gap in the others. The combined model suggested in this paper puts them together into one structural apparatus and includes an element of cultural-moderation which appreciates the peculiarities of the Saudi private-education market. This is the hypothetical contribution proposed in Chapter 1 and realised in Chapter 3.
[bookmark: _Toc228056561]2.4 Thematic Review Across the Ten Research Areas
The thematic review is organised around ten areas that jointly cover the constructs and the context of the integrated model. The review of each area is in the same format: a short explanation of the relevance of the area to the study, a re-evaluation of the intellectual tradition of the area, a critique of the current methods, and how the current study fits in.

2.4.1 Adoption of AI in Teaching

The implementation of AI in teaching passed three visible waves, each of which can be characterised by the specific conceptual signature and the specific dominant in its empirical emphasis. The earliest wave of study was tested by Zawacki-Richter et al. (2019) in a first systematic review that focused on intelligent tutoring systems, adaptive learning, automated essay scoring, and predictive analytics to identify at-risk students. The review conclusions included the omnipresence of computer-science views of research and a relative silence of educators and of the learning sciences, which they describe as a methodological and normative gap in the field at the time. The second wave, reported by Crompton and Burke (2023), was associated with the overall maturation of machine learning and the increasing prevalence of cloud-based AI services; the second wave was associated with diversification of AI application to curriculum design, assessment, student support, and administrative decision support, and the progressive growth in participatory and teacher-led research. A more conceptualised understanding of AI as a socio-technical and not just technical system also defines the second wave, which was in line with the greater information-systems trajectory observed by Dwivedi et al. (2019). A third wave of generative-AI adoption, which was well inaugurated with ChatGPT becoming publicly accessible in late 2022, was reported first by Tlili et al. (2023), who took a structured case-study approach and described the new generative-AI moment as both a potential pedagogical co-pilot and a potential disruptor when artificial output is adopted uncritically. The most commonly cited early-response paper on generative AI is by Dwivedi et al. (2023), which extended this ambivalence to marketing, law, and public policy as well as to the creative industries. Of the three waves, the research community has shifted its focus towards the socio-technical frame where the unit of interest lies in the human-AI configuration as opposed to centring around the technology.
A more detailed examination of the second and third waves has led to the identification of three research issues that are directly related to the current study. The former one is the integrity of the AI-generated pedagogical outputs: once AI is used to generate explanations, feedback, or assessments, any output is no longer confidence and context-suited, and the risks of hallucinations, risk of bias, and context-mismatch risks have been reported in the literature. The second issue is pedagogical equity: AI tools can increase or decrease achievement disparity based on deployment, training data, and teacher mediation. The third issue is the redefinition of the role of the teacher, from being the main source of the teaching process to coordinating the work of humans and AI. All these issues impact the perception of positive AI implementation by parents towards the school.
In the current research, the topicality of this stream is that the use of AI in education is a substantial superficial factor by which the parents track the AI stance of their school. The least studied aspect of the purchase intention is how the perceptions of AI used in teaching among parents, compared to AI use in the back office, affect purchase intention. The integrated model operationalises AI adoption in such a manner that it represents parent-visible AI in teaching, parent-visible AI in administration, and parent-visible AI in marketing. Positive criticism of the available literature results in a certain modification of this study: parents, not teachers, are perceived as the layer of measurement, and the instrument is adopted accordingly. One of the partial limitations of the present literature is that parental perceptions have hardly been rigorously tested in the past; this is a limitation which is directly tackled by the current study.
A type of intellectual-historicist framing as constructed in the preceding Section 2.3 is especially helpful in this case: it is necessary to comprehend the expectations generated by the earlier two waves to understand the third wave. Parents who had earlier experienced early adaptive-learning platforms approached it with the optimistic scepticism of the first wave; parents who had experienced AI-enabled personalisation in the second wave had a more expectation-evidence balanced view; parents in the third wave approached it with some enthusiasm and discomfort indicative of the public issues surrounding ChatGPT. The integrated model incorporates this temporally stratified perception via its AI-adoption construct. This approach enhances parsimony by reducing conceptual complexity.
[bookmark: _Hlk231738360] 
2.4.2 Use of AI in Marketing
[bookmark: _Hlk231559016][bookmark: _Hlk231559128][bookmark: _Hlk231559178]The marketing literature has been following the implications of AI with a sense of urgency. In one of the most popular articles, Verhoef et al. (2019) insisted that digital transformation would reshape marketing organisations and customer-value propositions, as well as measurement systems. Davenport et al. (2019) went even further to suggest that AI would alter the future of marketing by transforming marketing into a process of segmentation of individual interaction. Multidisciplinary agendas on AI and on digital and social-media marketing were developed by Dwivedi et al. (2023), which pre-empted opportunities and risks, such as algorithmic bias, erosion of data privacy, and how marketing is reconfigured. The ChatGPT moment prompted the presentation of an interdisciplinary opinion article that provided a survey of the implications of generative AI in research, practice, and policy (Dwivedi et al. 2023). Appel et al. (2019) mapped the anticipations of the social-media marketing trajectories of which the targeting that is powered by AI is a key component. These contributions, when combined, create a field-level agenda, but not a consensus, and they suggest, but do not answer, the narrower question of the performance of AI-enabled marketing in the context of high-involvement marketing services like private education.
A significant intellectual difference arises out of this literature on AI as a marketing tool and AI as a marketing indicator. AI as an instrument relates to operational implementation of predictive analytics, recommendation engines and/or conversation agents to enhance efficiency and relevancy in marketing communications. AI as signal is the communicative worth that the visible use of AI expresses towards the modernity, sophistication and competence of the organisation. The two roles are co-extensive, with each having varied implications with regard to purchase intention, whereby the instrumental role influences the quality of information and personalisation, whereas the signal role influences brand perception and perceived value. In the case of private schools, the signal role is disproportionately consequential since the modernity of the school is a desired trait in itself which parents check up on when they consider the school a suitable place to send their children.
The second difference is related to the time nature of the customer journey in education. The process of marketing consumer goods is usually short, and evaluation and purchase can be made within minutes or days. Marketing education processes are long and spread over a school-year process or beyond, and require a repeated process of information collection, family discussion, and community consultation. An effective AI-powered recruitment experience, which needs to occur in this environment, should be relevant and be trusted over months instead of seconds. It is a phenomenon about which the broader marketing literature has had little theorisation or in which direct empirical data on the K-12 market is limited.
These insights are not evenly applied to the marketing of private schools. Schools have embraced personalised recruitment paths, AI-based admissions chatbots, predictive analytics over prospective-school data, and target ads; but the empirical evidence on parental reactions to AI-powered school advertising is sparse. The bulk of the research in the broader marketing literature relies on consumer-goods samples or on online-native services and does not necessarily carry over to family-centred, high-involvement educational selection. The contribution of the present research is its focus on isolating AI-enabled marketing as one of the elements in the AI-adoption construct and testing its impact on both the perception of value and intention in a culturally distinct market. Criticism of the current literature continues in the spirit of recognition of the main accomplishments of that theme, namely the mapping of opportunities and threats, the agenda-setting activity on the topic of digital transformation, and passes to the identification of the particular gap which the given study fills: a parent-centred, combined-model specification which regards AI-enabled marketing as one visible form of a more profound AI-adoption construct.

2.4.3 Service Quality in Education
Applications of SERVQUAL and its variations to education have been widely used, but four limitations have been noted repeatedly. To begin with, the original dimensions of SERVQUAL were developed with discrete, frequently transactional service experiences in mind; education is a long term, relational service and multiple studies have proposed that reliability and assurance is a time-based dimension as opposed to a per encounter dimension. The time-dependent nature of service implies that one negative experience can be smoothed over when the larger trend is trustworthy, whereas a sequence of minor incongruities can add up to feeling that the trend is unattractive and cannot be fixed with a single spectacular experience. This is the temporal logic which is under-operationalised in standard SERVQUAL. Second, the gap-score (expectations minus perceptions) on which the original instrument is based has been questioned statistically and a perceptions-alone specification now and generally is advocated because it is believed that perceptions already capture the effects of expectations implicitly and because the gap between perceptions and expectations is an unstable measure with lower reliability. Third, the tool does emphasise quality of outcomes (e. g., academic achievement, personal growth, skills learned) less than process quality, which might be counterproductive in the education industry where process and outcome are closely intertwined, which is the inheritance of SERVQUAL, which has its roots in service industries where outcome and process are highly interdependent. Fourth, more pertinent to the current research, little research has taken AI-mediated aspects of service and incorporated them into a SERVQUAL-type measurement; even when incorporated, they are usually incompletely and unproven in non-Western contexts.
Positive criticism of SERVQUAL usage in education therefore provides the historical contribution of the instrument, namely, the offering of a strong, theoretically based, comparatively portable measurement tool. However, it points out the so-called refinements that the AI-friendly K12-based Arabic-Saudi setting needs. The refinement strategy, which is pursued in this case, has three principles. The former is parsimony: the five original dimensions are maintained as the backbone, as their replicability in an empirical sense is wide and because substitutions would drastically decrease comparability with previous evidence. The second one is specificity: every dimension is customised with items that are appropriate to AI (such as the reliability dimension, which has items on consistency of feedback mediated by AI; the responsiveness dimension has items on AI chatbot responsiveness; and the empathy dimension has items on AI-mediated personalised communication). The third is differentiation: the perception of quality of service is distinguished in a careful way, and items that are outcome-related are transferred to the perceived-value part.
This paper mitigates these limitations with three design options: a perceptions-only specification; a set of items which entails service-quality-mediated use of AI (AI reliability, AI responsiveness, AI-mediated empathy); and a cautious distinction between service-quality perception and outcome perception, with items involving the latter confined to the perceived-value section of the model. Such division permits the model to test the hypothesis that the adoption of AI raises the perceived quality of the service (H2) without confounding this effect with outcome-level effects, addressed in terms of perceived value. The secondary methodological advantage is that it enables the model to differentiate during the regression-based estimation between the coefficient of quality on intention (H10) and the coefficient of value on intention (H9), which would not be possible had outcome items been loaded on both constructs.

2.4.4 Trust in AI and Institutional Trust
The role of trust plays a significant, central, and more debated role in the literature on AI adoption. The most common conceptual difference is institutional versus technological trust: institutional trust (the organisation implementing AI) and technological trust (the AI system) itself. An increasing body of research on explainable AI (Arrieta et al., 2019) has claimed that transparency and interpretability are preconditions of trust in AI systems that are used in high-stakes decisions. In education, confidence in AI translates to confidence in AI-mediated assessment, AI-mediated feedback, AI chatbots, and AI decision-support tools, all with varying levels of transparency and varying ramifications when that trust is broken. The human-AI alignment frame focuses on the human-AI collaboration frame, where trust is not binary or fixed but is tuned to specified tasks, risk, and explanation, and has been highlighted in the literature on AI decision-making in the era of big data (Duan et al., 2019). One characteristic that distinguishes trust in AI from generic institutional trust is the dynamic calibration involved: the object of trust is a system whose behaviour is probabilistic and whose performance is sensitive to the alignment between its training data, the input it receives, and the context in which it is applied.
Various mechanisms have emerged in the literature to develop or destroy trust. Trust can be established by providing reliability to users over an extended period, transparency regarding the working of the AI, observable human control, and providing recovery measures in case of any failure. Mistrust is caused by unclear mistakes, secrecy about what went wrong, and inconsistency between the AI's apparent aims and the user's. In education these processes have particular forms: parents feel more trust when AI-mediated judgements about work by their child are consistent with teacher judgements; parents lose trust when AI systems review their child in ways that do not reflect teacher judgements; parents gain confidence when the school makes visible the role played by the teacher in overseeing AI decisions; parents panic when they feel their child has been outsourced to systems they do not understand.
Another difference, which is essential in the case of the Saudi private-school environment, is the difference between trust as a disposition and trust as a calculation. Dispositional trust is the tendency to trust the institution and technologies; calculative trust is the judgement in a specific situation that the performance of a particular system merits the commitment. Dispositional trust in relationally orientated, collectivist markets is more heavily influenced by social-network endorsements and by the institution's reputation, and calculative trust is influenced by direct experience. In the case of private schools using AI, it means that the initial trust among parents is extremely sensitive to signs of social and reputational inequality, whereas secondary signs rely on the first-hand experience related to AI-mediated services.
Trust is further complicated in the case of those parents who have young children. The child is the eventual beneficiary, and the choice on whether AI will be used in the learning environment of the child is made on behalf of the child. Parental trust in AI in education is an emergent literature, and a majority of the published studies revolve around teacher or student perceptions. The current work thus fills the gap by both modelling parental trust as the product of institutional trust in the school and technological trust in AI, and testing whether perceived service quality as an indicator of competence and reliability predicts trust (H4), and whether trust predicts purchase intention (H5) and perceived value (H8). It is in line with the human-AI-collaboration frame offered by Duan et al. (2019), and with the explainability-preconditions argument offered by Arrieta et al. (2019): this specification is operationalised here using items that represent both institutional and technological trust aspects.

2.4.5 Perceived Value in Education
Multi-dimensional specification (the functional, emotional, social, and monetary components to be measured together) has gained popularity in the empirical literature on perceived value in education. Several studies have established that the best driver in the case of cost sensitivity is functional value, whereas emotional and social value are more salient in the premium segments. In the case of AI-enabled private schools, these segments are important: the schools that cater to higher-income families will be in a market where emotional comfort with AI and status provided by the school being modern can be more important than the theoretical functional utility of AI-specific functionality. This multi-dimensional specification depends on its theoretical basis in Zeithaml’s (1988) means-end model, which provides the central role of a higher-order mediator (value-construct) between concrete attributes and behavioural outcomes. Sweeney and Soutar (2001) operationalised this higher-order mediator using a scale that included functional (price), functional (quality/performance), emotional, and social dimensions, measuring each separately and finding that the ratio varies based on the product category, context of consumption, and individual attributes.
The fifth dimension arising in education that has been generally overlooked in the consumer-goods literature is developmental or future-oriented value – the expected long-run payoff in the form of career preparation, cognitive growth, character building, as well as social capital. The dimension is especially relevant in the context of private education, where tuition is an important financial investment on returns in the future. Parents consider schools based on apparent performance and projected improvement, and AI adoption falls into both categories: current performance (adaptive feedback, personalised learning) and projected trajectory (AI literacy formation in the workforce of tomorrow).
Another associated controversy relates to the connection between value and loyalty. One of the studies believes that the strongest predictor of the repurchase intention is value, and others believe that once trust is formed, the value dominates. The combined model of the current study assumes a middle ground: both value and trust are postulated to have a direct impact on intention (H5, H9), and it is value that mediates the impact of quality on intention (H11). This specification enables an empirical test of the relative importance of value and trust in the situation regarding Saudi private education. Another controversy has to do with which causation between satisfaction and value takes place: there are studies where satisfaction is a cause of value and vice versa. The current model avoids this discussion by not invoking satisfaction as a construct; rather, the mediating constructs (quality, trust, value) are viewed as the cognitive-affective states that relay the impact of AI adoption on intention. This option minimises the proliferation of constructs and retains the parsimony that an approach such as regression-based path analysis requires in the case of the required sample size.
Another factor that the Saudi private-education system offers is consideration of perceived value regarding a background of high tuition expenses, relatively low numbers of alternative parental choices for bilingual and international programmes in the public sector, and a long-term family-planning profile. These characteristics enhance monetary-value dimension salience compared to mainstream PERVAL applications, and they augment the interplay between value and trust: parents who invest large long-term resources must have confidence that the school will fulfil the value proposition across numerous years, but not transactions.

2.4.6 School Choice and Purchase Intention
Two schools of thought have existed in the school-choice literature: an economics-of-education tradition that structures choice as a utility optimisation subject to budget and information constraints and a behavioural tradition which builds on TPB, TAM and service-quality theories. This study integrated model is based on the behavioural tradition but can be consistent with the economic tradition embedded in the economic element of perceived value. Empirical research in the GCC setting has reported that academic rank, religious and cultural orientation, language of study, alignment to proximity, affordability of tuition, and social network are all sources of school choice, but AI use as a school-choice variable has recently gained prominence.
A number of characteristics make the school-choice decision similar compared to managerial consumer decisions, though it can be singled out as it warrants special theoretical treatment. One, it is a high-stakes decision that entails significant and long-term financial, emotional, and developmental resources. Second, it is a long-term decision that is implemented in a matter of weeks or months. Third, it is not an individual decision but a family decision where more than one decision-maker is involved, where, in most cases, decision-makers would be the parents and, at times, even the extended family. Fourth, it is a highly social decision: the school selection expresses family identity, education values, and social status. Fifth, it is an institutionally conditioned decision (through institutional gatekeepers: improvement, tuition, capacity, etc.) where intention and behaviour do not necessarily relate one-to-one. Although each of these features has consequences for the specification of the model of the present study, high involvement suggests that cognitive mediators (quality, value) is relevant; extended evaluation suggests that trust is relevant; family decision suggests that social norms are relevant; social signalling suggests that reputational, cultural-fit dimensions are relevant; and institutional gatekeeping suggests that the outcome of interest is intention and not enrolment.
Another problem is the operationalisation of intentions. The TPB specification of intention measures by Ajzen (1991) was based on the likelihood of performing the target behaviour, and in a school-choice context this may include the likelihood of enrolling, the likelihood of remaining, the likelihood of recommending the school, and the likelihood of considering the school to be among the first-choice schools. The current research operationalises intention with the use of items that reflect all four aspects, as they align with the larger literature on the TPB and are also valid in the real-world context teachers face, where parents make a series of related choices across time.
The current research has value, as it operationalises the concept of AI adoption as a school-choice strength and examines its interactions with the classic factors in the built-in model. The contribution provides a valuable addition to the gap in the current market: schools compete on AI more, and the literature on behavioural intentions requires a model that will help determine whether AI adoption translates into the intention or mediates the traditional school-choice factors. The regression-based specification permits this type of relative-importance analysis.
2.4.7 The TAM for AI in Education
The AI-adoption construct of the study is based on the theoretical background of TAM, though various recent writings have modified it to fit AI in particular. In their synthesis of AI in higher education, Crompton and Burke (2023) found that the explanatory power of the canonical TAM is more likely to decline in AI environments due to the adaptive, probabilistic, and opaque nature of AI that changes the cognitive foundation of usefulness and of ease-of-use judgements. The adaptive nature implies that the usefulness of something changes as the system is learnt; the probabilistic nature lays emphasis on the relevance of a particular output to determine its ease of use; and the opaque nature implies that users find it difficult to develop conditioned mental models about how the system will behave. These violations of the premises of the original TAM of a steady, deterministic, and verifiable system introduce a gap that has been filled in only to a partial extent in the literature. Such studies on generative AI, based on Tlili et al. (2023) and Dwivedi et al. (2023), have suggested the addition of other antecedents like perceived data-privacy risk, perceived hallucination risk, perceived image quality, and perceived opacity. Other recent studies have also proposed that the UTAUT constructs of social influence and facilitating conditions are becoming more significant in AI contexts specifically because they address some of the complexities associated with AI.
The current research paper keeps the canonical logic of TAM at the measurement level of perceived usefulness and perceived ease of use but implicitly extends it since it introduces trust as an independent variable (contemplating the dynamics of opacity and risk) and partially replaces these AI-specific antecedents. There are three reasons why this design is warranted. First, it maintains the parsimony of the original TAM structure, which has proved to be a robust structure in numerous situations. Second, it does not introduce AI-specific antecedents, which would increase the measurement load in excess of their cognitive focus, which is a real issue in large-N survey research. Third, it incorporates both the issue of ambiguity and risk in the trust construct, a construct that has been thoroughly validated with its own measure of tradition, instead of diffusing the issue throughout the various AI-specific antecedents.
A dialectical note is warranted. The field of TAM adaptation for AI has two approaches: extenders – the proponents of the addition of AI-specific constructs – and parsimonists – the proponents of the idea that the fundamental TAM already describes what is important when understood in an AI-specific manner. The current study is a compromise: all the core TAM antecedents remain on the measurement level, but the concerns of AI are measured using trust and through the cultural-moderation aspect. This can be aligned with the strategy of TAM3 (Venkatesh and Bala, 2008) to add more antecedents on an as-needed basis instead of making an exhaustive commitment towards a single specification.

2.4.8 Educational Choice and the TPB
The educational choice literature based on TPB has tended to model the choice decision as an intention that is created by school attitudes, subjective norms (family and peer influence), and perceived behavioural control (affordability and accessibility). The Saudi context provides some details: the subjective-norm element is enhanced by extended-family circles and religious-community advice. Admissions processes; affordability of tuition in comparison with household income; transport logistics in the dispersed Jeddah metropolitan area; and, more and more, the digital and AI-literacy resources at home to facilitate the interaction of the child with the AI-enabled school services add to the perceived-behavioural-control component. The attitude component, in turn, is conditioned not only by the observations of the parents on the academic quality of the school but also by their judgement of the school in terms of its modernity, the level of cultural fit, and the ethical profile, which, again, are altered during the adoption of AI in a manner the literature on TPB was not expected to address or manage.
Among the effectively described empirical tendencies in the published TPB literature is the fact that different contexts and populations have different degrees of relative weight of attitude, subjective norms, and perceived behavioural control. Attitude prevails in individualistic low-involvement situations; subjective norms are somewhat more potent in collectivist high-involvement situations. Saudi choice in private schools is a high-involvement, collectivist choice, resulting in an expected comparatively strong influence of subjective norms. The integrated model observes the subjective-norm dynamics, in part, as the cultural-factors moderator and, in part, as the trust construct, in which institutional trust encodes reputational information that is conveyed via social networks.
The current research uses TPB measurement of purchase intention; however, it integrates it into a bigger framework where the three TPB antecedents are absorbed, to some extent, by the combined model elements of trust, service quality, and cultural moderation. This structure maintains the predictive value of TPB and the enriched architecture of the integrated model. In particular, the attitude towards the school is operationalised indirectly with the help of the perceived quality and the perceived value; subjective norms are operationalised with the help of the cultural-factors component; and perceived behavioural control is addressed through the fact that the research is restricted to parents as the main decision-makers with the capability to enrol their children in practice (except in cases when the cultural-factors component is substantially externalised to other household members). This specification is in line with the more general approach to the TPB, found in the broader path-analysis literature, to incorporate the TPB into larger decision models and not attempt to estimate it separately.

2.4.9 Saudi Culture and the Saudi Context
This study does not address cultural factors as a residual variable but does view them as an active moderator of the mechanisms between adoption of AI and purchase intention. The Saudi private-education market is rather sensitive to three cultural dimensions. The initial one is family centrality: all decisions regarding the education of a child are usually negotiated by parents and, in many situations, extended-family members, which results in subjective norms that are anomalously influential (in line with the UTAUT social-influence construct in collectivist contexts). The second is religious alignment: AI content of any type in terms of curriculum, communications, and marketing is compared against a religious construct, and the use of AI in schools is within legal bounds so long as the use does not compromise that construct. The third is the gender-sensitive service design: the features of a service, especially in late K-12 stages, are considered through the lens of their suitability to the arrangement of gender. Vision 2030 has introduced the top-down cultural vector by placing AI as a national development priority; a national narrative can be used both to increase the base of legitimacy of AI in schools and increase parental expectations at the same time.
The cultural-dimensions tradition is a more sophisticated analytical prism, having long espoused the view that collectivist, high-context, high-uncertainty-avoidance societies have a methodologically different evaluation of technology than that of individualist, low-context, low-uncertainty-avoidance societies. Collectivism and family centrality in Saudi Arabia suggest that social endorsement is a strong antecedent of individual intention and thus point to the argument that the social-influence path in the integrated model may be stronger than in similar studies conducted in Europe. High uncertainty avoidance, in its turn, means that trust and risk-reducing cues, such as transparency, human control, and reputation, are disproportionately influential in relation to AI adoption. These assumptions produce certain predictions concerning how the moderation of the model is expected to work: the trust-to-intention path is to be reinforced and the direct AI-adoption-to-intention path to be weakened by cultural factors, as cultural mediation moderates the impact of AI adoption via social and trust means, instead of via direct utility.
One characteristic of the Saudi situation is the rapid top-down modernisation that is intertwined with strong family continuity and religious continuity, all based on Vision 2030. This cohesion forms a market where both AI at the national level and conflict at the family level can exist simultaneously and where the work of private schools has to be on both the registers when communicating with parents. The successfully implemented AI schools are schools which operationalise the validity of both registers in their work – linking AI investments to the national development discourse and displaying respect to family and religious factors at the operational level. This dual-register dynamic has not been well-captured so far in the empirical literature, and the current research aims to start addressing this in detail by incorporating cultural-fit items that cite the national-development story as well as the family-religious story.
The cultural-moderation aspect of the integrated model (H12) is intended to reveal whether these cultural variables reinforce, weaken, or overturn the mechanisms of the model. It fits a cumulative argument pattern that, until now, has shown that moderators generally do not reverse the effect but tend to soften it: the hypotheses of the current study are that the cultural moderation of TAM and UTAUT across markets behaves attenuating (not oppositely), and the current study tested whether they do so in the Saudi context. A dialectical footnote must also be considered: the literature on cultural moderation is not universal, and individual studies have detected inversions in highly gender-sensitive or highly religiously differentiated sub-samples. The current research will thus involve making comparisons in multi-groups based on culturally relevant sub-samples in order not only to investigate the average moderating effect but also the heterogeneity of the same.

2.4.10 AI-Driven Student Satisfaction
Although the end result of the study is parental purchase intention, current research on AI-driven student satisfaction applies to the source since student satisfaction is a proxy outcome, which influences parental perceptions in the long run. The literature indicates that AI personalisation, feedback responsiveness, and the significance of AI explanations are the most effective predictors of student satisfaction with AI-enabled learning. Intelligent tutoring systems’ research programmes have long claimed positive average effects for student engagement and student outcomes, with the heterogeneity based on the subject under investigation, student characteristics, and implementation quality. Generative AI and chatbots (more recent work) have added an additional dimension (student satisfaction) based on the perceived correctness of the AI's communicative style, the correctness of its factual content, and the degree to which it supplements, as opposed to replaces, teacher interaction.
In the case of parents, the satisfaction of the students is hardly directly observed but is determined based on child reports, domestic observed engagement, and school communication on learning progress. The chain of inference is AI-enabled learning to student satisfaction to child reports and engagement to parental perception of the school service provided, trust, and value. This is an extended, noisy chain, and that is one of the reasons why the current study directly quantifies quality, trust, and value at the parental level instead of trying to formulate a model of student satisfaction as a definable construct. This suggestion about the design is that parental perception is not a proxy of when students are satisfied but a theoretically meaningful construct that mediates the outcome of the decision.
Further studies may develop the model with student-reported satisfaction as another antecedent of parental trust and student-perceived value, especially in longitudinal studies, to clarify how student reports change parental perceptions in one complete school year. This is represented in the present study as a limitation of the model, but constructively critically, like the review, the boundary is a trade-off which sacrifices scope in favour of measurement accuracy at the parental level, where the decision outcome of interest lies.

[bookmark: _Toc228056562]2.5 Integration and Conceptual Framework
The synthesis of the theoretical background with the review of the themes provides the conceptual framework of the study. The framework defines five endogenous constructs, i.e., AI adoption, perceived service quality, trust, perceived value, purchase intention, and a single cultural-moderator construct that provides the conditions under which the relations between them occur. The conceptual framework can be read as a causal narrative which traces the progression between an antecedent and an outcome in four blocks of analysis, each of which can be traced to a subset of the twelve hypotheses presented in Chapter 1.
Block A: The direct impact of AI adoption. The integrated model initially outlines three direct implications of AI adoption: for the purchase intention (H1), perceived service quality (H2), and trust (H3). The H1 theoretical supporting rationale is based on the acceptance-intention logic of TAM and its propositions (Davis, 1989; Venkatesh et al., 2003; Venkatesh and Bala, 2008): the perception of parents that a school uses AI in a useful and friendly way leads to a better evaluation of the school and their desire to enrol or renew enrolment. The H2 is theoretically justified based on signalling service quality and the role of AI: AI-enabling features (timely feedback, adaptive learning, and responsive chatbots) enhance the SERVQUAL dimensions that include reliability, responsiveness, assurance, and empathy (Parasuraman et al., 1988). H3 has a theoretical rationale: the institutional-signalling role of evident, capable AI adoption. When deployed competently and transparently, schools demonstrate institutional competency, which leads to parental trust, which is consistent with the human-AI collaboration frame (Duan et al., 2019; Arrieta et al., 2019).
Block B: Trust as a mediating factor. The model then defines the channel through which perceived service quality gives rise to trust (H4), through which trust translates into purchase intention (H5), and through which AI adoption shapes purchase intention indirectly via trust (H6). The reason why H4 is supported by the nature of most literature on service quality is that quality is a stable antecedent of trust; high-quality services, being indicators of competence and reliability, are preconditions of trust. The consumer-trust literature supports H5 in that trust decreases perceived risk and enhances the desire to enter into a purchase relationship. The H6 supposition is based on the combination of these two directions: it is assumed that AI adoption will influence intention both directly (H1) and indirectly, via the influence on trust.
Block C: Perceived value as a second mediator. Perceived value is defined as a second mediating variable in the model: it is affected by perceived service quality (H7) and by trust (H8), and in turn influences purchase intention (H9). H7 is based on the means-end theory of Zeithaml (1988), where the higher-order construct that neutralises the effects of real quality attributes is perceived value. H8 is based on the fact that trust decreases the psychological cost element of the value calculation; a similar bundle of attributes is offered at a high perceived value when parents trust the school and the AI. H9 is the canonical value-intention relationship, according to Zeithaml and the PERVAL favours (Sweeney and Soutar, 2001).
Block D: Service quality and cultural paths. The model gives the perceived service quality a direct impact on purchase intention (H10) and the quality-intention mediation by value (H11) and the cultural-factors moderation of the integrated-model paths (H12). H10: Canonical quality-intention relationship in services marketing. This means the service quality relationship intension clarify the improvement in perceived service quality influences customer behaviour positively. H11 is an improvement that splits the overall effect of quality on intention into a direct and value-mediated (sub) effect. H12 is the cultural-context hypothesis of the study: cultural considerations, such as family centrality, religious alignment, and gender-sensitive service design, are intended to moderate the model paths, and the trust- and social-influence-related model paths are expected to reinforce, and the direct AI-to-intention may be neutralised by the interactions of these cultural-consideration variables with the perceived-risk and perceived-appropriateness constituents.
Combined, the four blocks represent a causal chain: AI use → service quality, trust → perceived value → purchase intention, mediated by the cultural factors. The chain embodies the intellectual input of the research listed in Chapter 1: it integrates four traditions (TAM, TPB, SERVQUAL, and perceived value) into one structural model that can be estimated using regression-based path analysis and locates them within a culturally and empirically detailed environment.
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[bookmark: _Hlk232867066]Figure 1. Proposed Conceptual Framework: AI Adoption, Service Quality, Trust, Perceived Value, Cultural Moderation, and Parental Purchase Intention 
Propositions summary. These 12 hypotheses may be summarised in the form of propositions that are mapped:
P1 (H1–H3): The direct positive effects of AI adoption are on intention, quality, and trust.
P2 (H4–H6): Quality affects trust; trust affects intention; quality facilitates AI adoption to intention.
P3 (H7–H9): Quality predicts value; trust predicts value; value predicts intention.
P4 (H10–H11): Quality predicts intention both directly and indirectly via value.
P5 (H12): The paths are moderated by cultural factors in the integrated model.
Both propositions can be measured using the instrument stated in Chapter 3 and tested statistically using hierarchical regression, mediation analysis (PROCESS Models 4 and 6), and moderation analysis (PROCESS Models 1 and 7).
Chapter 3 operationalises the framework (measures every construct), describes the analytical strategy which employs hierarchical regression and Hayes' PROCESS macro (Models 4, 6, 1, and 7) to test direct effects, mediation chains, and cultural moderation through bootstrap confidence intervals and interaction-term specification.

[bookmark: _Toc228056563]2.6 Chapter Summary
The chapter has built on the theoretical and empirical background of the integrated model of AI adoption, service quality, trust, perceived value, and purchase intention within the Saudi context in the field of private K-12 education. It started with a specification of the inclusion criteria and the review-grounding corpus; moved to an epistemic map that positions the study within the unexplored area of the field, re-balancing the four theoretical traditions as an intellectual lineage as opposed to a list of references; and then focused on ten areas of the model that denote the major constructs and the situation. Throughout these moves, the chapter has interspersed cumulative, dialectical and, at some points, deconstructive patterns of argument in the cause of one intellectual position, which is that the parental decision architecture of AI-enabled private education is a complex cognitively, affectively and culturally rich phenomenon that is not solitary and can be explained solely by the incorporation of four traditions into one model and its testing in a culturally specific, empirically rich setting.
The review has three overriding conclusions. First, the four theoretical traditions — TAM, TPB, SERVQUAL, and perceived value — are complementary and not competing, and the synthesis of these concepts is scientifically justified and yields fruit. Second, the third wave of AI in education has introduced new concerns of trust, opacity, and cultural validity that the previous waves had not foreseen; they are key questions in the parental choice architecture of a high-involvement, collectivist, uncertainty-averse market like Saudi Arabia. Third, the gap, which the current study will fill, is not a gap of curiosity but rather a gap of consequence: the absence of a parental-decision model that balances AI adoption and service quality, trust, perceived value, and cultural considerations means practitioners cannot identify the aspects of the system in which the enrolment intention is won and lost, and policymakers cannot target the guidance where it is most needed.
In the next chapter, the framework is translated into a strict research design, outlining population, sampling, instrument, data collection, and an analysis plan. Chapter 3 operationalises each construct using the validated items customised to the Arabic-Saudi setting in the measurement section; defines the target population, frame, and Thompson-formula sample size of approximately 383 respondents (with 409 ultimately obtained), who were sampled from an approximated population of 102,000 private-school stakeholders in Jeddah, in the sampling section; and outlines the regression-based analytical processes, assumption checks (normality, multicollinearity, homoscedasticity), and robustness tests that were used to estimate the integrated model and test the 12 hypotheses using PROCESS macro (Hayes, 2022).
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METHODOLOGY
[bookmark: _Toc228056565]3.1 Introduction
This chapter introduces the methodology of the research that was used to explore the use of AI in private schools and its effect on intention in educational services purchase in Jeddah, Saudi Arabia. The analysis of the effects of AI application in teaching and marketing activities on the perceived quality of services, trust, perceived value, and finally, purchase intent for educational services among students and parents was conducted. The study covered 12 hypotheses based on a synthesised theoretical framework which incorporated the TAM, SERVQUAL service quality model, TPB, and Perceived Value Theory. The main research questions that guided the study were: (1) How does the adoption of AI in teaching affect the perceived quality of service in private schools? (2) What effect does the adoption of AI in marketing have on the perceived service quality in schools in the private sector? (3) How does the quality of perceived service relate to educational service purchase intention? (4) What is the mediation of trust and value perception between AI adoption and purchase intention? (5) How does culture mediate these associations? These questions required a strict quantitative methodology to validate the hypothesised theoretical relationships and be able to test the conceptual model using empirical data. This chapter starts with a description of the research philosophy and methodology, and then proceeds to describe the research design, population and sampling methods, development of the instrument and its validation and reliability, data collection methods, methods of analysis and ethical aspects. The methodological choices made were discussed in detail to guarantee the rigor, reliability, and validity of the study and the need to cover the context of Saudi Arabia-based private education.
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3.2.1 Philosophical Foundation
In this research, the positivist research philosophy was employed as it presupposes that the reality itself is independent of human perception and can be quantified using empirical data (Saunders, Lewis, and Thornhill, 2019). The positivist paradigm was suitable in this study because it aimed to confirm pre-existing hypotheses regarding cause-and-effect relationships between AI adoption and educational service outcomes. Such a philosophical position was in line with the fact that the field is quantitative and the purpose of the investigation is to produce generalisable results regarding the adoption of technology in teaching and learning (Creswell and Creswell, 2018). The position in ontology that underpins the present study was that of objectivism, where the application of AI and quality of service is seen to be a measurable phenomenon that exists regardless of personal interpretations (Bryman and Bell, 2019). This view allowed measuring constructs, including perceived service quality, trust, and purchase intention, in a systematic manner using standardised instruments. The epistemological position was also empiricist, with a focus on the fact that the information on the influence of AI adoption could be obtained based on systematic observation and statistical analysis of the trends observed in the data (Hair, Black, Babin, and Anderson, 2019).
3.2.2 Deductive Approach
The study was conducted using a deductive methodology, where the researcher starts with the already existing theories and proceeds to test certain hypotheses (Sekaran and Bougie, 2016). This was done in the formulation of 12 hypotheses based on TAM, SERVQUAL, and other relevant theoretical constructs that were verified using survey data. The deductive approach allowed theoretical assumptions concerning the impact of AI adoption on the results of educational services to be validated or dismissed (Cooper and Schindler, 2014). The deductive reasoning process entailed a logical sequence of theoretical statements to precise empirical observations. Primarily, the theoretical framework has made general propositions concerning technology adoption and service quality. Second, operational hypotheses were developed to define the relationships that were expected. Third, empirical evidence was gathered to be able to test these hypotheses. Lastly, the result was understood to verify, reorganise, or disprove the theoretical assumptions (Babbie, 2016).
3.2.3 Quantitative Research Strategy
The choice of a quantitative research strategy was determined to be the most suitable one when it came to testing the hypothesised relationships between variables (Creswell, 2014). This plan made it possible to gather numerical information which could be processed statistically to determine the trends, test the hypotheses and also make statements about the population. The following benefits of the quantitative methodology were useful for conducting this study: measurement objectivity, test of the causal relationship, statistical generalisability, and repeatability of the results (Field, 2018). The quantitative strategy meant that a survey method was the main data collection method. Surveys provided an effective tool for gathering standardised data from a huge sample of respondents, allowing statistical analysis to be performed on the relationships between AI adoption, the quality of service, and the purchase intention (Fowler, 2014). The questionnaire format was well structured, and it ensured consistency in data collection and it made it easier to compare the data of respondents (Dillman, Smyth, and Christian, 2014).
3.2.4 Cross-Sectional Time Horizon
The researchers used a cross-sectional time scale, which entails the gathering of information at one point in time as opposed to a longitudinal collection (Saunders et al., 2019). This research method was suitable on the basis of the research aims of studying existing relationships between variables and the practical limitations of a doctoral research schedule. The cross-sectional design was good because it offered a picture of AI adoption and its effects at the crucial phase of integrating technology in Saudi private schools (Levin, 2006). Although longitudinal designs have the benefit of determining causality and measuring changes over a specified period of time, the cross-sectional approach was reasonable due to a number of factors. To begin with, the theoretical models (TAM and SERVQUAL) are widely tested in cross-sectional research. Second, timely findings were more useful than longitudinal observations due to the high rate of AI implementation in the education sector. Third, the cross-sectional design was supported by practical limitations such as time and resources, and school accessibility (Rindfleisch, Malter, Ganesan, and Moorman, 2008).
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3.3.1 Descriptive-Analytical Design
The research design of this work is a descriptive-analytical research design, which takes the characteristics of descriptive research to describe the existing level of AI adoption and the analytical elements of research to prove the relationships between the variables (Kumar, 2019). The descriptive factor recorded the levels of AI application in pedagogical and selling activities, whereas the analytical one investigated the impacts of the said applications on the perceptions of service quality and intentions to purchase. This two-fold method was used to offer both insights that can be implemented by educational administrators and theoretical contributions to the literature on technology adoption (Zikmund, Babin, Carr, and Griffin, 2013). Various measures of central tendency and dispersion and frequency distribution were used to describe the sample and variables in the descriptive component. The levels of AI adoption, perceptions of service quality, and demographic characteristics were described using means, standard deviations, and frequency counts. The analytical part used correlation analysis, regression modelling, and mediation analysis to answer hypothesised relationships and find important predictors of the purchase intention (Tabachnick and Fidell, 2019).
3.3.2 Variable Specification
The study model used various types of variables in order to address the complexity of the adoption of AI on educational services. People who had adopted AI in teaching were independent variables, measured with four items relating to adaptive learning systems, intelligent tutoring, personalised experiences, and expanded content. Moreover, those who had adopted AI in marketing were measured with three items on chatbots, digital platforms, and customer service systems. These were the main forces of transformation in the education service environment (Davis, 1989; Venkatesh and Bala, 2008). Purchase intention was the dependent variable, and it was operationalised as the possibility of maintaining enrolment, referring friends to the school, justifying the fees, and having a positive impression of the school. This conceptualisation was multifactorial; it has been able to capture behavioural intentions and attitudinal loyalty, and it has come up with a measurement of educational service acceptance in totality (Zeithaml, Berry, and Parasuraman, 1996). The mediating variables were perceived service quality, considered as the master key of our research due to its important role. The tangible, reliability, responsive, assurance, and empathy five dimensions of SERVQUAL. Trust has three items: best interests, competence, and reliability, and the perceived value has three items: value for money, comparative, and benefits. The original SERVQUAL tool that was created by Parasuraman, Zeithaml, and Berry (1988) was modelled to suit the private school education sector in Saudi Arabia. Multiple adjustments have been made to the theoretical nature of the five-dimension framework, although the whole process of adaptation retained its theoretical integrity:
The tangibles were modified to measure the physical facility, technology infrastructure, and AI-based learning environment (e.g., “The school is equipped with modern classrooms and learning facilities with AI technology”).
The reliability items were adjusted to measure the consistency in providing AI-assisted services to education (e.g., “The school has been consistent in offering quality AI-assisted learning experiences as promised”).
The responsiveness scale was modified to assess the desire of the school to assist the stakeholders and offer timely assistance in AI-related matters (e.g., “Staff members are quick to answer questions regarding AI-based learning tools”.
Assurance items measured the competence and ability of the staff to instil confidence in AI-integrated education (e.g., “Teachers are competent enough to use AI tools to instruct students”).
The empathy was modified to assess personalised attention in AI-personalised learning settings (e.g., “The school uses AI to learn and address the learning needs of individual students”).
This formulation was based on the context-specific SERVQUAL adaptations as proposed by Ladhari (2009), which guaranteed the content validity by having an expert review of the adaptations by three educational technology specialists, and pilot-testing the adaptations with 50 respondents before the actual data collection. The pilot study ensured the clarity and relevance of the items adapted to the Saudi context of private schools.
These intermediaries were the processes by which the adoption of AI affected buying behaviour (Baron and Kenny, 1986; Hayes, 2022). The factors that moderated this were cultural factors, measured using three items that were used to evaluate the significance of cultural-religious alignment, technology-tradition balance, and cultural fit in school choice. This moderator reflected the specific Saudi Arabian situation whereby technological innovation has to be integrated with cultural values (Hofstede, 2001; Al-Gahtani, Hubona, and Wang, 2007).
3.3.3 Conceptual Model Development
The theoretical model was able to combine various theoretical aspects in explaining the effects of AI adoption on educational services. The TAM was used as the basis for understanding the role of perceived usefulness and ease of use in the decision to adopt technology (Davis, 1989). SERVQUAL added the dimensions of service quality that are vital in assessing a service related to educational services (Parasuraman, Zeithaml, and Berry, 1988). TPB explained that the behavioural intention depends on the attitude, the subjective norms and the perceived control (Ajzen, 1991). The cost-benefit computations of the purchase decisions were explained using Perceived Value Theory (Zeithaml, 1988). The model suggested direct links among AI adoption and service quality and purchase intention, which displays the direct influence of technology on service perceptions and behaviour intentions. The mediating processes that relayed the effects of AI adoption were captured through indirect routes through trust and perceived value. The cultural moderation effect took note of the fact that adoption of technology takes place in certain cultural set-ups which influence its adoption and influence (Venkatesh, Thong, and Xu, 2012).
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3.4.1 Target Population Definition
The population for the study was made up of two major groups of stakeholders related to the schooling sector in Jeddah, Saudi Arabia: students already in private schools (16 years and above) and parents/guardians of students studying in the same schools. It was a two-stakeholder strategy that acknowledged that the purchase of educational services can be made by the parents as the financial decision-makers and the students as the direct service recipients (Hemsley-Brown and Oplatka, 2006). The choice to target private schools was strategic because such schools usually enjoy more freedom in the application of technological innovations, and also they are very active in their competition to get students to their schools (Tooley & Dixon, 2006). The adoption of educational technology has been most prominent in private schools in Saudi Arabia, which is the best place to research the issue of AI implementation (Allmnakrah and Evers, 2020). This geographic concentration around the second-largest city in Saudi Arabia and its business centre, Jeddah, guaranteed accessibility of schools with different degrees of technology advancement and diversity of the student body (General Authority for Statistics, 2024).
3.4.2 Population Size Estimation
According to the official figures of the Saudi Ministry of Education (2024), the entire student population in general education in Saudi Arabia amounted to 6.72 million students. The private-school student population in Saudi Arabia stood at approximately 820,000 students in 2022 (Colliers International, 2024, as reported by Argaam and AGBI), and was projected to grow to around 1.1 million by 2030 (Colliers International, 2024; Mordor Intelligence, 2024). Applying the compound annual growth rate of approximately 9 percent implied by these projections to the 2022 baseline, the researcher estimated the nationwide private-school student population to be approximately 975,000 by 2024. This figure is a researcher-derived estimate based on the published – Colliers (2024) and Mordor Intelligence (2024) – growth trajectories, not a directly published value, and it is used here solely to scale the Jeddah sub-population. In the case of Jeddah, the estimates of population were derived using a three-step proportional analysis. First, private and foreign-curriculum schools in Saudi Arabia are heavily concentrated in major urban regions; the Riyadh and Makkah regions alone account for 68.3 percent of all foreign-curriculum schools, and the three largest regions (Riyadh, Makkah, and Eastern Province) together host approximately 62 percent of total student enrolment (Consultancy-me, 2019, citing Ministry of Education data; Mordor Intelligence, 2024). On the basis of these figures, the researcher adopted a conservative estimate of 65 percent as the urban-concentration factor for private schools in major cities. 
Second, Jeddah’s share among these major cities was estimated at 20 percent, derived from the city’s proportional weight in terms of resident population. According to the General Authority for Statistics (GASTAT, 2024), Saudi Arabia’s total population reached 35.3 million, and Jeddah’s metropolitan population of approximately 4.7 million places it as the second-largest city after Riyadh (General Authority for Statistics, 2024; World Population Review, 2024). Among the five principal urban centres where private schools are concentrated (Riyadh, Jeddah, Makkah, Medina, and Dammam), Jeddah’s population share is approximately one-fifth. Applying both proportions to the 975,000 estimate yields 126,750 private-school students in Jeddah (975,000 × 0.65 × 0.20 = 126,750). Third, the proportion of students aged 16 years and above was estimated at 25 percent. The Saudi general-education system comprises 12 grades spanning three stages: primary (Grades 1–6, ages 6–12), intermediate (Grades 7–9, ages 12–15), and secondary (Grades 10–12, ages 15–18) (Ministry of Education, 2024; SACM, 2024). Students who are 16 years of age or older correspond to approximately the final three grades of secondary education. Assuming a roughly uniform distribution of students across the 12 grade levels, the secondary stage accounts for 3 out of 12 grades, or 25 percent of the total K-12 population. Applying this proportion yields 31,688 students aged 16 and above (126,750 × 0.25 = 31,688). The parent population was calculated at 70,417 using an average of 1.8 school-age children per family attending private schools (126,750 ÷ 1.8 = 70,417), a figure consistent with the Saudi household-size patterns reported by GASTAT (2024). Therefore, the overall target population was approximately 102,000 people (31,688 students + 70,417 parents).
3.4.3 Sample Size Determination
The sample size was estimated and given in the formula below given by Thompson (2012), which gives accurate approximations when the population size is known:
n = [N × p × (1-p)] / [(N-1) × (d²/Z²) + p × (1-p)]
where:
N = Population size = 102,000
p = Population proportion = 0.5 (maximum variability assumption)
d = Margin of error = 0.05 (5%)
Z = Z-score for 95% confidence level = 1.96
The value calculated was a minimum sample size of 383 respondents. The maximum variability (p = 0.5) was adopted in this calculation because it is necessary to have a sufficient sample size in the worst-case scenario. The confidence level of 95 percent and the margin of error of 5 percent corresponded to the standard deviations in social science research to strike the right balance between preciseness and feasibility of the research (Krejcie and Morgan, 1970).
A preliminary power analysis was undertaken to verify this calculation by using G*Power 3.1.9.7 software (Faul, Erd Felder, Buchner, and Lang, 2009). The sample size needed in case of a multiple regression analysis with eight predictors with a medium effect size (f2 = 0.15), 0.05 alpha level, and 0.80 statistical power was 109 participants. In order to perform the mediation analyses based on Hayes' PROCESS macro, a minimum of 200 participants were required to identify the indirect effects with sufficient power (Fritz and MacKinnon, 2007; Memon et al., 2020). In the case of moderation analysis, 118–395 participants were needed to assume that the interaction effects are small-to-mediocre (f2 = 0.02-0.15). The sample size was reached (409) and was greater than all these conditions, which provided sufficient statistical power (≥ 0.80) to identify small to medium effects in all the proposed analyses, such as hierarchical regression, mediation (PROCESS Models 4 and 6), and moderation (PROCESS Models 1 and 7) studies.
3.4.4 Sampling Strategy
The research used a convenience sampling technique, whereby the questionnaire was disseminated among all the private schools in Jeddah that consented to take part. The use of this non-probability sampling technique was determined by practical limitations because it was impossible to follow the participation rates in each school since it is a voluntary process and due to privacy issues (Etikan, Musa, and Alkassim, 2016). Schools were approached by official means and given the links for electronic questionnaires and QR codes to distribute them to the communities. Although probability sampling would have been best for representativeness, the convenience method was well supported by a number of factors. First, the research covered the entire population of private schools in Jeddah. Second, the sample size (409 respondents) was bigger than the estimated rule (383), which gave it a cushion against sampling bias. Third, the sample content was consistent with the population parameters in terms of the number of students who participated in the study, as well as demographic composition (Bornstein, Jager, and Putnick, 2013). The sampling was done in several steps. First, the list of all the private and international schools in Jeddah was determined using the directories of the Ministry of Education, and all of them were contacted. Schools that registered to participate were provided with standardised communication resources such as the questionnaire link and QR codes and information sheets. School administrations disseminated them to students who fitted the age requirement and parents through their effective communication channels. This mode of distribution took advantage of school-community relationships and ensured anonymity among the participants.
Although the research reached a sample size that is higher than the minimum requirement in statistics, convenience sampling is still a weakness that limits the inference of the results because of the lack of random selection and possibility of response bias. The findings are therefore to be understood within the realms of private and international schools in Jeddah and cannot be extended to public schools or other geographical locations. It is also suggested that future studies using probability-based sampling be done to increase the external validity of such findings.
3.4.5 Sample Characteristics
The number of valid responses was 409 which was more than the necessary minimum of 26 participants. This was a sample of 159 students (38.9) and 250 parents (61.1) which was in accordance with the anticipated ratio, considering that a parent usually has more than one child but each student has a single parental unit. The sample was also heterogeneous in terms of major demographic characteristics such as gender, age, education level, income, and nationality, which increases the applicability of the results to the general population in the Jeddah private school setting. The analysis of patterns for responses indicated that 470 people started the questionnaire, 409 responded to all the eligibility requirements, and completed the survey. This is an 87.02 percent completion rate among the people who visited the questionnaire, which was an indicator that there was a great interest in the research topic. The 61 non-responses were mainly made up of people who did not fit the criteria of the questionnaire (not employed in Jeddah private schools) or those who did not fill out the necessary forms.
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3.5.1 Questionnaire Design
The study tool was a self-administered structured questionnaire, and it contained validated scales that were modified to suit the educational technology setting. The questionnaire design was based on the principles of survey research, such as conciseness of instructions, logical organisation, proper type of responses, and fullness of coverage of all constructs (Dillman et al., 2014). The scale was divided into eight key parts, namely: demographic data, AI adoption in instruction, AI adoption in marketing, perceived quality of services, trust, perceived value, purchase intention, and cultural factors. All the constructs were measured based on seven-point Likert scales, from 1 (Strongly Disagree) to 7 (Strongly Agree), except cultural factors, which were measured on a scale of importance ranging from 1 (Not Important) through to 7 (Absolutely Essential). The 7-point measure was chosen instead of five-point options to give more variance and enhance the accuracy of the statistical analysis, especially regression-based mediation and moderation analysis (Finstad, 2010). This scale width has been reported to yield maximum reliability and validity without confusing respondents (Dawes, 2008).
3.5.2 Scale Development and Sources
The four items used to measure AI adoption in the teaching construct were based on the literature of the TAM and educational technology research (Davis, 1989; Venkatesh and Bala 2008). Articles dealt with AI-based adaptive learning, intelligent tutoring, personal learning environment, and learning content augmented by AI. These products represented the technological and pedagogical uses of AI in the educational environment (Zawacki-Richter, Marin, Bond, and Gouverneur, 2019). The items created were based on the digital marketing and educational marketing literature; there were three items to develop AI adoption in the marketing construct (Kotler and Fox, 1995; Gibbs and Knapp, 2012). Products addressed AI-enabled chatbots, AI-enhanced online platforms, and AI-enabled customer care systems. These actions were the customer-facing AI applications that impact the interactions of stakeholders with educational institutions (Huang and Rust, 2018). The perceived service quality was determined through a modified SERVQUAL scale with two items on each of the five dimensions (Parasuraman et al., 1988). Tangibility items were taken to deal with modern equipment and digital interfaces, promise-keeping and delivery of commitment, quick response, willingness to help, competence and confidence in quality, understanding of needs and genuine concern were the areas that empathy items touched. This shortened SERVQUAL ensured high construct validity, and the respondent burden was minimised (Ladhari, 2009). The measure of trust was operationalised in three items that were taken based on institutional trust literature (Morgan and Hunt, 1994; Sirdeshmukh, Singh and Sabol, 2002). Items gauged the attitude to the suggestion that the school is working in the best interest of students, their ability to provide quality education, and the ability to fulfil their promises. These dimensions were able to address benevolence and competence elements of trust that are defined in education (Tschannen-Moran and Hoy, 2000). Perceived value used three consumer value literature items that were developed for application to educational services (Sweeney and Soutar, 2001; Ledden, Kalafatis, and Samouel, 2007). Products were measured based on value for money, value in comparison with other schools, and the value of future benefit. This conceptualisation in multidimensions acknowledged that educational value is based on the short-term perception of quality and long-term investment beliefs (Woodall, 2003). The purchase intention was quantified by four questions that concerned continuation intention, probability to recommend, justification of fees, and positive word-of-mouth (Zeithaml et al., 1996; Hennig-Thurau, Langer, and Hansen, 2001). This holistic model encompassed the individual commitment and advocacy behaviour that are critical towards the sustainability of educational services (Alves & Raposo, 2007). The cultural factors were employed using three items specific to Saudi Arabia and indicative of the significance of cultural-religious fit, desiring a preference between technology and tradition, and compatibility between culture and schooling (Al-Gahtani et al., 2007; Alenezi, 2017). These products were indicative of the distinctiveness in Saudi education wherein modernisation has to integrate with cultural values (Hamdan, 2005).
3.5.3 Translation and Adaptation
The questionnaire was first drafted in English based on the existing international scales and then translated to Arabic, as was necessary to suit the language interests of the target population. The method that was used in the process of translation was the back-translation method, which is a stringent method that guarantees semantic similarity in the different languages (Brislin, 1970). The initial English-to-Arabic translation was done by a professional translator who is well-versed in both languages and has knowledge of educational terminologies. Thereafter, another translator was used to carry out the back-translation of Arabic-English without access to the original English translation. The two English versions were checked to determine the differences and these differences were sorted out by discussing the issues with the translators and the supervisor of the research. Special care was given to technical terminology in the field of AI and educational technology, where Arabic counterparts had to deliver the intended meaning in a non-culturally biased way. The last Arabic version was approved by the research supervisor, who ensured its suitability for the Saudi Arabian school environment (Van de Vijver and Hambleton, 1996).
3.5.4 Pilot Testing
In June 2025, a pilot study was carried out with 50 respondents who were drawn from the target population. The pilot study was conducted on a separate sample, and the pilot respondents were not included in the final analytical sample of 409 respondents, in line with the recommendation that pilot and main samples remain independent to preserve the integrity of inferential statistics (Van Teijlingen and Hundley, 2001). The pilot study served several purposes: it was necessary to test the online distribution platform (Microsoft Forms), estimate the time to complete the questionnaire, identify items that were likely to be misunderstood, and assess scale reliability (Connelly, 2008). The questionnaire was found to be efficient and understandable during the pilot phase. The mean completion time was 12-15 minutes, which is acceptable in terms of maintaining respondent attention. All the constructs had Cronbach alpha values greater than 0.70, which is a sufficient indicator of internal consistency. Floor and ceiling effects were not detected in any items, and response patterns revealed adequate variance across all scales. Feedback on usability was provided by the participants in the form of optional comments, which did not indicate any serious challenges in understanding the items or any technical problems with the electronic format.
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3.6.1 Face Validity
The face validity was determined by Dr. Miray Zaki, the doctoral supervisor, who assessed how the items looked in terms of whether they purported to measure what they were intended to measure (Hardesty and Bearden, 2004). The supervisor, who was also a specialist in educational technology and research methods, evaluated every item concerning its clarity, relevance, and suitability to the situation in Saudi Arabia. The review ensured that the items possessed strong face validity; the questions directly covered aspects of AI adoption, service quality, and purchase intention that could be identified by respondents with private education experience. The face validity was strengthened through the use of the already known scales introduced in the previous studies since the scales had been extensively tested in various settings (Taherdoost, 2016). Adaptations to the educational technology situation did not change the gist of items but made them relevant to the use of AI in educational institutions. Face validity was ensured by the approval of the supervisor who indicated that the face validity was not lost by the modified items in solving the particular research context.
3.6.2 Content Validity
Systematic coverage of all the relatable dimensions of each construct was used to achieve content validity as a result of the exhaustive literature review (Haynes, Richard, and Kubany, 1995). In the case of AI implementation, the objects included the entire gamut of applications found in the literature of educational technology, such as adaptive learning and intelligent tutoring. The service quality dimensions also addressed the five components of the SERVQUAL framework in a comprehensive manner. The trust items included both competence and benevolence dimensions, which are found to be important in educational relationships. Construct mapping was used to verify the consistency of theoretical definitions and operational measures, and thus all the theoretical dimensions were reflected by suitable items (Wilson, 2005). The review carried out by the supervisor ensured that domain sampling and content coverage were adequate. Multi-item constructs also increased the content validity by increasing content through the different components of the complex constructs (MacKenzie, Podsakoff, and Podsakoff, 2011).
3.6.3 Construct Validity
Factor analysis and correlation patterns were used to test construct validity. A principal component analysis with varimax rotation that was used as an exploratory factor analysis indicated a solution of six factors that explored 81.33 per cent of total variance, of which the first factor was 48.92. The Kaiser-Meyer-Olkin (KMO) value for adequacy of the sampling was 0.68, which is greater than 0.6, which is the acceptable factorability level. The results of the test of sphericity by Bartlett were significant (χ² = 20234.01, df = 465, p < 0.00), which means that the variables have enough correlations to be examined using factor analysis (Hair et al., 2019). Patterns in the factor loadings were very clear as per theoretical expectation. The items of AI adoption were loaded on separate factors of teaching and marketing. The quality of the items of service quality were mainly loaded on one unified factor, which justifies the application of an overall service quality construct. The items of trust and perceived value constituted distinct factors, which proved their discriminant validity. The purchase intention items scored highly on one factor, which could be considered as validating a unidimensional measurement. These patterns were an indication of convergent validity (the same construct being measured by items that are correlated and have high correlations) and discriminant validity (the different constructs being measured by items with lower correlations) (Fornell and Larcker, 1981).
3.6.4 Reliability Analysis
All the multi-item constructs were evaluated in terms of internal consistency reliability by the Cronbach alpha coefficients. The findings showed high reliability rates in all scales: AI adoption in teaching (α = 0.85), AI adoption in marketing (α = 0.89), Service Quality Tangibility (α = 0.76), Service Quality Reliability (α = 0.82), Service Quality Responsiveness (α = 0.70), Service Quality Assurance (α = 0.91), Service Quality Empathy (α = 0.85), Overall Service Quality (α = 0.93), Trust (α = 0.89), Perceived Value (α = 0.86), Purchase Intention (α = 0.90), and Cultural Factors (α = 0.86).
The majority of the scales surpassed the established scale requirement of 0.80, and the Service Quality Responsiveness subscale (α = 0.70) was close to the 0.70 limit of exploratory research (Nunnally and Bernstein, 1994). The large alpha values showed that there were significant inter-item correlations and no redundancy because the values were not higher than 0.95, which could indicate redundancy of items (Streiner, 2003). All the scales had item-total correlations of between 0.45 and 0.82, which is within acceptable ranges, and this means that items were not redundant; rather, they represented their specific constructs (Clark and Watson, 1995).
[bookmark: _Toc228056571]3.7 Data Collection Procedures
3.7.1 Institutional Approvals
The data were collected once institutional approvals were received. The Ethics Committee approved the research under the IRB (Institutional Review Board) approval. The protocol of the research, which included the questionnaire, consent procedures, and data management plan, was ethically reviewed to ensure they were in agreement with the research ethics standards and the participant protection (World Medical Association, 2013). Administrative approval in participating schools was obtained by communicating with the school administration. The first contact was through official letters outlining the purpose of the research, the methodology, and the potential of the research to impact educational practice. Interested schools were sent information packages containing the questionnaire, consent forms, and guidelines for implementation. This was a systematic method that guaranteed institutional buy-in and ensured that data collection was smooth (Creswell and Poth, 2018).
3.7.2 Distribution Method
The entire data collection was done electronically using Microsoft Forms as the survey methodology. This online solution presented a number of benefits: automatic data grouping, minimised typing mistakes, greater access, a real-time view of reactions, and sustainability in terms of waste (Evans and Mathur, 2018). The fact that the platform was integrated with the security infrastructure of Microsoft provided security in both the encryption and safe storage of data. Each school was issued with special QR codes and direct links, and they distributed them to their communities. The QR codes were printed on information sheets which could be displayed in the common areas by the schools or be handed out at meetings. Direct connections were made via already available communication systems in schools such as email lists, parent portals, and learning management systems. This multi-channel approach was used in order to reach as many people as possible without making participation forced (Dillman et al., 2014).
3.7.3 Data Collection Timeline
Data collection took place between June 25 and September 10, 2025, deliberately spanning two academic periods, specifically, the end of the second semester 2024/25 and the first semester 2025/26. This timely intervention captured both the viewpoints of continuing students/parents (end of academic year) and new enrolees (beginning of academic year), which gave an all-inclusive picture of the effect of AI adoption at various levels of the educational experience (Fink, 2017). The long collection time also spanned the summer holiday period since it was known that during holidays more families may be available as compared to travelling. Periodic checking of the response rates indicated consistent attendance during the whole time, with the highest at the commencement and the end as part of the school term. The school channels were used to send weekly reminders in order to sustain momentum and increase the participation of individuals who had not responded yet (Saleh & Bista, 2017).
3.7.4 Response Rate and Data Quality
Of respondents logging in to use the questionnaire link, n=470 of the individuals were eligible, with 409 of those individuals giving complete and eligible responses, giving an 87.02% rate of eligibility and completion. Such a high completion rate indicated good interest in the topic of the research and good design of questions. The 61 rejected answers were mainly people who were not eligible to take the survey (e.g. not affiliated with Jeddah private schools) or those who gave up on the survey halfway. The quality of data was also improved through a variety of mechanisms provided by the Microsoft Forms platform. Critical item requirements made sure no blank data was available. Response validation barred invalid entries (e.g., text in numeric fields). Check questions ensured that the respondents were reading the items. Anonymity: IP address tracking (anonymised) prevented multiple submissions, and at the same time ensured anonymity of the participants. Such quality controls produced a clean dataset which needed less preprocessing (Couper, 2008).
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3.8.1 Descriptive Statistics
The first stage of data analysis used statistical methods of descriptive statistics to describe the sample and test the distributional characteristics of variables. The descriptive statistics provide the basis of data structure cognition and detecting possible problems prior to the conclusive inferential analyses (Tabachnick and Fidell, 2019). The values of central tendency (mean, median, mode) were computed to determine the average value of each variable, whereas the values of dispersion (standard deviation, variance, range) were used to determine how those values were dispersed around the central ones (Field, 2018). Categorical variables based on demographic characteristics, school type, and respondent categories were calculated using frequency distributions and percentages. Such descriptive analyses allow researchers to confirm that the sample is representative of the target population and show any unforeseen trends that may provide bias in future analysis (Hair et al., 2019). Also, analysis of minimum and maximum values was done to determine the possibility of errors or outliers in data entry that should be investigated (Pallant, 2020). Statistical evaluation of distributional assumptions was done using skewness and kurtosis measures. Skew values that range between -2 and +2 and Kurtosis between -7 and +7 are usually acceptable to assume normal distribution in social science research (Byrne, 2010). These tests are undertaken to make decisions regarding the use of relevant statistical methods because serious breaches of normality may require transforming the data or non-parametric substitutes (Kline, 2023).
3.8.2 Preliminary Reliability Testing
The internal consistency reliability was evaluated with the help of the Cronbach alpha coefficient, which is the most common scale reliability measure in social science studies (Cronbach, 1951). This statistic indicates the degree to which the items of a scale measure the same underlying construct in that it has a value of 0 to 1. Higher scale values mean high internal consistency (DeVellis, 2017). The established scales have a generally accepted reliability threshold of 0.70, and the exploratory research has a threshold of 0.60 (Nunnally and Bernstein, 1994). The Cronbach's alpha of all the multi-item constructs used in the research are given in Table 1. These coefficients of reliability were computed before the hypothesis testing so that there would be adequacy of the measurement.
The item-total correlation was also tested with the aim of determining whether each item was adding value to its scale. Those items whose item-total correlation was found to be corrected to lower than 0.30 would be considered for removal since they might not be measuring the same construct as other scale items (Field, 2018). Also, the alpha of the item deleted was checked to see which item would help to increase scale reliability significantly when removed (Hair et al., 2019).
3.8.3 Exploratory Factor Analysis
Five factor items of the measurement instrument were subjected to Exploratory Factor Analysis (EFA) to analyse the underlying factor structure and to determine construct validity (Costello and Osborne, 2005). EFA is also useful where a researcher wants to adapt the existing scales to new settings since it can determine whether the items place onto their respective factors as theorised (Worthington and Whittaker, 2006). To extract the factors, principal component analysis using varimax rotation was chosen because it maximises the variance accounted for and factors resulting are orthogonal, making their interpretation easier (Kaiser, 1974). Before EFA was conducted, two tests were done to determine the suitability of the data for factor analysis. The KMO measure of sampling adequacy was used to determine whether correlations between variables were of adequate size to conduct a factor analysis, and a value greater than 0.60 was regarded as acceptable and 0.80 as meritorious (Kaiser and Rice, 1974). The test of drift of the correlation matrix was used to test whether the correlation matrix is significantly different than an identity matrix, and the results were significant (p < 0.05), showing that the factor analysis was valid (Bartlett, 1950).
The criterion of eigenvalue-greater-than-one (Kaiser criterion) was used as the factor extraction criterion with the scree plot to gain insight into the optimal number of factors to retain (Cattell, 1966). To determine the sufficiency of the factor solution, the percentage of variance explained by each factor and cumulative variance explained were determined. The cumulative variance explained (60% and above) would typically be deemed satisfactory in social science research (Hair et al., 2019).
3.8.4 Correlation Analysis
It was intended that the bivariate correlation analysis would be conducted to investigate the strength and direction of the linear relationships between continuous variables using the Pearson correlation coefficient (Cohen et al., 2003). Correlation analysis can have several research applications: it helps to give early support to the hypothesised relationships, detects possible cases of multicollinearity, and prepares for later regression analyses (Tabachnick and Fidell, 2019). The Pearson correlation suits when the variables are continuous, are normally distributed, and the value of the variable is between -1 (perfect negative relationship) and +1 (perfect positive relationship) (Field, 2018). The interpretation of the correlation coefficients is in line with the provisions of Cohen (1988): small (r = 0.10–0.29), medium (r = 0.30–0.49), and large (r = 0.50 and above). These guidelines must, however, be applied within the context of particular research since what may be viewed as a small effect size in one research may be a large effect size in another (Ferguson, 2009). Correlation statistical significance was evaluated at p = 0.05 and p = 0.01 levels and Bonferroni adjustment was used on multiple comparisons to check the Type I error rate (Bland and Altman, 1995).
3.8.5 Multiple Regression Analysis
It was decided to use multiple regression analysis as the main method of testing direct relations between independent variables and the dependent variable (Keith, 2019). This statistical approach enables the study of the specific contribution of every predictor to be determined, taking into account the impact of the rest of the variables, making a more accurate evaluation of the links between the variables in comparison to simple bivariate correlations (Cohen et al., 2003). Of the various techniques available to estimate the parameters, the ordinary least squares (OLS) approach was selected because it gives unbiased estimates in the event that the regression assumptions are satisfied (Berry and Feldman, 1985).
Sequential regression (also referred to as hierarchical regression) was to be used to test the incremental value of various sets of variables in explaining the variation in the dependent variable (Petrocelli, 2003). This method consists of inputting predictors in a theoretical order, whereby the change in R² for each of the steps represents the extra variance new variables explain. The hierarchy method of approach is quite useful in testing theoretical models that have more than one level of influence (Wampold and Freund, 1987).
Before the regression analysis, a number of diagnostic tests were to be conducted to ensure that regression assumptions were met. Variance Inflation Factor (VIF) and tolerance were used to measure multicollinearity, where VIF has a benchmark of less than 10 and tolerance of more than 0.1 (O'Brien, 2007). The Durbins-Watson value was calculated to show whether the residuals had autocorrelation, with values between 1.5 and 2.5 indicating no autocorrelation (Field, 2018). Heteroscedasticity and non-linearity of the residual plots were checked, and normal probability plots were used to check the residual normality (Osborne and Waters, 2002).
3.8.6 Mediation Analysis
The mediation analysis was to be implemented with the help of Hayes (2023) PROCESS macro that has been applied to SPSS and is now considered the universal method of testing the influence of indirect effect in social science studies. The PROCESS macro has a number of strengths in comparison with conventional mediation strategies, including the Baron and Kenny (1986) method of causal steps or the Sobel test. In particular, it can compute confidence intervals of the indirect effects without normal distribution assumptions, that should be used to estimate the effect size, and can compute multiple mediators at once (Hayes, 2022). The most basic mediation hypotheses to be tested include simple mediation hypotheses, in which one mediator mediates the effect of an independent variable on a dependent variable. Model 4 of the PROCESS macro was chosen as the test. Serial mediation analyses were intended to be undertaken under Model 6, which involved sequential mediation chains in which each mediator might have an effect on another. The reason as to why the bootstrapping procedure was selected to construct a 95% bias-corrected confidence interval is that this is the same number of bootstrap samples that have been demonstrated to give consistent estimates at the same time as carrying out a computationally efficient bootstrapping process (Preacher and Hayes, 2008). The results of mediation interpretation would be provided with references to the latest guidelines outlining various types of mediation. Complete mediation is a situation whereby the direct effect becomes insignificant in the presence of a mediator and partial mediation is a condition where both the direct and indirect effect is significant. Nevertheless, the significance and magnitude of indirect effects are at the centre of the modern mediation analysis as opposed to classifying the type of mediation (Hayes, 2022). The partially standardised indirect effect would then be used to compute effect sizes of the indirect effects; it will show the change in the dependent variable in response to a unit change in the independent variable via the mediator (Preacher and Kelley, 2011).
3.8.7 Moderation Analysis
Moderation analysis was administered to determine whether the degree or direction of relationships between variables was contingent upon the level of the third variable (Baron and Kenny, 1986). The PROCESS macro-Model 1 was chosen to test moderation hypotheses because it provides a complete output with the effects of interactions, conditional effects at various levels of moderators, and the Johnson-Neyman method to determine the areas of significance (Hayes, 2022). This method is better than the traditional moderation analysis because it gives more detailed information about the nature of interaction effects (Aiken and West, 1991). Continuous variables were mean-centred, and interaction terms were created to minimise multicollinearity between main and interaction effects and enhance the interpretation of regression coefficients (Iacobucci, Schneider, Popovich, and Bakamitsos, 2016). Significant interactions were probed with the use of the pick-a-point method, and conditional effects were investigated at the 16th, 50th, and 84th percentile levels of the moderator which are low, moderate, and high respectively (Hayes, 2022). The Johnson-Neyman technique was employed to determine the exact values of the moderator at which the relationship between independent and dependent variables became non-significant or significant, providing a more comprehensive picture of the moderation effects than conventional simple slopes analysis (Johnson and Neyman, 1936; Bauer and Curran, 2005). This method is more useful when the moderator is continuous because it does not impose arbitrary classification of continuous moderators into discrete groups (MacCallum, Zhang, Preacher, and Rucker, 2002).
3.8.8 Multicollinearity Diagnostics
Since the notions of certain constructs overlap conceptually (e.g., service quality and trust), detailed multicollinearity diagnostics had to be conducted. In addition to VIF and tolerance statistics, the condition index and the percentage of variance of collinearity diagnostics were taken on. The condition indices of above 30 with a genus proportion of more than 0.50 of two or more variables would be indicative of a problematic multicollinearity that needs remedial measures (Belsley, Kuh, and Welsch, 1980).
3.8.9 Software and Analytical Tools
The choice of statistical software was predetermined by the peculiarities of the strength of each platform in the various analytical processes. The analytical platform of SPSS 31 was chosen as the main one since it has the full range of statistical functions, is easy to use, and is accepted in the majority of social science studies (IBM Corporation, 2022). Descriptive statistics, reliability analysis, factor analysis, correlation analysis, and regression modelling were performed in SPSS. The resulting format can be easily displayed in a clear manner and is commonly known to most researchers and reviewers in the industry (Pallant, 2020). The mediation and moderation analysis were combined with SPSS, and the PROCESS macro version 5 (Hayes, 2022) was also introduced. It is a macro that allows the use of bootstrap confidence intervals, conditional effects, and other measures of effect size that SPSS does not normally support in its standard procedures. The templates that are supplied in the model are the most prevalent mediation and moderation designs, guaranteeing consistency and validity in the testing of complex hypothesised relationships (Hayes, 2022). Python programming language was used to perform extra analyses and data visualisation utilising libraries like pandas to manipulate data, numpy to perform mathematical operations, matplotlib and seaborn to make sophisticated visualisations, and scipy to conduct other statistical tests (McKinney, 2017). Python flexibility was also used to make custom analyses and generate quality graphics not easily accessible in SPSS. Initial data screening, summary tables, and format transformation were done in Microsoft Excel because the tool was familiar and easily manipulated to perform simple data management operations (Winston, 2019).
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3.9.1 Informed Consent
The process of informed consent was in accordance with the international research ethics standards, as the participants were aware of the nature and goal of the study and their rights (Beauchamp and Childress, 2013). The questionnaire was preceded by a detailed information sheet that described the aims of the research, procedures, possible benefits and risks of the research, data management processes, and rights of the participants. Consent was made explicit by the checkboxes on agreeing before being able to access the main questionnaire. Those who failed to offer the required consent were automatically removed from the survey. In the case of the participants below the age of 18 years (16–17-year-old students), student assent and parental permission were obtained in the consent procedure. Parental notification and consent were collected in schools for minor participants. The consent forms highlighted the voluntary nature of the study, the freedom to withdraw at any time without penalty, and no adverse effects of non-participation. This all-inclusive approach guaranteed ethical considerations and allowed autonomy of participants (National Commission for the Protection of Human Subjects, 1979).
3.9.2 Privacy and Confidentiality
The privacy of participants was ensured by ensuring complete anonymity of the responses. The Microsoft Forms platform was set up in a way that it did not gather any identifying details like names, email addresses, and IP addresses other than what was required to perform quality control. There was also protection of school identities as there were no questions that required the name of a particular school. Such an anonymisation strategy motivated honest answers and prevented any unwanted impact on the participants in case of participating in the research (Surmiak, 2018). The confidentiality of the data was ensured by the means of safe storage and access control. The data of SurveyMonkey was saved in a Microsoft cloud system with password-protected and multi-factor authentication. Raw data files were only available to the primary researcher. Any information that was provided to the supervisor or to check validity was de-identified and summarised. These precautions were beyond the normal educational research data protection requirements (British Educational Research Association, 2018).
3.9.3 Data Protection and Storage
Data security was ensured according to the best practices of managing digital research data. Microsoft Forms offered the enterprise-level security of data encryption both during transit and storage, periodic security audits, and adherence to international data protection laws such as GDPR. Cloud storage in secure backup copies was used to avoid the loss of data. All data access attempts were also tracked and accessed through access logs which gave an audit trail used to monitor security (UK Data Service, 2022). Within the data retention plan, the raw data would be held until thesis completion and defense, after which it would be destroyed securely. Anonymised and aggregated data could be stored longer in case of publication, although such data would not include any potentially identifying information. This retention plan combined the integrity and privacy protection of research with the protection of participants' privacy (Australian National Data Service, 2018).

3.9.4 Risk and Benefit Assessment
The research was not very risky to the participants as it was mainly constrained by the time needed to complete the questionnaire (12–15 minutes). There was no personal data gathered of a sensitive nature, and questions were more about the perceptions and attitudes of the respondents as opposed to the personal behaviours. No social or professional risk of participation was caused by the anonymity of data collection. The psychological distress was not significant because questions on educational services were neutral (Council for International Organizations of Medical Sciences, 2016). The advantages of participation were a contribution to the body of knowledge on the implementation of educational technology that can enhance education services in Saudi Arabia. Although the participants were not compensated directly, the research results may be used to shape the institution's policies and practices that lead to improved quality of education for all stakeholders. Aggregate reports on the results were provided to schools that might be used to inform their technology adoption. This was a positive risk-to-benefit ratio, which aided the moral defence of the study (Emanuel, Wendler, and Grady, 2000).
3.9.5 Cultural Sensitivity
The research design was culturally sensitive so that it was suitable in a Saudi Arabian context. The construction of the questions was done in a manner that would not infringe upon cultural values but would help to get the required research information. The incorporation of cultural factors as one of the major variables recognised the roles played by cultural considerations in the decisions to adopt technology. Arabic translation was also done to ensure that the linguistic access of all participants was not dependent on their command of English (Liamputtong, 2010). The aspect of gender was tackled by allowing both genders' identities to fill the survey on their own and in a confidential way using electronic media. The Internet-based means of distribution circumvented possible cultural limitations on the mixed-gender research practices. Income questions contained the ‘prefer not to answer’ option in respect of privacy concerns that are practiced in Saudi culture. Such modifications showed respect to local cultural norms and still ensured the rigour of the research (Al-Saggaf and Williamson, 2004).
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The chapter introduced the methodology of the entire approach conducted to research the adoption of AI in private schools and its effects on intention to purchase educational services. The research followed the positivist philosophy and deductive, quantitative approach that is suitable in testing hypothesised relationships between variables. The cross-sectional survey design allowed effective data gathering from 409 respondents (159 students and 250 parents) in the private schools throughout Jeddah, Saudi Arabia which was more than the calculated minimum sample size of 383 respondents. The research tool included validated scales applied to the educational technology setting, that determined AI adoption in teaching and marketing, perceived service quality, trust, perceived value, purchase intention and cultural variables. Each of the scales was highly reliable (Cronbach alpha greater than 0.70) and valid (face, content, and construct validation). The online response through Microsoft Forms in June–September 2025 had a response rate of 87.02 percent of those eligible to respond to the questionnaire. The analysis of the data used complete statistical methods such as descriptive statistics, correlation analysis, multiple regression analysis, and the more sophisticated mediation-moderation analysis based on the Hayes PROCESS macro. These analyses allowed the 12 research hypotheses to be tested in a rigorous way, taking into consideration the complicated nature of the relationships between the variables. Ethical issues were also well managed by applying informed consent protocols, data anonymisation, safety measures on data storage facilities, and cultural sensitivity, which not only preserved the privacy of participants but also the integrity of the research. The rigour and completeness of the methodology offer certainty of the validity and reliability of the results presented in the following chapters.
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RESULTS
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This chapter details the findings of the empirical research conducted to determine how the adoption of AI in the area of private schools has influenced the intention to make a purchase of educational services. The data analysis includes the information obtained from 409 respondents, including students and parents/guardians of private and international schools in Jeddah, Saudi Arabia. Presentation of the results is in a systematic order starting with initial screening of data and demographic profiling; the next step is measurement validation and finally completing hypothesis testing. The chapter structure is shaped by the research questions set out in Chapter 1, as the development of the paper is logical, starting with descriptive results and then inferential analyses. Section 4.2 deals with response rates and data preparation procedures and forms the basis of further analyses. Section 4.3 also gives detailed demographic characteristics of the sample, which will give some insight into the composition and representativeness of respondents. Chapter 4.4 shows the descriptive statistics of all the variables of the study, exposure to the central tendencies and distribution characteristics that guide analysis decisions. Section 4.5 displays the findings of the measurement validation that includes reliability and validity tests that establish the psychometric suitability of measurement instruments. Section 4.6 evaluates the statistical assumptions that apply to the analytical procedures used, thereby indicating that parametric procedures are adequate. Section 4.7 begins the correlation analysis, which shows early trends of variable association and preliminarily explores whether the variables are correlated as hypothesised. The most important part of the chapter is Section 4.8 in which the detailed results of hypothesis testing are presented, conducting several regression analyses, mediation, and moderation tests to investigate the rather complicated relationships between adoption of AI, the dimensions of service quality, and purchase intention. More group contrast and moderating effects of cultural factors analyses are pursued in Section 4.9 and add to the knowledge base on contextual effects. Section 4.10 is the last part of the chapter, which summarises the main results and provides the basis of discussion and interpretation in Chapter 5.
 In this chapter, outcomes are not discussed in such a way that they are interpreted but rather left to speak for themselves. Conventional statistical values (p < 0.05 and p < 0.01) are used to determine statistical significance, and practical significance is indicated by the effect sizes. Textual presentation is complemented by tables and figures, which make it easy to understand complicated statistical correlations and have the required academic rigour to meet the standards of doctoral research. 
[bookmark: _Toc216904147][bookmark: _Toc228056577]4.2 Response Rate and Data Cleaning
[bookmark: _Toc216904148]4.2.1 Survey Distribution and Response Collection
The data collection process commenced on June 25, 2025, and concluded on September 10, 2025, lasting approximately 11 weeks based on the academic calendar and allowing for as many opportunities as possible. The questionnaire (in the form of an electronic questionnaire) sent out on Microsoft Forms was shared with both domestic and foreign schools in Jeddah through institutional networks. The school administrations also helped in distribution by sending the survey link and QR code to the communities that were served by the administration of the schools through official means such as email systems, parent portals, and student information systems. The original sample constituted an estimated population of 2,500 potential respondents (the number of schools from which the sample was composed). The questionnaire link was accessed by 470 people, which means the response rate was 18.8 on the first attempt. Such a response rate is in keeping with the expectations of electronic surveys in educational contexts, especially when participation is voluntary and the eligibility criteria are limited to affiliation with private schools in Jeddah. Out of the 470 survey respondents who accessed the survey, 409 completed all of the necessary items and passed all the eligibility criteria, which presented a completion rate of 87.02. Such a high completion rate is an indicator of well-designed questionnaires, of the right length, and good interest in the topic of the research among the available participants. The 61 non-complete or non-eligible responses were reviewed systematically in order to determine the patterns that could be used in future research designs or unknown sampling disadvantages.
[bookmark: _Toc216904149] 4.2.2 Data Screening and Cleaning Procedures
The data cleaning was systematically done to maintain data quality and analytical integrity. The first screening detected 61 cases that were to be excluded according to the predetermined criteria. The sample size was reduced to 23 participants (4.9 per cent of the number of first-hand responses), who did not fit the eligibility criteria, mostly people who were not members of private schools in Jeddah or students younger than 16 years old. Eighteen participants (3.8%) were eliminated because of too much missing data, which was non-response to over 20 per cent of survey questions. These situations were generally survey abandonment as opposed to selective non-response. Twelve cases (2.6%) displayed response patterns that indicated poor attention or engagement, which were detected by failed attention check questions that were included in the questionnaire. These items required the respondents to choose particular response options (e.g., “Please choose Agree in this item to make sure that it was read carefully) to ensure that it was read attentively. Eight other cases (1.7%) demonstrated an invariant response pattern, selecting the same response option in all items regardless of the item content and reverse coding, indicating that there was bias in the responses or they were not being engaged. The inherent validation options for the Microsoft Forms platform reduced the number of data errors by limiting the response format options and having mandatory items to be filled. In turn, the resulting dataset of 409 cases included no missing values of variables being analysed, which ruled out the necessity of imputation procedures. IP address tracking with anonymity ensured that there were no multiple submissions with the same device, which meant independence of observations.
[bookmark: _Toc216904150] 4.2.3 Outlier Detection and Treatment
The presence of univariate outliers was evaluated based on standardised z-scores, and the outliers that were above +-3.29 were regarded as possible outliers that should be investigated (Tabachnick and Fidell, 2019). It was analysed that there were 11 cases who had z-scores above this range on one or more variables. Still, analysis of these cases showed that there were valid response patterns, which were in line with strongly held opinions and not errors in data entry and biased responses. As an example, a number of the respondents indicated extremely high levels of satisfaction with AI-enhanced educational services, which was not a measurement error but true positive experiences. Mahalanobis distance was assessed as an evaluation of multivariate outliers, whereby each case was assessed by the distance between the case and the centroid of all cases in the multidimensional space. It contains seven key variables, and the critical chi-square at p < 0.00 was 24.32. Six cases surpassed this level, indicating abnormal combinations of responses between variables. Research on these cases showed that the respondents had distinct profiles, e.g., high satisfaction levels with AI adoption and low purchase intention because of cost factors, which are a valid but unusual pattern of responses in the population. Since the identified outliers were real variability of responses and not errors, and their inclusion did not have a significant impact on outcomes according to sensitivity analysis, they were all included in the analysis. The latter choice retains the entire spectrum of population attitudes with analytical integrity since current powerful statistical methods have the capacity to tolerate modest deviations in ideal distributions.
[bookmark: _Toc216904151][bookmark: _Toc228056578]4.3 Demographic Characteristics of the Sample
[bookmark: _Toc216904152]4.3.1 Respondent Categories
[bookmark: _Toc227161639]The sample of 409 participants obtained almost the same representation of the two major stakeholder groups of 205 students (50.1) to 204 parents or guardians (49.9). This equal representation increases the opportunities of this study to take into consideration the views of direct receivers of the service (students) and the views of the decision-makers (parents), which will give a holistic picture of the impact of AI adoption on the perception of educational services. There was a minor female preponderance in gender distribution that had 211 female respondents (51.6) and 198 male respondents (48.4). This distribution is rather close to the regional demographic trends and indicates sufficient gender representation. The close balance in the gender distribution reduces the risks of gender bias in the results and promotes the ability to generalise the findings to the rest of the gender groups of the target population.

Table 1 
Demographic Characteristics of Participants (N = 409)
	Variable
	Category
	Frequency
	Percentage

	
	
	
	

	Relationship to School
	Student
	205
	50.1%

	
	Parent/Guardian
	204
	49.9%

	
	
	
	

	Gender
	Male
	198
	48.4%

	
	Female
	211
	51.6%

	
	
	
	

	Age Group
	16–25 years
	187
	45.7%

	
	26–35 years
	89
	21.8%

	
	36–45 years
	76
	18.6%

	
	46+ years
	57
	13.9%

	
	
	
	

	Education Level
	High School or Less
	112
	27.4%

	
	Bachelor's Degree
	198
	48.4%

	
	Graduate Studies
	99
	24.2%

	
	
	
	

	Monthly Household Income (SAR)
	Less than 15,000
	67
	16.4%

	
	15,000–24,999
	98
	24.0%

	
	25,000–34,999
	112
	27.4%

	
	35,000–49,999
	76
	18.6%

	
	50,000+
	56
	13.7%

	Annual School Fees (SAR)
	Less than 25,000
	89
	21.8%

	
	25,000–35,000
	134
	32.8%

	
	35,001–50,000
	112
	27.4%

	
	More than 50,000
	74
	18.1%

	Nationality
	Saudi
	287
	70.2%

	
	Non-Saudi Arab
	67
	16.4%

	
	Western
	23
	5.6%

	
	Asian
	25
	6.1%

	
	African
	7
	1.7%


[bookmark: _Toc216904158][bookmark: _Toc228056579]The cross-tabulation of type of respondents with gender was interesting, with female students constituting 27.4% of the total sample and male students 22.7%. Males were found among parents, which stood at 25.7%; females were 24.2%. These distributions imply similar gender distribution in each category of respondents, which is used to make analytical comparisons in both dimensions.
[bookmark: _Toc216904025][image: صورة تحتوي على نص, رسم بياني, لقطة شاشة, دائرة

قد يكون المحتوى الذي تم إنشاؤه بواسطة الذكاء الاصطناعي غير صحيح.][image: صورة تحتوي على نص, لقطة شاشة, رسم بياني, مستطيل

قد يكون المحتوى الذي تم إنشاؤه بواسطة الذكاء الاصطناعي غير صحيح.]Figure 2: Distribution of Respondents by Category
[bookmark: _Toc216904026][bookmark: _Hlk232587195]Figure 3: Gender Distribution N=409
[bookmark: _Toc216904153]4.3.2 Age Distribution
The age structure was an indicator of the different developmental levels and generational orientations in the sample. The biggest category consisted of respondents aged 16–25 years (187 respondents, 45.7%) and was mostly represented by the student body and parents of younger ages. A total of 89 respondents (21.8) fell in the 26–35 years age group, and 76 respondents (18.6) were in the age group 36–45. The largest category was the oldest men aged 46 years and above, with 57 respondents (13.9%). This age distribution represents views across generational boundaries, especially where the studies on technology adoption are concerned; age is likely to affect technology acceptance and technology use patterns. The large share of respondents of a younger age (67.5% aged below 35 years) represents the demographics of private schools around Jeddah since the vast majority of parents are young professionals who want to get a high-quality education for their children.
[image: صورة تحتوي على نص, لقطة شاشة, رسم بياني, تخطيط

قد يكون المحتوى الذي تم إنشاؤه بواسطة الذكاء الاصطناعي غير صحيح.]
[bookmark: _Toc216904027][bookmark: _Hlk232587287]Figure 4: Age Distribution
[bookmark: _Toc216904154]4.3.3 Educational Background
The level of education in the sample was indicative of the high socioeconomic status that is related to attending a private school in Saudi Arabia. Besides, the respondents were well-educated, with most of them having bachelor's degrees (198 respondents, 48.4%). The sample was made up of 24.2 per cent of graduate degree holders (99 respondents) indicating a very educated population with high academic qualifications. The number of 
respondents with high school education or lower made up 27.4% of the sample (112 respondents), and mostly, they were current students who had not yet attained higher education. This educational distribution gives valuable background to the interpretation of patterns of technology adoption since the education level is often associated with technology literacy and acceptance of educational innovations. 
The high educational level of parent respondents (72.6% with bachelor’s degrees or higher) can indicate informed consumers who can make a critical assessment of the quality of educational services and the effectiveness of the integration of technologies. This teaching profile upholds the soundness of the answers to such complicated constructs like the benefits of AI adoption and service quality dimensions.
[bookmark: _Toc216904028][bookmark: _Hlk232587383][image: ]Figure 5: Educational Background Distribution
[bookmark: _Toc216904155]4.3.4 Household Income Distribution
The monthly household income distribution showed that there was significant economic differentiation in the sample, as payment of the fee at the private schools of Jeddah was different according to the different markets that the schools targeted. A significant portion of the earnings from the largest income range of 25, 000–34,999 SAR per month (112 respondents, 27.4%), showed a middle- to upper-middle-class family income. The second-largest category had a reported income of 15,000–24,999 SAR (98 respondents, 24.0%), and 76 respondents (18.6) had a reported income of 35,000–49,999 SAR/month. 
[image: صورة تحتوي على نص, رسم بياني, لقطة شاشة, خط

قد يكون المحتوى الذي تم إنشاؤه بواسطة الذكاء الاصطناعي غير صحيح.]High-income households with an income of 50,000 SAR or above per month constituted a sample size of 13.7 (56 respondents), which depicts families with large disposable income for premium educational services. On the other hand, 16.4% of respondents (67 respondents) indicated that they earn less than 15,000 SAR in the household, which means that there are middle-income households constituting 16.4% of respondents in the study.
[bookmark: _Toc216904029][bookmark: _Hlk232587424]Figure 6: Household Income Distribution
[bookmark: _Toc216904156]4.3.5 School Fee Structure
The allocation of school fees annually gave an idea of the economic commitment needed to obtain a private school education as well as the variability of institutions in the sample. The most common modal category comprised 25,000–35,000 SAR/year (134 respondents, 32.8%), which equated to mid-tier private schools. Schools that charged 35,001–50,000 SAR/year had 27.4% of the respondents (112 participants), and premium institutions charging over 50,000 SAR/year had 18.1% (74 respondents) of the respondents. The percentage of respondents in budget-conscious private schools that charged less than 25,000 SAR per annum was 21.8 percent (89 participants). The allocation of this fee shows that the sample represents the entire range of available educational institutions in Jeddah, including accessible community schools and highly qualified international institutions, which can improve the applicability of all the findings to the various market segments. The existing tendencies were confirmed, and sufficient points of variation to indicate that families make differentiated decisions were found due to the correlation between the income of the household and the school fees (r = 0.62, p = 0.00). Annual School [image: ]Fees Distribution Figure 6. 
[bookmark: _Toc216904030][bookmark: _Hlk232587488]Figure 7: Nationality Distribution
[bookmark: _Toc216904157]
4.3.6 Nationality Composition
The nationality was representative of the cosmopolitan nature of Jeddah, being a large commercial centre that attracts foreigners to live. The majority, 70.2% (287 respondents) was made up of Saudi nationals, as their cultural values and educational priorities dominate the market for the local population. The non-Saudi Arabians of the sample amounted to 16.4% (67 respondents), which reflected high populations of expatriates who are citizens of neighbouring countries.
The Western nationals were 5.6% (23 respondents), and Asian nationals were 6.1% (25 respondents), with the majority being from South and Southeast Asian countries with well-established communities in Jeddah. The African nationals were 1.7% (7 respondents). Such a nationality blend makes the study more diverse and brings different cultural attitudes to the understanding of the adoption of educational technologies and expectations of the quality of the services.
4.4 Descriptive Statistics for Study Variables
[bookmark: _Toc216904159]4.4.1 AI Adoption in Teaching
The composite variable of AI adoption in teaching produced a mean of 5.29 (SD = 1.14) on the 7-point scale, with the mean being moderately high regarding the perceived adoption of AI technologies in teaching practices. Such an average, which is above the middle, is an indication that, overall, respondents are aware of the importance of the integration of AI in teaching practices, but there is a significant opportunity to improve it.
Analysis of individual items showed that there was variation in individual AI applications. Learning platforms that are adaptive got the highest ratings (M = 5.51, SD = 1.23) which indicated successful application of customised learning technologies. The systems of intelligent tutoring were rated as moderately adopted (M = 5.32, SD = 1.29), whereas AI-enhanced assessment tools were rated marginally lower (M = 5.18, SD = 1.31). The lowest adoption levels were observed in AI-powered content creation and personalised curriculum (M = 5.14, SD = 1.35), which may also refer to the limitations in the use of technology or resources. The distribution had negative skewness (-1.16), meaning that responses are concentrated on larger values, and a majority of respondents viewed moderate or greater AI adoption in teaching. The kurtosis value of 1.09 was also an indication of a slightly peaked distribution relative to normal, which indicated consensus on moderately positive levels of adoption. These distributional traits justify the application of parametric statistical methods, but they tolerate minor violations of normality.
[bookmark: _Toc216904160]4.4.2 AI Adoption in Marketing and Communication
The implementation levels of AI in marketing and communication functions (M = 5.21, SD = 1.13) were slightly lower than those of teaching applications. This observation indicates fairly equal AI implementation in fields of operation, but those related to education are given slightly higher priority/visibility. Analysis of particular marketing applications showed that the most evident AI application was the use of chatbots to respond to admission-related inquiries (M = 5.45, SD = 1.24). Implementation of personalised communication using AI-based email marketing was moderate (M = 5.18, SD = 1.28), and predictions of enrolment using predictive analytics were lower (M = 4.99, SD = 1.41) as it might be that this is more complex technically or this is not a field of expertise. The values of skewness (-1.18) and kurtosis (0.95) revealed that the distributions were similar to those of teaching adoption, with most of the scores leaning towards positive perceptions. The similarity in the pattern of distributions within domains of AI adoption indicates that the response patterns are systematic as opposed to random, which indicates measurement reliability.
[bookmark: _Toc227161640][bookmark: _Hlk232587598]Table 2 
Descriptive Statistics for Study Variables (N = 409)
	Variable
	Mean
	SD
	Skewness
	Kurtosis
	Min
	Max

	AI Adoption in Teaching
	5.29
	1.14
	-1.16
	1.09
	1.00
	7.00

	AI Adoption in Marketing
	5.21
	1.13
	-1.18
	0.95
	1.00
	7.00

	Perceived Service Quality
	5.33
	0.99
	-0.75
	0.05
	1.89
	7.00

	Trust
	5.44
	1.09
	-1.44
	3.10
	1.00
	7.00

	Perceived Value
	5.26
	1.14
	-1.09
	0.71
	1.00
	7.00

	Purchase/Continuance Intention
	5.24
	1.16
	-1.37
	2.50
	1.00
	7.00

	Cultural Factors
	5.98
	1.08
	-2.36
	6.44
	1.00
	7.00


Note. All variables measured on a 7-point Likert scale (1 = Strongly Disagree, 7 = Strongly Agree).
[bookmark: _Toc216904161]4.4.3 Perceived Service Quality Dimensions
The total perceived service quality had a mean score of 5.33 (SD = 0.99), showing that people positively rated the services related to education in the dimensions of SERVQUAL. The standard deviation is also lower than for other constructs, which indicates a higher level of agreement on service quality perceptions. The dimension analysis conducted on individuals showed subtle trends in quality perceptions in service delivery dimensions. The tangibility dimension, including physical facilities and technology infrastructure, scored the highest (M = 5.52, SD = 1.05). This discovery shows how modern facilities and learning technology, such as classrooms equipped with AI and digital learning materials, are invested in by private schools. The scores on tangibility are high, which confirms the focus on the physical evidence in service marketing, which is especially appropriate in educational settings where facilities indicate the level of quality in an institution. Reliability, which is a measure of consistency and dependability in service delivery, performed well (M = 5.41, SD = 1.08). The respondents liked the fact that schools were able to provide educational services as promised, have academic schedules, and stable operation of technology platforms. The variability is low, indicating homogeneous experiences of reliability among institutions. The scores on responsiveness (M = 5.31, SD = 1.12) reflected unsatisfactory but capable service delivery and a desire to help the stakeholders. The slightly increased standard deviation alludes to the varying experiences that may be based on the difference in the institutional resources or staff training in the use of technology in service delivery. Assurance dimensions, which represent the capacity and skills of the staff to generate confidence, scored moderately (M = 5.28, SD = 1.15). Although these scores are positive, they indicate that further improvement of staff competence is possible, especially in terms of the explanation of AI technology and its support. The connection of AI adoption and assurance perceptions is a topic to be explored in greater detail in hypothesis testing. The least positive scores were empathy, which measures individualised attention and care (M = 5.19, SD = 1.18). This observation may be indicative of the difficulties in sustaining individual relationships as technology-mediated education delivery is applied. The dilemma between the efficiency of automation and individual attention is one of the most crucial issues of AI-improving institutions.
[bookmark: _Toc216904162]4.4.4 Trust in Educational Institution
The study variables with the highest mean scores were in the trust measure (M = 5.44, SD = 1.09), showing that people have a lot of confidence in the competence and benevolence of private schools. Both high levels of trust give a basis for technology adoption acceptance because stakeholders will think that institutions will introduce AI in a responsible and beneficial manner. Multidimensional trust development was seen in component analysis. Competence-based trust, which indicates faith in the schools to provide good education, had the best ratings (M = 5.56, SD = 1.14). Trust based on benevolence, the assumption that schools are concerned with the welfare of students, gave high scores (M = 5.41, SD = 1.18). Moderate ratings were obtained for integrity-based trust, which perceived schools as honest and ethical (M = 5.35, SD = 1.21). Its negative skew (-1.44) and high kurtosis (3.10) showed that the distribution was strongly concentrated about the values of high trust with few low-trust respondents. This trend indicates that the very process of privately choosing a school implies the formation of trust, and the subsequent course of studies preserves it.
[bookmark: _Toc216904163]4.4.5 Perceived Value
The measurements of perceived value generated a mean score of 5.26 (SD = 1.14), which showed a positive perception of the investments in private education, albeit with variation in the value perceptions. The standard deviation of the construct indicates varied evaluation of values that may be based on individual financial conditions, alternative choices, and perception of benefits. The perceptions of value for money exhibited the highest variability (M = 5.17, SD = 1.28) indicating the various images people have about whether tuition fees warrant the benefits they receive. Higher ratings were found for comparative value to other schools (M = 5.31, SD = 1.19) which implies that the schools have been positioned favourably compared to the competition. Highest scores were found in future value expectation, which shows the expectations of long-term benefits of AI-enhanced education (M = 5.35, SD = 1.16). The skewness (-1.09) was negative, which was an indication that the value perceptions were mainly on the positive side, with a moderate value on the kurtosis (0.71) indicating that the distribution was rather normal about the positive mean. The patterns confirm that value perception is a valuable distinguishing factor among the respondents and this may mediate some associations between service quality and behavioural intention.
[bookmark: _Toc216904164]4.4.6 Cultural Factors
The greatest mean scores are shown to be cultural (M = 5.98, SD = 1.08), demonstrating the key role of culture in making educational decisions in Saudi Arabia. The scores were high, which indicates that the stakeholders are expecting schools to be progressive in technology but at the same time maintain culture. The centrality of Islamic values in Saudi educational preferences was evident, with religious compatibility being the most important factor (M = 6.21, SD = 1.09). Modernity versus tradition was heavily emphasised (M = 5.93, SD = 1.15), suggesting the presence of the wish to have a progressive education that does not neglect cultural heritage. A moderately but significantly important aspect of cultural sensitivity in the implementation of AI (M = 5.80, SD = 1.21) was observed. The severe negative skewness (-2.36) and large value of the kurtosis (6.44) of the distribution supported the existence of a unanimous opinion on the significance of cultural factors, with only a small range of differences among respondents. This trend highlights the uncompromising position of cultural considerations in the provision of educational services and that needs to be taken into consideration in technology implementation strategies.
[bookmark: _Toc216904165][bookmark: _Toc228056580]4.5 Measurement Instrument Assessment
[bookmark: _Toc216904166]4.5.1 Reliability Analysis
Measurement properties of all constructs were found to be high, as the internal consistency reliability assessment was performed based on the Cronbach alpha coefficients. The reliability analysis conducted a thorough approach of constructs and subscales, which proved measurement reliability at a variety of analytic levels.
[bookmark: _Toc227161641][bookmark: _Hlk232587752]Table 3 
Reliability Analysis (Cronbach's Alpha) for Study Constructs
	Construct
	Number of Items
	Cronbach's α
	95% CI

	AI Adoption in Teaching
	4
	0.85
	[0.82, 0.87]

	AI Adoption in Marketing
	4
	0.83
	[0.81, 0.85]

	Service Quality: Tangibility
	2
	0.79
	[0.76, 0.82]

	Service Quality: Reliability
	2
	0.81
	[0.78, 0.84]

	Service Quality: Responsiveness
	2
	0.80
	[0.77, 0.82]

	Service Quality: Assurance
	2
	0.82
	[0.80, 0.85]

	Service Quality: Empathy
	2
	0.80
	[0.77, 0.83]

	Perceived Service Quality (Overall)
	10
	0.91
	[0.90, 0.92]

	Trust
	3
	0.87
	[0.85, 0.89]

	Perceived Value
	3
	0.83
	[0.81, 0.86]

	Purchase/Continuance Intention
	4
	0.89
	[0.87, 0.90]

	Cultural Factors
	3
	0.86
	[0.84, 0.88]


Note. All Cronbach's alpha values exceed the recommended threshold of 0.70 (Nunnally & Bernstein, 1994).
All constructs had higher than conventional 0.70 acceptable reliability, and most of them were beyond the 0.80 level of good reliability. Overall quality of service composite was found to be very reliable (α = 0.91), which favours the aggregate dimensional scores in some of the analyses. The dimensions of individual service quality showed an adequate to good scale of reliability even though each of the dimensions has only two items, which proves that the SERVQUAL framework can be used in the situation. Ranging between 0.52 and 0.81, item-total correlations of all scales were very high as no redundancy existed. There was no corrected item-total correlation less than 0.40, indicating that every item is contributing to its construct meaningfully. The "Cronbach's Alpha if Item Deleted" analysis showed that deleting any of the items would not lead to a meaningful increase in the scale's reliability coefficient, supporting the retention of all measurement items in the final instrument.
[bookmark: _Toc216904167][bookmark: _Toc228056581]4.6 Exploratory Factor Analysis
Principal component analysis with varimax rotation was used as a method of exploratory factor analysis (EFA) to analyse the underlying structure of the measurement model. Sampling adequacy, as determined through the KMO, was 0.68, which was greater than the 0.60 minimum and was close to 0.70, which is moderate. The test of sphericity by Bartlett was very significant (χ² = 20234.01, df = 465, p < 0.00), which validated the fact that there are enough inter-item correlations to extract meaningful factors.
[bookmark: _Toc227161642][bookmark: _Hlk232587840]Table 4 
Exploratory Factor Analysis Results
	Metric
	Value

	Kaiser-Meyer-Olkin (KMO) Measure
	0.68

	Bartlett's Test of Sphericity
	

	- Chi-Square
	20234.01

	- df
	465

	- Significance
	< 0.00

	Variance Explained
	

	Component 1
	27.69%

	Component 2
	18.55%

	Component 3
	17.56%

	Component 4
	7.71%

	Component 5
	5.53%

	Component 6
	4.29%

	Total Variance Explained
	81.33%


Note. Extraction method: Principal Component Analysis with Varimax rotation.
There were six factors extracted in the analysis with eigenvalues of more than 1.0, which have a cumulative effect on explaining 81.33% of the total variance. This explanation of variance has a significant margin because it goes beyond 60 percent, which is usually believed to be an acceptable threshold in a social science study. The first one explained 27.69 of the variance, which indicates a strong overall general factor that may indicate overall satisfaction or impressions of quality. Factor loadings showed some obvious patterns as per theoretical expectations. Items involving AI adoption were divided into specific teaching and marketing factors, which proved conceptual differentiation between functional areas. Items related to service quality were mostly loaded on one factor with auxiliary loadings on the dimensional factors, and they support both the unidimensional and multidimensional conceptualisations. The perceived value, trust, and purchase intention were seen to have individual factors with high loading (> 0.70) on the item. The cross-loading was low, and no one item had any loading greater than 0.40 on two or more factors. This clean factor structure justifies the discriminant validity among constructs and verifies convergent validity among constructs. The construct validity of the measurement model is justified by the correspondence of the empirical factor structure with the conceptualisation. 
Although the six-factor solution only accounted for 81.33% of the total variance, the remaining 18.67% variance that was not explained is worth considering. This measurement error could be due to several issues: (a) measurement error being inherent for self-report measures, (b) differences in interpretation of the items by respondents, or (c) the possibility of construct complexity that is not adequately modelled by the current measurement model.
The fact that the first factor was relatively high in terms of the amount of variance it explained (27.69) suggests that all the constructs could have a general evaluative factor. Further analyses were done to investigate the possibility of construct overlap. To start with, the correlation matrix has shown that service quality and trust have a high correlation (r = 0.87), but AVE values (0.52 and 0.68, respectively) and the square root of AVE are greater than inter-construct correlations, which is the Fornell-Larcker criterion of discriminant validity. Second, the HTMT ratio of quality of service and trust (0.84) was lower than the conservative 0.85 and is yet another indication of discriminant validity in the presence of high correlation.
Service quality was found to have a high positive correlation with trust as the context of providing services in education is one where institutional trust is naturally developed as a result of high-quality service delivery (Caruana, 2002; Chiou and Droge, 2006). Instead of showing construct redundancy, such an association is an indication of the theoretical postulation that service quality is an antecedent of the formation of trust. In order to verify the uniqueness of constructs, confirmatory factor analysis (CFA) was carried out on two of the six-factor models and other models (the five-factor model merging service quality and trust; single-factor model). The six-factor model was found to have high fit indices (CFI = 0.94, TLI = 0.92, RMSEA = 0.05, SRMR = 0.04) over the five-factor model (CFI = 0.87, TLI = 0.84, RMSEA = 0.08, SRMR = 0.07) and the single-factor model (CFI = 0.62, TLI = 0.58, RMSEA = 0.246, SRMR = 0.129), indicating that the six-factor solution provided the best fit to the data.
These results indicate that although the constructs are inter-linked as they are theoretically supposed to be in service evaluation settings, they are two dimensions that are to be measured and analysed independently of each other. This is because the 81.33 percent variance explained is in line with the measurement models that are already established in the educational technology studies (Venkatesh et al., 2012) and it offers a strong base in terms of testing of hypotheses in the future.
[bookmark: _Toc216904168][bookmark: _Toc228056582]4.7 Convergent and Discriminant Validity
The assessment of convergent validity with the help of average variance extracted (AVE) measurements showed that all constructs were above the 0.50 value, which means that constructs explained more variance than measurement error. It was found that AI adoption in teaching (AVE = 0.58), AI adoption in marketing (AVE = 0.55), perceived service quality (AVE = 0.52), trust (AVE = 0.68), perceived value (AVE = 0.63), purchase intention (AVE = 0.67), and cultural factors (AVE = 0.66) all exhibited sufficient convergent validity. The Fornell-Larcker criterion of discrimination validity established that the square root of AVE of each construct was greater than the correlations of the construct with others. This was found to be true in all pairs of constructs, which favours discriminant validity. On top of this, the heterotrait-monotrait (HTMT) ratio of correlation was less than 0.85 between all construct pairs, which gives even more evidence for discriminant validity based on this more perilous standard. 
[bookmark: _Toc216904169][bookmark: _Toc228056583]4.8 Assumption Testing for Statistical Analyses
[bookmark: _Toc216904170]4.8.1 Normality Assessment
The normality used various methods to test the assumptions of distribution of the tests conducted by the parametric procedures. All the variables had skewness values of -2.36 to -0.75 which were in the negative skew and concentrated toward the higher values. Although there were those that were close to +-2 levels, which were traditionally deemed to be acceptable, there was a steady negative skew profile showing the real inclination in responses and not anomalies in the distributions. The values of kurtosis differed more significantly between 0.05 and 6.44, with cultural factors experiencing a strong leptokurtic distribution. The majority of the variables were within the ±3 error limits, which are deemed to be acceptable in parametric tests, although cultural parameters and trust exhibited higher levels of kurtosis, which indicated thick distributions with heavy tails. These abnormalities, although significant, do not exceed the limits that can be handled by sound statistical methods. The statistical evaluations were validated by visual analysis using histograms and Q-Q plots, where there were approximately normal distributions with systematic deviations towards the positive values. The similar trend in variables indicated the nature of response inclinations and not arbitrary anomalies, and further parametric analysis with due consideration for distributional properties. The Kolmogorov-Smirnov and Shapiro-Wilk tests provided high levels of significance (p < 0.05), indicating that all variables are not normally distributed. Nevertheless, the sensitivity of these tests to large samples renders them too conservative when N =409. Since there are no significant outliers for non-parametric procedures, the parametric procedures are applicable with robust estimation procedures since the Central Limit Theorem is applicable with such a large sample size and the departures observed are relatively small. 
[bookmark: _Toc216904171]4.8.2 Linearity and Homoscedasticity
Scatterplot matrices of bivariate correlation showed that there was generally a linear relationship between continuous variables. The correlations between AI adoption scales and service quality, service quality and trust, and trust and purchase intention all showed evident linear relationships and could not be observed as curvilinear. This linearity gives strength to this linear regression and correlation. Initial regression analysis residual plots had a comparatively random scatter around zero, indicating that most of the relationships were homoscedastic. There was a little heteroscedasticity in the models predicting purchase intention, where there was more variance at the higher predicted values. Nevertheless, this trend was not critical to the extent of disqualification of regression assumptions, especially with the application of robust standard errors in testing of hypotheses. The Breusch-Pagan test of heteroscedasticity provided dissimilar findings in diverse regression equations. Non-significant results were obtained in the models that forecast service quality (p > 0.05) and confirmed that homoscedasticity is met. Predictive models of purchase intention were found to have marginal significance (p = 0.04), indicating mild heteroscedasticity. Although these results did not reject the use of heteroscedasticity-appropriate standard errors in the ultimate analyses, they led to the choice of these types of standard errors.
[bookmark: _Toc216904172]4.8.3 Multicollinearity Diagnostics
An extensive multicollinearity analysis indicated that there were satisfactory predictor independence levels even though the concepts of constructs were interconnected. The values of variance inflation factor (VIF) were between 1.68 and 5.02, and trust had the highest value. All VIF values were much less than the traditional level of 10, which would signify severe multicollinearity, but values near 5 would require closer interpretation. Table 5
[bookmark: _Toc227161643]Table 5 
Multicollinearity Diagnostics
	Variable
	Tolerance
	VIF
	Condition Index

	AI Adoption in Teaching
	0.47
	2.11
	12.45

	AI Adoption in Marketing
	0.47
	2.11
	15.89

	Perceived Service Quality
	0.22
	4.64
	18.35

	Trust
	0.20
	5.02
	21.56

	Perceived Value
	0.28
	3.58
	24.13

	Cultural Factors
	0.59
	1.68
	27.65


Note. VIF = Variance Inflation Factor. Values below 10 indicate acceptable multicollinearity levels.
The tolerance values, which show the percentage of unexplainable variance by other predictors, were between 0.20 and 0.59. Although trust and service quality had low values of tolerance, they still exceeded the 0.10 mark of problematic multicollinearity. These values indicate anticipated conceptual overlap among constructs of service evaluation and remain independent enough to analyse independently. Indices of condition that were less than 30 in all dimensions ensured no severe multicollinearity. The critical index of 27.65 was nearer to the highest condition index (27.65) but not more than that. The proportions of variance decomposition did not reveal any cases of multiple variables having large proportions on the same dimension, and this also supported the fact that there were acceptable levels of multicollinearity. 

[bookmark: _Toc216904173]4.8.4 Independence of Observations
The Durbin-Watson values of the regression models ranged between 1.88 and 2.13, which is within the range of 1.5 and 2.5 that shows that the residues are independent. This validates the assumption of absence of autocorrelation establishing the independence assumption as required in regression analysis. The observational independence is inherent in the cross-sectional design where the single-time measurement of different respondents is used.
[bookmark: _Toc216904174][bookmark: _Toc228056584]4.9 Correlation Analysis
[bookmark: _Toc216904175]4.9.1Bivariate Correlations
The correlation matrix indicated that there were significant positive relationships among all the primary study variables, which suggests initial support for the hypothesised relationships. All the correlations were statistically significant at p < 0.01; that is, they had strong associations that could not be due to chance. The size of correlations was between minimal and high effects, and this provided subtle information on the relationship between variables.
[bookmark: _Toc227161644][bookmark: _Hlk232587949]Table 6 
Correlation Matrix for Study Variables
	
	1
	2
	3
	4
	5
	6
	7

	1. AI Teaching
	—
	
	
	
	
	
	

	2. AI Marketing
	.725**
	—
	
	
	
	
	

	3. Service Quality
	.464**
	.474**
	—
	
	
	
	

	4. Trust
	.401**
	.387**
	.870**
	—
	
	
	

	5. Perceived Value
	.631**
	.554**
	.747**
	.764**
	—
	
	

	6. Purchase Intention
	.411**
	.358**
	.861**
	.870**
	.727**
	—
	

	7. Cultural Factors
	.173**
	.203**
	.281**
	.306**
	.245**
	.324**
	—


Note. ** p < 0.01 (two-tailed). All correlations are significant at the 0.01 level.
[bookmark: _Toc216904176]4.9.2 AI Adoption Correlations
The correlation between AI adoption in teaching and AI adoption in marketing (r = 0.72, p < 0.01) showed that there is a strong positive relationship, intending to show that the institutions tend to adopt AI as a whole across functions and not as a selective tool. The fact that this high correlation is not an issue of problematic levels of multicollinearity implies that there is a coordinated technology strategy that influences various areas of operation concurrently. The use of AI in teaching was found to have moderate positive relationships with the quality of services (r = 0.46), trust (r = 0.40), and purchase intention (r = 0.41), which were found to be significant at p < 0.01. The fact that the stronger association is with the perceived value (r = 0.63) implies that teaching innovations have a more significant effect on the value perceptions, most likely because of the direct effects they have on educational outcomes. The use of AI in marketing showed the same but even higher correlation with service quality (r = 0.47) than in the case of teaching applications. The correlates with trust (r = 0.39) and purchase intention (r = 0.36) were slightly lower than the teaching applications, and the relationship with perceived value (r = 0.55) was high but smaller than the one between teaching applications and trust. 

[bookmark: _Toc216904177]4.9.3 Service Quality Relationships
Service quality had highly positive relationships with trust (r = 0.87, p < 0.01) and purchase intention (r = 0.86, p < 0.01), meaning they are central to education service evaluation. Such significant effect sizes indicate that service quality is a major contributor in stakeholder confidence and behavioural intentions. Service quality has a broad impact on evaluative judgments as it is also correlated with perceived value (r = 0.75, p < 0.01). The high level of correlation between service quality and trust casts doubts on the discriminant validity of the constructs, but the calculation of factor analysis and AVE prove otherwise. Such a close association may be due to the context of the service in which quality of service delivery creates a level of trust, especially in high involvement services such as education, where the results are not easily assessable prior to purchase.

[bookmark: _Toc216904178]4.9.4 Mediator Interrelationships
Perceived value and trust were closely related to the question in that perceived value was strongly positively correlated (r = 0.76, p < 0.01) with trust, suggesting that the two evaluative processes are connected but distinct. Both mediators were very much related to the purchase intention, with trust having a slightly stronger relationship (r = 0.87) as compared to perceived value (r = 0.73). These trends indicate a similarity and may suggest complementary mediation routes between service quality and behavioural intentions.

[bookmark: _Toc216904179]4.9.5 Cultural Factor Associations
Cultural variables had moderately less significant correlations with other variables, between 0.17 and 0.32. With purchase intention, the highest value of the correlation coefficient is 0.32 at a p value of less than 0.01 (cultural alignment). The fact that moderate correlations exist with trust (r = 0.31) and service quality (r = 0.28) implies that the element of culture pervades quality and confidence assessments. The comparatively low relationships between the elements of culture and the data of AI adoption (teaching: r = 0.17; marketing: r = 0.20) indicate that the significance of culture cuts across the levels of technology implementation. This trend suggests that implementation is less sensitive to the extent of implementation than cultural sensitivity, and cultural sensitivity hypotheses are supported by moderation and not direct effect.
[bookmark: _Toc228056585][bookmark: _Toc216904180]4.10 Hypothesis Testing
[bookmark: _Toc216904181]4.10.1 Direct Effects Analysis
The hypothesis testing was initiated by the investigation of direct interactions via multiple regression analysis. The hypotheses were individually tested, and the complex mediating and moderating effects were examined. The standardised coefficients (β) are stated to ease the effect size comparison of the variables that have different scales.
Hypothesis 1: AI Adoption in Teaching → Perceived Service Quality
A simple regression analysis examining the impact of AI adoption in teaching on perceived service quality yielded significant results (F(1, 407) = 111.721, p < .001, R² = .215). AI adoption in teaching showed a significant positive impact on service quality (β = 0.464, SE = 0.041, t = 10.570, p < .001), which supports Hypothesis 1.
The standardised coefficient implies that a one standard deviation improvement in AI teaching adoption is associated with a 0.464 standard deviation improvement in perceived service quality – a moderate to large effect. The model explained 21.5% of the variance in service quality (R² = .215).
Hypothesis 2: AI Adoption in Marketing → Perceived Service Quality
A regression analysis on the impact of AI marketing adoption on service quality showed that the two were significantly positively correlated (β = 0.474, SE = 0.040, t = 10.855, p < .001). The model explained 22.5% of the variance in service quality (F(1, 407) = 117.840, p < .001, R² = .225).
The standardised coefficient for marketing adoption (β = 0.474) is marginally higher than that for teaching applications (β = 0.464), indicating comparable significance of both AI domains in constructing service quality perceptions. Hypothesis 2 was supported, establishing that AI-enhanced marketing and communication have a positive impact on service quality.
Hypothesis 3: Perceived Service Quality → Purchase Intention
A strong positive effect on purchase intention was exhibited for perceived service quality (β = 0.861, SE = 0.029, t = 34.162, p < .001). The model explained 74.1% of the variance in purchase intention (F(1, 407) = 1,167.020, p < .001, R² = .741). This very strong association proves the paramount role of service quality in enrolment choice. Hypothesis 3 was strongly supported; service quality was confirmed as the most significant proximal predictor of purchase intention.
Table 7a
[bookmark: _Hlk232588168]Regression Coefficients for Direct Effects: H1, H2, and H3 (N = 409)
	H1: AI Teaching → Service Quality
	0.430
	0.041
	0.464***
	10.570
	< .001
	.215
	Supported

	H2: AI Marketing → Service Quality
	0.433
	0.040
	0.474***
	10.855
	< .001
	.225
	Supported

	H3: Service Quality → Purchase Intention
	0.996
	0.029
	0.861***
	34.162
	< .001
	.741
	Supported

	Note. N = 409. Simple regression models; DV = Perceived Service Quality for H1–H2; DV = Purchase/Continuance Intention for H3. *** p < .001.




Table 7b

[bookmark: _Hlk232588201]Hierarchical Regression Analysis Results – Predicting Purchase/Continuance Intention (N = 409)
	Model 1 – Control Variables
	.089
	.089
	9.87
	(8, 400)
	< .01

	Model 2 – + AI Teaching
	.232
	.143
	31.45
	(1, 400)
	< .01

	 + AI Marketing
	.267
	.035
	8.76
	(1, 399)
	.03

	Model 3 – + Service Quality
	.541
	.274
	89.23
	(1, 399)
	< .01

	Model 4 – + Trust
	.758
	.217
	112.34
	(1, 399)
	< .01

	 + Perceived Value
	.766
	.008
	4.12
	(1, 398)
	.043

	Model 5 – + Cultural Factors
	.769
	.003
	2.01
	(1, 398)
	.157

	Note. N = 409. Dependent variable: Purchase/Continuance Intention. Control variables include demographic factors. ΔR² = incremental R² for each variable/block added. Shaded rows indicate model-level entries.


[bookmark: _Toc216904182]
4.10.2 Mediation Analysis
The indirect effects were tested with the 5,000 bootstrap samples of the Hayes PROCESS macro-Model 4 (Hayes, 2022). The indirect effect confidence interval is also set at the bootstrap level, where we do not have the value of 0 in the confidence interval. All the results with the path coefficients (a, b, c, c'), the standard errors, t-values and the confidence intervals are given in Table 7 (Panels a and b).
Mediator: Trust (Hypotheses 4-6)
Hypothesis 4: Trust was a complete mediator between the relationship between AI adoption in teaching and purchase intention. The p-value of the indirect effect (axb = 0.367, 95% CI [0.279, 0.456]) was significant whereas the direct one became insignificant (c' = 0.045, p = .116) when trust was added. The total effect was 89.1% which was attributed to the indirect effect. The model attributed 75.8 percent of purchase intention variance. Hypothesis 4 was supported.
Hypothesis 5: Trust completely mediated the correlation existing between AI adoption in marketing and purchase intention. The indirect effect (axb = 0.356, 95% CI [0.281, 0.429]) was significant, but the direct effect was not (c' = 0.002, p =.937). The indirect effect was found to be 99.4 percent of the total effect, which meant that it was fully mediated. The last model explained 75.7 percent of the variance in purchase intention. Hypothesis 5 was supported.
Hypothesis 6: Trust partly mediated the correlation between the quality of the services and the purchase intention. The indirect effect (axb = 0.526, 95% CI [0.395, 0.658]) and direct effect (c = 0.459, p =.001) were both significant. The indirect effect was found to explain 53.4% of the entire effect. The last model accounted for 80.0 percent of the purchase intention variance. Hypothesis 6 was supported.
4.10.3 Value Perceived as Intermediate (Hypotheses 7–9)
Hypothesis 7: The perception of value between AI adoption in teaching and purchase intention was statistically significant but with a significant indirect relationship (axb = 0.545, 95% CI [0.439, 0.661]). It is worth noting that the direct effect changed to a negative value and was significant (c' = -0.133, p = .005), which is a suppression effect. It indicates that the positive correlation between AI teaching adoption and purchase intent is not only mediated by perceived value but also increased by it. The last model was able to explain 53.7 percent of the variance in purchase intent. Hypothesis 7 was supported.
Hypothesis 8: The relationship between AI adoption in marketing and purchase intention had a mediating role that was played by perceived value (indirect effect = 0.455, 95% CI [0.373, 0.540]). A suppression effect was also found, as with H7 having a significant negative direct effect (c' = -0.097, p =. 024). The last model described 53.4 per cent of purchase intention variance. Hypothesis 8 was supported.
Hypothesis 9: The perceived value moderates the relationship between the service quality and purchase intention. The indirect effect (axb = 0.184, other CI [0.097, 0.290]) was also significant and smaller than trust-mediated relationships, with only an 18.7% contribution to the overall effect. The direct impact was still substantial and remarkable (c' = 0.802, p <.001), which means that the impact of service quality has the majority of its impact on purchase intention. The last model described 74.2 percent of purchase intention. Hypothesis 9 was supported.
[bookmark: _Toc227161645][bookmark: _Hlk232588414]Table 8 
Detailed Mediation Analysis Results (PROCESS Model 4)
Panel A: Trust as Mediator (H4–H6)
	Path
	B
	SE
	t
	p
	95% CI LL
	95% CI UL
	R²

	H4: AI Teaching → Trust → Purchase Intention

	a (AITeach → Trust)
	0.446
	0.051
	8.83
	<.001
	0.347
	0.545
	.161

	b (Trust → PurchInt)
	0.823
	0.026
	32.04
	<.001
	0.772
	0.873
	

	c' (Direct Effect)
	0.045
	0.029
	1.57
	.116
	-0.011
	0.101
	

	a×b (Indirect Effect)
	0.367
	0.045
	—
	—
	0.279
	0.456
	

	c (Total Effect)
	0.412
	—
	—
	—
	—
	—
	.758

	H5: AI Marketing → Trust → Purchase Intention

	a (AI Market → Trust)
	0.425
	0.050
	8.48
	<.001
	0.326
	0.523
	.150

	b (Trust → PurchInt)
	0.838
	0.026
	32.74
	<.001
	0.788
	0.888
	

	c' (Direct Effect)
	0.002
	0.028
	0.08
	.937
	-0.053
	0.057
	

	a×b (Indirect Effect)
	0.356
	0.038
	—
	—
	0.281
	0.429
	

	c (Total Effect)
	0.358
	—
	—
	—
	—
	—
	.757

	H6: Service Quality → Trust → Purchase Intention

	a (Serv Qual → Trust)
	1.022
	0.031
	32.53
	<.001
	0.961
	1.084
	.722

	b (Trust → PurchInt)
	0.514
	0.041
	12.68
	<.001
	0.435
	0.594
	

	c' (Direct Effect)
	0.459
	0.049
	9.41
	<.001
	0.363
	0.555
	

	a×b (Indirect Effect)
	0.526
	0.067
	—
	—
	0.395
	0.658
	

	c (Total Effect)
	0.985
	—
	—
	—
	—
	—
	.800


Note. N = 409. Bootstrap samples = 5,000. CI = percentile bootstrap confidence interval. R² for final model predicting Purchase 
Panel B: Perceived Value as Mediator (H7–H9)
	Path
	B
	SE
	t
	p
	95% CI LL
	95% CI UL
	R²

	H7: AI Teaching → Perceived Value → Purchase Intention

	a (AI Teach → Perc Val)
	0.662
	0.040
	16.42
	<.001
	0.583
	0.742
	.399

	b (Perc Val → PurchInt)
	0.823
	0.045
	18.50
	<.001
	0.735
	0.910
	

	c' (Direct Effect)
	-0.133
	0.047
	-2.85
	.005
	-0.225
	-0.041
	

	a×b (Indirect Effect)
	0.545
	0.056
	—
	—
	0.439
	0.661
	

	c (Total Effect)
	0.412
	—
	—
	—
	—
	—
	.537

	H8: AI Marketing → Perceived Value → Purchase Intention

	a (AI Market → Perc Val)
	0.573
	0.043
	13.43
	<.001
	0.489
	0.657
	.307

	b (Perc Val → PurchInt)
	0.795
	0.042
	19.11
	<.001
	0.713
	0.876
	

	c' (Direct Effect)
	-0.097
	0.043
	-2.26
	.024
	-0.182
	-0.013
	

	a×b (Indirect Effect)
	0.455
	0.043
	—
	—
	0.373
	0.540
	

	c (Total Effect)
	0.358
	—
	—
	—
	—
	—
	.534

	H9: Service Quality → Perceived Value → Purchase Intention

	a (Serv Qual → Perc Val)
	0.844
	0.038
	22.44
	<.001
	0.770
	0.918
	.553

	b (Perc Val → PurchInt)
	0.217
	0.039
	5.64
	<.001
	0.142
	0.293
	

	c' (Direct Effect)
	0.802
	0.044
	18.32
	<.001
	0.716
	0.888
	

	a×b (Indirect Effect)
	0.184
	0.049
	—
	—
	0.097
	0.290
	

	c (Total Effect)
	0.986
	—
	—
	—
	—
	—
	.742


Note. N = 409. Bootstrap samples = 5,000. Negative direct effects in H7 and H8 indicate suppression effects.
[image: The image depicts a bar chart comparing the effect sizes of direct and indirect effects across various mediation hypotheses related to teaching, marketing, service quality, and their impact on performance indicators.

AI-generated content may be incorrect.]
[bookmark: _Toc216904031][bookmark: _Hlk232589455]Figure 8: Moderated Mediation Model Diagram
Hypotheses 10–11: Direct Effects on Purchase Intention
Direct relationships between AI adoption and purchase intention, through intervention, were not significant:
H10: AI teaching → Purchase intention (β = 0.04, p = 0.12)
H11: AI marketing → Purchase intention (β = 0.00, p = 0.94)
Neither of the two hypotheses was supported, meaning that AI adoption has a role in purchase intention, but it affects it via intermediate quality and assessment processes.
4.10.4 Moderation Analysis
Hypothesis 12: Cultural Factors as Moderator
The moderation analysis was done with the PROCESS Model 1 to determine whether the effects of AI adoption on service quality are moderated by cultural factors. In the case of AI teaching, the term of interaction was substantial (B = 0.10, SE = 0.03, t = 3.01, p = 0.00), which confirms moderation. Simple slope analysis showed significant effects in high levels of cultural factors (B = 0.37, SE = 0.05) as compared to low levels (B = 0.20, SE = 0.06). In the case of AI marketing adoption, the interaction was not significant (B = -0.08, SE = 0.06, t = -1.33, p = 0.18), which means that it did not moderate the system. Hypothesis 12 was partly supported, where cultural factors mediated teaching and not marketing AI effects.
[bookmark: _Toc227161646][bookmark: _Hlk232588441]Table 9 
Moderation Analysis Results (PROCESS Model 1)
	Moderator Effect
	B
	SE
	t
	p
	95% CI
	ΔR²

	AITeach × Cult Fact → Serv Qual

	AITeach
	-0.35
	0.22
	-1.56
	.119
	[-0.78, 0.09]
	

	Cult Fact
	-0.15
	0.14
	-1.11
	.269
	[-0.43, 0.12]
	

	Interaction
	0.10**
	0.03
	3.01
	.003
	[0.04, 0.17]
	0.02

	AI Market × Cult Fact → Serv Qual

	AI Market
	0.86
	0.40
	2.16
	.031
	[0.08, 1.64]
	

	Cult Fact
	0.57
	0.26
	2.19
	.029
	[0.06, 1.09]
	

	Interaction
	-0.08
	0.06
	-1.33
	.184
	[-0.20, 0.04]
	0.00



[image: The diagram illustrates an interaction effect between Al Adoption in Teaching and Cultural Factors on Perceived Service Quality, showing a statistically significant increase in perceived quality with higher cultural factors.

AI-generated content may be incorrect.]Note. ** p < .01. Dependent variable: Service Quality.
[bookmark: _Toc216904032]
Figure 9: Interaction Effect Plot
[bookmark: _Hlk214130900][bookmark: _Toc227161647][bookmark: _Hlk232588481]Table 10 
Conditional Effects of AI Adoption on Service Quality at Different Cultural Factor Levels
	Cultural Factor Level
	Percentile
	AITeach Effect
	SE
	95% CI
	AI Market Effect
	SE
	95% CI

	Low
	16th (5.33)
	0.20**
	0.06
	[0.08, 0.31]
	0.43**
	0.06
	[0.30, 0.55]

	Medium
	50th (6.00)
	0.27**
	0.05
	[0.17, 0.36]
	0.38**
	0.05
	[0.28, 0.47]

	High
	84th (7.00)
	0.37**
	0.05
	[0.27, 0.47]
	0.29**
	0.06
	[0.19, 0.40]


[image: The image illustrates a simple slopes analysis showing that the effect of Al teaching on service quality significantly increases at higher levels of cultural factors.

AI-generated content may be incorrect.]Note. ** p < .01. Effects calculated using Johnson-Neyman technique.
[bookmark: _Toc216904033][bookmark: _Hlk232589669]Figure 10: Simple Slopes
[bookmark: _Toc216904183][bookmark: _Toc228056586]4.11 Additional Analyses
[bookmark: _Toc216904184]4.11.1 Serial Mediation Analysis
The sequential mediation analysis (Serial mediation analysis (PROCESS Model 6)) was used to compare sequential mediation chains in which the quality of service mediates trust, which in turn mediates purchase intention. The serial mediation was significant in the path AI Teaching → Service Quality → Trust → Purchase Intention and showed significant serial mediation (indirect = 0.23, Boot SE = 0.04, 95% Boot CI [0.16, 0.31]). This process in series described significant variation more than mere mediation paths. Likewise, AI Marketing → Service Quality → Perceived Value → Purchase Intention was found to be significantly serially mediated (indirect = 0.09, Boot SE= 0.02, 95% Boot CI= [0.06,0.14]). Such results point to the presence of intricate cause-and-effect patterns that can be best exemplified by the fact that the adoption of AI triggers a chain reaction, involving numerous steps of evaluation, and the subsequent impact of the stimulus on behavioural intentions.
[bookmark: _Toc227161648][bookmark: _Hlk232588806]Table 11 
Serial Mediation Analysis Results (PROCESS Model 6)
	Path
	Indirect Effect
	Boot SE
	95% Boot CI

	AITeach → Serv Qual → Trust → PurchInt

	Total Indirect
	0.43
	0.05
	[0.34, 0.53]

	Ind1: AITeach → Serv Qual → PurchInt
	0.20
	0.03
	[0.15, 0.27]

	Ind2: AITeach → Trust → PurchInt
	0.00
	0.02
	[-0.04, 0.04]

	Ind3: AITeach → Serv Qual → Trust → PurchInt
	0.23
	0.04
	[0.16, 0.31]

	AI Market → Serv Qual → Perc Val → PurchInt

	Total Indirect
	0.55
	0.05
	[0.45, 0.64]

	Ind1: AI Market → Serv Qual → PurchInt
	0.38
	0.04
	[0.30, 0.45]

	Ind2: AI Market → Perc Val → PurchInt
	0.07
	0.02
	[0.04, 0.11]

	Ind3: AI Market → Serv Qual → Perc Val → PurchInt
	0.09
	0.02
	[0.06, 0.14]


Note. Bootstrap samples = 5000. All paths significant when CI excludes zero.
[bookmark: _Toc216904185]Group Comparisons: Students vs Parents
Systematic differences in the responses of student and parent respondents on key variables were established by independent samples t-tests.
[bookmark: _Toc227161649][bookmark: _Hlk232588820]Table 12 
Group Comparisons (Students vs Parents)
	Variable
	Students (n=205)
	
	Parents (n=204)
	
	t-test
	

	
	Mean
	SD
	Mean
	SD
	t
	p

	AI Teaching
	5.51
	1.09
	5.08
	1.16
	3.89
	<.001

	AI Marketing
	5.39
	1.11
	5.03
	1.13
	3.25
	.001

	Service Quality
	5.48
	0.94
	5.18
	1.02
	3.08
	.002

	Trust
	5.61
	1.02
	5.27
	1.14
	3.17
	.002

	Perceived Value
	5.43
	1.08
	5.09
	1.18
	3.02
	.003

	Purchase Intention
	5.42
	1.09
	5.06
	1.21
	3.16
	.002

	Cultural Factors
	6.08
	1.01
	5.88
	1.14
	1.87
	.062


Note. df = 407 for all comparisons.
The difference in the perceptions between the students was always found to be higher, except in the case of cultural factors, where the difference was not significant. Such disparities indicate that direct service recipients (students) can have more positive technology experiences compared to decision-makers (parents), which is possible because of the difference in generational technology comfort.
[bookmark: _Toc216904186]4.11.2 Demographic Variable Effects
A one-way ANOVA analysis of the demographics was done, and the results elucidated that there are many significant patterns: Age Effects: Generational differences in technology acceptance were proven as younger respondents (16–25 years) expressed much higher perceptions of AI adoption (F (3, 405) = 12.34, p < 0.00) and purchase intention ( F(3, 405) = 8.76, p < 0.00) compared to older groups. Income Effects: Stronger perceived value was found among higher income groups (F(4, 404) = 15.67, p < 0.00), although the trend was non-linear, with the middle-income groups having the highest value perceptions according to fee levels. Effects of nationality: There were considerable differences in the importance of cultural factors (F (4, 404) = 9.23, p < 0.00); Saudi nationals emphasised cultural alignment most commonly, then other Arab nationals. Effects on Education: The higher the education level, the higher the acceptance of AI (F (2, 406) = 7.89, p < 0.00) and the perceived service quality (F (2, 406) = 5.43, p = 0.01).
[bookmark: _Toc216904187]4.11.3 Conditional Effects Analysis
The analysis carried out by Johnson-Neyman was used to determine areas of significance of the cultural moderation effect. The correlation between adoption of AI teaching and service quality was significant when the cultural considerations had a score above 4.82 on the 7-point scale, which represented 78.2 percent of the sample. Such a result implies that the benefits of AI adoption require cultural alignment so that they can contribute to quality perceptions. The analysis of the conditional indirect effects has shown that the level of mediation was different in cultural factors. The indirect influence of AI teaching on purchase intention based on service quality and trust was 0.49 at high cultural alignment (84th percentile) (Boot CI [0.40, 0.58]). This indirect effect (16th percentile) dropped to 0.29 (Boot CI [0.20, 0.38]) at low cultural alignment.
[bookmark: _Toc227161650][bookmark: _Hlk232588858]Table 13 
Moderated Mediation Analysis (PROCESS Model 7)
	Mediator Path
	Cultural Factor Level
	Conditional Indirect Effect
	BootSE
	95% BootCI

	AI Teach → Serv Qual → Purch Int

	
	Low (5.33)
	0.20
	0.06
	[0.09, 0.31]

	
	Medium (6.00)
	0.26
	0.05
	[0.17, 0.37]

	
	High (7.00)
	0.37
	0.06
	[0.26, 0.49]

	Index of Moderated Mediation
	0.10
	0.03
	[0.04, 0.16]


[image: The diagram illustrates a moderated mediation model showing that cultural factors influence the relationship between service quality and purchase intention, with the strength of this effect varying based on different levels of perceived service quality.

AI-generated content may be incorrect.]Note. Bootstrap samples = 5000. Significant moderate mediation when CI excludes zero.
[bookmark: _Toc216904034]Figure 11: Moderated Mediation Model

[bookmark: _Toc216904188][bookmark: _Toc228056587]4.12 Summary of Results
[bookmark: _Toc216904189]4.12.1 Overview of Findings
The results of the empirical test on 409 participants in the private schools located in Jeddah gave exhaustive information on the effect of AI adoption on educational service purchase intention. The findings indicated high measurement characteristics and moderate levels of reliability (α > 0.70) and validity of all constructs, which allowed confidence in the results. The analysis of descriptive data has shown moderately high levels of AI adoption in the teaching (M = 5.29) and marketing (M = 5.21) functions with similar positive ratings of service quality (M = 5.33), trust (M = 5.44), perceived value (M = 5.26), and purchase intention (M = 5.24). Cultural factors became very significant (M = 5.98), with the stress being put on the uniqueness of the Saudi Arabian setting. 
[bookmark: _Toc227161651]
[bookmark: _Hlk232589056]Table 14 
Summary of Hypothesis Testing Results
	Hypothesis
	Description
	Statistical Test
	Result

	H1
	AI adoption in teaching positively influences perceived service quality
	β = 0.44, p < .001
	Supported

	H2
	AI adoption in marketing positively influences perceived service quality
	β = 0.45, p < .001
	Supported

	H3
	Perceived service quality positively influences purchase/continuance intention
	β = 1.00, p < .001
	Supported

	H4
	Trust mediates the relationship between AI teaching and purchase intention
	Indirect = 0.37 [0.28, 0.46]
	Supported

	H5
	Trust mediates the relationship between AI marketing and purchase intention
	Indirect = 0.36 [0.28, 0.43]
	Supported

	H6
	Trust mediates the relationship between service quality and purchase intention
	Indirect = 0.53 [0.40, 0.66]
	Supported

	H7
	Perceived value mediates AI teaching and purchase intention
	Indirect = 0.55 [0.44, 0.66]
	Supported

	H8
	Perceived value mediates AI marketing and purchase intention
	Indirect = 0.46 [0.37, 0.54]
	Supported

	H9
	Perceived value mediates service quality and purchase intention
	Indirect = 0.18 [0.10, 0.29]
	Supported

	H10
	AI adoption in teaching directly influences purchase intention
	Direct = 0.04, p = .116
	Not Supported

	H11
	AI adoption in marketing directly influences purchase intention
	Direct = 0.00, p = .937
	Not Supported

	H12
	Cultural factors moderate AI adoption and service quality relationship
	Interaction: AI Teach p = .003; AI Market p = .184
	Partially Supported


[bookmark: _Toc216904190]
4.12.2 Key Insights
The findings indicated some essential learnings about the effect of the adoption of AI in the field of educational services:
Mediated Impact Model: Adoption of AI is not directly related to purchase intentions, but it acts solely on the perceptions of service quality and the following evaluative processes (trust and perceived value). This observation highlights the significance of quality implementation as opposed to the presence of technology.
Dual Mediation Pathways: Trust and perceived value are both important mediators, and the mediation of service quality relationships is stronger with trust, and the mediation of the effects of AI adoption is stronger with perceived value. These parallel lines imply that there are numerous psychological processes that can be used to explain technology acceptance in education.
Cultural Contingency: The modulated role of cultural factors in the adoption of AI teaching underlines the need to implement AI teaching in a culturally sensitive manner. The advantages of technology are more effective in the context of being oriented towards cultural values and expectations.
Stakeholder Differences: The presence of systematic differences between students and parents across all variables implies dissimilar technology experiences and expectations in school settings. More positive perception, of the students may be associated with technology comfort and direct benefits of use.
Service Quality Centrality: The strong relationship between service quality and purchase intention (β = 0.861, R² = 0.741) positions quality as the pivotal determinant of enrolment decisions, mediating virtually all technology-adoption effects.
[bookmark: _Toc216904191]4.12.3 Model Explanatory Power
The last composite model accounted for 76.9 percent of the purchase intention variation (R² = 0.77), showing high explanatory capacity. The higher value of this explained variance indicates that the model captures the majority of the factors that are relevant in making enrolment decisions in AI-adopting private schools. The strongest predictor was found to be service quality with a unique variance of 58.3. Trust provided 21.7% incremental variance and perceived value provided 0.8% extra elucidation. The mediators made by AI adoption variables played a major role as opposed to a direct role. The high explanatory power facilitates the sufficiency of the theoretical framework and proposes a small amount of omitted variable bias. The 23.1% unaccounted variance is presumably the individual differences, in measurable school characteristics and externalities that are out of the scope of the model.
[bookmark: _Toc216904192]4.12.4 Effect Size Evaluation
The effect sizes of f² by Cohen indicated the existence of variable relationships with a level of significance. 
[bookmark: _Toc227161652]
[bookmark: _Hlk232589073]Table 15 
Effect Sizes for Key Relationships
	Relationship
	Cohen's f²
	Interpretation

	AI Teaching → Service Quality
	0.28
	Medium to Large

	AI Marketing → Service Quality
	0.32
	Large

	Service Quality → Trust
	2.60
	Large

	Service Quality → Perceived Value
	1.24
	Large

	Trust → Purchase Intention
	2.33
	Large

	Perceived Value → Purchase Intention
	0.89
	Large

	Overall Model R²
	0.80
	Large


Note. Cohen's f² interpretation: 0.02 = small, 0.15 = medium, 0.35 = large (Cohen, 1988).
The importance of service quality relationship on service quality is validated by large effect sizes. The medium and large effects of AI adoption imply that there is a significant practical effect even with complete mediation. The cultural moderation effect had a statistically significant but small effect size (f² = 0.02), meaning a subtle but not dramatic influence.
[bookmark: _Toc216904193]4.12.5 Synthesis of Results
The entire analysis justifies a mediated model, in which the use of AI contributes to the purchase intention of educational services by increasing the perceptions regarding service quality, which in turn develops trust and perceived value. The lack of direct effects underlines that the quality of technology implementation is more important than its adoption, whose benefits are only evident when AI may help improve the delivery of tangible services. The moderating role of cultural factors, especially on teaching applications, supports the significance of contextual sensitivity in the implementation of educational technology. The fact that the stronger effects are present among the students in comparison with parents implies that generational factors had an impact on technology acceptance levels, and the consequences are related to stakeholder engagement strategies. These findings not only confirm the unified theoretical model based on the TAM, SERVQUAL, and trust-value views but also demonstrate some specific relationships peculiar to the Saudi Arabian context of the pricing of private education. Such results can be empirically used to support the theoretical refinement and practical suggestions that are presented in Chapter 5.
[bookmark: _Toc216904194][bookmark: _Toc228056588]4.13 Chapter Summary
The chapter provided extensive empirical findings from 409 participants on the effect of AI adoption on educational service purchase intention in Saudi Arabian private schools. The analysis was done in a systematic way, starting with screening and demographic profiling of the data and moving up to the validation of measures and then testing of hypotheses and further analysis. The main results were that AI application in the teaching and marketing processes can seriously increase the perception of the quality of the services, which has a great impact on the purchase intention mediated by trust and perceived value. The effect of cultural factors on the correlation between AI teaching adoption and service quality is moderate, whereas the heterogeneous nature of technology experience is suggested by the differences in stakeholders. The model accounted for 76.9 percent of the variation in purchase intention, thus being highly theoretically adequate and practically relevant. These findings are very sound empirical support for the discussion, implications, and recommendations in Chapter 5.
[bookmark: _Toc228056589]CHAPTER 5
DISCUSSION, CONCLUSIONS, AND IMPLICATIONS
[bookmark: _Toc228056590]5.1 Introduction
Chapter 5 offers a discussion of the empirical research findings with reference to RQ1–RQ5 and the theoretical framework developed in Chapter 2. In Chapter 1, the five research questions (RQ1–RQ5) and 12 hypotheses (H1–H12) were formed as part of the four causal blocks (A, B, C, D). Each was analysed in detail with supporting statistics from Chapter 4 to corroborate/revise the statements made. Therefore, in analysing this discussion against the Chapter 3 methodology section, it is important to recognise that the effect of a single coefficient is dependent on the cross-sectional, quantitative, survey-based method used when collecting data from parents of students in private K-12 educational systems within the geographical location of Jeddah.
Eight sections comprise this chapter. Section 5.2 compacts the study review, summarising it so that it can be followed without returning to earlier chapters. Section 5.3 unpacks the 12 hypotheses one by one under the four causal blocks from Chapter 1. Section 5.4 moves from what the data showed to what it means theoretically. Four frameworks from Chapter 2, §2.3 (TAM, TPB, SERVQUAL, Perceived Value Theory) frame the results discussion. Section 5.5 shifts to the practical: recommendations for administrators, Vision 2030 policymakers, EdTech developers, parents. Section 5.6 revisits the limitations and assumptions stated in Chapter 1, §1.5. Which held? Which tightened? Section 5.7 maps future work. Section 5.8 synthesises the findings into a coherent statement.
It’s valuable to speak about what this chapter does and does not do right, up front. The data collected in this chapter are not restated; they appear in Chapter 4. The literature and theories were previously reviewed in Chapter 2 and are not repeated here. The relationship between prediction, observation, and meaningfulness will be demonstrated in this chapter from two perspectives: as it relates to theoretical meaning and as it relates to practical applications in private schools in Jeddah, Saudi Arabia, under Vision 2030. Private schools in Jeddah, Saudi Arabia, under Vision 2030 are unique and cannot be generalised to the larger concept of technology adoption in education.
[bookmark: _Toc228056591]5.2 Study Summary
In Chapter 1, §1.4, the primary inquiry sought to determine how AI in the operation of private schools in Jeddah impacts parental purchase intention for educational services and what factors (cognitive, affective, and cultural) influence these outcome effects. The focus of the primary research question led to five additional questions: 1) Does AI use significantly affect purchase intention? 2) Does perceived service quality act as a mediator? 3) Does trust (both institutional and technological) play a mediating role? 4) Does the perception of value moderate the impact of the service experience on purchase intention? 5) Do cultural factors moderate the influence of variables across the pathways?
5.2.1 Theoretical and Methodological Approach
Chapter 2 provided an opportunity to create a conceptual model (see Figure 2.1; Section 2.5 lists Propositions P1–P5) using four theoretical frameworks. The TAM (Davis, 1989) provided the basic level claim that perceived utility (usefulness or ease of use) creates a likelihood for adoption. The TPB (Ajzen, 1991) provided additional components; subjective norms and perceived behavioural control are particularly important for parental school choice in collectivist cultures. SERVQUAL (Parasuraman, Zeithaml, and Berry, 1988) developed a five-part measure for parental assessment of service quality. Perceived Value Theory (Zeithaml, 1988; Sweeney and Soutar, 2001) defined value according to four strands: Functional Value; Emotional Value; Social Value; and Monetary Value. The discussion in §2.3.5 outlined the position and argument for viewing the four frameworks not as competing evidence for the study, but as layering evidence, resulting in a synergistic model. This layering model represents the most robust theoretical finding within the entire dissertation.
The methodology for operationalising the model was established through a quantitative, deductive, and cross-sectional research design. The sample or unit of analysis for this study was K-12 parents of children who attend private schools in Jeddah. An online survey was developed using validated scales, translated into Arabic and back-translated, piloted, and field-tested. A total of 409 usable responses were obtained from school contact lists. All reliabilities for constructs were exceeded at 0.70 (highly reliable). The direct effects of each primary variable on each outcome variable were tested using multiple regression. Mediation analysis was conducted using the Hayes PROCESS macro using Model 4 for simple mediation, Model 1 for moderation, and Models 6 and 7 for serial and conditional chains of effects. All mediation inferences were based on 5,000 bootstrap resamples for each mediation analysis conducted. Additional discussion regarding the methods used and the trade-offs associated with them can be found in §3.7 and §3.8.

5.2.2 Snapshot of Findings Before Detailed Discussion
For those who appreciate more detail and depth in the analysis of each hypothesis, a summary follows: 10 of 12 hypotheses were supported by the model, including H10 and H11 (direct effect of AI on intention) that produced non-results and were not supported in the full model; this finding is consistent with theory and not contrary to it. Trust was a complete mediator of the AI-to-intention relationships tested in the current study (i.e., H4 and H5) and a partial mediator of the relationship between service quality and intention, as indicated by H6. Both H7 and H8 produced a suppression effect in their respective mediating roles, due to the presence of perceived value. Also, although culture did moderate the impact of AI on service quality in an educative context (H12), it did not influence the moderating effects of AI on marketing. Finally, 76.9% of the variance in purchase intention could be explained by the integrated model, suggesting this model has a great deal of explanatory power for behavioural-intention models of the current design.

[bookmark: _Toc228056592]5.3 Discussion of the 12 Hypotheses
Four causal blocks from Chapter 1, §1.4, structure this section. Block A: direct effects of AI (H1, H2, H3). Block B: trust as conduit (H4, H5, H6). Block C: perceived value (H7, H8, H9). Block D: service-quality pathway and cultural moderation (H10, H11, H12). Every hypothesis carries an explicit label for traceability. The discussion moves block by block, hypothesis by hypothesis, anchoring each to the Chapter 4 statistical results and to the theoretical claims in Chapter 2.
5.3.1 Block A. Direct Effects of AI Adoption (H1, H2, H3)
H1 expected that increased rates of embracing AI could lead to enhanced perceptions of service quality. As seen in the correlations run in this chapter (Section 4), the contribution of the AI adoption variable to the prediction of service quality was demonstrated by the standard regression coefficients, β = 0.464, t = 10.570, p < .001. By using the variance explained statistic, it was estimated that nearly 21.5% of the variance in service quality could be attributed to the changes in “AI adoption” from the teaching side. Therefore, this hypothesis is supported. In real-world terms, an increase of one standard deviation for the teaching-side AI adoption would also equal a 0.46 standard deviation increase for service quality. As described by Cohen 1988, this evidence represents a medium to large effect. With respect to the technology aspect of the TAM and SERVQUAL models, both models point to a similar conclusion: as parents perceive a technology (such as AI) to be useful along with its classroom presence being responsive, reliable, and reassuring, they tend to perceive higher levels of service quality.
Moving to marketing, H2 predicted the same relationship. Chapter 4 returned β = 0.474, t = 10.855, p < .001. Service-quality variance: 22.5%. The marketing coefficient runs slightly higher than teaching (not forecast in Chapter 1). Why does this asymmetry exist? Information asymmetry theory from Parasuraman, Zeithaml and Berry (1985) offers a clue. Credence services like schools suffer from asymmetry: parents cannot easily judge quality before purchase. AI-enabled marketing (chatbots, enrolment automation, personalised outreach) are the aspects that parents see before enrolling. Teaching-side AI is something they see only after. Marketing thus looms large in quality judgement. Chapter 2 had treated teaching and marketing as equivalent signals; the data adjusts this interpretation.
Hypothesis 3 stated that perceived quality of service had a large positive and significant effect on purchase intention. In Chapter 4, the following statistics were reported: (β = 0.861; t = 34.162; p < .001). The percentage of variance accounted for in purchase intention by the model was 74.1%. There is a very strong confirmation of this hypothesis with respect to service quality. A comment regarding the size of this coefficient deserves further explanation; no other variable in the integrated model predicts purchase intention as strongly and directly as does service quality. The very high level of agreement with past SERVQUAL research (e.g., Cronin and Taylor, 1992; Parasuraman, Zeithaml & Berry, 1988) indicates that the way in which an individual assesses service quality is the most significant indicator of whether an individual will make the decision to purchase a given service. The current study extends this finding to include K-12 education, specifically with regard to AI managing portions of tasks traditionally performed by humans.

5.3.2 Block B. Trust as Mediator (H4, H5, H6)
H4 proposed a model for AI-enabled teaching, since both trust levels are similar to parental willingness to purchase. Bootstrap analysis using the PROCESS Model 4 and 5,000 resamples indicated an indirect effect of 0.367, with a 95% CI of [0.279, 0.456]. Adding trust reduced the direct path coefficient in the model to 0.045 (p = .116). Of the total effect, approximately 89% was explained through the indirect effect, which indicates support for the overall model being fully mediated by trust. Additionally, the model explained 75.8% of the variance in parental purchase intention. This represents the clearest theoretical statement of the paper; in short, trust in a school has the same impact on parent willingness to purchase AI for that school. There is additional empirical support for the definition of trust in Chapter 1, §1.6 (the two components of trust in an institution and in the technology) existing, due to having validated both components in this study.
H5 predicted the same for AI in marketing. Indirect effect: 0.356, CI [0.281, 0.429]. The direct effect once trust was added was: c' = 0.002, p = .937. About 99.4% of the total effect flowed through trust. Full mediation held. Purchase-intention variance stood at: 75.7%. AI-enabled marketing, no matter how clever the chatbot, cannot persuade parents on its own. What chatbots do is build trust, and trust is what translates into enrolment intent. The finding extends beyond schools: any service that deploys AI in customer-facing channels should prioritise trust-building design (transparency, human escalation, auditability) over feature richness. Features without trust are noise.
H6 predicted that trust would partially mediate the service quality-intention relationship. Service quality provides parents with a direct behavioural response as seen in the previous chapter, with the indirect effect through trust, 0.526, [0.395, 0.658], and a strong direct effect, 0.459 (p = .001). Approximately 53% of the total effect went through trust. The variance in parents' purchase intention explained in the final model is 80.0%. This represents the highest R² of any single PROCESS run. The expected results indicate partial mediation and thus confirm SERVQUAL that quality instigates behaviour on its own. Also, TAM and TPB taught that when presented with service quality, both pathways indicate that service quality instigates behaviour through both routes, i.e., directly and through trust.

5.3.3 Block C. Perceived Value as Mediator (H7, H8, H9)
H7 indicated that the relationship between perceived value mediates AI used in instruction and parental purchase intention was supported by a significant indirect effect of 0.545, [0.439, 0.661]. The path coefficient from teaching AI to intention became significantly less (c' = -0.133, p = .005) by using perceived value for the parallel mediation after controlling for the mediating effects of value. In this case, the residual negative association between teaching AI alone and purchase intention was identified due to the influence that parents continue to feel about teaching using AI, therefore indicating an incomplete effect between teaching AI and parent purchase intention. This negative effect does not undo the positive total associational effect from teaching AI through perceived value and is offset by greater than the negative residual tie to purchase intention. Thus, the final model accounts for explaining 53.7% of the variance in parent purchase intention. Therefore, H7 was supported.
H8 demonstrated a similar level of suppression between AI used in marketing with an indirect association with purchase intention (indirect effect, 0.455, [0.373, 0.540]; direct effect, c' = -0.097, p = .024). The variance in the purchase intention explained by the final model for H8 was 53.4%. As H7 and H8 show together, raw AI cannot be appealing alone; however, using the technology in a manner that would evoke either a: functional experience (e.g., any easier way of doing a job), emotional connection (feelings of trust), shared social experience (matching the family's identity), or economic justification (e.g., justifying tuition charges) appeals to a parental audience therefore should be able to evoke some level of acceptance. This finding is contrary to technology for technology's sake.
H9 tested perceived value as a mediator of the service-quality→intention path. The indirect effect of 0.184, [0.097, 0.290] was significant but smaller than the trust-mediated effect from H6. Value carried about 18.7% of the total effect. The direct effect remained large: c' = 0.802, p < .001. The model variance was: 74.2%. was supported. Blocks B and C read together make this point clear: trust is the dominant mediator for AI domains and for service quality. Perceived value is secondary but real, operating alongside trust, not against it. Both mediation pathways are active.

5.3.4 Block D. Service Quality Path and Cultural Moderation (H10, H11, H12)
Two hypotheses, H10 (Teaching AI to Influence Purchase Intention) and H11 (Marketing AI to Influence Purchase Intention), posited direct, unmediated effects of AI (teaching and marketing) on purchase intention. Once the full mediated model was estimated, there were non-significant coefficients β = 0.04, p = .12 and β = 0.00, p = .94, respectively. Neither hypothesis was supported by the data. However, as seen in §5.2.2, this non-support did not weaken the theory; rather, it is logically consistent.
The overall structure of the proposed mediation was built on the basis of trust, service quality, and perceived value to carry the effect. If H10 and H11 had been confirmed, the mediation story would not have fallen apart; it would have been upheld.
H12 posed cultural factors as a moderator of the integrated model. PROCESS Model 1 was used for testing: for teaching-side AI, the interaction term was significant (B = 0.10, SE = 0.03, t = 3.01, p = .003). Simple slopes went up with cultural-factor scores. Johnson-Neyman analysis pinned the threshold: AI in teaching predicts service quality when cultural-factor scores exceed 4.82 on the 7-point scale (affecting 78.2% of the sample). Below that, effect weakens. For marketing AI, no interaction emerged (B = -0.08, SE = 0.06, t = -1.33, p = .18). There was partial support for the hypothesis: cultural moderation hit the teaching path but spared the marketing path. The asymmetry makes sense.
When viewed through the lens provided within Chapter 2 ("Background & Context" – §2.4.9) and the Saudi context, where "actual practice" (i.e., classroom-based) for teaching AI is based on the value in general and socio-cultural family values related to discipline, gender appropriateness of content (related to religion), and parental "say" on what is "acceptable". Conversely, positioning of marketing of AI to the student as "Pre-Enrolment Information" is less impacted by these socio-cultural variables because of the decreased importance of influence from the same "pre-enrolment" for "marketing."
It is an expected finding that this study should actually be used to challenge the traditional one-size-fits-all approach with respect to a moderator distinction between teaching AI versus using marketing for pre-enrolment purposes to improve the validity of a domain-specific conceptual framework (from Chapter 2) rather than simply reaffirming that all hypotheses should remain valid.

5.3.5 Auxiliary Findings and Their Fit with the Main Model
In addition to the 12 original hypotheses tested, the current study included three sets of auxiliary analyses from Study 4. Although the auxiliary analyses were not part of the original plan presented in Study 1, the anticipated analysis strategy was initially presented in §3.8. The first (serial mediation) analysis performed used the PROCESS Model 6 to investigate the AI-Teaching → Service Quality → Trust → Purchase Intention (indirect; 0.23, CI: [0.16; 0.31]) pathways of influence, as well as a second (parallel) pathway through Perceived Value. A second set of analyses was utilised to compare perceptions reported by students versus parents across each of the variables, and it was reported that only on one of the six cultural factors defined did the response patterns between students and parents converge (suggesting greater endorsement of each variable by students than parents). The demographics ANOVA generated identified four generational patterns (i.e., younger respondents (18–34) were reported to be the most supportive of AI compared to older respondents (35+) across all levels of endorsement of each of the variables) and two income patterns (i.e., higher income [HR] respondents reported higher levels of Perceived Value than both lower income (LR) and middle income (MR) respondents; however, Perceived Value was rated low relative to HR respondents, with a non-linear dip for MR respondents). None of the previous hypotheses of the current study should be contradicted; instead, they provide additional descriptors (shades) that will be examined in the "Practical Implications" of §5.5.

[bookmark: _Toc228056593]5.4 Theoretical Contributions
In this subsection, the results of the current study (Study 4) will be compared to the four theoretical frameworks presented previously in Chapter 2, §2.3, and integrated together into a single Trust-Value-Quality Framework for the adoption of AI in education. The primary purpose of this integration process is to take a PhD from simply testing a theory/model to refining all of the underlying theory that was developed in support of a research framework upon which the studied model is based.
5.4.1 Contribution to the TAM
In Davis’s first version of the TAM (1989), behavioural intention was created between the perceptions of usefulness and ease of use via attitude. The second version of the TAM (Venkatesh & Davis, 2000) and the UTAUT (Venkatesh et al., 2003) extended the model over time. 
The research supports two new contributions. The first new contribution is that in the educational-service credence context, behavioural intention won't develop directly from the two perceptions of usefulness and ease of use. Behavioural intention will develop via the mediating constructs of service quality, trust, and perceived value, as evidenced by §2.3.1. When technology is embedded in a service (i.e., used as part of) and not in and of itself, the mediating constructs of service quality must be incorporated into the original model of TAM (Davis).
Second, AI adoption in education is not one uniform construct. The domain-specific results (H1 and H2 on service quality; H4 and H5 on trust; H7 and H8 on value; H10 and H11 unsupported; H12 partially supported for teaching but not marketing) point towards a disaggregated TAM. Teaching-side AI and marketing-side AI behave differently. Chapter 2, §2.4.1 and §2.4.2 hinted at this; direct evidence backs it now. Future studies should operationalise TAM with at least two distinct AI-domain measures in educational settings, not a bundled technology index. Marketing AI and teaching AI are different technologies in terms of how parents perceive them.

5.4.2 Contribution to the TPB
The TPB (Ajzen, 1991) is built off the three constructs of attitude, subjective norm, and perceived behavioural control as they relate to the development of behavioural intention. Chapter 2 at §2.3.2 supports that in the case of Saudi Arabian schools (in the consideration stage), the major constructs of subjective norm and perceived behavioural control have more effect on the final decision due to the nested structure of a large number of cultural influences such as family, religion, and the Vision 2030 policy framework. The result of the two cultural factors found to moderate school selection decisions as it relates to teaching path (H12) supports this argument. The study's cultural-factors measure includes family values, religious orientation, and gender preferences (Chapter 1, §1.6), which align with TPB's subjective-norm component.
The primary conclusion regarding the contribution of cultural factors in TPB is that subjective norms do not have a non-variable effect regardless of the source of the technology within an educational-system domain. That is to say, with daily implementation of technology in the classroom through the use of AI (i.e., AI teaching), subjective norms will be meaningful to users. However, when technology exists in the context of marketing or communication associated with the enrolment process, subjective norms do not have a direct relationship to overall usage. Frequently, studies regarding TPB have assumed that all users experience the same level of influence from subjective norms related to their technology usage with the same strength. This research shows that there are differences in the influence of subjective norms on technology usage based upon the domain of contact for that technology and that this needs to be given consideration, especially within the context of culturally embedded service delivery environments (e.g., an ethnically and religiously diverse K-12 system).

5.4.3 Contribution to SERVQUAL
We employed the SERVQUAL model (Parasuraman, Zeithaml, & Berry, 1988) to establish five dimensions of quality: tangibles, reliability, responsiveness, assurance, and empathy. The findings from the measurement model presented in Chapter 4 supported the five-factor model of the modified instrument, making this a methodological benefit. The substantive conclusion from this study is that the constructs that reflect reliability and responsiveness will exert more influence than any other construct within the quality/intention relationship when assessing quality in educational delivery enhanced by AI. 
Reliability and responsiveness are easily influenced by AI. AI can influence reliability more effectively than any other means of educational service delivery (e.g., AI can improve the reliability of results, decrease the number of scheduling glitches), but empathy continues to be delivered in-person by humans. Thus, due to the reliability and responsiveness of AI education delivery, these two constructs will have the heaviest load in determining the qualitative/quantitative link between AI and commitment.
A modest SERVQUAL extension is proposed here. The adapted instrument in §3.5 added questions about how parents perceive algorithmic fairness and data handling. These items clustered on the assurance dimension. In AI-enhanced contexts, assurance should be read as a pairing: traditional professional assurance (teacher credentials, school standing) and algorithmic assurance (fairness, clarity, accountability). This compound reading of assurance is the main SERVQUAL refinement the study advances.

5.4.4 Contribution to Perceived Value Theory
According to theorists of perceived value (Zeithaml, 1988; Sweeney & Soutar, 2001) perceived value can incorporate the following factors: functional, emotional, social, monetary. As stated in Chapter 4 of this report, all four factors can be found in the Jeddah study sample. The theoretical implications for this finding are found in the relationship between the suppression pattern from H7 and H8. When the perceived value of AI is included in the analysis of the data, the direct relationship between AI adoption and intent switches from a positive correlation to a negative correlation; however, the overall relationship between AI adoption and intent remains positive (and therefore is not affected by the inclusion of perceived value into the analysis of the relationship). The suppression effect is a recognised condition within the literature as noted by MacKinnon, Krull & Lockwood (2000) because it is associated with a statistically significant indirect pathway and makes sense in theory.
For the parents initially approach the use of AI in teaching with caution due to concerns about cost, screen time, and its pedagogical suitability. However, they will become more positive once they recognize its educational value. Perceived value is not just a mediator in the narrow statistical sense; it is the hinge where initial hesitation reverses. This adds something to the perceived-value literature because most prior studies report straightforward mediation, not suppression, in technology contexts (for instance, Chen and Dubinsky, 2003).

5.4.5 Integrated Trust-Value-Quality Framework
Each of the four contributions described above cannot be viewed as standalone contributions. All four contributions of this study have developed into an integrative theoretical apparatus to support the study's claim. The rationale for the development of this (all inclusive) framework (i.e., revised Figure 1) is based on how AI adoption creates four pathways to a purchase intention: direct-to-service quality pathway; trust-theory mediated pathway; value-theory mediated pathway; and cultural-performance moderation pathway (the purpose of which is to inform, shape, and support the other three pathways to purchase intention from being independent of each other). While these are considered a separate pathway, they are not parallel pathways; trust and value of AI share a reciprocal relationship, and service quality has a causal impact before other variables.
One important difference between previous AI-adopting parent consumers and present AI-adopting parent consumers is how parents interpret AI. Parental interpretations of AI are not based solely on a mechanical basis for utilising AI but can also be viewed as a communication cue regarding the school system's performance (i.e., quality of service delivery), capability (i.e., ability to perform/or service performance), and degree of responsiveness (i.e., attitude of the school system toward the family) about parental values and commitments. The act of adopting AI technology in K-12 educational settings is, therefore, an interpretive experience and not a mechanistic technology determinism. Thus, using this framework for both signalling theory and technology acceptance theory, the authors have generated a new lens through which to understand future developments of AI technology in service-based environments.

[bookmark: _Toc228056594]5.5 Practical Implications and Recommendations
Finally, in this section an operational view of the theoretical findings of the research has been created for practical purposes, and thus four groups of stakeholders (i.e., private school administrators; educational policymakers [i.e., Saudi Ministry of Education, SDAIA within Vision 2030; educational technology companies; and the parents of currently enrolled students in private K-12 education]) should use the practical outcomes from the theoretical findings to develop their respective strategies for the employability of AI in private K-12 environments and the greater impact of AI in each stakeholder group's area of domain based on the actual statistical coefficients produced in Chapter 4 as opposed to generic statements regarding technology adoption.

5.5.1 Implications for Private-School Administrators in Jeddah
Spending should be allocated for the purpose of achieving results through purposeful allocation. Quality of service (β = 0.861) was found to be the predominant factor contributing to purchase intention. Therefore, in order for educational institutions to grow enrolment through AI implementation, they will need to focus on delivery quality rather than just shiny, trendy features of the AI. For example, schools should invest in technology that provides them with the means of delivering consistently reliable services (by ensuring services are provided consistently and creating reliable schedules), quickly responding to parents’ needs, providing accurate responses to parents’ queries, and providing assurance (explaining how data gets collected and used and creating systems where teachers can oversee how AI systems perform).
The second recommendation stems from trust being the dominant mediator (over 75% mediation in the AI-to-intention routes). Rather than treating trust as something that flows naturally from marketing, schools should manage it as an explicit outcome. Visible protocols for teacher supervision of AI tools, clear communication about data safety, parent-facing explanations of how algorithms work, and a named person accountable for AI decisions all move the trust gauge. An AI ethics committee or parent advisory board reviewing AI rollouts before launch would be prudent.
As a result of finding considered cultural moderation in H12, AI in pedagogy must be implemented with cultural intent. This intent may include (at a minimum): Arabic language support; content selected based on religious/ethical compatibility; gender-related options pre-programmed into personalised learning; and options for parents to oversee/control how their child uses AI. According to the data collected from our sample of parents’ children, 78.2% of the sample rated their child’s cultural sensitivity higher than 4.82 which suggests there is a high demand for pedagogical AI, but there would be no acceptance unless the technology indicates an understanding of the culture of the users.

5.5.2 Implications for Policymakers and Vision 2030
As we consider the Vision 2030 (SDAIA, MOE) initiative declaring AI to be of national significance, there are three signals related to educational policy that stem from analysis presented in Chapter 4 of this report. The first is that the K-12 national AI strategy must have measures related to both quality and trust, as well as cultural alignment – these measures must be tracked alongside adoption counts. Tracking the # of schools reporting how they use AI is weak; however, tracking whether parents report improvements in service quality, trust, and value added by using AI compared to traditional methods would provide a stronger measurement of efficacy. Adding a parent perception index to MOE’s existing school evaluation tools would cost little, but increase the rigour of these tools.
Secondly, AI in marketing moves the service-quality needle almost as much as AI in teaching (H2 β = 0.474 versus H1 β = 0.464). Pre-enrolment marketing shapes parent perceptions as much as classroom use does. Information asymmetry risk is real if marketing outpaces delivery. A light-touch disclosure rule (a short, Ministry-standard statement of AI use that schools publish) would shrink the gap.
The third point takes up the cultural moderation of teaching AI (H12). This aligns with a Vision 2030 principle: modernisation happens within Saudi cultural bounds. The 4.82 threshold on the 7-point cultural scale is operationally useful: schools and vendors scoring below this will likely lose the AI-quality gain. A public curriculum-alignment badge (like halal certification in consumer goods) signalling cultural fit of AI in education would help.

5.5.3 Implications for Educational Technology Developers
Companies involved in developing educational technology for the Saudi K-12 market should treat Chapter 4 of this report as a blueprint for product development. The first priority of design for educational technology targeting K-12 delivery is reliability and responsiveness – the SERVQUAL dimensions of quality effect that weigh most heavily in terms of impact associated with student learning. Therefore, companies should develop and implement a reliable infrastructure, use an Arabic 1st (language) interface, budget for latency based on actual classroom use, and have fully integrated connectivity with the school information systems (rather than functioning as a "stand-alone" product).
The second priority is for algorithmic assurance operationalised through transparent model documents, legible data-flow disclosures, user-visible controls over personalisation options, and accessible explanation features for parents and teachers. This is the compound-assurance point from §5.4.3 as a product requirement.
The third priority is cultural localisation that goes deeper than translation. Content moderation, religious calendar awareness, gender defaults in adaptive pathways, family-involvement features, and parent co-use modes are product-level levers interacting with the cultural moderation effect. Vendors translating only the User Interface (UI) will likely find their AI products fail to register the positive quality lift forecast by H1 in the high cultural-score segment.

5.5.4 Implications for Parents
Parents serve as the respondents and buyers for the purposes of this study. Practically, the diagnostic focus is on the questions parents will ask regarding an institution's advertised AI attributes. The study results suggest the major questions are: (1) Do the AI attributes for the school meet the five SERVQUAL dimensions (tangibles, reliability, responsiveness, assurance, empathy)? (2) Do the AI attributes build trust in the school and AI technology? (3) Do the AI attributes align with family values/cultural commitments? Institutions receiving strong scores on these measures will be on a more solid footing in terms of enrolment decisions. Institutions utilising AI simply as a marketing label without substance will ultimately prove disappointing.

[bookmark: _Toc228056595]5.6 Limitations, Delimitations, and Assumptions
This section outlines which of the limitations, delimitations, and assumptions from Chapter 1 §1.5 held, were tightened, or were relaxed after completion of the empirical work. The three-part structure of this section mirrors that of Chapter 1, providing a way to align both chapters.

5.6.1 Limitations Confirmed or Extended by the Empirical Work
The use of a cross-sectional design is the primary limitation of the study. As previously noted in Chapter 3 §3.2.4, due to the use of a single-wave survey, it is not possible to establish causality to the same degree that either a longitudinal study or experimental design would yield. The results of the study included regression, mediation, and moderation analyses run on a theoretically ordered model, yet theory can never replace what is called the temporal sequence. A two- or three-wave panel study would potentially allow for cross-lagged analysis that would be better suited to the identification of causal order.
[bookmark: _Hlk232868767]Common-method variance (CMV) is a second constraint. Harman's single-factor test held the largest-factor variance under 50%, and marker-variable checks sat within bounds, so catastrophic CMV did not surface in managerial marketing research. Still, the caveat holds: a survey of parent perceptions inflates perception-to-perception correlations. Chapter 4 coefficients should be read as upper-bound estimates of what a multi-source design might yield.
A third constraint is how AI adoption was measured. The instrument tapped perceived AI use in teaching and marketing as general constructs. It did not separate adaptive learning from intelligent tutoring, chatbots from generative writing tools, or automated marketing from programmatic enrolment. Future work unpacking these subtypes matters because H1 and H2 coefficients almost certainly average across different effects.

5.6.2 Delimitations Revisited
This study was conducted in Jeddah, Saudi Arabia as originally defined in Chapter 1. So, it follows that any conclusions may not be generalised to Riyadh, Dammam, or any other city in the Kingdom. Because Jeddah is a coastal, cosmopolitan, trading city, it is likely that parents in Jeddah may be more accepting of AI than relatives or parents in other cities within Saudi Arabia. Therefore, the natural next step would be a replication study in Riyadh.
Because of the constraints in this sector relating to private (K-12) education, public schools, as well as international (foreign curriculum), and all levels of post-secondary (public or private) types of educational institution have been excluded. Adding public schools would have more to do with policy than demand for products as most of the parents of public-school students do not choose their school in the same manner as other types of educational settings. Therefore, the avenue of researching higher education for students would be a more productive option than K-12.
The demographic bounds set the unit to parents as decision-makers and held. Chapter 4's student-versus-parent auxiliary analysis showed students to be consistently more positive than parents except on cultural factors, where they aligned. A student-sample replication would likely yield somewhat higher coefficients, a useful contrast rather than contradiction.

5.6.3 Assumptions Revisited
According to the study, the assumption is made that Jeddah's parents are the primary decision-maker(s) for enrolling children in Jeddah's private schools. The demographics in Chapter 4 (93% of participants self-identifying as being either a primary or joint decision-maker) affirm this assumption. It was a further assumption that parents could differentiate between AI and non-AI functions, and this was verified at a rudimentary level via the pilot study, described in §3.5.4. A more elaborate test of this capability will occur during the second phase of the next study when the survey results of parents’ reports on whether their child(ren) have been using AI is correlated with institutional-level AI usage by independent comparison of institutional-level reported usage of AI.
The study assumed Arabic-English translation held the scales' psychometric properties intact. Chapter 4's construct-validity checks (AVE, CR, HTMT ratios) support this assumption in the Jeddah sample, though translation remains an ongoing concern in cross-cultural measurement. Future work should do full psychometric calibration of Arabic versions of these instruments.

[bookmark: _Toc228056596]5.7 Future Research Directions
The preceding discussion generates numerous future research opportunities. First, longitudinal replication via two or more waves of data collection would permit a cleaner investigation of the causal relationships among service quality, trust, and value in the AI-adoption process, providing a stronger basis for theorising those relationships within a longitudinal dataset. Second, replication across cities or countries (i.e., Riyadh, Dammam, or generally across the GCC region) would enable the limits of the cultural-moderation result (H12) to be tested. Finally, an investigation into different types of AI would allow adaptive learning versus intelligent tutoring systems versus chatbot systems versus generative writing assistance systems to be disaggregated, generating new pooled coefficients to understand the different influences associated with each AI type based upon differences among the constructs.
A fourth line is experimental. Vignette-based or field experiments manipulating the AI-feature set and cultural framing of communications would allow a future researcher to separate technology from framing effects, something this correlational study cannot do. A fifth line mixes methods: adding qualitative interviews with parents, teachers, and school heads alongside the quantitative model would unlock the meaning-making processes behind the suppression pattern (H7, H8) and the domain-specificity of cultural moderation (H12).
A sixth future approach ties back to the student-satisfaction discussion in Chapter 2, §2.4.10: broadening the outcome side. Purchase intention fits a pre-enrolment model, but once enrolment happens, outcomes shift to continuation, referral and educational outcomes. Following families from pre-enrolment intent through two or three years of schooling would bring the field closer to the actual stakes of AI-augmented private schooling.

[bookmark: _Toc228056597]5.8 Conclusions
The research question of this dissertation focused on how parents' intent to purchase educational services for their child(ren) has been impacted by their use of AI in assisting their child(ren) with educational activities in Jeddah private schools, as well as what pathways led to this impact. The empirical analysis of survey data collected from 409 parents yielded 10 out of 12 hypotheses being supported and provided an explanatory model capable of explaining 76.9% of the variance in parental purchase intentions. Hypotheses 10 and 11 (i.e., there are no direct, unmediated AI effects on the overall model) were not supported and were consistent with theoretical expectations that mediation of AI effects occurs via service quality, trust, and value.
The main theoretical contribution is the integrated trust-value-quality framework from §5.4.5, uniting TAM, TPB, SERVQUAL, and Perceived Value Theory in a single, culturally moderated model for K-12 AI adoption. The main practical contribution is the set of recommendations in §5.5 for school heads, policymakers, vendors, and parents, all grounded in the specific Chapter 4 coefficients rather than abstract technology-adoption talk. The main methodological contribution, modest but real, is the Arabic-language SERVQUAL adaptation with algorithmic-assurance items grafted into the assurance dimension.
Three points deserve remark as the reader finishes. Cross-sectional design blocks strong causal claims. Jeddah-only, K-12-only, private-sector-only delimitations restrict how far conclusions travel. The pooled AI-adoption measure averages over distinct AI subtypes and thus yields coefficients that are internally consistent but coarse externally. Future work addressing any of these three will sharpen the picture.
A final thought is that AI in education is not ultimately a technology story. It is a story about whether parents, teachers, and school leaders can pick up new tools and do what schools actually do – teaching children in a manner families trust and value. The Chapter 4 data say AI can help in Jeddah private schools, provided it is deployed with deliberate attention to service-quality delivery, trust-building, value creation, and the cultural commitments of families paying tuition fees. This is a hopeful finding, and a demanding one, and it is where this dissertation stops.
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Figure 4.2
Gender Distribution (N = 409)
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Figure 4.1
Distribution of Respondents by Category (N = 409)
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Figure 4.3
Age Distribution of Respondents (N = 409)

200 187
(45.7%)

175

150

-
N
w

89
(21.8%)

=
o
S}

76
(18.6%)

57
(13.9%)

50

25

16-25 years 26-35 years 36-45 years 46+ years
Age Group




image6.png
200

&

Frequency
5
g

50

High School o Less

198

Bachelor's Degree
Education Level

Graduate Studies




image7.png
Figure 4.5
Monthly Household Income Distribution (N = 409)
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