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ABSTRACT

	Generative artificial intelligence (GenAI) has emerged as a significant governance concern for higher education institutions, necessitating attention to responsible technology use, organizational capability, governance structures, resources, and ongoing oversight. This study investigates the institutionalization of GenAI governance through a management-oriented qualitative document analysis of three documents from a focal higher education institution. Using the Technology–Organization–Environment (TOE) framework, the study identifies governance commitments articulated in the institution's AI policy and examines the technological, organizational, and environmental conditions influencing these commitments. The analysis employs a 13-construct TOE codebook to examine the institution's GenAI policy, the establishment of its responsible AI committee, and an earlier memorandum on AI in teaching and learning. Results demonstrate that the institution's governance response evolved through a progression from capability development to the establishment of formal governance structures and policy formalization. Technological conditions created opportunities and practical requirements for GenAI governance, while organizational conditions—particularly leadership, structure, competence, resources, and readiness—were most extensively documented. Environmental conditions primarily defined regulatory and institutional boundaries. The findings indicate that GenAI governance becomes institutionalized not solely through policy formulation, but through organizational capacity to translate technological change into assigned responsibilities, coordinated structures, and sustained oversight. This study advances higher education management and AI governance by extending the TOE framework to institutional governance and by identifying a capability–structure–formalization pattern for understanding how AI governance becomes embedded within university organizational arrangements.
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1. INTRODUCTION

Generative artificial intelligence (GenAI) has transitioned from an emerging technology to a significant institutional concern within higher education. Its expanding application in teaching, learning, research, and administrative functions presents opportunities for innovation and productivity, while also raising critical questions regarding academic integrity, privacy, accountability, human agency, equitable access, and responsible use. As GenAI becomes more deeply integrated into university operations, the primary institutional challenge shifts from the decision to adopt the technology to determining how universities organize, govern, and sustain its use within existing structures.
Recent scholarship demonstrates that higher education institutions are responding to GenAI through the development of policies, guidelines, governance structures, support mechanisms, and capacity-building initiatives. Bacalso et al. (2026), in a systematic review of institutional approaches to GenAI management, identified governance, implementation, faculty development, ethical oversight, and organizational support as interconnected dimensions of institutional responses. Similarly, Gomes et al. (2025) observed that the emerging literature on GenAI governance in higher education addresses governance frameworks, institutional challenges, stakeholder perspectives, and research gaps. Collectively, these developments suggest that AI governance is increasingly viewed as an organizational concern that extends beyond the regulation of individual technology use.
The management challenge is particularly pronounced in the relationship between formal policy and institutional practice. While policy documents can articulate expectations regarding responsible use, privacy, academic integrity, and human oversight, their existence alone does not demonstrate that an institution possesses the organizational capacity to fulfill these commitments. LaFrance (2026), for example, found that universities are developing distributed governance arrangements in which institution-level guidance addresses data protection, approved tools, and risk management, while implementation responsibilities remain dispersed across organizational levels. These arrangements underscore the significance of authority, coordination, responsibility, and organizational capacity in managing GenAI. Uddin (2026) similarly contends that GenAI governance in higher education should move beyond compliance-oriented approaches by emphasizing human agency, ethical reasoning, and institutional responsibility.
This distinction is significant because institutionalization requires more than the publication of formal rules. It necessitates embedding governance expectations within organizational structures, capabilities, resources, decision-making processes, and ongoing oversight. The central management question, therefore, is how a higher education institution transforms an emerging technological development into enduring organizational arrangements that support responsible decision-making and governance.
The Technology–Organization–Environment (TOE) framework offers a valuable perspective for analyzing this issue. Originally developed to explain organizational adoption of technological innovations, TOE posits that technological change is shaped by three contextual factors: the characteristics of the technology, the organization’s internal characteristics and resources, and the external environment in which the organization operates (Tornatzky & Fleischer, 1990). Although traditionally applied to technology adoption, these three contexts are equally relevant for examining the conditions that influence institutional AI governance. Technological characteristics may present both opportunities and risks; organizational characteristics determine the capacity to respond; and environmental conditions establish regulatory, institutional, and other external boundaries.
Applying TOE to AI governance, however, requires moving beyond the question of whether an organization adopts a technology. The relevant concern becomes how technological, organizational, and environmental conditions enable or constrain the institutionalization of governance around that technology. This distinction is particularly relevant to higher education because GenAI governance involves not only the use of technology but also the allocation of responsibility, the development of institutional capability, the coordination among organizational units, the mobilization of resources, and the ongoing adaptation of policies and practices.
This study investigates this issue through the case of Xavier University, a higher education institution that has documented its response to GenAI through policy, governance, and capability-development documents. Rather than treating the institution’s AI policy as an isolated artifact, the analysis considers it alongside two related institutional documents that represent different aspects of the university’s response to GenAI. This documentary approach enables an examination of both the governance commitments formally established by the institution and the technological, organizational, and environmental conditions relevant to those commitments.
Accordingly, this study addresses the following research questions:
RQ1. What AI governance commitments are established in the institution’s AI policy?
RQ2. What technological, organizational, and environmental conditions relevant to these commitments are documented across the institution’s publicly available documents?
RQ3. How do the documented technological, organizational, and environmental conditions shape the institutionalization of AI governance within the university?
To address these questions, the study pursues three specific objectives: (1) to identify the governance commitments established through the institution’s AI policy; (2) to examine the relevant technological, organizational, and environmental conditions documented in institutional materials; and (3) to interpret how these conditions collectively contribute to the institutionalization of AI governance within the university.

2. METHODOLOGY

2.1 Research Design

A theory-directed qualitative document analysis was utilized to investigate the institutionalization of generative artificial intelligence (GenAI) governance within a Higher Education institution. This approach prioritizes formal institutional arrangements, governance mechanisms, and organizational commitments as articulated in official documents, rather than individual perceptions or self-reported experiences. Institutional policies and memoranda documenting the development of AI-related capabilities, governance structures, and formal policy commitments served as primary data sources. These documents provide direct evidence of the institution's formal response to GenAI. The analysis was guided by a predefined theoretical framework and coding scheme, supplemented by interpretive examination of relationships and patterns across documents. This integration of theory-directed coding and qualitative interpretation is consistent with established practices in documentary and qualitative text analysis for organizational and policy research (Bowen, 2009; Ji, 2024; Malandrino, 2024).
The Technology–Organization–Environment (TOE) framework was utilized as the deductive analytical lens for this study. Developed by Tornatzky and Fleischer (1990), the TOE framework explains organizational technological innovation through three broad contexts: technological, organizational, and environmental. This framework is particularly suitable for organizational-level analysis because it considers technological innovation in relation to both internal organizational conditions and the external environment, rather than focusing exclusively on individual technology acceptance.
Recent studies show the continuing relevance of the TOE framework for analyzing emerging technologies and institutional contexts. Al-Khatib (2023) applied TOE specifically to generative artificial intelligence, while Hmoud et al. (2023) utilized the framework to examine technology adoption in Higher Education institutions. Additional studies have investigated TOE factors associated with organizational AI adoption (Pinto et al., 2025), organizational readiness for AI (Neumann et al., 2024), and educational-technology adoption at the institutional level in Higher Education (Yan et al., 2026).
The TOE framework was not applied as a statistical model for predicting technology adoption. Rather, it served as a theoretical structure for examining documentary evidence regarding the conditions under which AI governance is developed and institutionalized. The analysis concentrated on how technological, organizational, and environmental conditions are represented in institutional documents and their connection to the development of formal AI-governance arrangements.
The analysis proceeded at two interconnected levels. Initially, documentary statements were deductively coded using a literature-supported TOE codebook. Subsequently, the coded evidence was examined through cross-document pattern analysis to identify relationships among conditions and to determine how capability development, governance structures, and formal policy commitments collectively contribute to the institutionalization of AI governance.

2.2 Documentary Data Sources and Selection

This study was conducted at Xavier University–Ateneo de Cagayan, a higher education institution in the Philippines. The documentary corpus comprised institutional documents addressing generative artificial intelligence (GenAI), its responsible use, and related organizational initiatives. Purposive documentary sampling was utilized. Documents were selected according to four criteria: (a) official institutional authorship or issuance; (b) accessibility to the researcher; (c) direct and substantive relevance to AI governance or AI-related organizational management in higher education; and (d) sufficient substantive content to support theoretically directed analysis.
The core documentary corpus consisted of three documents. D1, the Policy on the Ethical and Responsible Use of Generative Artificial Intelligence (GenAI) at Xavier Ateneo (Memo #U2425-003), issued on August 6, 2024, served as the principal source of evidence regarding the institution's formal AI governance commitments (Xavier University, 2024a).
D2, Establishment of the Committee on Responsible AI Use at Xavier Ateneo (Memo #U2324-062), dated February 24, 2024, provided evidence of the creation of a formal organizational mechanism for responsible AI governance, including governance responsibilities, organizational structure, leadership, and coordination (Xavier University, 2024b).
D3, OVPHED Memo 2324-14, Artificial Intelligence (AI) in the Service of Teaching and Learning, dated November 3, 2023, documented an institutional AI program that included faculty GenAI training, an online AI resource and interaction hub, faculty and formator discussions, and student focus groups. The program also aimed to generate recommendations on how the university should address and manage AI-related opportunities and challenges (Office of the Vice President for Higher Education, 2023).
These three documents were selected to represent distinct yet interconnected organizational mechanisms: AI capability development and organizational learning (D3), formal governance structuring (D2), and formal policy institutionalization (D1). Collectively, they provide complementary evidence for examining the development of institutional responses to GenAI across capability-building, organizational governance, and formal policy.
Documents with only indirect relevance to AI governance were excluded from the core corpus. A general strategic-planning document was omitted because it did not substantively address AI. General and population-specific data privacy documents were also excluded, as they pertain to broader institutional privacy arrangements rather than AI-specific governance. The study focused exclusively on higher education; therefore, basic education documents were not included.
The bounded corpus was constructed to provide analytical depth and facilitate documentary triangulation, rather than to include every institutional document related to AI. This approach aligns with qualitative document analysis, in which documentary sources are purposively selected based on their relevance to the research problem and analytical objectives (Bowen, 2009; Ji, 2024).

2.3 Theoretical Framework and TOE Codebook

The TOE framework encompasses three broad contextual domains: Technology, Organization, and Environment (Tornatzky & Fleischer, 1990). These domains provide the theoretical structure for the analysis; however, the framework does not prescribe a universal set of specific constructs applicable to all technologies or organizational settings. Instead, specific determinants are operationalized according to the technological and organizational context under investigation.
This contextual operationalization is evident in recent TOE research. Hmoud et al. (2023), examining technology adoption in Higher Education institutions, identified factors such as relative advantage, compatibility, complexity, top management support, organizational readiness, information quality, and vendor selection. Al-Khatib (2023), examining GenAI, similarly operationalized TOE through technological, organizational, and environmental factors including relative advantage, compatibility, complexity, top-management support, organizational readiness, and external pressures. Neumann et al. (2024) examined organizational readiness for AI using technological, organizational, and environmental conditions.
Two recent syntheses provide particularly relevant support for the present study. Pinto et al. (2025) conducted a meta-analysis of TOE factors associated with organizational AI adoption and identified compatibility, relative advantage, organizational readiness, management support, government support, competitive pressure, and vendor partnership among relevant factors. Yan et al. (2026), through a systematic review of institutional educational technology adoption in Higher Education, similarly identified recurring technological, organizational, and environmental determinants across institutional technology adoption studies.
Accordingly, this study operationalized the three TOE contexts through 13 context-specific constructs. These constructs were selected from recent TOE literature and adapted to characteristics observable in institutional documentary evidence. They are treated as operational categories within the three TOE contexts, rather than as an assertion that the original TOE framework contains a fixed 13-construct taxonomy.

Table 1. Literature-Supported TOE Codebook for Documentary Analysis

	TOE Context
	Construct
	Operational Definition
	Literature Support

	Technology
	Relative advantage
	Documented benefits, improvements, opportunities, or value associated with AI relative to existing approaches
	Al-Khatib, 2023; Hmoud et al., 2023; Pinto et al., 2025; Yan et al., 2026

	
	Compatibility
	Evidence that AI is consistent with existing institutional practices, systems, values, or processes
	Al-Khatib, 2023; Hmoud et al., 2023; Pinto et al., 2025; Yan et al., 2026

	
	Complexity
	Documented difficulties, challenges, uncertainty, or perceived difficulty associated with AI use or implementation
	Al-Khatib, 2023; Hmoud et al., 2023; Yan et al., 2026

	
	Technological infrastructure
	Institutional technological platforms, systems, tools, or infrastructure supporting AI-related activities
	Hmoud et al., 2023; Yan et al., 2026

	
	Data capability
	Institutional capacity concerning data resources, information management, information quality, security, or related capabilities relevant to AI
	Hmoud et al., 2023; Yan et al., 2026

	Organization
	Top-management support
	Executive leadership, endorsement, direction, sponsorship, or involvement in AI-related initiatives
	Al-Khatib, 2023; Hmoud et al., 2023; Pinto et al., 2025; Yan et al., 2026

	
	Organizational structure
	Formal organizational roles, responsibilities, governance arrangements, coordination mechanisms, or reporting structures
	Hmoud et al., 2023; Yan et al., 2026

	
	Human/technical competence
	Knowledge, skills, training, expertise, or personnel capabilities required to support AI use
	Yan et al., 2026

	
	Organizational resources
	Human, technological, financial, or other organizational resources allocated to AI-related activities
	Yan et al., 2026

	
	Organizational readiness/change capacity
	Institutional mechanisms and capabilities for preparing for, adapting to, and managing technological change
	Al-Khatib, 2023; Hmoud et al., 2023; Pinto et al., 2025; Yan et al., 2026

	Environment
	Regulatory/institutional pressure
	Laws, regulations, institutional requirements, professional expectations, or other external requirements influencing AI governance
	Pinto et al., 2025; Yan et al., 2026

	
	External support/partnerships
	Vendors, external organizations, partnerships, or external assistance supporting AI-related implementation
	Pinto et al., 2025; Yan et al., 2026

	
	Competitive pressure
	Competition, comparative institutional positioning, or market pressures influencing AI-related decisions
	Al-Khatib, 2023; Pinto et al., 2025; Yan et al., 2026



The codebook functioned as a deductive analytical instrument rather than a measurement scale. Constructs were coded only when documentary evidence substantively addressed their operational definitions. Consequently, coding organizational readiness indicates the presence of documentary evidence concerning mechanisms or conditions associated with readiness, but does not confirm that the institution is objectively ready or that implementation has been successful.
Likewise, the absence of documentary evidence for a construct was not interpreted as evidence that the condition was absent within the institution. Such instances were documented as lacking substantive evidence within the corpus.

2.4 Unit of Analysis and Coding Procedure

The unit of analysis comprised meaningful documentary statements or provisions relevant to AI governance or one of the TOE constructs. Whole documents were not assigned to individual TOE categories. Instead, relevant passages were examined within their documentary context and coded according to the condition, commitment, or organizational mechanism they substantively represented.
The coding process consisted of five stages.
First, document familiarization. Each document was read in full to establish its purpose, institutional context, intended audience, governance provisions, and relationship to the other documents.
Second, identification of substantive evidence. Statements concerning AI governance, organizational arrangements, capability development, technological conditions, or environmental conditions were identified for analysis. Statements that were purely administrative or unrelated to the analytical objectives were excluded.
Third, deductive coding. Relevant passages were coded against the established TOE codebook. Each coded passage was recorded according to document, documentary evidence, TOE context, construct, and analytical interpretation. A construct was assigned only when the documentary evidence substantively supported its operational definition.
Fourth, within-document analysis. D1 was examined primarily for formal AI-governance commitments (Xavier University, 2024a); D2 for governance structure, leadership, and cross-functional coordination (Xavier University, 2024b); and D3 for AI capability development, organizational learning, and implementation preparation (Office of the Vice President for Higher Education, 2023).
Fifth, cross-document pattern analysis. The coded evidence from D1–D3 was compared to identify recurring conditions, complementarities, differences, and relationships among technological and organizational mechanisms.
This procedure reflects the systematic approach of qualitative document analysis, wherein documentary material is selected, examined, coded, and interpreted according to explicit analytical objectives (Bowen, 2009; Ji, 2024). Qualitative text analysis enables the examination of relationships and patterns within policy and organizational documents, rather than limiting analysis to the frequency of textual categories (Malandrino, 2024).

2.5 Cross-Document Pattern Analysis

The final analytical stage investigated relationships among coded conditions across the three documents, rather than merely counting the occurrence of TOE constructs. This stage was essential because the study addresses AI governance as an organizational and management process, not as a collection of isolated technological factors.
The analysis initially examined recurring combinations of technological and organizational conditions, focusing on relationships involving leadership, organizational structure, human and technical competence, technological infrastructure, organizational readiness, and formal governance.
Subsequently, the documents were analyzed in relation to their institutional sequence. D3 documents AI capability development and organizational learning (Office of the Vice President for Higher Education, 2023); D2 establishes a formal governance structure (Xavier University, 2024b); and D1 formalizes AI-governance commitments through institutional policy (Xavier University, 2024a). This sequence was interpreted as a documentary pattern indicative of progressive institutionalization, rather than as evidence of a causal relationship among the documents.
Finally, the analysis considered convergence and divergence across the three documents. When multiple documents provided evidence for the same TOE-related condition, convergence was regarded as analytically significant. Where a construct was not substantively represented, its absence was retained rather than supplemented through inference.
Accordingly, TOE was used as a framework for interpreting relationships among organizational conditions, rather than as a checklist requiring every document to demonstrate every construct. This approach aligns with the contextual application of TOE, as demonstrated in recent research on organizational AI adoption and institutional educational technology adoption (Pinto et al., 2025; Yan et al., 2026).

2.6 Trustworthiness

Trustworthiness was ensured through purposive source selection, theoretical transparency, systematic coding, cross-document comparison, and maintenance of an analytical record of coding decisions.
First, the core corpus consisted of official institutional documents selected according to explicit inclusion criteria. Second, the theoretical framework and operational definitions were specified before the final cross-document interpretation. Third, documentary evidence was retained alongside its corresponding TOE construct and analytical interpretation, thereby providing an explicit link between the source material and the findings.
Fourth, the analysis distinguished among formal commitments, documented organizational mechanisms, and interpretive conclusions. A policy statement describing an intended practice was therefore not automatically treated as evidence that the practice had been implemented. Fifth, evidence was compared across D1–D3 to identify convergence and divergence. Sixth, the absence of documentary evidence was retained as an analytical observation rather than filled through inference.
These procedures enhance transparency in the progression from documentary evidence to theoretical coding and from coding to higher-order interpretation, consistent with established and recent approaches to qualitative document and text analysis (Bowen, 2009; Ji, 2024; Malandrino, 2024).

2.7 Ethical Considerations

The study relied exclusively on institutional documents that were accessible to the researcher and did not involve interviews, surveys, experiments, or the collection of personal data from research participants. No individuals were recruited for the study.
The institution is identified in the body of the manuscript only where necessary to establish documentary provenance, but is intentionally not named in the title or abstract. The analysis centers on institutional documents, organizational structures, governance arrangements, and management processes, rather than evaluating individual employees.

3. results and discussion

3.1 AI Governance Commitments Established in the Institutional AI Policy

The institutional AI policy represents the university’s formal response to the opportunities and risks presented by generative artificial intelligence (GenAI). Instead of solely regulating the permissibility of GenAI use, D1 articulates expectations regarding its intended purpose, appropriate application, and the preservation of human responsibility throughout the university. The policy explicitly connects GenAI governance to the university’s educational mission, human judgment, academic integrity, inclusivity, privacy and data protection, accountability, and human oversight (Xavier University, 2024a).

3.1.1 Alignment of GenAI Use With Institutional Purpose and Human Judgment

D1 characterizes GenAI as a tool intended to support the university’s mission, rather than supplant human expertise or decision-making. While the policy acknowledges GenAI’s potential to enhance the efficiency and impact of university activities, it mandates that its use must remain complementary to human expertise, creativity, autonomy, and judgment (Xavier University, 2024a). Accordingly, the policy asserts that the legitimacy of GenAI use is determined not only by technological capability but also by alignment with institutional purpose and sustained human responsibility.
This approach aligns with recent analyses of higher education AI policies, which identify human agency, oversight, accountability, and responsible use as central components of institutional GenAI governance (Dabis & Csáki, 2024; Crompton et al., 2026). For instance, Dabis and Csáki (2024) found that early university responses to GenAI typically preserved human responsibility for AI-related outcomes while granting institutions and instructors discretion in determining appropriate applications.

3.1.2 Academic Integrity, Transparency, and Responsible Use

D1 sets forth explicit expectations regarding academic integrity and transparency in GenAI use. Users must verify AI-generated information, uphold academic integrity, and appropriately acknowledge or disclose substantial contributions made by GenAI. The policy further designates GenAI-related plagiarism and cheating as prohibited practices (Xavier University, 2024a).
This commitment extends beyond merely restricting inappropriate use by delineating conditions for legitimate use, particularly concerning authorship, attribution, verification, and disclosure. Such an approach aligns with recent higher education research, which identifies academic integrity, privacy and security, limitations and risks, and disclosure and transparency as recurring themes in institutional GenAI policies and guidelines (Dabis & Csáki, 2024; An et al., 2025). D1 thus positions academic integrity as a governance expectation that determines how GenAI may legitimately contribute to academic work.

3.1.3 Inclusivity and Equitable Access

D1 also designates inclusivity and equitable access as key institutional considerations. The policy acknowledges that all members of the university community should have opportunities to benefit from GenAI and identifies affordability, digital literacy, diverse needs, bias, and nondiscrimination as pertinent factors (Xavier University, 2024a).
This perspective broadens AI governance beyond individual user behavior by acknowledging that disparities in resources, digital capabilities, and circumstances can influence meaningful participation in an increasingly AI-mediated academic environment. Equitable access is similarly identified as a core area in recent international research on higher education GenAI governance (Crompton et al., 2026). From a management standpoint, this commitment suggests that responsible AI governance necessitates attention to the organizational conditions that enable community members to use GenAI responsibly and effectively.

3.1.4 Privacy and Data Protection

D1 identifies privacy and data protection as specific responsibilities linked to the use of GenAI. The policy cautions users against entering personal, sensitive, proprietary, or otherwise protected information into GenAI systems and mandates appropriate safeguards and consent when such information is involved (Xavier University, 2024a).
This commitment is significant because GenAI introduces new data-management considerations into routine academic and administrative activities. Recent comparative research also identifies privacy and security as recurring concerns in higher education GenAI policies, including institutional guidance on permissible types of information for AI systems (An et al., 2025). D1 thus translates the institution’s broader privacy responsibility into specific expectations for interactions with GenAI systems.

3.1.5 Accountability and Human Oversight

D1 further designates accountability and human oversight as core governance commitments. Human control, judgment, and critical thinking must remain central to GenAI use, with responsibility for outcomes retained by human users rather than delegated to the technology (Xavier University, 2024a).
This provision reflects the prevailing direction of contemporary higher education AI governance. Dabis and Csáki (2024) found that university policies frequently preserve human responsibility for AI-related outcomes, while Crompton et al. (2026) identified human oversight and accountability as interconnected aspects of higher education GenAI governance. In D1, accountability extends beyond individual responsibility, as effective human oversight also relies on institutional conditions that enable users to exercise appropriate judgment.

3.1.6 Institutional Capability and Continuing Governance

Finally, D1 extends AI governance beyond immediate rules for GenAI use by setting expectations for ongoing institutional capability. The policy calls for the development of a GenAI-literate university community through continuous skills development and targeted training. It also establishes a permanent committee responsible for the ethical and responsible use of GenAI, assigning ongoing functions such as policy review, auditing, and ethics training (Xavier University, 2024a).
These provisions differentiate the policy from a static statement of ethical principles by establishing AI governance as an ongoing organizational responsibility that encompasses capability development, oversight, review, and adaptation. Recent research similarly recommends dedicated AI governance structures, regular policy review, professional development, stakeholder communication, evaluation, and monitoring of external developments to sustain higher education GenAI governance over time (Crompton et al., 2026).

3.1.7 Synthesis of RQ1

Taken together, D1 defines AI governance as a multidimensional institutional responsibility that includes alignment with educational purpose, preservation of human judgment, academic integrity and transparency, equitable access, privacy and data protection, accountability, human oversight, and ongoing institutional capability (Xavier University, 2024a). These commitments carry significant organizational implications. Training and AI literacy necessitate institutional capacity; human oversight and accountability require clearly defined responsibilities; privacy commitments demand appropriate information-management practices; and ongoing policy review and auditing require an organizational governance mechanism. While D1 establishes the governance commitments, it does not, by itself, provide the conditions necessary to sustain them. The extent to which such conditions are documented elsewhere in the institution is examined in RQ2 through the analysis of D1, D2, and D3 using the TOE framework.

3.2 Technological, Organizational, and Environmental Conditions Relevant to AI Governance

3.2.1 Technological Conditions

The technological context demonstrates that GenAI was regarded as a technology with potential institutional value, yet necessitating organizational support and controls. D3 identifies GenAI as relevant to teaching and learning, documenting faculty training on GenAI tools and prompting, as well as the establishment of an online GenAI resource and interaction hub (Office of the Vice President for Higher Education, 2023). D1 reinforces these initiatives by mandating human judgment, verification, privacy protection, and appropriate information handling in GenAI use (Xavier University, 2024a).
The codebook's relative advantage construct is evident in the recognition of GenAI's potential contributions to university activities. D3 aimed to enhance faculty understanding of productive applications, while D1 acknowledged potential benefits but emphasized that GenAI should supplement human expertise and judgment (Office of the Vice President for Higher Education, 2023; Xavier University, 2024a). Wang et al. (2024) similarly observed that universities recognized educational applications of GenAI while addressing ethical, accuracy, privacy, and technological concerns. From a management perspective, these findings indicate that perceived value served as a foundation for institutional investment in capability development and governance, rather than for unrestricted adoption.
Compatibility is demonstrated by the integration of GenAI into established academic activities. D3 incorporates the technology within teaching and learning, while D1 positions its use within existing academic responsibilities, institutional values, and human decision-making (Office of the Vice President for Higher Education, 2023; Xavier University, 2024a). Jin et al. (2025), in their analysis of policies from 40 universities across six global regions, also identified compatibility alongside adoption characteristics, communication channels, and stakeholder roles and responsibilities. This evidence indicates that management evaluated GenAI based on its alignment with existing institutional processes rather than as an isolated technological investment.
Regarding technological infrastructure, D3 documents the establishment of an online GenAI resource and interaction hub, as well as an e-learning platform for faculty development (Office of the Vice President for Higher Education, 2023). These resources created institutional channels for users to acquire knowledge and engage with GenAI. Wang et al. (2024) similarly reported that universities supplemented formal policies with workshops, shared materials, syllabus resources, and consultations, while McDonald et al. (2025) found that many research-intensive U.S. universities provided sample syllabi and GenAI activities to facilitate instructional integration. At Xavier University, the documented infrastructure supported organizational capability development, although the evidence does not indicate the presence of a mature or comprehensive university-wide AI infrastructure.
Evidence for complexity is relatively limited. The requirements for training, prompting activities, discussions, and ongoing skills development suggest that effective GenAI use necessitates organizational support beyond mere technological access (Office of the Vice President for Higher Education, 2023; Xavier University, 2024a). However, D1–D3 do not explicitly identify complexity as a significant barrier. Therefore, complexity is considered a limited condition rather than a principal determinant.
A similar distinction applies to data capability. D1 establishes safeguards for personal, sensitive, and proprietary information (Xavier University, 2024a), indicating recognition of information-related risks. However, the documents do not demonstrate a distinct institutional AI data capability. This observation aligns with recent analyses showing that privacy and security are common concerns in university GenAI policies, while institutional mechanisms for managing these risks vary (An et al., 2025; Berba, 2025). For management, this finding highlights a governance requirement that is acknowledged but not fully supported by demonstrated organizational capability in the available documentation.

3.2.2 Organizational Conditions

The organizational context provides the most substantial and comprehensive evidence in the corpus. The five organizational constructs in the codebook—top-management support, organizational structure, human and technical competence, organizational resources, and readiness or change capacity—are evident across D1–D3.
Top management support and organizational structure are particularly evident in the movement from D3 to D2, and subsequently to D1. D3 documents leadership through the Office of the Vice President for Higher Education and the Center for Transformative Teaching and Learning, which coordinated the Higher Education AI initiative and related faculty and student activities (Office of the Vice President for Higher Education, 2023). D2 subsequently establishes the Committee on Responsible AI Use, bringing together representatives from multiple academic and administrative units to formulate policies and guidelines and to provide guidance on AI opportunities, risks, and responsible use (Xavier University, 2024b). D1 then formalizes AI governance and assigns continuing responsibilities for governance, review, auditing, and training (Xavier University, 2024a).
This arrangement underscores the management importance of allocating authority and responsibility in organizational responses to emerging technologies. Jin et al. (2025) found that institutional GenAI policies increasingly specify stakeholder roles and communication channels, while An et al. (2025) identified differentiated stakeholder guidance and clear expectations as recurring features of university policies. Berba (2025) also links institutional policy, workforce readiness, and ethical guidelines in higher education responses to GenAI. At Xavier University, D2 is significant not only for creating a committee, but also for establishing an organizational locus for AI responsibility.
The codebook's human and technical competence construct is strongly evidenced in D3. Faculty training, prompting activities, the online resource hub, faculty and formator discussions, and student engagement all demonstrate investment in developing institutional capability (Office of the Vice President for Higher Education, 2023). D1 further extends this commitment through training and the development of a GenAI-literate university community (Xavier University, 2024a). Wang et al. (2024) similarly identified workshops, technical introductions, pedagogical resources, and consultations in university responses, while McDonald et al. (2025) found extensive instructional resources supporting faculty integration. Thaldar et al. (2025) also identified capacity building and AI literacy as components of institutional GenAI governance. Therefore, competence development serves as a management resource for translating governance expectations into practice.
The remaining organizational constructs—organizational resources and readiness or change capacity—are also evident. D3 mobilizes personnel, training activities, digital platforms, faculty participation, discussions, and student engagement; D2 establishes a cross-functional governance mechanism; and D1 assigns ongoing responsibilities for policy review, auditing, and training (Office of the Vice President for Higher Education, 2023; Xavier University, 2024a, 2024b). These mechanisms demonstrate that readiness was developed through institutional action rather than presumed as a pre-existing condition. Thaldar et al. (2025) similarly found that institutional GenAI governance requires policy principles to be supported by organizational processes, capacity building, monitoring, and continuous improvement. Jiang et al. (2025) also found that institutional policy effectiveness was influenced by clarity of guidance, supporting resources, and practical constraints such as insufficient training. The evidence thus positions readiness as an ongoing management process involving capability building, coordination, resource allocation, and adaptation.

3.2.3 Environmental Conditions

The environmental context is less extensively documented but remains significant through regulatory and institutional requirements. D1 links GenAI use to the Data Privacy Act of 2012 and the university's existing data privacy policy, while D2 mandates that AI-related activities align with university security and privacy policies (Xavier University, 2024a, 2024b). These requirements define the boundaries within which institutional AI decisions are made.
An et al. (2025) identified privacy and security, along with academic integrity and ethical considerations, as recurring themes in university GenAI guidelines. Berba (2025) similarly highlights data privacy, risk management, governance, and ethical considerations as key elements of institutional GenAI approaches. Therefore, the environmental context primarily serves as a governance and compliance boundary rather than as a documented independent driver of AI adoption.
The codebook's external support and partnerships construct is not substantively evidenced in D1–D3. The documents focus on internal offices, committees, faculty, formators, students, and institutional platforms, without identifying external vendors, organizations, funding arrangements, or partnerships as mechanisms influencing AI governance. This absence does not imply that no external relationships exist; rather, such relationships were not documented within the three-document corpus.
Similarly, competitive pressure is only minimally documented. D1 mentions the need for university community members to remain relevant and competitive as GenAI evolves, but does not explicitly identify competition with other universities as a governance driver (Xavier University, 2024a). Although recent research situates university GenAI responses within changing educational and professional environments (Jin et al., 2025; Wang et al., 2024), the current evidence is insufficient to establish competitive pressure as a substantive environmental determinant.

3.2.4 Cross-Context Synthesis

The RQ2 findings reveal an uneven distribution of TOE conditions. Organizational conditions are most strongly documented, especially leadership, governance structure, competence, resources, and readiness or change capacity. Technological conditions are evident through GenAI's perceived value, compatibility with institutional activities, and supporting infrastructure. Environmental conditions are more limited, focusing primarily on regulatory and institutional requirements.
Recent higher education research similarly indicates that institutional GenAI governance increasingly extends beyond policy restrictions to encompass guidance, training, resources, stakeholder responsibilities, and mechanisms addressing privacy, ethics, and academic integrity (An et al., 2025; Jin et al., 2025; Wang et al., 2024). Jiang et al. (2025) further emphasizes the importance of clear guidance and supporting resources, while Thaldar et al. (2025) demonstrates the value of integrating policy, organizational structures, capacity building, monitoring, and continuous improvement.
At Xavier University, the three documents reveal a consistent pattern: D3 focused on capability development and institutional learning; D2 established formal organizational responsibility; and D1 codified ongoing governance commitments. The TOE findings thus suggest that technological opportunities and risks were addressed through organizational mechanisms, while regulatory and institutional requirements defined the boundaries for action.
The findings also indicate that the 13 TOE constructs were not equally documented. Limited evidence for complexity and competitive pressure, the absence of substantive evidence for external partnerships, and the lack of an established AI-specific data capability suggest that TOE serves best as an interpretive management framework in this context, rather than as a checklist of presumed determinants. The following section examines how these conditions collectively influenced the institutionalization of AI governance within the university.

3.3 Institutionalization of AI Governance Through Technological, Organizational, and Environmental Conditions

The third research question investigated how technological, organizational, and environmental conditions influenced the institutionalization of AI governance within the university. The findings demonstrate that institutionalization was not solely represented by the adoption of D1. Instead, D1–D3 illustrate a progression in which organizational capability was developed, governance responsibility was formalized, and AI governance was embedded in institutional policy and ongoing oversight. This pattern should not be interpreted as a direct causal sequence among the three documents; rather, it reflects the institutional development documented across the corpus.

3.3.1 From Technological Engagement to Organizational Capability

D3 represents the earliest stage of this development. The Higher Education AI initiative involved faculty training, practical activities with GenAI tools and prompting, an online GenAI resource and interaction hub, faculty and formator discussions, and student engagement (Office of the Vice President for Higher Education, 2023). These activities indicate that the institution initially responded to GenAI by developing the knowledge and capabilities required for its members to engage with the technology.
From a management perspective, this is significant because technological adoption requires organizations to develop the capacity to absorb and manage technological change. Gering et al. (2025), examining strategic responses to GenAI-driven digital transformation across leading universities, found that institutional responses extended across multiple organizational domains and that teaching-learning offices and development centers could connect institutional strategy with grassroots innovation. Their findings emphasize the importance of organizational mechanisms that translate technological developments into coordinated institutional responses.
D3 demonstrates a similar mechanism. Instead of viewing GenAI solely as an individual user’s technological choice, the institution established organizational opportunities for learning and capability development. According to the TOE analysis, technological opportunity was mediated by human competence and organizational resources. Institutionalization commenced when GenAI became a focus of organizational learning and capability building.
This interpretation is also consistent with Jiang and Abdullah’s (2026) systematic review, which identifies organizational learning, institutional coordination, and changing decision routines as important dimensions of AI-enabled governance in higher education. Their analysis suggests that AI can function not simply as a technical tool but as an institutional infrastructure that reshapes information flows and organizational learning.

3.3.2 From Capability to Formal Governance Structure

D2 represents a further development through the establishment of the Committee on Responsible AI Use at Xavier University. The committee brought together representatives from academic and administrative units and was tasked with formulating policies and guidelines and providing guidance on AI opportunities, risks, and responsible use (Xavier University, 2024b). The significance of this development is managerial: responsibility for AI shifted from capability-building activities to a formal organizational structure with defined governance responsibilities.
This transition is consistent with Gering et al.'s (2025) finding that university responses to GenAI-driven transformation include institutional strategies, IT strategies, initiatives, and dedicated committees. Their analysis suggests that GenAI creates cross-functional organizational demands that require structures capable of coordinating different institutional domains.
The governance challenge is particularly important because GenAI is not a static technology. Janssen (2025) conceptualizes GenAI governance as a complex adaptive systems problem in which technology and its social environment co-evolve. From this perspective, governance cannot depend exclusively on fixed rules; organizations also require structures that can respond to emerging applications, risks, and uses.
The D2 committee can thus be interpreted as an organizational mechanism for managing uncertainty. It serves as a locus for coordination, interpretation, and ongoing governance, rather than leaving responsibility dispersed among individual users or academic units.

3.3.3 From Governance Structure to Formal Policy

D1 represents the most formalized stage documented in the corpus. The Policy on the Ethical and Responsible Use of GenAI establishes institution-wide commitments concerning human judgment, academic integrity, transparency, inclusivity, privacy and data protection, accountability, and continuing capability development (Xavier University, 2024a). It also assigns continuing responsibilities involving policy review, auditing, and training.
The significance of D1 lies not only in the university’s production of a policy, but also in its codification of governance expectations and responsibilities within the institution’s formal administrative framework. Commitments that emerged through capability development and organizational coordination were translated into formal institutional expectations.
Dai et al. (2025), examining GenAI policies across 30 Asian universities, found that institutions were developing policies to guide GenAI integration while emphasizing areas such as academic integrity and responsible adoption. Their analysis also identified gaps in policy coverage and differences in the degree to which institutional responses addressed the broader university community. This provides a useful regional comparison: formal policy represents an important stage of institutionalization, but its organizational value depends on the breadth of its coverage and the mechanisms through which it is implemented.
The Philippine context provides a particularly relevant comparison. Toquero (2026) found that Philippine universities’ AI policies exhibit pedagogical, operational, governance, and normative dimensions, and observed that AI policymaking remains disaggregated in some institutions and may be left to the department level. Against this context, D1’s institution-wide scope and connection to continuing governance functions indicate a movement toward more formalized institutional responsibility.

3.3.4 From Policy to Continuing Institutionalization

The evidence indicates that institutionalization should not be equated solely with policy adoption. D1 establishes ongoing activities such as training, review, auditing, and governance. This distinction is important because, once a policy exists, the management challenge shifts to maintaining the structures, capabilities, and processes required for its implementation and adaptation.
Nguyen (2026) similarly argues that higher education AI governance requires mechanisms that translate AI-use evidence into decisions, safeguards, responsibilities, implementation tools, and review routines. This reinforces the distinction between having a policy and operationalizing governance. In the Xavier University case, D3 and D2 provide evidence of organizational capabilities and structures that make D1 more than a standalone policy statement.
The organizational implications of this ongoing process align with Oswick (2024), who examines the interaction between GenAI-mediated decision-making and human processes of dialogue and organizational change. Oswick contends that as GenAI becomes more prominent in organizational change, it should support, not replace, human generative processes. This perspective is relevant to the present findings, as D1–D3 do not suggest an intention to transfer institutional decision-making to technology. Instead, the documents emphasize human judgment, organizational responsibility, capability development, and ongoing oversight (Xavier University, 2024a). Institutionalization can thus be understood as the development of organizational arrangements that incorporate GenAI while preserving human responsibility for its use and governance.
3.3.5 TOE Conditions and the Institutionalization Process
Collectively, the findings indicate a pattern of capability development, structural establishment, and formalization. D3 facilitated institutional capability and learning, D2 established a formal organizational locus for AI responsibility, and D1 codified governance commitments and ongoing oversight.
The TOE findings clarify how this pattern was supported. Technological conditions created the opportunities and practical governance requirements associated with GenAI. Organizational conditions were the strongest mechanism through which these requirements were translated into institutional action, particularly through leadership, structure, competence, resources, and readiness. Environmental conditions, particularly regulatory and institutional requirements, established boundaries within which governance decisions were made.
The pattern is consistent with the broader management literature on AI governance. Janssen (2025) emphasizes the evolving relationship between technology and its organizational environment, while Jiang and Abdullah (2026) identify coordination, accountability, organizational learning, and changing decision routines as important dimensions of AI-enabled institutional governance.
The evidence further indicates that not all TOE conditions contributed equally to the institutionalization process. Competitive pressure and external partnerships were minimally or not substantively represented, whereas organizational conditions were consistently evident across D1–D3. This suggests that, in this case, institutionalization was driven more by the university’s internal capacity to organize, coordinate, and formalize its response to technological change than by external competitive pressure.
From a management perspective, the principal finding is that AI governance becomes institutionalized when technological change is translated into organizational capability, assigned through formal structures, and embedded in ongoing policy and oversight mechanisms. The documents do not establish a direct causal relationship among D3, D2, and D1; instead, they reveal an evolving organizational pattern in which AI governance became increasingly embedded in institutional arrangements.
This provides the principal answer to RQ3: the technological, organizational, and environmental conditions shaped institutionalization by providing the context, organizational capacity, and governance boundaries through which the university transformed GenAI from an emerging technological concern into a formal institutional responsibility.

4. CONCLUSION and IMPLICATIONS

4.1 Conclusion

This study investigated the institutionalization of generative artificial intelligence (GenAI) governance within a higher education institution using a theory-driven qualitative analysis of three institutional documents. The findings suggest that institutional AI governance is more accurately conceptualized as an evolving organizational process rather than solely the outcome of policy formulation.
At the institutional level, the university adopted a governance orientation focused on responsible and human-directed use of GenAI. The analysis revealed that the documentation of conditions supporting these commitments was uneven, with organizational factors such as leadership, governance structure, competence development, resources, and readiness being most prominent. The institutionalization process was characterized by a progression from developing organizational capability, to assigning formal responsibility, and ultimately to embedding governance expectations within ongoing institutional arrangements.
A key management insight is that the effectiveness and sustainability of AI governance depend on an institution’s capacity to translate technological change into organizational capability and responsibility. While policy can establish expectations, institutionalization requires structures, personnel, resources, coordination, and ongoing mechanisms to enact and adapt those expectations. This case demonstrates that AI governance should be viewed as a continuous institutional management process rather than a one-time compliance activity.

4.2 Implications for Management and Practice

The findings have several implications for higher education managers and institutional decision-makers.
First, AI governance should be managed as an organizational capability rather than exclusively as a policy function. Institutional leaders should assess whether faculty, staff, administrators, and governance bodies possess the knowledge and resources required to implement responsible AI expectations. Capability development should accompany policy development, rather than be treated as an optional subsequent activity.
Second, responsibility for AI governance should be clearly assigned and coordinated at the organizational level. Establishing a cross-functional governance mechanism highlights the importance of integrating academic, administrative, technological, and compliance perspectives. Institutions should avoid delegating AI governance solely to individual units or users when its implications extend across organizational boundaries.
Third, policy implementation necessitates ongoing management mechanisms. Training, policy review, auditing, and governance responsibilities should be regarded as continuous organizational processes rather than tasks completed upon policy approval. This approach is essential given the evolving nature of GenAI technologies, applications, and associated risks.
Finally, management should balance standardization with institutional learning. While common governance principles can ensure consistency across the university, implementation may require ongoing interpretation as new use cases and risks arise. The objective is to develop organizational capacity to make, review, and adapt AI governance decisions over time, rather than to establish a static set of rules.

4.3 Contributions to Literature

This study offers two related contributions to the literature.
First, this study extends the application of the Technology–Organization–Environment (TOE) framework beyond technology adoption to the analysis of institutional AI governance. While TOE has traditionally explained organizational technology adoption through technological, organizational, and environmental conditions (Tornatzky & Fleischer, 1990), the present study demonstrates its value for examining the conditions that shape the institutionalization of governance commitments. The findings also indicate that these three contexts do not necessarily exert equal influence; in this case, organizational conditions were most strongly documented.
Second, the study provides an empirically grounded interpretation of institutionalization as a capability–structure–formalization process. The documentary evidence indicates that institutional governance develops as organizations build capability to engage with technology, establish structures to allocate responsibility, and formalize expectations through policy and ongoing oversight. This interpretation complements recent research emphasizing that higher-education AI requires operational mechanisms that link policy decisions, responsibilities, stewards, implementation tools, and review processes (Nguyen, 2026).
This contribution does not assert that the capability–structure–formalization pattern represents a universal model. Instead, it offers a theoretically informed explanation of how AI governance became progressively embedded within a single higher education institution and provides a foundation for comparative research across institutions and contexts.

4.4 Limitations and Directions for Future Research

This study has several limitations. First, it focused on a single higher education institution, so the findings should not be directly generalized to other universities or national contexts. Second, the analysis relied on three core institutional documents. While these documents provide substantive evidence of formal commitments and documented organizational conditions, they do not capture all AI-related activities, decisions, or informal practices within the institution.
Third, documentary analysis reflects only what the institution has formally documented, not how governance arrangements are experienced or implemented by organizational members. Consequently, the study cannot determine whether the commitments identified in D1 are consistently enacted in practice or how administrators, faculty, staff, and students interpret them. Interviews, observations, and implementation evidence could yield a more comprehensive understanding of the relationship between formal governance and organizational practice.
Fourth, the study’s use of the TOE framework necessarily directs attention to conditions represented within the selected constructs. Limited or absent documentary evidence for certain constructs should not be interpreted as evidence that these conditions do not exist within the institution. Finally, GenAI governance is an evolving area, and institutional policies, structures, and practices may change as technologies, regulations, and organizational experience advance.
Future research could extend this study through comparative analyses of multiple higher education institutions, particularly across diverse organizational and national contexts. Studies that combine document analysis with interviews or observations could examine whether the documented progression from capability development to formal governance is reflected in actual organizational practice. Longitudinal research would be especially valuable for determining whether formal AI governance arrangements remain stable, are revised in response to emerging risks, or become further embedded in institutional routines.
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