[bookmark: _GoBack]Original Research Article
Benchmarking Global Institutional Artificial Intelligence Policies for Teaching and Learning in Higher Education
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ABSTRACT

	This study aimed to benchmark global institutional artificial intelligence (AI) policies for teaching and learning in higher education and to use these benchmarks to enhance an approved AI policy at a university in Northern Mindanao, Philippines. The research addresses the fast spread of generative AI in education and the need for policies that balance ethics with practical management.
The study used qualitative comparative benchmarking and document analysis. AI policies and official guidance from the top ten-ranked universities were chosen based on their rankings, regions, and whether their policies were public. The analysis focused on ethical principles, governance, and risk management in teaching and learning. Patterns were compared to explain similarities and differences between institutions.
The results show that both global institutions and the local university share similar ethical commitments, such as focusing on human-centered AI, academic integrity, transparency, and responsible AI use in education. However, global institutions are more advanced in governance. They often turn ethical principles into clear processes like risk assessment, oversight, and policy reviews, while the local policy mostly stays at the principle level with fewer practical steps.
The study finds that most higher education institutions have similar ethical standards in their AI policies, but their governance structures differ depending on their resources and regulations. It recommends improving policies in stages and adapting them to each context. The benchmarking framework offers a useful guide for universities looking to improve AI governance in teaching and learning.
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1. INTRODUCTION

Generative artificial intelligence (GenAI) is changing higher education worldwide by influencing how teaching, learning, assessment, and academic work are carried out (Holmes et al., 2021; Tlili et al., 2023). Many universities are using artificial intelligence (AI) tools to make instruction more efficient, personalize learning, and expand access to knowledge (Zawacki-Richter et al., 2019). Still, researchers and policymakers have raised concerns about GenAI, including academic integrity, data privacy, transparency, algorithmic bias, and reduced human involvement in educational decisions (Nguyen et al., 2022). In response, international organizations and leading universities have developed AI governance frameworks that promote ethical, human-centered, transparent, and responsible use of AI in teaching and learning (OECD, 2019; UNESCO, 2021; Oncioiu & Bularca, 2025).
In the Philippines, higher education institutions are adopting AI technologies as part of national digital transformation efforts and new AI strategies in education (Co, 2025). While current regulations, especially those on data protection and quality assurance, offer basic safeguards, they do not provide detailed guidance for managing generative AI in teaching (Republic Act No. 10173, 2012; Villanueva, 2025; Tupaz, Tabeta, & Unarce, 2025). Because of this, AI policies in universities around the world differ greatly, as each institution interprets international AI standards and creates its own approach (Stracke et al., 2025; Parker, 2025; Oncioiu & Bularca, 2025). This lack of consistency highlights the need for better alignment with global AI governance standards and more benchmarking between institutions (UNESCO, 2023).
Locally, a private university in Northern Mindanao has taken the initiative by approving a Policy on the Ethical and Responsible Use of Generative Artificial Intelligence (Xavier University – Ateneo de Cagayan, 2024). The policy sets out key ethical principles, such as promoting the common good, academic integrity, inclusivity, privacy and data protection, accountability, and human oversight. It also lists prohibited practices like plagiarism, disinformation, and privacy violations, which are common pillars in higher education AI policy discussions (UNESCO, 2021, Nguyen et. al., 2022). While this policy provides a strong ethical base and shows the university’s commitment to responsible AI use, it mainly offers general guidance and does not clearly outline governance mechanisms, risk management steps, or specific implementation guidelines for teaching and learning. This gap is also seen in other university AI policies (Barus et al., 2025).
Although the institution has an approved policy on the ethical and responsible use of generative AI, there has not been a systematic review of how well this policy matches international AI governance frameworks and best practices in higher education (An et al., 2025; Barus et al., 2025). The policy also does not clearly explain how ethical principles are put into practice through governance structures, risk assessment, implementation steps, and ongoing policy review. These areas are highlighted in recent studies on GenAI governance in higher education (Alfiras, Emran, & Mohamed, 2025). Because of this gap, the institution may struggle to keep its AI policy comprehensive, practical, and able to adapt to the fast-changing landscape of generative AI technologies (Azevedo et al., 2025).
This study uses Institutional Theory, which looks at how organizations adopt policies because of outside pressures, not just for technical reasons (DiMaggio & Powell, 1983). Institutional Theory points to three main types of pressure: normative, which comes from professional standards and shared academic values; coercive, which comes from laws, regulations, and formal requirements; and mimetic, which happens when institutions copy the practices of leading peers during uncertain times (DiMaggio & Powell, 1983). In higher education, these pressures help explain why universities are aligning their AI policies with global frameworks and well-known institutions, though there are still differences in how detailed and mature these policies are (An et al., 2025).
To address this gap, the study uses a benchmarking approach to improve the university’s AI policy for teaching and learning, following international guidance on benchmarking in technology-enhanced higher education. The study compares the local policy with AI governance policies from top global universities, using internationally recognized frameworks, to find strengths, weaknesses, and areas for enhancement. The scope of the study is limited to institutional-level AI policies for teaching and learning at a higher education institution in Northern Mindanao. This focus matches recent calls to ground GenAI governance in real institutional settings instead of broad national strategies (An et al., 2025).This approach is important because generative AI is becoming more common in teaching, and there is a need for AI governance frameworks that are both locally relevant and globally aligned to support responsible innovation in Philippine higher education (UNESCO IESALC, 2025; Co, 2025).

2. methodology

2.1 Research Design

This study used qualitative benchmarking and document analysis to examine institutional artificial intelligence (AI) policies for teaching and learning in higher education. The normative and comparative design identified policy strengths, gaps, and opportunities for improvement by comparing the Northern Mindanao institutional AI policy with global best practices. The study focused on institution-level policy content and governance mechanisms, rather than individual behavior or technical AI system performance, in line with qualitative policy analysis methods.

2.2 Unit of Analysis

The unit of analysis was the institution-level AI policy or equivalent formally endorsed guidance for AI use in teaching and learning. Policies limited to individual courses, departments, pilot programs, or informal advisories were excluded to maintain consistency and comparability across cases.

2.3 Sampling Frame and Selection Strategy

The sampling frame included universities from the QS World University Rankings 2025 or 2026 (overall global rankings). The QS rankings served only as a tool for sampling and benchmarking, not as an analytical variable, because they are widely recognized and use several indicators such as academic reputation, employer reputation, faculty-student ratio, research impact, and internationalization (QS Quacquarelli Symonds, 2025).
From this list, the study chose the top ten global universities that met all the set inclusion criteria. The selection process took place in several stages to make sure it was transparent, rigorous, and could be repeated.

2.4 Global Ranking Criterion

To qualify for initial consideration, a university had to meet at least one of the following conditions:
· Appear within the global top 200 of the QS World University Rankings 2025 or 2026, or
· Appear within the top 20 universities of its respective QS regional ranking.
This dual criterion ensured representation of global leaders in higher education and included regionally prominent universities with strong capacity and influence. Using rankings this way aligns with previous research, which treats global rankings as a reference for institutional prominence rather than direct measures of quality or performance (Hazelkorn, 2015).

2.5 Regional Distribution Criterion

To reduce geographic bias and improve global representativeness, the study used a region-based selection strategy based on UNESCO’s regional groupings for education and higher education analysis, which are widely used in comparative education research to contextualize institutional diversity (UNESCO, 2015). The regions considered were:
· Africa
· Asia-Pacific
· Europe
· Latin America and the Caribbean
· North America
· Arab States / Middle East
The selection strategy required at least one university per region, where possible, and no more than three universities from any single region to prevent over-representation. If more universities in a region met all inclusion criteria than the allowed quota, the highest-ranked institutions were selected to ensure consistent benchmarking. If fewer eligible institutions were available, this limitation was documented and remaining slots were reallocated to regions with surplus candidates. This approach aligns with established practices in comparative higher education research that balance representativeness and analytical feasibility (Parry et al., 2021).

2.6 Publicly Available AI Policy Criterion

Universities could only be included in the final sample if they had an official, publicly available policy or formally approved guidance about using AI in teaching and learning. Eligible documents needed to:
· Discuss how AI is used in teaching, learning, assessment, or student work; and
· Include at least one of the following topics: academic integrity, generative AI tools, AI ethics, or AI-enabled learning technologies.
Accepted policies included institution-wide AI policies, academic integrity or teaching and learning policies with specific AI sections, or official guidance from recognized governance bodies like the provost’s office, academic senate, or teaching and learning center. Institutions were excluded if their AI-related content was only found in press releases, news updates, or informal web pages. Focusing only on formally approved and publicly available policy documents follows qualitative document analysis standards, which stress using authoritative texts that show institutional intent and governance instead of temporary communications (Cardno, 2021).

2.7 Final Selection of Benchmark Universities

Based on all criteria, the final benchmarking sample included the top ten global universities that met the ranking, regional distribution, and policy availability requirements.

Table 1. Top 10 Global Universities Selected for Benchmarking

	Region
	University
	QS Status

	North America
	Massachusetts Institute of Technology
	QS global top tier

	North America
	Harvard University
	QS global top tier

	Europe
	University of Oxford
	QS global top tier

	Europe
	Imperial College London
	QS global top tier

	Asia-Pacific
	National University of Singapore
	QS Asia leader

	Asia-Pacific
	University of Tokyo
	QS Asia leader

	North America
	Columbia University
	QS global top tier

	Oceania
	Monash University
	QS regional leader

	North America
	University of British Columbia
	QS global top tier

	North America
	University of California, Los Angeles
	QS global top tier





2.8 Analytical Framework

Institutional AI policy documents were analyzed using two internationally recognized AI governance frameworks that address complementary dimensions of responsible artificial intelligence: the Organisation for Economic Co-operation and Development (OECD) AI Principles and the National Institute of Standards and Technology Artificial Intelligence Risk Management Framework (AI RMF).
The OECD AI Principles, adopted by OECD member and partner countries as the first intergovernmental standard on artificial intelligence, provide a normative framework for defining trustworthy and responsible AI. These principles emphasize five core areas: (1) human-centered values and fairness, (2) transparency and explainability, (3) robustness, safety, and security, (4) accountability, and (5) inclusive and sustainable societal benefit (OECD, 2019). For the purposes of this analysis, the OECD AI Principles served to evaluate whether institutional AI policies articulate clear ethical commitments and governance values regarding the use of generative AI in teaching and learning.
In addition to the ethical perspective, the NIST AI Risk Management Framework (AI RMF) offers a practical, operational approach for managing risks associated with AI systems throughout their lifecycle. Developed by the U.S. National Institute of Standards and Technology, the AI RMF assists organizations in identifying, assessing, mitigating, and governing AI-related risks in a structured manner (NIST, 2023). The framework is organized around four core functions: Map, Measure, Manage, and Govern. These functions collectively guide organizations in contextualizing AI use, evaluating potential risks, implementing mitigation strategies, and establishing oversight and continuous improvement mechanisms. In this analysis, the NIST AI RMF was applied to assess the extent to which institutional AI policies progress beyond ethical intent toward formal governance, risk assessment, and implementation mechanisms.
The OECD AI Principles and the NIST AI RMF together operationalized the benchmarking process by translating global ethical norms and risk governance expectations into concrete criteria for analyzing institutional AI policies in higher education.

2.9 Local Policy Document

The approved Policy on the Ethical and Responsible Use of Generative Artificial Intelligence of a Northern Mindanao university in focus served as the focal document for policy enhancement analysis (Xavier University - Ateneo de Cagayan, 2024). This policy was systematically compared with the AI policies and endorsed guidance of ten globally ranked universities to identify ethical alignment, governance gaps, and opportunities for improvement.

2.10 Ethical Considerations

The study relied exclusively on publicly available institutional policy documents and did not involve human participants, personal data, or identifiable information. As a result, formal ethical clearance was not required.

3. RESULTS AND DISCUSSION

This section presents the findings from the benchmarking analysis of institutional AI policies for teaching and learning. The study compared Northern Mindanao university’s approved policy with institution-level AI policies and guidance from ten globally recognized universities. Analysis used the OECD AI Principles to consider ethics, and the NIST AI RMF to assess risk governance. Institutional Theory, which includes normative, mimetic, and coercive pressures, helped explain why some policies are similar and others are different (OECD, 2019; NIST, 2023; DiMaggio & Powell, 1983).

3.1 Overview of Comparative Patterns

The analytical structure guiding the study is illustrated in Figure 1, which integrates ethical and risk governance dimensions into a unified benchmarking framework.
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Fig. 1. Analytical Framework for Benchmarking Global AI Policies in Teaching and Learning

Analysis of the benchmarked institutions revealed two distinct patterns. First, there was ethical convergence, characterized by consistent adoption of human-centered AI values, academic integrity principles, and transparency commitments. Second, there was variation in governance maturity, reflected in the uneven operationalization of these values into formal risk assessment, mitigation, and oversight mechanisms. These findings align with previous research indicating that early ethical adoption is often followed by slower development of governance structures in educational institutions (UNESCO, 2021; Zawacki-Richter et al., 2019; Williamson et al., 2020).











3.2 Ethical Alignment and Accountability: OECD-Based Findings
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Fig. 2. Comparative Analysis of Ethical and Accountability Dimensions in Institutional AI Policies (OECD AI Principles)

3.2.1 Human-Centered Values and Academic Integrity

Figure 2 presents comparative findings regarding OECD-type ethical dimensions. Most benchmark institutions explicitly state that AI should augment, rather than replace, human judgment and connect this principle to academic integrity in assessments and authorship policies (Floridi et al., 2018; European Commission, 2019). The Northern Mindanao policy similarly emphasizes responsible use of generative AI and academic honesty. In contrast, while global institutions frequently translate ethical principles into pedagogical guidance, such as assessment redesign and instructor templates, the local policy remains primarily principle-based and lacks operational detail for classroom implementation. This distinction has been highlighted in recent syntheses of AI adoption and governance in higher education (Zawacki-Richter et al., 2019; Crompton & Burke, 2023; Bond et al., 2024).
Interpretation (Institutional Theory): The pattern of shared ethical language reflects normative pressures, including shared professional values and disciplinary expectations that diffuse across higher education systems (DiMaggio & Powell, 1983). The limited operationalization in the local policy is likely due to resource, capacity, and contextual constraints rather than a rejection of ethical norms (Oncioiu & Bularca, 2025).

3.2.2 Fairness, Inclusivity and Transparency

Figure 2 indicates that several benchmark universities, particularly those with established digital strategy offices, include explicit provisions for fairness, bias mitigation, and accessibility. Many of these institutions require or recommend disclosure of AI use in coursework. The Northern Mindanao policy affirms inclusivity and transparency in principle but generally lacks detailed procedures specifying who must disclose, how, and where. This observation aligns with findings that institutions often adopt disclosure and fairness language early, while standardization and technical controls are implemented at a later stage (Floridi et al., 2018; UNESCO, 2021).
Interpretation (Institutional Theory): This uptake is influenced by mimetic pressures, as institutions emulate perceived leaders during periods of uncertainty, often adopting similar policy language before developing the capacity to operationalize procedures (DiMaggio & Powell, 1983).

3.2.3 Robustness, Safety and Accountability Structures

In many benchmark institutions, AI policy is explicitly connected to data protection, cybersecurity, and institutional governance, including data classification rules and vendor risk processes. The local policy references privacy and responsible use but does not specify institutional oversight roles or safety escalation pathways. This indicates weaker coercive pressures, such as less prescriptive national or regulatory mandates, in the local context. This dynamic influences the pace at which governance arrangements become formalized (Williamson et al., 2020).

3.3 Risk Governance and Institutionalization: NIST-Based Findings
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Fig. 3. Comparative Analysis of AI Risk Governance and Institutionalization Across Global and Local Policies (NIST AI RMF)

3.3.1 Map and Measure: Contextual Mapping and Risk Assessment

Figure 3 presents comparative results aligned with the NIST AI RMF functions. Most global benchmark universities explicitly map AI use across teaching, assessment, and academic support, and establish processes for identifying and reviewing AI risks (NIST, 2023; Zawacki-Richter et al., 2019). In contrast, the Northern Mindanao policy specifies acceptable and prohibited uses but does not comprehensively map AI applications to pedagogical functions or specify periodic assessment processes.
This sequential pattern, in which awareness and mapping precede systematic measurement, reflects broader trends in educational technology adoption. Institutions typically first acknowledge risks and subsequently develop formal assessment tools (Williamson et al., 2020).

3.3.2 Manage and Govern: Mitigation, Oversight, and Continuous Improvement

Benchmark institutions commonly articulate mitigation strategies, such as faculty training, assessment redesign, monitoring, and vendor assessments, as well as governance practices including review cycles and oversight committees. The local policy emphasizes ethical behavior and user guidance but generally lacks institutional mechanisms for continuous governance and enforcement. This divergence is significant: while policy language can be rapidly harmonized across institutions, the institutionalization of governance structures, such as committees, audits, and reporting, requires organizational capacity and, in some cases, external mandates (UNESCO, 2021).
Interpretation through institutional theory suggests that mimetic and normative pressures lead to policy convergence in language, while coercive pressures, such as laws and accreditation standards, along with internal capacity, determine whether policies are operationalized as governance systems (DiMaggio & Powell, 1983).

3.4 Synthesis Across Cases and Policy Implications

Figures 2 and 3 show that the Northern Mindanao university is becoming more ethically aligned with global peers, but its governance maturity is still developing. This should be seen as a step-by-step process of policy institutionalization, moving from awareness to definition and then to operationalization, rather than as a shortcoming. Recent international guidelines encourage both normative alignment and investment in governance capacity — a two-track response that local institutions may adapt incrementally (UNESCO, 2021; European Commission, 2019).
A main policy takeaway is that local policy should focus on practical governance steps that match the institution’s capacity. For example, setting up clear disclosure rules, doing regular risk reviews, and creating an advisory group across units are useful measures. This is more effective than trying to use complex governance models meant for bigger, better-funded universities (Williamson et al., 2020; Zawacki-Richter et al., 2019).

3.5 Summary of Key Findings

1. Ethical convergence: The Northern Mindanao policy demonstrates alignment with core OECD values, including human-centeredness, integrity, and transparency, consistent with global benchmarks (OECD, 2019; Floridi et al., 2018).
2. Governance divergence: Benchmark institutions exhibit more advanced operational mechanisms for risk assessment, mitigation, and review compared to the local policy (NIST, 2023; Williamson et al., 2020).
3. Theoretical reading: Institutional Theory, encompassing normative, mimetic, and coercive pressures, accounts for both convergence and divergence. Policy development is shaped by prevailing norms, emulation, and regulatory or organizational constraints (DiMaggio & Powell, 1983).
4. Practical next steps: A proportionate policy enhancement roadmap should prioritize disclosure procedures, defined use cases in teaching and assessment, periodic risk reviews, and the establishment of an advisory or oversight mechanism, in alignment with international guidance such as UNESCO (2021) and NIST (2023).

4. CONCLUSION

This study benchmarked institutional artificial intelligence (AI) policies for teaching and learning by comparing ten globally recognized universities with the policy of a higher education institution in Northern Mindanao. Using the OECD AI Principles and the NIST AI Risk Management Framework, and interpreting the results through Institutional Theory, the analysis reveals both convergence and divergence in the governance of AI within higher education systems.
There is a clear trend of institutions around the world agreeing on human-centered values, academic integrity, transparency, and fairness in how they use AI. Recent studies show that these ethical priorities are becoming the foundation of AI governance in higher education, especially as generative AI changes how students learn and are assessed (Marín et al., 2025). This agreement matches the UNESCO Recommendation on the Ethics of Artificial Intelligence, which stresses protecting human dignity, equity, and accountability in using AI (UNESCO, 2021).
Even though there is agreement on ethics, the study finds differences in how advanced governance is. Leading universities go beyond ethical statements by using formal risk assessments, mitigation plans, and regular reviews of their governance systems. In contrast, the Northern Mindanao university’s policy is mostly based on principles and does not have detailed ways to track AI use in teaching, carry out risk assessments, or set up ongoing oversight. This gap matches recent research, which shows that ethical guidelines often develop faster than practical governance, especially where rules are new and resources are limited (Pinho, 2025; Oncioiu & Bularca, 2025).
Using Institutional Theory, the analysis suggests that shared ethical commitments are shaped by social expectations, while less experienced institutions copy the language and frameworks of global peers when they are unsure. Differences in how governance is put into practice depend on factors like national rules, accreditation standards, and available resources for governance.
The results show that effective AI governance in higher education happens gradually. Stating ethical values is important, but it is not enough without systems that ensure accountability, ongoing risk management, and flexible learning processes. These findings suggest that policies should be improved step by step, with actions like regular risk reviews, clear mapping of how AI is used in teaching and assessment, and setting up oversight groups that fit the institution’s needs.
In summary, this study offers a clear model for comparing institutional AI policies and shows that while ethical standards are becoming more global, the level of governance still depends on local context. Future research should keep tracking new policy developments, especially in low- and middle-income countries, to make sure AI helps improve education quality, fairness, and sustainability. 
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