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Introduction 

 

Generative artificial intelligence (AI), particularly large language models (LLMs) like ChatGPT, 

is reshaping higher education by influencing teaching, learning, assessment, and institutional 

governance. As Hudson Golino once noted, AI “is not going to replace us, but it has changed the 

world forever, and there’s no aspect of academic life that won’t be affected by generative AI and 

large language models.”1 Tools such as ChatGPT, Grammarly, and Turnitin provide personalized 

learning experiences, automated feedback, and administrative efficiencies, yet they also create 

challenges for academic integrity, transparency, and equity.2 Studies show institutions often lack 

clear, proactive frameworks that balance these benefits with risks, leaving policies fragmented, 

reactive, and sometimes inconsistent.3  

 

Missouri’s own higher education system reflects this policy of tension. While the state has 

invested in technology-driven initiatives, its colleges and universities face the same uncertainty 

about AI’s role that national institutions do. Some Missouri campuses frame AI as a tool to 

enhance learning and accessibility, while others emphasize the risks of plagiarism, diminish 

critical thinking, or highlight inequities in student use. This mirrors national trends in which 
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institutions alternately cast AI as a hero for innovation, a villain threatening integrity, or a neutral 

tool requiring regulation.4 Missouri policymakers and administrators must therefore navigate the 

same policy gaps: how to regulate AI use that upholds academic standards while promoting 

innovation. 

 

The central problem is the absence of standardized, well-justified AI policies. Inconsistent 

approaches produce faculty confusion, student uncertainty, and inequitable enforcement across 

institutions.5 Yet AI also offers opportunities for adaptive feedback, accessibility, and support for 

diverse learners.6 A well-crafted policy could both promote ethical AI use and guide responsible 

student engagement. Understanding how universities narratively frame these issues, whether 

emphasizing opportunity, risk, or regulation, is essential to making policy decisions. 

 

The Narrative Policy Framework (NPF) is used in this study to analyze how higher education 

institutions construct and justify AI-related policies through official documents.7 As the 

researcher, I examined how institutions frame AI’s benefits, risks, and governance strategies, and 

what rhetorical strategies they employed to communicate expectations. Doing so revealed how 

policies shape faculty adoption, student compliance, and broader institutional governance.  

 

Literature Review 

 

Generative AI in education has evolved from early ideas to widespread use in higher education. 

This review explores evolution, current applications, and ethical and policy considerations that 

accompany growing adoption. This review of literature will define personalized learning 

systems, trace AI’s emergence and milestones, examine benefits and challenges of modern higher 

education, address ethical issues such as academic integrity and data privacy, and review 

policymaking at federal, state, and institutional levels.  

 

The final aspect of this literature review will focus on student, faculty, and administrator 

perspectives. This review aims to directly inform Missouri institutions as they align campus 

policy with state priorities for responsible AI use. 
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Personalized Learning Systems 

 

Personalized learning systems tailor materials to each student’s abilities by difficulty, pace, style, 

and format to meet students’ abilities, interests, and goals.8 Tools act as virtual research aides, 

filter results, and summarize articles to support deeper analysis.9 Platforms such as Khan 

Academy and Duolingo adapt content in real time, pace materials to readiness, and deliver 

immediate support and feedback.10 Real-time feedback fosters a responsive learning environment 

and supports self-regulation.11 Risks include algorithmic bias and filter bubbles that narrow 

exposure to diverse viewpoints. AI also supports neurodivergent students by improving time 

management, information processing, and organization, and improving inclusivity.12 These 

functions are implemented on Missouri campuses where inclusive design and accessibility 

remain as core policy goals. 

 

The History of AI 

 

Historically, AI moved from theoretical frames to applied systems. Turing13 and McCarthy et 

al.14 grounded the field; Skinner’s feedback devices foreshadowed adaptive tools.15 PLATO 

delivered interactive instructions; Automated Essay Scoring scaled evaluation.16 Expert systems 
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and early Intelligent Tutoring Systems provide specialized guidance and personalized 

instruction.17 By the 1980s-1990s, work shifted to applying AI within specific contexts and 

aligning capabilities with educational goals, aided by e-learning advances.18 In the 2000s-2010s, 

tools such as Grammarly and Turnitin transformed feedback and integrity workflows while 

raising questions about dependence, false positives, and trust.19 MOOCs expanded access but 

struggled with engagement.20 Transformer architectures in 2017 accelerated NLP to LLMs such 

as BERT and ChatGPT.21 These shifts frame decisions that Missouri institutions face as they 

evaluate tool efficacy, integrity risks, and student support. 

 

In the 2020s, the pandemic drove rapid adoption of AI-enabled platforms for accessibility and 

engagement.22 Generative models reshaped writing, coding, and research while elevating privacy 

and misconduct concerns; universities launched AI and Data Science programs to meet 

workforce needs.23  
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Tools now support speaking feedback and administrative workflows.24 Literature stresses 

comprehensive policies that balance innovation with integrity and inclusion.25 Missouri 

campuses operate within this same landscape as they align student support, workforce pipelines, 

and policy clarity. 

 

Ethical Considerations 

 

Ethical considerations center on fairness, accountability, transparency, and oversight. LLMs 

enable summarization, translation, materials generation, and prediction at scale.26 Adaptive 

systems tailor tasks and deliver immediate grading and feedback.27 These advances raise 

concerns about privacy, bias, and inequality and drive policies that require disclosure, human 

oversight, and academic integrity safeguards.28 The FATE debate highlights gaps between 

quantitative fairness metrics and qualitative ethics, urging longitudinal research and practical 

implementation.29 Governance research calls for interdisciplinary collaboration and alignment 

with international guidance such as the EU AI Act, while integrating AI ethics in curricula.30 

Missouri institutions benefit from these models as they set campus standards, training, and 

oversight. 

 

 

 

https://doi.org/10.1016/j.lindif.2023.102274; World Economic Forum, “The Future of Jobs Report 2020,” October 

20, 2020, accessed March 13, 2025, https://www.weforum.org/reports/the-future-of-jobs-report-2020.   
24

 Mohamed Garane, Ali Sigane, and Dilnoza Rajabova, “The Role of ChatGPT in Enhancing Higher Education 

Performances,” International Journal of Information Management (May 2024), accessed March 13, 2025, 

https://doi.org/10.14303/2315-5663.2023.98.  
25

 Nicholas Simpson, “Framing AI in Higher Education: A Critical Discourse Analysis of Inclusivity and Power in 

University AI Guidance Documents,” Educational Linguistics 4, no. 1 (2025): 33-53, accessed April 20, 2025, 

https://doi.org/10.1515/eduling-2024-0007 
26 Pamela Córdova, Alberto Grájeda, Juan Córdova, Alejandro Vargas-Sánchez, Johnny Burgos, and Alberto 

Sanjinés, “Leveraging AI Tools in Finance Education: Exploring Student Perceptions, Emotional Reactions and 

Educator Experiences,” Cogent Education 11, no.1  (2024), accessed March 13, 2025, 

https://doi.org/10.1080/2331186X.2024.2431885; Jesse Meyer, Ryan Urbanowicz, Patrick Martin, Karen O’Connor, 

Ruowang Li, Pei-Chen Peng, Tiffani Bright, et al., “ChatGPT and Large Language Models in Academia: 

Opportunities and Challenges,” BioData Mining 16, no. 1 (July 13, 2023), accessed March 13, 2025, 

https://doi.org/10.1186/s13040-023-00339-9.  
27 Dadi Ramesh and Suresh Kumar Sanampudi, “An Automated Essay Scoring Systems: A Systematic Literature 

Review,” Artificial Intelligence Review 55, no. 3 (September 23, 2021): 2495–2527, accessed March 13, 2025, 

https://doi.org/10.1007/s10462-021-10068-2.   
28 Attila Dabis and Csaba Csáki, “AI and Ethics: Investigating the First Policy Responses of Higher Education 

Institutions to the Challenge of Generative AI,” Humanities and Social Sciences Communications 11, no. 1 (August 

6, 2024), accessed March 13, 2025, https://doi.org/10.1057/s41599-024-03526-z.   
29 Bahar Memarian and Tenzin Doleck, “Fairness, Accountability, Transparency, and Ethics (Fate) in Artificial 

Intelligence (AI) and Higher Education: A Systematic Review.” Computers and Education: Artificial Intelligence 5, 

(2023): 100152, accessed March 13, 2025, https://doi.org/10.1016/j.caeai.2023.100152.   
30 Melissa Bond, Hassan Khosravi, Maarten De Laat, Nina Bergdahl, Violeta Negrea, Emily Oxley, Phuong Pham, 

Sin Wang Chong, and George Siemens, “A Meta Systematic Review of Artificial Intelligence in Higher Education: 

A Call for Increased Ethics, Collaboration, and Rigour,” International Journal of Educational Technology in Higher 

Education 21, no. 1 (January 19, 2024), accessed March 13, 2025, https://doi.org/10.1186/s41239-023-00436-z; 

Caitlin Corrigan, Simon Asakipaam, Jerry Kponyo, and Christoph Lütge, AI Ethics in Higher Education: Insights 

from Africa and Beyond (Cham: Springer, 2023). 

https://doi.org/10.1016/j.lindif.2023.102274
https://www.weforum.org/reports/the-future-of-jobs-report-2020
https://doi.org/10.14303/2315-5663.2023.98
https://doi.org/10.1515/eduling-2024-0007
https://doi.org/10.1080/2331186X.2024.2431885
https://doi.org/10.1186/s13040-023-00339-9
https://doi.org/10.1007/s10462-021-10068-2
https://doi.org/10.1057/s41599-024-03526-z
https://doi.org/10.1186/s41239-023-00436-z


Missouri Policy Journal | Volume 2, Number 3 (Spring/Summer 2026) | 70 

 

AI Policy: Federal, State, and Institutional 

 

AI policymaking spans federal, state, and institutional levels. Federal actions influence research 

funding, accountability, workforce development, curricula, and administrative use. The National 

Artificial Intelligence Initiative Act funds interdisciplinary university research and sets 

expectations for transparency and bias mitigation, aligned with GAO’s accountability 

framework.31 These expectations can also shape Missouri universities’ grant strategies, 

curriculum design, and internal AI governance. 

 

States established programs, research mandates, governance rules, and proposed safeguards that 

frame higher-ed adoption. Examples include educator training, grants, research pilots, and 

governance requirements.32 These models can inform Missouri as it considers AI literacy, 

transparency, equity, and accountability across public institutions without stifling innovation. 

 

At the institutional level, universities develop governance structures, ethics committees, and 

policies on transparency, accountability, and student data protection.33 Policies often frame 

generative output as a threat to originality and require disclosure and citation; responses include 

bias detection and human oversight.34 Institutions integrate AI literacy while guarding against 
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over-reliance.35 These approaches can align with Missouri’s need for clear, consistent campus 

standards that support learning and integrity. 

 

Perceptions of AI: Students, Faculty, and Administrators 

 

Students value writing support, motivation, self-efficacy, and anonymity for help-seeking, while 

raising concerns about fairness and misconduct, and asking for clear definitions, transparent 

procedures, and training.36 Faculty voice integrity worries, detection limits, and policy 

ambiguity; they prefer institution-wide policies, training, and assessments that emphasize higher-

order thinking, while using AI to personalize feedback and streamline tasks.37 Administrators 

focus on clear policies, training, equity of access, bias mitigation, privacy, and iterative 

evaluation grounded in global frameworks such as UNESCO.38 These perspectives can help 

guide Missouri institutions as they implement disclosure norms, faculty development, student AI 

literacy, equity supports, and data safeguards. 

 

2025, https://doi.org/10.1186/s41239-023-00408-3; Jiahui Luo, “A Critical Review of GenAI Policies in Higher 

Education Assessment: A Call to Reconsider the ‘Originality’ of Students’ Work,” Assessment & Evaluation in 

Higher Education 49, no. 5 (February 4, 2024): 651–64, accessed March 13, 2025, 

https://doi.org/10.1080/02602938.2024.2309963; Oleksandr Spivakovsky, Serhii Omelchuk, Vitaliy Kobets, Nataliia 

Valko, and Daria Malchykova, “Institutional Policies on Artificial Intelligence in University Learning, Teaching and 

Research,” Information Technologies and Learning Tools 97, no. 5 (October 30, 2023): 181–202, accessed March 

13, 2025, https://doi.org/10.33407/itlt.v97i5.5395.  
35 Hui Wang, Anh Dang, Zihao Wu, and Son Mac, “Generative AI in Higher Education: Seeing CHATGPT through 

Universities’ Policies, Resources, and Guidelines,” Computers and Education: Artificial Intelligence 7 (December 

2024): 100326, accessed March 13, 2025, https://doi.org/10.1016/j.caeai.2024.100326. 
36 Cecilia Chan, “A Comprehensive AI Policy Education Framework for University Teaching and Learning,” 

International Journal of Educational Technology in Higher Education 20, no. 1 (July 7, 2023), accessed March 13, 

2025, https://doi.org/10.1186/s41239-023-00408-3; Jiahui Luo, “A Critical Review of GenAI Policies in Higher 

Education Assessment: A Call to Reconsider the ‘Originality’ of Students’ Work,” Assessment & Evaluation in 

Higher Education 49, no. 5 (February 4, 2024): 651–64, accessed March 13, 2025, 

https://doi.org/10.1080/02602938.2024.2309963; Sarah Moore and Kathryn Lookadoo, “Communicating Clear 

Guidance: Advice for Generative AI Policy Development in Higher Education,” Business and Professional 

Communication Quarterly 87, no. 4 (May 30, 2024): 610–29, accessed March 13, 2025, 

https://doi.org/10.1177/23294906241254786. 
37 Cecilia Chan, “A Comprehensive AI Policy Education Framework for University Teaching and Learning,” 

International Journal of Educational Technology in Higher Education 20, no. 1 (July 7, 2023), accessed March 13, 

2025, https://doi.org/10.1186/s41239-023-00408-3; Jiahui Luo, “A Critical Review of GenAI Policies in Higher 

Education Assessment: A Call to Reconsider the ‘Originality’ of Students’ Work,” Assessment Evaluation in Higher 

Education 49, no. 5 (February 4, 2024): 651–64, accessed March 13, 2025, 

https://doi.org/10.1080/02602938.2024.2309963; Sarah Moore and Kathryn Lookadoo, “Communicating Clear 

Guidance: Advice for Generative AI Policy Development in Higher Education,” Business and Professional 

Communication Quarterly 87, no. 4 (May 30, 2024): 610–29, accessed March 13, 2025, 

https://doi.org/10.1177/23294906241254786. 
38 Cecilia Chan, “A Comprehensive AI Policy Education Framework for University Teaching and Learning,” 

International Journal of Educational Technology in Higher Education 20, no. 1 (July 7, 2023), accessed March 13, 

2025, https://doi.org/10.1186/s41239-023-00408-3; Heather Johnston, Rebecca Wells, Elizabeth Shanks, Timothy 

Boey, and Bryony Parsons, “Student Perspectives on the Use of Generative Artificial Intelligence Technologies in 

Higher Education,” International Journal for Educational Integrity 20, no. 1 (February 8, 2024), accessed March 13, 

2025, https://doi.org/10.1007/s40979-024-00149-4; David Baidoo-Anu, Daniel Asamoah, Isaac Amoako, and 

Inuusah Mahama, “Exploring Student Perspectives on Generative Artificial Intelligence in Higher Education 

Learning, ” Discover Education 3, no. 1 (July 15, 2024), accessed March 13, 2025, https://doi.org/10.1007/s44217-

024-00173-z.  
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By weaving historical development, applications, ethics, policymaking, and stakeholder 

perspectives, this review sets out the foundation for understanding AI’s role in higher education. 

The literature provides a roadmap Missouri institutions use to align campus policies with state 

priorities, support students and faculty, uphold academic integrity, and advance responsible AI 

integration across teaching, research, and administration. 

 

Narrative Policy Framework 

 

The Narrative Policy Framework (NPF) provides a structured approach to examining policy 

narratives and understanding their influence on the policy process.39 Unlike traditional narrative 

analyses that lean towards qualitative, interpretive methods, the NPF adopts a quantitative, 

structuralist, and positivist stance. This enables researchers to generate and empirically test 

hypotheses regarding how narratives affect policy decisions and public opinion. The emergence 

of the NPF was driven by the recognition that, although narratives wield significant power in 

shaping public perception and policy outcomes, they were often relegated to qualitative, non-

empirical realms of policy research. Existing poststructuralist approaches, despite their value in 

exploring deep meanings and interpretations, tend to be inductive and resistant to hypothesis 

testing, posing challenges for replication and falsification.  

 

The NPF seeks to bridge this gap by offering a structural approach that systematically defines 

narrative components, thus making narratives subject to empirical analysis.40 The primary 

objective of the NPF is to enable rigorous, scientific study of policy narratives, facilitating the 

formulation and testing of hypotheses about their role in influencing public opinion and policy 

outcomes. NPF is based on the idea that policy narratives are social constructs of reality 

influenced by belief systems, social norms, and political ideologies. Actors, such as students, 

policymakers, administrators, shareholders, faculty, staff, community members, and media, use 

narratives to influence policymaking and voice policy preferences.  

 

Key features of the NPF include its ability to identify consistent and generalizable elements 

within policy narratives, distinguishing it from approaches that emphasize individual 

interpretation. The framework allows for analysis on multiple levels. The micro level 

investigates how policy narratives affect individuals and aggregate public opinion, examining 

mechanisms such as narrative transportation, congruence, and the narrator’s trustworthiness.41 

The intermediate level, meanwhile, focuses on the strategic use of narratives by political actors, 

including interest groups and policymakers, to shape coalitions and drive policy outcomes. The 

intermediate-level analysis emphasizes how narratives influence coalition composition as a 

catalyst for policy change. The macro-level analysis focuses on broad societal and institutional 

narratives that shape large-scale policy discourses, influencing legal frameworks, cultural 

 
39 Michael Jones and Mark K. McBeth, “A Narrative Policy Framework: Clear Enough to Be Wrong?” Policy 

Studies Journal 38, no. 2 (April 23, 2010): 329–53, accessed March 13, 2025, https://doi.org/10.1111/j.1541-

0072.2010.00364.x.   
40 Elizabeth Shanahan, Michael Jones, and Mark McBeth, “How to Conduct a Narrative Policy Framework Study,” 

The Social Science Journal 55, no. 3 (September 1, 2018): 332–45, accessed March 13, 2025, 

https://doi.org/10.1016/j.soscij.2017.12.002.   
41 Michael Jones and Mark K. McBeth, “A Narrative Policy Framework: Clear Enough to Be Wrong?” Policy 

Studies Journal 38, no. 2 (April 23, 2010): 329–53, accessed March 13, 2025, https://doi.org/10.1111/j.1541-

0072.2010.00364.x.   
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perceptions, and policy trends. To counter the criticism often directed at qualitative approaches 

regarding narrative relativism, the NPF integrates established belief systems, such as 

partisanship, ideology, or cultural theory, to anchor and categorize policy narratives. In my study, 

I applied the NPF by analyzing how higher education institutions frame AI in their policies, 

whether as a threat, a tool for innovation, or a neutral technology, by identifying key narrative 

elements such as heroes, villains, and victims to systematically compare institutional approaches.  

 

The significance of the NPF lies in its potential to advance policy research by offering a clear, 

testable framework for examining the influence of narratives.42 It allows researchers to integrate 

narrative analysis with established policy theories such as the Advocacy Coalition Framework 

(ACF), thereby enriching the understanding of policy. The NPF’s application spans a range of 

policy issues, from healthcare reform to environmental legislation, demonstrating its adaptability 

and broad utility. For example, the framework can deconstruct political narratives, such as those 

used by Republicans and Democrats in significant policy debates, to assess their impact on 

public opinion and how elites strategically leverage them to shape coalitions and influence policy 

outcomes.  

 

Given the multifaceted nature of AI policymaking in higher education, marked by diverse 

perspectives and rapid technological change, the NFP is a particularly relevant tool for analyzing 

how these narratives are constructed and their implications for policy development.43 Applying 

the NPF can illuminate which narratives are most influential, how they shape policy discourse, 

and their impact on public perception and institutional decision making.  

 

Assumptions of NPF 

 

Five assumptions in the study must align with the NPF model, including social construct, 

bounded relativity, generalizable structured elements, three interacting levels of analysis, and the 

Homo Narran’s model of the individual.44 The first assumption of social constructivism suggests 

that meaning and reality are shaped through social interactions and shared narratives. People 

create and interpret stories based on cultural and societal influences. The second assumption, 

bounded relativity, suggests that while narratives are flexible and open to interpretation, they are 

also constrained by context, culture, and personal experiences. The third assumption, 

generalizable structured elements, suggest that narratives have common structural components 

such as setting, characters, conflicts, and resolutions, which allow them to be analyzed and 

understood systematically across different contexts.  

 

 
42 Michael Jones and Mark K. McBeth, “A Narrative Policy Framework: Clear Enough to Be Wrong?” Policy 

Studies Journal 38, no.2 (April 23, 2010): 329–53, accessed March 13, 2025, https://doi.org/10.1111/j.1541-

0072.2010.00364.x.   
43

 Michael Jones and Mark K. McBeth, “A Narrative Policy Framework: Clear Enough to Be Wrong?” Policy 

Studies Journal 38, no. 2 (April 23, 2010): 329–53, accessed March 13, 2025, https://doi.org/10.1111/j.1541-

0072.2010.00364.x.   
44 Elizabeth Shanahan, Michael Jones, and Mark McBeth, “How to Conduct a Narrative Policy Framework Study,” 

The Social Science Journal 55, no. 3 (September 1, 2018): 332–45, accessed March 13, 2025, 

https://doi.org/10.1016/j.soscij.2017.12.002.   
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The fourth assumption suggests that narratives operate at multiple levels.45 The first level is 

micro-level, and it is considered “individual storytelling.” Next, the intermediate-level is group 

or organizational storytelling. The last level, the macro level, is the societal or cultural narrative 

of the story. The final assumption of NPF is the Homo Narran’s model of the individual. This 

model suggests that humans are fundamentally storytelling beings. This model argues that people 

understand the world, make decisions, and communicate primarily through narratives. These 

assumptions will help guide this research, emphasizing that individuals and groups socially 

construct AI policies. These constructions are influenced by bounded relativity, as the 

“meanings” associated with AI narratives vary and are based on belief systems and ideologies. 

This study will focus specifically on the meso-level of analysis in examining narratives that 

operate in public colleges among administration, faculty, and students.  

 

Narrative Elements of NPF 

 

The Narrative Policy Framework identifies four key elements of a narrative: setting, characters, 

plot, and moral.46 Policies function as stories because they incorporate these fundamental 

narrative components. In policymaking decisions, the setting is the context in which the policy is 

developed, such as an educational institution. The characters include students, faculty, and 

administrators, each playing a role in shaping and implementing policies. The plot unfolds as the 

policy is developed, addressing a problem, presenting solutions, and navigating challenges. 

Finally, the moral of the story conveys the broader lesson or guiding principle behind the policy, 

such as ensuring ethical and effective AI integration in education.  

 

The setting is the policy context, including socio-economic and institutional factors. A character 

is an individual or a group of individuals who play a role in policymaking decisions, such as a 

villain or hero.47 This analysis examines how narratives frame AI’s spatial and temporal context 

in education. In this study, I also examined whether AI policymaking focuses on specific 

classroom settings or broader societal impacts of AI. Characters are essential because they bring 

diverse perspectives and interests to policymaking. Throughout this study, there is the 

examination of how students, faculty, and administrators are portrayed as either villains or 

heroes. It uncovers who benefits or does not benefit from the use of AI, and which characters are 

vulnerable to potential biases when making policy decisions. 

  

The plot is defined as a common story arc, such as a hero overcoming adversity or going on a 

journey.48 A plot provides a coherent structure for the narrative, enabling AI policies to present 

 
45 Elizabeth Shanahan, Michael Jones, and Mark McBeth, “How to Conduct a Narrative Policy Framework Study,” 

The Social Science Journal 55, no. 3 (September 1, 2018): 332–45, accessed March 13, 2025, 
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46 Michael Jones and Mark K. McBeth, “A Narrative Policy Framework: Clear Enough to Be Wrong?” Policy 

Studies Journal 38, no.2 (April 23, 2010): 329–53, accessed March 13, 2025, https://doi.org/10.1111/j.1541-

0072.2010.00364.x.   
47 Michael Jones and Mark K. McBeth, “A Narrative Policy Framework: Clear Enough to Be Wrong?” Policy 

Studies Journal 38, no. 2 (April 23, 2010): 329–53, accessed March 13, 2025, https://doi.org/10.1111/j.1541-

0072.2010.00364.x.   
48 Michael Jones and Mark K. McBeth, “A Narrative Policy Framework: Clear Enough to Be Wrong?” Policy 

Studies Journal 38, no. 2 (April 23, 2010): 329–53, accessed March 13, 2025, https://doi.org/10.1111/j.1541-

0072.2010.00364.x.   
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necessary solutions or problematic interventions. This study will examine the dominant 

storylines about AI in higher education and whether these stories are of progress, decline, 

control, or helplessness. The story is defined as the way the story’s problems and solutions are 

identified and lead to the “moral of the story” or the “take-home” point. Examining stories helps 

identify which policy solutions these narratives point to and whether they advocate embracing, 

regulating, or banning AI in certain educational contexts. Overall, I examined how narratives 

influence AI policymaking in public institutions. With the actors being administrators, faculty, 

and students, this study will examine how they construct and communicate narratives that impact 

policy decisions regarding students’ use of AI for academic purposes.  

 

Policymaking as a Socially Constructed Process 

 

The NPF acknowledges that policymaking is not purely objective but is influenced by social 

constructs.49 Policies are not neutral artifacts but are shaped by competing narratives that use 

symbols, metaphors, and ideological framings to establish legitimacy and gain public support.50 

Policy realities are socially constructed through narratives that provide organization and meaning 

to public policy issues.51 This perspective highlights that policies emerge from competing 

narratives shaped by symbols, metaphors, and ideological perspectives.52 Symbols and 

metaphors are integral to policy narratives, serving as tools to evoke emotions, frame issues, and 

simplify complex problems.53 They help convey abstract concepts in relatable terms, influencing 

public perception and policy discourse.  

 

The Dynamic Nature of Policy Narratives 

 

Policy narratives are dynamic and can follow various trajectories, including stories of change, 

decline, or rise.54 These narrative paths influence how policy issues are perceived and addressed. 

Stories of change frame policies as necessary for societal progress; stories of decline emphasize 

the negative consequences of specific policies, while stories of rise present policies as 

 
49 Elizabeth Shanahan, Michael Jones, and Mark McBeth, “How to Conduct a Narrative Policy Framework Study,” 

The Social Science Journal 55, no. 3 (September 1, 2018): 332–45, accessed March 13, 2025, 

https://doi.org/10.1016/j.soscij.2017.12.002.   
50 Elizabeth Shanahan, Michael Jones, and Mark McBeth, “How to Conduct a Narrative Policy Framework Study,” 

The Social Science Journal 55, no. 3 (September 1, 2018): 332–45, accessed March 13, 2025, 

https://doi.org/10.1016/j.soscij.2017.12.002.   
51 Anne Schneider and Helen Ingram, “Social Construction of Target Populations: Implications for Politics and 

Policy,” American Political Science Review 87, no. 2 (June 1993): 334–47, accessed March 13, 2025, 

https://doi.org/10.2307/2939044.   
52 Deserai Crow and John Berggren, “Using the Narrative Policy Framework to Understand Stakeholder Strategy 

and Effectiveness: A Multi-Case Analysis,” The Science of Stories, (January 2014): 131–56, accessed March 13, 

2025, https://doi.org/10.1057/9781137485861_7.    
53 Elizabeth Shanahan, Michael Jones, and Mark McBeth, “How to Conduct a Narrative Policy Framework Study,” 

The Social Science Journal 55, no. 3 (September 1, 2018): 332–45, accessed March 13, 2025, 

https://doi.org/10.1016/j.soscij.2017.12.002.     
54 Elizabeth Shanahan, Michael Jones, and Mark McBeth, “How to Conduct a Narrative Policy Framework Study,” 

The Social Science Journal 55, no. 3 (September 1, 2018): 332–45, accessed March 13, 2025, 
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overcoming past injustices or failures.55 Understanding these narrative forms provides insight 

into the strategies policy actors use to advance their agendas.56 The NPF posits that 

policymaking is not simply a process of rational decision making but a competition of narratives, 

where various actors vie to have their story dominate the policy discourse.57 This struggle is not 

merely about policy outcomes but about shaping public perception and aligning narratives with 

political and ideological interests.58 

 

The NPF also recognizes that narratives often favor certain groups over others. Based on their 

political power and social constructions, Schneider and Ingram’s theory of social construction 

and policy design categorizes groups as advantaged, contenders, dependents, or deviants.59 

Advantaged groups possess both political power and positive social constructions, enabling them 

to influence policy narratives to their benefit. In contrast, dependents lack political power despite 

positive social constructions, often resulting in their interests being overlooked in policymaking.  

This study is guided by the following research question:  

 

RQ: How do higher education institutions narratively frame the academic student use of 

artificial intelligence through policy-related documents?  

 

Methodology 

 

Data 
 

This study analyzed 59 publicly available documents from 12 public higher education 

institutions across all US regions, including Alaska and Hawaii. Institutions were randomly 

selected until two per region provided AI-related materials. Sources included faculty senate 

reports, technology committee statements, academic integrity policies, training resources, and 

faculty toolkits. Only institution-published documents were included to ensure each narrative 

reflected the university’s own stance on AI use. Identifying details of institutions remain 

anonymous to maintain privacy. 
 

 

 

 

 
55 Michael Jones, and Mark K. McBeth, “A Narrative Policy Framework: Clear Enough to Be Wrong?” Policy 

Studies Journal 38, no. 2 (April 23, 2010): 329–53, accessed March 13, 2025, https://doi.org/10.1111/j.1541-

0072.2010.00364.x.   
56 Michael Jones and Claudio Radaelli, “The Narrative Policy Framework: Child or Monster?” Critical Policy 

Studies 9, no. 3 (June 18, 2015): 339–55, accessed March 13, 2025, 

https://doi.org/10.1080/19460171.2015.1053959.  
57 Deserai Crow and John Berggren, “Using the Narrative Policy Framework to Understand Stakeholder Strategy 

and Effectiveness: A Multi-Case Analysis,” The Science of Stories (January 2014): 131–56, accessed March 13, 

2025, https://doi.org/10.1057/9781137485861_7.  
58 Anne Schneider and Helen Ingram, “Social Construction of Target Populations: Implications for Politics and 

Policy,” American Political Science Review 87, no. 2 (June 1993): 334–47, accessed March 13, 2025, 

https://doi.org/10.2307/2939044.  
59 Anne Schneider and Helen Ingram, “Social Construction of Target Populations: Implications for Politics and 

Policy,” American Political Science Review 87, no. 2 (June 1993): 334–47, accessed March 13, 2025, 

https://doi.org/10.2307/2939044. 
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Collection and Coding 

 

All documents were collected from official university websites and included both broad 

academic integrity statements and detailed memos, infographics, and training materials. Pages 

containing only external links or non-substantive resources were excluded. Using the Narrative 

Policy Framework (NPF) and Hsieh and Shannon’ directed content analysis, I developed a 

codebook that emphasized characters, moral framings, and plots.60 Because all documents 

originated from higher education governance contexts, the setting was not coded separately. Each 

document was reviewed line by line in Dedoose using a deductive approach informed by the 

NPF, while allowing for emergent themes. For example, the initial moral framing categories 

were adjusted when I observed that few documents supported free use of AI, while most 

emphasized regulation. 

 

Data Analysis 

 

Analysis was conducted in several stages to identify narrative patterns. First, descriptive statistics 

were used to calculate the frequency of codes across all documents, providing a broad overview 

of narrative prevalence. Pearson correlations were then applied to examine co-occurrence 

patterns between codes, such as whether portraying AI as a villain aligned with calls for bans or 

regulations. A difference of means analysis followed, grouping codes into thematic categories 

such as student versus faculty perspectives or risk versus benefit framings, which allowed for 

comparisons of emphasis across documents. Correlation matrices and other visualizations 

highlighted the strength and direction of these relationships, producing a comprehensive picture 

of how institutions narratively construct AI policy. 

 

Ethical Considerations 

 

Ethical integrity was maintained by relying solely on publicly available data and anonymizing all 

institutional identifiers. Reflexivity guided the research process, as I documented initial 

assumptions about AI policy and continually reflected on how my perspectives shaped 

interpretation. This process ensured that findings could be compared against expectations to 

check for bias.  

 

Coding followed transparent, predefined criteria for narrative elements, while quantitative 

techniques such as correlation analysis and predictive modeling grounded interpretation in 

empirical evidence. Together, these safeguards promoted objectivity, minimized harm, and 

ensured that the study maintained high ethical standards while examining how higher education 

institutions frame AI policy narratives. 
 

 

 

 

 
60 Hsieh Hsiu-Fang and Sarah E. Shannon, “Three Approaches to Qualitative Content Analysis,” Qualitative Health 

Research 15, no. 9 (November 2005): 1277–88, accessed March 13, 2025, 

https://doi.org/10.1177/1049732305276687.  
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Descriptive Results  

 

Characters 

 

In the Narrative Policy Framework (NPF), characters such as heroes, villains, and victims help 

shape how policy problems are understood and who is responsible for solving them.61 Across the 

59 documents analyzed, 252 character-based codes were applied (see Table 1), revealing nuanced 

portrayals of students, faculty, administrators, and AI itself. 

 

Table 1 

________________________________________________________ 

Character Code  

 

Hero:  

Faculty/Admin  

 

Frequency  

 

66  

Percentage of Character Codes  

 

26.2%  

Hero: Students  58  23.0%  

Victim: Students  55  21.8%  

Victim:  

Faculty/Admin  

17  6.7%  

Villain: AI or AI 

Misuse  

56  22.2%  

 
  

Faculty and administrators were most often coded as heroes (26.2%), positioned as innovators 

and protectors of academic standards. Documents emphasized their autonomy to explore AI 

while ensuring responsible and inclusive outcomes, as reflected in the University of Hawaii-

Manoa guidance encouraging faculty to refine teaching methods with student feedback.62 

Students were also frequently framed as heroes (23.0%), depicted as active collaborators who 

use AI to enhance learning and develop critical skills. Policies emphasized responsible use, as in 

the University of Colorado-Boulder document, which encouraged AI for brainstorming, drafting, 

and editing while upholding accuracy and privacy.63 

 

At the same time, students were often cast as victims (21.8%), vulnerable to unclear policies, 

peer misuse, or institutional uncertainty. A University of Iowa document noted risks to security, 
 

61 Elizabeth Shanahan, Michael Jones, and Mark McBeth, “How to Conduct a Narrative Policy Framework Study,” 

The Social Science Journal 55, no. 3 (September 1, 2018): 332–45, accessed March 13, 2025, 

https://doi.org/10.1016/j.soscij.2017.12.002.   
62 University of Hawaii, AI Recommendations, accessed June 20, 2025, 

https://www.uhonline.hawaii.edu/administration/ai.   
63 University of Colorado Boulder Strategic Relations and Communications, Guiding Principles for Generative AI in 

Support of CU Boulder Marketing and Communications, approved August 15, 2025, accessed June 20, 2025,  

https://www.colorado.edu/strategicrelations/communication-resources/guiding-principles-generative-ai-support-cu-

boulder-marketing-and.  

https://doi.org/10.1016/j.soscij.2017.12.002
https://www.uhonline.hawaii.edu/administration/ai
https://www.colorado.edu/strategicrelations/communication-resources/guiding-principles-generative-ai-support-cu-boulder-marketing-and
https://www.colorado.edu/strategicrelations/communication-resources/guiding-principles-generative-ai-support-cu-boulder-marketing-and
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privacy, and ethics, underscoring concerns about student exposure to poorly regulated AI 

systems.64 Faculty and administrators were less often portrayed as victims (6.7%), usually in 

relation to workloads, difficulties detecting AI misuse, and the strain of adapting to technological 

change. The University of Iowa acknowledged these challenges, cautioning against reactionary 

shifts to high-stakes handwritten assignments. 

 

Finally, AI or its misuse was frequently depicted as the villain (22.2%). Institutions framed 

generative AI as a threat to integrity, accountability, and learning outcomes. A University of 

Massachusetts-Amherst policy warned of valid concerns about assessment of validity and ethical 

implications, justifying stricter oversight or regulation.65 Together, these narratives reveal a 

layered characterization of AI policy: faculty and students are celebrated as capable actors but 

also marked as vulnerable, while AI itself is cast both as a tool of promise and a potential danger 

requiring governance. 

 

Plot 

 

In the Narrative Policy Framework (NPF), plots structure policy narratives into stories of crisis, 

decline, or opportunity.66 Across the 59 documents, plot codes were applied less frequently than 

characters or morals, totaling 35 instances (see Table 2). 

 

Table 2  

Plot Code  Frequency  Percentage of Plot Codes  

Opportunity  17  48.6%  

Crisis  10  28.6%  

Decline  8  22.9%  

 

The most common plot was Opportunity, representing 48.6% of codes. These narratives 

emphasized AI’s potential to enhance pedagogy, support skill-building, and prepare students for 

workforce demands. Institutions framed AI as a chance to innovate responsibly, as in the 

University of Massachusetts Joint Task Force on Generative AI, which called for task forces to 

evaluate teaching, research, and administrative uses of AI. Crisis plots appeared in 28.6% of 

codes, framing AI as an immediate danger to integrity and trust.67 These narratives often justified 
 

64 University of Iowa Office of Teaching, Learning and Technology, Artificial Intelligence Tools and Teaching, 

accessed June 20, 2025, https://teach.its.uiowa.edu/artificial-intelligence-tools-and-teaching.    
65 University of Massachusetts Amherst Center for Teaching & Learning, How Do I Address Suspected Student 

Misuse of GenAI Tools? accessed June 20, 2025, https://www.umass.edu/ctl/how-do-i-address-suspected-student-

misuse-genai-

tools#:~:text=If%20you%20suspect%20that%20students,withdrawal%20option%20in%20your%20syllabus.  
66 Elizabeth Shanahan, Michael Jones, and Mark McBeth, “How to Conduct a Narrative Policy Framework Study,” 

The Social Science Journal 55, no. 3 (September 1, 2018): 332–45, accessed June 20, 2025, 

https://doi.org/10.1016/j.soscij.2017.12.002.   
67 Joint Task Force on Generative AI, Special Report of the Joint Task Force on Generative AI Final Report, No. 24-

087 (2024): 1-27, accessed June 20, 2026, https://www.google.com/url?client=internal-element-

https://teach.its.uiowa.edu/artificial-intelligence-tools-and-teaching
https://www.umass.edu/ctl/how-do-i-address-suspected-student-misuse-genai-tools#:~:text=If%20you%20suspect%20that%20students,withdrawal%20option%20in%20your%20syllabus
https://www.umass.edu/ctl/how-do-i-address-suspected-student-misuse-genai-tools#:~:text=If%20you%20suspect%20that%20students,withdrawal%20option%20in%20your%20syllabus
https://www.umass.edu/ctl/how-do-i-address-suspected-student-misuse-genai-tools#:~:text=If%20you%20suspect%20that%20students,withdrawal%20option%20in%20your%20syllabus
https://doi.org/10.1016/j.soscij.2017.12.002
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urgent policy action, as seen in the University of Massachusetts-Amherst document warning that 

student misuse of generative AI threatens the assessment of validity and ethical standards.68 
 

Decline plots accounted for 22.9% of codes and depicted AI as contributing to the erosion of 

academic values or student skills over time. These narratives appeared most often in faculty-

focused documents, such as those from the University of Colorado-Boulder, which raised 

concerns about long-term impacts on data security and critical thinking.69 Together, these plots 

show how institutions position AI as both an opportunity to innovate and a risk requiring 

regulation, framing urgency and stakes differently depending on audience and purpose. 

 

Moral of the Story 

 

In the Narrative Policy Framework (NPF), the moral of the story is the policy solution embedded 

in the narrative, showing the direction institutions want audiences to follow.70 Across the 59 

documents, 69 moral codes were applied (see Table 3). 

 

Table 3  

Moral Code  Frequency  Percentage of Moral Codes  

Ban AI  10  14.4%  

Regulate AI  32  46.4%  

Teach Responsible Use  27  39.1%  

 

 The Ban AI code was least common, appearing 14.4% of the time. These narratives called for 

full restrictions on AI use, usually in exams or written assignments. They rarely stood alone and 

were typically paired with regulatory language, as in the University of Hawaii-Manoa syllabus 

icon indicating students were not permitted to use applications in class.71 Regulate AI was the 

most frequent moral framing, at 46.4%. Institutions promote controlled or conditional use of AI, 

often requiring faculty approval or course-specific guidelines. These narratives emphasized 

transparency, consistency, and instructor discretion. The University of Michigan Generative AI 

Committee, for example, recommended consistent regulation of AI use across departments.72 

 

cse&cx=000821577810554422878:bl1mkgjonqu&q=https://www.umass.edu/senate/media/1150/download&sa=U&

ved=2ahUKEwjAv9GtvpqSAxVnkmoFHbI_A8sQFnoECAEQAg&usg=AOvVaw2jPzU2UnKcIHF6tK2hvmzP.  
68 University of Massachusetts Amherst Center for Teaching & Learning, How Do I Address Suspected Student 

Misuse of GenAI Tools? accessed June 20, 2025, https://www.umass.edu/ctl/how-do-i-address-suspected-student-

misuse-genai-

tools#:~:text=If%20you%20suspect%20that%20students,withdrawal%20option%20in%20your%20syllabus. 
69 University of Colorado Boulder Strategic Relations and Communications, Guiding Principles for Generative AI in 

Support of CU Boulder Marketing and Communications, approved August 15, 2025, accessed June 20, 2025, 

https://www.colorado.edu/strategicrelations/communication-resources/guiding-principles-generative-ai-support-cu-

boulder-marketing-and.   
70 Elizabeth Shanahan, Michael Jones, and Mark McBeth, “How to Conduct a Narrative Policy Framework Study,” 

The Social Science Journal 55, no. 3 (September 1, 2018): 332–45, accessed March 13, 2025, 

https://doi.org/10.1016/j.soscij.2017.12.002.   
71 University of Hawaii, AI Syllabi Icons and Sample Statements (Faculty), Google Docs, accessed March 10, 2025, 

https://docs.google.com/document/d/1XWGyroCg0BndoJW3MaN8T-Fj_YQBPULYbLPrP8JpGsI/edit?tab=t.0.   
72 University of Michigan, U-M GenAI Committee Report, Google Drive, accessed June 20, 2025, 

https://www.umass.edu/ctl/how-do-i-address-suspected-student-misuse-genai-tools#:~:text=If%20you%20suspect%20that%20students,withdrawal%20option%20in%20your%20syllabus
https://www.umass.edu/ctl/how-do-i-address-suspected-student-misuse-genai-tools#:~:text=If%20you%20suspect%20that%20students,withdrawal%20option%20in%20your%20syllabus
https://www.umass.edu/ctl/how-do-i-address-suspected-student-misuse-genai-tools#:~:text=If%20you%20suspect%20that%20students,withdrawal%20option%20in%20your%20syllabus
https://www.colorado.edu/strategicrelations/communication-resources/guiding-principles-generative-ai-support-cu-boulder-marketing-and
https://www.colorado.edu/strategicrelations/communication-resources/guiding-principles-generative-ai-support-cu-boulder-marketing-and
https://doi.org/10.1016/j.soscij.2017.12.002
https://docs.google.com/document/d/1XWGyroCg0BndoJW3MaN8T-Fj_YQBPULYbLPrP8JpGsI/edit?tab=t.0
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Teach Responsible Use appeared in 39.1% of moral codes and framed AI as a tool to be used 

thoughtfully rather than banned. This narrative, often in toolkits or guidance documents, focuses 

on digital literacy, ethics, and critical thinking. The University of Colorado-Boulder provided a 

checklist clarifying appropriate and inappropriate uses of AI in marketing and communication, 

encouraging faculty and students to engage with AI responsibly.73 Together, these moral framings 

show that most institutions do not advocate outright bans but instead favor regulating or teaching 

responsible use as ways to integrate AI into higher education. 

 

Relational Trends 

 

Hero/Narrative Correlations 

 

Pearson correlation coefficients were used to examine how the hero codes for Faculty/Admin and 

Students aligned with other narrative elements, including morals and plots. Across the dataset, 

both hero framings showed moderate positive relationships with several codes, though with 

different emphases (see Table 4).  

 

Table 4 

Correlation of Hero: Faculty/Admins & Student with Other Narrative Codes  

Narrative Element  Hero: Students (r) Hero: Faculty/Admin (r) 

Teach Responsible Use  0.57  0.39  

Hero: Faculty/Admin  0.56  —  

Hero: Students  —  0.56  

Victim: Students  0.43  0.27  

Regulate AI  0.43  0.30  

Villain: AI or AI Misuse  0.40  0.40  

Ban AI  0.38  0.04  

Victims: Faculty/Admin  0.36  0.55  

Opportunity  0.20  0.52  

Decline  0.12  0.12  

Crisis  0.11  -0.07  

  

Hero: Faculty/Admin correlated most strongly with Hero: Students (r = .56), Victim: 

Faculty/Admin (r = .55), and Opportunity (r = .52). These links suggest faculty hero narratives 

often appear alongside portrayals of collaboration, institutional protection, and constructive 

policy contexts. Moderate associations with Villain: AI or AI Misuse (r = .40), Teach 

 

https://drive.google.com/file/d/101zhMpzr67SRePbbxfHc87j-5mSlkuOL/view.   
73 University of Colorado Boulder Strategic Relations and Communications, Guiding Principles for Generative AI in 

Support of CU Boulder Marketing and Communications, approved August 15, 2025, accessed June 20, 2025, 

https://www.colorado.edu/strategicrelations/communication-resources/guiding-principles-generative-ai-support-cu-

boulder-marketing-and.   

https://drive.google.com/file/d/101zhMpzr67SRePbbxfHc87j-5mSlkuOL/view
https://www.colorado.edu/strategicrelations/communication-resources/guiding-principles-generative-ai-support-cu-boulder-marketing-and
https://www.colorado.edu/strategicrelations/communication-resources/guiding-principles-generative-ai-support-cu-boulder-marketing-and
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Responsible Use (r = .39), and Regulate AI (r = .30) indicate faculty heroism is closely tied to 

responsibility and regulation. Weak ties to Decline (r = .12) and Ban AI (r = .04), and a slight 

negative correlation with Crisis (r = -.07), show faculty hero framing is less likely to appear in 

urgent or prohibition-oriented contexts. 
 

Hero: Students correlated most with Teach Responsible Use (r = .57), Hero: Faculty/Admin (r = 

.56), and Victim: Students (r = .43). Additional moderate associations appeared with Regulate AI 

(r = .43), Villain: AI or AI Misuse (r = .40), and Ban AI (r = .38). These trends suggest student 

hero narratives are strongly linked to calls for responsibility, regulation, and recognition of 

vulnerability, while weaker ties to Opportunity (r = .20), Decline (r = .12), and Crisis (r = .11) 

show less emphasis on dramatic or urgent framings. Overall, faculty heroism appears rooted in 

stability, leadership, and policy enforcement, while student heroism is tied more closely to 

ethical growth, shared responsibility, and guided engagement with AI. 

 

Villian Narrative Correlations 

 

Pearson correlation coefficients were used to examine how often the Villain: AI or AI Misuse 

code appeared alongside other narrative elements across the 59 documents. The results showed 

modest to moderate co-occurrence with a variety of character portrayals, policy morals, and plot 

structures (see Table 5). 

 

Table 5  

Correlation of Villain: AI or AI Misuse with Other Narrative Codes  

Narrative Element  Pearson Correlation (r) 

Victim: Students  0.71  

Victim: Faculty/Admin  0.62  

Hero: Faculty/Admin  0.40  

Hero: Students  0.40  

Regulate AI  0.34  

Ban AI  0.24  

Decline  0.23  

Teach Responsible Use  0.22  

Opportunity  0.21  

Crisis  0.11  

 

The strongest correlations appeared with Victim: Students (r = .71) and Victim: Faculty/Admin (r 

= .62), suggesting that when AI is portrayed as harmful, both students and faculty are framed as 

negatively affected. Moderate correlations with Hero: Faculty/Admin (r = .40) and Hero: 

Students (r = .40) show that villain narratives often cast institutional actors as protectors or 

responsible stewards in response to AI threats. 
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Policy responses most often aligned with Regulate AI (r = .34) and Ban AI (r = .24), while Teach 

Responsible Use (r = .22) appeared less frequently. This pattern indicates that villain portrayals 

are more likely tied to regulatory or restrictive solutions than to educational ones. Correlations 

with plot codes were weaker, with Decline (r = .23), Opportunity (r = .21), and Crisis (r = .11), 

suggesting villain narratives appear across multiple arcs without anchoring any single trajectory. 

Overall, villain portrayals of AI or its misuse tend to emphasize risk and harm, linking student 

and faculty vulnerability with regulatory or restrictive policy responses, while presenting faculty 

and students as the agents charged with addressing these threats.  

 

Victim Narrative Correlations 

 

Pearson correlation coefficients were used to examine how the Victim: Students and Victim: 

Faculty/Admin codes co-occurred with narrative morals and plot elements across the institutional 

documents (see Table 6).  

 

Table 6 

Correlation of Victim: Faculty/Admin & Students with Other Narrative Codes  

Narrative Element  Victim: Students (r) Victim: Faculty/Admin (r) 

Villain: AI or AI Misuse  0.71  0.62  

Ban AI  0.55  0.05  

Victims: Faculty/Admin  0.49  —  

Hero: Students  0.43  0.36  

Regulate AI  0.42  0.11  

Hero: Faculty/Admin  0.27  0.55  

Teach Responsible Use  0.27  0.19  

Crisis  0.18  -0.04  

Opportunity  0.13  0.38  

Decline  0.12  0.28  

Victim: Students  —  0.49  

  

The Victim: Students code indicates the strongest correlation with Villain: AI or AI  

Misuse (r = .71), followed by Ban AI (r = .55), Victims: Faculty/Admin (r = .49), Hero: Students  

(r = .43), and Regulate AI (r = .42). Weaker associations appear with Teach Responsible Use (r = 

.27), Crisis (r = .18), Opportunity (r = .13), and Decline (r = .12). These results indicate that 

when institutions frame students as victims, the narratives frequently co-occur with portrayals of 

AI as harmful and are more often tied to restrictive responses, particularly banning or regulating 

AI, than to educational or opportunity-based framings. This narrative commonly appears in 

documents that emphasize confusion, ethical ambiguity, or institutional concern about student 

misuse of AI.  
 

The Victim: Faculty/Admin code also indicates its strongest correlation with Villain: AI or  
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AI Misuse (r = .62), followed by Hero: Faculty/Admin (r = .55), Opportunity (r = .38), and Hero:  

Students (r = .36). Correlations with moral framings such as Teach Responsible Use (r = .19), 

Regulate AI (r = .11), and Ban AI (r = .05) are relatively weak, suggesting that when faculty are 

framed as victims, the narratives may emphasize strain or disruption more than explicit policy 

direction. The Decline code (r = .28) shows a stronger connection than Crisis (r = -.04), 

highlighting that faculty victim narratives tend to align more with themes of long-term erosion of 

values or effectiveness rather than immediate institutional risk. The victim codes indicate 

moderate correlations with several character and moral elements, but do not display uniformly 

strong associations across the board. These findings indicate that portrayals of students and 

faculty as vulnerable actors are common but appear in more varied and nuanced narrative 

contexts than hero or villain framings.  

 

Plot Narrative Correlations 

 

Pearson correlation coefficients were used to examine how the Victim: Students and Victim: 

Faculty/Admin codes co-occurred with moral and plot elements across the institutional 

documents (see Table 7). 

 

Table 7 

Correlation of Victim: Faculty/Admin & Students with Other Narrative Codes  

Narrative Element  Crisis (r) Decline (r) Opportunity (r) 

Regulate AI  0.37  0.23  0.25  

Teach Responsible Use  0.28  0.12  0.41  

Victim: Students  0.18  0.12  0.13  

Ban AI  0.16  0.08  0.01  

Hero: Students  0.11  0.12  0.20  

Villain: AI or AI Misuse  0.11  0.23  0.21  

Victims: Faculty/Admin  -0.04  0.28  0.38  

Hero: Faculty/Admin  -0.07  0.12  0.52  

  

The Victim: Students code correlated most strongly with Villain: AI or AI Misuse (r = .71), 

followed by Ban AI (r = .55), Victim: Faculty/Admin (r = .49), Hero: Students (r = .43), and 

Regulate AI (r = .42). These patterns show that student victim narratives often co-occur with 

depictions of AI as harmful and align more with restrictive policy responses, especially bans and 

regulation, than with opportunity or education-based framings. Such narratives frequently 

appeared in documents that stressed confusion, ethical ambiguity, or risks tied to student misuse. 

The Victim: Faculty/Admin code also showed its strongest correlation with Villain: AI or AI 

Misuse (r = .62), followed by Hero: Faculty/Admin (r = .55), Opportunity (r = .38), and Hero: 

Students (r = .36). Links to policy morals were weaker, with Teach Responsible Use (r = .19), 

Regulate AI (r = .11), and Ban AI (r = .05) indicating that faculty victim narratives tend to 

emphasize disruption, workload strain, or long-term erosion of values more than direct policy 

solutions. The stronger association with Decline (r = .28) compared to Crisis (r = -.04) reinforces 
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this longer-term framing. Overall, victim narratives highlight both students and faculty as 

vulnerable to AI-related harms, but with different emphases: students appear more connected to 

restrictive policy responses, while faculty are framed around institutional strain and gradual 

decline. These portrayals underscore the complexity of victim framings compared to the more 

consistent hero-or-villain narratives.  

 

Difference of Means Analysis 

 

To compare narrative elements across the dataset, I conducted a descriptive difference of means 

analysis by grouping codes into six thematic categories aligned with the Narrative Policy 

Framework (NPF): Student Perspective, Faculty Perspective, Risk, Benefit, Restrictive, and 

Educational. This approach highlights how institutions framed stakeholder roles, challenges, and 

policy responses across the 59 documents (see Table 8). 

 

Table 8  

Average Frequency of Character Codes per Document by Region  

Thematic Category  Average Frequency per 

Document  

Description  

Student  

Perspective  
1.88  

Combined frequency of Hero: Students and Victim: 

Students  

Faculty  

Perspective  
1.31  

Combined frequency of Hero: Faculty/Admin and 

Victims: Faculty/Admin  

  

Risk  0.31  Combined frequency of Crisis and Decline plot codes  

Benefit  0.26  
  

Frequency of Opportunity plot code  

Restrictive  0.69  

  

Combined frequency of Ban AI and Regulate AI moral 

framings  

Educational  0.44  
 Frequency of Teach Responsible Use moral framing  

  

  

Students were framed more often than faculty, averaging 1.88 codes per document compared to 

1.31. Institutions frequently depicted students both as empowered users and as vulnerable to 

misuse, while faculty were positioned as guides or, less often, as burdened by change. This 

emphasis reflects policy focus on student behavior and outcomes. 

 

Risk plots appeared slightly more often than benefit plots, with averages of 0.31 and 0.26, 

respectively. Risk framings stressed threats to integrity, workload, or institutional trust, often in 

academic integrity policies. Benefit framings highlighted AI’s potential for pedagogy and 

workforce preparation, appearing mostly in faculty guides and toolkits. Together, these results 
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suggest institutions frame AI cautiously, balancing warnings with limited recognition of its 

opportunities. 

 

Restrictive morals were more common than educational ones, averaging 0.69 and 0.44 per 

document. Restrictive framings focused on bans or regulations, often linked to concerns about 

plagiarism and accountability. Educational framings encouraged teaching responsible use, 

emphasizing skill development and ethical literacy. Although less frequent, they signal a shift 

toward proactive, instruction-based integration of AI. Overall, the analysis shows institutions rely 

mostly on student-centered, risk-conscious, and restrictive narratives, though there is a growing 

acknowledgment of AI’s educational value and potential benefits. 

 

Discussion  

 

The Plot 

 

As I analyzed the 59 institutional documents, I found that universities frame AI policies through 

narratives rather than simple rules. Using the Narrative Policy Framework, I coded plots as 

Crisis, Decline, or Opportunity. Opportunity was most frequent, appearing in 48.6% of cases, 

where AI was presented as a catalyst for growth, innovation, and workforce preparation. Yet 

nearly half the plots reflected concern, with Crisis at 28.6% and Decline at 22.9%. Crisis 

narratives stressed immediate threats to integrity or adaptation, while Decline highlighted long-

term erosion of values, workloads, and critical thinking. 

 

Opportunity plots appeared most often in faculty guides, task force reports, and toolkits, where 

the emphasis was on experimentation and shared responsibility. Crisis and Decline were 

concentrated on academic integrity policies and formal guidelines, emphasizing control and 

caution. Together, these patterns show institutions navigating between optimism and risk. How 

they frame AI—as threat, opportunity, or gradual decline—sets the tone for their entire policy 

response and shapes who are cast as responsible actors in governing its use. 

 

The Characters 

 

Using the Narrative Policy Framework, I coded 252-character roles across the 59 documents. 

The most frequent were Hero: Faculty/Admin (26.2%), Hero: Students (23.0%), Victim: Students 

(21.8%), Villain: AI or AI Misuse (22.2%), and Victim: Faculty/Admin (6.7%). Students were 

portrayed both as heroes, innovators using AI to enhance learning and prepare for careers, and as 

victims, confused by vague policies or exposed to misuse. This dual role reflects their central but 

conflicted place in institutional narratives. Faculty and administrators were most often cast as 

heroes, positioned to model ethical AI use, design AI-aware assessments, and guide innovation. 

Faculty victim narratives, though less frequent, acknowledged workload strain and difficulty 

managing AI misuse. 

 

AI itself was typically framed as the villain, especially in academic integrity policies. Yet this 

label focused more on misuse than the technology itself, leaving space for regulation and 

responsible teaching rather than outright bans. Correlations reinforced these dynamics: Villain: 

AI or AI Misuse strongly aligned with Victim: Students (r = .71), while Hero: Faculty/Admin 
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correlated with Opportunity (r = .52). Overall, the narratives depict students as central but 

conflicted actors, faculty as guides and protectors, and AI as a powerful but unpredictable force. 

 

The Plot 

 

Using the Narrative Policy Framework, I coded three plot types, Opportunity, Crisis, and 

Decline, to analyze how institutions frame AI in academic life. Opportunity was most frequent, 

appearing in 48.6% of plot-coded instances. These narratives portray AI as a tool to enhance 

pedagogy, expand digital literacy, and prepare students for a technology-driven workforce. 

Opportunity plots often appeared in task force reports and faculty development guides and 

correlated strongly with Hero: Faculty/Admin (r = .52), underscoring faculty as leaders in AI 

adoption. 

 

Crisis accounted for 28.6% of plot codes, framing AI as an urgent threat to integrity and trust. 

These plots were common in academic integrity policies and tended to co-occur with Villain: AI 

or AI Misuse (r = .11) and Victim: Students (r = .18). Decline represented 22.9% of codes, 

warning of gradual erosion in skills and academic values. Decline plots were most common in 

faculty-facing documents and correlated more with Victim: Faculty/Admin (r = .28), reflecting 

concerns over rising faculty burden. Most documents blended multiple plots, combining urgency, 

long-term concern, and cautious optimism. This layered storytelling shows how unsettled AI 

policy remains. Institutions use plots not only to justify restrictions but also to imagine 

possibilities, positioning AI as both a risk to manage and a potential driver of innovation. 

 

The Moral of the Story 

 

In the Narrative Policy Framework, the moral represents the policy stance institutions take on AI. 

Across the 59 documents, I coded three resolutions: Regulate AI, Teach Responsible Use, and 

Ban AI. Regulate AI was most common, appearing in 46.4% of moral codes. These narratives 

called for limits on use depending on assignment type, instructor approval, or departmental 

guidance. Regulation is often aligned with Hero: Faculty/Admin (r = .30), Hero: Students (r = 

.43), and Villain: AI or AI Misuse (r = .34), reflecting a middle ground where faculty and 

students are trusted to act responsibly, but oversight is emphasized. 

 

Teach Responsible Use appeared in 39.1% of cases. This moral emphasized ethics, guidance, and 

digital literacy, often in toolkits and teaching resources. Its strongest correlation was with Hero: 

Students (r = .57), showing that when students were framed as capable, institutions favored 

education over restriction. It is also aligned with Opportunity (r = .41), reinforcing a forward-

looking view of AI in the classroom. Ban AI was least common at 14.4%. Where present, it was 

tied to exams and high stakes of writing, often in Crisis or Villain narratives. Ban AI strongly 

correlated with Victim: Students (r = .55), reflecting concerns that students could misuse AI 

unintentionally. Overall, institutions rarely adopt extremes. Most policies fall between regulating 

use and teaching responsibility, signaling a cautious but increasingly instructional approach to AI 

in higher education. 
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Narrative Tensions and Contradictions 

 

Across the 59 documents, institutions did not tell one unified story about AI. Instead, they 

presented overlapping and sometimes contradictory narratives. Students were portrayed both as 

heroes, capable of using AI for learning and career preparation, and as victims, vulnerable to 

unclear policies or misuse. The strong correlation between Hero: Students and Teach 

Responsible Use (r = .57) suggest a desire to trust students, while the near-equal frequency of 

victim codes reflects continued doubt. AI itself was framed as a villain, but usually through 

misuse rather than as inherently harmful. This left space for both regulatory and educational 

approaches, which together made up 85% of moral framings. Still, even in documents promoting 

responsible use, language of risk and erosion persisted.  

 

Plot and policy also revealed tensions. Opportunity narratives often appeared in faculty toolkits 

and aligned with Hero: Faculty/Admin and Teach Responsible Use, while Crisis and Decline 

dominated integrity policies, emphasizing enforcement and loss. Policies followed the same 

split: restrictive measures prevailed in official guidelines, while educational strategies were more 

common in supplemental materials. These contradictions reflect institutions balancing fear and 

opportunity, protection and empowerment. AI policy is not only about rules but about shaping a 

vision for higher education’s future; vision still unsettled, written with both optimism and 

caution. 

 

Limitations 

 

This study offers insight into how higher education institutions narratively frame student use of 

AI, but several limitations shaped the findings. The dataset did not include formal university-

level policies; most documents were guidelines, resource pages, or draft memos produced by 

academic affairs or teaching centers rather than through formal governance. These materials 

reflect emerging conversations more than finalized policy. Coding also revealed overlaps, with 

students often depicted simultaneously as heroes and victims, and paragraphs shifting between 

Crisis and Opportunity plots. While co-occurrence was allowed to preserve nuance, it made it 

harder to isolate clean narrative trajectories. Another limitation is the absence of student-

authored documents; nearly all sources were written from administrative or faculty perspectives, 

leaving the student’s voice indirect. 

 

The sample excluded federal and state policies to maintain focus on the institutional level, but 

broader political and media contexts likely influenced the documents. Importantly, none of the 

sources came from Missouri institutions. Even so, the patterns identified, tensions between 

regulation and education, optimism and caution, empowerment and protection, remain applicable 

to Missouri, where similar challenges around AI integration are likely unfolding. Finally, 

qualitative coding introduces subjectivity despite consistent definitions. A multi-coder approach 

in future studies could strengthen reliability. Despite these constraints, the study establishes 

foundational insights into how universities are beginning to narrate AI, providing groundwork 

for future research that could expand to include Missouri institutions and student-authored 

perspectives. 
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Recommendations for Future Research 

 

Future research on AI in higher education should move beyond institutional documents to 

include student perspectives through interviews, surveys, or focus groups. Since students were 

often central characters in the narratives but absent as authors, incorporating their voices would 

provide a fuller picture of how AI is experienced and understood. Longitudinal studies are also 

needed to track how institutional narratives evolve. Most of the documents in this study were 

published between 2023 and 2025, a period of experimentation. Following how crisis, decline, or 

opportunity frames stabilize, or fade, over time could clarify whether early narratives harden into 

lasting policy norms. 

 

Another important direction is expanding analysis to macro-level influences. This includes 

examining how federal and state legislation, such as Missouri’s emerging AI policy 

conversations, shapes institutional narratives. A narrative policy framework applied at the state 

level could show how legislation informs or constrains universities’ approaches to student use of 

AI, and whether Missouri institutions frame their policies differently from those in other states. 

Future studies could also compare narratives across document types and disciplines. Teaching 

toolkits often emphasized opportunity, while integrity policies leaned toward crisis or restriction. 

Disciplinary differences are likely as well, since AI in a computer science program is not the 

same as in a writing-intensive humanities course. 

 

Finally, comparative research across institutional types, community colleges, private universities, 

and international institutions would provide valuable context. For Missouri, where higher 

education policy is closely tied to state governance, this type of cross-level and cross-

institutional analysis could clarify how state-wide legislation and institutional narratives intersect 

and shape student experiences with AI. 

 


