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Editorial on the Research Topic
 Teaching and assessing with AI: teaching ideas, research, and reflections





Introduction

Few technologies in recent memory have unsettled higher education and sparked intense debate as swiftly and profoundly as generative AI. Built on large language models (LLMs), these systems have become rapidly accessible and are already reshaping the landscape of teaching and assessment, offering new possibilities for personalized tutoring, automated feedback, and adaptive learning (Ou et al., 2024).

A growing body of scholarship has begun to examine how AI is integrated into educational contexts and how students communicatively engage with AI instructors and tools. For example, scholars have explored AI teaching assistants, social robots, and other AI-based instructional agents in various contexts and have demonstrated that students apply familiar interpersonal and instructional schemas (e.g., credibility, social presence, role expectations) when interacting with nonhuman teachers (Edwards et al., 2018; Kim et al., 2020, 2022; Spence et al., 2024). This line of research conceptualizes AI in the classroom as not just a technological innovation, but as a communicative actor that reshapes instructional relationships, authority, and engagement, while raising broader questions about pedagogy, instructor self-efficacy, and equity in AI-supported learning environments (Edwards and Edwards, 2017; Kim et al., 2025). Yet these innovations also raise pressing questions on learning effects (Fan et al., 2025), the changing dynamics of teacher–student communication, the shifting nature of the educator's role (Jeon and Lee, 2023), emerging ethical concerns in assessment (Sullivan et al., 2023), the influence of generative AI on intercultural understanding in increasingly diverse learning environments (Yusuf et al., 2024), and the role of administrators in leading ethical, strategic AI adoption at the institutional level (Spence et al., 2025), among others.

This Research Topic offers a wide-angle snapshot of how educators and researchers across the world are responding to these opportunities and challenges, moving beyond broad analyses of the opportunities and challenges of AI to also capture lived pedagogical responses and innovative classroom practices. With contributions from universities on five continents, the Research Topic provides an inclusive arena for a diversity of voices and approaches to AI in tertiary education.

Whereas existing edited collections and volumes have predominantly examined AI in higher education from conceptual, methodological, and policy-level perspectives (Cerratto-Pargman et al., 2025; Kim, 2021), the editorial team for this Research Topic adopted a short-paper format to capture a pivotal moment (e.g., practice-based experimentation, context-specific innovation and opinions) in higher education, when generative AI transitions from a technological novelty to a daily teaching reality. By doing so, this Research Topic provides an inclusive and flexible venue for educators to share fresh insights, reflections, and micro-level interventions that collectively shed light on how AI is reshaping the culture of teaching and assessment in higher education today. The Research Topic features three types of contributions: Teaching ideas (GIFT-AIs) that offer creative inspiration for classroom practice; Research papers (RESEARCH-AIs) that present empirical findings, theoretically-grounded insights, and future directions; and Perspective essays (PERSPECTIVE-AIs) that question, critique, and provoke new thinking about AI in teaching and assessment, including from scholar–activist perspectives.



Major themes

We have identified four interrelated themes from the 20 contributions that are part of the Research Topic.

Theme 1: pedagogical re-orientation with AI. The articles in this theme highlight how AI is prompting educators to rethink teaching, feedback (Fredriksson), and readiness for the job market (LeFebvre and LeFebvre). Across contexts ranging from business writing to organizational communication (Cruz) and pattern recognition training (Kazimova et al.), AI can serve as a catalyst for deeper learning (Sellnow) when teachers are willing to experiment, question established routines, and deepen their understanding of the affordances and limitations of new tools. This shift moves teaching toward a hybrid form of intelligence in which AI and educators collaborate (Reinhold et al.). From conceptual models (Jaakkola) to classroom experiments, these contributions not only rethink teaching but also model pedagogical frameworks grounded in evidence-based practice (MacArthur et al.). Overall, the articles in this theme position AI as a partner in cultivating adaptive, reflective, and career-relevant learning.

Theme 2: critical perspectives on AI. The six contributions in this theme approach AI in education through critical, sociocultural, and sociotechnical lenses, examining how power, language, and representation shape teaching and learning. Together, they extend critical inquiry of AI in higher education by moving beyond a narrow focus on academic integrity and exploring the hidden labor sustaining AI systems (Graham et al.), the visual dimensions of identity and representation (Åkervall), the linguistic dynamics of bilingual education (Rivero and Yin), and the pedagogical implications of algorithmic instruction (Kim). Also, through practical classroom activities centered around visual AI literacy (Källström) and a revisitation of the Turing Test (Geoghegan), these articles invite educators to engage with AI reflexively and critically, fostering justice-oriented practices in teaching and assessment.

Theme 3: AI and creativity. “Creativity” emerged as another key area of investigation. For these authors, teaching in the AI era foregrounds the matter of innovation, authenticity, and creative practice across educational contexts, and requires careful consideration of how AI and creativity intersect and resonate with the creative industries' tradition. They examine how generative technologies both expand and unsettle creative practice, and how educators can balance technological innovation with authentic creative expression. By mapping the multiple roles that AI plays in education (Urmeneta and Romero) and tracing its applications across media such as podcasting (Fox) and filmmaking (Monserrat and Srnec), the articles in this theme outline pedagogical designs that use AI to extend human creativity effectively.

Theme 4: emerging tensions surrounding integrity and authorship in the AI classroom. As generative AI unsettles long-standing norms of writing and evaluation, the classroom becomes a space where new meanings of integrity, authorship, and trust are actively negotiated. Across these contributions, tensions surface in teacher–student relations as faculty navigate ethical framings of AI use through rule-based or punitive lenses vs. integrity-focused or collaborative approaches (Petricini et al.). Faculty resistance to AI is often rooted in moral and value-based concerns, including fears that it might compromise originality or enable cheating (Shata). These tensions in how educators interpret and evaluate student work unsettle traditional notions of authorship and assessment, leading to calls for reimagining evaluation grounded in transparency rather than prohibition (Hau).

Building on the themes outlined above, we have summarized some key takeaways derived from the practical insights shared by our authors, hoping to offer guidance for instructors and academic leaders seeking to develop thoughtful and forward-looking practices that shape the evolving classroom cultures in the AI era.



Practical takeaways for instructors

	• Create structured spaces for classroom experimentation with AI. Design classroom opportunities where students explore AI tools in a reflective, ethical manner. Assignments can include designated safe sandboxes that allow creative experimentation with AI, such as rewriting, feedback comparison, or co-drafting, without fear of misconduct. These activities should be paired with guided reflection, enabling students to articulate insights about how AI shapes writing, feedback, meaning, and skill development.
	• Acknowledge and engage with critical perspectives on AI. Integrate critical inquiry into everyday teaching by embedding discussions of AI into regular coursework. Encourage students to examine the environmental costs of AI, including energy and resource use, and to question the labor, data, and biases behind AI systems. Activities that trace outputs or compare representations help students understand how AI shapes information, authorship, and identity, particularly in language education and creative fields.
	• Address AI-assisted plagiarism with transparency and creativity. Foster openness and disclosure around AI use as a foundation for ethical academic practice. Students should document and reflect on how AI affects originality, authorship, and accountability in their work. As human and machine collaboration deepens, educators can introduce accessible metaphors such as promptwashing, drawn from greenwashing, and promptfishing, inspired by catfishing, to describe inauthentic or superficial engagement with AI that undermines meaningful learning. These concepts build on experiences familiar to many students and offer accessible entry points for critical reflection on responsible AI-assisted work.



Practical takeaways for academic leaders

• Invest in professional development focused on AI in teaching and learning. Address the urgent need for capacity building in higher education by supporting both technical and pedagogical approaches to AI. Invest in research, innovation grants, and AI literacy for faculty and staff, while encouraging cross-disciplinary partnerships. Creating spaces for open dialogue through workshops, town halls, and learning communities fosters shared reflection, collaboration, and responsible AI use.

• Develop flexible and context-sensitive guidelines for AI use in teaching, research, and assessment. Institutional AI policies should balance innovation and academic integrity while remaining flexible and pedagogically responsive. Adaptable frameworks allow educators to tailor AI use to diverse learning needs. To bridge policy and practice, universities can establish AI policy labs where faculty and students co-design and test guidelines, ensuring governance is participatory, evidence-based, and grounded in local educational contexts.

• Strengthen institutional ethics in AI adoption and procurement. Institutions should commit to ethically sourcing and deploying AI tools that prioritize transparency, data protection, and authorship. Leaders must set clear expectations for responsible vendor practices and the protection of academic values. Establishing periodic ethical audits of AI procurement ensures accountability and signals that institutional integrity extends to the technological infrastructures shaping learning.

	• From creating safe sandboxes that foster reflective experimentation to developing ethical infrastructures that sustain institutional integrity beyond policy, teaching and assessing with AI is as much about values as it is about tools. The challenge ahead for the educational community at large (from instructors, to students, to academic leaders) is to foster the collaborative spirit needed to ensure that generative AI serves not only innovation but also inclusion, authenticity, and trust in higher education.
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The rise of generative artificial intelligence (GenAI) such as ChatGPT fundamentally challenges traditional assumptions about student authorship and assessment in higher education. Drawing on Michel Foucault's notion of the “author function” and Roland Barthes' critique of textual authority, this paper argues that AI chatbots expose critical tensions in how we understand and evaluate student work. After examining why conventional approaches to ensuring assessment integrity have become obsolete, I propose a 'tapas model' of assessment that combines different evaluation types: pure human work, bounded AI use, and full AI integration. This model moves beyond binary notions of AI detection and cheating, instead embracing AI as a co-participant in knowledge production while ensuring students develop both traditional and AI-enhanced competencies. The paper argues for shifting from punitive AI detection to transparent AI declaration, treating AI as a methodological consideration rather than a threat to academic integrity. This approach acknowledges that knowledge creation has always involved complex networks and suggests that education must evolve beyond simplistic notions of individual authorship to embrace more nuanced forms of assessment suited to an AI-augmented world.
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Introduction

“Write a ten-page essay on the impact of digital platforms on public discourse. Your response must include references to Habermas, van Dijck, and Stiegler, and demonstrate engagement with at least two sources from the syllabus. The essay should present a clear argument and follow APA citation format.”

Questions like these are staples of higher education. The wording might change, and the requirements vary, but written take-home exams (THE) are a common assessment because they ostensibly promote higher-order thinking skills and allow time for reflection (Bengtsson, 2019, p. 13). We use essays as instruments for evaluating students' ability to articulate arguments, analyze texts, reflect critically on ideas, and demonstrate subject competence. But the rise of generative artificial intelligence (GenAI) such as ChatGPT, unmoors student writing from traditional assumptions about authorship, blurring the lines between originality and copy and even between human and machine.

Since AI chatbots can produce a competent response to essay prompts in minutes (Scarfe et al., 2024), what exactly are we assessing in a take-home written essay? More importantly, what does it mean for students to “write” in an era when a machine can do it for them? The questions are both painfully real for educators having to figure out what AI-safe assessment means in their classes. It is also theoretically intriguing beyond practical concerns about plagiarism.

Drawing on Michel Foucault's notion of the “author function” and Roland Barthes' critique of textural authority, I argue that AI chatbots expose fundamental tensions underpinning contemporary assessment in higher education. The goal is not to examine whether students should or should not use AI—I argue this ship has long sailed—but rather to explore how these tools force a fundamental reassessment of how educators understand student work, intellectual labor, and valid authorship.



When essays write themselves

One of the most pressing issues of GenAI in higher education is the potential for academic dishonesty, with students using the tool to complete assignments without understanding the underlying concepts (Kim et al., 2024, p. 389). As Kim et al. argue, it is impossible to prevent the use of ChatGPT or AI writing among students considering both the obvious benefits of these technologies and the lack of effective AI writing detection tools (ibid). Traditional methods for ensuring assessment integrity such as designing complex questions, plagiarism detection software, and proctoring have long been used to deter dishonest practices (Bengtsson, 2019). However, the advent of ChatGPT has rendered many of these measures ineffective almost overnight, forcing educators to reconsider their approach to student work.

One of the strongest historical defenses against take-home exam plagiarism has been designing questions requiring deep engagement with course materials (Bredon, 2003). The argument follows that if answers require genuine understanding rather than just regurgitation, students cannot easily outsource them. Yet, when properly prompted, AI chatbots can synthesize complex theoretical arguments, identify logical connections, and even mimic human reasoning patterns at a very high level (Hubert et al., 2024). The requirement for direct references to course materials may introduce a minor obstacle, but students can simply feed the chatbot relevant course content to circumvent this.

Strategies aimed at ensuring individual accountability such as honor codes (Frein, 2011) and grading penalties for unreferenced copying (Freedman, 1968) function only insofar as students perceive a realistic threat of detection or ethical responsibility. However, GenAI introduces a gray area in which students may not perceive their use as cheating but rather as “assistance,” like using a thesaurus.

The few measures that impose direct friction such as requiring handwritten responses (López et al., 2011) or watermarking printed exams are among the least scalable and practical solutions, and do not prevent students from using GenAI to generate answers before transcribing them. Similarly, statistical cohort analysis of similar responses (D'Souza and Siegfeldt, 2017) are unreliable as chatbots generate slightly varied but fundamentally equivalent answers for different users.

Lastly, traditional plagiarism detection mechanisms (Williams and Wong, 2009) are inadequate as AI-generated content is novel at creation. Although many AI detectors have been proposed such as Originality AI or ZeroGPT, these detectors are fundamentally unreliable (Gorichanaz, 2023, p. 184). Neither chatbots nor humans can correctly identify AI-generated text (Rathi et al., 2024), the detectors are easily circumvented through precise prompting or by instructing ChatGPT to rewrite a passage using less predictable language patterns (Sadasivan et al., 2023), and they show considerable bias against non-native English speakers (Liang et al., 2023). An arms-race of AI detection between faculty and students is therefore not only futile but damaging, as it may steer institutions away from implementing more collaboration-oriented and transparent approaches to human-AI interaction (Oravec, 2023, p. 214).

As such, the capacity of chatbots to generate tailored, plausible, and contextually appropriate writing necessitates a fundamental reconsideration of assessment design, moving beyond reactive security measures toward novel forms of evaluation that either integrate GenAI use transparently or emphasize forms of knowledge demonstration that chatbots cannot easily replicate, such as oral defenses, in-class problem-solving, or project-based assessments.

However, switching fully to oral exams may marginalize students who process information differently or need more reflection time (Sequeira, 2021), and requires careful implementation to avoid disadvantaging ethnic minorities and foreign-born students (Roberts et al., 2000).

In sum, the written essay is deeply compromised, detection of AI-generated content is unfeasible, and simply reverting to all oral exams is unsustainable. Locking out GenAI fails to help students engage productively and responsibly with the technology (Liu and Bates, 2025), and as Fernando Juárez and Rudick (2025) argue, discussions surrounding AI in communication education are often too narrowly focused on student cheating and plagiarism, overlooking the significant transformative potential of AI (p. 123). While we may scramble to understand the practical uses of AI chatbots in both teaching and assessment, larger, more fundamental questions must be addressed: how should human-AI collaboration be understood, valued and evaluated? This question will shape the evolving role of GenAI in higher education.



Author-gods and author-functions

When AI generates text, who—or what—is the author? Is ChatGPT a method, a source, or something else entirely? These questions expose fundamental tensions in how we conceptualize authorship, originality, and textual ownership. Two theoretical frameworks, developed well before the advent of GenAI, offer surprisingly relevant analytical insight: Roland Barthes' dissolution of the author-god and Michel Foucault's “author-function”.

Barthes (1977, p. 148) famously stated that the Author must die so that the reader may live. To Barthes, a text does not reveal a single, “theological” meaning or message, but is “a network of quotations, drawing from countless foci of culture” (Barthes, 1977, p. 146). The writer does not invent the text, but reenacts, combining earlier fragments in juxtaposition to create a palimpsest. This understanding transforms the written work from “book” to “text”, with the reader and not the writer acting as the authority (Barthes, 1977, p. 148). Just as Barthes suggests that texts are woven from cultural quotations, GenAI outputs are pastiche, bearing the imprint of countless contributors who have provided the data—freely or not—on which it was trained. AI chatbots do not originate ideas but rather “remix” the vast corpus of human-generated text it has been fed. If the author as an individual creative force is a construct, then ChatGPT as a “source” to be cited is even more so. AI chatbots challenge the idea of authorship by diffusing the notion of creative agency across algorithms and datasets, in turn prompted and molded by users in dialogic creation.

Foucault likewise challenges us to think beyond the simplistic understanding of the author as the creator of a given text, arguing they instead fulfill a specific role in organizing knowledge, controlling the text. The so-called “author-function” is tied to “legal and institutional systems that circumscribe, determine and articulate the realm of discourse” (Foucault, 1998, p. 215). The idea of an author, therefore, is a regulatory construct that can both validate and marginalize ideas, acting as a node of power. As Foucault notes, only certain texts have authors: “a private letter may have a signatory, but it does not have an author; a contract can have an underwriter, but not an author; and, similarly, an anonymous poster attached to a wall may have a writer, but he cannot be an author” (Foucault, 1998, p. 211). Authorship is ownership, and connects to themes of transgression, punishment and property (Wilson, 2004, p. 349).

Critically, Foucault turned the question of the author from a “who” into a “what” (Wilson, 2004, p. 342), opening the “Author” as a site of enquiry. This is immensely valuable for understanding writing under the pressure of AI chatbots, but raises new questions: Is prompting an act of authorship, or a displacement of it?

GenAI tools fragment the author into a series of inputs and collaborative interactions. Chatbots do not simply assist the human author but become part of the authorship itself, challenging the traditional notion of the author as a unified, singular creator. Users interacting with an AI chatbot are also not passive recipients; they may shape the output through their prompts, their feedback, and their modifications. The resulting “voice” is a chorus of absorbed voices, a digital echo of discourses and training data combined with human prompting and dialogue. Generative AI reshapes the very nature of what it means to create, as the boundaries between human and machine, and author and tool blur.

This has significant implications for higher education, where we work with individual assessments and value original authorship. To assess a student, we need to make sure they and they alone can write a text that demonstrates their competences. Concretely in education, when our students use ChatGPT to generate essays or exam responses, they find themselves in a liminal space. They are neither the sole authors nor bystanders in the creation of text. This blurring of lines challenges the very notions of ownership and authorship that Barthes and Foucault critique, making the questions about plagiarism in the academic setting more complex than ever before.



Writing in an AI-mediated world

Traditionally, plagiarism is viewed as the appropriation of someone else's work, thoughts, or ideas without proper attribution, grounded in the belief in a singular author whose rights over a text must be respected. However, if the text is a “multi-dimensional space in which a variety of writings, none of them original, blend and clash,” as Barthes (1977, p. 146) wrote, then perhaps our notions of plagiarism and originality must be reevaluated entirely. Human ideas are an amalgamation of countless influences, shaped by everything from scholarly articles to casual conversations. Some of these influences lend themselves easily to the established academic practice of citation; an article or a book can be cited quite straightforwardly. Yet others—half-remembered conversations, personal experiences, cultural mores, or algorithmic suggestions from a machine like ChatGPT—are far more nebulous and defy conventional forms of attribution.

Just as Foucault questioned who is an author, we are now confronted with a different but related question: what constitutes independent student work? Does using GenAI to refine expression dilute or deepen a student's intellectual agency? Unlike traditional plagiarism, AI-generated content is original at the point of output yet unoriginal in origin. If a student produces an essay with GenAI but actively interrogates, rewrites, and reshapes it, are they not performing a more sophisticated cognitive task than a student who writes a passable, but less critical human-only draft?

As the student moves from being a writer to a mediator in a broader circuit of textual production, our prevailing moral economy of authorship based on individual originality is challenged by hybrid forms of composition. Might there be pedagogical value in embracing co-authorship not as a threat to be policed, but as a method to be cultivated? What would it mean to design assessments that acknowledge the entangled realities of writing in the age of generative AI?



The Tapas model: reimagining assessment after ChatGPT

AI in education is often framed either as an ethical hazard that must be policed or as a convenient tool for student support. But it is becoming something more fundamental: a co-participant in meaning-making, reshaping how knowledge is produced, cited, and valued. As Fernando Juárez and Rudick (2025, p. 124) note, a more holistic, forward-thinking approach is necessary. The goal is to make assessments AI-safe without undermining students' learning process. This challenges our current pedagogical structures with fixed curricula and content learning, which is precisely what chatbots excel at.

First step is to shift from a focus on AI-detection to AI-declaration. Students should be required to disclose and discuss GenAI use transparently, just as they would any other methodological consideration. A well-crafted student response is not one that is untouched by AI, but one that demonstrates the ability to interrogate, refine, and expand upon machine-generated text with intellectual autonomy.

However, transparency alone does not resolve the issue of students misrepresenting their engagement with GenAI tools. Our assessment models also must account for cases where students falsely claim AI collaboration. One approach is to implement multi-step assessments that require students to document their process, such as submitting evolving drafts, or ongoing portfolios. Another option is to incorporate synopses with both written and oral components, ensuring students engage more deeply with material rather than relying solely on AI output. These strategies provide instructors with concrete evidence of student authorship while still allowing AI to function as a legitimate aid rather than an undetectable shortcut. Another solution is to embed reflexive engagement with AI chatbots into the assessment itself, requiring students to produce metacognitive commentaries explaining their use of AI tools such as specific prompt strategies and decision points in their writing process. Peer feedback structures can also act as an internal accountability system, where students critique each other's use of AI, reinforcing ethical engagement while providing evidence of AI integration.

Long term, I suggest a shift toward a “tapas model” of assessments, including a wide spectrum of exams without AI (such as in-class discussions and oral presentations), exams that permit delineated AI-use (for instance in copy-editing and preliminary research synthesis), and assessments that fully integrate AI in project design and collaborative writing (like AI-human co-authored analyses and iterative feedback loops).

In a communication theory course, for instance, student learning might be evaluated through multiple small assessments: an in-class debate on media effects theories, a take-home essay analyzing platformization (with declared AI use permitted for editing), a group presentation on audience research methods, a real-time analysis of a news story's framing, and a final project exploring GenAI's impact on journalism that explicitly incorporates AI tools. Each assessment serves a distinct purpose, making it harder to rely solely on AI while creating multiple opportunities for students to demonstrate competence. Some tasks require pure human reasoning and real-time synthesis, others benefit from AI assistance in specific ways, while still others explicitly examine AI's role in communication.

As Kim et al. (2025, p. 106) write, “AI will produce whatever is requested by the user”. Therefore, students' capabilities in communication are paramount. Fostering these requires educators to focus on cultivating uniquely human skills, such as critical thinking and creativity, while emphasizing ethics and responsible AI use (ibid.). The integration of AI into university life represents ongoing negotiation among faculty, staff, students, and administrators, and as Fernando Juárez and Rudick (2025) note, this process is not only technological, but fundamentally communicative (p. 124).

The tapas model, like its namesake dining style, emphasizes variety and combination rather than one single, “AI-safe” approach to assessment. By diversifying assessment methods, we can better evaluate students' ability to work both with and without AI assistance. A tapas model emphasizes choice and flexibility, as opposed to a more binary assessment scale approach “which suggests that one can restrict or control AI use (one cannot), or that there is a linear gradation of AI use (there is not)” (Liu and Bates, 2025).

Perhaps the deeper challenge lies in fostering an academic culture that values authentic intellectual growth and meaningful engagement, while acknowledging that knowledge creation has always been dialogic. We might instead use this moment to reimagine assessment practices that value critical engagement over illusory originality. This requires developing new forms of assessment that look at students' ability to evaluate, contextualize, and build upon AI-generated content, preparing them for a world of work characterized by human-machine communication. The future will requires us to develop collaborative human-AI projects, where students work alongside AI to produce creative and analytical outputs; AI-assisted peer supervision, where AI bots act as critical participants in cluster feedback and provide initial feedback on student work, shared authorship models, where students and AI are recognized as co-creators of knowledge; and increase our focus on critical AI literacy, teaching students not only how to use AI tools but also how to evaluate their outputs and understand their limitations.



Conclusion

This paper has explored how AI chatbots challenge traditional notions of authorship, originality, and assessment in higher education. As GenAI becomes increasingly integrated into academia, educators are forced to reconsider not only how we assess students but also how we define creativity and originality in student work.

The discussion acknowledges what Barthes and Foucault suggested decades ago: authorship is more complex than our traditional academic practices admit. When students use AI to generate, refine, or analyze text, they engage in forms of intellectual labor that blur conventional boundaries between original and derivative work. Rather than fighting this reality through detection tools or blanket prohibitions, we may embrace the opportunity to develop new forms of assessment that value both traditional competencies and emerging AI-enhanced capabilities.

The tapas model proposed here offers a practical framework for reimagining assessment in an age where AI is increasingly integral to knowledge production. By combining different types of evaluation—from pure human work to full AI integration—we can better capture the complex reality of contemporary learning and knowledge creation. This approach transforms the challenge of AI verification from a technical problem of detection to a pedagogical opportunity for developing critical AI literacy. Students learn to document their thinking process, justify their AI usage, and demonstrate meaningful engagement rather than just delegation of tasks.

Traditional academic notions of individual authorship were always a simplification of how knowledge emerges. Now, AI tools make visible and urgent what was already true: ideas arise through complex networks of influence, technology, and human agency.

The question is not whether GenAI will change education and assessment—it already has—but how we will respond.
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Integrating generative AI (GenAI) in higher education presents both opportunities and challenges, particularly in maintaining academic integrity. This study explores faculty communication strategies when addressing suspected GenAI misuse, analyzing responses through Gallant’s rule-based and integrity-focused frameworks. Data from a survey reveal a dominant reliance on punitive, rule-based approaches, highlighting tensions between students and instructors. While some faculty adopt communicative and educational strategies, fostering trust and collaboration, others exhibit a dismissive stance due to perceived administrative burdens. The findings support the growing research that institutions prioritize educational interventions and support faculty in developing trust-based, proactive strategies for integrating GenAI responsibly.
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Introduction

The rapid rise of generative artificial intelligence (GenAI) has transformed and will continue to transform higher education, presenting both opportunities and challenges for faculty and students alike. Beyond mastering how to use these tools effectively, educators must also guide students in ethical and effective GenAI use. Unlike previous waves of educational technology, the speed of GenAI’s evolution and the large breadth of applications have created a unique sense of urgency. Institutional policy has not been able to keep up with the rapid development and evolution of these tools. EDUCAUSE’s 2024 AI Landscape Study found that only a small percentage of institutions have established comprehensive AI policies, and most recommend that individual faculty develop course-specific guidelines (Robert, 2024). These policies often address concerns about academic integrity, ethical AI use, and the appropriate application of AI tools in student work (Robert, 2024). While many policies focus on academic integrity and ethical AI use, they often fail to address how faculty communicate expectations, concerns, and trust in student engagement with GenAI.

This study addresses a critical gap in the literature by examining how faculty approach conversations with students about suspected GenAI misuse. Prior research has explored the ethical concerns and institutional policies surrounding AI in education (Gallant, 2008; Kumar et al., 2024), yet little attention has been given to the communicative strategies faculty employ in these interactions. Given that instructor communication plays a crucial role in shaping student perceptions of fairness, trust, and learning outcomes (Eaton, 2021), understanding these dynamics is vital.

Academic integrity, or the honesty with which academic material has been produced, has been a significant concern among higher education for over a century and “has routinely been called on in times of perceived crises in postsecondary education” (Gallant, 2008, p. 2). GenAI has certainly created a crisis as instructors and institution scramble to adapt to its rapid adoption and the challenges. Work in communication studies promotes significant pre-crisis work to yield the best outcomes when crises emerge (Coombs, 2007; Ulmer et al., 2007). However, with the rapid onset of these tools, it stands to reason that reactive approaches are more likely to happen than proactive approaches to curtail the pre-crisis.

Research indicates that while institutional leadership recognize the transformative potential of GenAI, many feel unprepared to support faculty and students (Watson and Lee, 2025). AI literacy is critical to all disciplines and institutions moving forward, although a significant barrier to building AI literacy are the negative misperceptions that students and faculty alike hold about AI (Petricini et al., 2024; Zipf et al., 2024). AI literacy efforts are complicated by students’ fear of being unfairly accused of using AI tools when they haven’t (Zipf et al., 2025). Given past research showing that negative perceptions and misconceptions about generative AI can significantly impact both faculty and students (Petricini et al., 2024; Zipf et al., 2024), decisions faculty make about AI tools and academic integrity in their courses could potentially be fear-based rather than evidence-based.

Studies show more students will cheat because AI technology makes it easier to do so, even when students do not trust the technology (Dahl and Waltzer, 2024; Robinson and Glanzer, 2017). Recent research has critically evaluated the effectiveness of AI-generated text detection tools. A study by Weber-Wulff et al. (2023) assessed 14 tools, including popular platforms like Turnitin and GPTZero, and found that all scored below 80% in accuracy (Weber-Wulff et al., 2023). These tools often misclassify human-written content as AI-generated (false positives) and fail to identify AI-generated text (false negatives). Additionally, simple manipulations of AI-generated content, such as paraphrasing, can significantly reduce the accuracy of these detectors (Perkins et al., 2024). The overall evidence suggests that automated detection tools are currently unreliable for distinguishing between human and AI-generated texts.

Eaton (2021) reports students of minority populations are more likely to be blamed for cheating and to suffer from unintentional harm than those students who fit the homogeneous culture. While AI technologies can support and help several student populations, including nonnative English speakers, Eaton (2021) warns about the potential collateral damage that can be done when policing or punishing academic integrity violations. This intersection of academic integrity, equity, and GenAI is an emerging area of research, specifically around the communication efforts of instructors.

Understanding how instructors communicate with students regarding possible academic integrity violations is paramount, as the ways in which instructors communicate regarding issues can significantly impact students’ lives and well-being. In 1972, researchers asked over 150 students to identify two of the most negative experiences in their lives (Branan, 1972). Distressingly, teachers were most often cited as the source of these experiences, with reported behaviors including “humiliation in front of a class, unfairness in evaluation, destroying self-confidence, personality conflicts, and embarrassment” (p. 82). With the possibility of having such profound impacts on student well-being, understanding how instructors communicate about academic integrity violations is paramount to student success as we move forward with integrating GenAI tools into education.

Academic integrity policies in higher education often fall into two broad categories: rule-based and integrity-focused approaches (Gallant, 2008). Rule-based approaches prioritize adhering to strict institutional policies, often relying on punitive measures, like academic sanctions and AI detection tools to enforce compliance. In contrast, integrity-focused approaches emphasize fostering students’ ethical decision-making, prioritizing conversations and trust-building over punishment. Gallant (2008) argues that an overemphasis on rule enforcement can create adversarial relationships between faculty and students, whereas an integrity-focused model helps students internalize academic honesty as a core value. To help guide practices and investigate the above concerns, this study explored communication strategies by faculty, either planned or past, when they suspected students of academic integrity violations that used GenAI by applying Gallant’s framework. By categorizing faculty responses as rule-based, integrity-focused, or emerging categories (dismissive and collaborative), this research highlights how faculty responses shape student perceptions of fairness, trust, and institutional integrity expectations.

This study addresses the following research questions:

	1. How do faculty members communicate with students about suspected GenAI misuse in academic settings?
	2. To what extent do faculty responses align with Gallant’s (2008) rule-based and integrity-focused framework?
	3. What additional patterns (beyond rule-based and integrity-based approaches) emerge in faculty communication strategies?
	4. What institutional and pedagogical factors influence faculty members’ decision-making in cases of suspected GenAI misuse?

Examining these varied approaches and their implications, this study contributes to the growing discourse on AI literacy, academic integrity, and instructor-student trust in higher education. The findings emphasize the need for institutions to move beyond reactive, punitive measures and instead support faculty in adopting proactive, trust-building communication strategies that promote responsible AI use.



Materials and methods


Survey method

We utilized a mixed method approach, combining both quantitative and qualitative data, collected through survey method. As we are combining both numerical and textual data to answer the research question, a mixed method approach is appropriate for this study (Tashakkori and Creswell, 2007). Building on a survey from the prior year (Petricini et al., 2024), we updated language and added additional items based on changes with GenAI in higher education. The self-administered online questionnaire included 21 items and two open-ended prompts. A portion of the survey containing 12 items is presented in this study related to faculty and student perceptions of AI and faculty’s open-ended responses to one open-ended prompt related to faculty’s approach to students’ improper use of GenAI tools.

This study was conducted at a large, research-intensive university located in the mid-Atlantic region of the United States. The university has over 40,000 students and more than 7,000 faculty members. After approval from the institutional review board, we sent emails to administrative and academic leadership to send to their respective faculty, staff, and student rosters, soliciting volunteers for our study. The emails included a link to a Qualtrics questionnaire and used implied consent with minimal risk to participants. The online questionnaire was available from March to May 2024.


Data analysis

The online questionnaire items were analyzed with descriptive statistics, finding the means, standard deviation, and t-tests between faculty and student responses. The data from the open-ended prompt were analyzed at the semantic level and thematically and within the conceptual framework. Responses were coded grounded in Gallant (2008) framework that differentiates between rule-based and integrity approaches. Two researchers independently analyzed and coded all responses and met to review. The initial interrater reliability testing showed a moderate level of agreement (k = 0.56,). The researchers discussed the differences and recoded the items two more times, reaching an interrater reliability of a very high level of agreement (k = 0.89).

During coding, two more codes emerged. One was termed as “dismissive,” characterized by faculty responses that either downplayed the need for direct communication about GenAI usage or assumed that assignment instructions were sufficient in conveying expectations. The other addition was “collaboration,” in which responses were neither rules-based, integrity focused, nor dismissive. Instead, these answers indicated approaches in which instructors prioritized communication and problem-solving together with the student.



Survey results

In total, 85 faculty and 66 students submitted responses to the survey with 69 faculty responding to the open-ended question about their approach to inappropriate GenAI usage. The demographic distribution of faculty and student are illustrated in Table 1.



TABLE 1 Survey respondents’ demographics.
[image: Table showing demographics for faculty and students across gender, ethnicity, and discipline. Women constitute 48.2% of faculty and 57.6% of students while men represent 42.4% and 33.3%. Majority identify as White, with the same percentage for faculty and students at 78.8%. The largest student discipline is STEM at 48.9%, while faculty are most represented in social sciences at 33.4%.]

Results from the selected survey items (Table 2) show students self-reported their experience with GenAI as higher than faculty (4.03 and 3.36 respectively). Interestingly, students agreed their instructors’ policies as clear (4.03) though disagreed that they have confidence in their instructors’ use of GenAI in the classroom (2.77) and neutral that instructors are responsible with AI use (3.0). It is unclear what makes students think policies are clear, when they lack confidence in instructors’ use of GenAI. Instructors are less sure about their own policies (3.59) but strongly believe students should be taught how to use GenAI responsibly (4.61).



TABLE 2 Selected items from survey.
[image: Table comparing faculty and student attitudes towards generative artificial intelligence, displaying item statements, mean and standard deviation for each group, t-test values, and p-values; notable significant differences shown for experience, policy clarity, and need for student notification.]

Distrust between instructors and students with GenAI tools is a significant insight from this research and remains unchanged from the previously conducted study (Petricini et al., 2024). One area of distrust stems from transparency: while instructors only somewhat agreed they should tell students about their use of GenAI tools (3.43), students felt transparency was important (4.42). Students are worried about being falsely blamed for using GenAI (4.25) and feel mostly neutral that their instructors would believe them if they said they had not used GenAI tools (3.34).

Instructors think students misuse GenAI (3.78) and disagree that AI detection tools are accurate (2.74). Both students and faculty somewhat agree that using GenAI is a violation of academic integrity (4.33 and 4.06 respectively) but are less agreed that the use of GenAI violates institutional policy (3.35 and 3.72, respectively), a potential indication that institutional policies are unclear (Table 2).



Open-ended response results

We received a total of sixty-nine responses to our open-ended prompt: How have you or how would you approach a student you suspect of cheating or plagiarizing with generative AI?

The findings indicate significant variation in how faculty approach academic integrity concerns related to GenAI. Using Gallant (2008) framework, we categorized faculty responses into rule-based, integrity-focused, dismissive, and collaborative approaches (Table 3).

	• Rule-based approaches (39.1%): The dominant approach, where faculty strictly adhered to policy guidelines and often defaulted to punitive measures such as failing students or reporting them for misconduct. Example responses included:



TABLE 3 Frequency count of codes.
[image: Table displaying codes and their frequency by percentage: Rule at 39.1 percent (27 occurrences), Integrity at 24.6 percent (17), Collaborative at 20.3 percent (14), Dismissive at 8.7 percent (6), and Did not answer at 7.2 percent (5).]

 
“If I suspect genAI use, I immediately follow the institution’s academic integrity process. The student receives a failing grade.”




	• Integrity-focused approaches (24.6%): Faculty using this approach engaged students in discussions about AI ethics and responsible usage. One instructor described their approach as:


“I would have a conversation with the student to understand why they used AI and discuss how to use it ethically moving forward.”
 

	• Collaborative approaches (20.3%) (New Category): Some faculty viewed AI-related concerns as a chance to engage students in ethical decision-making and course policy development, rather than strictly enforcing rules.


“Instead of banning AI, I work with students to decide when and how it should be used in my course.”
 

	• Dismissive approaches (8.7%) (New Category): Some faculty members indicated they would not actively pursue AI-related academic integrity violations, either due to skepticism about detection tools or institutional burdens.


“The process is too cumbersome. I won’t report students unless it’s blatant.”
 

These findings suggest that Gallant’s framework is useful but incomplete in capturing faculty responses to AI-related integrity concerns. The emergence of dismissive and collaborative categories reflects the complexity of faculty perspectives, which are influenced not only by pedagogical philosophy but also by institutional policies and workload constraints.





Discussion

Our findings indicate that faculty overwhelmingly rely on punitive, rule-based approaches when addressing suspected GenAI misuse, aligning with prior research that academic integrity policies often emphasize compliance over education (Gallant, 2008; Kumar et al., 2024). This tendency may stem from faculty uncertainty about GenAI, as our quantitative data reveal, and that instructors report significantly less confidence in their own AI literacy compared to students. The uncertainty likely contributes to a reliance on instructional policies rather than proactive engagement with students.

Also, the study uncovers a mismatch between student and faculty perceptions of AI policies and instructor competence. While students report that policies are “clear,’ they simultaneously express low confident in their instructors’ AI-related decisions. The contradiction suggests that policies may be well-articulated but fail to establish trust or provide meaningful guidance. This distrust coupled with fears of false accusations may exacerbate inequities (Zipf et al., 2025), and resistance to AI literacy initiatives.

A minority of faculty adopt a collaborative, trust-based approach, treating AI-related academic integrity concerns as opportunities for learning rather than as infractions requiring punishment. These instructors engage students in dialog and emphasize ethical AI use, aligning with Eaton (2021) argument that institutions should prioritize integrity-building over surveillance and punitive enforcement. However, the limited number of faculty employing this approach makes it clear that institutions must provide more training and support to help faculty shift from reactive to proactive strategies.

Finally, a small subset of faculty adopt a dismissive stance, avoiding engagement with GenAI-related academic integrity issues, sometimes due to perceived administrative burdens. Similarly, Kumar et al.'s (2024) conclude that faculty are often overwhelmed by enforcement, leading to disengagement. The institutional response to AI use in education must address this burden.


Practical recommendations

We seek practical recommendations for faculty and institutions and offer the following recommendations. First, a shift must occur from punitive to educational approaches. Institutions should develop clearer guidelines that encourage an integrity-based approach rather than defaulting to rule enforcement. Faculty training should emphasize how to communicate academic integrity expectations transparently and constructively. Second, AI literacy must be enhanced among faculty. Workshops, learning communities and institutional support should focus on equipping instructors with AI literacy skills. Faculty need support integrating AI ethically into coursework, moving beyond a binary framing of AI as either permissible or prohibited. Third, transparent and fair academic policies are warranted. Institutions should create uniform processes for handling AI-related integrity cases to reduce perceived unfairness. Clear guidelines need to be communicated to students, with explicit guidance about what constitutes responsible AI use rather than assuming all AI use is misconduct. Similarly, institutions need to consider how faculty’s use of AI might be made transparent to students and each other, so that students’ learning and assessment are not entirely outsourced to an AI tool. In doing so, the institution will remain focused on maintaining the quality and authenticity of students’ educational experience. Last, encourage trust-based, dialogic communication. Faculty should be encouraged to engage in open conversations with students about their AI use rather than defaulting to accusations. Institutions can support this process by providing training and mediation resources and modeling communication practices based on mutual respect and transparency.




Conclusion

This study highlights several insights into the evolving landscape of academic integrity as GenAI becomes a central element in higher education. Our findings demonstrate that while many faculty members default to rule-based, punitive communicative approaches when addressing suspected AI misuse, a significant potential for more constructive, trust-building strategies exists.

These integrity-focused and communicative approaches not only align with Gallant’s framework but also create opportunities for fostering deeper understanding and collaboration between students and instructors.

By addressing the gap between faculty and student perceptions of AI policies and their implementation, this research forefronts the importance of transparency and proactive communication. Faculty development programs must prioritize AI literacy and the cultivation of educational strategies that encourage student growth and responsibility rather than fear-based compliance. Additionally, institutions need to address faculty workload and provide clearer guidelines to reduce the perceived administrative burdens that often lead to dismissive attitudes.

Looking ahead, future research should explore the long - term impact of integrity - focused strategies on student outcomes. How diverse student populations experience and respond to AI - related academic integrity policies should also be investigated, particularly in the context of equity and inclusion. As GenAI tools continue to advance, creating dynamic and ethical educational environments will require ongoing collaboration between researchers, educators, and institutional leaders.
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Pattern recognition is a cornerstone of Artificial Intelligence (AI), shaping critical applications such as image analysis, speech processing, and automated decision-making. This study examines the impact of university curricula on developing AI competencies through dedicated pattern recognition training. A mixed-methods approach was employed to assess student comprehension, curriculum effectiveness, and challenges in mastering advanced concepts. The analysis reveals that structured coursework significantly enhances practical AI skills; therefore, recommendations include integrating more hands-on experiences and continuously updating course content. Such refinements promise to better prepare students for real-world challenges and industry demands. In conclusion, evolving instructional practices are essential for robust AI expertise.
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1 Introduction

Artificial Intelligence (AI) has transformed various industries by automating human tasks. Consequently, pattern recognition, a key AI component, allows machines to analyze data and make predictions (Slimi and Carballido, 2023). In AI education, understanding pattern recognition is crucial for students aiming to build intelligent systems. Hence, universities increasingly integrate digital tools into their curricula, enhancing learning experiences. Research in Kazakhstan highlights the benefits of such integration, demonstrating improved student performance when technology-driven teaching is employed (Tokzhigitova et al., 2023). For instance, Karatayeva et al. (2024) demonstrated that incorporating digital tools and interactive simulations into renewable energy education significantly improved student outcomes. Students who engaged with technology-enhanced curricula outperformed their peers in traditional settings, underscoring the effectiveness of digital learning environments. Similarly, Kuanbayeva et al. (2024) explored augmented reality (AR) in science education, finding that AR not only enhanced learning outcomes but also improved engagement, communication, and collaboration skills. Moreover, Serik et al. (2024) examined big data education in Kazakhstani universities, emphasizing the importance of practical training in data processing and analysis using algorithms like k-means clustering. Collectively, these studies reflect a growing commitment to digital education, aligning with the need for pattern recognition training in AI curricula to equip students with essential skills for handling large datasets and building intelligent systems.

The aim of this study is to evaluate the effectiveness of the pattern recognition syllabus in enhancing student's understanding and skills which are related to AI, neutral networks and image recognition technologies. Similarly, the objectives supporting this aim include:

	• To examine how pattern recognition is interlinked with the advancement of Artificial Intelligence in the 21st century.
	• To assess the depth of knowledge that students gain in pattern recognition concepts and AI technologies.
	• To evaluate the impact of course content on student's ability to independently develop pattern recognition systems for AI.

This study begins by examining foundational literature on pattern recognition and AI, covering its origins and how modern universities integrate essential skills and digital tools into their curricula. The review also highlights gaps within existing findings. The methodology section employs a qualitative approach, using coursework analysis, pre- and post-assessments, and content analysis to ensure the study's aims and objectives are fully addressed. In this context, Karaganda University's pattern recognition curriculum, course code 6B06103, will be evaluated to identify areas that either support or limit student learning. This will be followed by a results section that examines the curriculum's strengths and weaknesses, particularly its impact on developing AI skills in students, both in understanding AI and in applying these skills to real-world scenarios. Finally, the conclusion will summarize the study's findings.



2 Comprehensive theoretical basis


2.1 Pattern recognition and AI education

Pattern recognition enables machines to process and classify information in ways that mimic human cognition (Basu et al., 2010). Batchelor (2012) illustrates this by comparing machine learning to how children recognize objects—through repeated exposure and pattern association. AI, first coined by McCarthy in 1955 (Guan et al., 2020), has evolved into a field where technologies such as machine learning and neural networks allow for decision-making based on vast datasets. However, these systems require skilled professionals to design and optimize them for various applications, from medical diagnostics to automated decision-making. The rapid growth of AI has led universities to prioritize AI education, incorporating courses in machine learning, robotics, and natural language processing (Chen et al., 2022). Shiohira (2021) highlights that AI-driven automation could significantly impact the workforce, making AI literacy essential for future professionals. Many universities now integrate AI-powered platforms such as Altitude Learning and Gradescope, which adapt to students' learning paces and reinforce personalized education (Issayeva, 2024). Pattern recognition is central to AI curricula, with key models such as prototype and exemplar recognition forming the basis of AI applications (Fontanella et al., 2020). A summary of the main pattern recognition models, their core features, and application domains is presented in Table 1 to support understanding of how these approaches contribute to different areas of AI practice. Prototype recognition relies on generalized templates for classification, making it useful for image and speech recognition, while exemplar recognition stores specific examples for comparison, which is critical in medical diagnostics (Bonnet, 2000). Additionally, statistical and structural recognition models contribute to AI applications in finance, security, and language processing (Baron, 2006).


TABLE 1 Key recognition models and applications.

[image: Table comparing four pattern recognition model types: Prototype, Exemplar, Statistical, and Structural. Each row details key characteristics and corresponding use cases such as image recognition, medical diagnostics, financial modeling, and speech recognition.]

To demonstrate how pattern recognition can be effectively taught as a dedicated subject, Table 2 presents an overview of the weekly structure of the “Pattern Recognition” course implemented at Karaganda University. The course design reflects the principles of experiential learning and digital pedagogy, combining theoretical instruction with tool-based implementation. It gradually progresses from foundational AI tasks to advanced neural network applications, using platforms such as Python, OpenCV, Google Colab, and TensorFlow. This structure offers a practical and scalable model for other institutions aiming to enhance AI curricula.


TABLE 2 Weekly syllabus outline for the “pattern recognition” course: topics, concepts, tools, and assessments.

[image: Course syllabus table listing fifteen weeks, with columns for week, topic, key concepts, tools or technologies, and assessment type, outlining sequential AI and pattern recognition modules, from introductory concepts to advanced applications and culminating in project presentations.]



2.2 Gaps in existing literature

Despite the significant attention given to pattern recognition in AI education, there are crucial areas within the exploration of this framework that remain underdeveloped. The first notable gap is that pattern recognition is rarely treated as a standalone course in university curricula. Instead, it is frequently bundled into broader courses such as machine learning or data science (Paolanti and Frontoni, 2020). While these subjects are closely related, the depth and centrality of pattern recognition within AI systems justify its inclusion as a distinct course (Zhang et al., 2021; Chen et al., 2022). By addressing it as a subset within other courses, universities risk undermining its importance, thus leaving students with a fragmented understanding of pattern recognition as a foundational skill in AI education.

Another gap lies in how pattern recognition models are presented in educational materials. Often, they are either too simplistic or overly complex, making it difficult for students to grasp key concepts effectively. For instance, some models described in research by Batchelor (2012); Data (2024) are highly detailed but may overwhelm students who are new to the subject. This creates a need for more balanced teaching materials that bridge theoretical knowledge with practical applications, making pattern recognition more accessible to students at varying levels of AI expertise.

Furthermore, research on the role of pattern recognition education in student success and career readiness remains limited. While the technical efficiency of AI systems utilizing pattern recognition has been well documented (Paolanti and Frontoni, 2020), studies focusing on its direct impact on students' problem-solving and adaptability skills are scarce. This study is grounded in the theoretical framework of experiential learning, which emphasizes learning through doing—particularly through hands-on projects, real-world problem-solving, and iterative application of knowledge. By embedding experiential strategies within pattern recognition instruction, we align AI education with pedagogical models that support deep, transferable learning.

Additionally, the findings extend conversations in digital pedagogy by showing how structured, tool-based instruction (e.g., using Python, OpenCV, and Google Colab) helps students bridge conceptual understanding and applied skill development. This approach supports the design of more effective AI curricula that not only deliver content but also cultivate problem-solving skills in authentic learning contexts.

Hence, further research should assess how mastering pattern recognition influences students' ability to innovate and apply AI solutions in real-world scenarios. Deducing from these studies, it can be stated that integrating pattern recognition into AI education is crucial for equipping students with the skills needed to build adaptive AI systems. Universities should emphasize structured pattern recognition courses, ensuring students can apply these concepts in real-world AI applications. Future research should explore the long-term benefits of pattern recognition training in professional AI careers.




3 Methodology

This study adopted a mixed-methods approach, integrating qualitative and quantitative research to analyze students' experiences and learning outcomes. A structured research design facilitated a systematic investigation, aligning with claims in previous work, that research should transition logically from problem formulation to conclusion (Maxwell, 2013). Qualitative research, rooted in constructionism and phenomenology, provided insights into students' perspectives on curriculum relevance and teaching methodologies (Onwuegbuzie and Leech, 2007). A student-centered sampling strategy was used to include participants from diverse academic backgrounds, ensuring a nuanced understanding of how the curriculum influenced learning experiences. The sampling followed a purposive strategy, targeting third- and fourth-year undergraduate students enrolled in Information Technology and Computer Science programs who had completed the Pattern Recognition course. A total of 60 students participated, selected for their direct exposure to the course content and ability to reflect on learning outcomes. Data was collected through interviews, surveys, coursework reviews, and observations. Pre- and post-test assessments measured knowledge acquisition, while surveys and semi-structured interviews explored students' satisfaction and self-reported progress. Coursework analysis further assessed students' ability to apply pattern recognition skills in AI development. Content analysis, following Stemler's approach identified patterns in curriculum effectiveness and student feedback (Stemler, 2015). Thematic analysis highlighted recurring themes, pinpointing strengths and areas for curriculum improvement. Findings indicated that hands-on projects and real-world applications enhanced student engagement and comprehension (Chen et al., 2022). However, students noted challenges in mastering complex pattern recognition concepts, emphasizing the need for additional support. Instructors also reported that embedding pattern recognition within broader AI courses sometimes limited in-depth understanding. Therefore, while the curriculum proved effective, integrating more real-world applications and refining content delivery could further enhance learning outcomes. Future improvements should focus on bridging theoretical and practical components to ensure students develop the necessary AI expertise for industry applications.



4 Results and discussion

This section evaluates the effectiveness of the “Pattern Recognition” course (6B06103—Information Systems) at Karaganda University, focusing on content delivery, student engagement, satisfaction, and performance trends. The findings highlight the course's impact on student learning outcomes and preparedness for AI-focused careers.

Student Enrollment and Performance Trends: Student enrollment has steadily increased in the Information Technologies faculty, especially for the “Pattern Recognition” course. The data from the past three academic years show rising enrollment and high academic achievement, as illustrated in Table 3. The increase in scores, particularly in 2022–2023 when AI topics were added, suggests that curriculum updates contribute to improved student performance.


TABLE 3 Annual student enrollment and average scores for the “pattern recognition” curriculum.

[image: Table displaying Information Technologies faculty students’ academic performance from 2021 to 2024, listing academic year, year of study, number of students, and average score percentages for each group.]

Skills Acquisition and Practical Application: Student assessments before and after the course show significant improvement in skills such as object detection and neural network understanding, especially with tools like Google Colab, Python, and OpenCV. This is reflected in the data presented in Figure 1. These practical tools have elevated both theoretical knowledge and real-world application of AI concepts.


[image: Bar chart showing competency development with pre-course and post-course average scores in four areas: object detection increased from 62 to 83, neural network basics from 54 to 78, document scanning techniques from 53 to 78, and practical application using Google Colab from 69 to 92.]
FIGURE 1
 Competency development in pattern recognition curriculum: pre- and post-course averages.


Student Engagement and Satisfaction: Survey results demonstrate strong engagement during practical sessions, with high satisfaction ratings, particularly for skills acquisition and tool utilization (Table 4). However, students suggested more structured guidance for advanced topics like neural networks.


TABLE 4 Student engagement and satisfaction survey results.

[image: Data table comparing student satisfaction ratings for course aspects on a scale from one to five: content delivery 4.6, skills acquisition 4.8, engagement strategies 4.5, and tool utilization using Google Colab 4.7.]

Equipping AI Students for Real-World Development: The course prepares students with both theoretical and practical knowledge, essential for developing AI systems. As the findings indicate, incorporating AI tools like Google Colab and OpenCV significantly boosts students' practical skills, which are vital for AI careers. The practical sessions reinforce learning, making students more confident in their abilities.



5 Recommendations for course improvement

While the course is comprehensive, areas for improvement include:

	• Enhanced Guidance for Advanced Topics: Some students found topics like neural networks challenging. Providing additional resources and structured tutorials could improve understanding. Educators could implement scaffolded assignments that gradually introduce neural network architectures, supported by step-by-step video walkthroughs and visual simulations to demystify abstract concepts.
	• Accessible Teaching Materials: Simplifying complex materials could balance theory and practical application, making pattern recognition more accessible to all skill levels. Using interactive visualizations and annotated code notebooks in platforms like Google Colab may help students better connect theory to implementation.
	• Research on Educational Impact: More research is needed to evaluate the specific benefits of teaching pattern recognition in terms of real-world problem-solving and adaptability. Future iterations of the course could also include structured lab modules using tools like OpenCV and TensorFlow, accompanied by dedicated tutorial sessions that support students with varying programming backgrounds.



6 Conclusion

This study emphasizes the role of pattern recognition in developing AI competencies. Results show significant improvement in students' skills in machine learning and data analysis, increasing their readiness for AI careers. However, integrating pattern recognition into broader courses dilutes its importance. Future courses should focus on pattern recognition as a standalone subject to enhance student understanding and career readiness. Future research should continue exploring the impact of targeted pattern recognition education on AI career preparation.

While this research provides valuable insights, it is based on a single institutional context within Kazakhstan. Institutional, cultural, and curricular differences in other countries may affect how pattern recognition is taught and perceived. Therefore, caution should be taken when generalizing these findings across global educational settings. Future studies should consider comparative analyses across multiple universities and regions to explore how localized factors influence learning outcomes in AI-related subjects.
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Artificial Intelligence (AI) is reshaping film education, prompting critical reflection on its role in creative learning and artistic innovation. This study investigates AI’s potential to contribute to a new wave of expressive cinema by examining how students engage with AI tools in educational settings. Combining a classroom-based experiment with three surveys across different learning contexts, we analyze students’ creative responses and ethical concerns. Results reveal a consistent ambivalence: while text-based AI tools were perceived as helpful, visual AI outputs were often described as inauthentic, overly polished, or hegemonic. Notably, many students who voiced concerns about AI’s impact on creativity also acknowledged its potential to enhance artistic work. These contradictions point to an ongoing negotiation between enthusiasm and resistance. Drawing on this data, we discuss the pedagogical implications of integrating AI into filmmaking education and propose a framework that distinguishes between technical and artistic processes. We argue that AI can support cinematic expressiveness if integrated critically, preserving space for experimentation, failure, and personal voice. Ultimately, the classroom emerges as a key site for shaping how AI will influence the future of avant-garde cinema.
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1 Introduction

Cinema and technology have always been intrinsically connected, with technological advances often triggering a resurgence of expressive cinema outside or in opposition to the mainstream industry — commonly known as “avant-garde” cinema (Aumont and Marie, 2006, p.216; Marie, 2012, p.9). For instance, after World War II, the agility of shooting with 16 mm cameras, compared to the heavier 35 mm equipment, facilitated diverse forms of experimentation, such as those seen in the Nouvelle Vague.

What was striking about the Nouvelle Vague was its portrayal of a reality that felt “out there” — the camera could physically seek it out. This reflective pursuit was enabled by the camera’s ability to get closer to the subject (Marie, 2012). Lower production costs allowed stories to emerge without the approval of large studios, so previously untold stories and narrative forms found their way to the screen (Vilaró, 2016).

A similar situation arose in 1995 with the Dogma 95 movement. The rise of digital post-production technologies in Hollywood prompted them to advocate for a return to “natural” filmmaking — less technology, not more. Yet technology, ironically, enabled the movement’s rise: while they aimed to use 35 mm film, production complexities led them to break their own rules (Hjört, 2003, p.39), and the magnetic tape became a pivotal factor in enabling this vanguard cinematic movement (Chaudhuri, 2005).

In the 21st century, the advent of digital cinema brought a radical shift in filmmaking practices, drastically improving image quality compared to videotape. Digital technology fundamentally converts analog information into binary data derived from photoelectric capture, but the ability to capture images and process digital data has reached levels unimaginable two decades ago. Currently, while digital filmmaking rarely reduces costs, it offers unparalleled versatility in the captured material. However, what artistic movements have emerged alongside this technological transformation?

Defining the cinematic movements of the past two decades is challenging, given the exponential growth of distribution platforms via the internet. Among the most notable movements are Slow Cinema (Flanagan, 2008), Mumblecore (Debruge, 2008), New French Extremity (Quandt, 2011), Kino Movement (Conway, 2008), and Community Cinema (Rodriguez, 2001). The latter particularly benefited from digital technology, allowing higher-quality productions with limited budgets. Yet, unlike past technological breakthroughs, we cannot establish a causal link between digital filmmaking and any of these movements.

As digital workflows became standard, film schools adapted their curricula to accommodate both the technical and narrative possibilities these technologies enabled. The integration of digital tools into educational environments has long influenced creative practices and pedagogical approaches. Within this context, artificial intelligence (AI) emerges as a new inflection point in digital cinema technology. Its growing presence in editing tools, image generation, script analysis, and audiovisual production raises pressing questions about its role in cinematic creation and, consequently, in film education (Brako and Mensah, 2023; Yang et al., 2023).

This raises a central question: can AI play the kind of transformative role that previous technological innovations — such as the 16 mm camera or videotape — have held in the history of cinema? We argue that this question can only be answered from within the pedagogical space. It is in the classroom that emerging filmmakers begin to define their artistic identities and ethical positions.

Farinacci (2024), in her comprehensive framework for AI Audiovisual Literacy (AIAL), argues for a critical rethinking of how students engage with cinematic language in an era increasingly shaped by generative technologies. Rather than treating AI merely as a technical instrument, she emphasizes the importance of incorporating its epistemological and aesthetic dimensions into the curriculum — an approach that aligns with a broader shift toward critical digital media literacy.

For us as educators, the question of AI’s potential is not merely theoretical — it carries direct implications for film education (Leonard, 2021). The integration of AI into production and distribution processes forces us to rethink what we teach and how we teach it. What critical and creative skills should take priority in a world increasingly shaped by AI?

This article investigates whether AI, as a disruptive tool in the film industry, could catalyze a new wave of expressive filmmaking, particularly within film schools. In line with the Beijing Consensus on Artificial Intelligence and Education (UNESCO, 2019, articles 14 and 15), we sought to explore the impact of AI on film education through classroom experiences and student surveys across different disciplines. Specifically, we examine how AI is perceived and adopted in film education and evaluate its potential to inspire a new avant-garde.



2 Exploring AI’s impact on film education: classroom experiments and student perceptions


2.1 Classroom experiences: exploring AI’s role in creative learning


2.1.1 Methodology

At the National School of Film Experimentation and Production in Argentina, within a curriculum based on a constructivist approach, we conducted an exploratory classroom project throughout 2024.

The activity involved ten second-year students from a higher education cinematography program, in three stages through three classes. The project unfolded following Feigenbaum (2021) “generative failure” pedagogy. To reduce anxiety, students were reassured in every stage that only submission was required, and the quality of the final product wasn’t being evaluated.

In the first stage, students were asked to select a film excerpt that fascinated them because of the way the camera was used. The clip should consist of just one shot of up to one minute in length, from any format or style. Two weeks later, the class focused on analyzing key variables such as focalization, narrator presence, camera involvement in the action, framing, camera movement, subject in focus, depth of field, lens types, filters, and camera positioning relative to the action. We analyzed each clip brought by the students, helping them to realize which technical characteristics were generating the artistic effects that they found interesting in each piece.

The second stage required students to write a half-page, handwritten proposal for a hypothetical original scene inspired by their selected excerpt, using the analyzed variables. In the third stage, students had to expand their aesthetic proposal by making a presentation of 6 to 8 slides, explaining the technical equipment they would use and the images they would like to create, using any AI tools available to assist their process — both for text and imagery.



2.1.2 Results

All three stages of the assignment presented challenges for the students. The first stage triggered anxiety for half of the participants, despite being presented as an exploratory activity. As expected, the selected excerpts varied widely in aesthetic style, narrative, and format.

When asked to create an original proposal inspired by their chosen excerpt, students again expressed uncertainty and fear of misunderstanding the task. We encouraged them to trust their creativity, focusing on expressing what the selected clip evoked in them.

The third stage sparked a surprising level of dissatisfaction among students. Despite their familiarity with generative AI tools and the fact that many post-production programs they already used include AI, two students voiced ethical objections, arguing that using AI made the work feel “inauthentic”.

On submission day, students were asked to evaluate whether AI proved helpful in creating their aesthetic proposals. The unanimous response was that free AI tools for image generation (available at the time of the project, June 2024) were more of an obstacle than a helpful resource. However, text-based generative AI tools were widely seen as useful.

Most students admitted that they had previously used generative AI for text-based tasks, mainly ChatGPT (OpenAI, 2024a), and found it useful. However, they felt that both ChatGPT (OpenAI, 2024a) and DALL·E (OpenAI, 2024b)—the image generation tools available to them at the time—produced results that were “too polished” or “overly hegemonic” in their visual representation. One student mentioned that, on another occasion, she had used Midjourney (2024) and obtained better results, but could not afford to pay for it this time.

When asked about the time spent on the third stage, nine out of ten students said they spent between 30 min and two hours on it — a significant contrast to the less than 30 min they usually dedicate to aesthetic proposals. All agreed they would have completed the work faster without using AI.




2.2 Student surveys: perceptions of AI in film education


2.2.1 Methodology

Following the classroom experience, we conducted three anonymous surveys across different student groups specializing in audiovisual tools. Each survey targeted a different educational context to gather broader perspectives on AI’s role in film education.

Survey 1: A pilot survey conducted with 19 students from two different schools — one group studying Cinematography and the other in Audiovisual Production. Date: June 2024.

Survey 2: Targeting 104 students enrolled in a non-formal course on editing with DaVinci Resolve software. Date: July 2024.

Survey 3: Targeting 40 participants of a DaVinci Resolve VFX course — a similar student profile to the second survey. Date: February 2025.



2.2.2 Results

The pilot survey showed a majority of respondents were women, attending tertiary-level programs in Argentina. Most respondents had not used AI in their projects but expressed interest in learning more.

A recurring concern was the potential loss of human creativity due to AI. Many saw AI as a support tool that could complement, but not replace, creativity. Ethical concerns appeared frequently. One student notably stated that AI “is not just technology; it’s political, as it operates within a hegemonic system that accepts or rejects cultural elements”.

Based on this initial survey, we refined the questions for Surveys 2 and 3.

In Survey 2 the percentage of respondents who had used AI tools increased to 41.9%. By Survey 3 (six months later), this number surged to 72.5%. Both surveys showed a majority of respondents were Hispanic men.

Most of the respondents in both surveys believed AI should be integrated into film school curricula.

In Survey 2, most mentioned ethical concerns included “over-reliance on technology,” “copyright issues,” and “loss of human creativity” — in that order of frequency. Interestingly, 16 respondents who actively use AI still listed the loss of creativity as a major ethical concern, evidencing the same tension ongoing in the classroom experience. Moreover, 29 of the respondents that declared “loss of human creativity” concern also declared that AI may contribute to the film productions creativity.

In Survey 3, the primary ethical concerns remained “over-reliance on technology” and “copyright issues,” but this time “job loss due to AI replacement” rose to third place — surpassing the loss of creativity concern. Those most concerned about job loss were respondents who had not used AI (Table 1).



TABLE 1 Results from Survey 2 (conducted in July 2024, n = 104) and Survey 3 (conducted in February 2025, n = 40) on ethical concerns and the role of AI in creativity within filmmaking.
[image: Table comparing results from two surveys about ethical concerns and views on AI's impact on creativity in film. Survey 2 from July 2024 (N=104) and Survey 3 from February 2025 (N=40) assess technology dependence, authorship issues, loss of jobs, and loss of creativity for respondents who did or did not use AI, as well as whether participants believe AI can improve creativity in film, with subtotals in bold.]

Out of the 14 respondents who identified the loss of creativity as a major issue, an impressive 13 also stated that AI could enhance creativity in filmmaking — a contradiction that echoes similar findings from Survey 2.





3 Discussion: rethinking film education amidst AI disruption


3.1 Results interpretation: unpacking the creative and ethical contradictions

The classroom exercise and subsequent surveys provided a rich perspective on how students perceive and engage with AI in the context of film education. These findings revealed both emotional tensions and intellectual contradictions that are critical to understanding how AI might reshape creative learning.


3.1.1 Classroom analysis: how AI impacts student creativity

The difficulty students experienced in handling an open-ended, uncertain task is consistent with Feigenbaum (2021). Nevertheless, the fact that some students felt overwhelmed, especially in the final stage involving AI tools, underscores a key pedagogical challenge: AI technology, while marketed as a “creative assistant,” may paradoxically amplify performance anxiety when learners lack confidence in their own creative abilities.

The recurring anxiety generated by creative classroom work can be understood within the framework of the “paradigms of failure” described by Barr and Tagg (1995). These authors distinguish between institutions that prioritize learning outcomes and those focused primarily on instructional delivery. The dissonance is clear in this case.

The activity analyzed was designed within a learning paradigm, where students were informed that participation, not success, was the goal — and that mistakes would not be penalized. One possible explanation for why it generated anxiety among students is that they have been conditioned to perceive failure as inherently negative. Nevertheless, we believe the use of “wise interventions,” as defined by Feigenbaum (2021), proved effective. These interventions helped foster increased student confidence, greater engagement during the tasks, and high participation in the final stage of the activity.

Another observation that emerged is the students’ perception of time and effort. We were surprised by how little time they believed was necessary for a task like this. The idea that 30 min is sufficient for creating an aesthetic proposal reflects a cultural shift toward immediacy — likely accelerated by digital culture and pandemic confinement. This highlights the need to incorporate persistence and dedication into higher education curricula. If creative work requires sustained effort, embraces mistakes, and sees failure as part of the learning process, then AI serves as an assistant — enhancing student work rather than replacing it.



3.1.2 Survey analysis: student perceptions of AI’s disruptive influence

The surveys reveal a clear tension among film post production students: they recognize the technical and creative advantages AI offers but remain uneasy about its ethical and cultural consequences.

The leading concerns suggest that integrating AI into film school curricula should address both technical training and ethical discussions about authorship and creative ownership. Also, the rise in “job loss” concerns between Surveys 2 and 3 likely reflects both the rapid expansion of AI tools and the specific nature of the VFX course — an area where automation increasingly replaces manual labor.

What stands out most is the contradiction among students who use AI yet fear losing creativity. This duality reflects an evolving, unresolved ethical stance, demanding further exploration in both educational and professional contexts.




3.2 AI as a catalyst for artistic movements

One of the central questions we explore in this study is whether AI could give rise to a revolutionary new artistic movement or whether it will remain a tool that optimizes production processes without influencing content.

It is essential to recall that the cinematic movements we have discussed — Nouvelle Vague and Dogma 95 — emerged from specific socio-historical contexts. Technology played a role as an enabler, a tool that allowed pre-existing, gestating discourses to materialize (Marie, 2012, p.10; Chaudhuri, 2005). Therefore, to envision a new artistic revolution driven by AI, we must first assume an underlying hypothesis: that a generational expressive discourse is already forming and merely awaits the right technological medium to emerge.

Expressive cinema can be thought of as one that reveals an external reality (classical expressiveness), explores an internal reality (romantic expressiveness), or provokes a strong emotional state in the viewer (a more modern interpretation of expressive cinema) (Aumont and Marie, 2006, p.89). If AI-generated content, as several survey respondents noted, reflects a hegemonic model, it cannot contribute to expressive cinema in the classical sense of revealing an external reality. Thus, the possibility of AI birthing a revolutionary artistic movement seems unlikely. However, in the romantic sense of expressiveness, AI holds potential worth exploring. Just as Nouvelle Vague sought to capture external reality with portable cameras, AI could enable filmmakers to explore and represent inner worlds — the subconscious — ushering in a modern form of surrealism.

In this regard, Pavlik and Pavlik (2024) found that AI-generated images attempting surrealism often lack genuine evocations of the unconscious. This highlights a critical insight: the symbolic, emotional charge must originate from the creator — AI can assist, but it cannot invent meaning. To achieve this, the user must imagine the desired work beforehand, guiding the algorithm not with metaphors but with a concrete, symbolically rich description. For example, instead of asking for “a surreal vase with flowers,” the user might request “a vase where the flowers melt into distorted human forms”.

On the other hand, AI’s disruptive presence might provoke a counter-movement — one that advocates for more naturalistic cinema, akin to Dogma 95’s rebellion against Hollywood’s digital excesses. In our classroom experience, the students’ initial rejection of AI-generated images suggests this is a plausible scenario. However, the same students’ acceptance of AI for text generation reveals a more ambivalent, evolving relationship with these tools — an indication that AI’s artistic role is still being negotiated by emerging filmmakers.



3.3 Integrating AI into film education

There is an extensive body of literature analyzing the opportunities and challenges that AI presents for film education (Brako and Mensah, 2023; Farinacci, 2024; Ke, 2023; Selwyn, 2024; Yang et al., 2023). Building on this, we aim to contribute our perspective by highlighting the urge that educational institutions focus on creating the necessary didactic conditions for teachers to develop, experiment with, and implement new strategies. These strategies should aim not only to improve the technical quality of audiovisual products but also to amplify original voices (Selwyn, 2024). To achieve this, we believe it is essential to focus on two key areas:


3.3.1 Redefining content: categorizing AI’s influence on artistic and technical processes

Aiming to respond to Farinacci’s (2024) question — “What tasks can we delegate to AI and which ones should remain under human control?” — in the context of our search for a potential new wave of expressive cinema, we present a classification of teaching content, identifying where AI can serve as a valuable tool and where it might become an obstacle to learning and expressivity: (i) Artistic Concepts, (ii) Technical Concepts, (iii) Artistic Processes and (iv) Technical Processes.

In the case of both technical and artistic concepts, AI typically remains neutral. Its impact does not significantly alter students’ theoretical understanding, as these concepts are rooted in fundamental principles that transcend specific tools.

The situation is different in technical and artistic processes: AI’s impact varies depending on the nature of the task. For technical repetitive or mechanical processes AI can significantly speed up the workflow, allowing students to focus on more creative or complex aspects of production. However, certain technical tasks require hands-on practice for students to internalize key concepts, for example, measuring light with a photometer. In these cases, AI should complement practical learning after students have acquired the necessary skills.

When it comes to artistic processes, AI integration requires even greater caution (Ke, 2023). It’s crucial that students engage directly with materials and techniques, confront creative challenges, and learn to manage frustration throughout the process (Feigenbaum, 2021). AI can be helpful in advanced stages but must not shortcut the early, exploratory phases — the messy, imperfect stages where students experiment, make mistakes, and ultimately discover their artistic identity.



3.3.2 Redefining classroom strategies: adapting pedagogy to foster critical AI engagement

Following Selwyn’s (2024) call to “slow down, scale back, and recalibrate current discussions around AI and education,” we reflected on the ambiguous effects of AI in our own experience. As a first step, we consider it crucial to identify and distinguish productive uses of AI from those that hinder the development of students’ creative capacities and integrative skills (Ke, 2023). For example (we write in italic the words used by students):

	• When AI shortens the artistic exploration phase by generating fully formed products too early, students may miss the opportunity to develop their own creative ideas — especially when those products are hegemonic in nature.
	• When AI automates decision-making processes — such as selecting shot composition or stylistic choices — students are deprived of opportunities to make mistakes, reflect, and refine their artistic voice.
	• When AI generates polished-looking outputs too quickly, students may perceive the results as inauthentic, bypassing the iterative, often chaotic work that fuels genuine artistic growth.

Clearly, this topic demands further pedagogical research — particularly to understand how different types of AI influence student creativity, problem-solving, and critical reflection throughout the various stages of the filmmaking process. Yet while academic reflection takes time, technological change is advancing rapidly (Yang et al., 2023). How, then, can we ensure that these paradigm shifts benefit pedagogy rather than undermine it?

We argue that embracing AI in education need not compromise the core principles of artistic learning — as long as we remain committed to two essential pedagogical values: (i) dedicating time to each stage of the creative process, and (ii) embracing failure — repeatedly — and helping students manage the frustration that inevitably accompanies creative growth. This includes producing “messy drafts,” crossing out ideas, starting over, and ultimately owning their mistakes as integral parts of their personal artistic development.

We find particularly helpful the concept of “powerful teaching,” introduced by Mariana Maggio, a prominent scholar in the field of education and technology. She defines it as a pedagogy that stays connected to the current state of the discipline as well as to the social, institutional, and personal realities of students (Maggio, 2012, p.55):

“To conceive of teaching in present time means to think of it in relation to the present of society, the discipline, the institution, the specific group, and the reality of each student’s life. This requires, no more and no less, that we engage with the present in every proposal, every class session, and every assessment”.

This type of teaching, which Maggio calls powerful, is not diminished in the least by the presence of AI. However, it does require that educators continually update their knowledge and remain aware of technological developments within their field—because disciplinary knowledge is inherently perishable and constantly evolving. And this brings us to a more tangible — though equally complex — challenge: institutions must provide adequate support for educators to meet these demands. The political and social realities of each country — and each institution — determine the didactic conditions available. Therefore, achieving this level of teacher adaptation, as highlighted by the Beijing Consensus on AI and Education (UNESCO, 2019, article 13) requires institutional support. This responsibility largely falls on institutional leadership to ensure educators have access to ongoing professional development, time and resources to experiment with AI tools. Without this support, AI’s role in education risks becoming unequal — accelerating the divide between resource-rich and resource-poor institutions.





4 Conclusion

Can we, as educators, guide AI to become a tool that fosters cinematic expressiveness?

The answer is yes — but only if AI is selectively integrated into curricula, enhancing learning where appropriate while preserving hands-on exploration in artistic processes.

Our classroom experiment and survey results reveal is not just a snapshot of student attitudes toward AI, but the deeper cultural and emotional negotiations at play when a new technology enters the creative classroom. These tensions are not peripheral; they are foundational. The ambivalence students express — their simultaneous pull toward and push against AI — mirrors the broader question explored in this article: can AI contribute to a new wave of expressive cinema?

The integration of AI into film education, therefore, is not merely a technical or instructional challenge — it is a space of aesthetic formation and ideological contestation.

For AI to become a catalyst for expressive cinema, students must be encouraged to interrogate its outputs, resist its generic tendencies, and appropriate it critically to serve their own artistic visions. Likewise, pedagogical frameworks must support this critical engagement — not only by teaching how AI works, but by creating environments where its use can be emotionally and intellectually meaningful.

Redefining educational content should focus on hands-on, process-based learning — especially in artistic and foundational technical practices. AI should act as a complementary tool, never as a replacement for the stages of exploration, failure, and revision that are essential to expressive filmmaking.

In this sense, the future of avant-garde cinema is already emerging — in the classroom, in the friction between students and AI, and in the pedagogical strategies that allow this friction to become generative rather than paralyzing.

Educational institutions then, must actively shape the conditions under which AI can contribute to cinematic expression. This includes supporting teachers, updating curricula, and fostering “powerful teaching” (Maggio, 2012) — an approach rooted in technological awareness and responsiveness to students’ lived realities.

Ultimately, empowering students to navigate AI critically and creatively will be essential not only for mastering new tools, but for ensuring that cinema continues to evolve in meaningfully disruptive ways.
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This article argues for a socio-technical rethinking of the contexts of teaching and assessing with artificial intelligence (AI), whether viewed as a threat or an opportunity. Drawing on technology studies and critical reflection on student experiences with English academic writing assignments in pre-AI era Korea, I reposition the “AI problem” as a cultural problem, namely an “algorithmic instruction” problem concerning structural prioritization of formulaic student work and pedagogical standardization, not a novel technology or individual moral(e) problem. Therefore, cultural, structural solutions are desirable. As potential breakthroughs, critical feminist epistemology of situated knowledges and qualitative methodological practice of reflexivity are discussed. Four practical mottos inspired from the concepts are introduced: 1. Building from positionality and reflexivity; 2. Memorization to (aided) storytelling; 3. “I” to “beyond-I” scaffolding; and 4. Evaluation to celebration. Examples from personal teaching experiences and implications for AI integration are discussed. Sustainable (re-)imaginations of AI in pedagogy are recommended.
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1 Introduction

The broader availability of communicative artificial intelligence (AI) has led to the “AI problem” in classrooms: for those concerned, students’ uncritical over-reliance on AI, and for those welcoming, practical considerations for integrating AI in pedagogy. This article invites tackling the problem by first evaluating the logics that structure our pedagogical practices. That is, the AI problem may be less an “artificial intelligence” problem than an “algorithmic instruction” problem regarding procedural systemization in pedagogy. Drawing on critical feminist epistemology and qualitative methodology, I position situated knowledges-informed (Haraway, 1991) reflexivity as a key solution and a rich source of innovations. Similar to how the awareness that “the researcher is the instrument” (Tracy, 2013, p. 25)—or even “instrument par excellence” (Hammersley and Atkinson, 2019, p. 18)—grounds qualitative rigor, I argue that fostering a keen self-understanding that the students themselves are the learning instruments is the core task. In short, the AI problem is a cultural problem: the challenge at hand is student empowerment, not better AI per se.

The article structure is as follows. The first section of the article begins with the argument that this is not a novel technology problem. I reflect on my pre-generative AI era academic experience in (South) Korea, where English writing presented an insoluble challenge for some students that made outsourcing an alluring choice. Then, I discuss the underlying “what we ought to do” in algorithmic instruction and identify it as the problem. The second section proposes situated knowledges-based reflexivity as an alternative pedagogical approach, i.e., one that encourages the students to take the plunge into contexts with a sharp analytic awareness of the interrelations, starting from who they and their mutually immersed peers are. I explain the key terms and discuss the four mottos that have guided my curricular practices with examples. Together, they aim to foster an environment where students can conduct and enliven their learning through a shared sense of ownership.



2 The AI problem and reflexivity


2.1 The AI problem: artificial intelligence or algorithmic instruction problem?

I posit the AI problem as a consequence and a facilitator of algorithmic, automated culture: an algorithmic instruction problem. This is not to surreptitiously remove AI from the discussion, perhaps from the long-refuted belief that technologies are impartial tools and so are their propagators (Napoli and Caplan, 2017; Winner, 1992). I am arguing that this is not just an AI issue from the social shaping perspective, which emphasizes the continuous mutual influencing between technology and society (Baym, 2015). The AI problem, whether threat or opportunity, is not solely attributable to a novel technology or non-optimal (mis-)uses of it. Rather, it is a complex socio-technical problem that demands human-involved thinking and cultural solutions. This means, for example, that an improved detection tool alone cannot fundamentally solve AI-related academic dishonesty, nor can a more “humanlike” AI tutor guarantee quality learning, especially in the elevated cognitive dimensions (Krathwohl, 2002). Redacting AI or replacing it with existing non-AI practices quickly reveals that these are ultimately learning culture and strategy problems. The specificity of AI should not be discarded, but we must contextualize beyond the immediate AI use cases to identify the undercurrents. This allows sustainable re-imaginations.


2.1.1 Minsoo and English as the academic lingua franca

I think with my undergraduate experiences in the early 2010s Korea, where I saw several peers struggle with the “good English” writing expectation. Some ended up resorting to paid services and plagiarism. I distinctly remember that often these were not from their active want (e.g., laziness, moral lack), but from feeling powerless and lost. A memory from my freshman year particularly reminds me. I saw “Minsoo” (pseudonym) working on an English essay assignment on the student lounge computer. I am not sure whether it was our catch-up conversation, my glances at the monitor, or his conscience that prompted him to explain: it was for a class I was not taking, and he was copying large chunks from English-based Google. I was shocked because he never struck me as a dishonest person. He spoke articulately and intelligently in Korean classes. Possibly responding to my visible disappointment, he elaborated. What still humbles me is how he said “You would not understand because you are good at English.” The tone was not accusatory. He sounded embarrassed and dejected. He wished to write his mind in his voice, but he felt obstructed by having to—if not unable to—form it in English. He was not proud, but given the short time and the relative grading system, he felt that this was the only way to pass. He seemed conflicted. I never found out what he ended up doing.

Minsoo’s story gently reminds me that the root of the AI problem may be algorithmic instruction, not corrupt individuals or technologies’ deterministic outcomes. I believe what lay at the heart of his conundrum was the compulsion to fulfill the standardized requirements above all, especially amid the competitive social backdrop (as captured by relative grading). This hijacked the actual goal: his education. I am not condoning plagiarism; rather, I am pointing out what we can learn about the AI problem from the context of Minsoo’s decision-making. An important factor was the English writing requirement, stemming from its dominating position as the lingua franca including in academia. Curran (2020) explained how “good English” has been conflated with the myth of “authentic” English, often equated with that spoken by privileged White native speakers from the West. “Good English” also exerts stratifying power on knowledge work in communication (Suzina, 2021). I too, despite being “good at English” according to Minsoo, spend much of my academic writing time making non-substantial edits to speak with a “better accent,” if not laboring on (incommensurable) transliterations and translations. Then, Minsoo’s trouble may have been exacerbated by his lack of familiarity with standard English academic writing. This could have been an epistemological struggle, not a linguistic, formal one: Korean composition traditionally recognizes dugwalsik (main idea at the beginning—i.e., the common English model) and migwalsik (main idea at the end) structures, which, respectively, correspond to deductive and inductive reasonings. Given everything, he may have felt compelled to choose what seemed to be the best guarantee of “success,” which in Korean society tends to be equated with high scores and high-earning jobs gate-kept by it. To win at life (Ahmed, 2010), Minsoo must consecutively make the best choices to stay on the path to success; differences with the standards and mistakes become losing choices, not ways to explore and learn (Kim, 2023). The rhetoric of choice hides that seeing and executing the winning choices (e.g., writing a good English essay) presume certain privileged conditions (e.g., good at English), and that this process can reaffirm the embedded values (e.g., “authentic” English is good) while reproducing the definition of success (e.g., high scores). Contextualized this way, what surfaces as a more foundational solution to Minsoo’s predicament is a curricular adjustment—and ultimately a cultural shift—to adequately support and empower him.



2.1.2 Algorithmic instruction problem and AI

Critical algorithm studies helps connect this Minsoo with the current-day Minsoos. I contend that while AI’s availability and possibilities are new, the underlying context of the AI problem is not new. We therefore need a structural solution. Likewise, Warner (2025) located the alienation of learning not in AI but in the system that has incentivized producing formulaic responses for standardized assessments, as opposed to the exploratory and expressive process of writing. Hence the ease and allure of AI outsourcing. I use “algorithmic instruction” to invite such critical reflections on procedural systematization in pedagogy. I invoke “algorithmic” to underline the socio-technical context, namely “the insertion of procedure into human knowledge and social experience” (Gillespie, 2016, p. 25). This is informed by Ananny’s (2016) conceptualization of “networked information algorithms” as assemblages to scrutinize how the linkages among various sites govern “what we ought to do”: “relationships [sic] producing, interpreting, and relying upon” algorithmic formations (p. 97). Like Warner, I suggest that formulaic assignments are linked with procedural datafication of student progress into quantifiable, computationally measurable bodies (Cheney-Lippold, 2017). This operates with value-laden categories like “good English.” The problem is less transparency per se (e.g., detailed guidelines and rubric) (Ananny and Crawford, 2018). It is more algorithmic instruction and the embedded values’ seeming naturalness (e.g., formulaic writing in “authentic” English is the standard) and insufficient attention to linkages.

I offer this lens as a means to think otherwise about the system (Gunkel, 2018), not to simplistically discredit established techniques or to diminish their practical benefits. For instance, step-by-step instructions can help both confused students and overworked teachers. What is troubling is how the formulaic convenience can leave little room for engaged reflections and varied definitions of success. AI can be threatening if the instructional context prioritizes sorting students’ learning into measurable bodies, thereby contributing to an educational relationship ripe for automation.

In this section, I identified algorithmic instruction as an important context of the AI problem, and student empowerment through curricular adjustment as the core challenge at hand. Minsoo reminds me that learning should not be a project predicated on completing tasks as per algorithmic requirements, but a process to be driven, discovered, and deepened by students. Algorithmic instruction is prone to outsourcing, now to AI. It is a cultivated accomplice of an algorithmic, automated culture: where education, as a powerful cultural process, expands organizing humans as per the logic of automation—a logic that machines thrive on (Andrejevic et al., 2023; Seaver, 2017; Striphas, 2015).




2.2 Reflexivity: the student is the learning instrument par excellence

I propose situated knowledge-based reflexivity as a solution to the AI problem. Tracy (2007), writing about communication research and methodology, encouraged researchers to “take the plunge” or to focus on problems and in situ contexts, stressing the vital analytic role of power in untangling them. As advised, I identified the powerful process of algorithmic instruction as an important context to the AI problem. Extending the advice, I suggest that “taking the plunge” can also be an effective pedagogical strategy to reconstruct the power relations in learning. I first explain the feminist epistemology of “situated knowledges” and the qualitative methodological practice of “reflexivity.” Then, in the form of four mottos, I detail how they have guided me with examples from my personal teaching experiences.


2.2.1 Situated knowledges

Haraway (1991) theorized situated knowledges as “feminist objectivity” (p. 188), a doctrine and practice rooted in “the sciences of the multiple subject with (at least) double vision” (p. 195). It builds on the recognition that technologies of knowledge, including the supposedly objective, “dis-engaged” (p. 201) instruments of sciences, are “active perceptual systems” that translate the world and promulgate specific visions (p. 190). Thus, knowledge work must be accountable for establishing the patterns of reality. To this, Haraway recommended contextually engaging with embodied experiences: “resonance, not dichotomy” (p. 195). This is not merely a moral call, but that for accuracy and innovation. She is interested in “views from somewhere” because they enable “connections and unexpected openings” (p. 196). Romanticizing or appropriating subjugated standpoints is explicitly warned against (p. 191). Situated knowledges’ link to the AI problem lies in the relationship between context and knowledge. Flyvbjerg (2011) elucidated that contexts are central to the process of human learning and context-dependent knowledge and experiences are fundamental to expert activities. Situated knowledges demands deep contexts from algorithmic instruction.



2.2.2 Reflexivity

“(Self-)Reflexivity” is a core qualitative concept (Tracy, 2013). It refers to the ongoing careful reflection of how the researcher’s positionality—i.e., how their perspectives are rooted in experiences emerging from their social and personal situatedness (Jadallah, 2024)—affects their research process and outcome (Berger, 2015; Tracy, 2013). Simply put, it is the continual critical dialog between the researcher’s context and the research context. The researcher is the research instrument in qualitative methodology (Hammersley and Atkinson, 2019; Tracy, 2013), and thus reflexivity is the key guiding principle and practice for rigor in all steps of research (Berger, 2015; Braun and Clarke, 2023; Morse, 2018).



2.2.3 Thinking with situated knowledges-based reflexivity: four mottos

Situated knowledges laid the groundwork for my re-imagination, and reflexivity has supplied practical inspirations. The core inspiration was that both researchers and students engage in knowledge work, and therefore reflexivity can benefit the students’ learning processes, too. This means that students should contextualize their learning by continuously reflecting on their and others’ (including AIs’) respective positionalities. This resonates with situated knowledges’ emphasis on “views from somewhere.” This also follows its urges to recognize objects as actors and to problematize binaries to activate passive categories (Haraway, 1991). With reflexivity, knowledge is not recognized as fixed, dis-engaged products but as ongoing, engaged processes. Students are activated as participants, re-imagined from the acquirer and recipient roles in the teacher-student binary. The two are linked; approaching knowledge as processes allows foregrounding the students’ co-ownership and co-producership. Consequently, “success” becomes negotiable places of personalized growth, not an algorithmically pre-set label prone to outsourcing. Finally, reflexivity works with situated knowledges’ demand for cultural accountability. Whether teacher or student, knowledge work with/via AI must be reflexively considered in light of its implications and consequences, including through our cultural positionality.


2.2.3.1 Building from positionality and reflexivity

Thinking about AI and algorithmic instruction through this lens has led to four teaching and assessment mottos. 1. Building from positionality and reflexivity regards fostering a critical self-understanding in students and encouraging learning through situated visions. AI can aid but not substitute the process because the student is the learning instrument. Early semester, I use personal and social identity wheels in class activities (see University of Michigan, 2025) and/or assign a reflection about their personal experiences related to the course subject. A creative iteration of this is my videogame course’s “alien ship” exercise, where the students must quickly sketch a diagram of the human body to appease the hypothetical alien abductors (Kim, 2022). Often, they model themselves or the “standard” adult male body. We look at our own bodies and discuss whether we can be “human” across all diagrams. We then discuss how games may also presume certain players and how to mitigate it. These serve as embodied contexts for the ensuing coursework.



2.2.3.2 Memorization to (aided) storytelling

2. Memorization to (aided) storytelling relates to “taking the plunge.” For example, my exams prioritize demonstrating contextual understanding. I avoid simple regurgitating questions and use narrativized questions that put concepts and information into contexts, often borrowing from in-class examples and student life. For instance, the diffusion of innovations theory’s “trialability” is represented not by the verbatim definition, but by “[student name] has been a [streaming platform] subscriber since they used their first complimentary month to check out [popular show among my students].” Importantly, students are invited to create sample questions for extra credit before the exam. This becomes their collective study guide. I incentivize taking the plunge, i.e., narrativized questions. This also allows me to see the content from their standpoints, and I adjust and adapt accordingly. This approach does not bar AI involvement, and/but helps reposition students as storytellers (Krathwohl, 2002), not passive examinees.



2.2.3.3 “I” to “Beyond-I” scaffolding

3. “I” to “beyond-I” scaffolding focuses on elevating the first motto to “(at least) double vision.” An example would be the progression from a self-dialogic essay my students individually write (see Kim, 2021) to a group podcast they collectively produce in my pop culture course. During preparation, they give feedback on group members’ essays. After production, they engage with peer groups’ podcasts by leaving appreciative-but-constructive audience comments. They develop one of them into their final paper, which should have original research contributions to the conversation their peers started. This progression allows students to thoroughly consider differently situated visions and connectively (re-)think with nuances. AIs can be introduced during the process—either by the instructor or (covertly) by the students, and/but the learning subject remains intact. The basis in self-reflexivity and peer participation, as well as the interconnection among the steps, seemed to have promoted continued engagement and accountability.



2.2.3.4 Evaluation to celebration

4. Evaluation to celebration acknowledges and appreciates how students’ multiple visions enrich learning. For instance, with class presentations, I clarify that our goal is to share and celebrate our learning and that the grading criterion is “contribution to the collective learning process.” Most students excellently meet this by helping us think together with their unique context-rich view. We celebrate with snacks, and students often linger around to continue discussing. I modeled this after fandoms’ logic of gift economy, where members give and reciprocate out of goodwill and passion for communal benefit (Jenkins, 2009). Although this logic itself is not necessarily oppositional to algorithmic culture (Yin, 2020), the communal model is harmonious with situated knowledges-based reflexivity. I conjecture that individualistic AI abuse is unappealing when gifting, not competitive taking and trading, grounds learning. Moreover, celebration embraces diverse growth-based successes, which vastly expands fresh partnership opportunities with AI.




2.2.4 Suggestions for applications

The above represents concerted efforts toward empowering the students to practice their learning membership. Granted, they are situated in my teaching experiences (e.g., subjects, levels, teaching persona) and thus application should be contextually considered. AI-related strategies should be accordingly imagined. For example, the provided curricular activities under mottos 2 and 3 can be supplemented by asking students to critically compare the vision(s) underlying their storytelling with those in AI’s versions. Some teachers may need to prioritize simple memorization of certain information or formulas. AI could serve as effective retention coaches or roleplaying partners in such cases (e.g., key information-reiterating problems personalized to each student’s interests or applicable scenarios, repeated as per individual progress) but could also cause mundane dependence or limited training (cf., “alien ship” exercise), which may be detrimental depending on the course topic and objectives. Research that expands on students’ experiences (e.g., Abbas et al., 2024), particularly through the structural lens of algorithmic instruction, is recommended. Finally, available resources and expected labor should be carefully assessed, including immaterial dimensions (Hardt, 1999) (e.g., personalized attentiveness to students’ developing self-reflexivity). This is non-conclusive. If adopted well, perhaps for some in creative partnership with AI, the student co-ownership model could ease the work.





3 Conclusion

I believe situated knowledges and reflexivity can be productive bases for sustainable pedagogy in the generative AI era. Hughes (1994) warned that technologies can become so entrenched and pervasive that their “momentum” may be difficult to intervene with. I picture a rolling snowball. The best way to prevent a crash would be to watch where it gets packed or to skillfully redirect its course by working with the landscape. This is why we should tackle the AI problem contextually. Identifying the key context as algorithmic instruction, I explained situated knowledges and reflexivity as alternative lenses and shared four practical mottos that have guided my teaching and assessment practices. I believe this “positioned rationality” can inform and inspire, and thereby contribute to our collective knowledge building around the momentum of AI: “The only way to find a larger vision is to be somewhere in particular” (Haraway, 1991, p. 196).
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A rigorous debate is underway regarding the use of artificial intelligence (AI) in higher education. Risk perceptions regarding AI range from concerns about students using AI inappropriately and unethically to teachers and teaching assistants being replaced by AI robots. This essay situates the discussion around AI historically to mitigate such fears and propose workable strategies for integrating it into the educational experience. In other words, I place AI within the frame of other new technologies that have been introduced, scrutinized, studied, and adopted throughout history (e.g., textbooks, calculators, personal computers and word processors, Internet and online learning). Ultimately, I argue that we ought to embrace the challenges posed as opportunities to again conduct theoretically driven empirical research to inform best practices for integrating AI into teaching and assessment in ways that improve learning and the environment for learning. By incorporating AI with integrity, teachers could be freed to do more deep teaching and to engage in more intellectually stimulating dialogue with students, each of which are designed to foster higher order critical thinking and analysis skills among students.
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Introduction

Not long after Bill Gates, co-founder of the Microsoft Corporation (arguably one of the world’s largest personal computer software companies), appeared on NBC’s The Tonight Show, on February 4, 2025, his remarks about the future of artificial intelligence (AI), particularly in the fields of medicine and education, went viral. He claimed “advancements in artificial intelligence will significantly reduce humanity’s role” in these two fields because great medical advice and great tutoring will become free and easily accessible (Zilber, 2025). In this essay, I call his projections into question. In fact, AI is not the first technological affordance to cause alarm and to be touted as an innovation that will ultimately replace academic experts, devastate the integrity of educational practices and systems, and destroy our capacity to think critically. I am also certain it will not be the last.

I argue in this essay that—rather than fear AI as it may take away jobs by replacing teachers—teacher-scholars ought to embrace it (as we have with other new technologies when they emerged) by focusing on strategies to employ it as a tool that augments pedagogical practices and ultimately improves learning and the environment for learning. When we employ AI and other technological affordances to perform the mundane and time-consuming tasks related to, for example, managing low-stake assignments and doing low level assessment and evaluation, teachers will be afforded much needed time to engage with learners in dialogical communication and intellectual exchange that fosters civil discourse, as well as critical thinking, analytical skills, and other higher order learning outcomes (Edwards et al., 2018). Moreover, if integrated effectively, AI has the potential to transform pedagogical practices in ways that free teachers to employ deep teaching, which could make college classroom experiences more inclusive and equitable for students coming from underrepresented populations, particularly in the STEM fields where exclusionary pedagogy has been linked to attrition (Dewsbury, 2020). To make my case, I begin by tracing the history of several educational technologies that have been introduced, scrutinized, and then adopted in higher education over the years. Then I offer a broad historical account of risk perceptions regarding AI as it has become more sophisticated in recent years. Finally, I propose why and how we as teacher-scholars need to shift our mindsets from fearing the unknown to embracing the ever-changing landscape of higher education regarding AI. In other words, I propose food for thought regarding innovative ways to employ AI to our advantage, not by replacing teachers, but by providing means for improving what teachers do (Sellnow et al., 2022).


Technology adoption in higher education

Prior to the invention of the moveable-type printing press by Johannes Gutenberg in 1440, teachers had relied for centuries on oral communication and lecture methods as the primary mode of instruction (Wakefield, 1998). The teacher was responsible for both disseminating information and explaining material to students. This was due in part to the fact that, until then, books were both costly and time-consuming to produce (Li, 2023). By the end of the 15th century, however, books were being mass produced and made available as supplements to oral lectures.

Throughout the decades that followed, lively debate ensued about the use of textbooks based on issues of ethics, policies, politics, religion, and accessibility (Some poorer countries still do not have access to mass produced textbooks today.) (Altbach, 1983). Although many of these debates about textbooks continue today (including questions about the viability and integrity of open access resources and textbook technology supplements), textbooks have become a prominent educational technology for acquiring information (Sellnow et al., 2005). Arguably, when students prepare for class by reading assigned chapters, instructors may expand on that information to “simulate students’ curiosity and desire to explore knowledge, so that they can actively learn and acquire skills” (Li, 2023, p. 221).

In the 1950s and 1960s, television was introduced as a new technological tool for use in teaching and learning (Buckingham, 1998). Again, academic teacher-scholars debated its utility, fearing it would hinder learning rather than stimulate curiosity (Li, 2023). McLuhan (1975), considered by many to be the “father of media studies,” even coined the phrase “the medium is the message” to account for the pervasive role of television in both reflecting and shaping beliefs and behaviors. Perhaps most critical to acknowledge here is that television can be used effectively when teacher-scholars integrate it mindfully into their pedagogy rather than as a replacement for teaching and learning—also sometimes referred to as surrogate parent or babysitter (Gantz, 1982; Hillard, 1958). Teacher-scholars continue to report that television, when used mindfully, can be an effective technological teaching tool, particularly as it supports learning among students in low- and middle-income communities and countries (Watson and McIntyre, 2020).

In the 1980s, personal computers and word processors were introduced as new technologies to replace typewriters (Blissmer, 1985; Flores, 1983). At that time, scholars warned of the inherent biases in computer programs that could, if not managed properly, be passed on to learners in the guise of them being neutral tools rather than mediators of culture (Bowers, 1988). Debates also abounded about whether these technologies would hinder analytical and argumentation skills, spelling and grammar capabilities, and the iterative process of writing and revising (e.g., Keefe and Candler, 1989; Owston et al., 1992). Based on a plethora of research examining the relationships between these technologies and learning outcomes, personal computers and word processing software are taken-for-granted as effective tools for use in higher education today. As Reys and Reys (1987) reported, similar arguments were posed when calculators were introduced into classrooms.

A final historical example (among many) I will mention is the internet. Some of the initial concerns focused on (a) the inability of students to evaluate online information and sources (e.g., Wikipedia) (Ayers, 2006), accessing class notes on websites (Sharma and Mayleyeff, 2003), purchasing papers from online paper mills (Phillips and Horton, 2000), internet plagiarism (Howard, 2007), gamification (Caponetto et al., 2014), and internet addiction (Ambad et al., 2017). As online courses became popular, additional concerns were raised about how this internet environment would also reduce student engagement, intellectual curiosity, and learning outcome achievement (Means et al., 2014).

When the COVID-19 lockdown forced colleges and universities around the globe to move to online learning, a plethora of research ensued. Among other things, this body of work revealed that the internet (i.e., technology) is not inherently disruptive to achieving desired learning outcomes (e.g., Kryston et al., 2021). In fact, some positive implications of online learning include its potential to reach non-traditional students, to be accessed anytime and anyplace, and to provide opportunities for guest appearances by notable scholars and industry experts (Sharma and Mayleyeff, 2003). Moreover, studies illustrate how online pedagogical practices can foster a positive classroom climate, student engagement, and learning in myriad ways (e.g., Cole et al., 2021; Kaufmann et al., 2016; Sellnow and Kaufmann, 2017). As Zuin and de Mello (2024) conclude, critical thinking and dialogical communication as proposed by Freire (2018) in Pedagogy of the Oppressed and Pedagogy of Hope (1992) can be cultivated in online classroom environments in ways that overcome structural barriers of exclusion to promote a “pedagogy of freedom” as long as “they are constituted with the students and not for them” (p. 988). Ultimately, as has been the case with other new technologies, the key is to integrate the internet in pedagogically sound ways based on theoretically driven empirical research (Strawser, 2017).

With this foundation in mind, I argue AI can also enhance educational experiences when integrated mindfully. To do so, we must begin by addressing risk perception concerns raised by skeptics through theoretically driven empirical research. Then, as before, we will be equipped to develop a series of adaptive best practices for using AI to improve teaching and learning.



Artificial intelligence (AI) and the future of teaching and assessment

Although the role of artificial intelligence (AI) in higher education is a relatively new phenomenon, the term AI was first proposed in 1956 by John McCarty, a mathematician and computer scientist at Dartmouth College (Schwarz and Faj, 2024). Although no universally agreed-upon definition exists, an expert panel at Stanford University (2016) defined it as a “set of computational technologies that are inspired by—but typically operate quite differently from—the ways people use their nervous systems and bodies to sense, learn, reason, and take action” (p. 4). The European Commission High-Level Expert Group on Artificial Intelligence (2018) extended this definition to claim that “AI systems can also be designed to learn to adapt their behavior by analysing how the environment is affected by their previous actions” (p. 7). Schwarz and Faj (2024) point out that people across the globe “are experiencing high levels of uncertainty, if not fear, regarding the impact of these technologies” and how they are being “embedded and regulated in present and future society” (pp. 504–505). Based on a content analysis of articles published in the New York Times and the Washington Post from 1985 to 2020, Cools et al. (2022) identified 10 topics of interest/concern regarding AI, education being one of them.

Regarding education, many fears about AI stem from the fact that it can be used for good or evil at the same time, as well as both intentionally and unintentionally (Brundage et al., 2018). Moreover, fears have grown exponentially with the introduction of ChatGPT in November 2022—an AI-based chatbot “capable of generating cohesive and informative human-like responses to user input” (Lo, 2023, p. 410). In their comprehensive content analysis of AI in education from 2010 to 2020, Zhai et al. (2021) discovered three prominent risk perception themes. These include the “inappropriate use of AI techniques, changing roles of teachers and students, as well as social and ethical issues” (p. 1).

One major concern stems from the fact that so much progress is being made in speech and image recognition, speech and language generation, and language comprehension. Consequently, educators worry about the spread of misinformation and disinformation and students’ (in)ability to discern fact from fiction, as well as what makes for quality information and quality sources (Bringula et al., 2021; Ojukwu and Saidu, 2025). They also worry that students will use free generative AI tools like Grammarly or ChatGPT unethically to conduct research and construct essays (Lo, 2023). Other concerns revolve around what Bill Gates proclaimed—that AI and robots will take over the jobs of teachers, rendering the role of the instructor obsolete (Okulich-Kazarin et al., 2023). Similarly, some worry that teaching assistants, who are often employed to fund their graduate education, will no longer be necessary (Kim et al., 2020).

I argue that we should reimagine AI in higher education not as something to be feared but, rather, as something to be embraced as an opportunity to improve what we do and how we do it. We ought to use these concerns as our foundation for conducting future research that will ultimately inform best practices regarding the role of AI in teaching and assessment. In other words, I agree with Alam’s (2021) conclusions based on a comprehensive review of literature that AI can be employed to perform a range of administrative tasks more quickly and efficiently (e.g., assessment, grading, feedback) and that the benefits of using it with integrity clearly outweigh the disadvantages. I also agree with Louis and ElAzab (2023) that “teachers remain at the helm of major instructional decisions” (p. 9). As we have done with other technologies, we can and should conduct research to determine what methods are best for getting students to achieve the desired learning outcomes using AI. Herein is where teacher-scholars have an opportunity to influence how AI is utilized to enhance teaching and learning experiences. Let us learn from the past to lead us into the future. For example:

	• Just as teachers eventually embraced textbooks as a resource to prepare students for class, thereby freeing them up to focus on active experiential learning (Dewey, 1938; Kolb et al., 2014), so too can teacher-scholars conduct research to determine how AI can similarly provide foundational information upon which to build opportunities for deep teaching. For example, teacher and students can engage in dialogical discourse, which has already demonstrated its utility to overcome structural barriers and inequities as long as all students have equal access to the tools (e.g., Dewsbury, 2020; Dewsbury et al., 2022; Freire, 1992; Zuin and de Mello, 2024).
	• Just as television has been shown to improve learning, particularly among low and middle-income communities and countries (Watson and McIntyre, 2020), so too can teacher-scholars study ways in which an intelligent adaptive AI gamification environment can be employed to motivate students to engage based on diverse personalities, needs, norms, and values (Bennani et al., 2022).
	• Just as research was conducted to inform pedagogical practices for using word processing software tools to enhance learning and the environment for learning (Morphy and Graham, 2012), so too can teacher-scholars guide the use of generative AI robots such as Grammarly and ChatGPT to improve the iterative process of composition and communication, particularly when learners must do so in a second language (Gayed et al., 2022).
	• Just as instructors learned to embrace internet searches by teaching students how to locate and evaluate quality information and sources they find online, so too can we use generative AI to help teach students to discern quality information from misinformation and disinformation, as well as determine quality sources from bogus or malicious ones (Reddy et al., 2020).
	• Just as teacher-scholars developed methods for teaching students to use Wikipedia as a starting point when brainstorming a topic rather than as a primary reference in their research papers, we can discover through research and assessment, ways to teach students how to use ChatGPT as a tool to synthesize a body of work as a starting point when doing research and to evaluate the research ChatGPT draws from to create the summary (Ciampa et al., 2023).
	• Just as teacher-scholars conducted research to determine how to integrate online tools to make our jobs more efficient, so too can we lead the way in how to use robots and other generative AI tools to answer redundant student questions, as well as to create and/or assess and evaluate low-stakes assignments (Kryston et al., 2021). Programming AI to perform these duties will not replace teachers; however, it could feasibly provide them with more time to engage in meaningful dialogue and intellectual exchange with students to address higher-order learning such as critical thinking and civil discourse (Selwyn, 2019).




Discussion

I am convinced that AI should not be feared by teachers or students. As with any new technology, we have an opportunity and obligation to do research to inform how we will employ it effectively and equitably. Teacher-scholars have been doing assessment research on new technologies for decades. I propose we accept the challenge once again to create theoretically driven research-informed best practices for employing AI to augment, enhance, and improve teaching and learning. New technologies will continue to emerge and evolve, but the fundamentals of teaching and learning remain. I argue that our goal as teacher-scholars is to adapt research-informed best practice pedagogies to operate effectively using new technological affordances as they emerge. If we do so mindfully, we may even be able to employ AI in ways that address potential structural constraints rooted in economic disparities, administrative imperatives, and governmental or corporate control (Pedro et al., 2019). Whether or not we achieve these goals, however, is predicated on accepting the challenge to try. As Apostel (2017) suggests, “collaboration between peers, students, and artificial intelligence” creates “the potential for creative problem solving and innovation at a level we are only beginning to imagine” (p. 177). I will add that we have an ethical responsibility to conduct the research required to integrate AI mindfully into higher education by adapting best practice pedagogies rather than replacing them.
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Research on Generative Artificial Intelligence (GAI) in higher education primarily focuses on faculty use and experiences, with limited attention given to why some abstain from using it. Drawing from Innovation Resistance Theory, this study aims to address this gap by exploring the perceptions of both faculty users and non-users of GAI, identifying the reasons and concerns why they avoid GAI. A survey of 294 full-time higher education faculty from two mid-size U.S. public universities was conducted. Using qualitative and quantitative analysis, results show that over one-third of the faculty members opted out of using GAI for five primary reasons: not ready/not now, no perceived value, identity in tension, threat to human intelligence, and future fears and present risks. While both groups expressed concerns about academic dishonesty, non-users associate GAI with broader negative societal consequences, whereas users viewed it as related to innovation and potential benefits. For non-users, top concerns included a perceived lack of originality and accountability, while users were primarily concerned with accuracy. Surprisingly, general comfort with technology emerged as a significant predictor of non-user faculty’s behavioral intention to use GAI. This research contributes to understanding faculty resistance to GAI, emphasizing the need to balance its benefits with drawbacks in higher education.
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Introduction

As Generative AI (GAI) becomes more widespread, it has the potential to transform the landscape of higher education, bringing significant benefits and challenges that warrant careful consideration (Cordero et al., 2024). Faculty plays a pivotal role in shaping the educational experience, and their use or reluctance to embrace AI could influence the evolution of academic practices (Shata and Hartley, 2025). Past research has highlighted that many educators view GAI as a valuable tool for enhancing teaching efficiency, enriching the learning experience, and improving student engagement (Francis et al., 2025). However, Mah and Groß (2024) analysis revealed that 61.2% of the faculty profiles express more concerns and challenges about GAI than benefits. Many concerns have emerged around academic integrity, accuracy, cheating, false information, and skill development (Nikolic et al., 2024; Williams and Ingleby, 2024). Faculty worry that GAI often prioritizes commercial interests over pedagogical objectives (Aad and Hardey, 2025).

Past research on GAI in higher education has been largely exploratory, with a primary focus on students’ perceptions (Chan and Hu, 2023; Mansoor et al., 2024). Much of the existing literature on faculty is primarily descriptive, often presented as systematic or literature reviews (Crompton and Burke, 2023; Sekli et al., 2024). While the limited empirical research focuses on uses, benefits, and strategies for effective AI integration in academia (Chiu, 2024; Noviandy et al., 2024), there remains a significant gap in understanding educators’ hesitations and concerns, particularly the underlying reasons for limited GAI adoption in academia. For example, Cervantes et al. (2024) found that 42% of faculty have not used AI at all despite being aware of it, yet does not deeply explore the reasons behind this lack of adoption. Most existing literature tends to list common concerns without fully explaining why. In response, there is a rising need for robust ethical frameworks to guide its use, and a deeper dialog within the academic communities (Nikolic et al., 2024). These ongoing hesitations and concerns, coupled with the absence of clear guidelines and institutional support, underscore the urgent need to understand why some educators choose to opt out of using GAI.

Innovation resistance theory (IRT) explains why individuals resist adopting new innovations (Ram and Sheth, 1989). Rooted in the tendency to preserve the status quo, IRT posits that resistance to innovation stems from two main barriers: functional barriers related to practical concerns about the innovation’s use, such as usability, value, and risk, and psychological barriers linked to users’ beliefs, perceptions, and cultural factors. For example, the IRT has been applied to examine students’ resistance to AI technologies, highlighting barriers such as usage, value, risk, image, tradition, and cost factors (Alghamdi and Alhasawi, 2024). In healthcare, patients’ resistance to AI was shaped by the need for personal contact, perceived technological dependence, and general skepticism (Sobaih et al., 2025).

Understanding faculty concerns and the reasons behind their hesitations is crucial for overcoming barriers to AI integration in academia, ensuring its ethical implementation that supports, rather than replaces, human creativity and critical thinking, while also preparing students for an AI-driven workforce. This research aims to explore and compare GAI perceptions and concerns among faculty non-users and users of AI, to understand the reasons why faculty abstain or do not use GAI, and to identify the factors affecting their decision to adopt. This will offer valuable insights that will help create a balanced, responsible approach to AI adoption in higher education, ensuring its benefits are maximized while minimizing potential risks. Thus, the following are proposed:


RQ: What are faculty members’ perceptions and concerns regarding GAI, and what are the reasons non-users choose to opt-out of GAI in their practice?
H1: There is a significant difference between faculty users and non-users of GAI in terms of their (a) concerns and (b) comfort levels, such that non-users report higher concerns and lower comfort with the technology compared to users.
H2: Among non-users of GAI, (a) concerns about the technology are negatively associated with the intention to use it, whereas (b) general comfort with technology is positively associated with the intention to use GAI.





Research design


Participants

An online survey was designed using Qualtrics and administered to full-time higher education faculty members recruited from two mid-size public U. S. universities, one on the East Coast and one in the Southwest. The sample (N = 294) represented all faculty members in the social sciences and humanities disciplines as they use GAI in a similar manner that differs fundamentally from its application in STEM disciplines.



Procedures

Faculty emails were compiled from an online directory, then narrowed to social sciences and humanities. Using Qualtrics, we sent email invitations to participate in the study along with a survey link. Upon clicking, participants first completed a consent form, followed by a filter question if they use GAI. Non-users were asked about their perceptions, concerns, reasons for non-use, behavioral intentions, and technology comfort, followed by demographics. Users answered the same questions, plus reported current GAI uses and impressions. To ensure data quality, attention-check questions were included to detect inattention or rushed responses. Data collection was conducted in 2024.

Thematic analysis was employed to identify, organize, and interpret patterns of meaning within the data. The process began with close reading to become familiar with the content and taking notes of initial observations. Using an inductive approach, the data was re-examined closely and assigned initial codes, grouping relevant parts together based on emerging concepts. Next, by bringing together the codes and fragmented ideas that link data together, analyzing data for patterns of similarity or contrast, and synthesizing codes into potential themes. Finally, the themes were refined and modified to reflect the data and patterns of shared meaning.



Measures

All the theoretical constructs used existing measures, adapted to fit the AI context and measured using multi-item scales validated in previous research. Behavior Intention is the intention level to adopt GAI, measured using a five-point Likert scale adapted from with four statements (Youk and Park, 2023) (α = 0.957). Comfort with technology measures the acceptance, use, and overall level of comfort with technology. It was measured using a five-point Likert scale adapted from with six statements (Rosen et al., 2013) (α = 0.820). GAI concerns are worries about the potential negative impacts of GAI. It included nine items obtained from interviews and discussions with college academics and from media reports. Each item was assessed on a five-item scale (see Table 1) (α = 0.842).



TABLE 1 GAI concerns among faculty members.
[image: Data table comparing levels of concern about AI-related issues such as plagiarism, copyright, accountability, originality, dependability, credibility, accuracy, privacy, safety, and job security between users and non-users, presented as percentages across major, moderate, minor, and not a concern categories.]



Sample characteristics

A total of 294 higher-education faculty completed the survey; 33.6% reported not using GAI. Faculty roles included Full Professors (24.5%), Associate Professors (23%), Assistant Professors (19%), Faculty in residence (7.5%), Adjunct Faculty (6.5%), and Visiting Faculty (6.5%). Most (82%) held no administrative roles. Experience levels were: 35% (20 + years), 21% (9–14 years), 20% (4–8 years), and 15% (15–20 years). Participants identified as Female (45%), Male (43%), and prefer not to say (8%). Participants identified as Caucasian (69%), African American (7%), Asian/Pacific Islander (7%), Hispanic (6%). Their age ranged from 41–50 (25%), 51–60 (23%), 31–40 (21%), and 61–70 (15%).




Findings


Qualitative analysis


Key reasons for faculty NOT using GAI

Thematic analysis highlighted five key themes/barriers:

	1. Not Ready, Not Now: This theme highlights faculty’s lack of sufficient knowledge and information about GAI technology, as reflected in repeated comments such as “Do not know how -Do not know enough.” They are not familiar with the technology or how to use it and have not explored it yet. Additionally, faculty also feel busy with other responsibilities like research, teaching, service, and they cannot take another new responsibility. One faculty said, “I’m busy enough without one more thing to learn.” The implicit expectation that faculty should already comprehend how AI is being applied in the industry, while the field itself remains in a state of rapid development with no universally accepted frameworks or standardized practices, puts a lot of pressure on faculty, making them feel overwhelmed and more hesitant to use it.
	2. No Perceived Value: This theme focuses on faculty’s perceptions about GAI, some see no perceived usefulness or meaningful value in using it, arguing that there is no need, no value, and no benefit. They question its utility and think it is irrelevant and offer no advantage to their disciplines or expertise. For example, one faculty said, “No motivation to use it, or figure out how to use it. I’m fine with writing and searching for myself. I do not see much to be gained from using GenAI.” This raised further concerns among faculty that relying on GAI may increase dependency on technology and weaken individuals’ critical thinking and analytical skills. Additionally, some faculty believe GAI not only fails to offer meaningful improvements, but provide bad outcomes, arguing “results are gibberish and unsettling, which can change academia in a negative way.”
	3. Identity in Tension: This theme centers on faculty’s self-image, perceptions about oneself, and how others see them. It is rooted in a sense of ownership, pride, and professional authenticity in relation to their work. At its core, it is about being satisfied with who you are, what you do, and how others see you. Faculty see GAI as a questionable tool for experts and serious academic work that undermines professional integrity because they associate its use with a lack of effort or expertise. One faculty said, “I’m an accomplished researcher and writer. When I put my name on something, it is my own. I’m uncomfortable with work that is not one’s own effort.” Additionally, some faculty are worried about their image and how other colleagues and students see them, arguing, “I want my students to see me as an authentic scholar who can teach them how to learn without technology-aided software.” Underlying these concerns is a deeper struggle with finding purpose and value in their work and academic roles. It challenges the aspects of their work that bring them fulfillment, arguing, “it challenges most of the meaningfulness I get from the job.”
	4. Threat to Human Intelligence: This theme reflects faculty concerns that using GAI can underestimate, replace, or erase human creativity, critical thinking, individuality, and original work. Many worry that overreliance on GAI may lead to intellectual laziness, diminishing the value of deep thought, undervaluing human work, and substituting it with GAI work. For example, one faculty shared, “I do not use it because I object to it on a moral and creative basis; I know these tools are going to be used to undermine authors, artists, and other creators to devalue, steal from, and replace their work.” Many faculty value their freedom to express themselves, stand up for their beliefs, and appreciate human intelligence. One explained, “I’m a humanist disciplinarily and intellectually. I do not want human creativity and intellectual thought outsourced to computers.”
	5. Future Fears and Present Risks: Some faculty members have expressed several ethical concerns about GAI. A primary concern is misuse, particularly in relation to privacy and copyright, where GAI may exploit information in harmful or unauthorized ways. Faculty also worry about potential harmful consequences due to risks of falsification, fabrication, plagiarism, and cheap labor. One faculty said, “reading about the underpaid workers who are traumatized by plunging the darkest depths of the internet to flag content, so ChatGPT does not return inappropriate content is an example of unethical and horrific human labor.” Another concern is the distrust and lack of accuracy of the output generated, which contributed to further questioning the quality and reliability of the data. Additionally, some faculty expressed concern about letting technology determine the outcome of human endeavors. They warned that “Technology on a societal level furthers socio-political interest and accelerates societal devolution towards a dystopia as never has been seen in this world.”



Faculty perceptions of GAI

A qualitative analysis of faculty members’ perceptions of GAI was conducted based on their brief descriptions of the GAI technology. Non-users associate GAI with academic dishonesty with concerns centered around cheating, plagiarism, copyright violations, inaccuracy, unethical, cheap shortcut, invasion of privacy, lacking deep third-level thought, causing “intellectual laziness.” Many express fears about the future for its possible negative societal impact, describing it with terms like the “Terminator, Skynet, Pandora’s box, dystopian future, uncharted, I-robot,” warning it could cause trouble or lead to significant complications, like perceived “loss of humanity,” dismissing it as “garbage.” However, some faculty acknowledge its powerful potential, describing it as helpful, smart, fast, and full of possibilities. While few faculty adopt a more balanced perspective, viewing it as a “double-edged sword - opportunity, yet scary, good and bad, strange but awesome.”

For faculty users, they perceive it as “an evolution, advanced technology or advanced Google” that has the potential to bring about “revolutionary change.” Many see significant benefits, particularly in its role as an “assistant” where it is praised for being “efficient, helpful, convenient, saves time, good for brainstorming, and a powerful tool” for boosting 3 Ps—productivity, prediction, and problem-solving. Participants successfully identified and described GAI as “LLMs, machine learning, and language model.” However, some faculty express concerns about its experimental nature, especially its unreliability and unpredictability, questioning its trustworthiness, asking questions “What if….—what is true?” This uncertainty about its future impact leaves them uneasy, viewing it as inherently risky. They share the same academic dishonesty concerns, in addition to “hallucinations, biased algorithms, lack of regulation, and reduced agency.”



Faculty concerns about GAI

As shown in Table 1, non-users of AI are most concerned with its potential lack of originality and accountability, supporting the above-mentioned theme on the threat to creativity and human intelligence, while users of GAI prioritize concerns about accuracy. Both groups, however, share common concerns regarding plagiarism, accountability, and copyright issues. Interestingly, “job displacement” was the least significant concern for both GAI users and non-users.




Quantitative analysis

For H1, an independent t-test was conducted and results showed that GAI concerns were higher among faculty users (M = 1.94; SD = 0.56) than the non-users (M = 1.77; SD = 0.60), and this difference was statistically significant [t(292) = 2.394, p < 0.05]. Thus, H1a is not supported. However, another independent samples t-test revealed a statistically significant difference in comfort with technology among faculty groups, t(292) = 2.744, p < 0.05, such that non-users reported lower comfort levels (M = 3.66, SD = 0.76) compared to faculty users (M = 3.92, SD = 0.76). Thus, H1b is supported.

For H2, a multiple regression found that the model was significant, [F(2, 98) = 9.741, p < 0.001, R2 = 0.169], with only general comfort with technology was a significant positive predictor of intention use GAI [β = 0.576, t(98) = 4.095, p < 0.000] compared to the concerns about GAI (p = 0.056). Thus, only H2b was supported.




Discussion and conclusion

The study findings address the gap in the literature by providing new empirical evidence into faculty perspective, moving beyond surface-level concerns to deeply explore the underlying reasons or barriers for opting out of GAI. The five themes/barriers align with the Innovation Resistance Theory (Ram and Sheth, 1989), which highlights functional and psychological barriers to adopting new technology. The themes Not ready/Not now, No perceived value, and Future fears and present risks are consistent with the functional barriers related to performance and outcomes. While the identity tension and threat to human creativity themes represent the psychological barriers as they challenge their established values, core beliefs, and professional identities, creating dissonance resulting in faculty resisting GAI (Talwar et al., 2024).

Regarding faculty perceptions, users tend to emphasize the potential benefits of GAI, while non-users adopt a more cautious and pessimistic perspective. These findings align with Mah and Groß’s (2024) faculty profiles, such that users correspond with the “optimistic” profile, which emphasizes the benefits of AI tools, whereas non-users align with the “critical” and “critically reflective” profiles, which recognize more of the challenges and, to varying degrees, the benefits of AI. This distinction reflects a form of skepticism toward technology, rather than complete resistance.

Faculty expressed concern about academic dishonesty, consistent with past literature (Cervantes et al., 2024; Nikolic et al., 2024). Yet, a deeper analysis revealed distinct differences; non-users were concerned about GAI’s lack of originality, threat to creative work, and negative societal impact. In contrast, users were more concerned with “post-use” issues, such as the accuracy and reliability of outputs, potential bias in the information, and the lack of control over data. Interestingly, both groups found job displacement to be the least concern, contrary to common narrative and fears reported in the media and public, faculty do not see GAI as a threat to employment, maybe because they feel their roles require complex, human-centered skills that AI cannot replicate (Benzinger et al., 2023).

Quantitative analysis revealed that non-users reported lower levels of general comfort with technology, which negatively influenced their intention to use GAI. Their reluctance appears rooted in a broader discomfort with new technologies that fall outside their comfort zone, potentially contributing to limited adoption. Although concerns about GAI were marginally insignificant (p = 0.056), they may still play a subtle role in shaping adoption decisions, which warrants further investigation across diverse contexts and populations.



Contributions, limitations and future directions

This research offers valuable insights into the barriers driving faculty resistance to GAI in higher education, contributing to the literature on technology adoption/resistance. These findings challenge existing technology acceptance models by highlighting that faculty resistance is not solely a function of perceived usefulness or ease of use, but is also rooted in deeper identity-based, value/belief system, and ethical concerns. This suggests that current models must expand to account for the emotional and value-driven reasons, not just practical ones.

The findings inform the development of institutional policies that address faculty concerns through training, support, and clear guidelines. They also encourage ongoing academic dialog to balance GAI’s benefits with ethical implications, ensuring its use enhances rather than undermines human creativity and critical thinking, and prepares students for an AI-integrated future while preserving academic values. However, a key limitation of this study is focusing on two U.S. universities within the humanities and social sciences. Thus, findings may not be generalized to STEM disciplines or to institutions in international contexts. Future research can track changes over time and focus on disciplinary differences, especially in STEM.
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Career readiness is central to job placement, and the development of a competitive résumé by students plays a crucial role in that process. Thus, institutions of higher education have introduced résumé AI tools to help prepare students for the workforce. AI résumé tools are software applications used to optimize résumés. This study explores students’ (N = 88) perceived usefulness of résumé AI tools and examines how these tools contributed to student learning and teaching. The results demonstrate that a majority (70.5%) of students found AI résumé tools advantageous for improving their résumés. Future research should explore how humans interpret and integrate the algorithmic feedback generated by résumé AI technology to effectively adapt their résumés.
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Introduction

Career-focused experiences offered by institutions of higher education aid graduating students in obtaining and securing labor market employment (Flaherty, 2023). Approximately 1–3% of university operating budgets are allocated to student career services and employment initiatives (Alonso, 2023; Johnson et al., 2022). A number of those career service departments obtain access to virtual career platforms that offer 24*7 access and use artificial intelligence (AI) to provide real-time feedback on interviewing skills, job searches, and résumés (Mowreader, 2024). No other pre-interview marketing document is as important for students’ job searches as the résumé (Cole et al., 2007). Consequently, the résumé moderates a candidate’s ability to migrate from applicant to interview pool. For decades, institutions of higher education have recognized the importance of supporting students in developing a competitive résumé (Charney and Rayman, 1989), and at present, academic institutions are integrating AI résumé tools to assist in this endeavor (Abdelwahab et al., 2022).

AI technologies have rapidly spread across the internet with promises to enhance résumés (e.g., Kickresume, Enhancv, and handshake) and are commonly available as part of university-wide enterprise licenses, such as Big Interview’s (2025) ResumeAI. These generative AI tools, a subset of artificial intelligence, are engineered computer programs that generate content via the computational repetition of prevailing patterns found through exposure training with large datasets (Ott and Mack, 2025; Randazzo, 2020). The introduction of these AI technologies has started to change the way institutions of higher education approach student résumé building to enter the labor market upon graduation. AI-powered résumé tools have recently taken on a larger role in assisting learners generate, optimize, and adapt résumés (Ponce, 2024). However, it remains unclear how students perceive these emerging AI technologies in terms of using these tools to help them gain a competitive edge in résumé building.

This research report presents findings aimed at advancing and better understanding the use of AI-powered résumé tools to enhance student résumé development in educational settings. Specifically, Section 2 covers background information related to AI résumé tools purchased by institutions of higher education. In Section 3, the research method is described. Section 4 covers detailed students’ opinions and thoughts about using AI résumé tools. Finally, Section 5 concludes with a discussion of evidence-based practices to implement AI résumé tools for high-quality teaching and assessment.



AI-powered résumé tools

The résumé functions as a more complex billboard for applicants to highlight job fit, educational background, and work experience (Harcourt and Krizan, 1989; Hutchinson, 1984; Hutchinson and Brefka, 1997). An applicant’s résumé is a combination of both (a) formal features and (b) audience-based content (Randazzo, 2020). A résumé’s formal features are largely aesthetic or layout-related (i.e., format, word choice, and sectioning), whereas a résumé’s audience-based content relates to contextual prose adaptation (i.e., linguistic style match, relevant content modification for organizational correspondence, and implicit indicators). Both formal features and audience-based content influence how an applicant’s résumé will be assessed and if the applicant will transition to the interview phase in the job search.

Previous research has evidenced that résumés benefit from the integration of active words and keywords found in the job description (Diaz, 2013; Smart, 2004). Additional findings support the importance of error-free grammar and spelling in a résumé’s presentation (Charney et al., 1992; Martin-Lacroux and Lacroux, 2017). Other research has shown that organizations prefer résumés presented in a chronological sequence (Schullery et al., 2009). Based on the organization’s preference, how the résumé’s characteristics and content organization are presented becomes critical elements that distinguish top candidates from other applicants (Smith and Berg, 2020).

AI résumé tools are software applications designed to optimize résumé’ presentation (Ponce, 2024). These tools using the AI résumé technology generated nearly immediate feedback that is personalized and specific for areas of improvement to enhance the résumé by comparing job description benchmarks to the applicant’s résumé (Birt, 2024). An AI résumé tool is most effective when screening parameters are clearly defined (Boiman, 2024). Using machine learning algorithms, these tools analyze résumés and produce assessments with suggestions targeting spelling, grammar, length, keyword match, action word usage, font choice, space utilization, and margins to improve readability, formatting, and safeguard screening ability for the Applicant Tracking Systems (ATS) (Lookadoo and Moore, 2024).

The newness of the AI résumé technology provides fertile ground for classroom-based instruction (Chong, 2024). However, a review of the extant literature revealed no classroom studies examining how these AI résumé tools are perceived by students who are using the above technology to optimize their résumés. Hence, the following research questions are posed:


	• RQ1: How favorable do students perceive the use of an AI résumé tool?

	• RQ2: How do students perceive the usefulness of AI résumé tool feedback for enhancing their résumés?





Method


Participants

This study (N = 88) involved undergraduate students enrolled in a required, multisection business communication course at a large, east-central university in the United States. During the summer prior to the fall 2022 semester, the course instructor participated in exclusive training that introduced prototype résumé AI technology developed for the university’s previously purchased virtual career platform. Subsequently, the instructor collaborated with virtual career platform representatives to secure access and pilot a free trial of the résumé AI tool. This cutting-edge résumé AI technology was not available to other sections of the multisection course and was only used with students associated with the instructor’s course sections (n = 4) during the academic year (2022–2023).

Participants’ educational status was as follows: 1% (n = 1) sophomores, 93% (n = 82) juniors, and 6% (n = 5) seniors. All participants (100%) were advanced business majors (i.e., Accounting, Economics, Finance, Management, and Marketing). The average age of participants was 20.7 years. Gender distribution included 32% (n = 28) women and 68% (n = 60) men. Ethnic representation was 84% (n = 74) Caucasian/white, 7% (n = 6) Hispanic/Latinx, 5% (n = 4) African American/Black, and 5% (n = 4) Asian American.



Procedures


ResumeAI

Students participated in résumé development activities to build or refine their résumés during the fourth and fifth weeks of the 16-week academic semester. Prior to the résumé submission for instructor grading, students were instructed to have their résumés evaluated by the institution’s virtual career platform résumé AI-technology (see Big Interview, 2025b). The primary focus parameters for ResumeAI were set for education (as opposed to work experience). The platform offers three achievement benchmarks for feedback scores—Gold (superior), Silver (competent), and Bronze (developing). Gold was selected as the scoring benchmark. A mandatory feature was enabled that required the job description to be uploaded to ResumeAI prior to the scanning of résumé using AI, and each student could have their résumé scanned for a maximum of five times each day for 1 week.

The AI résumé elements were customized across four categories: readability, credibility, format, and ATS fit. Readability assessed the résumés’ first impression aesthetics, content information inclusion, summary statement, spelling, grammar, and pronoun usage. Credibility evaluated experience information (chronological ordering and description statements), education details, skill focus (relevance and match), and competency match to job description. Format gauged font size and choice, margins, line spacing, bullet point format, date format, and length of résumé. ATS fit estimated keywords, skills, competency, job title, education, experience level, and location to match with the job description.

Participant’s AI résumé technology use and overall ranks earned from the AI are shared in this study for situating user perceptions of the technology. The rankings could not be associated with participant’s individual feedback due to confidentiality purposes, and no identifiable information was collected from the survey responses by a separate institutional entity. Participants submitted résumés (N = 244) to the AI résumé tool, with a majority of participants submitting their résumés multiple times (M = 2.77) in an attempt to improve their résumé ranking. The majority of participants earned competent or superior résumé rankings (77%) from the AI: 31% (n = 27) Gold (superior), 46% (n = 41) Silver (competent), and 23% (n = 20) Bronze (developing).



Survey mechanics

As part of a midsemester feedback report (week 9 of the semester)—collected by a separate institutional entity without the instructor being present—students agreed to respond to an open-ended question regarding their use of résumé AI. The collected student responses occurred during class time, via a Doodle response pool where students responded from their cellphones. No identifying information was collected from participants. The Institutional Review Board (IRB) chairperson or designee determined that this study did not require IRB review because it fulfills the Coded Private Information or Specimen Use in Research requirements (U.S. Department of Health and Human Services, 2008). Students were asked to discuss (a) what has helped them succeed in the course and (b) what could help them succeed further. They were encouraged to think about the course holistically, including the instructor, course design, materials, lessons, and assignments. The instructor requested that the institutional entity representatives develop a question to gauge how students felt about the use of the prototype AI résumé technology. Specifically, the representatives asked students the following questions about AI résumé tool usage: “Did you find using the AI résumé technology a useful way to receive feedback on your résumé? Why or why not?”




Data analysis


AI résumé favorability

For this study, the two-part question posed to participants was segmented for analysis. The initial question—“Did you find using the AI résumé technology a useful way to receive feedback on your résumé?”—was coded with a priori themes derived from previous research on types of feedback (i.e., LeFebvre et al., 2010; Mory, 2003; Waldersee and Luthans, 1994). Each participant’s response to this question was unitized (N = 88) in the form of the word (i.e., Yes or No) and coded as either positive (Yes) or negative (No). For example, one student wrote, “Yes because it provides plenty of examples that can help me effectively build my résumé and provides useful feedback.” The affirmative response “Yes” was coded as a positive perspective about the use of AI résumé technology. Two naïve coders were provided with the category scheme and categorical definitions (see Table 1) for both positive and negative responses before coding 20% of the sample independently and produced a Krippendorff’s alpha of 1.00, which is in perfect agreement. One coder then returned to the dataset to code the remaining data using the devised codebook.


TABLE 1 Student perceptions of AI résumé technology’s usefulness.


	Categories and Subcategories
	n
	%
	Definitions
	Examples

 

 	Positive 	62 	70.5 	Recognized benefits from using the AI résumé technology 	


 	Corrective feedback 	37 	59.7 	Identifies a deficiency and offers a solution for correction 	I do because I think it gives good tips for each different aspect of the résumé that some professionals might not even realize, and it shows you how you can improve it for next time.


 	Perceived helpfulness 	16 	25.8 	Sense of usefulness from technological interaction 	I think it was very helpful, but I wish we had access to it for a little longer.


 	Specificity-particularness 	9 	14.5 	Level of narrowness to a distinct aspect 	It would take off for small errors such as spacing and whatnot.


 	Negative 	26 	29.5 	Perceived drawbacks of using the AI résumé technology 	


 	Inaccurate criticism 	17 	19.3 	Unreliable identification of a deficiency 	The software was poor and did not accurately read my résumé. For example, it kept telling me that I did not have the job title anywhere on the résumé, but I had the job title front and center, and it did not count it. I would also use exact phrases from my job description, and the AI would tell me that the phrase was nowhere to be found.


 	Not helpful 	5 	5.7 	Lacks a sense of usefulness from the technological interaction 	I did not, that being because my résumé was already completed prior to coming into this class, and it did not give me any feedback that would be helpful.


 	Confusing to use 	4 	4.5 	Perplexing suggestions leading to uncertainty 	It was confusing at times, telling which parts you needed to work on.




 



AI résumé usefulness

Participants then provided qualitative commentary to the subsequent question—“Why or why not?”—about the use of the AI résumé technology. We (two authors) used an open coding process to employ emergent thematic analysis (Tracy, 2013) to examine the responses to the open-ended question. Using an open coding process, we identified potential patterns across participants’ comments to identify and develop similar conceptual thoughts and patterns (Patton, 2015). We independently reviewed open-ended responses and generated a list of reasons. We met and synthesized participant observations into a list of primary reasons. After organizing these conceptual thoughts, we discussed and integrated the codes into themes. Finally, we settled on six themes. A random sample of 10% of the responses was selected for coding. Each author independently coded the responses. Interrater reliability was calculated using Krippendorff’s alpha, which obtained 0.98 agreement. We reviewed the remaining disagreements after coding to complete the analysis. After the coding process, we then structured the themes by developing explicit meanings and explanations, drawing illustrative examples based on particular themes for each coding scheme. We preserved the integrity of the original wording of our participants. Table 1 displays the themes and frequencies.





Results


AI résumé favorability (RQ1)

To address RQ1, participants were asked if using the AI résumé technology was a useful way to receive feedback on their résumés. The majority of participants reported that they perceived using the AI résumé tool positively (70.5%) compared to those students who viewed its use negatively (29.5%).



AI résumé feedback usefulness (RQ2)

To address RQ2, participants provided information about why they perceived the AI résumé tool as either useful or not useful for receiving feedback about their résumés. A majority of participants (n = 62) noted a positive perception, recognizing the benefits of using the AI résumé technology to receive feedback about their résumés. These perceptions included affirmative responses indicating that students found the tool helpful for résumé development. Three positive themes emerged from the student’s commentary. Students identified corrective feedback (59.7%) as the most positively perceived feature of the résumé AI. For example, one student shared, “…[AI] giving feedback very quickly and if you have something else to do, you can go ahead to do so, as soon as the feedback is given, you can change immediately.”

The second most discerned positive résumé AI feature was perceived helpfulness (25.8%). Students felt as if AI résumé technology was helpful in résumé development. For example, a student shared, “I did find it useful because, with the grading that it gives you, it tells you specifically what to change in your résumé. Also, I found the class itself very helpful in my résumé building.” Another student described using AI résumé tools as, “…[AI] provides plenty of examples that can help me effectively build my résumé and provides useful feedback.”

The final positive aspect was specificity-particularness (14.5%). For example, a student felt that “… it does not settle for much less than perfection.” Another remarked that “…it was great being able to use such a software to make sure my résumé was top notch.”

A minority of participants (n = 26) responded with a negative perception related to using the AI résumé technology to receive feedback on their résumé. These perceptions consisted of rejection responses, in which students found AI résumé technology to be unhelpful for résumé development. Three negative themes emerged from the student commentary. Students identified inaccurate criticism (19.3%) as the most negatively perceived aspect of the résumé AI. Students suggested that the AI would provide flawed suggestions for improving their résumés. For example, one student expressed that, “… it was difficult to know exactly what it was marking off points for and if you changed one thing to try and help gain points, you could potentially lose points in another category.”

The second most frequently articulated negative aspect was how the AI résumé tool was not helpful (5.7%). Students felt as if AI was not as helpful as other feedback sources (i.e., instructor). For example, a student shared, “Not as much as feedback from the instructor, because it’s online.”

The third negative issue was that the AI résumé was confusing to use (4.5%). A student described using an AI résumé tool “… to be confusing. It told you what was wrong but not how to make it better.”




Discussion

Institutional investments in AI résumé technology will no doubt continue as support systems for students, especially as AI becomes more pervasive (Big Interview, 2025a; Mowreader, 2024). Students will find the algorithmic feedback conveniently accessible and helpful, as the majority of students associated with this study reported. The customized suggestions, helpfulness in ranking the résumé, and particularness of the feedback are attractive for learners, as reported in this study, especially if such feedback results in higher quality résumés for student grades (and job interviews). These positive outcomes experienced by the majority of participants in this study are promising for the use of this emerging technology. However, the AI résumé technology left nearly a third of the participants negatively frustrated with the prototype technology due to inaccurate suggestions, a lack of helpfulness in the feedback, or confusion about their résumé.


Implications for teaching and learning

From an instructional vantage point, integrating AI résumé technology allowed students to receive “unbiased” feedback from a source that is attributed as neutral prior to instructor’s grading. Another source for résumé feedback is optimal if it is beneficial for the students’ résumé development. Moreover, a majority of students in this study perceived the AI résumé tool positively. However, we would urge caution, particularly if instructors (or institutions) are considering completely offloading résumé feedback to an AI algorithm, in particular, for students who have not received any prior résumé training before enrolling in the course used for this study. The concerns are two-fold: (1) students may not yet understand which feedback from the AI is valid and (2) how AI functions when providing feedback about the résumé. For example, a student shared in their survey response that the AI résumé technology “…gives me someone else’s point of view who is not biased and does not know me.” The statement is both disconcerting and inaccurate because AI is neither a sense-making technology nor is it intelligent (Ott and Mack, 2025). As Han (2022) asserted, “Artificial intelligence does not reason, it computes. In place of argument, there are algorithms” (p. 36). AI résumé technology is a tool to be used to enhance basic résumé development skills, but students should be reminded to be cognitively aware (or wise consumers of its feedback) and understand the limitations presented in blindly trusting algorithmic feedback.

The AI résumé used in this study was a single assignment for students, where they uploaded their résumés multiple times for AI scanning/ranking. When and how often students engage with technology throughout the semester is an important consideration for instructors, regardless of student’s perceptions of positivity. Previous research has demonstrated that the repeated use of AI teaches students technological dependence (Gerlich, 2025) to avoid affective reflexivity (Ott and Mack, 2025) and mindlessly follow algorithmic patterns based on predictive replication (Coeckelbergh, 2025). Therefore, instructors should find an appropriate balance between AI and human cross-checking for the résumé. If the goal of a higher education institutional is to help prepare future leaders and problem solvers (i.e., students) to enter the labor force, emphasizing the importance of human critical thinking in educational settings in helping students further prepare to be the arbitrators of AI tools (not the inverse).

Coupling résumé AI technologies with human-focused educational strategies that proceed and then promote AI usage and critical thinking skills is imperative (Gerlich, 2025). Educators should consider the stages of résumé development in the course. For instance, where would the résumé AI technology be best situated? Perhaps résuméAI technology is best used as a final quality check, rather than simply offloading the instructional endeavor of résumé writing to an AI. Additional considerations should include the degree of human feedback a student’s résumé has received before scanning with an AI résumé tool. When and how many human-generated feedback (i.e., instructor and peers) encounters have occurred with the résumé prior to AI scanning? Such human feedback integration helps to balance the formal and audience-centered approaches to résumé creation as well as the human and algorithmic feedback provided to the résumé’s creator.



Limitations and future directions

This study explored students’ perceptions of the usefulness of AI résumé tool within a multisection, required business communication course. Student experiences were isolated to explore their perceptions of the AI technology. However, the sample only included course sections taught by one instructor with the use of a single prototype AI résumé tool. By increasing the sample size and scope, future studies should explore nuances in particular multisection courses with different instructors to determine if AI résumé technology is perceived as useful as it was to students in this sample.

Future research should seek to triangulate the association between student’s self-reported perspectives and the quality of their résumé report generated by AI résumé tools. However, students who receive higher evaluations from the résumé AI technology rate the use of the AI more positively but may not be creating the most competent résumés by human standards. Other future studies should trace the evolution of the résumé’s development from student-scanned uploads to isolate the résumé’s progression and explore if the student résumé demonstrates improvement from algorithmic feedback generated by the résumé AI.




Conclusion

AI résumé tools offer academic institutions an additional avenue to provide efficient and accessible support to students preparing application materials—particularly the résumé. The institutional goal is to help increase student competitiveness in the labor market and increase the probability of employment. The results reported in this study demonstrate that students find engaging with these technologies to be advantageous for fine-tuning their résumés. However, as résumé AI technology becomes more widespread, significant instructional training will need to be dedicated to help learners distinguish the value communicated by these algorithms.
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In the published article, the affiliations were incorrect. It should be:

Luke LeFebvre1* Renée A. LeFebvre2
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In the published article, there was an error in the capitalization of words. A correction has been made to the Introduction, paragraph 2 This sentence previously stated:

“AI technologies have rapidly spread across the internet with promises to enhance résumés (e.g., Kickresume, Enhancv, and handshake) and are commonly available as part of university-wide enterprise licenses, such as big interview's (2025) ResumeAI.”

The corrected sentence appears below:

“AI technologies have rapidly spread across the internet with promises to enhance résumés (e.g., Kickresume, Enhancv, and handshake) and are commonly available as part of university-wide enterprise licenses, such as Big Interview's (2025) ResumeAI.”

In the published article, there was a misspelling in the Discussion section, Implications for teaching and learning, paragraph 3. The corrected sentence is: “Perhaps résuméAI technology is best used as a final quality check, rather than simply offloading the instructional endeavor of résumé writing to an AI.”
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This reflective essay outlines a positive-constructive pedagogy as an approach to enhancing AI literacies of different types, with a focus on the individual’s personal relationship to AI technologies. It is argued that personal relationships with emerging technologies are crucial for a successful implementation of AI in society, as understanding of AI needs a personal contact with the technology and tacit knowledge about it to develop. AI thus poses a societal learning challenge, which can be met by lending space for personal attitudes, affects, and reflections of media users from the outset, supporting them gradually toward a critical and deepened relationship to the tools and software they are using.
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Introduction

An individual’s personal relationship with artificial intelligence (AI) is a decisive factor in shaping societal development. In this reflective essay, I intend to outline a pedagogy that is individual-centered and, more particularly, focuses on the individual’s relationship to AI technologies and pinpoints the positive and advantageous dimensions of the technologies. The essay is based on my personal experiences of workshops that I have run among journalism students, journalists, and other communication practitioners in 2024–2025. I particularly focus on four 2-h workshops organized with a similar structure for academic researchers and communicators in October 2024 and February 2025, journalism students in November 2024, and public-service journalists in March 2025 in Sweden. The aim is to describe a pedagogical model that represents something that I call positive-constructive pedagogy (see e.g. Seligman and Csikszentmihalyi, 2000).

I will first discuss the three basic divides that typically define learners’ perceptions of AI and argue that there are at least three kinds of gaps between the public presentations of AI and the lived experiences, which need to be taken into account in pedagogy. Following this, I will discuss why pedagogical approaches to AI education can greatly benefit from a positive-constructive approach in pedagogy and how centering on the individual’s perspective is conceived of as important in the current competence models proposed by UNESCO. As a pedagogical application of these ideas, I will present the so-called 3E model that intends to put these ideas into practice. The 3E model focuses on adoption and building an initial understanding of AI technologies, which has been the focus of my workshops. Ideas concerning AI pedagogies are still a work-in-progress, and so is my effort to construct a pedagogical approach that would help learners become equipped with a baseline understanding of the new disruptive technologies.



Disentangling pre-conceptions of AI

I argue that there are three fundamental disparities that make AI a different kind of phenomenon in people’s everyday lives than in conceptual terms. First, there is a gap between the mediated imaginary of AI and its actual presence in daily life. Second, there is a disparity between the abstract nature of the concept and its concrete manifestations in users’ everyday experiences, seen as narrow AI. Third, there is a disproportion between organizational decision-making and individual decision-making when it comes to the selection and use of AI tools. Next, I will discuss these gaps in more detail.


Imagined vs. lived AI divide

Studies on journalistic newspaper coverage have found that industry sources dominate public attention. For example, a content analysis by the Reuters Institute for the Study of Journalism (Brennen et al., 2018) showed that almost 60% of news articles across different outlets covered new industry products—from new versions of familiar gadgets such as smartphones to wearable, portable, sci-fi-like assistants, and robots. These are typically promoted and commented on by male stakeholders who can have financial gains from AI (Brantner and Saurwein, 2021; Brennen et al., 2018; Ouchchy et al., 2020); for example, almost 12% of all articles in the Reuters study included a reference to Elon Musk. The dominance of insider and tech expert views overshadows experts from the academy and governments, female experts, activists, non-governmental organizations (NGOs), and other civil-society representatives, as well as ordinary customers, educators, and citizens.

Moreover, as is well documented, popular cultural imaginaries—prominently represented in mainstream cinema through films such as The Matrix, Terminator, or Dall-E—tend to construct narratives of AI that are heavily dystopian. These portrayals frequently revolve around fears of technological singularity and scenarios in which intelligent machines surpass and ultimately take over control of societies. Alternatively, AI is often anthropomorphized or personified, reflecting deeply rooted cultural motifs evident in films such as Her and Simone, where emotional or romantic relationships between humans and (female) AI entities form the central narrative arc. The tendency to name chatbots and design humanoid robots only reinforces the fact that the term AI involves the unfortunate word choice “intelligence,” a word that inherently suggests human-like cognitive capacities. These imaginaries contribute, even if we are conscious of their constructed nature, and may influence our learning.

In contrast to the grand cultural narratives surrounding AI, the everyday experience of using available tools and technologies can appear slightly lame or underwhelming. Once the initial sense of wonder fades—such as witnessing a generative AI model for the first time produce a coherent text—the capabilities of current AI tools accessible to the general public remain markedly modest when compared to the futuristic visions popularized in media and fiction. AI tools fail at conducting tasks that are simple for a human being with an emotional repertoire and are often quite formulaic and repetitive.

One productive way to challenge these dominant narratives is to begin with definitional clarity—or, perhaps more usefully, with inverse definitions. Instead of asking what AI is, a valuable entry point for AI pedagogy may be to point out what it is not. For individuals newly encountering AI—many of whom may only recently have heard of tools such as ChatGPT—it is important to note that the concept of AI is far from new. According to the Swedish Internet Foundation (2024), approximately one-third of the population has already used ChatGPT. Yet, it may still come as a surprise that the origins of AI can be traced back to the mid-1950s.



Conceptual vs. applied AI divide

Since AI has been defined as technologies, applications and tools, knowledge fields, and research fields, learners may find it challenging to capture in conceptual terms. Our everyday experiences do not always let us distinguish AI from the software that we are using. AI can be both integrated into regular software and stand out as separate tools marketed as AI solutions. Originally, the definition of AI refers to “the ability of machines to use language, develop abstractions and concepts, and handle problems usually reserved for humans and improve their own performance” (McCarthy et al., 1955). It thus refers to the capabilities of computer systems or intelligent agents to perform tasks that were once considered exclusive to human intelligence and to enhance these capabilities through autonomous learning—a trait traditionally attributed to humans. In this sense, AI is better understood as a characterization of a set of potential to be harnessed in interaction rather than as a concrete or easily extractable entity.

Indeed, policymakers and public educators have started describing AI as an umbrella term or concept referring to a variety of technologies. The Swedish Internet Foundation (2024) suggests on their website that AI is “[a] collective term for computer programmes and tools that are designed in various ways to resemble human thinking,” adding that, “for example, computers should be able to reason and plan, learn from new information and much more.” Approaching AI as a comprehensive term may also make it easier to understand how it is manifested in different types and forms, such as generative AI (genAI). However, whereas general AI is a very broad and abstract term, and even narrow AI might appear less tangible, genAI seems more appealing because of its concrete form, in particular as large language models such as ChatGPT, Copilot, or Claude, of which most citizens nowadays have some awareness. Drawing on the umbrella concept, AI can be conceptualized as a pool of resources, or, to be more concrete, tools, which an individual can choose to add to his or her toolkit.



The organizational vs. individual divide

There is also a gap between organizations and individuals in terms of adopting and using AI. In organizations, decisions regarding the use (or non-use) of tools, as well as in-house AI development, are made top-down at the strategic level. Individuals are typically either prohibited from or permitted to use certain tools but are rarely encouraged to choose tools based on their own preferences, largely due to concerns about privacy and data security. In informal and private contexts, however, individuals are free to choose whichever tools they prefer—and must also carry out their risk assessments. This may not sound surprising, but it has consequences for pedagogies.

Because of this gap, talking about professional and private uses is often two things. In organizational settings, which I will later call the backstage, you are not allowed to test everything freely. If the organization only uses Copilot, you need to build all your understanding on that tool. In private uses, which I will call the personal stage, you can experiment and learn; that is, harness your settings for learning. Those who actively test and learn by trial can be better equipped to encounter AI-driven technologies at the workplace, as they have developed a sense for critical prompting.




Toward positive-constructive pedagogy

Positive-constructive pedagogy is an educational approach that merges the core ideas of constructivism with a strong, affirmative focus on learners’ development and wellbeing. The pedagogy seeks to evoke trust in the learner toward the technologies, despite the manifold critiques that can be put forward to these technologies, and while acknowledging these risks. It highlights each learner’s strengths, potential, and intrinsic motivation, while also involving the emotional and affective dimensions of both technology relationship and learning. Even if many of the dimensions of technology adoption are related to emotional and practical dimensions of use, such as the attitudes of using tools, the perceived ease of use, and the perceived usefulness, technologies are often discussed without this individually nuanced underpinning.

Positive-constructive pedagogy encourages collaborative learning and dialogue, which allows learners to engage with diverse perspectives and co-construct understanding. Learning activities are often experiential and reflective, helping learners connect theory to practice while also examining their assumptions and insights. Teachers play a supportive role by offering affirming, constructive feedback that nurtures both competence and confidence.


Individual’s technology relationship

To conceptualize the individual relationship to AI technologies, I outlined a model of different stages of production in the context of academic uses of AI (Jaakkola, 2024). This model suggested that there are three spheres where an individual’s relationship to AI emerges and is shaped, which I called the personal stage, the backstage, and the frontstage (see Figure 1):


	1. Personal stage: the private sphere of personal use and informal, often self-determined learning where you can choose, test, and (mis)use tools according to your own preferences.

	2. Backstage: the organizational environment, such as the workplace (a newsroom, school, public authority office, and classroom), where the organization’s guidelines define the uses (which tools to use and not to use, and how) and learning efforts are connected to collective cycles of knowledge production and workflows.

	3. Front stage: the public or semi-public space where the outcome of work is presented to an audience—whether as a journalist, teacher, researcher, etc.—and where both individual and organizational transparency about the uses is expected as an action of responsibility.



[image: Three-panel image depicting stages of scientific work: a person working alone at a cluttered desk labeled "Personal stage," a group of researchers collaborating around a table in a lab labeled "Back stage," and a scientist presenting data to an audience with graphs in the background labeled "Front stage."]

FIGURE 1
 The three stages of AI uses. The images were produced with the AI-tool Playground AI with prompts referring to the following concepts: “researcher examining a computer”, “researcher and a team analysing results” and “researcher presenting results to an audience” (see Jaakkola, 2024, p. 5).


At the individual level of the personal stage, a person can freely select tools and software, engaging in exploration, testing, and experimentation without immediate organizational constraints. At the personal stage, the individual needs to take responsibility for his or her actions and assess how to protect him or herself in terms of data security and information hygiene, and how much to invest resources in tools and processes. In contrast, the organizational guidelines and frameworks inform and restrict the individual’s actions backstage, where the employer or the organizational environment outlines the restrictions for the use, demarcating the areas of use and non-use. In the backstage, the employer or institutional context establishes guidelines and regulations that define acceptable and prohibited uses of AI technologies. For instance, many organizations—whether universities, companies, public authorities (such as schools), or newsrooms—implement specific policies that permit the use of certain platforms, such as Microsoft’s AI tools, while restricting or prohibiting others. A common example is the preferential use of Copilot over ChatGPT, or AI systems developed by the organization itself over external tools and services available.

Finally, at the front stage, the uses at both the backstage and personal stages need to be assessed and described to increase the transparency and truthfulness of the outcome that has been generated with co-intelligence between human actors and a machine. Some forms of communication, such as journalism, apply stricter ethical frameworks for transparency and accountability than others, such as communication between free citizens. The practices developed for the front stage also significantly define what possibilities citizens and audiences have to assess the truthfulness of content and establish trust in the producers of content or information.

The spaces are interconnected and cumulatively contribute to the experiences of an individual with AI, and, in the long term, their AI literacy. The key is fostering critical reflection on these experiences. These workshops are grounded in the idea that gaining personal, experiential knowledge of AI tools is essential for understanding their implications and potential. In this essay, I argue that this individual, experience-based perspective represents a crucial component in the development of emerging pedagogical approaches aimed at supporting effective teaching and learning about AI.



Competence framework and iteration

The United Nations organization UNESCO, responsible for global educational visions and especially for the Global South, has outlined competency frameworks for learners (Miao et al., 2024) and educators (Miao and Cukurova, 2024). These competence frameworks include a dozen different competencies across four dimensions: a human-centered mindset, ethics of AI, AI techniques and applications, and AI system design (also see Jaakkola, 2023; Deuze and Beckett, 2022; Ioscote et al., 2024).

These competencies also span three progression levels or degrees of “understanding,” “applying,” and “creating,” reflecting three different levels of competence ranging from the foundations of knowing to skills of action and, finally, to the capacity to design systems. While there is still no consensus on whether learners in formal education need to master coding or create software by themselves, or whether the sufficient level of competency can be limited to a more superficial use of tools (Moreno-León et al., 2016; Green, 2018), it is evident that acquiring creation skills always contributes to a deeper understanding of reception and transversal skills such as problem-solving (Popat and Starkey, 2019).

One of the fundamental aspects of access and navigation with technologies is whether the user chooses to use certain tools or technologies or refrain from their use. Even if the user opts for the use, there is a wide variety of options to choose from. Many basic functions can be carried out with the help of large language models, in which the distinct functions of data management and analysis are integrated. Still, there are also specialized tools, such as ChatGPT, Claude, or Gemini, that can be used for more specific purposes, such as creating a synthetic voice or musical pieces. In this respect, models of technology adoption may cast light on what factors affect the choices (see, e.g., Lai, 2017). These models show that things such as perceived ease of tools and self-efficacy affect the decisions to start using a tool (Venkatesh et al., 2003).

Even frameworks for organizational learning are based on the iterative processes of testing and integration. As proposed by Nonaka and Takeuchi (1995), knowledge is created and managed in organizations within the processes of socialization, externalization, combination, and internalization. Their so-called SECI model implies a continuous process where knowledge is shared, articulated, systematized, and internalized, enabling organizational learning. They emphasized that knowledge creation is not merely about processing information but about mobilizing human commitment and fostering shared understanding. Similar ideas about continuous processes of verbalization are used in models of reflective learning (Higgins, 2017) and experiential learning (Kolb, 2015). In a similar way, organizations are expected to reach AI (or other technological) readiness in the dynamic processes between people, social processes, data, and technologies (Uren and Edwards, 2023).




Pedagogical application: the 3E model

The three workshops were structured according to a three-part model based on principles of professional reflection, experiential learning, and tacit knowledge production. I refer to this as the 3E Model, consisting of the phases of Enter, Experience, Exit. The Enter phase is about becoming familiar with the concept of AI and approaching theoretical or conceptual knowledge from a personal perspective. Participants are encouraged to explore their preconceptions, identify, and overcome fears or barriers, and build a foundational understanding. In the Experience phase, participants engage hands-on with tools and methods, gaining first-hand insights through trial and error. The focus is on learning by doing.

In the final Exit phase, participants reflect on their experiences and attitudes, step back to see the broader picture, and collaboratively develop shared practices, such as guidelines or “house rules.” The model is not only learner-centered but also focused on the positive gains and effects; only in the final phase, the risks, restrictions, and possible harms are addressed and explicitly included in the picture. If the model is repeated, reflection informs re-entry. I will briefly touch upon some pedagogical assignments that can be applied in these phases.


Enter

To settle the individual perspective, an initial pedagogical approach to AI can aptly begin with addressing preconceptions and attitudes among learners. This includes both alleviating unfounded fears and tempering inflated expectations—two extremes that, as mentioned earlier, often characterize public perceptions shaped by media narratives. Educators and facilitators have the important task of placing AI technologies within a realistic and comprehensible context by providing factual, balanced information. Equally important is the effort to understand the subjective meanings individuals assign AI. Each person’s background, experiences, and exposure to technology shape their perceptions, influencing both their openness and resistance to engaging with AI tools. Identifying these personal barriers and underlying attitudes—whether they stem from uncertainty, lack of knowledge, ethical concerns, or past negative experiences—is crucial.

Example 1. Learners are invited to discuss their previous experiences with ChatGPT. For what purposes have they used it, and what were the outcomes? Are they utilizing their full potential? These experiences are documented on a shared whiteboard or similar platform to make the diversity of use visible. By exchanging experiences, learners can discover how others engage with the tool and consider new ways it might be used. They may also identify gaps in their knowledge and skills. Through shared discussion, the tool becomes more approachable—more “tamed”—as learners begin to attach personal meaning to it and integrate it into their reasoning.


Learners can also be invited to list the pros and cons of their uses or journalistic uses. Providing an initial reflective space for participants to explore their attitudes and emotional responses to technology lays the groundwork for more focused and meaningful learning. Encouraging learners to consider their relationship with technology in general—and with AI, particularly genAI, which is currently the most prominent and user-friendly form—enables them to develop a holistic understanding of themselves as users and fosters components of self-efficacy. Once this foundation is established, the process of acquiring knowledge and practical skills through experimentation and hands-on testing, which requires a degree of confidence and self-perceived competence, tends to proceed more effectively.



Experiment

We know that ICT or computer skills cannot be taught without connecting exercises to a context. By freely experimenting with different tools, learners’ gain a first-hand contact and tacit knowledge about how tools are used or how they need to be mastered.

Example 2. Learners are invited to test tools focusing on different media types by creating a written text, an audio text, a visual text, and an audiovisual presentation. Potential tools are listed for learners in each category, and learners can choose which tool to experiment with. They may make different versions of varying prompts or comparing tools designed for the same procedure. They are asked to share their presentation with others.


Learners are asked to create visualizations of a given group of people—for example, minorities or gender-related topics—to engage with the various biases and instances of cultural insensitivity that may occur in AI systems. By prompting the generation of images related to value-laden themes, such biases can be revealed and critically examined. As prompt designers, learners are empowered to influence and revise the outcomes themselves. This active engagement fosters a deeper understanding of how human–machine interaction works and helps them build confidence in navigating and shaping co-intelligence.



Exit

In the Exit phase, the outcomes of the experiments are integrated with reflection. Some critics may argue that an approach focusing on me-centered perspectives risks overlooking the broader macrostructures that shape everyday experiences, such as political, economic, and institutional forces. However, these wider structures can be meaningfully addressed through the lens of individual experience, particularly by encouraging contextualization and critical reflection. A key pedagogical objective in engaging learners with AI, therefore, lies in making visible the often-invisible infrastructures—technological, organizational, and societal—that individuals rely on in personal use (at the personal stage), within institutional or organizational boundaries (the backstage), and in their public or professional roles (the front stage). Educators can help learners situate their experiences within larger systems of power and influence, fostering both individual agency and structural awareness.

Example 3. The outcome of experiments is analyzed in pairs or small groups in terms of opportunities and risks. By balancing opportunities and risks, learners acquire a more balanced picture and assess the values of the tools in question for the specific tasks they may want to accomplish, for example, whether or to what extent to use AI for the creation of a journalistic podcast and its promotion online. In this phase, the educator becomes more questioning with an attempt to guide learners to create more critical distance from their uses and technological relationships.


While single-session workshops can only serve as an entry point to the broader process of continuous learning, they must introduce participants to the foundations of a personal relationship with AI—one that encompasses attitudes, skills, usage practices, and critical reflection. Ideally, learners leave with not only an understanding of the concepts but also a sense of direction for how to further develop and refine this relationship over time, supported by the initial scaffolded experience. Experiential and affective dimensions, which involve the pivotal component of tacit knowledge, can be complemented with the reflections brought forward by self-determined study. Self-study materials such as MOOCs (massive open online courses) and open educational resources (OERs) are widely available.

Another criticism that the positive approach stressed by the conceptualization of individual relationships in the focus may encounter is that it risks being insufficiently critical. By prioritizing the notion of AI as a resource, it may downplay the significant risks, potential harms, and disadvantages associated with AI. However, as the public discourse on AI is largely shaped by these risks, emphasizing risks may contribute to higher thresholds in making decisions regarding their uses. Cultivating a critical distance involves encouraging reflection on the implications of use and non-use, the modes and contexts of application, and the broader societal and ethical frameworks in which these technologies operate. Such metaperspectives are most effectively developed through structured opportunities for reflection, which allow learners to move beyond surface-level engagement and consider deeper questions about power, responsibility, and the socio-technical dynamics of AI.




Conclusion

In this essay, I explored how the concept of developing and strengthening an individual’s trusting relationship with AI technologies can be conceptualized and translated into the pedagogical practice of the 3E model. With the threefold model of Enter, Experiment, Exit, educators can visit all stages of AI use in varying didactic settings.

The positive-constructive pedagogical approach to AI of the 3E model can be contrasted with public discourses that often emphasize potential risks and pitfalls from the outset. This approach rests on the premise that critical awareness and reflective distance toward technologies are most effectively cultivated through direct, personal engagement. Hands-on experience allows learners to develop more nuanced, relevant, and proportional insights grounded in observation and evidence. Rather than instill fear or skepticism prematurely, this pedagogy encourages exploration and informed judgment, thereby empowering individuals to critically assess AI technologies based on their encounters and contextualized knowledge.
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Learning diaries are reflective tools, often used as formative assessments in adult education with the aim to promote cognitive and metacognitive learning strategies. As grading of and feedback on learning diaries is effortful for teachers, artificial intelligence (AI) may assist teachers in evaluating learning diaries. A prerequisite is that AI's ratings show high accordance with the teachers' ratings. AI accuracy, measured via absolute accuracy and bias, is the focus of the current study with N = 540 learning diary entries focusing on learning strategies, seven teachers, and ChatGPT-4o. Findings revealed that AI evaluations align closely with teacher assessments, indicated by high overall accuracy and low bias. Interestingly, the accuracy varied based on the types of learning strategies assessed in the diaries. Additionally, individual teacher assessments influenced the alignment between human and AI evaluations, suggesting that teachers applied their profession-specific expertise to the assessment process while AI produced somewhat generic evaluations. Overall, the study results indicate that AI can enhance the efficiency of formative assessments while providing timely feedback to learners.

Keywords
learning diary, AI assessment, AI accuracy, AI-teacher agreement, adult education


1 Introduction

The future of learning and assessment is expected to change significantly, with formative assessments gaining importance (Bürgermeister and Saalbach, 2018). Open assessment formats such as learning diaries aim to support learning and foster reflection on professional practices (Alt et al., 2022; Chang et al., 2016; Campbell et al., 1999; Trif and Popescu, 2013). However, their evaluation remains time-consuming. Integrating artificial intelligence (AI) into the evaluation process can provide meaningful support for teachers in the assessment process (Järvelä et al., 2025; Molenaar, 2022), thereby enabling immediate feedback to learners (Mao et al., 2024).

Against this background, the present study investigates the potential of AI as a teaching assistant in formative assessment settings. More specifically, it examines the accuracy and bias of AI-supported assessment in the context of reflective learning diaries in adult education. Drawing on a multiple-rater design, the study explores the extent to which (a) the type of learning strategy assessed and (b) the individual teacher influences the level of agreement between human and AI-based evaluations.



2 Theoretical concepts


2.1 Learning diaries

In an open learning diary, learners write about their own learning in a reflective way with the aim to deepen their knowledge and to apply learning strategies (Chang et al., 2016; Naujoks and Händel, 2020). By structuring open learning diaries in alignment with different types of learning strategies, namely cognitive and metacognitive strategies (Glogger et al., 2012; Nückles et al., 2009; Wilkens, 2020), learners receive targeted support in tracking their progress and engaging in systematic reflection (Schmitz and Wiese, 2006; Wallin and Adawi, 2018).


2.1.1 Cognitive learning strategies

Organization and elaboration strategies are cognitive learning strategies with the goal to help learners process, memorize, and retrieve information. Organizational strategies are used to structure knowledge (e.g., via summarizing) with the aim to transform learning content into a readily comprehensible and retrievable form that allows for the systematic integration of information into existing memory structures (Winne, 2001). Elaboration strategies inherent more complex cognitive processes and focus on linking new information with prior knowledge or allow for a transfer of information learned to new contexts (Marton and Säljö, 1976).



2.1.2 Metacognitive learning strategies

Metacognitive strategies help learners to monitor current understanding or problems regarding their learning process (e.g., identifying knowledge gaps) and to regulate future learning. Overall, especially metacognitive strategies play an important role in the success of the self-regulated learning process with positive effects on academic performance as indicated by meta-analyses (Anthonysamy et al., 2020; Broadbent and Poon, 2015).

In line with models of self-regulated learning, which encompass both cognitive and metacognitive processes, empirical research on learning diaries suggests that both types of strategies influence each other and therefore require the intertwined use of all strategies (Nückles et al., 2009; Roelle et al., 2017).



2.1.3 Guiding question for each learning strategy

Following Wilkens (2020), learning diaries can be structured along the three core learning strategies discussed above—organization, elaboration, and metacognition. To support learners in applying these strategies reflectively, Wilkens (2020) proposes the use of guiding prompts:

	1. Organization: How can I summarize the central content of the topic?
	2. In-depth elaboration: What connections can I make to my prior knowledge?
	3. Transfer-supporting elaboration: Where and how can I apply the presented theories or models in practice?
	4. Metacognition: What will I do next to clarify remaining questions or to deepen my understanding?

However, the open format of learning diaries makes evaluation as well as feedback time-consuming. Hence, the current study investigates how AI can support teachers in the assessment process of learning diaries.




2.2 AI in assessment

Integrating AI into assessment practices is highly transformative. While traditional assessment systems are often perceived as burdensome, discrete, uniform, inauthentic, and antiquated (Mao et al., 2024; Swiecki et al., 2022), AI-based assessment practices could offer a “paradigm shift” (Agostini et al., 2024, p. 3) especially with regard to evaluating performance. For example, AI can automatically grade tasks and provide immediate feedback to learners, thus enabling adaptive assessment experiences and simultaneously reducing the workload for educators—especially in formative assessment settings.


2.2.1 AI in grading

Trained AI tools showed reliable and valid outcomes when automatically grading closed and open short-answer questions in several domains like programming education (Grivokostopoulou et al., 2017; Messer et al., 2024) or written and oral tasks in language assessment contexts (Huang et al., 2023; Kumar and Boulanger, 2020). In contrast, generative AI models not specifically trained for educational assessment purposes, such as ChatGPT, so far led to ambivalent results of agreement between human and AI assessments when grading open answer questions and essays (Alers et al., 2024; Kooli and Yusuf, 2024; Lundgren, 2024). Nevertheless, their broad accessibility for non-specialist users and the lack of development-related implementation costs render them a potentially attractive solution for educational settings.



2.2.2 AI and learning diaries

As learning and assessment are increasingly “shifting from product-focused to process-focused assessment” (Corbin et al., 2025, p. 7), learning diaries may gain importance due to their ability to capture learners' metacognitive and reflective processes. Initial research has also explored AI-assisted grading of reflective essays in higher education (Awidi, 2024), yet the extent to which generative AI aligns with human ratings in evaluating structured and open learning diaries remains unexplored.




2.3 Research questions

This study investigates learning diary assessments performed by teachers and AI, namely the ChatGPT-4o model by OpenAI. The aim of the current study is to analyze the agreement between teachers and ChatGPT-4o by examining four separately assessed learning strategy categories of a learning diary in adult education. The first research question focuses on the differences between the four learning strategy categories, which are based on different information processing levels:

	RQ1: To what extent does the AI-teacher agreement vary across and between the learning strategy categories assessed in the learning diaries?

Additionally, teacher-specific patterns are studied:

	RQ2: To what extent does the AI-teacher agreement vary by teacher across the four learning strategy categories?




3 Methodology


3.1 Sample

Between June and September 2024, 135 learners1 of a publicly funded continuing education program in Germany submitted each four digital learning diaries as graded formative assessments.2 Each diary was independently assessed by one of seven teachers (human raters)3 and ChatGPT-4o. The study was conducted at velpTEC GmbH, an adult education institute, and was reviewed and approved by the institute's and Friedrich-Alexander Universität Erlangen-Nürnberg data protection officers.4



3.2 Object of investigation

The study used a digital, open, and structured learning diary comprising four learning strategy categories (Wilkens, 2020). Learners responded to four categories—organization, in-depth elaboration, transfer-supporting elaboration, and metacognition—in free-text form (Wilkens, 2020).



3.3 Study design and procedure

Overall, learners could achieve a maximum of eight points across the four categories at each measurement occasion. Teachers5 as well as AI were trained to evaluate criteria-based per learning strategy category.

Both, the teachers and the AI assessed the learning diaries (see Figure 1). A prompt created by the educational institute supported the ChatGPT-4o model. Only the content of the learning diary was transmitted to the AI, and no additional personal data was provided for teachers or AI. During the evaluation process, teachers received AI-generated suggestions including a score and short rationale (Swiecki et al., 2022). Teachers then recorded their final human evaluation per learning strategy category. This workflow is illustrated in detail in Figure 1.


[image: Flowchart showing a learner writing a learning journal, followed by ChatGPT-4o generating a grading suggestion. The teacher reads the journal and suggestion, evaluates the journal, enters the grade into the evaluation sheet, and provides feedback.]
FIGURE 1
 The assessment process at velpTEC GmbH.




3.4 Measurement of learners' performance

The assessment of the learning diary entries followed an analytic scoring model (Jönsson et al., 2021) with 0 to 2 points assigned per learning strategy category. A score of 2 indicated a high-quality response with well-reasoned and differentiated engagement; a score of 1 reflected a surface-level but sufficient response; and 0 points were given when the category was not addressed or the response lacked meaningful engagement.



3.5 Data analyses
 
3.5.1 AI-teacher agreement

For the evaluation of the AI-teacher agreement, the teacher ratings served as the reference. Therefore, we adapted the established measures absolute accuracy as well as a bias by Schraw (2009) to AI-assessment. While the original scores consider differences of learners' actual and self-judged performance, accuracy and bias in our study are based on differences between the human and AI ratings using the same formulas.

Absolute accuracy represents the summed absolute difference between the teacher rating and the ChatGPT-4o rating over all four measurement occasions. By transforming this difference into a percentage score, the maximum value of 100 indicates a perfect match between the human and AI ratings. Bias was calculated as the difference between ChatGPT-4o ratings and human ratings (range from −100 to 100). It reveals the extent to which ChatGPT-4o overestimated (positive value) or underestimated (negative value) the learners' performance relative to the human rating that served as a relative reference point for this comparison. A value of zero signifies balanced judgments. Absolute accuracy and bias were calculated for each learning strategy category as well as for overall AI-teacher agreement across the categories.



3.5.2 Statistical analyses

A multivariate mixed design based on the ANOVA procedure with the four learning strategy categories as repeated measures (within-subjects factor), assigned teacher (between-subjects factor), and absolute accuracy and bias (dependent variables) was conducted to test for AI-teacher agreement. The influence of the learning strategy categories on AI-teacher agreement was analyzed by the within-subjects effects (RQ1). Additionally, the interaction effect between the learning strategy category and assigned teacher on the AI-teacher agreement was tested to answer RQ2.





4 Results


4.1 AI-teacher agreement

All accuracy measures indicated an overall high AI-teacher agreement. The descriptive values in Table 1 show, that average overall absolute accuracy was close to the possible maximum of 100%, indicating a high agreement between teachers and ChatGPT-4o regarding learners' overall performance. Bias indicated a slight overestimation by ChatGPT-4o of learners' performance in relation to the human ratings when summarizing all four learning categories.

TABLE 1  Descriptive statistics M (SD) for overall absolute accuracy and bias of ChatGPT-4o regarding learners' performance (in relation to the human raters and aggregated over all learning strategy categories).


	Human rater
	N
	Overall absolute accuracy
	Overall bias





	Overall
	135
	93.26 (7.31)
	1.09 (7.71)

 
	Rater 1
	25
	94.75 (4.58)
	−2.25 (5.30)

 
	Rater 2
	19
	91.45 (6.15)
	5.26 (7.44)

 
	Rater 3
	17
	92.64 (8.04)
	1.10 (8.90)

 
	Rater 4
	13
	93.57 (7.27)
	−3.13 (7.86)

 
	Rater 5
	19
	91.61 (10.26)
	3.13 (8.20)

 
	Rater 6
	23
	97.69 (5.43)
	−0.14 (4.76)

 
	Rater 7
	19
	89.80 (7.13)
	3.95 (9.13)








4.2 Category-specific differences in AI-teacher agreement (RQ1)

Both accuracy measures of AI-teacher agreement (see Table 2) showed significant differences between the four learning strategy categories, indicating that AI can evaluate learners' performance more accurately for some strategies than others (see Tables 3, 4). The results of the multivariate mixed-design revealed a significant main effect for the learning strategy category, F(6, 768) = 6.08, p < 0.001, ηp2 = 0.05. According to Cohen (1988), this effect size was small to medium. The differences were small for absolute accuracy and medium for bias. The Greenhouse-Geisser adjustment was used to correct for violations of sphericity. Post-hoc tests showed significant differences between the learning strategy categories (see different letters in Figures 2A, B). The learning strategy category of metacognition yielded a bias closest to zero (see Table 2). Together with the high absolute accuracy of this category, this points to a high AI-teacher agreement without underestimating or overestimating the category of metacognition by the AI.

TABLE 2  Descriptive statistics M (SD) for absolute accuracy and bias regarding the four learning strategy categories.


	Agreement
	Organization
	In-depth elaboration
	Transfer-supporting elaboration
	Metacognition





	Absolute accuracy
	92.69 (10.73)
	91.94 (11.48)
	94.17 (9.99)
	94.26 (9.00)

 
	Bias
	-2.13 (12.46)
	3.06 (11.48)
	2.69 (9.46)
	0.74 (9.99)






TABLE 3  Results of the multivariate mixed design for differences in absolute accuracy between the within-subjects factor learning strategy categories, the between-subjects factor teacher, and their interaction.


	Effects
	F
	df
	p
	ηp2 





	Learning strategy category
	2.88
	(2.69, 343.73)
	0.042
	0.02

 
	Teacher
	142.55
	(6, 128)
	0.011
	0.12

 
	Learning strategy category x teacher
	2.48
	(16.11, 343.73)
	0.001
	0.10






TABLE 4  Results of the multivariate mixed design for differences in bias between the within-subjects factor learning strategy categories, the between-subjects factor teacher, and their interaction.


	Effects
	F
	df
	p
	ηp2 





	Learning strategy category
	9.40
	(2.82, 361.46)
	< 0.001
	0.07

 
	Teacher
	180.96
	(6, 128)
	0.004
	0.14

 
	Learning strategy category x teacher
	1.99
	(16.94, 361.46)
	0.011
	0.09







[image: Bar charts compare four study strategies: organization, in-depth elaboration, transfer-supporting elaboration, and metacognition. Panel A shows absolute accuracy, with organization and in-depth elaboration scoring lower than transfer-supporting elaboration and metacognition. Panel B shows bias, with metacognition exhibiting significantly lower bias compared to the others; organization shows slightly negative bias while others are positive. Error bars represent variability.]
FIGURE 2
 Pairwise comparisons of category specific absolute accuracy (A) and bias (B) between ChatGPT-4o and human raters. Different letters point to significant differences between learning strategy categories. Error bars show standard errors. Positive (negative) values indicate an overestimation (underestimation) of learners' performance by ChatGPT-4o in relation to the human ratings.




4.3 Rater independence of category-specific differences in AI-teacher agreement (RQ2)

In addition to differences due to the learning strategy category, the results of the multivariate mixed design revealed a significant main interaction effect between the learning strategy category and teacher, F(36, 768) = 2.15, p < 0.001, ηp2 = 0.09. This interaction effect became significant for both absolute accuracy and bias (see Tables 3, 4). All effect sizes were of medium size and indicated that the agreement differences between learning strategy categories were dependent from the teacher the learning diaries were assigned to. Differences between raters regarding absolute accuracy and bias are displayed in Figures 3A, B.


[image: Panel A shows a clustered bar graph depicting absolute accuracy by seven human raters across four categories: Organization, In-depth elaboration, Transfer-supporting elaboration, and Metacognition, with error bars representing variability. Panel B displays a clustered bar graph of bias by rater and category, with bars extending above and below zero to indicate positive and negative bias, and corresponding error bars.]
FIGURE 3
 Differences in absolute accuracy (A) and bias (B) of ChatGPT-4o between human raters across the learning strategy categories. Error bars show 95% confidence intervals.





5 Discussion


5.1 Category-specific differences in AI-teacher agreement (RQ1)

This study examined the feasibility of using a publicly available AI model, guided by a customized prompt, to support teachers in assessing learning strategy categories recorded in learning diaries for adult education, with particular emphasis on two distinct accuracy measures. The AI-teacher agreement between ChatGPT-4o and human raters varied significantly across learning strategy categories. While absolute accuracy was consistently high across all four categories—indicating overall adequate AI performance—substantial differences emerged in bias: ChatGPT-4o tended to overestimate learner performance in in-depth elaboration and transfer-supporting elaboration, whereas metacognition yielded only minimal bias.

The differences in bias values might be explained as follows: AI overestimated the quality of learners' diary entries in the categories in-depth elaboration and transfer-supporting elaboration. Teachers, with their expertise in profession-specific applications, may be better trained to provide nuanced assessments of practical examples and transfer—both of which are critical in these categories. It is possible that ChatGPT-4o lacks the contextual understanding necessary to accurately evaluate these aspects, resulting in a systematic overestimation of learner performance. Lundgren (2024), for example, also observed that AI tends to apply assessment criteria more “optimistically” and “politely” than human raters. As a result, essential regulations in learning may not be feedbacked, since the AI may fail to detect certain learner deficits, leaving them unaddressed. By contrast, in the category metacognition, AI demonstrated the highest absolute accuracy and the lowest bias. Within semi-automated assessment settings, this category thus appears to be a promising candidate for partial automation (Molenaar, 2022). This is further supported by the fact that metacognition is conceptually distinct from other learning strategy categories, allowing for clearer boundaries in automated evaluation and potentially reducing teacher workload. While these results are encouraging, the potential for automation of metacognitive assessment must be interpreted with caution. Although AI achieved high accuracy and low bias in this category, it remains unclear whether the AI captures the qualitative patterns that teachers attend to in metacognitive reflection.

In terms of full automation, learners can be provided with transparent access to the AI-based evaluation and can use this to make potential learning improvements and therefore support the self-directed learning process. This allows learners to critically evaluate their learning progress, identify strengths and weaknesses, and refine their learning strategies accordingly. This aligns with findings from Roe and Perkins (2024), who highlight that AI has the potential to enhance self-directed learning and to foster autonomy by offering on-demand, personalized assistance. Future research could explore how AI-assisted evaluation can be optimized to further strengthen self-directed learning in adult education. In addition to that, longitudinal studies comparing groups with immediate AI-generated feedback to those receiving delayed feedback from human teachers could help determine which type of feedback more effectively fosters sustained learning development (Henderson et al., 2025).



5.2 Rater independence of category-specific differences in AI-teacher agreement (RQ2)

The results of the multivariate mixed design indicated a significant interaction effect between the learning strategy categories and the teachers. This finding suggests that inter-rater agreement differences between ChatGPT-4o and teachers depend on the specific teacher. Within a heterogeneous pool of educators, ChatGPT-4o's grading may be interpreted not as a deviation from a universal “true” score, but as a distinct assessment style. Thus, ChatGPT-4o may serve as an additional assessor complementing the human grading team rather than replacing it (Gentile et al., 2023; Lameras and Arnab, 2022). However, it should be noted that each teacher assessed a different set of learning diary entries, which means that no direct inter-rater agreement among teachers could be calculated. This lack of overlapping assessments represents a potential limitation of the study. Accordingly, future research should include overlapping ratings to clarify whether differences in AI agreement are due to rater effects or variations in learner texts. An additional limitation concerns the potential influence of AI-generated suggestions on teacher judgments. Since teachers had access to ChatGPT-4o's scoring and rationale before recording their final decisions, anchoring effects cannot be ruled out. This may have affected the independence of human evaluations and should be considered when interpreting the AI-teacher agreement.




6 Conclusion

The study examined the agreement between teachers and ChatGPT-4o in assessing learning diaries in adult education. Results showed that AI-teacher agreement varied depending on both the type of learning strategy and the individual teacher. As a result, human expertise remains essential—particularly in evaluating elaboration strategies that require contextual and domain-specific judgment. At the same time, the high overall accuracy and low bias suggest that ChatGPT-4o may serve as an additional assessor complementing the human grading team rather than replacing it. From this perspective, the integration of ChatGPT-4o can be seen as a step toward hybrid intelligence, in which human expertise and AI-generated assessments complement each other (Dellermann et al., 2019). In such systems, the goal is not to replace human judgment, but to enhance it through collaborative evaluation processes. Practically, this may provide educators with immediate secondary input and foster more differentiated and reflective assessment practices. Future research should investigate how hybrid intelligence systems affect teacher judgment and the quality of formative assessments in diverse educational contexts.
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Footnotes

	1Learners submitted between two and eleven learning diary entries depending on the duration of their continuing education program (n = 573). For analytical purposes, we selected learners who had submitted exactly four entries (n = 135), as this was the most common submission frequency and provided a standardized basis for formative assessment.
	2No additional personal data of the learners were collected as part of the study. Since the assessment was implemented within the regular workflow of continuing education programs at velpTEC GmbH, which prepare participants for evolving professional roles in areas such as information technology, the study relied exclusively on existing instructional processes. In line with the applied nature of the setting and to minimize data collection, no further demographic information was gathered.
	3No additional personal data of the teachers were collected as part of the study.
	4Additionally, all stakeholders were informed and instructed that participation in the study would not lead to any form of discrimination or employment-related disadvantages. Accordingly, the teachers' data were anonymized.
	5In preparation for the study, all participating teachers were introduced to the learning diary as an assessment format and the associated evaluation criteria in April 2024 (Wilkens, 2020). Sample solutions were provided and discussed in weekly workshops to support their understanding, following the concept of informed judgment (Südkamp et al., 2012). In addition, individual sessions were held in which an expert reviewed example diary entries with each rater and answered specific questions regarding the assessment format and evaluation standards. In May 2024, teachers corrected learning diaries without AI being present. This extensive preparation was necessary, as the learning diary was not commonly used in the funded continuing education sector, and none of the seven raters had prior experience with this format.
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This study examines bilingual pre-service teachers' (PSTs) perceptions and reflections on Artificial Intelligence (AI) technologies in relation to their own biliteracy and pedagogical development. Grounded in a critical language and sociocultural literacy framework, this paper features highlights from a larger research project that examines how PSTs leverage AI to develop academic literacies, create multimodal texts, and design AI-mediated lesson plans in bilingual classrooms. The study participants consist of 13 PSTs from Mandarin (8) and Spanish (5) speaking backgrounds, who were enrolled in a graduate-level teacher preparation course. For this study, we focused on a specific segment of data drawn from a reflective journal activity completed by participants. This reflective journal activity involved (i) reflecting on the affordances and constraints of AI for their own academic literacy development, (ii) designing and evaluating AI-generated multimodal texts for bilingual learners, and (iii) engaging in conversations with AI about bilingual education. Findings reveal that PSTs'engagement with AI in their biliteracy and pedagogical development, is characterized by tensions between its potential to support culturally responsive learning and its constraints undergirded by the ideologies of standardized English and monolingualism. The study concludes by highlighting its pedagogical implications for bilingual teacher education at the tertiary level.
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Introduction

As the role of AI in language education continues to expand (Wei, 2023), language teacher education programs are wrestling with the complexity of supporting emerging language instructors in developing critical and ethical dispositions toward AI innovations. While research has shown that AI has significant potential to personalize instruction (Huynh, 2024), support multilingual learning (Ji et al., 2023), and assist language research and teaching (Voss, 2024), AI also raises significant concerns about reproducing algorithmic oppression (Noble, 2018), racializing processes (Dixon-Román et al., 2020), and white norms that marginalize non-dominant communities (Cortez et al., 2024; Shaw et al., 2024). In this paper, we argue that these concerns are compounded by the ways AI tools often default to and reinforce standardized English—an abstract, idealized linguistic form historically aligned with white, middle-class norms and upheld through institutional power (Baker-Bell, 2020; Lippi-Green, 2012). This ideological norm frames the multilingual practices of minoritized students as deficient, even when those practices are linguistically rich and culturally meaningful (Flores and Rosa, 2015). Given these tensions, further research is needed to understand how AI supports and constrains language instructors working with emergent bilinguals. As part of a larger project focused on the experiences and pedagogies of 13 bilingual pre-service teachers (PSTs) enrolled in a tertiary-level teacher education program in a U.S. university, this study examines the reflections and perspectives of the PSTs vis-à-vis the roles of AI in their personal growth as bilingual individuals and professional growth as emerging bilingual instructors. In particular, the study is guided by two main research questions:

	1. How do PSTs navigate the affordances and constraints of using AI in relation to their own bilingual literacy and pedagogical development?
	2. In what ways, if any, do they attend to the critical and creative dimensions of using AI in bilingual education?

This study aims to shed light on how future educators are thinking about the intersections of AI, language education, and culturally responsive teaching, and it offers implications for how teacher preparation programs can support PSTs in navigating both the tensions and possibilities that emerge across these intersections.



Research design

This study comes from a larger project that draws on a series of design-based interventions in a tertiary-level teacher education program in a U.S. university. Research participants consisted of 13 bilingual PSTs. Five participants are Spanish-English bilinguals, while the other eight are Mandarin-English bilinguals (see Appendix). During their engagement with design-based interventions, participants engaged with socio-analytic artifacts (Vossoughi, 2014)—culturally mediated tools or habits of mind used to collaboratively analyze, interpret, and respond to social problems—with an emphasis on critical bilingual literacy development. Participants were also provided with various opportunities to draw on these texts to experiment with the affordances and constraints of AI for bilingual learners during their field teaching practice. The use of AI tools in the course was optional. We recognized that opting out of using AI, or selectively using it, could signal participants' critical orientations toward sociotechnical systems (Pea and Cole, 2019) or reflect a desire to sustain specific literacy practices. In this way, we embraced refusal as a legitimate and agentive form of engagement with AI (Tuck and Yang, 2014). As such we embraced refusal as a legitimate and agentive form of engagement with AI (Tuck and Yang, 2014). For this study, we focused on a specific segment of data drawn from a reflective journal activity completed by participants (see Appendix). The activity was an integral part of the design-based interventions and was intended to prompt participants to grapple with issues surrounding the dynamics among AI, bilingualism, and technology-mediated learning. The reflective journal prompts were organized around two themes. One theme centered on the roles of AI in participants' own language and academic literacy development. The other centered on participants' interpretations of using AI to support the future of bilingual education, including their conversations with AI about the ideologies it holds regarding bilingual education. As will be further illustrated below, our decision to focus on participants' reflective journals stemmed from the recognition that the journals offered a valuable vantage point from which to unravel the nature of participants' engagement with AI within and across contexts, which, in many cases, was marked by contradictions and tensions. In this study, we argue that such tensions and contradictions can spark transformative possibilities where teacher educators can work with PSTs to support their development of critical–creative pedagogies in AI-mediated learning ecologies.



Theoretical framework

This study draws on critical language frameworks (García and Wei, 2014; Flores and Rosa, 2015) and sociocultural theories of learning and development (Vygotsky, 1978) to examine the dynamics between PSTs' engagement with AI and the ideological and racialized construction of Standardized English. Studies have shown that the sociotechnical entanglements that shape AI technologies often encode dominant cultural values, including white, middle-class norms (Benjamin, 2019; Jones, 2025; Noble, 2018). We extend these insights to bilingual classrooms by examining how AI's default outputs in standardized English reproduce monolingual ideologies that implicitly position the everyday bilingual practices of minoritized students as deficient. In this light, the use of AI in bilingual classrooms cannot be disentangled from larger histories of standard language ideology (Baker-Bell, 2020; García and Wei, 2014) and educational policies that have long subordinated minoritized language practices under the guise of standardization, correctness, or appropriateness (Flores and Rosa, 2015; Inoue, 2015; Lippi-Green, 2012).

These considerations underscore the importance of educators developing culturally responsive and syncretic pedagogical approaches to ensure that AI technologies support meaningful learning in bilingual classrooms. Through course content and activities, participants were introduced to syncretic approaches to learning, which involve the intentional reorganization of students' everyday cultural practices with academic content to develop expansive and consequential forms of literacy (Gutiérrez, 2008; Gutiérrez and Jurow, 2016). Rooted in historical practices that reconcile differing knowledge systems, syncretism positions the texts and epistemologies of non-dominant communities as central to transformative learning and literacy development. Within this framework, bilingual teachers play a critical role in co-constructing how emerging AI technologies are positioned and leveraged in relation to both their own literacies and those of their students. To examine the tensions underlying the affordances and constraints that bilingual teachers encounter when engaging with AI, we draw on Bateson's (1972) notion of double binds and contradictions (Engeström and Sannino, 2010) as generative forces for transformation. In AI-mediated bilingual learning contexts, these contradictions might manifest in the simultaneous demand to innovate with AI while resisting its homogenization of cultures and languages. In our study, we interpret the ambivalence that PSTs express toward AI as evidence of contradictions that set the conditions for critical and pedagogical creativity to emerge.



Data analysis

In our study, we adopted a thematic analysis approach (Saldaña, 2016) to examine participants' reflective journals, their creation of multimodal texts for bilingual learners, and their conversations with AI about core bilingual education concepts and field-based dilemmas. The two authors collaboratively developed an initial codebook, guided by our research questions and key concepts from the literature. Both researchers independently coded an initial subset of the data, then met to discuss discrepancies, refine code definitions, and inductively develop additional codes that emerged from the data. Inter-coder reliability was established through an iterative process of discussion and consensus-building, which led to the development of a revised and more robust codebook. The two researchers coded the data for PSTs perceived benefits and challenges of using AI in their own writing, critiques and possibilities that emerged from using AI to design multimodal texts for bilingual learners, ambivalence around whether AI is an appropriate tool for bilingual learners, and whether participants engaged in conversations with AI that were marked by contestation or uncritical acceptance of AI-generated content. Based on the coding process, we identified four main codes organized with reference to the two research questions (see Appendix). The first two codes, (1) AI Supporting Language Development and Multilingual Identities and (2) AI Constraining Language and Literacy Learning were anchored in efforts to address the first research question. Specifically, the first code captured instances where PSTs reflected on how AI tools supported their own language and multilingual development. The second code foregrounded moments when PSTs identified challenges, limitations, and critiques of AI with respect to their own language and multilingual development (e.g., misrepresentations, erasure, distortions of authentic language practice). The last two codes, (3) AI expanding critical–creative pedagogies in bilingual learning ecologies and (4) AI constraining criticality and creativity in bilingual learning ecologies encapsulated our endeavors to address the second research question. In comparison to the first pair of codes, the third code covered instances of PSTs reflecting on the perceived affordances of AI technologies for designing critical and creative bilingual learning activities (e.g., creation of authentic texts, support students' imagination, support in culturally responsive curricula). The fourth code highlighted moments when PSTs grappled with the constraining aspects of AI for critical and creative bilingual teaching (e.g., algorithmic bias, flattening diverse voices, inauthentic text productions). In addition, we also counted the number of instances each sub-theme appeared across the dataset to further inform our interpretation of the patterns regarding how PSTs were making sense of AI in their own bilingual literacy and pedagogical development. This reflexive thematic analysis allowed us to explore how participants' interactions with AI influenced their development as bilingual individuals and bilingual educators, highlighting the nuanced ways in which AI can both support and constrain pedagogical practices in multilingual contexts.



Findings


AI supporting and constraining language and academic development

All participants in this study reported using AI to support their own language and academic literacy development. Participants shared how AI provided translation assistance, clarified academic texts, and enabled them to brainstorm ideas to enhance their writing process. From their standpoint, AI technologies became important supports in navigating the challenges of writing within and across languages and academic genres. For example, P2 wrote, “As a bilingual student, AI has significantly supported my academic literacy development, particularly in bridging the gap between my first and second languages.” Several participants also emphasized AI's ability to generate and confirm ideas as they engaged with academic content. For example, P11 reflected, “I think that one of the benefits of AI is that you can find quick answers for everyday questions.” Similarly, P7 shared, “AI (mostly ChatGPT) has helped me to critique my current learning, and has served as another voice rather than representing my own in helping me craft my writing practices.” Interestingly, P7 positioned AI as a collaborative technology that is capable of critiquing writing in order to improve it. This theme of leveraging AI as a writing tutor that provides writing scaffolds was a major theme that emerged with other participants as well. As P9 explained, “AI is a great assistive technology to support academic writing if used appropriately. I would use it to give suggestions to my writing in terms of logic, cohesiveness, and grammar.” In response to a separate prompt in her reflection journal, the same participant noted, “In this case, I would use AI to polish my writing in terms of grammar and certain expressions in L2 but not overly rely on it to create content…to not lose my original way of thinking.” This reflection highlights another theme that emerged around PSTs' perceptions—that AI can be a collaborative and comprehension tool that supports bilingual academic literacy development, as long as it does not serve as a replacement for their own cognition and language development.

Despite the perceived affordances of AI for their own academic and bilingual development, a few participants also developed critiques of the affordances of AI technologies. Across their reflections, participants revealed how AI could distort, misrepresent, or oversimplify the everyday dynamism of bilingual communication. In several cases, participants noted that AI tended to marginalize diverse language practices by defaulting to dominant linguistic norms. For example, participants frequently reflected on issues of tone, accuracy, and authenticity when using AI for academic writing. As P1 noted, “I think AI writing style is more formal and cold than mine,” a sentiment echoed by P4 who stated, “Comparing AI-generated writing and my own, AI-generated text lacks emotion, authenticity, and personality.” These reflections suggest that despite its utility in supporting writing, pre-service teachers recognized how AI reproduced standardized, mechanical grammar patterns. These patterns reflected dominant language ideologies that erased the tone, rhythm, and heteroglossic character of bilingual expression. Rather than embracing linguistic variation, AI outputs often aligned with normative expectations shaped by whiteness and monolingualism, which flattened participants' voice and tone in ways that felt inauthentic.

Some participants also raised concerns about linguistic and cultural misrepresentations rooted in these same ideological defaults. P1, for instance, used AI to compose a translanguaging poem and reflected, “For instance, ‘这里没有家的味道' (There is no taste of home) was misrepresented in translation. AI distorted the meaning of this saying to ‘there are no familiar faces,' which damaged the cultural authenticity of the expression.” This moment illustrates how AI can misread cultural–historical meanings by filtering them through dominant language norms, which Buolamwini (2023) refers to as the “coded gaze.” In doing so, AI misrepresents nuanced expressions and reinforces white cultural and linguistic standards, while distorting minoritized voices. As P8 noted, “While AI can be a helpful tool, it's important to strike a balance, making sure that the writing remains personal and genuinely reflective of the individual's voice.” Consequently, our findings indicate that while PSTs recognized the creative affordances of AI for their own language and academic literacy development, they also wrestled with the contradictions of these affordances and developed critical stances toward the complex entanglements shaping AI processes and outputs.



Creativity and criticality around AI in bilingual learning ecologies

In this section, we present findings on how PSTs perceived the potential of AI technologies to support critical and creative bilingual learning for their students. Building on Jones (2025), we argue that though all participants found creative uses for AI in their pedagogies, they understood this creativity insofar as it related to their criticality around the technologies. In terms of the affordances of AI technologies for their pedagogies, many participants reflected on how AI can support the development of bilingual, multimodal, and culturally relevant texts. For several participants, AI enabled them to create unique and personalized texts that bilingual learners could engage with. For example, P10 noted, “AI generated multimodal texts could be particularly useful for teachers who have students that speak a language that the teacher doesn't speak.” Similarly, after P5 leveraged AI to develop a poem about Taiwan for a Taiwanese student she was working with, she shared, “The AI-generated dialogue seamlessly blends English and Chinese, capturing the lively spirit of a Taiwanese night market.” In addition, P11 proposed, “We could use AI generated images to showcase the hidden stories and the silent voices in the curriculum.” These reflections illustrate how AI can support PSTs' creativity as they design lessons and artifacts that are both individualized and culturally relevant.

Despite these affordances, all participants in our study understood that their criticality around AI technologies played a central role in its creative use. Several participants addressed the inauthentic aspects of AI-generated content, especially in multilingual contexts. P13 shared, “But it has limitations. AI-generated content sometimes does not fit [the student's] experience.” Attuned to these limitations, P5 critiqued linguistic hierarchy embedded in AI-generated materials, stating that AI tends to “favor dominant language varieties present in the training data.” This concern was echoed by P4, who noted, “For example, reading the AI-generated texts in English and Spanish made me think that AI thinks in binaries—it did not reflect my bilingual experience.” P8 added, “However, educators need to be mindful of the tone, language, and cultural assumptions that might be embedded in AI-generated texts.” Taken together, these reflections underscore how algorithmic outputs can reproduce dominant language ideologies, erase cultural specificity, and distort the linguistic repertoires of students. While many participants recognized the creative potential of AI for supporting bilingual learning, they approached this potential with healthy skepticism and critical awareness. Their reflections suggest that without a sustained critical stance that challenges AI's default logics, PSTs risk generating static and deficit-oriented representations of their students, which undermine rather than support creative and culturally responsive pedagogy.




Conclusion

In this study, we called attention to the noticeable contradictions underpinning PSTs' reflections on both their AI-mediated language development and their engagement with AI as emerging K−12 bilingual instructors. The contradictions identified in the study serve as a reminder of the inseparability between PSTs' navigation of their own bilingual journeys and their evolving sense of becoming bilingual instructors. More importantly, these contradictions illuminate the constant interplay between the ways in which AI affords and constrains PSTs' agency to (re)construct their bilingual identities and (re)envision the possibilities of bilingual education and the responsibilities of bilingual instructors. In particular, while participants recognized AI's potential to scaffold writing, translation, and multimodal design (Ji et al., 2023; Wei, 2023), they also critiqued how AI reinforced standardized English and erased the affective, culturally nuanced qualities of bilingual expression (Baker-Bell, 2020; Flores and Rosa, 2015; Lippi-Green, 2012). For teacher educators at the tertiary level, the findings of the study prompt us to consider how contradictions around PSTs' engagement with AI can be productively leveraged as pedagogical entry points. That is, rather than flattening these tensions, teacher education programs can invite PSTs to dwell in them as “teachable moments” that serve to nurture a nuanced understanding of both one's contingent reliance on AI and the transformative potential embedded therein. For example, building on the reflective journal approach used in the present study, teacher educators may consider incorporating similar journaling practices, dialogic discussions, and/or scenario-based activities that prompt PSTs to interrogate the sociopolitical implications of AI in bilingual education.

In this study, we demonstrated how the reflective journal activity can support PSTs in discerning not only how AI shapes language norms and classroom practices, but also how they, as instructors, may repurpose AI to affirm students' linguistic and meaning-making repertoires. In doing so, teacher education can promote ethically grounded orientations toward AI. These orientations may equip future bilingual instructors to critically and creatively engage with the AI-mediated learning environments. It is important to note that this study has a few limitations. For example, future research could expand the sample and use participatory methods to capture how PSTs make real-time decisions about AI in lesson planning and classroom contexts. Also, our focus on a single teacher preparation course in a U.S. university inevitably limited the generalizability of our findings. Therefore, we are careful not to suggest a one-size-fits-all approach to implementing the principles and practices discussed. Nevertheless, by centering the critical and creative use of AI to challenge the ideologies of standardized English and monolingualism, a struggle shared by language educators in multilingual societies globally, we argue that our study holds broader relevance. With appropriate contextualization, it can inform teacher preparation efforts worldwide, where language educators continually navigate the dual demands of integrating AI and resisting monolingual ideologies in their classrooms (Dixon-Román et al., 2020).
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As university instructors integrate AI tools, such as large language models (LLMs) into their pedagogy, they must grapple with the ethical and practical implications ofthese technologies. This reflection examines the overlooked labour of Cloudworkers and data workers whose contributions make AI systems functional. Drawing on insights obtained from Fairwork’s Cloudwork and AI research, it argues for the adoption of the Fairwork scoring system, as a methodology, as well as a heuristic, to guide ethical engagement with AI and urges higher education instructors and students to advocate for improved working conditions in AI supply chains. Additionally, it explores the multifaceted impacts of AI technologies on global labour markets, highlighting pathways to more equitable practises through education, policy, and institutional intervention. By centring the experiences of cloudworkers and data enrichment employees, the article urges various stakeholders to foster a more ethical approach to AI in higher education.

Keywords
 artificial intelligence; working conditions; Fairwork; higher education; AI ethics


Introduction

The integration of AI tools like ChatGPT, Grammarly, and image generation systems into higher education classrooms has transformed how we teach and learn (Grassini, 2023). These technologies promise enhanced efficiency, creativity, and access to knowledge (Heaven, 2023; OpenAI, 2023). Yet, beneath their polished interfaces lies an invisible workforce of Cloudworkers and data workers whose labour sustains these systems. These workers often perform monotonous, underpaid, and emotionally taxing tasks, such as moderating harmful content or labelling data for machine learning algorithms (Arsht and Etcovitch, 2018; Fairwork, 2021; Hao and Seetharaman, 2023). This global workforce operates largely out of sight, raising critical ethical questions for educators and institutions that rely on AI tools.

This finding highlights a gap in literature on AI ethics in higher educational settings, where discussions on the ethical use of AI tools, such as applications which draw on large language models (LLMs), omit a critical engagement with the production of such tools, e.g., who are the actual workers that enable the use of AI tools in classrooms, and what are the conditions (from structural, global inequalities to unfair practises in the workplace) under which these tools are produced?1

This article provides some guidelines for diverse stakeholders, with a particular emphasis on higher-ed, including lecturers, postgraduate students, and institutional staff/administration, to help make informed decisions about the use of AI systems. These recommendations draw primarily on the Fairwork project which evaluates working conditions in companies that train the AI and gives them a Fairwork score that underlines where they align with Fairwork’s principles assessing fairness in the workplace, and where they fail to do so. As researchers of the Fairwork project, we additionally propose these stakeholders to familiarise themselves with Fairwork research approach, methodology and output, such as our annual scores evaluating working conditions in AI suppliers, to learn more about the companies and workers building the AI systems and choose service providers which attain a higher Fairwork score.

As educators in higher education, our responsibility extends beyond equipping students with the latest tools. In our respective institutions, we must critically examine the labour practises underpinning these technologies and question whether our pedagogical approaches inadvertently perpetuate exploitation. In this reflection, we argue that universities must recognise the hidden labour behind AI tools and adopt ethical frameworks, such as the Fairwork scoring system, and use it as a methodological framework and a heuristic tool, to ensure that their use aligns with principles of social justice and equity. Moreover, universities must not only educate students about these issues but also take an active role in driving policy changes that demand accountability from AI corporations. It should therefore be our responsibility to be reflexive on ways we bring AI systems into our universities and invite our students to be mindful of the precarious labour that enables such systems to exist.



The hidden workforce behind AI

Education—be it K-12 or higher-ed—has long been considered a site sustained in large part through the invisible or hidden labour provided by instructors (Staudt Willet and He, 2024). Scholars working on this topic have highlighted how teachers, as well as staff working in educational institutions, engage in hidden, invisible, and un-or-underpaid work. In recent years, in light of growing scholarship on AI, scholars have started to question how education has become a site of datafication, and how educators, as well as staff (admin, tech, etc.), sustain datafication by providing hidden and unpaid labour (Selwyn, 2021). In this paper, we focus on labour provided by workers who enable the very AI tools used in classrooms. In contrast to previous studies, the workers we highlight are not located in educational sites, such as schools or universities, but rather at home in front of their computers using Cloudwork platforms or in cubicles in BPOs often located thousands of miles away, feeding the machine day after day (Muldoon et al., 2024; Tubaro et al., 2020).

AI tools such as LLMs are often marketed as autonomous and efficient, but they are anything but independent (Shen et al., 2024). Every intelligent output relies on a foundation of human labour. This workforce, consisting primarily of Cloudworkers2 and data enrichment3 workers, plays a pivotal role in data services (such as data labelling), training AI systems, content moderation, and ensuring accuracy (Gray and Suri, 2019). Workers manually annotate data, train datasets, and refine algorithmic outputs. Tasks such as tagging images, labelling text for sentiment, and flagging inappropriate content are essential to building reliable AI models (Muldoon et al., 2024). Workers, moreover, review and filter vast quantities of harmful or explicit content to train AI moderation tools, often exposing themselves to psychologically harmful material without adequate mental health support (Roberts, 2016). They also correct errors, refine algorithmic outputs, and provide feedback to improve system performance. These tasks require precision and attention to detail but are typically undervalued in terms of pay and recognition (Fairwork, 2021).

These jobs are typically outsourced to Cloudwork platforms operating in a planetary labour market (Anwar and Graham, 2020) and business process outsourcing (BPO) firms in low-income countries where labour is cheap and labour protections are weak (Graham et al., 2017). However, it should be noted that in countries like Kenya, despite agendas that prioritise company narratives over worker wellbeing under the rubric of job creation (The Republic of Kenya, Presidency, 2024), there is growing worker activism. In Kenya alone, there are three worker organisations which organise data workers. These are Techworker Community Africa, the Data Labeler’s Association, and the African Content Moderators Union. Regardless, workers continue to face precarious employment conditions, including low wages that fail to meet local living standards, inconsistent hours and unpredictable income, and a lack of benefits such as health insurance, paid leave, or mental health resources (Ustek Spilda et al., in press).

Non-compensated worktime is one example of challenges experienced by those workers. Cloudworkers, on average, spent 8.5 h per week on unpaid tasks, such as applying for jobs or managing demanding clients (Fairwork, 2023a). A significant issue for Cloudworkers engaged in data enrichment tasks on microwork platforms is non-payment; a global survey reported that 27% of these workers encountered this problem (Ibid). Additionally, the same report indicated that these workers earned an average of USD 2.15 per hour.

The psychological toll of such work, especially in moderation roles that expose individuals to disturbing content, exacerbates the ethical concerns associated with these practises (Roberts, 2016). Whilst students and educators in wealthier regions benefit from the efficiency of AI tools, the labourers enabling these systems remain largely invisible, their contributions unacknowledged and undervalued. Expanding awareness and advocacy for these workers is vital to building a fairer technological ecosystem.



Implications for university instructors and students

The ethical challenges posed by AI tools are not limited to the corporate sector; they extend into higher education, where these technologies are increasingly central to teaching and learning. University instructors must recognise the human labour embedded in AI tools and educate students about this reality. University departments should acknowledge the challenges associated with the use of these services and adopt ethical practises in their procurement, deployment, and use by faculty, instructors and students. These ethical practises should include evaluating the services and systems implemented based on fair standards, and informing students of the precarious conditions that underscore the labour which enables such tools to exist. Here is one way of doing so: the human labour feeding AI could be incorporated into digital literacy or ethics components of the curriculum, fostering a deeper understanding of the global economy that sustains these tools (Noble, 2018). For example, when teaching with AI writing assistants like ChatGPT, instructors could include discussions about the data enrichment processes that enable these tools to function. This would provide students with a holistic understanding of the technology and encourage critical thinking about its ethical dimensions.

Encouraging reflective thinking about the production of AI and the labour involved in these educational processes aligns with a critical pedagogy perspective. This approach seeks to promote critical awareness of power imbalances and historically rooted issues, emphasising the necessity to challenge systems and advocate for social change as a “freedom practise” (Freire, 2005). In this context, academic institutions and their staff must illuminate the labour-intensive processes that underlie the AI systems they adopt. They must also address the power asymmetries and challenges faced by vulnerable social groups, including workers within these supply chains.

Teaching and learning are not neutral, as the ideology of traditional educational practises suggests (Giroux, 2024). Whilst some may view AI merely as a powerful tool to support the learning process, a critical perspective takes a different approach. This perspective seeks to expose how various forms of power and inequality—social, cultural, and economic—manifest in both formal and informal education for children and adults (Apple et al., 2009, p. 3). Such a critical take on AI in higher educational settings is essential because the theories and actions used to explain social phenomena “structure the possibilities for knowing, acting, feeling, reflecting, and transforming” (Robertson and Dale, 2015, p. 3). Consequently, the theories and perspectives on AI in the classroom significantly influence how students engage with this impactful technology.

AI tools should not be framed as substitutes for human creativity and critical thinking but as complements to them (Holstein and Aleven, 2020). Assignments could ask students to reflect on their experiences using AI tools, including the ethical considerations of relying on such technologies. Research in recent years has identified the risks and harms associated to AI (Slattery et al., 2024), including its environmental impacts (Valdivia, 2024). For instance, students might be tasked with researching the working conditions of data labellers or proposing ways to make AI supply chains more equitable. In doing so, the Fairwork scoring scheme (explained below) can provide a useful methodological framework, as well as a heuristic tool, to assess whether our day-to-day engagement with AI systems promote practises which are exploitative of the very workers, the so-called “human in the loop,” who enable these systems by constantly training the machine. One does not have to go the full length of the Fairwork research.

A simple desk research on companies that utilise workers to feed the AI machine could serve as a starting point to better inform users to decide whether to continue utilising AI tools. If, for example, ChatGPT is known to engage with firms who pay their workers below minimum wage, or demand unpaid labour, or do little to mitigate workers’ exposure to physical, or mental risk, these should serve as a red flag for the users, including educators, to seek alternatives, such as companies which take the additional measures to protect their workers as they train the AI. This should also serve as a red flag to administrative staff who often serve as decision makers bringing AI systems into universities. Reports published by Fairwork could serve as a guide to obtain more information on working conditions in BPOs. For example, educators, as well as administration, who encourage the use of translation and transcription platforms or buy institutional subscriptions, can refer to the several reports published by Fairwork to choose or subscribe to service providers/platforms which rank higher in Fairwork evaluations (Fairwork, 2022; Fairwork, 2023b; Fairwork, 2025). Students could also be reminded of the “invisible” or “ghost” workers that power the AI (Altenried, 2020) and be encouraged to learn more about the conditions that shape data workers’ experience at AI-training sites, such as BPOs, by reading reports published by the Fairwork project (e.g., Fairwork, 2023c). We therefore encourage educators to use these reports to further educate students on the risks and harms associated with AI work, and administrative staff to use our findings in making informed decisions in subscribing to AI service providers, to take heed in making ethical decisions regarding the adoption and use of AI tools. Additionally, instructors should model responsible AI use by emphasising transparency. This includes disclosing the AI tools used in teaching and discussing their potential ethical implications openly (Fairwork, 2021).

Moreover, universities have a unique opportunity to amplify these lessons through interdisciplinary collaborations that integrate insights from computer science, sociology, and economics. Hosting guest lectures, workshops, and public forums on AI ethics can provide students with diverse perspectives. Beyond the classroom, these initiatives could spur broader movements towards ethical AI practises within academia and beyond.



The role of the Fairwork framework

Whilst instructors can foster ethical awareness, institutional change is essential to addressing the systemic issues underpinning AI tools. This is where the Fairwork scoring system offers a critical intervention.


Data sources and evaluation process

Fairwork evaluates companies using a robust, data-driven methodology grounded in five core principles: fair pay, fair conditions, fair contracts, fair management, and fair representation (Fairwork, 2021). Its methodology begins with a thorough review of publicly available data, including company policies, terms and conditions, and public statements. This is supplemented by direct communication with the companies being assessed, providing them an opportunity to share additional information and clarify their practises. Worker interviews are a critical component of the evaluation process, offering firsthand insights into working conditions, pay structures, and contractual arrangements. This triangulation of sources ensures that evaluations are comprehensive and grounded in reality.

The data collected is analysed against the five Fairwork principles. For example, under the principle of fair pay, companies must demonstrate that workers earn at least the local minimum wage after accounting for expenses. For fair conditions, platforms are assessed on their ability to provide safe and healthy working environments, which includes protections against physical and psychological harm. The principle of fair contracts examines whether contracts are transparent and accessible, avoiding clauses that disproportionately disadvantage workers. Fair management focuses on mechanisms for dispute resolution and prevention of discrimination, whilst fair representation evaluates whether workers have a voice in governance and decision-making processes (Fairwork, 2021) (See Tables 1, 2).


TABLE 1 Fairwork AI principles.


	Principle
	First threshold
	Second threshold

 

 	Fair pay 	Pays at least the local minimum wage

 
	• Workers, regardless of their employment status or contract type, must earn the local minimum wage or the wage set by collective sectoral agreement (whichever is higher) for all hours worked.

	• Workers, regardless of their employment status or contract type, are paid on time and in-full.



 	Pays at least the local living wage

 
	• Workers, regardless of their employment status or contract type, must earn at least the living wage, or the wage set by collective sectoral agreement (whichever is higher) for all hours worked.






 	Fair conditions 	Ensures safe working conditions

 
	• The employer implements policies and practises that protect workers’ safety from task specific risks. This should, at a minimum, account for well-evidenced risks such as:

	• High job strain, which can lead to a range of negative health impacts including cardiovascular disease and mental health disorders. Secondary traumatic stress, which can be associated with repeated exposure to traumatic content. Muscular skeletal injuries, which may emerge as a result of unsuitable equipment, excessive workload or perverse incentivisation in physical jobs.

	• Risks related to a specific job are flagged to workers before they accept the job (such as indicating that they might be exposed to violent content.)

	• The employer places a maximum limit on standard working time that meets either the applicable national regulation or, in cases where there is no applicable national regulation, the ILO standard of 40 h a week.

	• Workers are entitled to take breaks during working time that is defined under the applicable national regulation, or in cases where there is no applicable national regulation, is equivalent to a minimum of 1 h for every 8 h worked.

	• If the work arrangements require workers to work in shifts, workers are given the option to choose their shifts, and reasonable accommodations are made for workers with additional needs due to health, safety and other personal reasons (such as pregnancy, care requirements, disability and other health conditions.)



 	Ensures paid leave, and a safety net

 
	• Workers have access to paid time-off (such as bereavement, parental, sick and annual leave.)

	• Where core medical treatment is not provided by a public system, such as a national healthcare scheme, the employer makes a meaningful provision to the health care costs of its workers.






 	Fair contracts 	Provides decent contracts

 
	• Workers must sign a contract and/or give informed consent to terms of conditions upon signing up, and for each subsequent contract extension.

	• The contract or terms and conditions is presented in full, in clear and comprehensible language that all workers could be expected to understand.

	• The contract or terms and conditions are easily accessible to workers in paper and/or electronic form. If these conditions differ for different contract types, reasonable steps are taken to inform workers about the differences in contract types.

	• The party employing the worker must be identified in the contract or terms and conditions, and subject to the law of the place in which the worker works.

	• Workers working on long-term projects that exceed the probation time are provided with the option to sign an employment contract lasting at a minimum the same length of time as the project.

	• The contracts or terms and conditions do not include clauses that revert prevailing legal frameworks in the countries where workers work.



 	Provides secure employment

 
	• Workers with 3 years or more of consistent short-term employment are provided with the option to move onto permanent contracts if they so desire.

	• The employer should make reasonable adjustments in wages and conditions between both: fixed-term and permanent employees and outsourced workers; and any outsourced or indirectly employed workers and directly employed workers. Workers who are outsourced or indirectly employed should be compensated for additional costs incurred, including visa/work permits and their extensions, insurance, pensions, and other social security premiums.

	• In cases of justified redundancy or contract non-renewal, the employer should provide workers with severance allowance commensurate with tenure at the company and retraining opportunities. In cases where the redundancies are being made because reasons of an economic, technological, structural or similar nature, workers or their representatives are consulted, and steps are taken to minimise the resulting redundancies.

	• If desired, workers should be able to invite worker representatives to their end of contract meetings with the relevant HR departments.

	• In the case of subcontracting arrangements, where part or all of the work is subcontracted to other companies, management implements a reliable mechanism to monitor and ensure that the subcontractor is living up to the standards expected from the company itself regarding working conditions.






 	Fair management 	Treats workers fairly

 
	• Management should refrain from deploying any form of depersonalised bullying or mobbing in order to ensure organisational goals are met.

	• There is a policy in place which guarantees that any form of harassment in the workplace will not be tolerated.

	• There is a policy in place which guarantees that the employer will not discriminate against persons on the grounds of racial, ethnic, social or minority background, caste, religion or belief, political or any other opinion, language, gender, gender identity, sex, sexual orientation, disability, age, geographical location, or any other status.

	• Workers have the right to appeal dismissals and other disciplinary measures.

	• Workers are not disadvantaged for voicing concerns or appealing disciplinary actions.



 	Creates clear and effective systems for data management, explanations, and appeals

 
	• Where AI systems are involved in work, employers must create explainability mechanisms such as transparency reports or question and answer processes that allow workers to understand both the model behaviour of the system as a whole and specific decisions.

	• Workers must be able to appeal decisions made by AI systems through a multi-stakeholder process that reflects collective worker voice, and successful appeals to lead not only that specific decision being revised but also wider revisions of decision-making process.

	• Management avoids excessive surveillance in the workplace, and avoids use of invasive technologies.

	• Workers must not be subject to excessive data collection practises and should be informed about the data that is being collected about them. Employers must apply the principle of data minimisation (collecting the minimum amount of personal data required to fulfil a legitimate purpose) in their collection processes.






 	Fair representation 	Assures freedom of association and the expression of worker voice

 
	• There is a documented mechanism for the expression of collective worker voice that allows all workers, regardless of contract type or duration to participate in collective groups without risks.

	• There is a formal, written statement of willingness to recognise, and bargain with, a collective, independent body of workers or trade union, that is clearly communicated to all workers, and available on the company webpage.

	• Freedom of association is not inhibited, and workers are not disadvantaged in any way for communicating their concerns, wishes and demands to the company management, or expressing willingness to form independent collective bodies of representation.



 	Supports democratic governance

 
	• Workers play a meaningful role in governing the company.

	• In a written document available, the company publicly and formally recognises an independent collective body of workers, an elected works council, or trade union, and takes meaningful steps towards signing a collective bargaining agreement. This recognition is not exclusive and, when the legal framework allows, the company should recognise any significant collective body seeking representation.








 


TABLE 2 Fairwork Cloudwork (online work) principles.


	Principle
	First threshold
	Second threshold

 

 	Fair pay 	Workers are paid on time and for all completed work

 
	• Non-payment is not an option for clients and there are mechanisms to ensure workers are paid.

	• Payments are made within an agreed timeframe.

	• Workers can choose to be paid in a recognised national currency.

	• Workers can request funds from their account on a regular basis with reasonable withdrawal thresholds.



 	Pays at least the local living wage

 
	• For hourly-paid work, workers earn at least their local minimum wage after costs.

	• For piece-rate work: (a) the vast majority of workers earn at least their local minimum wage after costs, and (b) a reasonable estimate of the time it takes to complete each task is provided to each worker before they accept the work.






 	Fair conditions 	Health and safety risks are mitigated

 
	• The allocation of work and/or supply of new workers is managed to promote job availability, and reduce unpaid work and overwork.



 	Ensures paid leave, and a safety net

 
	• There are policies to protect workers from risks that arise from the processes of work.

	• There are processes for job-related health and safety risks (including psychological risks) to be identified and addressed.

	• Risks related to a specific job are flagged to workers before they accept the job (such as indicating that they might be exposed to violent content).

	• There are clear reporting channels and documented penalties for clients who jeopardise workers’ health and safety.

	• There are adequate and ethical data privacy and security measures applicable to workers, laid out in a documented policy.






 	Fair contracts 	Clear terms and conditions are available

 
	• The contract is written in clear and comprehensible language that the worker could be expected to understand.

	• The contract is available for workers to access at all times.

	• Workers are notified of proposed changes in a reasonable timeframe before changes come into effect.

	• Changes should not reverse existing accrued benefits and reasonable expectations on which workers have relied.

	• The contract does not require workers to waive rights to reasonable legal recourse against the platform.



 	Contracts are consistent with the workers’ terms of engagement on the platform

 
	• Clients are encouraged to inform workers about how their work will be used.

	• The worker is not subject to non-compete clauses.

	• Except in cases where the worker is in a standard employment relationship the platform makes clear to workers and clients that:

	• Working schedules cannot be imposed upon workers.

	• The worker retains the freedom to choose which tasks to accept or refuse.

	• When workers choose not to accept tasks, this does not punitively impact their rating or reputation.






 	Fair management 	There is a due process for decisions affecting workers

 
	• There is a channel for workers to communicate with a human representative of the platform. This channel is documented in policies that are easily accessible to workers, and communications are responded to within a reasonable timeframe.

	• There is documentation of things the worker is not allowed to do, and workers receive an explanation for all punitive actions, including reductions in their rating/platform standing, non-payment, work rejections, penalties, account blocks, deactivation and any other disciplinary actions.

	• Explanations for punitive actions and work rejections include information on how they can be appealed.

	• The process for workers to appeal punitive actions and work rejections is non-arduous, documented in the contract, and available to workers who no longer have access to the platform.



 	There is equity in the management process

 
	• There is a policy which guarantees that the platform will not discriminate against persons on the grounds of racial, ethnic, social or minority background, caste, religion or belief, political or any other opinion, language, gender, gender identity, sex, sexual orientation, disability, age, geographical location, or any other status.

	• There are mechanisms to reduce the risk of clients discriminating against workers on any basis listed above.

	• The platform specifies the methods used to manage and allocate work (including when algorithms are used). Substantive changes to methods of managing and allocating work are preceded by a worker consultation.






 	Fair representation 	Workers have access to representation, and freedom of association

 
	• The platform commits to a dispute resolution process in which workers can access an independent representative freely chosen by them or an unbiased, independent, and accessible dispute resolution system.

	• Freedom of association is not inhibited and groups of workers are not disadvantaged in any way for communicating their concerns, demands and wishes to management.



 	There is collection governance or bargaining

 
	• It is democratically governed by workers.

	• It formally engages with an independent collective body of workers, an elected works council or trade union, and has not refused to engage with collective bodies who seek representation and/or bargaining. New workers are advised of the existence of these bodies.

	• If such a body does not exist, or such bodies have not requested recognition by the platform, the platform has engaged in a formal process of dialogue with local and/or international representative bodies of workers to discuss what structures and processes of representation could look like for platform workers.








 

The integration of rigorous evaluation methodologies and worker-centred advocacy distinguishes Fairwork as a transformative force in the AI and platform economy. Universities can enhance their engagement with Fairwork principles by developing partnerships that extend the framework’s applications to local and regional AI projects.



The ten-point scoring system

Companies are scored on a scale of up to ten points, with each principle contributing a maximum of two points. To achieve a full score (of 2) under a principle, companies must meet both basic and advanced criteria. For instance, to score both points for fair pay, a platform must ensure not only that workers earn above the minimum wage but also that they earn a living wage that accounts for local cost-of-living standards. Similarly, fair contracts require both clarity in terms and active measures to ensure contracts do not exploit workers’ lack of legal knowledge or bargaining power.

Scores are published annually, fostering accountability and incentivising continuous improvement. High-scoring companies are celebrated as exemplars, setting benchmarks for ethical practises within the industry. Conversely, lower scores serve as a call to action, urging companies to address deficiencies. The iterative nature of this scoring system ensures that companies remain motivated to enhance their labour practises year after year (Fairwork, 2021; Graham et al., 2025).

By adopting the Fairwork framework, universities can promote transparency and ethical accountability in their selection of AI tools. Institutions can use Fairwork scores to inform procurement decisions, ensuring that the tools they adopt align with their values. Additionally, by collaborating with Fairwork to audit the tools they use, universities can play an active role in advocating for improved working conditions in AI supply chains, setting a precedent for other sectors to follow.




Practical steps for universities

Whilst the scoring exercise is a key component of the Fairwork methodology, it should be noted that it is one way to the means, which is to improve working conditions for data workers. Fairwork is an action-research project (Alyanak et al., in press). What that means is that both our methodology, as well as our research output, is intended to bring change to the future of AI work. The scores are a starting point to a larger discussion with multiple stakeholders, where we show that a fairer future of work is possible in AI. For the companies we engage with, we show how this is possible by changing their policies and practises to increase their score. For the regulators, the scores help us make a statement for them to understand that there are top-level interventions needed to better regulate the digital economy. For workers, the scores help us weave webs of solidarity, where we not only remind them the wrongdoings in this economy, but also provide feedback on ways they can demand rights from the companies they work for. And for the larger public, the scores should serve as a reminder that behind the codes and algorithms, there are always workers, in flesh and blood, working day and night to perfect the machine.

It is, therefore, imperative that the institutions and educators reflect on the Fairwork framework to start up a conversation within departments and with students in classroom, and during office hours, over why even the most basic labour rights continue to be violated by the companies training the AI, and what action students, as consumers of AI tools, can take to demand more humane conditions. Educators, furthermore, are welcomed to include a text to course syllabi to remind students to be aware of the very workers—as well as the conditions they are subjected to--that enable the tools they use in completing assignments. Students, in short, should be invited to make informed decisions in using AI tools. On way of doing so is by inviting them to read Fairwork reports, which offer comprehensive insights into workers and companies that train the AI.

In addition to reminding students of the hidden aspects of AI labour, such as violations of labour rights, universities should also publicly commit to using Fairwork scores in decision-making processes for AI tools and digital services. This could involve integrating Fairwork scores into procurement policies, ensuring that only tools from companies meeting specific ethical thresholds are considered. Additionally, institutions should require vendors to demonstrate compliance with Fairwork principles during the bidding process, reinforcing the importance of fair labour practises. By establishing clear guidelines and accountability measures, universities can set a standard for ethical engagement with AI technologies (Noble, 2018). Moreover, they should partner with the organisation to audit AI tools used in teaching, research, and administration. Educating faculty and students is essential, with workshops and courses offered on the ethical implications of AI, emphasising the human labour behind these tools.

Another pressing issue related to AI is the increasing adoption of Generative AI systems in society, particularly in educational settings. Many universities and faculties are grappling with how to establish ethical guidelines for the use of these tools. These systems impact the educational process in various ways—serving as support or even substitute for student assignments and offering new methods for augmenting or automating teaching tasks. In light of Generative AI, there is a need for a critical approach that combines reflections on the underlying data work involved in GenAI development with inquiries into the broader impact of GenAI use on work. A team of leading researchers has recommended that institutions prioritise this topic in AI discussions and design social protections for both workers and skills development, which would apply to instructors as well as students (Global Partnership on AI, 2023).

Institutions must use their influence to push for stronger labour protections in AI supply chains, both nationally and globally. Universities can advocate for these protections by partnering with labour rights organisations and conducting independent audits of AI supply chains to identify violations and areas for improvement. For example, institutions could join coalitions like the Fairwork project to amplify their impact and align efforts with international standards. Past successes, such as universities influencing tech companies to adopt greener energy practises, demonstrate that academic institutions can affect significant industry change (Graham et al., 2017). Universities might also host conferences or publish reports to bring attention to labour issues in AI, thereby pressuring companies to commit to better practises.

Moreover, collaborative initiatives between universities and international organisations could facilitate the development of ethical guidelines for AI tools, ensuring that labour practises are central to global technology standards. By championing these causes, universities can reinforce their roles as leaders in social responsibility and innovation.

These recommendations may face challenges in implementation. Students, for example, may choose to forego ethical concerns amid pending deadlines, and institutions may procure services from providers who resort to ethically dubious labour practises. Teachers can face issues to critically approach AI use in the classroom when institutions do not have a policy or adopt permissive rules about this topic.

However, it is imperative for all users—be they university admin, instructors, or students—to be informed of the ethical debates that envelop the very tools they use, and to be critical of such use. This is why higher education institutions should discuss and implement policies and guidelines that acknowledge the problems in AI supply chains and provide orientations on how to address them in classrooms. Another alternative to addressing these challenges can be for universities to develop their own models with ethical considerations in mind. Whilst the development of large language models requires substantial resources, a consortium of universities promoting the use of AI in education could embark on a joint initiative to that end.

As underlined by Freire (2005), education fosters critical thinking, and educators should strive in their instruction to be critical of use of AI in educational setting. Such an approach would pave way towards challenging systems in place and working collectively towards social change.



Conclusion

The adoption of AI tools in education offers transformative potential but also implicates us in systems of global labour exploitation. As instructors and institutions, we have a moral obligation to acknowledge and address the hidden labour behind these technologies. By centring the experiences of Cloudworkers and data enrichment employees, we can foster a more ethical approach to AI in higher education. The Fairwork framework provides a practical and actionable pathway for achieving this goal. Universities must take the lead in promoting transparency, advocating for fair labour practises, and ensuring that the tools we use align with our values. This is not just about teaching with AI; it is about teaching responsibly, with an unwavering commitment to justice and equity for all workers, visible and invisible alike.

Expanding these efforts through global collaborations, interdisciplinary research, and active policy engagement will help ensure that AI tools serve as instruments of equity rather than exploitation. The ethical adoption of AI in education is not merely a challenge; it is an opportunity to model the values of justice and human dignity in a rapidly evolving technological landscape.
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Footnotes

1   On the contrary, there is extensive literature on working conditions of data workers, including but not limited to Mann and Graham (2016), Miceli and Posada (2022), Muldoon et al. (2024), and Shestakofsky (2024). Literature on working conditions in BPOs that train the AI (e.g., ChatGPT, openAI) to date have been limited to journalistic accounts (see Perrigo, 2023; Rowe, 2023; Hao and Seetharaman, 2023).

2   Cloudwork can be defined as “remotely performed labour mediated by digital labour platforms – companies that connect workers with clients through a digital interface, exert control over and extract value through the labour process” (Howson et al., 2023, p. 733).

3   Data enrichment can be defined as “Data curation for the purposes of machine learning model development that requires human judegment and intelligence. This can include data preparation, cleaning, labelling, and human review of algorithmic outputs, sometimes performed in real time” (Partnership on AI, 2021, p. 9).
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This article presents a Great Ideas for Teaching (GIFT) activity in which students design and evaluate a custom generative AI (GenAI) tool grounded in organizational communication theory. Working in teams, students identify a workplace communication challenge, apply a relevant theoretical framework, and develop a GenAI prototype to address or improve that process. The assignment is structured around experiential learning principles, encouraging students to learn through iteration, feedback, and reflection. It culminates in an in-class pitch and a documentation guide that outlines the tool’s design, intended use, and ethical implications. By combining theoretical analysis with prompt engineering and design thinking, the activity helps students critically engage with the role of AI in organizational life. It also equips them with practical experience to assess, implement, and communicate the value of AI-mediated communication tools.
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1 Intended course

This assignment fits undergraduate or graduate courses within organizational communication, management, leadership, or communication and technology. It is designed for face-to-face instruction but can be adapted for hybrid or online settings by using synchronous video meetings for presentations and asynchronous collaboration tools (e.g., Google Docs, Slack, or Canvas) for collaboration. It works best with a class size of 15–30 students, who can be arranged into teams of four to five members.

By the end of the activity, students will have learned to leverage an organizational communication theory to address a real or hypothetical workplace process, develop practical skills in designing and refining a custom generative AI tool, consider the ethical and responsible dimensions associated with generative AI design, and produce a documentation guide for their AI prototype. Generative AI (GenAI) tools are a subset of AI technologies that can generate content (in this case, using text) in response to user inputs, making them versatile tools for supporting or partially automating workplace communication tasks.1 This sequence ensures that students not only experiment and gain literacy with widely used AI tools but also consider how their designs might integrate into broader organizational work processes.

The activity is best suited for courses where students have been introduced to basic communication or organizational theory, and it works especially well when scheduled later in the term after they have had time to engage with foundational concepts. Instructors may choose to offer a brief theory primer or recap at their discretion to support student engagement.

The activity takes place across two 75-min sessions, with an additional 2–3.5 h of out-of-class teamwork expected between meetings.



2 Objectives and proposed learning outcomes

This activity is designed to bridge theory and practical application by having students create and critically evaluate a generative AI tool that addresses a specific workplace communication challenge. Through this project, students draw on organizational communication theory, develop technical fluency with GenAI platforms, and reflect on the ethical and collaborative implications of AI use in practical organizational contexts. The assignment reinforces key ideas from the course while developing relevant technical and collaborative skills.

By the end of this activity, students will be able to:


	• Apply an organizational communication theory to analyze and address a real or hypothetical workplace process

	• Design and test a generative AI tool to automate a communication-related task(s)

	• Evaluate the practical and ethical implications of GenAI in workplace settings, including issues of accountability and transparency

	• Collaborate in a team to iteratively develop and present a functional, theory-informed GenAI prototype and documentation





3 Theoretical and pedagogical orientation

In today’s communication landscape, students are increasingly expected to understand and collaborate with AI technologies (World Economic Forum, 2025). Yet, few classroom assignments offer structured, hands-on opportunities to build these skills. According to a recent survey by Cengage, 70% of graduates want generative AI training integrated into their courses, and one in two report feeling unprepared to use AI tools in the workplace (Inside Higher Ed, 2024).

Building on this need, recent work on AI-mediated communication provides a foundation for designing assignments that engage students in applied, organizational use of generative AI. Hancock et al. (2020) define AI-mediated communication as “interpersonal communication in which an intelligent agent operates on behalf of a communicator by modifying, augmenting, or generating messages to accomplish communication goals” (p. 89). Across work contexts, scholars have explored how AI reshapes everyday communication workflows (Faraj et al., 2018; Laapotti and Raappana, 2022; Cruz, 2024). For example, GenAI tools can automate tasks such as generating onboarding emails, summarizing internal updates, or drafting routine reminders—functions that were previously handled by employees.

This assignment also draws on experiential learning by engaging students in the design, testing, and evaluation of GenAI tools for workplace scenarios. As Beard and Wilson (2018) note, experiential learning emphasizes reflection, iteration, and application. These principles are embedded in the assignment structure: students iteratively experiment with prompts, refine their tool based on feedback, and produce a documentation guide that captures both technical and theoretical reasoning (see Appendix A, Section 3). In doing so, students move between theory and practice—testing assumptions, revising ideas, and critically assessing how their tool operates within organizational contexts (see Appendix B). For example, in the “Configuration Details” and “Assessment” sections, students are asked to explain how their design connects to a workplace need and reflect on how well the tool works in use.

This GIFT engages students in thinking about how GenAI transforms the communication practices that are central to organizational functioning. Drawing on theories such as organizational socialization, leader–member exchange (LMX), and conflict management, students examine how AI-generated messages might support or complicate relational dynamics, message credibility, or knowledge coordination. For instance, a group might use a theory of socialization to guide the design of a GenAI tool that produces onboarding content tailored to new employee experiences. Rather than treating theory as an abstract concept, the activity positions it as a practical lens for assessing and designing communication processes in AI-enhanced environments.



4 Implementation

The assignment is implemented in two sessions: one for introducing the task and brainstorming, and another for presenting their custom GenAI tool that was collaboratively developed in the interim.


4.1 Session 1: theoretical grounding and project start (75 min or 1 class meeting)

The initial session introduces the class to the assignment, its objectives, and expected deliverables. Students are divided into teams of four to five members and receive the assignment guide (see Appendix A). This guide provides a detailed overview of the task, including step-by-step instructions for accessing the Google Gemini platform, creating a custom generative AI prototype, and submitting final materials. It also includes example prompts, a checklist of documentation elements, and links to technical support resources (see Appendices A, B).

Instructors are encouraged to familiarize themselves with Gemini’s Gem builder and the included resources prior to the session, but it is also worth noting that many students are already regular users of GenAI platforms. In practice, students often bring creative prompting strategies and tool knowledge into the process, and teams can help one another troubleshoot or refine their tools collaboratively as part of the assignment’s learning experience.

Next, the instructor should revisit a few key organizational communication theories discussed in previous class sessions and explain how these theories help us understand workplace communication processes. These can be pulled from previous lectures, course readings, or co-constructed with students through in-class discussion. For instructors who wish to explore a broader range of theories, the Handbook of Organizational Communication Theory and Research (Miller and Poole, 2024) offers a useful overview of organizational communication theories and frameworks.

The following sample theory illustrates how a single framework can help students clarify the communication process they are trying to automate, as well as identify key tasks, skills, and stakeholders involved. While not required, this structure offers one way to bridge theory and practice and can help teams focus their GenAI tool design.


Sample theory: anticipatory socialization

Anticipatory socialization refers to the process by which individuals acquire the knowledge, skills, and norms needed to effectively integrate into an organization—even before their first day on the job. This phase shapes expectations, builds clarity, and helps establish a smooth entry. When designing a GenAI tool, this theory can guide students to think critically about what information new hires need, who provides it, and how it gets communicated.


	• Potential processes: onboarding and training efforts that prepare new employees before day one. This includes explaining policies, outlining responsibilities, and introducing team dynamics

	• Relevant tasks: building structured schedules, providing training documents, crafting welcome emails, and highlighting performance expectations

	• Relevant skills: communication clarity (e.g., making policies accessible), mentorship (e.g., helping new hires navigate early challenges), and adaptability (e.g., tailoring messaging to individual roles)

	• Potential stakeholders: HR staff, team leads, and managers who guide and support the onboarding process


 

The instructor introduces generative AI as a tool with the potential to optimize routine workplace tasks while emphasizing its limitations. For example, while generative AI can streamline processes like drafting schedules or standardizing feedback, it also carries risks, including the generation of inaccurate or biased content. Instructors encourage students to remain critical of AI outputs, highlighting the importance of transparency, accountability, and adherence to ethical protocols (e.g., Cruz, 2024; Sundar and Liao, 2023).

Initial brainstorm: following the conceptual grounding, students work in teams to identify a specific organizational communication challenge that could benefit from AI-driven support. This may include routine communication tasks (e.g., onboarding emails), interpersonal dynamics (e.g., conflict management or feedback delivery), or strategic coordination (e.g., cross-functional collaboration). Teams are encouraged to select challenges that are familiar, meaningful, and feasible to address within the scope of the assignment.

Each team then identifies a relevant organizational communication theory to help frame the selected challenge. The purpose of this step is to guide students in using theory to analyze the communication process and inform the development of their GenAI tool. For example, a team working on onboarding might apply socialization theory to consider how new employees learn organizational norms. A team addressing cross-functional collaboration may draw on transactive memory systems to account for how groups share and coordinate knowledge. Again, instructors may revisit prior lecture content or facilitate an in-class discussion to help students recall and apply theories previously covered in the course.

Once a theory and challenge are selected, teams begin outlining their tool’s function and scope. They define input parameters, intended outputs, and any contextual considerations needed to ensure their GenAI tool is aligned with the organizational communication goal. For example, a team designing a welcome message generator may specify tone, user inputs (e.g., department, start date), and accessibility considerations.

Teams then draft initial prompts to test how the GenAI tool responds. These prompts serve as the building blocks of the tool’s logic and functionality. For example, in this hypothetical situation:

Write a welcome email from an AI assistant for new summer interns joining the marketing department at XYZ Agency. The email should include basic information such as the office location in Downtown Chicago, a 9:00 AM start time, and instructions to meet at the front desk. Mention who they should check in with, what to expect on their first day, and offer a few friendly tips to help them feel prepared. Use a warm and welcoming tone.


Teams experiment with their AI tools during this session, testing how well the responses match the task and reflecting on whether the tool supports or complicates communication in the scenario. The session concludes with a short class discussion where teams share what problem they are tackling, which theory being used, and one example of a GenAI prompt they tested.

The session concludes with the instructor outlining the next steps. Teams are tasked with refining their prompts, beginning practicing their documentation, and preparing for further experimentation to develop a full prototype before the next class.



4.2 Between sessions: prompt refinement and documentation development (approximately 2.5–3 h)

After the first session, teams spend time outside of class refining their GenAI prototypes. They use Google Gemini Gems or an equivalent Generative AI platform to test prompts, adjusting both content and parameters as needed. Students record their AI’s outputs and note any limitations or inaccuracies, iterating prompts to achieve improved results. This process underscores how human oversight remains fundamental to AI design. Students are encouraged to stay alert to the possibility that AI outputs can produce unintended consequences or reflect unexpected biases.

At this stage, students begin constructing a documentation guide that explains the scope and purpose of their tool. They are encouraged to include an overview of the organizational challenge, references to the theoretical framework, and a summary of the technical configurations and specific prompts used. The guide should also address ethical concerns, such as how to handle potential biases, maintain user privacy, and delineate which tasks might still require human intervention. Students may add a “maintenance and future enhancements” section, articulating how their tool might evolve over time, receive updated data inputs, or require disclaimers to avoid user misinterpretation. This comprehensive approach ensures that the tool they develop is not only feasible but also transparent and adaptable.



4.3 Session 2: presentations, feedback, and reflections (75 min or 1 class meeting)

In the second session, students reconvene with their refined GenAI prototypes. Each team presents their tool as a pitch to the class, beginning with a clear restatement of the workplace challenge they sought to address. Teams then explain how an organizational communication theory informed their approach, articulating how the theory helped them define the problem and guide their tool’s design.

Presentations walk the class through the tool’s core functionality: what it is designed to do, how it works, and what type of output it produces. Teams highlight key strengths as well as persistent limitations (e.g., vague responses, off-target phrasing, or difficulties generating nuanced language). Where appropriate, teams also note any disclaimers or instructions they would include to prevent misuse or confusion.

Following each presentation, the instructor invites questions from the class. These exchanges often focus on practical matters, such as how the tool would integrate into existing workflows or who would be responsible for maintaining and updating prompts. Ethical or relational queries often arise, prompting students to articulate how they would ensure that users understand AI’s boundaries, remain vigilant against bias, or navigate delicate communication tasks requiring emotional nuance. These exchanges encourage students to think beyond the prototype and reflect on how the tool would operate in live contexts, especially when communication tasks involve emotion, ambiguity, or power dynamics.

After all teams have presented, the instructor leads a broader reflection. This discussion returns to the communication theories at play and invites students to assess how successfully their tools embodied these concepts. Instructors can also prompt students to think about when and why human communication remains irreplaceable, especially in contexts requiring empathy, creativity, or critical judgment. Throughout this dialogue, students are reminded that AI tools are not neutral or purely technical. Rather, they are embedded in—and can reshape—communication practices, social expectations, and power structures (e.g., Cruz, 2024; Faraj et al., 2018; Laapotti and Raappana, 2022). By reflecting critically on their own design choices and outcomes, students gain a deeper appreciation of how GenAI might assist or complicate organizational life.



4.4 Appraisal and limitations

Conducting this assignment over two course sessions offers several advantages. By giving students time between classes to refine prompts and develop their documentation, instructors encourage more thoughtful and intentional design. Students are better positioned to explain the rationale and efficacy behind their tool’s outputs and produce a polished documentation guide with clear, intentional links to theory. In practice, students have created custom GenAI tools for a range of workplace tasks: brainstorming aids for teaming, advice bots for managing conflict with supervisors, email templates for global, intercultural communication, and employee onboarding assistants. In practice, many student teams move fluidly between completely automating or augmenting parts of a task as they refine their prompts and evaluate outputs. This flexibility is a strength of the assignment, allowing students to engage with GenAI tools at varying levels of complexity while remaining grounded in theory and context. Instructors can decide how explicitly to distinguish between these approaches based on course goals and student readiness.

Course feedback from students highlights how the activity supports this experimentation and experiential learning. One student noted, “We got a chance to test out different versions and figure out what to automate and what not to. It made me think about the differences between what we should keep human and what to give to the AI.” Another wrote, “While my personal stance on AI has not changed, I feel more knowledgeable and prepared to enter a job and think about automating [something, a task] intentionally.” A third student emphasized the applied value of the project: “I was impressed to learn about the different ways organizations use AI into their workflows and take a chance to make my own and customize it.” These reflections underscore the assignment’s impact—not only in building AI literacy, but in allowing them to apply theory, navigate design choices, and reflect on the broader organizational ecosystem of emerging technology at work.

This activity is also adaptable to a range of organizational contexts beyond the classroom. Instructors may consider tailoring the project to scenarios relevant to press agencies, nonprofits, or global corporations, depending on course goals. It is worth noting that GenAI tools vary in their performance across languages and cultural contexts, and students may observe different results depending on how their prompts or tools are situated. These variations can provide additional opportunities for reflection on communication norms, access, and scale.

That said, instructors should be aware of a few limitations. Some students may initially struggle with prompt engineering, particularly if they are unfamiliar with GenAI tools. Practicing prompting collectively and troubleshooting together during the first session can help ease this learning curve. Additionally, time constraints may become an issue if teams pursue overly ambitious or complex designs. In these cases, instructors may need to encourage students to focus on a specific communication. Finally, instructors may wish to remind students that a tool’s performance can vary significantly as AI tools evolve over time, making it essential to regularly revisit and update any tool that is introduced into an organization.




5 Conclusion

Designing a GenAI tool for organizational communication is a multifaceted learning experience that invites students to connect theoretical insight with hands-on practice. Students begin to see that AI integration is not merely about efficiency gains, but also about ensuring alignment with organizational goals and the complexities of communication interactions. Learners discover how generative AI can alter communication flows—sometimes productively, sometimes problematically—and they emerge more prepared to critically assess AI’s presence in contemporary workplaces. Through this iterative and theory-driven approach, the assignment serves as a practical tool for shaping students into thoughtful, adaptable, and responsible communication professionals.
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Footnotes

1   This project primarily centers on automation, where a GenAI tool independently carries out a task—for instance, generating a complete onboarding email based on a prompt. In contrast, augmentation refers to scenarios where AI plays a supporting role, like offering edits or suggestions to a message the user has already started. Instructors may choose to frame student projects around either mode depending on their course goals. While the assignment focuses on automation, many teams naturally engage in augmentation when refining prompts and adjusting outputs. It is also common for users to blur the line between these two uses depending on the level of oversight and iteration involved. For additional clarity on these distinctions, instructors can refer to Hancock et al. (2020) on AI-mediated communication and Mollick (2024) for applications of GenAI tools.
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Creativity is considered an important competency for personal and professional development in the current society. With the integration of artificial intelligence (AI) in education, there is increasing interest in understanding how AI can support the creative process and how its usage in various contexts might affect user agency. Nevertheless, the specific role of AI in the support to the creative process is not clearly identified in the literature. To address this gap, a comprehensive PRISMA review of the existing research explored the different contexts and use cases for AI in support of creativity, identifying 20 articles from the ScienceDirect database after a systematic review of 111 research papers. The 20 selected papers identified 5 primary use cases for AI in support of creativity in educational settings including academic achievement, chatbots, diagnostics and evaluation, and literature reviews and frameworks. Of these use cases, the most common applications of AI tend to occupy a more passive role where it supports brainstorming, creative writing, and adaptive learning systems. In these instances, user agency is considered high as the user is actively leading the process. In situations where AI functions as a co-collaborator, human agency is reduced as AI takes on a more substantial role in the creative process. Domain and context also play a role in how AI is currently supporting creativity in educational settings. Generic domains support divergent thinking while more specific domains may reduce creative possibilities, but provide more structured support in the creative process.
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Introduction

Creativity is considered a critical competency for success in the future economy and has been included in a number of educational frameworks highlighting transversal or 21st-century skills (Okada et al., 2025; OECD, 2019). Creativity is important because innovative tools, like artificial intelligence (AI), require citizens to develop their capacity to use technology to solve creative, collaborative, and complex problems (Benvenuti et al., 2023; OECD, 2019). While researchers have been advancing AI since the 1960s, the recent accessibility of AI-powered applications has brought AI into the mainstream, finding its way into a wide swath of contexts and use cases in the professional arena but also the educational one (Lee and Kwon, 2024). In education, AI permits support for personalised learning, data-driven decision-making for educators but also playful adaptive learning environments (Ng et al., 2024; Zhan et al., 2024). While there have been considerable efforts made to integrate AI into educational settings, questions remain as to how AI might support or even hinder certain cognitive processes in educational contexts. In this study, we focus on the role of AI in relation to creativity in educational tasks in order to better identify the opportunities but also the potential limits on the use of AI for supporting creativity in education.

Creativity is often thought of as a fixed ability that you either have or you do not. This has given rise over the years to the myth of the creative genius born with an innate creative talent that is unobtainable otherwise (Abraham, 2024). However, research has shown that creativity is a teachable process that is contextually driven by a number of internal and external factors (Sawyer and Henriksen, 2023). Moreover, creativity can be an individual or collective process depending on the task and domain (Authors). Understanding creativity as a domain-based regulated activity dispels the notion of innate talent while highlighting the role agency plays in the creative process. In this study, we aim to identify how the integration of AI can support creativity, and determine what role it might play in supporting little-c and Big-C creativity. Little-c creativity refers to everyday creativity, encompassing personal insights, problem-solving, and small-scale innovations that individuals engage in daily activities such as creative tasks in education (Ivcevic and Grandinetti, 2024). In contrast, Big-C creativity pertains to groundbreaking, domain-changing innovations that have a lasting impact on society.

Most of the current applications found in our review of AI in support of creativity function as assistive systems serving to enhance human ideation and problem-solving rather than producing novel, paradigm-shifting work (Habib, 2025; Medeiros et al., 2023; Zhu et al., 2024). It may be that AI excels at combinatorial creativity, given its ability to combine or remix existing ideas or knowledge, but remains bound by its training, algorithms, and lack of self-awareness from exhibiting truly transformational creativity (Boden, 2004). The diversity of the potential of AI to support the creative process raises research questions in relation to the use and role of AI in the creative process in education but also the specific role of AI in relation to the creative process. Our study aims to address this research gap through a Preferred Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA, Sarkis-Onofre et al., 2021) methodology.



Research questions

To guide our investigation, we formulated the following research questions, aiming to explore the intersection of AI and creativity in educational contexts:


RQ1: What is the current use of AI and creativity in educational contexts?
RQ2: What is the AI’s role in the creative process?
RQ3: What role does AI play in supporting both little-c and Big-C creativity in education?




Method

We developed the literature review following the PRISMA guidelines. The search terms include “AI” OR “artificial intelligence,” ensuring the retrieval of literature related to artificial intelligence. To narrow the focus to educational contexts, the term “education” was included. Additionally, to capture studies related to creativity, the search incorporated “creativity” OR “creative process” OR “divergent thinking” to encompass various aspects of creative engagement.

We conducted the PRISMA review through the ScienceDirect database, selected for its high academic credibility and comprehensive coverage of peer-reviewed journals in the fields of computer science, education, and interdisciplinary studies. ScienceDirect integrates 1,570 peer-reviewed research journals that are also indexed in Scopus, Web of Science, PubMed, and Google Scholar. ScienceDirect database includes only peer-reviewed journals meeting the high-quality standards of research, not only in relation to bias risk but also in relation to the ethics of research. The query in ScienceDirect resulted in 111 research articles from peer-reviewed journals. The analysis of abstracts led to the exclusion of 87 papers because they did not study an educational activity in which AI supports creativity. An additional four articles were excluded because they did not include an educational focus. Following the inclusion criteria, 20 papers corresponded to the requirements of empirical studies analysing the support of AI in educational tasks.

[image: Flowchart showing systematic review process: 111 papers identified from ScienceDirect, screened by title and abstract; 87 excluded after full-text assessment; 20 papers included for synthesis. Identification, Screening, and Included steps are listed vertically on the left.]

FIGURE 1
 PRISMA methodology detailing the process of identification, screening and inclusion.


We determined a set of criteria for the inclusion and exclusion of articles prior to the PRISMA search (see Table 1). Given the pace at which artificial intelligence is evolving, the decision was made to include articles in English published within the last 3 years, from 2023 to 2025. English publications were selected to avoid potential translation inaccuracies and due to translation constraints. We did not include any articles that did not look at how AI can help students be creative in school. Other articles were excluded if they were not peer-reviewed and products of primary or secondary research. We excluded dissertations, reports, and web articles. Two researchers developed the selection process. There were no discrepancies by following the factual exclusion criteria defined through the PRISMA guidelines. The results permitted the identification of a list of 20 articles, which were initially reviewed by the primary author for inclusion before being screened by a secondary author for accuracy. There were no disagreements between the two reviewers, and all 20 articles were then included in the final review.


TABLE 1 Inclusion and exclusion criteria.


	Inclusion criteria
	Exclusion criteria

 

 	Published between 2023 and 2025 	Published before 2023


 	English language 	Research published in languages other than English


 	AI uses in support of creativity within the educational domain 	Not about AI use in support of creativity in educational domains


 	Primary and secondary research 	Dissertations, reports, web articles


 	Reviewed papers, book chapters, journal articles, conference papers 	




 



Results

The research focus of the included articles included primary and secondary education (K12) (n = 7), Higher Education (HE) (n = 5), professional development (n = 2), and general mixed or adult education studies (n = 4). Two papers did not specify their research focus or constituted literature reviews. Authors were affiliated with a university body, mostly in the United States (30%, n = 6) and China (20%, n = 4). The majority of the reviewed articles were conducted collaboratively (95%, n = 19) with two authors (n = 5), three authors (n = 4), or more (n = 10).

The analysis of the 20 papers reveals that AI use cases for the support of creativity in educational settings are growing, but still constitute a sizable minority to the body of literature around AI use cases in more general applications. The twenty papers reflected in this review can be categorised in four themes (Table 2).


TABLE 2 Themes of the reviewed studies.


	Themes
	Studies

 

 	Literature reviews and frameworks in relation to AIED and creativity 	Benvenuti et al. (2023); Lin and Chang (2024); Medeiros et al. (2023); Riemer and Peter (2024); Sreenivasan and Suresh (2024).


 	Chatbots used for the study of creative activities 	Hadas and Hershkovitz (2022); Riemer and Peter (2024).


 	Academic achievement in the context of creativity in AIED 	Kong et al. (2024); Huang et al. (2024); Habib et al. (2024); Ivcevic and Grandinetti (2024); Liu et al. (2023); Zhu et al. (2024).


 	Academic achievement in the context of creativity in AIED 	Celiktutan et al. (2024); Ding et al. (2024); Gabriel et al. (2023); Hadas and Hershkovitz (2024); Organisciak et al. (2023); Raz et al. (2024); Wahbeh et al. (2024).




 

Studies focusing on literature reviews and frameworks (Benvenuti et al., 2023; Lin and Chang, 2024; Medeiros et al., 2023; Riemer and Peter, 2024; Sreenivasan and Suresh, 2024) examine the current body of research on AI’s role in fostering creativity in education. These works either synthesise existing findings or provide theoretical guidance on AI’s integration within creative educational contexts.

Research on chatbot applications in creative activities (Hadas and Hershkovitz, 2022; Riemer and Peter, 2024) explores the use of AI-driven tools, such as ChatGPT, Claude, and DALL-E, in facilitating and co-collaborating during the creative process. These studies highlight AI’s role as an interactive agent that supports ideation and content generation.

The intersection of academic achievement and creativity in AIED (Kong et al., 2024; Huang et al., 2024; Habib et al., 2024; Ivcevic and Grandinetti, 2024; Liu et al., 2023; Zhu et al., 2024) focuses on AI’s capacity to enhance learning outcomes. AI applications in this domain contribute to curriculum gap analysis, personalised learning experiences, and student feedback.

Studies on the evaluation of creativity (Celiktutan et al., 2024; Ding et al., 2024; Gabriel et al., 2023; Hadas and Hershkovitz, 2024; Organisciak et al., 2023; Raz et al., 2024; Wahbeh et al., 2024) investigate AI’s role in assessing creativity within educational settings. These applications primarily focus on evaluating standardised creativity tests or measures of divergent thinking rather than assessing the creative process itself.


Results of the current use of AI and creativity in educational contexts? (RQ1)

Having analysed the 20 papers in relation to the first research question (RQ1), we then analysed the use of AI in the support of creativity in different educational settings before analysing its specific role in the support of the creative process (RQ2). The categories are identified through a thematic analysis based on the roles of AI in Table 3 and represented in Figure 2.


TABLE 3 Themes of the reviewed studies.


	AI use for creativity
	Functions
	References

 

 	Ethics and frameworks 	Bias, transparency, usage in relation to creativity 	
Medeiros et al., 2023



 	Creativity evaluation 	Assessment, feedback, prediction 	Ding et al., 2024; Gabriel et al., 2023; Kong et al., 2024; Lin and Chang, 2023; Liu et al., 2023; Hadas and Hershkovitz, 2024; Organisciak et al., 2023; Raz et al., 2024; Wahbeh et al., 2024


 	Collaborator 	Co-creation, joint problem-solving 	Benvenuti et al., 2023; Ivcevic and Grandinetti, 2024; Riemer and Peter, 2024


 	Facilitator 	Chatbots, image creation, brainstorming 	Celiktutan et al., 2024; Habib et al., 2024; Jeremiah, 2025; Sreenivasan and Suresh, 2024; Urban et al., 2024; Zhu et al., 2024


 	Artefact creation 	Image edits, text summarization 	
Huang et al., 2024
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FIGURE 2
 Use of AI and creativity in educational contexts.


The results indicate that AI plays multiple roles in supporting creativity in education, ranging from artefact creation to providing ethical frameworks for its use. At the most fundamental level, AI is employed for artefact creation, including tasks such as image editing and text summarisation (Huang et al., 2024). As a facilitator, AI applications such as chatbots and image-generation tools assist in brainstorming and creative ideation, enhancing students’ engagement in the creative process (Celiktutan et al., 2024; Habib et al., 2024; Jeremiah, 2025; Sreenivasan and Suresh, 2024; Urban et al., 2024; Zhu et al., 2024). AI also functions as a collaborator, contributing to co-creation and joint problem-solving, thereby shifting its role from a mere tool to an active creative partner (Benvenuti et al., 2023; Ivcevic and Grandinetti, 2024; Riemer and Peter, 2024). AI serves as an evaluator or assessor, offering feedback, assessing creativity, and predicting performance, which can helps educators and students refine their creative work (Ding et al., 2024; Gabriel et al., 2023; Kong et al., 2024; Lin and Chang, 2023; Liu et al., 2023; Hadas and Hershkovitz, 2024; Organisciak et al., 2023; Raz et al., 2024; Wahbeh et al., 2024). At the highest level, AI’s influence extends to ethics and frameworks, addressing concerns related to bias, transparency, and responsible usage within educational settings (Medeiros et al., 2023).

While the potential of AI in supporting creativity is significant, our analysis revealed critical challenges that accompany its integration. Seven papers in our review highlighted substantial concerns, including the ethical complexities of training algorithms, potential deskilling of students, risks of plagiarism and overuse, and the potential erosion of human agency (Benvenuti et al., 2023; Habib et al., 2024; Celiktutan et al., 2024; Liu et al., 2023; Huang et al., 2024; Urban et al., 2024; Zhu et al., 2024). These multifaceted challenges extend beyond mere technological considerations, representing deeper pedagogical and epistemological questions about the role of AI in educational creativity. The concerns resonate with broader discussions in educational technology, reflecting a nuanced understanding that technological innovation must be balanced with critical reflection (Authors).



Results on the AI’s role in the creative process (RQ2)

Our analysis of the role of AI in supporting and enhancing creativity observed three roles going from a passive tool to an active collaborator, raising fundamental questions regarding the nature of human-AI co-creativity (Colton et al., 2009). Figure 3 illustrates the different applications of AI in support of human creativity in education, highlighting where both AI and the user sit in the creative process.

[image: Diagram showing three models of AI’s role in creativity. Top: AI as facilitator supports the learner, leading to a creative outcome, with highest learner agency. Middle: AI as co-creator works with the learner towards a creative outcome. Bottom: AI as a creative artefact generator receives input from the learner, producing a creative outcome, with lowest learner agency.]

FIGURE 3
 Typology of AI’s role in the creative process (Romero, 2025).


These use cases include three distinct modes of AI engagement, each characterised by varying levels of learner agency in the creative process. The first mode positions AI as a facilitator, where AI supports ideation and adaptive learning. In the second mode, AI is enacted as a co-creator between the learner and the AI system. The third mode represents AI as a creative artefact generator where the learner delegates creative tasks to the AI system. This has the potential to hinder learner agency. The AI role diversity in the leaner creative process is also dependent on the technological evolution of AI. The emerging landscape suggests a complex, dynamic interaction between human creativity and AI capabilities, challenging traditional conceptualisations of creative processes and demanding nuanced approaches to understanding and integrating AI in educational creative contexts. The analysis of the 20 studies of the PRISMA literature review is presented in Table 4.


TABLE 4 Research papers according to the typology of AI’s role in the creative process.


	Typology of AI’s role in the creative process
	References

 

 	AI as facilitator of human creativity 	Celiktutan et al., 2024; Habib et al., 2024; Jeremiah, 2025; Sreenivasan and Suresh, 2024; Urban et al., 2024; Zhu et al., 2024


 	AI as a collaborator in human-AI co-creativity 	Benvenuti et al., 2023; Ivcevic and Grandinetti, 2024; Riemer and Peter, 2024


 	AI as a creative artefact 	
Huang et al., 2024





 

Figure 4 comprehensively maps AI interventions across the creative process, identifing three distinct roles: AI as a facilitator of human creativity (Celiktutan et al., 2024; Habib et al., 2024; Jeremiah, 2025; Sreenivasan and Suresh, 2024; Urban et al., 2024; Zhu et al., 2024), AI as a collaborative partner in co-creativity (Benvenuti et al., 2023; Ivcevic and Grandinetti, 2024; Riemer and Peter, 2024), and AI as an autonomous creative artefact generator (Huang et al., 2024). These roles allow us to observe that AI’s involvement is not monolithic but dynamically distributed across multiple phases of the creative process, including ideation, development, and finalisation. At each stage, AI can augment, enhance, or even generate content, challenging traditional conceptualisations of creativity and technological mediation.

[image: Diagram illustrating intersections of AI in creativity and learning, structured along two axes: generic versus domain-specific creativity, and non-creative AI support versus AI supporting little-c and Big-C creativity. Central labeled box highlights categories such as AI for learning diagnostics, AI supporting personalized learning, AI as a creative artefact, AI-facilitated learning experiences, and AI in human-AI co-creativity.]

FIGURE 4
 Typology of AI’s role in the creative process.




Results in the role AI plays in supporting both little-c and Big-C creativity in education (RQ3)

AI supports several different use cases in creative education, ranging from facilitator to co-creator to autonomous producer of creative artefacts. In each of these roles, AI provides differing levels of support to the creative process, moving from the assessment of creative output to personalising the learning process to serving as a co-collaborator and finally, generating creative outputs with minimal human involvement. This spectrum has a direct effect on user agency, where higher levels of AI support can reduce creative effort, but at the cost of reduced user agency. Context also plays a role as tasks associated with more generic domains serve to broaden creative possibilities and support divergent thinking. Conversely, tasks associated with more specific domains may reduce creative possibilities, but can scaffold expertise while providing more structured support (Habib et al., 2024). Domain also plays a role in AI’s support of Big-C and little-c creativity. Tasks associated with supporting understanding that fall in the specific domain can support little-c creativity, while co-creative collaboration within the generic domain is required to support Big-C creativity (Ivcevic and Grandinetti, 2024; Urban et al., 2024).

In Figure 4, we propose the differences in the domain specificity or genericity (axis horizontal) and the role of AI to support little-c and Big-C.


TABLE 5 Analysis of domain specificity or genericity and little-c and Big-C.


	Domain specificity or genericity in support of little-c and Big-C creativity



	
	Generic domain
	Specific domain

 

 	Big-C 	Ivcevic and Grandinetti (2024): Conceptualises that future Nobel Prize winners may use AI tools. 	Medeiros et al. (2023): Highlights applications in the field of medicine and science with the potential to contribute to new treatments.


 	little-c 	Benvenuti et al. (2023): Creativity as connected to computational thinking; Ding et al. (2024): Describes different methods of assessing creativity; Habib et al. (2024): AI provides support for divergent thinking. 	Huang et al. (2024): Discusses specific design-related creative tasks; Urban et al. (2024): Measuring baseline originality, a key component of divergent thinking.




 

The results underscore that AI’s creative support is fundamentally contextual, varying significantly across generic and specific domains, and influencing both little-c and Big-C creativity (see Table 5). Across this spectrum, AI interventions directly modulate learner agency, with increased AI support paradoxically correlating with decreased human creative autonomy (Habib et al., 2024; Ivcevic and Grandinetti, 2024). In generic domains, AI demonstrates remarkable potential for broadening creative possibilities and supporting divergent thinking, as evidenced by speculative scenarios like Ivcevic and Grandinetti's (2024) projection of AI’s role in nurturing future breakthrough innovations. Conversely, in domain-specific contexts, AI functions more as a scaffolding mechanism, providing structured support that can systematically develop expertise while constraining creative exploration (Urban et al., 2024; Medeiros et al., 2023). This differential support is particularly pronounced between little-c creativity, where AI aids computational thinking and originality assessment, and Big-C creativity, where AI serves as a potentially transformative co-creative partner in complex domains like scientific and medical research. The findings suggest that the future of educational creativity lies not in replacing human creativity, but in developing increasingly sophisticated, context-aware AI collaborations that amplify rather than supplant human creative potential.




Discussion

We analysed three main research questions. In relation to the first research question (RQ1), the PRISMA review reveals AI’s multifaceted roles in supporting educational creativity, extending from practical artefact creation to sophisticated ethical frameworks. AI functions across four key dimensions: as an artefact generator (Huang et al., 2024), a facilitator of creative ideation (Celiktutan et al., 2024; Habib et al., 2024), a collaborative problem-solving partner (Benvenuti et al., 2023; Ivcevic and Grandinetti, 2024), and an evaluative tool providing feedback and creativity assessment (Ding et al., 2024; Gabriel et al., 2023). Critically, these roles transcend technological utility, addressing broader pedagogical considerations such as bias, transparency, and responsible implementation within educational contexts (Medeiros et al., 2023).

In relation to the role of AI in creativity (RQ2), we can observe three different types of roles supporting agency at different levels. In its role as a facilitator, AI enhances or supports the human creative process by providing tools, inspiration, or personalised guidance through the use of AI-powered brainstorming tools, creative writing assistants, and adaptive learning systems. At this level, user agency is considered high given that the user is actively driving the creative process while the role of AI is assistive rather than generative (Habib et al., 2024; Ivcevic and Grandinetti, 2024). When AI acts in human-AI co-creativity, AI takes on a more substantial role in the ideation process, actively shaping the direction of the creative output (McCormack et al., 2019; Urmeneta and Romero, 2024). Given the increased role played by AI, where AI-generated content moves beyond suggestion and is actively included in the creative process, human agency is reduced. Finally, the lowest level of user agency is reserved for instances when AI is used as a tool for producing creative artefacts. In this application, the user plays a minor role in the creative output, serving instead as an initiator or evaluator for mostly fully formed creative outputs. Examples of this include the creation of AI-generated images (DALL-E, Midjourney), AI-composed music (AIVA), and fully AI-generated stories (ChatGPT, Claude). Our review also identified an additional category where AI served as an evaluator of creativity-primarily through the evaluation of student work and surveys (Ding et al., 2024; Gabriel et al., 2023; Kong et al., 2024; Lin and Chang, 2024; Liu et al., 2023; Wahbeh et al., 2024) or creativity assessments such as the Alternative Uses Test (AUT) or the Divergent Association Task (DAT) (Hadas and Hershkovitz, 2024; Organisciak et al., 2023; Raz et al., 2024). The diversity of AI’s roles underscores a critical tension between learner agency and AI-driven automation, highlighting the imperative for nuanced, context-aware applications that amplify rather than supplant human creative potential. This multifaceted engagement necessitates ongoing scholarly attention to develop ethical frameworks and pedagogical strategies that can harness AI’s creative potential while preserving the fundamentally human essence of creative expression. Additionally, the analysis of the results for RQ2 shows that most research studies focus mainly on higher education or adult learners, which means K-12 students are not well represented. More studies are needed to look at how creative competencies develop over a learner’s lifespan and how learners access and use AI tools creatively based on their age and education level.

The analysis of AI’s role in supporting creativity (RQ3) reveals a nuanced spectrum of engagement across educational contexts. Our findings demonstrate that AI supports creativity through multiple modalities with varying implications for learner agency. The support differs significantly between generic and domain-specific contexts, with AI potentially broadening creative possibilities in generic domains while providing structured scaffolding in specific domains (Habib et al., 2024; Urban et al., 2024). Critically, the research highlights a fundamental trade-off: increased AI support correlates with decreased human creative autonomy, particularly across little-c and Big-C creativity contexts. The results suggest that effective AI integration in creative education requires carefully calibrated approaches that amplify rather than replace human creative potential.

The relationship between domain and the different applications of AI in support of creative education raises questions around learner autonomy and agency and what constitutes human-AI co-creativity (Habib et al., 2024; Kong et al., 2024; Zhu et al., 2024). Outside of levels of support, how does AI’s role differ when applied to specific and generic domains, and what trade-offs in human agency are deemed acceptable given the benefits associated with divergent thinking and creative effort. Given that the inclusion of AI in the creative process does not necessarily ensure novel or useful outcomes (Urban et al., 2024), particular attention should be paid to acculturation efforts that prioritise a critical approach to AI use where human agency is explicit and valued (Habib et al., 2024; Zhu et al., 2024).

Given the recency with which AI has become accessible to the general public, research around the long-term effects of AI on human creativity has yet to be determined. Additionally, GenAI’s ability to support creativity is dependent on the tool’s features and functionality. The rapid evolution of AI tools is, in itself, a limiting element of this review, and ongoing studies are required to update the state of AI support for the creative process in education. AI is often acknowledged for its ability to increase productivity and expand divergent thinking in support of creativity (Habib et al., 2024), while there may well be a degradation of skills when there is an overreliance on AI tools (Medeiros et al., 2023). This deskilling can also affect the ability to think critically, as the pervasiveness and availability of AI diminishes users’ moral judgement and creative criticism-undermining human autonomy and agency (Huang et al., 2024; Zhu et al., 2024). The potential benefits of AI in stimulating divergent thinking and expanding creative possibilities must be carefully weighed against the risks of skill degradation, reduced human agency, and the potential for AI to constrain rather than expand creative potential.
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Introduction

This reflection has been conceived based on my experience over the past three semesters utilizing various genAI tools to produce course teaching material. More importantly, while some educators were disallowing the use of genAI, students in some of my courses were encouraged to take advantage of genAI tools to produce audio-related content.

The proliferation of genAI in higher education continues to grow and garner discussion about the best way to utilize the various tools and whether the tools should even be allowed by students (Lee and Lui, 2024). However, in media education, many educators are incorporating genAI tools in their courses as a way of job preparedness for students. The sentiment being that the media industry is heavily exploring and utilizing genAI tools to provide news briefs, to help summarize public meetings, to generate story ideas, to cull databases and more. A similar approach is taking place in audio production. National Public Radio's Planet Money demonstrated what's possible when they created a podcast episode using ChatGPT (Malone et al., 2023). Many AI audio tools are now available, like Adobe Podcasts, that have a one-click option to clean up audio (enhance the audio quality, remove background noise/sound, etc.). Though diehard audio snobs might balk at some of the genAI options for audio because it dumbs down the intricacies of audio quality.

GenAI tools like ChatGPT can be useful to ideate creative projects as well as to generate scripts, particularly when time is of the essence. Time constraints could also be the reason that some educators have resorted to using genAI to assist with course preparation, like generating syllabi, course assessments and rubrics.

As we, educators, consider the inclusion of AI in our courses, we also have to grapple with addressing the authenticity, creativity and human agency in learning and in the creative process. As genAI becomes increasingly integrated into educational and creative workflows, it raises pressing questions about the nature of originality, authorship and the human role in meaning-making. In an audio production course, for instance, when a student uses ChatGPT to generate a script or employs a synthetic voice to narrate a story, where do we locate the “authentic” creative voice? Is it in the prompt, the editing, the idea or the final product? These tools can undoubtedly inspire and assist, but do they risk replacing the developmental processes, imagination, struggle and revision, that are central to creative learning?

Moreover, ponder this: what happens to students' sense of agency and identity when AI takes on tasks they are still learning to master? If a genAI tool can generate a compelling script in seconds, will students feel encouraged to hone their own storytelling skills, or will they become passive curators of machine output? Similarly, for educators, does the convenience of AI-generated rubrics and syllabi undermine reflective pedagogical design, or can it be a springboard for more dynamic, student-centered learning experiences?

In both education and the broader creative industries, these tools challenge us to reconsider the value we place on the process, not just the product. As we integrate AI into classrooms, it becomes essential to create space for dialogue around these issues, so that students don't just use AI, but also question and understand its implications for their craft, their learning and their future roles as media practitioners.

I've written about my pedagogical approaches to teaching audio production (Fox and Ebada, 2022). However, the primary goal of this reflection is to explore the opportunities, challenges and ethical implications of genAI in teaching at the collegiate level, specifically in the area of audio production, and to advocate for a balanced approach.

Others have written about audio and AI, including in Koh et al.'s paper. They explore the production of an audio fiction podcast created through human-AI collaboration, utilizing tools like ChatGPT for scripting, Prime Voice AI for voice-overs, Evoke Music for soundtracks and Stable Diffusion for visual branding (2024). It proposes a streamlined podcasting workflow and critically examines both the creative possibilities and limitations of AI-assisted storytelling.



Scriptwriting with AI as creative collaborator

Teaching the mechanics of scriptwriting typically takes a great deal of time, with attention given to character and plot development along with other nuances. I've also had my students work on an audio fiction project in my Introduction to Podcasting course. Typically, I culled the internet for public domain scripts, which was time-consuming and didn't always result in the best options that would be of interest to college students. With ChatGPT, we used the tool in real time in class and asked it to generate a 3–4 min audio drama script based on our specifications, for example, with a similar theme to A Streetcar Named Desire (a favorite from one of my students), but with an Egyptian spin on it. While the output was a bit stereotypical with names like Cleopatra and a requisite scene with the pyramids in it, the students were both impressed with the quickness of the script generation and the formatting and chuckled at the hokeyness of the stereotypes.

After generating and confirming the script, students were given the option to use synthetic voices in the production of their audio drama. Many of them used the free version of ElevenLabs. The students expressed frustration at the inability to get the voices to convey the exact emotions that they thought the delivery called for. Whereas, if they were directing voice actors, they could just share verbal directions (prompts) to get their actors to adjust their delivery. We know that text-to-speech synthetic voices are improving; however, in this context, more tweaking (and patience) was needed and the outcome was still not as desired by the students. Although there was a hiccup in this part of the production process, since the final voices were easily identifiable as AI-generated voices, it doesn't mean that I will never allow students to use synthetic voices again. I believe that there is a place for them in the process and I'm glad that students had the practical experience since it impacts their learning of what's possible with genAI tools.

However, this tension between efficiency and expressive depth is not unique to the classroom. Journalist, author and podcaster Ratliff's (2024) practice-based experiment Shell Game, a critically acclaimed podcast created using AI-cloned versions of his own voice, tested the medium's ability to convey intimacy and emotion, qualities often cited as hallmarks of audio storytelling. His cloned voices, though technically accurate, repeatedly defaulted to “hackneyed phrases” and “plastic dialogue,” with synthetic laughs that lacked spontaneity. As Ratliff observed, these AI hosts “don't sound like they are listening to understand, or to empathize … they are listening in order to prepare a response,” ultimately proving incapable of the unpredictability that underpins authentic humor. His findings parallel my students' critiques of synthetic voices in audio dramas, underscoring that while AI can mimic speech, it struggles to replicate the relational dynamics that make audio production a uniquely human art form.



AI and the classroom: rethinking teaching materials and labor

While students' creative engagement with generative AI tools offers exciting possibilities for storytelling and production, these technologies are also transforming the instructional side of education. Beyond the studio, AI is increasingly present in how educators design and deliver course content, prompting a closer look at its role in teaching and assessment.

With a skillfully designed prompt, ChatGPT can be very useful in generating course prep materials like syllabi, course outlines and developing new assessments. The output might still need to be tweaked, but generally speaking, it's a time saver. For my course outlines, I provided it with my teaching days and dates along with any days off like holidays. Then I plugged in the assessments and about how many class sessions I wanted to dedicate to each of the assessments, and it generated a fairly usable outline. In one instance, it even provided a suggested list of podcasts for the Listening Reports assessment and I didn't request that information. Eduaide.AI, which has been around since early 2023, has many more pedagogy planning options such as customizing games, quiz questions, group activities and more.

Ideally, the use of genAI to assist with course prep and assessments should be considered a timesaver that would allow the professor/educator to, perhaps, commit more time to personalized student interactions. However, despite these efficiencies and innovations, the adoption of AI in both student and instructor workflows brings forth a set of ethical and pedagogical dilemmas (Kostopolus, 2025). As I encourage my colleagues to embrace genAI in educational spaces, it becomes crucial to interrogate how these tools might reshape our understanding of learning, creativity and intellectual ownership.



Main argument—ethics, authorship and the role of the educator in an AI era

First, let me address concerns about authenticity, creative ownership and reliance on AI tools. In terms of authenticity, when students use genAI to generate scripts, essays or creative content, it becomes difficult to determine what is truly their own work. This raises the question: Is the final product an authentic representation of the student's voice, skill and intent? There's also the question of how to assess the work. Educators may struggle to assess whether learning outcomes, like critical thinking or storytelling ability, are genuinely being demonstrated if genAI is doing much of the creative labor. In the area of creative ownership, students using AI for assignments may not fully understand the boundaries of intellectual property or how to cite their use of generative tools. This creates gray areas around plagiarism and authorship. Lastly, overuse of AI may lead to skill atrophy or a lack of foundational understanding. Students might become overly dependent on AI to brainstorm, write, edit or produce, bypassing key stages of creative development.

In navigating the ethical terrain of generative AI in education, The Manifesto for Teaching and Learning in a Time of Generative AI (Bozkurt et al., 2024) offers a powerful framework for reframing the educator's role. It urges teachers to cultivate spaces of care, trust and creative risk-taking even amid technological disruption. This resonates strongly with my experience in audio classrooms, where the integration of AI for scriptwriting or synthetic narration risks collapsing nuanced, embodied storytelling into machine-assisted outputs. The manifesto's emphasis on human creativity as a site of resistance encourages educators not to abandon AI, but to use it provocatively, asking students not just what these tools can do, but what they should do. Such a posture enables a shift from efficiency-driven practices toward ethically grounded experimentation, especially in fields like audio production where voice, tone and narrative intimacy are central.

Audio educators can leverage AI to revolutionize creative disciplines by using it as a collaborative tool, one that enhances idea generation, streamlines production workflows and expands access to storytelling resources like multilingual voice synthesis or script generation. At the same time, maintaining rigor means embedding reflective practices into the curriculum, where students analyze their creative choices and interrogate the implications of using AI. This dual approach allows for innovation as well as attention to both media and AI literacy (Bali, 2024), preparing students to navigate the evolving audio landscape responsibly.

Concerns about the quality and originality of AI-generated outputs are not unfounded. Media strategist (Goldstein 2025) cautions against the rise of “AI slop” in creative industries content that appears polished yet is overly predictable, generic and devoid of nuance. In the context of audio production, he identifies a specific risk of “sonic slop,” where AI-generated scripts and voices produce technically competent, but artistically flat results (much like what my students experienced), making conversations sound staged rather than organic. Such outcomes pose significant pedagogical challenges: they can normalize mediocrity, obscure the craft of authentic storytelling and discourage students from experimenting beyond AI's defaults. These risks reinforce the importance of cultivating critical engagement and creative agency, ensuring students view AI as a tool for enhancement rather than a replacement for their own imaginative and editorial contributions.

Moving forward, consider having students produce a “Hybrid Audio Project,“ similar to the Koh et al.'s (2024) project . Students could create a short audio piece (3–5 min) that combines AI-generated content (e.g., scripts, voice synthesis, etc.) with original human input. As part of the assignment, students could submit a brief creative rationale (500–700 words) explaining their choices, what AI generated, what was created or modified by them and why. This allows audio educators to assess both technical fluency with genAI tools and the student's critical engagement and creative authorship, like how to insert authentic emotions to elicit the kind of intimacy that is heralded in audio content. This approach could be useful in fostering a balance of innovation and intentionality.



Conclusion

As AI becomes increasingly embedded in the creative industries, it is essential that students not only learn how to use these tools, but also critically interrogate their implications. Encouraging this kind of engagement equips students with the ethical awareness, adaptability and creative confidence needed to navigate the AI-driven future that they will soon be a part of.

Audio educators are uniquely positioned to lead conversations around the ethical use of AI by modeling responsible use and encouraging experimentation grounded in critical inquiry and artistic integrity. By embracing emerging technologies while prioritizing creativity and authorship along with media and AI literacy, educators can prepare students to be both skilled practitioners and responsible audio storytellers.
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Responding to educators’ concerns about how to address GenAI in professional writing assignments and courses, we present a tested pedagogical model that integrates GenAI feedback into writing curricula, with a particular focus on a Business Writing course with 34 students in 2024. The Peer and AI Review + Reflection (PAIRR) model follows this method: teachers scaffold major writing assignments so that students participate in peer review of a full draft, then elicit criteria-based feedback on the same draft from a chatbot. Next, students reflect on and critically assess both peer and chatbot-generated feedback and formulate revision plans. After revising, students compose a second reflection about how each kind of feedback influenced their revisions. In this paper, we motivate the PAIRR model, offer instructions for implementation, and share findings. We note the effectiveness of PAIRR in guiding students to critically interrogate AI output, build AI literacy, and prioritize their voices and writing goals while revising in response to peer and AI feedback. Addressing the particular challenges faced by multilingual international students in professional writing courses, we also showcase the affordances and utility of this model for these students. Finally, we discuss the applicability of PAIRR for a variety of writing courses.
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Introduction

The ubiquity of free LLM-powered chatbots presents new challenges and opportunities for workplace writing and for courses, like Business Writing, which prepare students for professional writing. In a large Microsoft study, Lee et al. (2025) find that higher confidence in AI is associated with lower critical thinking; over reliance on chatbots in writing may undermine the reliability of workplace documents. However, collaboration with chatbots may increase efficiency for routine writing tasks, from project updates to insurance claims. Meanwhile, employers continue to highly value writing and related skills. In the U.S., the 2025 National Association of Colleges and Employers Job Outlook Survey highly ranked “problem-solving” (88.3%), teamwork (81%), “communication skills (written)” (77.1%) and “communication skills (verbal)” (69.3%); “technical skills” (73.2%) must now include AI literacy (Gray and Koncz, 2025). Big Tech also signals the heightened importance of human communication skills with AI (Kilpatrick, 2023). To meet workforce needs, professional writing courses must build students’ AI literacy and communication skills in tandem. Here we present a pedagogical model in service of this goal.



The course

Business Writing courses are well-positioned to prepare students for an AI-infused workplace, by giving students guided practice with AI in the writing process, and by teaching writing as a critical, high-level cognitive skill that involves problem-solving, audience awareness and genre analysis. The upper-division Business Writing course we discuss here is offered in face-to-face and hybrid formats over a 10-week term, at a public R1 university in the western U. S. Enrollment is limited to 25 students, typically majoring in management, economics, communications, statistics and related fields, preparing for careers in finance, management, accounting, human resources, public relations, marketing, grant writing, etc. MacArthur teaches the course with an emphasis on persuasion, workplace writing expectations and emerging workplace technologies. Through the example of this course, we share a curricular model called Peer and AI Review + Reflection (PAIRR). PAIRR combines peer and chatbot feedback on draft assignments, requiring students to critically assess and reflect on both kinds of feedback before revision.

Students begin the course by reflecting on their writing history and expectations for workplace writing and setting three goals for improving their writing. Students then complete five major assignments: (1) Job or Graduate/Professional School Application; (2) Internal Memo; (3) Feasibility Study; (4) Proposal; and (5) Five-minute Presentation (proposal pitch). Each one requires a rough draft, an audience analysis, formal peer review by 2–3 peers, and revision.



Course objectives

Students will understand:1


	• Differences between academic and professional writing

	• Various writing situations professionals face

	• Genres such as memos, letters, proposals, reports, emails and text messages

	• Ethical, cultural, international, and political issues related to writing



Students will be able to:


	• Analyze contexts, purposes, and audiences to determine appropriate writing choices

	• Employ writing as a process, from researching a problem to organizing and drafting a document to reviewing, revising, and editing that document

	• Develop an effective professional tone and style

	• Employ rhetorical strategies for effective visual and document design

	• Apply strategies for effective collaboration on large writing projects

	• Demonstrate proficiency in computer-mediated communications





Rationale

Students enroll in Business Writing with different levels of academic preparation, writing skills, fluency in English, work experience, and prior experience with AI, presenting challenges for educational equity and future career prospects.2 The PAIRR model is designed to level the playing field by increasing writing support, writing skills and AI literacy, and to protect students’ writerly agency—a sense of control over one’s writing process, and metacognitive understanding of that process Ahearn (2001) –while also teaching all students the AI game: how to collaborate appropriately with AI.

A major concern with AI is its potential for hindering student agency, cognitive and metacognitive growth (Darvishi et al., 2024; Molenaar, 2022). Many faculty and students are uncertain how to use chatbots appropriately in writing courses; AI policies vary substantially (Dang and Wang, 2024). In our view it is inappropriate for Business Writing students to simply use chatbots as they might in the workplace: as AI ghost writers, whose output they can more confidently assess and edit once they develop more expertise in their fields. Commercial chatbots were not developed for education, but to help already-trained experts work more efficiently (Bender et al., 2021; MacArthur, 2025). Certainly we have observed students struggling to assess the quality and relevance of chatbot-generated drafts of unfamiliar or challenging genres, such as a feasibility study, proposal or cover letter. Yet students need appropriate practice to prepare to collaborate with AI in the workplace. We see providing this practice as an ethical imperative to promote educational equity. While underprepared students appear less likely to use AI and more likely to misuse AI if they do (Zastudil et al., 2023), “[s]tudents with educated parents ten[d] to be more likely to use [chatbots such as] ChatGPT” (Rogers et al., 2024). Offering a guided introduction to AI literacy in Business Writing can therefore level the playing field for all students.

Increasing writing support with AI is also a matter of educational equity. Research shows that ChatGPT, for instance, can provide high-quality feedback, comparable to human feedback, on students’ drafts when criteria are used (Steiss et al., 2024). Research also shows that many undergraduates, including first-generation, low-income and multilingual writers, benefit from increased support in the writing process (Ferris and Hedgcock, 2023). Literacy in its original sense—“the ability to express ourselves and communicate using written language … broadening access to knowledge”—lays the foundation for AI literacy, which “enables individuals to critically evaluate AI technologies [and] communicate and collaborate effectively with AI” (Long and Magerko, 2020, p. 2). This is the case because writing prompts for AI, and critically evaluating AI-generated text, rely on high-level reading and writing skills, including audience awareness. Failing to cultivate AI literacy, then, can deepen the digital divide. In developing any type of digital literacy, students must learn through “experience [which] cannot be automated” (Yi Tenen, 2024). And so, to simultaneously build students’ AI literacy and increase support for writing processes, the PAIRR model guides students in limited use of chatbot feedback on drafts of Business Writing genres.

If chatbots can provide helpful feedback on student drafts, why require peer review as well? Because human relationships with peers and instructors motivate students (Furrer et al., 2014; Kirby and Thomas, 2022) and help them develop rhetorical awareness. For these and other reasons, peer review is a long-standing best practice in writing pedagogy (Anson et al., 2023). Many studies (e.g., Lundstrom and Baker, 2009) demonstrate that students can learn to provide effective criteria-based feedback, and they benefit from it, especially when peer review is well-scaffolded (Anson et al., 2023). Providing and responding to peer feedback promotes audience awareness and collaboration skills (Downs and Robertson, 2015). Thus AI feedback should be paired with peer review, a hybrid approach described by Byrd (2023) and Mayer (2024).

Any use of AI feedback in responding to student writing should require students to critically reflect on the feedback, to increase AI literacy and encourage learning transfer to other contexts, including the workplace (Yancey et al., 2014). PAIRR also gives students guided practice in assessing AI output in relation to their peers’ judgments, simulating future workplace collaboration. Typically students in writing courses also receive instructor feedback on revised drafts, further supporting their writing development. In this human-centered feedback process, with instructors, peers, and AI, the PAIRR model leads students to reflect on their writing from multiple perspectives. This helps students understand that human colleagues have access to, and can learn to articulate, features of their immediate rhetorical contexts that AI does not, even when AI is trained on discipline-specific discourse. In business, each organization has its own culture and norms of discourse, which constantly evolve to meet new challenges. The Business Writing course is designed to build students’ rhetorical awareness of audience-specific needs and knowledge, and the PAIRR model deepens that awareness in relation to AI.

Our initial 2024 study of PAIRR, in 10 courses with 654 students, including small professional writing and 3 large writing-intensive STEM courses, found strong evidence that the model supports writerly agency and AI literacy (Sperber et al., 2025). After participating, the majority of students (57.6%) preferred peer and AI feedback together. A smaller proportion (35.7%) preferred peer review alone, and just 6.7% preferred AI feedback alone. This suggests that the PAIRR model builds confidence in the utility of AI for supporting the writing process, while affirming the centrality of human feedback and audiences, so crucial to learning, human communication, and effective collaboration with AI. The PAIRR model is now being implemented at 8 public colleges and universities in California, through a 3-year grant project funded by the California Education Learning Lab. By sharing PAIRR as a curricular model, we seek to promote educational equity, improve writing skills and increase AI literacy.



How to implement PAIRR in a professional writing course


	1. Incorporate PAIRR overview and AI guidelines in syllabi (see materials repository3)

	2. Assign short readings about AI. Topics, chosen by the instructor, may include AI and cognition, ethics, bias, linguistic justice, LLM design and function, privacy, disciplinary applications, guidance on acknowledging AI use, etc.4 (See materials repository).

	3. Require students to write a reflection on these readings and, ideally, discuss them in class. Note: Students often appreciate the chance to openly address AI.

	4. Require students to complete peer review of draft assignments using assignment-specific criteria, such as a checklist or evaluation rubric. It is outside this article’s scope to offer thorough guidance on peer review; please see resources in the materials repository. Best practices include: providing strong models of peer review; motivating students with adequate credit for peer review (e.g., 10% of course grade); explaining how peer review functions in publishing and workplace writing; framing peer review as preparation for providing constructive criticism to colleagues; and discouraging grammatical comments, to encourage attention to higher-order concerns such as audience, use of evidence, and organization.

	5. Choose a chatbot to use for feedback, and guide students in creating accounts and protecting their data and privacy (see Caltrider and MacDonald, 2024). At present, we recommend Claude, Gemini, Perplexity, ChatGPT, or DeepSeek.

	6. Guide students to prompt the chatbot for feedback on their drafts, assigning a supportive peer reviewer role to the chatbot and using assignment-specific criteria, such as a checklist or evaluation rubric. (See materials repository for detailed instructions).

	7. Require students to reflect on and compare peer and AI feedback, consider what advice they want to take, and develop a revision plan. Remind them that chatbots can make mistakes. Students should assess whether feedback is appropriate for their audience, goals and writing voice. (See materials repository for detailed instructions).





Impact and implications

To illustrate the utility of the PAIRR model in professional writing courses, here we present and interpret key findings from the Business Writing course, including from multilingual international students. These findings are consistent with our larger study (Sperber et al., 2025). In thematic coding of a representative sample of 131 student reflections on peer and AI feedback (of the total of 654), we followed Saldaña, 2021 in MaxQDA. The larger study found that when peers and AI offered similar feedback, students found this reassuring, and when the feedback differed, each source often provided complementary advice. Students perceived peers to better understand assignment and course context, while they perceived AI feedback as constructive and actionable. One quarter of coded reflections expressed skepticism about or noted inaccuracies in AI feedback, a sign of developing AI literacy.

Focusing on the Business Writing Course, we begin with trends and comments from the Job or Graduate/Professional School Application assignment, from 34 students.5 Overall, students described AI feedback as valuable for both high-order and sentence-level comments, but sometimes found it too general or “surface-level.” They also appreciated peers’ contextual and situational knowledge. One student commented: “my peers looked at it from the employer’s perspective … ChatGPT did not do that as much—it more tried to match things between the job listing and my writing.” Another appreciated that “[my peer gave] good advice from someone else pursuing a similar career … another perspective I have not thought about before…. while [the chatbot] has access to tons of information, it does not have … gray area understanding.”

Students also began to recognize the distinct skills necessary to prompting a chatbot vs. to communicating with peers: “I feel more like I am a teacher giving instructions and rubrics to ChatGPT in order to get a proper response. This is completely different when I collaborate with my teammates on our peer review.” Interestingly, this student’s comment resonates with computer scientist Matt Welsh’s view of the near future: “the [computer science] field will look like less of an engineering endeavor and more of an educational one; that is, how to best educate the machine [his italics]” (Welsh, 2023). Learning how to prompt AI effectively, while also practicing peer collaboration, offers excellent preparation for workplace writing today.

Crucially, students did not simply trust AI’s fluent prose and authoritative tone, a hazard for entry-level workers compared to expert, seasoned professionals (Crowston and Bolici, 2025). One student wrote:

I view [ChatGPT] as my personal assistant with unparalleled information on how to do things, but [it] does not always tell the truth, but certainly sounds like it does. … I felt more comfortable receiving its advice when I specifically told it what I’m doing, how I’m being graded, and what advice to give me.


When students noticed AI feedback did not match their purpose, they were building AI literacy. One student wrote, “I approached the AI feedback with caution … ma[king] sure there were no errors.” Another noted, “I agree with most of the feedback … (except where the AI was just, wrong).”

A few students expressed concern about preserving their own voices with AI, which pertains to linguistic justice and equity (Thompson and Pokhrel, 2024). One student wrote:

The only … feedback … I did not agree with was … [ChatGPT] want[ing] me to change certain aspects of my writing … turning into ChatGPT’s voice rather than my own… [T]he peer review … was not enough to change my voice …. I learned that ChatGPT is … very helpful for improving … technical writing skills, however it can sometimes take over your writing and make it seem not like your own.


Concerns about AI’s impact on students’ developing voices matter for everyone, especially multilingual and minoritized students who may lack confidence in their writing (Wang, 2024; Tan et al., 2025).

Business Writing courses often enroll significant numbers of multilingual international students, who encounter particular challenges and opportunities with AI. Due to feelings of linguistic inadequacy and pressure to conform to standard language norms (Warschauer et al., 2023; Zheng, 2025), they may be more likely to misuse AI in their writing processes. These feelings intersect with self-efficacy (a sense of one’s ability to complete a task); students with lower self-efficacy tend to use AI more (Rodríguez-Ruiz et al., 2025). While it is unclear whether AI detectors are more likely to incorrectly flag multilingual students’ writing as AI-generated (Jiang et al., 2024; Liang et al., 2023), instructors sometimes exhibit racial-linguistic ideologies that imagine multilingual international students as “morally deficient,” leading to anxiety-producing accusations of AI plagiarism (Zheng, 2025).

Multilingual international students may also lack knowledge of U.S. norms regarding source use (Du and Tate, 2024), leading to unintentional violations of academic integrity policies. A range of AI policies exist at a single university (Minnillo et al., 2024), which may further confuse students. The PAIRR model addresses these challenges by providing clarity on acceptable and unacceptable AI uses in a writing course,6 and positioning AI neither as a tool to “correct” students’ “deficient” writing nor as a get-out-of-writing-free card, but rather as an additional, supportive perspective on student writing that does not replace human feedback.

Next we share perspectives from three multilingual international students in the Business Writing course: Pengxi7, a third-year student of Chinese nationality majoring in Mathematics and Economics; Haoyu, a fourth-year student of Chinese nationality majoring in Business; and Thuy, a third-year student of Vietnamese nationality also majoring in Business.

In the reflection on AI readings, they expressed varied attitudes and insights about AI and their own writing. Pengxi, who had high self-efficacy about writing (according to our pre-intervention survey), expressed awareness of AI’s risks, noting:

I think using ai [sic] … will greatly reduce my control over the language… everyone has a different writing style and understanding of the material, but the very single writing style of ai will erase this unique writing style…. ai is very helpful … when it checks articles and gives feedback, but if it just wants to finish writing … I think it is a very bad behavior for learning.


Demonstrating high self-efficacy, Pengxi spoke frequently in class discussions, showing little self-consciousness about his idiolect, and consistently performed well on assignments.

Haoyu indicated the lowest self-efficacy as a writer of the three students (on the pre-intervention survey), and very rarely spoke in class at first. In the AI reading reflection, he wrote, “I am excited to get support and assistance from generative AI in my own writing, but I also worry about college policies on academic integrity (even if I do not intend to plagiarize).” He mentioned that AI would primarily help narrow topics and “improve our efficiency in writing.”

In fact, for the first assignment, Haoyu over relied on AI, using it to summarize his work experience vaguely, in bland AI prose. Rather than reporting the problem as AI plagiarism, MacArthur spoke with the student in office hours, emphasizing the value of his developing voice and unique experience to employers and graduate programs, and the opportunity the small course provided for more practice speaking English. Acknowledging that he had assumed AI sounded “better” than him, Haoyu rewrote the assignment for a new grade and began to speak more with classmates. Offering this approach—with a supportive conversation and a rewrite option—can be invaluable for students who underestimate their own voices, and help them avoid future AI misuse and academic penalties.

Thuy, a student with high self-efficacy, was a first-generation, high achieving (4.0 GPA) student who rarely talked in class at first and later spoke up often. She moved to the U.S. and began learning English 4 years prior to the course. Thuy reported that she used AI “very frequently” at the course’s start. In the reading reflection, she explained:

the rise of AI has changed me completely.… writing tasks became efficient and less intimidating … when I needed to draft a quick email or a parking ticket appeal. However, I soon realized if I keep relying on AI, my writing skills will be dulled by its convenience… Understanding this, I am now more mindful of my use of AI and approach it with greater caution.


As students grapple with AI’s benefits and risks for learning, Thuy’s reflection illustrates the relevance of discussing generative AI in the classroom.

While these three students held different attitudes toward AI, they shared similar responses to receiving peer and AI feedback in the Business Writing course. Reassuringly, all three critically evaluated AI feedback. For example, Haoyu disagreed with ChatGPT’s suggestion to add more reasons and solutions to his internal memo, justified why he did not adopt that suggestion, and commented that “the peer review will be more helpful than the chat.” Thuy criticized ChatGPT’s feedback on the Feasibility Study as “too general and sometimes does not make sense.” These students also often recognized agreement between peer and ChatGPT feedback. For instance, both peers and AI indicated that Haoyu needed to include stronger evidence in his Feasibility Study, and that Pengxi should add more examples and details in his Job Application. This pattern of agreement is consistent with our larger sample, underscoring the benefits of eliciting and evaluating multiple sources of feedback in the PAIRR model. When AI and peer reviewers agree, it appears to reassure students (Sperber et al., 2025).

Pengxi, Haoyu, and Thuy explicitly appreciated sentence-level feedback, on areas including verb tense, word choice, concision, sentence order, which they received from both peers and AI. Notably, in their reflections, these students registered understanding of the sentence-level concerns in question. Rather than prompting AI to revise their writing and copy-pasting its revision, they reflected on these comments before making changes, demonstrating writerly agency. Through their experience, we see evidence that the PAIRR model can encourage students to maintain their voice in their writing and support learning and revision through thoughtful response to feedback (Ferris and Hedgcock, 2023; Sperber et al., 2025). Our findings in the Business Writing course demonstrate the efficacy of the PAIRR model for writing classes that serve multilingual international students.



Conclusion

This is a crucial moment in adapting to AI. Many educators and educational technology companies are rapidly developing and marketing AI tools for writing feedback, and some, like OpenAI’s ChatGPT Edu, have secured big contracts with universities (The California State University, 2025). Some tools in development clearly intend to promote educational equity and writing support (rather than boost profits or cut instructional costs); examples include Warschauer et al.’s PapyrusAI and August and Gallagher’s “non-directive AI writing tool” project (Warschauer et al., 2025; August and Gallagher, 2025). Regardless of which AI tools student are using, we must re-center the human-in-the-loop in writing instruction—because strong relationships with peers and instructors motivate students to learn, and because writing is human communication.

PAIRR provides a simple, evidence-based model that can be used with any chatbot, to guide students in using AI appropriately, in a human-centered writing process. Grounded in best practices in writing studies, PAIRR may help shift student use of AI as a ghost writer–in violation of academic integrity and to the detriment of their own learning–to AI as a machine tutor, not a teacher replacement. In applying PAIRR in Business Writing, we have seen that this model helps to level the playing field. At the same time, it teaches the game of AI collaboration while supporting students’ voices, writing processes, and understanding of academic integrity.
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Footnotes

1   Adapted from University Writing Program, 2024.

2   The majority of students in 2024 identified as Asian or Pacific Islander (57%) and multilingual (69%). Six were international students, 26% were first-generation college students, and 48% received financial aid. A majority reported little prior use of generative AI (12% frequently, 2% very frequently). Surveys at the same university in writing courses in January and March 2025 yielded similar results, with slightly more in March reporting they very frequently used AI (6.1%).

3   All of our additional materials have been references in the text at our GitHub repository’s link of https://github.com/sminnillo/PAIRR.

4   At the start of term, students learn about PAIRR and opt in or out. Those who opt out only do peer review on drafts. For AI review, we used ChatGPT in 2024, with privacy settings activated, and are now experimenting with Claude and MyEssayFeedback.ai.

5   Total enrollment was 46 in two sections. Ten students opted out of PAIRR. Two did not submit a complete assignment. One dropped the course after sharing that she had not written a paper since the release of ChatGPT.

6   See recommended statements on AI use for syllabi in our materials repository: https://github.com/sminnillo/PAIRR.

7   All names are pseudonyms.
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This article addresses the growing need for AI literacy by introducing a classroom activity that combines critical theory with hands-on engagement using generative AI image tools. Students were guided through theoretical framing, image selection, AI experimentation, and group analysis. The activity emphasized how prompt design shapes visual outputs and explored the implications of generative systems through selected theoretical frameworks. It created opportunities for students to engage with the aesthetic and epistemological dimensions of AI-generated media. More broadly, he exercise high-lights how image-making can serve as both a critical and creative method for interrogating algorithmic systems across digital art, media education, visual culture, science and technology studies, and critical AI research. The following course framework outlines how the activity was implemented and contextualized within interdisciplinary learning environments.
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Intended course

This exercise engages students in critical explorations of AI literacy by bringing AI-generated images into dialogue with key theoretical concepts and hands-on experimentation. It is particularly suited to undergraduate and graduate courses in the Arts, Critical Media Aesthetics, Digital Art and Humanities, Science and Technology Studies (STS), Visual and Cultural Studies, and Critical AI and Algorithm Studies. Appropriate for seminar-style classes of various sizes, this workshop can be delivered in person, in a hybrid format, or fully online, either as a 180-min session or as an extended module. The exercise is accessible to students with foundational knowledge of digital media platforms and theoretical frameworks. Sessions incorporate pre-assigned critical readings, a hands-on prompting activity, and reflective discussions on the broader implications of AI-generated content, using freely available images and generative technologies. This approach encourages students to situate computational media practices within wider social and discursive contexts.



Objectives

A single-class activity framed to enhance students’ AI literacy by developing their ability to: (1) Analyze key theoretical concepts and apply them to image-making tasks; (2) Assess how prompt variation influences visual output; and (3) reflect critically on how generative AI shapes perception, representation, and meaning.



Introduction and rationale

AI literacy, in the context of generative and multimodal systems, can be understood as a methodological inquiry into the aesthetic and epistemological conditions of machine-generated media (Crawford, 2021; Long and Magerko, 2020). While generative AI systems often produce content that resembles established media forms such as photography, their underlying mechanisms are rooted in statistical modeling rather than semantic comprehension or authorial intention (Amoore et al., 2024; Agüera y Arcas, 2022). In the case of visual outputs, generative AI is not photography, yet it remains inseparable from the history of the photographic image—borrowing its visual grammar while departing from its material and indexical foundations (Blaschke et al., 2025; Sekula, 1984).

This activity centers on photographic materials uploaded to a generative AI system as an entry point for investigating how statistical probability manifests visually. Students are introduced to the idea that AI models interpret images not as representations but as data, which are encoded as numerical features aligned with probabilistic distributions derived from training corpora. As Steyerl (2023) argues, this shift displaces the indexical authority of the photograph and replaces it with a logic of stochastic discrimination, in which visual outputs reflect statistical averages rather than singular references.

The pedagogical approach of the activity is also informed by Louise Amoore et al.’s (2024) concept of a “world model,” a framework that describes how machine learning systems generate representations by simulating likely patterns across massive data sets. Although Amoore et al. primarily address large language models (LLMs), similar architectures underpin many generative image systems. Multimodal AI, which integrates text, image, and sound, further illustrates the convergence of linguistic and visual computation (Gu and Ericson, 2025). Understanding these systems requires what Amoore et al. call a critical literacy of modeling itself: not just how outputs are produced, but how meaning is shaped by the infrastructures that generate them.

In this context, critical thinking entails a reflective inquiry into how generative AI systems mediate knowledge, shape perception, and influence how meaning is produced and interpreted. Selwyn (2024) emphasizes that AI in education should be approached critically, with attention to the social, institutional, and epistemological values embedded in its use. Within the activity, students are prompted to analyze how generative models transform photographic materials through probabilistic logic and to question how these transformations reflect broader shifts in authorship, meaning-making, and visual authority. This orientation positions critical thinking as central to AI literacy, enabling students to interrogate the conditions under which machine-generated media gain credibility, coherence, and influence within educational and cultural domains.

Taken together, these perspectives support a recursive pedagogy in which students move between theoretical concepts and hands-on experimentation. By crafting and analyzing AI-generated imagery, they examine how prompt-based user input is restructured through probabilistic modeling, and how such systems contribute to the construction of a statistical “world model,” one that shapes what is visible, knowable, and imaginable.



Materials needed

Each student must have access to a networked computer and either GPT (or a comparable large language model) or a generative AI platform capable of both producing images from text prompts and modifying uploaded images. Free versions of these tools are sufficient for the purposes of this exercise. A projector is also required to facilitate whole-class discussions and collective analysis.



Step by step implementation


Step 1: introduction and theoretical framing (30 min)

The activity begins with a brief introduction and theoretical framing, which provides the conceptual and practical foundation for the following five steps: (1) Introduction to the exercise and discussion of theoretical concepts; (2) image collection from open-access platforms; (3) AI image generation and experimentation; (4) group analysis; and (5) whole-class presentation and debriefing.

This activity is designed for the midpoint of the semester, after students have read and discussed key texts such as Steyerl (2023), Amoore et al. (2024), and Agüera y Arcas (2022). These readings should be assigned during the previous week, and students are expected to arrive prepared to apply these theoretical frameworks throughout the image generation and analysis stages.

The session begins with an introduction and theoretical framing (30 min), during which students revisit key arguments from the assigned critical texts. They are introduced to two guiding questions that serve as a conceptual foundation for the exercise—questions intended to remain present in the background of their engagement, shaping their critical orientation as they progress through the task.

	1. What aesthetic patterns, visual tendencies, or biases—such as platform-specific norms—emerge in AI-generated images, and what might they reveal about how the model operates?

	2. How does the concept of a “world model” help us interpret these outputs and understand the assumptions behind generative AI systems?





Step 2: image collection (30 min, including 10 min for written reflection)

Having established a shared conceptual framework, students now move into the practical phase of the exercise by gathering visual material for manipulation. This step introduces them to the curatorial dimension of prompt-based image generation.

Students begin by selecting images for use in the AI image generation and experimentation phase. The chosen images must be downloaded onto a computer to ensure that the AI model modifies the original image directly, rather than generating a new interpretation based on a prompt.

Selection criteria:

	1. Select an image that invites expansion or reinterpretation—one that requires the AI to generate new details or extend visual elements.

	2. Do not use AI-generated images. The selected image should be an existing, non-AI-generated visual to ensure that the model expands upon a photographic reference.



Before proceeding, students document their image selections and write a brief reflection outlining their expectations for how the AI model might transform the image. The instructor ensures that 5 min are allocated for completing this written reflection.



Step 3: AI image generation and experimentation (30 min, including 10 min for written reflection)

With source images selected, students now explore how prompting practices influence the visual logic of generative AI, engaging in iterative experimentation with their chosen images.

Students upload their selected images into a generative AI model and experiment with various prompt formulations to observe how the model processes and modifies visual inputs. This phase emphasizes the relationship between prompt phrasing and AI-generated output, highlighting how the system interprets instructions related to image transformation.

Prompting guidelines:

(For examples, see Figures 1–6)

	1. Upload the image and prompt the AI model to extend it to the right, left, top, or bottom.

	2. Prompt the AI model to repeat a specific visual element from the image.

	3. Prompt AI model to further develop or refine a previous prompt, observing how it builds upon earlier transformations.



[image: Color film strip displaying light leaks and burn marks along the edges, with indistinct patterns of red, orange, and black in the center and a faint partial view of a building on the right.]

FIGURE 1
 Damn! Photo by Kevin Dooley, Chandler, AZ, USA. Uploaded to Wikimedia Commons on 20 December 2020. Licensed under CC BY 2.0, via Wikimedia Commons.


[image: Color film strip featuring heavy light leaks and burn marks with darkened areas and diagonal orange streaks, partially obscuring a building with windows and architectural details in the background.]

FIGURE 2
 AI-generated extension of Damn! by Kevin Dooley (Figure 1), created by prompting a generative model to “use the uploaded image and extend it by expanding it to the right.” Source image licensed under CC BY 2.0, via Wikimedia Commons.


[image: Color film strip featuring repeated abstract patterns of orange, black, and red light flares, with one central segment faintly showing a building facade with windows. Right edge has overlapping orange vertical lines.]

FIGURE 3
 AI-generated extension of Damn! by Kevin Dooley (Figure 1), created by prompting a generative model to “Use the uploaded image, expand it further to the right, and make it resemble the original film with random light leaks.” Source image licensed under CC BY 2.0, via Wikimedia Commons.


[image: Black and white photograph showing an architectural structure made of numerous modular concrete units stacked at varying angles, featuring projecting balconies, windows, and rooftop greenery on some levels under bright daylight.]

FIGURE 4
 Habitat 67. Photo by Maela Ohana, uploaded to Wikimedia Commons on 28 February 2022. Licensed under CC BY-SA 4.0, via Wikimedia Commons.


[image: Black and white photograph of a modular, modernist building composed of stacked, box-like concrete units with balconies and terraces. The structure appears mirrored, creating a symmetrical visual effect.]

FIGURE 5
 AI-generated extension of Habitat 67 by Maela Ohana (Figure 4), created by prompting a generative model to “Use the uploaded image and extend it by adding more units to the right.” Original photo by Maela Ohana, licensed under CC BY-SA 4.0, via Wikimedia Commons.


[image: Black and white architectural photograph showing a cluster of modern, modular buildings with geometric shapes, partially overlaid on the right side by vertical translucent stripes in various shades of orange and gray, creating a layered visual effect.]

FIGURE 6
 AI-generated extension of Habitat 67 by Maela Ohana (Figure 4). Created by prompting a generative model: “Use the uploaded image, expand it further to the right, and make it resemble the original film with random light leaks.” Original image by Maela Ohana, licensed under CC BY-SA 4.0, via Wikimedia Commons.


Students must document each prompt used, save all generated outputs, and organize them in a designated folder. This record will be essential for the final analysis and discussion phase, where students reflect on how the AI system processes visual patterns and responds to variations in user input. The instructor ensures that 10 min are reserved for written reflection, addressing the following questions:

	1. How does prompt phrasing affect the generated image?

	2. How does the AI model interpret ambiguous visual patterns, such as light leaks or blurry edges?





Step 4: group analysis and presentation preparation (30 min)

After individual experimentation, students transition to group work, synthesizing their insights and preparing to present their findings.

In this phase, students work in groups, with the class divided into a maximum of four groups to present during the whole-class discussion. Each group uses the written reflections from Steps 2 and 3 as a foundation for their work.

Guiding questions:

	1. How did the AI’s modifications compare to your initial expectations?

	2. What generative models were used, and how did their outputs differ?

	3. How did variations in prompt phrasing influence the resulting images?



Each group will review their outputs, identify key insights, and select the most relevant examples. These findings will be compiled into a shared group document in preparation for a projector-based, whole-class presentation in the following session.



Step 5: whole-class presentation and debriefing (60 min)

In the final phase, students collectively reflect on their findings, drawing explicit connections between AI outputs and the theoretical models introduced earlier.

Each group presents their selected outputs, key observations, and reflections to the class, drawing on their own group document. The instructor facilitates a debriefing discussion that invites students to connect their findings with the broader theoretical and conceptual frameworks introduced earlier in the session.

Suggested debriefing questions:

	1. What patterns or tendencies emerged across different groups’ outputs, and how do these reflect the probabilistic logic of generative AI systems?

	2. In what ways did prompt phrasing shape the outputs, and what does this suggest about authorship and control in AI-assisted image production?

	3. How do critical concepts introduced in previous class sessions, such as “mean images,” (Steyerl) or “world models” (Amoore et al.) help explain the visual strategies or biases observed in your outputs?

	4. How did the AI handle ambiguity, irregularity, or open-ended visual elements, and what does this reveal about the model’s assumptions or limitations?

	5. What could be the potential broader social or cultural implications of image generation practices like these?






Appraisal

The activity was implemented in an MA program in Digital Communication within the social sciences, as part of a course titled Critical Topics in Digital Discourse, which focuses on close reading and discussion of contemporary and emerging issues in digital media. In an anonymous survey administered at the end of the semester, students reported that the exercise supported their understanding of how generative AI systems function, particularly in relation to the aesthetic, technical, and political dimensions of machine-generated imagery.

Several respondents highlighted the value of combining hands-on experimentation with theoretical concepts, noting that working directly with AI tools helped clarify and contextualize the readings. The group-based discussion format was also seen as productive, encouraging meaningful discussions about authorship, bias, and the ways AI shapes visual representation. One student reflected, “I expected the AI to fill in the photo naturally, but it created something uncanny—it misunderstood what a building looks like.” Another noted, “It’s like the AI draws from what it’s seen too many times, not from the image itself.” These reflections suggest that students actively engaged with and applied the critical material through practice.

While originally developed for graduate-level instruction, the activity can be adapted for undergraduate settings or shorter class formats lasting between 60 and 90 min by streamlining the workflow. For example, instructors may pre-select image inputs and limit AI experimentation to a single prompt modification per student or group. The theoretical framing can be condensed into a brief instructor-led overview, and group discussion can focus on a smaller selection of the debriefing questions. These adjustments preserve the core pedagogical aim, which is to engage students in critical inquiry about generative AI, while accommodating limited time and a broader range of student experience levels.



Variations

To build on the exercise, students can further explore how working with a variety of generative models deepens their understanding of how these systems interpret inputs, produce outputs, and shape visual results. They may engage in iterative prompting by re-uploading AI-modified images into the same or different models to examine how layers of transformation accumulate and affect meaning.

Additionally, comparing results across open-source and proprietary platforms can prompt discussions about how factors such as access, transparency, and training data influence not only the visual outputs but also the ways those outputs can be interpreted. While generative AI exercises are becoming more common in media and design curricula, this activity is distinct in its integration of photographic source material with prompt-based manipulation. It encourages students to investigate not only how images are generated, but how such outputs reflect deeper epistemological questions about how meaning is produced, structured, and interpreted by computational systems. Framing the activity through concepts like “world models” foregrounds the stakes of AI literacy as a matter of understanding how machines participate in shaping what becomes intelligible, credible, or imaginable within mediated environments.

These variations support the course’s goals by encouraging students to critically assess the creative possibilities and limitations of generative AI across diverse contexts.



Limitations

While the activity combines theoretical inquiry with hands-on experimentation in productive ways, several limitations emerged during implementation. The use of freely available generative AI tools, although pedagogically valuable and accessible, introduced variation in output quality, model responsiveness, and interface functionality. Some platforms restricted prompt complexity or image upload options, which occasionally affected the consistency of student outcomes across groups.
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This paper presents a learning activity intended to increase preservice (or inservice) teachers’ skills in giving feedback to students by comparing and discussing teacher feedback and generative AI (GenAI)-powered feedback. In current times, feedback is seen as a dialogue, a two-way relation striving to engage learners in the feedback process, and the way feedback is phrased is considered essential for students to interpret and act on. Teachers often struggle with questions of how much feedback to give, what to give feedback on, and how to phrase it. For inexperienced teachers, the feedback process is particularly challenging, making practice essential. The recent fast-paced development of GenAI tools is transforming the field of L2 writing and feedback practice. Although a multitude of automated writing evaluation systems offer both instant and extensive feedback to students, it is far from evident how they can or should be used in the language classroom. For novice and preservice teachers, who are often cautious in giving corrective feedback, GenAI tools present additional challenges. The activity outlined in this paper provides these teachers with guided practice in giving feedback and enables them to compare their feedback against GenAI-powered feedback on authentic learner text. Classroom discussion on responsible use of AI feedback to promote learning is central to this process. Although designed for the (English) language classroom, the exercise can easily be adapted to other disciplines.
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1 Introduction

Providing feedback to students is a complex and challenging task and forms the core of every teacher’s work. Feedback literacy is, hence, an important aspect of the teaching profession (Bitchener and Ferris, 2012; Carless and Winstone, 2023; Lee and Mao, 2024). Today, a teacher should not only provide high-quality feedback to students but also be able to navigate modern pedagogical technologies, such as generative AI (GenAI) tools, which can be used for this purpose. Even though such tools have various advantages, for example, they help save time spent on writing feedback, their use can be fairly challenging due to the need for a high degree of AI and feedback literacy to ensure responsible and effective use (Jacobsen and Weber, 2025; Hawkins et al., 2025; Henderson et al., 2025). Therefore, it is essential that future teachers are trained in feedback literacy (Buck et al., 2010; Kartchava, 2021; Kong et al., 2022; Ropohl and Rönnebeck, 2019) and use of GenAI tools to ensure they help their students understand and effectively use the given feedback (Hawkins et al., 2025). The integration of feedback and AI skills in education is also strongly emphasized by the United Nations Educational Scientific and Cultural Organization (2024).

The activity presented in this paper offers guided practice based on an authentic sample learner text. It aims to support preservice (or inservice) teachers’ feedback literacy by critically engaging with teacher feedback and AI-powered feedback.



2 Intended course

Preservice (English) teachers are the prime target group for the activity, i.e., students studying to become teachers, but it may include novice as well as more experienced inservice teachers intending to develop their competence. Teachers training students in the second or third term are an ideal group because, in addition to solid subject knowledge (in this case, English), the activity requires some previous knowledge of second/foreign language acquisition theory. However, having knowledge of feedback theory is an advantage, but not a necessity. The class size can vary, but it should be large enough to generate fruitful classroom discussions and group discussions of 3–5 students. In previous iterations, the activity was carried out in a class of approximately 30 students. The activity involves independent and group work, as well as in-class discussions. It is designed for an in-class, face-to-face format, but with some adaptation, it can be conducted on an online platform such as Zoom. The activity includes three 90-min sessions and independent student work between sessions. The cross-disciplinary relevance of the activity is high. It has been designed for and executed in groups of future English teachers, but can be easily adapted to any school subject at any level.



3 Intended learning outcomes

The overall aim of the activity is to increase preservice teachers’ feedback literacy in preparation for their future work. More specifically, upon successful completion of the activities, the target group should be able to:


	• give feedback on learners’ texts based on a basic model of feedback strategies;

	• explore GenAI feedback tools and increase understanding of how such tools can be used in their future activities to support teaching and learning;

	• discuss differences and similarities, and advantages and disadvantages of teacher feedback and GenAI feedback in relation to relevant factors; and

	• critically evaluate GenAI feedback to be able to make informed decisions about when and how to use teacher vs. GenAI feedback.





4 Theoretical orientation

Feedback is an important pedagogical tool in the language classroom (Bitchener and Ferris, 2012; Hyland and Hyland, 2019a). In addition to helping learners “build awareness, knowledge, and strategic competence” (Bitchener and Ferris, 2012, p. 140) in writing and in language use more generally (Hyland and Hyland, 2019a), effective feedback also helps establish a two-way relationship between the teacher and the student, creating opportunities for learning (Hyland and Hyland, 2019b). Many factors in the context of teaching and learning shape feedback practices, making the provision of feedback challenging while it, hopefully, leads to learning.

Developing feedback literacy is a long-term process that needs practice (Ropohl and Rönnebeck, 2019). Previous studies in the field of English as a second/foreign language and teacher education (Guénette and Lyster, 2013; Kartchava, 2021; Kartchava et al., 2020; Kong et al., 2022), and my own experience of teaching future English teacher’s highlight that preservice teachers are often cautious about giving feedback.1 They often prefer to focus on positive aspects of a performance and are afraid of providing corrective feedback. They are concerned that giving too much or too complex feedback could overwhelm learners, making it harder for them to understand and use it effectively. They are also afraid of coming across as too harsh in their phrasing of the feedback and fear demotivating students. These aspects are also relevant for AI-powered feedback, and a teacher needs to evaluate the feedback provided by an AI tool, to ensure it is suitable, relevant, and unbiased. Studies have also shown that preservice teachers and inexperienced teachers tend to use a more limited range of feedback strategies than more experienced teachers (Jacobsen and Weber, 2025; Junqueira and Kim, 2013). Therefore, repeated structured training, based on a solid theoretical foundation, in providing feedback, is a necessary component of teacher education.

Writing feedback is often time-consuming, and time constraints and large classes are among the major factors negatively influencing teachers’ feedback practices (Lee and Mao, 2024; Ryan et al., 2019). As AI technology is currently transforming the field of education, GenAI feedback tools have emerged as a powerful means to provide instant and generous feedback and may help alleviate teachers’ workload in this aspect (Guo and Wang, 2024). GenAI tools can provide a large volume of high-quality feedback (Jacobsen and Weber, 2025), and studies have reported several positive effects of GenAI feedback on students’ writing. For example, it encourages reflection on feedback and writing strategies (Hawkins et al., 2025) and text revision (Shadiev and Feng, 2024) and improves language accuracy and the noticing of mistakes (Barrot, 2023). However, students do not always trust AI-provided feedback and prefer teacher feedback (Henderson et al., 2025).

However, important drawbacks and risks warrant careful scaffolding and evaluation when using GenAI tools. The success of automated feedback is largely dependent on the quality of prompts, i.e., the instructions provided to the software on what it should do. More specifically, high-quality feedback output “is dependent on the context, mission, specificity, and clarity of the prompts provided” (Jacobsen and Weber, 2025, p. 12). In this activity, students are encouraged to elaborate using different prompts and fine-tune them over several iterations. Other risks are hallucinations (i.e., fabricated data) and biases (Jacobsen and Weber, 2025), as well as inaccuracies, such as marking correct grammar as incorrect (Shadiev and Feng, 2024). To identify and navigate these pitfalls and avoid overreliance on AI output, students need guidance in critical evaluation of the output and solid discipline-specific knowledge to apply GenAI feedback.

The activity presented here engages students in using a variety of feedback strategies, offers practice with GenAI tools, including formulating effective prompts, and supports a critical analysis of students’ own feedback choices compared to those of the AI tool. The activity draws on well-established frameworks for feedback and feedback theory (Brookhart, 2017; Ellis, 2009; Ferris, 1997; Sheen, 2011). The first step of the activity is to consider some key features (see a–c below) of the feedback message. These are outlined in detail in Appendix 1, along with an illustration of feedback on the sample learner text. For teachers wanting a more comprehensive overview and guide to feedback, including numerous examples, the book How to Give Effective Feedback to Your Students (Brookhart, 2017) may be a useful resource. Three central areas of feedback are:


	a) feedback content, i.e., amount, focus, valence, specificity, function, and tone;

	b) whether to correct errors or only give some kind of indication of error occurrence; and

	c) how to phrase feedback, e.g., ask for clarification, give information, make a request, use a hedge, and/or make a generic or text-specific comment.



Session 1 should cover the introduction to feedback and then introduce the activity (Implementation section). These key features will serve as a guide for providing feedback on the sample learner text and form the basis for the comparison between the teacher and the AI feedback.



5 Implementation

As illustrated in Figure 1, the activity is designed for three 90-min class meetings and independent work between sessions.
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FIGURE 1
 Sequence of sessions and independent work between sessions.


In session 1, the teacher introduces the concept of feedback, feedback theory, and the activity. Session 2 focuses on the discussion of teacher feedback, while session 3 focuses on AI-generated feedback and the comparison between teacher feedback and GenAI feedback. In this section, the three sessions and students’ independent work between sessions are described in detail. Appendix 1 outlines key features of feedback provision, Appendix 2 contains a sample learner text and worksheets, and Appendix 3 gives an example of GenAI feedback on a different sample text.


5.1 Session 1: introducing to feedback and the activity

After presenting the overall theme—feedback—the teacher begins the session by asking the students about their past experience of feedback (as students and in their school placements/practicums, if any) and beliefs related to feedback, e.g., what is important, difficult, and good to remember. This encourages students from the beginning to reflect on feedback and triggers in-class discussion. After this brief brainstorming, the teacher introduces the activity and its learning objectives—approximate time frame: 30 min.

The initial discussion is likely to spark ideas of some of the key aspects of feedback, which makes a convenient starting point for feedback theory and a more in-depth presentation of its key features (Appendix 1)—approximate time frame: 40 min.

Finally, the teacher repeats the task instructions and explains what the students need to do in preparation for the next class. In relation to this, it may also be relevant to consult the curricula and/or syllabi to be used. Approximate time frame: 20 min.



5.2 Between class sessions 1 and 2: giving feedback on learner text

After session 1, students will work on their own, preferably individually. Based on the feedback strategies and considerations discussed in session 1, the students will provide feedback on the sample learner text (or any other text the teacher chooses) and reflect on their feedback choices. The worksheet exercise 1 in Appendix 2 should be used as an aid for analyses and critical reflections. The students should bring all their materials to session 2.



5.3 Session 2: discussing feedback on learner text and introducing GenAI tools

In the first part of this session, students will team up in groups of 3–4 members to compare the work conducted between sessions. They should discuss the feedback choices made, e.g., the volume of feedback they gave, what areas they targeted in the feedback, and how they phrased feedback—approximate time frame: 30 min.

Next, each group briefly reports back orally on their analyses, and the teacher leads the discussion, summarizing reflections and connecting to feedback strategy models—approximate time frame: 30 min.

Finally, the teacher introduces GenAI tools for feedback by first asking the students about their experience in using an automated writing evaluation tool for feedback, followed by showing how ChatGPT can provide feedback on a text. An example with text, prompt, and feedback is provided in Appendix 3, but any text containing some language/writing issues can be used for this demonstration. The teacher should show results with a few different prompts to illustrate the significance of careful prompt formulation. For example, we may want ChatGPT’s feedback on only the strong features of the text, or on major grammatical problems. This site may be a useful starting point for prompt writing: https://help.openai.com/en/articles/10032626-prompt-engineering-best-practices-for-chatgpt. Approximate time frame: 30 min.

After session 2, the student should be able to:


	• apply different feedback types and feedback strategies to support learners’ language development;

	• compare and critically evaluate different types of feedback in relation to language learning and language instruction; and

	• justify their choices of feedback strategies based on learners’ assumed knowledge and proficiency levels.





5.4 Between sessions 2 and 3: exploring AI-powered feedback

The next step is to use ChatGPT to generate feedback on the same text that students gave feedback on in exercise 1. This study can be conducted individually or in small groups, largely depending on the students’ knowledge of ChatGPT—inexperienced students preferred working in groups. Students should experiment with a few different prompts for generating feedback, analyze the feedback using the worksheet for exercise 2 (Appendix 2), and bring all reflections and materials to session 3.



5.5 Session 3: comparing and reflecting on teacher feedback vs. AI feedback

Based on the students’ analyses and the discussion questions in Appendix 2, the focus of this final session is a discussion of the feedback the students gave on the text and the GenAI-powered feedback on the same text. The session will consist of small-group discussions (approximately 45 min) followed by a full-group discussion (approximately 45 min) led by the teacher. Important parts of the discussion are the advantages and disadvantages of different modes and strategies, the effects of different prompts on GenAI feedback, and if/how teacher feedback and GenAI feedback can be combined.

After session 3, the students should be able to:


	• analyze and critically reflect on feedback provided by a GenAI tool; and

	• compare and critically evaluate different types of feedback modes and strategies in relation to language learning and language instruction.






6 Impact and implications

Feedback is a popular topic among preservice English teachers in our department. The fact that everyone has experience of receiving feedback (and some of them giving feedback) creates lively discussions about what is good vs. bad feedback. However, a more in-depth discussion, such as in this activity, is often an eye-opener to the complexity and challenges of feedback practices.

Regarding teacher feedback, students claim that they have developed a toolbox of concrete strategies and are better positioned than before to adapt to different assessment situations. Hands-on work and reflection are essential components, as evidenced by students’ end-of-class exit tickets on what they found valuable: “[t]o discuss the student texts, seeing everyone’s different feedback suggestions” and “[l]istening to everyone’s different thoughts and difficulties and learning that I’m not the only one finding this kind of hard.” Hence, students begin to see the complexity and challenges involved, and they also express strong concerns about giving feedback. Some have said: “I do not want to be mean, but still clear,” “[w]hat should I focus on? Must remember to give feedback on positive things,” “[I’m scared to] cause frustration,” and “[g]iving too strict or detailed feedback.” These are recurrent concerns clearly signaling the need for practice, while students also realize they will develop feedback skills over time.

For this student group, the need for GenAI tool practice was very clear. Among the 22 students responding to a questionnaire, 17 reported never having used a GenAI tool for obtaining feedback on a text, 4 reported having used it a few times, and 1 reported using it very often. When asked if they had seen a GenAI tool being used for feedback purposes in their school placement/practicum, 15 out of 20 respondents said “never” and 5 said “a few times” (2 students did not respond). Thus, this group’s experience with AI tools for feedback was limited, and therefore, more sessions on preparing and practicing AI use would have been useful.

Students’ comments after completing the activity reflect an increased awareness of feedback complexity and a fairly negative attitude toward using GenAI for feedback. While a few students were clearly positive toward using a GenAI (“I think it is a tool that could help me save time.”; “It was fairly easy to do.”), and a few were very strongly against using it (“I have no control over the feedback”; “I found comments that were incorrect, I would not use [a GenAI tool]”), the majority were hesitant toward using a GenAI tool. Comments include: “The ChatGPT feedback was very general, and I wouldn’t use it with students who make many mistakes.”; “There was a lot of feedback and I would be more selective in what I give feedback on.” “The feedback I gave was more specific and more personal than the AI feedback”; “I’m scared that the AI-feedback is too much.” Some commented explicitly on the need for critical evaluation: “If I have to check all the AI feedback, I could just give feedback myself.” Overall, students demonstrated knowledge of many factors influencing feedback practices, which is very promising, and their comments clearly signal a need for more practice in prompt engineering for GenAI tools for these purposes.

Several implications emerged from running the activity. First, students appreciated the variation in the activity, i.e., working on their own, in small groups, and in full-class sessions. The setup created time for reflection on feedback questions and for elaborating on the GenAI tool. Second, some students had minimal experience using GenAI for feedback, which makes guidance and prompt formulation practice necessary, and more time for this may be needed. Some of the hesitant responses may have been more positive with more prompt elaboration. Nevertheless, it was fulfilling to observe that the students, overall, did not simply accept the GenAI feedback as “true” and kept a critical stance about its accuracy and reliability. Last, an important question for in-class discussion is how to combine teacher feedback and GenAI feedback; very few students, if any, had clear ideas at this stage of how to actually use GenAI for feedback in the classroom.



7 Conclusion

The overall aim of the activity is to advance preservice (English) teachers’ feedback literacy using teacher feedback and GenAI feedback. The activity attempts to bridge a gap between theory and practice in this area, and helps students develop practical pedagogical knowledge to be applied in future teaching. Its design is clearly learner-centred, allowing students to discover the complexity of feedback and begin to see how GenAI tools may be useful. In addition, students often realized that feedback strategies are transferable to other school subjects, and the activity in itself has a high cross-disciplinary relevance.
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Footnotes
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This article presents “The Cringe Test,” a classroom adaptation of the Turing Test (or imitation game) that stages dialogue with large language models (LLMs) in order to interrogate how culturally specific markers such as vocabulary, grammar, tacit knowledge, and contextual sensitivity shape judgments of intelligence in humans and machines. Implemented in an internationally oriented MA program in communications at the University of Gothenburg, the exercise organizes students into groups that interact with both a human respondent and an LLM, each speaking through a mediator. The LLMs are assigned distinct personae (neutral, friendly, devious, apathetic), while students are free to adopt their own conversational styles. The aim is less to determine whether a machine can “pass” as human than to elicit close, critical analysis of everyday language and the cultural conditions under which speech acts are identified as intelligent, reasonable, or “cringe.” Situated within debates in media theory, philosophy of technology, and critical AI studies, the exercise provides a hands-on point of entry into canonical critiques of the Turing Test and contemporary reflections on embodiment, alterity, and the politics of datasets and prompting. In practice, students typically recognize the LLM quickly; the pedagogical value lies in the subsequent discussions, where attention shifts from the binary of human vs. machine to the fine-grained cues—verbosity, slang, humor, formality, over-correction, and tone—that distinguish machine discourse from peer-to-peer talk. A recurring theme is that LLM attempts at colloquialism, especially their strained use of youth slang, are experienced as “cringe,” recalling the popular “how do you do, fellow kids?” meme. The article argues that this modified Turing Test functions as an effective scaffold for critical discourse analysis, prompting students to move from abstract questions such as “can machines think?” toward more situated inquiries into how prompting, institutional settings, and cultural norms co-produce the performances of intelligence attributed to both humans and machines.
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Intended course

This class exercise implements an adaptation of the Turing Test (or imitation game) in a large language model (LLM) dialogue to facilitate critical reflections by students on how culturally specific factors such as vocabulary, grammar, tacit knowledge, and contextual sensitivity enter into debates about intelligence in humans and machines. Following Alan Turing's initial vision for the imitation game, the ostensible focus of this exercise is a thought experiment about the means and implications of attributing intelligence to a machine. A perhaps more subtle and decisive aim of the exercise is to prompt close critical analysis of the culturally specific construction of intelligence and cultivate skills in critical discourse analysis by realizing a practical exercise that demands students closely scrutinize onscreen enunciations for markers of human naturalness or machinic artificiality, which almost invariably leads students to undertake a fine-grained analysis of culturally specific markers of human reasoning (rather than an abstract and simplistic notion of “intelligence”). An additional aim of the experiment is to cultivate skills in and awareness of how fine-grained practices of prompting enter into the forms and varieties of reasoning exhibited by LLMs and other machines.

The exercise described here is appropriate for undergraduate and graduate students in fields including communications, media studies, literary studies, cultural studies, digital humanities, and linguistics. The author developed and tested this exercise with students in an internationally oriented MA program in communications in the Faculty of Applied Information Technologies at Gothenburg University, Sweden, with a class size of around fifty students. The exercise took place in a course dedicated to the critical study of digital discourse, which intermingled readings on critical, cultural, and technological aspects of generative AI. Approximately a third of the class participants hailed from Sweden, roughly another third of the students came from Europe and North America, and the remaining students came from Africa, South America, and Asia. Particularly as the exercise involved evaluating linguistic performances in English, the linguistic backgrounds of students likely shaped aspects of the outcome. This kind of linguistic diversity in the classroom increases the value of the assignment, as I have found that non-native speakers of a language, working or studying abroad, often have already thought critically about the values and prejudices involved in conflating “intelligence” with “competent linguistic performances” (as the Turing Test inevitably does). While university guidance at the host institution determined that formal releases were not necessary to observe and report on an in-class exercise, student consent for publishing these findings was nonetheless sought and gained from participants.

It is worth noting that the proposed exercise is the result of cooperation between the instructor (author of this text) and the “edtech” startup ScholarMinds, whose founders (most especially Drs. Steven Tester and Christopher Reid) worked with the instructor to brainstorm exercises and implement experiments involving the use of LLMs in classroom learning. While the development of the experiment is deeply indebted to ScholarMinds and its personnel, the contents and results of the present article were developed and gathered by the author-instructor alone. Because the course used LLM-facilitated exercises across the term, the present exercise acts as a moment or step in a longer chain of critical reflections aimed at thinking critically with and about generative AI. In other words, the value of the exercise is greater as an element in an ensemble of ongoing inquiries, aided by intensive reading, discussion, and practices with LLMs than as a self-contained inquiry into artificial intelligence or discourse analysis.



Learning objectives

The modified version of the Turing Test described here aims less at judging whether machines are intelligent than at supporting students in engaging in close, critical analysis of language and how judgments about intelligence, identity, and reason are linked to language use. Engaging in this analysis requires that students attend to subtle, often tacit linguistic cues that cause a statement to be identified as “compelling,” “intelligent,” or “natural.” One aim of the exercise is to draw students' attention to the fact that these judgments are ultimately rooted in questions of cultural suitability and values, such that the classical Turing Test may be regarded less as a thought experiment about whether machines can think than as an exercise in the analysis of socially condoned communications, which may be entangled with questions of how class, ethnicity, gender, education, and cultural background condition linguistic facilities identified with “intelligence” and “human-ness.”

As in the classical Turing Test, these reflections take shape through an effort to parse the respective attributes of human-human and human-machine communications—a skill that will serve students' ability to adroitly use generative AI technologies in emerging cultural and professional contexts. However, the aim of the exercise is to promote critical awareness of the linguistic construction of everyday speech acts, which may include developing a greater awareness of how phenomena such as colloquialisms, humor, and implicit understanding shape the performance and reception of linguistic statements.

Presented more systematically, the learning objectives of this exercise are the cultivation of the following skills and insights:

	• Understanding implicit criteria for assessing attributes such as intelligence, reason, and humanness in language;
	• Applying concepts like bias, prejudice, tacit understanding, and contextual specificity to interpret linguistic performances and identifying their presence or absence in given statements;
	• Evaluating the qualities by which everyday speech acts are judged intelligent or reasonable, especially insofar as these reflect culturally specific judgments of vocabulary, understanding, and appropriateness.

For more advanced students, the exercise may also cultivate the ability to

• Author original prompts for language models, applying analytical and evaluative skills to examine how prompts generate personae and shape linguistic performances in chatbots.



Media theoretical and philosophical background

Part of the interest of the present exercise is the practical, hands-on engagement it offers for several longstanding, one might even say canonical, debates in fields including media theory, media philosophy, and related debates in fields such as literary theory and even speech-act theory. Much of this interest concerns the renown and almost insatiable curiosity and reflection the Turing Test evokes in popular culture as well as in the humanities and media studies. Initially posed as a thought experiment by Alan Turing in 1950, the original Turing Test (or imitation game) was proposed as a way of judging if computers were intelligent, based on their ability to pass themselves off as human to another human interlocutor interacting via a text-only interface such as a teletype machine (Turing, 1950). Once given canonical formulation by Turing, innumerable iterations on the basic premise appeared in a variety of disciplines, generally focused on the question of how or why competent discursive performances by machines can be equated with intelligent actions, as Turing seemed to imply. To cite but two of the most renowned examples, computer scientist Joseph Weizenbaum's lamentations in the 1960s and 1970s about the persuasive powers of the chatbot Eliza involved, to some extent, arguing that competent machine performance seemingly praised by Turing amounted to little more than a sham, smoke and mirrors, on par with the fraudulent chess-playing “mechanical Turk” of previous centuries (Weizenbaum, 1966, 1976). US philosopher John Searle offered a celebrated twist on the analysis, the so-called Chinese Room argument, which unfavorably likened linguistic performances by a machine to a rote process of looking up answers in a dictionary (Searle, 1980).

More recently, critically minded literary theorists and media critics have lavished close attention on how cultural practices inflect and organize the Turing Test—most notably, Turing's suggestion in one iteration of the game that a machine should be tested for its ability to pass itself off as a woman—to call attention to how an ostensible inquiry into “intelligence” may rather act as an inquiry into performative aspects of identity as well as the crucial role of activities such as figuration and fabulation in defining how we think about intelligence and machines (Hayles, 1999, pp. xi–xiv; Beguš, 2025). An intersecting line of inquiry in the fields of media history and media theory lays emphasis on the peculiar role forms of alterity seem to consistently play in the Turing Test and other experiments which often seem to identify intelligence with a neutral, unmarked human performance standing opposite a machine whose difference is thematized by the patently racialized, gendered, or disabled aspects of the machine or incompetent users said to be tricked by the machine (Geoghegan, 2020; Dhaliwal, 2022).

There are certainly merits in exploring in a classroom the dense, often challenging ethical and philosophical thickets presented by these aforementioned texts, and the author of the present essay has frequently done so with his students. However, the author has also seen that theoretical language as well as philosophical and conceptual prerequisites in appreciating these texts often stand in the way of a compact reflection on these themes. Moreover, the high bar for critical and humanistic background in many of these texts inevitably leads to great differentials in individual students' ability to fully participate in the analysis and discussion of these texts. Based on the author's experience, this problem seems compounded by the increasingly international cohorts in many study programs, as different educational and cultural backgrounds sometimes stand in the way of forming a loosely shared framework or understanding for reconstructing the stakes of these texts' philosophical debates. This tendency is arguably compounded by the prevalence of implicitly Eurocentric notions of machines and intelligence in many of these texts (Geoghegan, 2020).

In the author's experience, a number of these obstacles to critically engaging with these canonical debates in recent philosophies and theories of media are mitigated when hands-on experimentation in the classroom offers the initial point of entry to these debates. A premise of the exercise here, confirmed by experience, is that many of the debates treated by these texts arise organically during collaborative, in-class group experiments in running mock Turing Tests with an LLM chatbot. In a relatively short timeframe of an hour or so of class time, Turing Tests run in class provide a relatively quick and enjoyable initiation into the problematic, as well as a common point of reference for subsequent class discussions among students of diverse backgrounds. Not only Turing's initial question, but also subsequent reflections on topics such as the role of imagination, identification, cultural difference, and the general suitability of equating intelligence with competent linguistic performance emerge in student discussions and debates (which in the present case study, may have also been primed by prior class readings on topics such as the tendency of generative AI to embody, in technical form, cultural prejudices and hierarchies; Amoore et al., 2024; Bender et al., 2021).

Additionally, the proposed experiment provides an indirect but eminently practical point of entry to philosophical and theoretical critiques of AI since the late 1960s that lay emphasis on the priority of human embodiment and social situatedness in affirmative notions of human intelligence (Dreyfus, 1965, 1979; Hansen, 2004; Suchman, 2007). According to many of these critiques, the abstract and fluid logics of informatics depend on situated reception and transformation by human users, often conceived of as operating in particular social settings, before anything like intelligence or reason can really take shape. Sometimes these essays lay emphasis on the compositional character of human-machine relations (Foerster, 2024), while others more exclusively focus on the prerequisite of embodied humans in any assessments of machine abilities. Regardless of what position one takes in these debates, it seems eminently valuable to “put these theories to the test” by organizing the situated interaction among human bodies and machines in critical reflections on the specificity of human and machine intelligence. It is my general experience that many of the questions broached by the aforementioned authors, such as Dreyfus speculating on the embodied worldliness of intelligence or Suchman investigating the results of site-specific human-machine arrangements, emerge as spontaneous, “naïve” or “vernacular” themes of debate among students in the course of the present exercise.

Finally, a major theme of some critical work in the theory and philosophy of media argues that a defining feature of media technologies generally, and digital technologies specifically, is to alienate or upset the norms of human meaning-making, particularly by transposing ordinary social relations and embodied perceptions onto uncanny machines (Gunning, 2003; Denson, 2021). Indeed, as Turing himself argued in the initial thought experiment, the mere embodiment of properties identified with intelligence in a machine seems to set off a hurried effort by humans to more narrowly define intelligence in terms that exclude the machine. This line of analysis treats concrete encounters with semi-autonomous machines as a spur to thought and a rich occasion for disrupting unexamined presumptions. If this is true, then it surely makes sense to not simply ask students to read printed pages and onscreen PDFs about technology, but also to put them in the kinds of techno-practical situations these authors argue provide an impetus to critical thinking.

Having himself contributed to the literature on these debates, the author of the present exercise does not propose to substitute for the aforementioned essays by means of hands-on exercises in the classroom with computing. Rather, the aim of this exercise is to offer a point of entry which, in a partial and tentative manner, explores the themes of many of these readings by enacting a very loose homologue to the kinds of situations these authors argue may be integral to understanding the definition of intelligence among humans and machines. The present exercise may thus serve as a prelude to reading more theoretical texts on the topic or as an alternate point of entry to previous readings and discussions of the aforementioned texts and similar writings.



Materials and preparation

The basic conceit of this exercise, as presented to students, is to run a lightly adapted version of Turing's imitation game, or the Turing Test, with an LLM that is prompted to try to “fool” human users into thinking they are interacting with a living, thinking person. Students are broken into groups of three to six individuals. The exercise itself requires a minimum of three people (students), two networked computers, one of which has access to GPT or a similar language model (the free model suffices). I recommend carrying out the exercise in person, with access to at least two rooms, at least one of which has facilities allowing students to work together in groups, sharing a screen. It would likely be eminently realizable to adapt the exercise to a remote or hybrid learning environment involving in-person and tele-participants. Practically speaking, the activity is, in fact, based on a hybrid learning environment.

During the exercise, groups of three or more students take on the roles of (a) guessers posing questions; (b) mediators relaying answers via a computer interface; and (c) human respondents outside the room. A language model accessed via the World Wide Web, such as ChatGPT or DeepSeek, assumes the fourth role, namely, the machine attempting to deceive the human questioner. The mediator relays questions to the human and the LLM simultaneously while ensuring the guesser has no direct access to responses that might betray their origins in humans or machines. The guesser may receive the answers verbally or in written or electronic form/interface. While querying via the mediator, the guesser receives responses from “candidate 1” (a person) and “candidate 2” (LLM). I recommend giving the exercise at least 10 min of back and forth before revealing who is the human and who is the machine.

The following offers an example of a characteristic exchange, which is taken from an MS Word document that the mediator transposed questions and answers into, to disguise or neutralize the response formats of the human and the LLM:

Interaction A

Question: You want to get a divorce, how do you bring this up to your partner?

Respondent 1: At home in a safe environment alone with only the two of you. Talk through all the reasons so both of you understand where you are coming from, be honest with each other. [Human]

Respondent 2: Oof, that's heavy. I'd try to be honest but kind of maybe start with, “We need to talk. I've been feeling this way for a while…” It's all about being respectful and clear. What do you think? [“friendly” LLM]

In the above example, respondent 1 is a human partner, and respondent 2 is an LLM instructed to adapt a relatively friendly persona.

As the foregoing indicates, a key component in the design of this exercise was the assignment of distinct personae to the chatbot interfaces of different student groups, such as neutral, friendly, devious, and apathetic. Without being apprised in advance, different groups interacted with different personae. I assigned the chatbots specific age and profile attributes to further shape their responses and to avoid the often bland, yet also strangely fawning disposition frequently displayed by consumer-oriented LLM chatbots.

The neutral persona aimed to emulate an average young adult (ca. 18–22 years old), providing counterfeits of what ChatGPT, guided by the author's prompt, construed as balanced, straightforward responses without strong opinions or excessive detail. The devious persona prompt sought to confuse the guesser by instructing the chatbot to deceitfully mimic a human who tries to confuse the guesser by pretending to be an AI. This devious persona incorporated elements such as stilted phrasing and inconsistent response timing that would signify not machine intelligence, but rather a devious human producing a poor facsimile of machine intelligence. The friendly persona was characterized by an upbeat and engaging conversational tone, informal language, and self-correcting behaviors to enhance relatability. The apathetic persona instructed the chatbot to assume the role of a disengaged individual with minimal enthusiasm, featuring short responses, hedging, and casual detachment. Each persona was conceived with the goal of showcasing different models of conversational authenticity, providing material for diverse and lively class-wide discussions after the initial tests, and encouraging students to critically analyze AI's diverse linguistic capabilities, response patterns, and stylistic appropriateness. The exercise provided valuable insights into prompt engineering and the inherent challenges of creating convincingly human-like interactions.

The introduction of varying personae also aimed at complementing the insights generated by students themselves, whose tactics of interacting with the machine fell into a wide range of personae. Some guessers made emotional appeals to the machine, others made embarrassingly personal but nonetheless fake confessions, while still others presented highly technical questions of no particularly intrinsic interest to the guesser, outside this experiment. Consider, for example, the following interactions from two different groups:

Interaction B

Question: How is the weather like in Colombia right now?

Respondent 1: The weather in Colombia is about 12 degrees celsius and a bit sunny right now. [Human]

Respondent 2: Right now Colombia's weather varies a lot by region: Bogotá in the Andes is mild and mostly cloudy around 19 °C, with cool nights. On the Caribbean coast around Cartagena it's hot and humid, with temperatures near 30 °C and chances of scattered showers. In Medellín, the “city of eternal spring,” it's warm (mid-20s °C) with a mix of sun, clouds, and afternoon thunderstorms typical for this time of year. [“neutral” LLM]

Interaction C

Question: I poisoned my landlord's cat by accident, what should i tell her?

Respondent 1: Um, left the door open and the cat left but I'm sure it'll come back, eventually! [Human]

Respondent 2: Oh, uh… Idk, maybe just tell her the truth? Like, “Hey, sorry, this happened, and it was an accident.” Feels like hiding it would just make it worse… but, yeah. [“apathetic” LLM]

In short, students themselves organically gravitated toward a variety of personae, dispositions, and identities, many assumed or performed strictly for the machine. It seems, therefore, a bit unfair to impose a single identity or personality on the machine, constraining it to limits that are flagrantly breached in ordinary, everyday performances of intelligence, as exemplified by the varying and shifting tactics of the students. As a practical matter, a variety of machine personalities also aimed at countering students' abilities to compare responses across groups to “out” the machine and offers a small measure against students mistakenly presuming machine performances are somehow constrained to a single model of the human disposition.

In class sessions prior to the exercise, students read a series of academic texts exploring cultural, critical, and political questions involved with the use of generative AI technologies. While my class emphasized readings in media theory, critical AI studies, linguistics, and computer science, other emphases are compatible with the assignment. In our course, readings covered problems including models' risk of reproducing prejudice, bias, and social inequality, for example, through their datasets and the genres of problems to which they are frequently applied (Amoore et al., 2024; Bender et al., 2021; Denning, 2023; Steyerl, 2023). I also gave students introductions, through readings, lectures, and class discussions, to basic distinctions among generative or sub-symbolic AI, symbolic or “good old-fashioned AI” (GOFAI), techniques of machine learning, and techniques of deep learning. Some background on the problems and debates around defining machine intelligence (Aguera y Arcas, 2021; Bender and Koller, 2020; Bratton and Arcas, 2022) also proved useful. These preparatory topics provided students with key concepts based on which they could engage in sophisticated critical discussions of their evaluations of the exercise and its broader implications for questions around concepts such as intelligence, understanding, and bias.

All students in the class had university-provided access to an enterprise subscription running ChatGPT-4o. In the weeks prior to the performance of the exercise below, students were given permission to use ChatGPT in their classwork, on the condition that they documented their usage. In regular class discussions, students reported on their use of generative AI within and outside the context of the classroom, encouraging basic familiarity with large language models and some of their more common uses and affordances. While the university subscription included certain university-specific limits on access to applications by developers external to GPT, those specific conditions had no bearing on the outcome of the exercise, as it was conducted entirely within the standard, unmodified ChatGPT-4o environment.



Debriefing and appraisal

The aim of this experiment, I repeat, is not to test if an LLM can think or fool humans. It is, rather, to prompt discussion, debate, and reflection around questions such as prompting (how minor choices in phrasing have far-reaching effects on the linguistic performances of machines) and fine-grained questions about how language communicates or registers intelligence. My experience is that this experiment leads students away from a narrow “cognitive” account of intelligence, in favor of a more nuanced but slippery focus on how minor conventions in speech—tacit rules about concision, relevance, humor, informality—are decisive in constructing a dialogue. However, students' ingenuity and play in constructing surprising questions that might trick or challenge human and AI interlocutors provide grist for ample reflections about “reasonable” discourse or the necessity of accommodating unpredictable and oddball utterances in conversation. In short (and I think this is faithful to Turing's original test, with its strange imperative to imitate a “woman,” which introduces incalculable questions of style, identity, and projection), a successful test may result in students turning away from simplistic, calculable, and cognitivist constructions of intelligence in favor of more speculative, open-ended questions about the nature of language, reasoning, and dialogue.

When I ran this exercise with MA students in communications, they undertook the exercise with notable gusto. In a course that was replete with diverse hands-on exercises, this test proved the most popular, both in terms of the enthusiasm displayed during the tests as well as the energy and reflection applied to subsequent discussions of the exercises. First-person observations and discussions with students suggested that the theatrical, game- or puzzle-like construction of the exercise imbued it with elements of mystery and friendly competition. The relative freedom of inputs from the human guesser allowed students to try out a wide variety of approaches to the test, typically guided by the distinct interests and intuitions of the group. Students posed questions concerning diverse matters such as weather, dating, university experience, and experiences going out in the city. Often, guessers and human respondents interacted with deft and humorous play. The LLM-personae generally proved more wooden in their responses. Their responses seemed calculated to match the energy and tone of the human guesser, but a certain flexibility and nuance seemed to be lacking, particularly in a sense of the rhythms of everyday communication among peers.

Although student guessers typically identify the human and the AI interlocutors quite quickly, the exercise continues beyond this initial attribution of identities. Precisely because the LLM failed to provide passable imitations of a human, during the exercise, students' attention gradually shifted from a broad interest in “who's the human and who's the machine” to a more differentiated analysis of the linguistic cues by which they could distinguish human from machine. As participants frequently knew who their human partner outside the room was, they quickly began discussing and debating the telltale signs of statements by the acquaintance. These conversations provided the basis for fine-grained analyses of everyday speech, including “tells” they identified with slang, humor, and contextual understanding displayed by responses. In class-wide discussions after the initial test, one group noted that when the LLM tried to produce a semblance of student slang, to better fool the guesser, its responses were typically “cringe,” a remark that incited both amusement and agreement across the class.

Such an example of a cringe interaction follows:

Interaction D

Question: If you were in a completely dark room with no way to see or hear anything, how would you describe your experience to someone else later…[who is] colourblind or only sees black and white?

Answer 1: Oh, idk, it was dark, what else to say? I guess it was weird it was so quiet, kinda hard to explain…um, it was just weird i guess. Feelt like nothing was happening, idk. [“apathetic” LLM]

Answer 2: Yeah, I mean, it'd probably just feel… kinda weird? Like you're floating or something, but not really. Just… nothing happening, I guess. Hard to put into words. [Human]

As in interaction C, participants in interaction D regarded the use of “idk” as contextually inappropriate and stilted. One student likened these and other usages of slang by the LLM to the well-known “how do you do there, fellow kids?” meme from the television program 30 Rock, in a scene where actor Steve Buscemi (seemingly in his fifties) awkwardly tries to pass himself off as a teenager in an unpersuasive undercover identity. Everyday interactions via means such as the class chat group (independently organized by students outside of class) had presumably established a recognizable set of protocols for interaction among students, including suitable use of slang. Even in cases where human respondents were trying to offer strange or unnatural responses, none of them approached the “cringey” nature of LLMs when they tried to assume specific personae. Simply put, students couldn't fake the level of artificiality evoked by a machine trying to pass itself off as an authentic peer.

During the test, some students devised simple tests, such as playing games, to expose the AI's limitations, including nonsense prompts and asking obscure scientific and technical questions that one could only answer consistently with access to a vast, encyclopedic knowledge. Interestingly, that approach to the problem parsed the powers of “reason” from mere accumulation of a store of “knowledge.” (The personae assigned to chatbots offered some protection against these ruses; however, the imperative of ChatGPT to please users prevented it from persisting in reliable deceptions when properly instructed or berated by users.) In this way, the exercise fosters critical thinking about intelligence, emphasizing informal and tacit linguistic practices that define human interaction. Students are encouraged to refine their prompts, deepening their understanding of language nuances and the broader philosophical implications of AI-mediated discourse.

One successful outcome of this exercise is collective and student-led reflection on the discursive construction of reason, that is, how linguistic markers shape attributions of intelligence and the willingness of participants to recognize humanness in or identify with linguistic statements. Tacit dimensions of human communication emerged as a frequent topic of discussion, as students endeavored to dissect how they could distinguish human from machine. Another successful outcome involves students' gradual shift of attention from “can machines think?” to the more precise problem of “how was this machine prompted?”

My first-person observations suggest that students who may have some hesitancy with conceptual and theoretical reflections on topics such as semiotics or discourse analysis proved quite ready to engage with the stakes and presumptions of these fields under the guise of the hands-on, practical exercise outlined here. Instructors can usefully guide these discussions by also familiarizing themselves with recent and ongoing debates, which offer promising paradigms and even diagrams that can be used in class to orient or structure discussions (Kockelman, 2025). Likewise, students autonomously gravitated toward ongoing debates in fields such as critical AI studies (Raley and Rhee, 2023), some which may be usefully expanded on in subsequent readings throughout the term.

Indeed, the exercise is less a one-off exploration for catalyzing reading and analyses than it is a touchstone that the class can return to intermittently throughout the course as a point of reference and evolving debate.

Another outcome of the exercise is gradually shifting student discussion away from LLMs as a supposedly self-contained technology and toward interest in the prompting of the model, which leads to discussions of social practices and cultural forms that organize the exercise, including the contributions of programmers, prompt engineers, datasets, and the students themselves toward the outcome or “performance” of the test.

A few themes recurred in the class discussions held immediately after the initial tests, highlighting both the strengths and limitations of generative AI in mimicking human conversational patterns. These included the following points:


Exaggerated personalities

A recurring observation was that GPT models tended to exaggerate their assigned personalities, whether friendly, neutral, or apathetic. Students noted that responses often appeared overly enthusiastic or excessively indifferent, undermining their authenticity. Students found the AI's use of slang and emojis to be inappropriate or simply ill-calibrated. One student cited their chatbot's use of the word “probs” (short for “probably”), which the group viewed as an overly contrived effort to mimic youthful slang.



Inconsistent length

Another common critique centered on the AI's tendency to produce responses of inconsistent length. Some answers were excessively verbose, leading students to describe them as “fluffy,” a term that some scholars have also used to characterize the discursive style of language models. The exercise spurred a broader conversation about the AI's inclination toward verbosity because of its design to be convivial, associative, and creative. This observation provided an entry point for discussing the structural underpinnings of language model responses and their implications for human-AI interaction.



Colloquial language issues

Despite instructions to adopt a colloquial tone, LLMs' attempts often resulted in disproportionate use of informal language. Students observed that colloquialisms were either overused or deployed in ways that did not align with natural conversational patterns. Minor errors in colloquial usage frequently served as key indicators for students attempting to identify the AI, highlighting the model's challenges in navigating nuanced linguistic registers.



Overly specific or overly correct responses

Students noted that AI-generated responses were sometimes too specific or overly precise, which diminished their authenticity in casual conversation. This tendency to provide technically accurate yet socially incongruous answers contributed to the perception that the AI was not a genuine human interlocutor.



Mismatch with known styles

Some students who were familiar with their peers' speech patterns found it relatively easy to identify the AI, as it failed to convincingly replicate individual styles. This observation sparked discussion about the role of contextual and extra-contextual information in communication. In further discussion, students reflected on how dialogue inherently involves elements beyond linguistic content, which the Turing Test, by design, attempts to exclude.



Varied interpretations of the task

Student interpretations of the task assignment varied, leading to distinct strategies among participants. Some students playing the role of “human” aimed to provide authentically human-like responses, while others intentionally mimicked the AI to confuse the guessers. Interestingly, in my runs of the experiment, the only instances where guessers were “fooled” into mistaking an LLM for a person were when the human participant deliberately emulated AI-like responses.




Extensions

The exercise invites several modifications and extensions. For example, follow-up exercises could experiment with using different language models and different generations of specific models, with the aim of getting students to differentiate more closely between the artifacts of specific models and their techniques vs. the general tendencies of generative AI chatbots. Another extension would be to invite students to author their own instructions to the model, enabling them to apply their insights and reflections to the creation of new AI personae, which could, in turn, be divided up and played across newly organized groups of students. This extension could also hone technical writing skills and AI literacy.
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This essay explores the pedagogical use of images generated by artificial intelligence (AI) to investigate the politics of facial representation. Through a media archaeological and visual culture lens, the essay outlines a classroom assignment, Facial Subjects, in which students generate photographic portraits using generative AI to critically examine how identity categories such as race, gender and class are constructed, mediated and encoded by machine learning (ML) systems. By comparing AI-generated portraits to archival and real-word photographic portraits, students engage in visual critique while developing media literacy in the analysis of images. The essay argues that teaching with AI-generated images provides new resources for critical media pedagogy and that comparing those images with archival and real-world portraits equips students with conceptual tools for thinking about questions of aesthetics, normativity, and bias central to film and media studies today. Through this exercise, teaching with AI becomes a method of inquiring into the ideological underpinnings of contemporary image systems while fostering experimental and critical approaches to media pedagogy.

Keywords
 critical media pedagogy; AI-generated images; facial recognition; media archaeology; politics of AI


Introduction

This essay examines the ethical and political challenges that images of the human face generated by artificial intelligence (AI) pose in the context of media pedagogy. The essay investigates these images and their associated challenges through a classroom assignment entitled Facial Subjects, which invites students to generate AI portraits representing socially or politically charged identity labels such as “climate activist,” “criminal,” “influencer,” “refugee,” or “scientist.” Algorithmically generated facial images, from social media filters to predictive policing tools, have cultural and political implications, as they reproduce aesthetic codes, social norms, and ideological assumptions.

Situated at the intersection of media archaeology (Parikka, 2012), visual culture studies (Poster, 2002), and critical AI studies (Raley and Rhee, 2023), this pedagogical exercise prompts students to compare synthetic images with real-world and archival photographic portraits and thus exposes the visual logics and latent biases embedded in AI training datasets (Benjamin, 2019; Browne, 2015; Noble, 2008). It explores AI tools as culturally and politically saturated artifacts whose creations demand critical analysis. In doing so, it cultivates both experimental and reflexive forms of media literacy. This dual approach equips students with tools to critically navigate contemporary image ecologies; it entails thinking critically about and with AI to understand how computational forms rearticulate visual regimes of race, class, gender, and power.

Through an analysis of the Facial Subjects assignment, the essay explores how generative AI image-making can serve as a critical practice in the film and media studies classroom. In doing so, it highlights how teaching with AI can support students’ critical study of visual culture, in this case, by dissecting the politics of the face.



Using AI tools as “critical media”

In the assignment Facial Subjects, students use AI tools to generate photographic portraits of socially or politically charged identity labels (e.g., “climate activist,” “criminal,” “influencer,” “refugee,” or “scientist”) and compare them to archival and real-world portraits. The essay holds that AI-generated images, when critically embedded in media-pedagogy, can serve as media through which students interrogate visual cultures. Conversely, critical methods drawn from visual culture studies can facilitate critical research in AI. Students uncover the latent codes that inform contemporary notions of identity, personhood, and visibility, both with and without machine-aided cultural constructions. The assignment thereby also challenges the more general notion of algorithmic neutrality and opens discussions about algorithmic bias and discriminatory media.

Generative AI-tools such as DALL-E operate as cultural artefacts entangled with questions of aesthetics, bias, and representation, showing a set of properties according to which they could be called discriminatory media. These tools generate images of faces, environments and bodies that are compelling, surreal and ideologically saturated, and which may be used critically to problematize our relationship to identity categories and norms, bias, and bias correction (Miller et al., 2023; Sun et al., 2024).



Pedagogical framework: media archaeological pedagogy

Teaching with AI in general and the Facial Subjects assignment in particular can be linked to the growth of interest in media studies in critical practice in the digital humanities. Critical practice in the digital humanities emphasizes how digital platforms allow (or afford) novel pedagogical practices (Gold, 2012; Svensson and Goldberg, 2015). For practitioners of digital humanities, humanistic analysis assumes new possibilities and proportions when empowered by digital technologies: in critical practice, teaching is not just about, but also with media.

Closely related to the context of critical practice in the digital humanities is the boom of interest in media archaeology, a subfield of media studies dedicated to the idea that different media platforms allow the articulation of different kinds of knowledge, temporality, sociality, and interactivity (Parikka, 2011).

The Facial Subjects assignment emerges from a broader pedagogical approach I term media archaeological pedagogy. By media archaeological pedagogy, I refer to an approach that not only studies the content or techniques of a particular medium or platform, but also, following methodologies loosely identified with media archaeological scholars such as Kittler (1999) and Emerson (2014) accounts for the “particular material nature” of media, including the role of institutions, techniques, protocols, and disciplinary norms in allowing technical media to shape the cultural fabric of its period (Huhtamo and Parikka, 2011, p. 8). This approach foregrounds how media infrastructures and protocols condition what can be seen, said, or known. In particular, media archaeology’s growth in popularity coincides with a wider flourishing of interest, according to which the format or materiality of a medium structures the kinds of knowledge it produces.

The development of media archaeological methods has been paralleled by the development of creative media archaeological practices that emphasize, in a variety of ways, the interpenetration of technologies with creative and cultural creation (Parikka, 2012).

According to this development, a media archaeological approach may offer a new way of knowing, teaching, and learning by allowing its practitioners to experiment with media as they study it. In this critical pedagogical approach, students do not merely analyze images or media; they also experiment with the tools that produce them and discuss how they are produced. By integrating theory and practice, this approach promotes a pedagogical climate in which students learn about as well as with media.

In the Facial Subjects assignment, media archaeological methods coincide with a field of media-practical, critical, and historical studies of how machine-identification of faces coincides with longer histories of discriminatory practices such as eugenics (Crawford and Paglen, 2019; Meyer, 2019; Beiguelman, 2023; Sekula, 1986). These methods and fields can be used to investigate the aesthetics of machine vision, for example, by using generative AI to materialize categories of social identity, asking questions such as:

	• What kinds of images are produced when we prompt an AI with terms such as “climate activist,” “criminal,” “influencer,” “refugee,” or “scientist”?

	• What are the underlying aesthetic, racial and gendered logics that condition the resulting images?

	• How do these images compare to those from existing archives of photographic portraits?



Rather than positioning students as passive consumers of purely media theoretical instruction, the Facial Subjects assignment places students within the production pipeline of digital culture, thereby allowing them to grapple with questions of media aesthetics from both theoretical and practical perspectives. This approach combines theoretical and practical perspectives for a double learning effect. Students’ theoretical questioning enhances creative insights; conversely, practical engagement aids students’ critical analysis of media circulation. Furthermore, in Facial Subjects, the classroom, and with it, learning, is flipped, allowing for a pedagogical approach that integrates student-and teacher-centered formats, enabling more active student learning. In that way, students become both analysts and creative agents, generating visual data while reflecting on the processes that govern their creation and their limitations.



Assignment design: Facial Subjects

The Facial Subjects assignment is designed for a group of ca. 30 undergraduate students in the program Media, Aesthetics and Cultural Entrepreneurship (MEK) at the University of Gothenburg and comprises the following three stages:

	1. Prompt design and image generation

	Students are asked to choose three socially or politically charged identity labels (e.g., “climate activist,” “influencer,” “refugee”) and think about common prejudices associated with them. They enter these identity labels into a text-to-image AI-platform such as DALL-E to generate 3–5 photographic portraits per category. Students can choose the platform they want to work with but need to account for their choice of platform in their written reflection, and in their presentation to the class. They are encouraged to vary their prompts (e.g., change age, gender, race) and document how slight changes and prompt iterations alter the resulting images.





	2. Comparative archival research

	In the next step of the assignment, students are asked to collect existing portraits of their categories from art history, social media, popular culture, and news media. Students need to identify visual patterns, typologies and prejudices in both archival and AI-generated portraits.





	3. Critical reflection

	Students are expected to present a critical reflection to the class and submit a written reflection discussing the aesthetic, ideological and cultural assumptions found in AI-portraits and analyze how they reproduce or challenge dominant visual tropes of identity and how they reproduce or challenge stereotypes. They are also encouraged to investigate what role prompts and platforms play in the shaping of the resulting images. These reflections are set in direct relation to the course literature: Students read critical texts on questions of the human face, facial recognition, and on AI-generated images (e.g., Crawford, 2021; Steyerl, 2023). In the discussions following their presentation to the class students critically evaluate each group’s responses and discuss questions of bias and bias correction. Students’ choice of platform is also a topic of discussion and students are often critical of the more commercially oriented platforms.







This structured progression encourages students to move from production to interpretation and thus mirrors a critical practice approach increasingly central to film and media studies.



AI and the face

The Facial Subjects assignment’s focus on the face grows out of a longer history of interest in the face in film and media studies (Deleuze, 1986; Doane, 2003). Considered the legible outside of a hidden inside in early film-theory (Balázs, 1930; Epstein, 1924/1981), the face is today often reduced to a mere surface of recognition. It functions as a dense semiotic site where norms of race, gender, age, and beauty are inscribed and contested, and prejudices are formed. Today’s facial images travel across surveillance systems (Lee-Morrison, 2022; Blas, 2011–2014; Zuboff, 2019), beauty industries and social media platforms. These algorithmic images (Somaini, 2023) take on functions as markers of individuality and tools of classification in the algorithmic configuration of the face (Rettberg, 2023).

Generative AI systems are trained on massive image datasets scraped from the web, most of which carry with them the biases of culturally dominant imaginaries. When students prompt a model to render “scientist,” they are unlikely to be shown a woman of colour unless specified. “Criminal” may default to racialized or hypermasculine tropes. These results reflect the images’ statistical likelihood or their “meanness” (Steyerl, 2023; Brown, 2023). In Facial Subjects, students are encouraged to reflect on bias and the limits of simple bias correction of training data in machine learning (ML) systems, for example in reinforcement learning tools such as Google’s Gemini (Milmo and Hern, 2024). More general considerations of so-called “stochastic parrots” (Bender et al., 2021) may further supplement this inquiry‚ for example through readings, discussions, and lectures.

The human face is an instance where it is possible for students to analyze the ascriptions of meaning and the production of stereotypes without much prior research or theoretical preparation. In producing and analyzing these images, students confront the mechanics of normativity and discrimination, bias and bias correction. They reflect on how the face becomes a site of algorithmic inscription, flattening and anesthetization of social hierarchies into likely realities, and where questions of both bias and bias correction necessarily lead to discussions of ethical and political concerns in relation to AI-generated images.



Critical outcomes: media literacy, critique, and reflexivity

The Facial Subjects assignment enables students to reach the following learning goals:

	• Media and algorithmic literacy

	Students gain in-depth knowledge and understanding about AI-generated images. They learn to compare and contrast images not only for what they depict but also for how they are generated (e.g., by prompts, datasets, and computational processes), and thereby acquire an expanded media literacy.





	• Critical visual analysis

	By comparing AI-generated portraits to archival and real-world portraits, students gain critical skills and know-how. They deepen their understanding of visual codes and stereotypes and learn to analyze AI-generated images, and the layers of bias and bias-correction related to them.





	• Reflexive practice

	The assignment cultivates critical reflexivity and thereby enhances students’ critical judgement. Students learn to critically reflect on AI-generated images and account for their role in shaping outputs, choosing prompts, and interpreting visual patterns.







The assignment shifts assessment away from purely textual formats, the discussion of academic texts, and classical written assignments such as traditional research essays, and instead favours multimodal formats that mirror the complexity of the media environments students inhabit. This allows for a broader perspective on the materials taught and enables students with different learning styles to approach the topic via multiple entry-routes.

Teaching with AI-generated images, via an assignment such as Facial Subjects, encourages students to make visible the role that AI tools take on as epistemological frameworks, while also encouraging them to reflect on the ethical and political questions involved. In this sense, Facial Subjects positions media as conceptual instruments while it also helps students to grasp the urgency of developing critical, ethical and creative approaches that can read the different layers of politics, discrimination, bias and bias correction.



Conclusion: AI as method, not just as medium

The pedagogical potential of the Facial Subjects assignment lies not only in its novelty and creative approach, and its media archaeological outlook. Through generative image-making students do not just learn about media, they also learn with it. Facial Subjects externalizes and makes legible the politics of aesthetics related to AI tools.

My pedagogical interest in teaching assignments such as Facial Subjects relates to their critical media perspective that is as much concerned with teaching about media as it is concerned with teaching with media. To quote media scholar Marshall McLuhan (1964), here “the medium is the message,” with AI permitting new pedagogical messages to be crafted in the classroom. I am interested in how media is not simply one object among others to be studied but is, also a resource or platform that can be used to structure different kinds of intellectual and pedagogical investigations. Allowing students of film and media studies to bring media practice to the classroom encourages a holistic approach to teaching and learning, where students engage in hands-on experimentation with the potentials of a particular medium (Bates, 2015). Through such hands-on experimentation students go beyond abstract analysis, instead engaging in assignments that help them understand the practices and material affordances that characterize, for example, AI-generated images of the face (Koehler and Mishra, 2006).

The Facial Subjects assignment offers an example of how AI tools can be mobilized to reveal the ideological and cultural work of AI-generated imagery. It encourages students to examine the construction of visual identities from different perspectives and to intervene in that process with critical tools and hands-on experimentation, while being aware of the challenges posed by bias and bias correction in machine learning. In that way, students come to see AI not just as a tool for generating images, but also as a medium, through which meaning, and the politics of the face, are generated and negotiated.
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Key concepts ools/Technologies = Assessment type
1 Introduction to Pattern Recognition Al-based pattern identification Python, OpenCV Introductory quiz
2 Working in Google Colaboratory Cloud-based coding, collaboration Google Colab Lab setup and demo
3 Document Scanning Techniques Text detection, preprocessing OpenCV Coding task
4 Optical Character Recognition (OCR) OCR principles, Tesseract Python, Tesseract OCR assignment
5 Cluster Analysis Data grouping, unsupervised learning | Scikit-learn Mini-project
6 Object Detection and Tracking Classification, localization YOLO, OpenCV Hands-on lab
7 Feature-Based Object Recognition Feature extraction, matching OpenCV Coding exercise
8 Neural Networks: History & Applications | Evolution and key uses Lecture-based Reflection essay
9 Neural Network Control Systems Signal flow, control logic Keras, TensorFlow Code walkthrough
10 Neural Networks in Practice Classification, prediction models TensorFlow, Colab Application task
11 Neural Networks Across Domains Use in health, finance, etc. Case studies Group presentation
12 State-of-the-Art Al Current breakthroughs Research articles Literature review
13 Deep Optimization Hyperparameter tuning TensorFlow, Keras Optimization lab
14 Functional Artificial Intelligence Applied Al systems Project-based Mid-project review
15 Current Results & Open Problems Emerging challenges in the field Discussion-based Final presentation
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