
527

Reframing 
Information-

Seeking in the Age 
of Generative AI:

A Critical and Humanistic 
Approach1

Joseph Kevin Sebastian*

Introduction
Information-seeking has long been the subject of theoretical modeling, often drawing from cog-
nitive, behavioral, computational, and even evolutionary perspectives to explain how individuals 
navigate, filter, and utilize information. Several dominant frameworks—Carol Kuhlthau’s Infor-
mation Search Process,2 Marcia Bates’ Berrypicking Model,3 Peter Pirolli & Stuart Card’s Informa-
tion Foraging Theory,4 Kiyohiko Nakamura’s Information Criteria framework,5 and Ian Ruthven’s 
Information Shaping Theory6—have provided structured ways of understanding how people in-
teract with information environments. However, while these frameworks offer valuable insights, 
they often operate within mechanistic or efficiency-driven paradigms, which risk overlooking 
the complex, embodied, and socioculturally situated nature of human information behaviors. 
These efficiency-oriented models, while useful in certain contexts, do not sufficiently account for 
the deeply affective, iterative, and socially embedded nature of information-seeking. A more hu-
manistic and queer approach to AI literacy resists the assumption that information retrieval is 
purely rational or goal-directed, instead emphasizing the ways in which knowledge production 
is relational, contingent, and shaped by power. Queer theory provides a productive lens for inter-
rogating the normative assumptions embedded in traditional information-seeking frameworks, 
particularly their optimizationist paradigms and their tendency to privilege dominant epistemol-
ogies. By conceptualizing AI literacy through a queer lens, this paper advocates for an approach 
that foregrounds uncertainty, performativity, and embodied subjectivity—principles that are vital 
in an era where AI systems increasingly mediate access to and interpretation of knowledge.

Mechanistic Models of Information Seeking
Kuhlthau’s Information Search Process (ISP) remains one of the most influential models in li-
brary and information science (LIS). Emphasizing the cognitive and affective dimensions of 
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information seeking, ISP outlines a sequential six-stage process, from initial uncertainty to clarity and synthesis. 
By integrating the emotional experiences of information seeking, ISP departs from strictly rationalist models, 
yet it remains structured around a linear progression toward resolution. This risks obscuring the nonlinear, 
iterative, and sometimes contradictory ways in which marginalized users, particularly queer and racialized com-
munities, encounter and negotiate information landscapes.

Bates’ Berrypicking Model moves away from linearity, describing information-seeking as an evolving, adap-
tive process where searchers do not simply retrieve a single set of relevant results but instead gather bits and 
pieces of information across different sources. This model resonates with the fragmented and exploratory nature 
of much real-world information behavior. However, it is still largely predicated on an implicit goal-directedness: 
the assumption that users are working toward an optimal solution rather than experiencing information-seeking 
as an ongoing negotiation shaped by identity, emotion, and power.

Pirolli & Card’s Information Foraging Theory takes this efficiency-oriented tendency even further by apply-
ing principles from evolutionary biology and behavioral ecology. Drawing from optimal foraging theory—how 
animals maximize energy intake while minimizing effort—this model assumes that information seekers operate 
as rational agents maximizing information “gain” while expending minimal cognitive and temporal resources. 
While this framing has been useful in understanding search behaviors in digital environments, it ultimately 
flattens the deeply social and affective dimensions of information-seeking, treating information as an abstract 
resource rather than something embedded in lived experiences. Information Foraging Theory, like many models 
that borrow from biological paradigms, fails to account for how sociocultural identities shape access to, trust in, 
and interpretation of information. The assumption that all users approach information environments with the 
same “foraging” strategies ignores structural inequities—such as those faced by queer and racialized individuals 
navigating information landscapes that often erase or misrepresent them.

Nakamura’s Information Criteria Framework reinforces an economic logic of information-seeking, fram-
ing information behaviors in terms of “probability gain” and assigning value to information as a type of re-
ward. While this approach draws from economics, psychology, and neuroscience, it remains rooted in a trans-
actional view of information-seeking, one that risks reducing the process to a measurable exchange rather than 
an open-ended, meaning-making activity. The language of optimization and gain neglects the ways in which 
information-seeking can itself be an act of discovery, play, or creative exploration—experiences that resist being 
neatly quantified. This is particularly important when considering information-seeking in artistic, speculative, 
or identity-affirming contexts, where the process, rather than the outcome, holds the greatest value.

Ruthven’s Information Shaping Theory reinforces a teleological perspective on information-seeking, framing it as 
a process of extending human capabilities through tools in a way that aligns with optimizationist and evolutionary 
narratives. By positioning information as an external substance to be bridged rather than a co-constitutive force in 
human cognition and experience, the theory risks oversimpifying the complexity of knowledge production. Its em-
phasis on “perceptual and material aspects of information work” makes an important intervention in recognizing the 
role of materiality,7 yet it remains constrained by an overly tactile and visual conceptualization of information inter-
action—one that inadvertently marginalizes non-visual, non-tactile, and neurodivergent modes of engagement. This 
narrow framing ultimately reaffirms mechanistic approaches rather than offering a substantive challenge to them.

Beyond Efficiency: Toward a Humanistic 
Understanding of Information Seeking
The common limitation across these information-seeking models is their tendency to emphasize efficiency, op-
timization, and rational choice, often at the expense of more humanistic, affective, and identity-driven factors. 
As Johanna Drucker argues, much of information science has been shaped by computational and statistical log-
ics that reduce information interactions to data points, overlooking the interpretative, contingent, and deeply 
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personal ways in which people engage with information.8 Drucker’s advocacy for a humanistic interface frame-
work—a model that centers the subject as an active, meaning-making agent rather than a passive consumer9—
offers an important corrective to these mechanistic approaches.

A humanistic approach to information-seeking must also account for embodied experience. Here, queer 
theory provides valuable insights, particularly in critiquing normative assumptions about how people navigate 
knowledge structures. If information-seeking is shaped by power, then models that fail to account for margin-
alization risk reinforcing existing inequities. Evolutionary models like Information Foraging Theory elide the 
realities of information scarcity, censorship, and the epistemic violence10 that marginalized groups experience. 
For queer and BIPOC individuals, information-seeking is often fraught with additional labor: navigating gate-
keepers,11 parsing exclusionary language,12 and determining which sources are safe or affirming.13 Frameworks 
that do not account for these realities risk reinscribing the very barriers it seeks to explain.

By embedding this critique within the broader discussion of information-seeking theories, this paper argues 
for a shift away from mechanistic, efficiency-driven paradigms and toward an understanding of information 
behavior that centers human subjectivity, affect, and social context, especially in the age of generative AI. This 
perspective does not reject the utility of existing models but calls for a more expansive, inclusive, and critical 
framework—one that recognizes information-seeking as a deeply human, embodied act shaped by power, iden-
tity, and lived experience.

Reframing Information Seeking in the Age of 
Generative AI
The persistence of challenges surrounding information literacy among college students evince an exigent need 
to reconsider our current pedagogical strategies. The Dunning-Kruger effect14 is evident in higher education, 
where students often believe they are proficient in evaluating sources, yet objective assessments reveal signifi-
cant gaps in their actual abilities.15 This overconfidence is particularly concerning in an era of AI-generated 
content and algorithmically curated information, where students who already struggle to distinguish credible 
sources from misinformation may not recognize their own limitations. Illustrating this challenge are findings 
from a 2024 News Literacy Project report, which revealed that only 18% of teens could correctly distinguish be-
tween different types of information, including branded content, opinion pieces, and sponsored search results.16 
Notably, these skills did not significantly improve with age,17 suggesting that gaps in foundational news and 
media literacy persist into higher education and may hinder students’ ability to critically engage with academic 
and digital information. Further, research indicates that first-generation college students, while demonstrating 
strong information literacy skills, still face challenges compared to their continuing-generation peers, particu-
larly in understanding scholarly communication and the research process.18 Additionally, disparities in pre-
college library experiences contribute to inequities, leaving many first-year students with uneven preparation for 
academic research.19 Academic librarians must therefore reconsider and adapt their instructional strategies—
moving beyond retrieval-based instruction toward fostering deeper critical engagement—to ensure students 
develop the necessary skills to navigate an increasingly complex information landscape.

The rise of generative AI compounds the challenges to existing models of information-seeking, demanding 
a reevaluation of both theoretical frameworks and instructional strategies. Traditional models, rooted in effi-
ciency, optimization, and retrieval, are ill-equipped to account for the ways in which generative AI reshapes the 
fundamental dynamics of information discovery. Unlike conventional search engines, which present users with 
ranked lists of pre-existing documents, generative AI constructs responses, blurring the line between retrieval 
and synthesis. This shift complicates long-held assumptions about credibility, authority, and user agency. More-
over, the conversational nature of AI-mediated search—where users engage in iterative exchanges rather than 
discrete queries—alters the very structure of information-seeking behaviors.
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Further complicating these challenges is the opacity of generative AI’s underlying mechanisms, an issue de-
scribed as the black box AI problem.20 As AI models generate rather than retrieve, users frequently misinterpret 
their outputs as authoritative, reinforcing misconceptions about the reliability of AI-generated content. The ab-
sence of transparency21—particularly in how AI systems synthesize information—further distances users from 
an understanding of the epistemological underpinnings of their results. If information-seeking behaviors and 
evaluative frameworks have historically been guided by an awareness of provenance, sourcing, and verification, 
then generative AI presents a significant epistemic rupture: one in which the logic of information production 
is increasingly obscured, potentially leading to a mystification of knowledge systems. In this environment, the 
risks of misinformation, algorithmic bias, and epistemic dependency escalate, demanding new literacy frame-
works that extend beyond retrieval-based competencies.

AI Literacy Frameworks
In response to these challenges, various AI literacy frameworks have emerged to help users and information lit-
eracy practitioners navigate this shifting information landscape. One such framework is the ROBOT framework 
developed by Wheatley and Hervieux,22 which represents an important foundational effort in conceptualizing 
AI literacy. By structuring AI assessment through categories such as Reliability, Objective, Bias, Owner, and 
Type, the framework provides a systematic approach to interrogating the trustworthiness and motivations be-
hind AI and AI-generated content. This model offers a necessary starting point for critical AI literacy by empha-
sizing issues of bias, ownership, and transparency. However, its primary focus remains on evaluating external 
information about AI rather than equipping users with the critical skills necessary for engaging with AI as an 
interactive tool in research and learning.

One key limitation of the ROBOT framework is that it remains largely diagnostic—it assists in assessing 
AI-generated content but does not sufficiently address how users interact with AI systems in their own research 
processes. As generative AI tools increasingly mediate knowledge production, users require more than just 
evaluative heuristics; they need frameworks that integrate AI as an epistemic collaborator rather than a passive 
information source. The ROBOT framework does not fully explore the dialogic, interpretive, and meaning-mak-
ing dimensions of AI engagement, where users must navigate not only the reliability of AI-generated outputs but 
also the epistemological implications of relying on AI for intellectual labor.

Building on this initial work, Wheatley and Hervieux later developed a broader AI literacy framework, 
incorporating Bloom’s Taxonomy and the ACRL Framework for Information Literacy.23 This expanded model 
moves beyond the evaluative approach of ROBOT by acknowledging the iterative and interactive nature of AI 
engagement, providing structured learning objectives that guide users through experimentation, critical assess-
ment, and societal implications of AI use. This later framework is particularly relevant to my own approach, as it 
situates AI literacy within a process of meaning-making rather than mere information retrieval. However, even 
within this expanded framework, the emphasis on structured competency-building risks reinforcing mecha-
nistic understandings of AI literacy, where knowledge is framed as a set of skills to be acquired rather than a 
reflexive and subjective practice shaped by identity, lived experience, and sociocultural contexts.

Thus, while the ROBOT framework and its later expansion represent vital contributions to AI literacy, they 
do not go far enough in addressing the fundamentally humanistic questions raised by AI-mediated information 
seeking. A more comprehensive approach must integrate queer theory, critical digital literacy, and a reflexive 
understanding of subjectivity to account for the ways users actively construct knowledge in conversation with 
AI technologies. Such an approach would shift AI literacy beyond evaluation and toward a deeper interrogation 
of how AI reshapes our very understanding of information, authority, and intellectual inquiry. As Drucker sug-
gests, understanding information must move beyond static, objective representations and instead embrace its 
interpretative, contingent, and affective dimensions. 
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By conceptualizing a “humanistic interface,”24 Drucker provides a useful lens through which to reconsider 
AI-mediated research. Rather than treating interfaces as neutral conduits of information, Drucker emphasizes 
that they are dynamic, interpretative spaces where meaning is actively co-constructed.25 In this view, interfacing 
with AI is not merely an act of retrieval and evaluation but an “enunciative”26 and self-constitutive process—one 
in which the user’s input leaves an imprint on the evolving system, just as the system, through its responses, 
reshapes the user’s cognitive framework. This reciprocal dynamic is particularly evident in generative AI, where 
conversational exchanges are recorded, adapted, and refined over time, reinforcing the idea that AI literacy must 
move beyond mechanistic evaluation toward an embodied, iterative engagement with AI as an epistemic me-
dium through and with which a human subject constructs knowledge.

Because generative AI not only enables access to information but also seemingly co-constructs meaning with 
the user,27 the notion of information-seeking as a process of meaning-making rather than mere fact-finding is 
reinforced. Furthermore, as AI increasingly mediates the ways individuals access knowledge, there is a pressing 
need to foreground the role of subjectivity in these interactions. The relationality inherent in generative AI—its 
ability to respond, adapt, and seemingly “converse” with users—creates an unprecedented sense of collaboration 
between searcher and system. A humanistic framework helps elucidate the epistemological and ethical stakes of 
this new paradigm, ensuring that AI literacy remains a critical component of information literacy.

Queering AI Literacy: Subjectivity, Uncertainty, and 
Critical Engagement
The limitations of mechanistic AI literacy frameworks highlight the need for a more expansive, humanistic 
approach—one that foregrounds subjectivity, uncertainty, and the performative nature of knowledge construc-
tion. Queer theory provides a foundation for rethinking AI literacy, as it challenges normative assumptions 
about knowledge, identity, and authority—in the same way that generative AI itself is a catalyst for interrogat-
ing knowledge, identity, and authority. If traditional information literacy models treat information-seeking as 
a rational, rule-based process of verification (models that subsequently inflect approaches to conceptualizing 
AI literacy), a queer theoretical approach disrupts this stability, instead embracing fluidity, ambiguity, and the 
situated nature of knowledge—an approach that I employed in trying to conceptualize a queer information lit-
eracy framework, which I defined as an orientation towards knowledge that integrates embodied experiences, 
emphasizes reflexivity, and dares to transgress information norms.28 By framing queer information literacy as an 
orientation rather than a fixed body of facts or competencies, it posits that the ways we seek, interpret, and en-
gage with information are shaped by our identities, histories, and social positions.29 In this sense, queer informa-
tion literacy helps articulate an approach to AI literacy that foregrounds the fluid, relational, and co-constitutive 
interactions between people and AI systems.

A queer AI literacy resists the epistemological rigidity that often underpins mainstream approaches to in-
formation literacy. Mechanistic models assume that information is external, discrete, and knowable, with AI 
serving as either a retrieval tool or an object of evaluation. This framing mirrors what Eve Kosofsky Sedgwick 
critiques as the paranoid mode of knowledge production—a model obsessed with exposure, certainty, and con-
trol.30 Generative AI, however, resists such epistemic containment. It does not simply retrieve information but 
generates possibilities, counterfactuals, and even untruths, embedding both known and unknown biases in the 
process. A queer AI literacy framework therefore invites not only skepticism but also an openness to instability, 
embracing the interpretive and contingent nature of AI-generated knowledge, especially with what we know of 
its current tendencies to “hallucinate.”

Additionally, queer theory allows us to reconsider the relationality between users and AI tools, emphasizing 
that information-seeking is not merely instrumental (i.e., a means to an end) but affective, embodied, and itera-
tive. AI-mediated information generation is a performative act, where users shape and are shaped by AI systems 
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through dialogic interaction. Generative AI’s conversational nature exemplifies this, as exchanges bothe refine 
system outputs and influence human cognition over time. This framework further acknowledges that our orien-
tations toward information are shaped by our embodied experiences—our identities, histories, and social posi-
tions—which influence the paths we take, the knowledge we encounter, and our interpretations of that knowledge.

Reflexivity in AI literacy, then, means recognizing how our positionality shapes engagement with informa-
tion, challenging the notion of a neutral, disembodied researcher. A queer AI literacy framework thus fore-
grounds the material and affective dimensions of knowledge production, encouraging an ongoing process of 
self-interrogation and critical engagement with AI as both a collaborator and an artifact of larger sociotechnical 
systems. Just as queer theory challenges fixity (such as in identity categories), a queer approach to AI literacy 
rejects static notions of knowledge, instead highlighting the fluid, co-constitutive relationship between user, 
interface, and machine.

At the same time, queer perspectives help reveal who is excluded from AI-mediated knowledge systems. 
Bias is not just embedded within AI models but also within the researcher’s own assumptions, search behaviors, 
and interpretive frameworks. As Safiya Noble31 and Ruha Benjamin32 have argued, algorithmic systems dispro-
portionately reinforce existing social hierarchies, privileging dominant perspectives while marginalizing others. 
A queer AI literacy framework must therefore account for these epistemic injustices, teaching users not just to 
critically evaluate AI outputs but to interrogate how and why certain knowledge formations are privileged over 
others.

In this light, AI literacy cannot remain a purely technical competency—it must be an ongoing critical prac-
tice, one that acknowledges the instability of knowledge, embraces interpretive uncertainty, accounts for the 
sociopolitical dimensions of AI engagement, and centers the positionalities of people who interface with AI. 
The next section will explore how these theoretical principles translate into pedagogical strategies that equip 
students to navigate AI-mediated research environments with reflexivity, skepticism, and an awareness of their 
own role in knowledge production.

Pedagogical Strategies for a Humanistic, Queer AI 
Literacy
If AI literacy is to be truly transformative, it must move beyond mechanistic frameworks and instead foster 
critical engagement, reflexivity, and an awareness of how AI-mediated knowledge is co-constructed. Drawing 
from my previous work on a queer digital literacy framework,33 I argue that AI literacy must not only equip 
students with skills for critical evaluation but also help them understand their own positionalities within digital 
information systems and how these positionalities simultaneously contribute to systemic epistemological biases 
and offer pathways to destabilize these biased systems for a more equitable and humane episteme. Where critical 
digital literacy and traditional information literacy models often focus on ideological critique, a queered infor-
mation and  AI literacy centers the individual’s lived experiences and how their digital practices shape and are 
shaped by socio-technical systems and their interfaces. The following are my attempts at imagining pedagogical 
strategies that illustrate a humanistic, queer AI literacy:

1.	 Disrupting Fixed Information-Seeking Models: This strategy rejects the notion of research as a 
stable, rule-bound process and instead embraces fluidity, iteration, and uncertainty. Students often 
perceive research as a linear, step-by-step process when, in reality, it is iterative, evolving, and shaped 
by new discoveries. This strategy challenges students to visualize research as a dynamic process where 
choices lead to multiple pathways rather than a single, predetermined route. The following presents an 
activity that aims to employ this strategy:

•	 Mapping Research Decisions as a Network: Many students often approach research with a 
rigid, step-by-step mindset, expecting a clear progression from topic selection to final argu-
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ment. This activity helps disrupt that assumption by illustrating how research is a network of 
interconnected decisions, each leading to multiple possible outcomes. Instead of asking students 
to reflect on what they have done (which assumes prior experience with iterative research), this 
activity encourages them to actively shape a research process in real time.

i.	 Step 1: Introduce the Idea of Research as a Network, Not a Sequence
	o Many students will describe a linear process: Choose a topic → Find sources → 

Write paper.
	o Introduce the idea that research is dynamic and iterative—new discoveries con-

stantly reshape our approach.
	o Briefly introduce Bates’ Berrypicking Model, which describes how research-

ers “gather bits and pieces” of information across sources rather than retrieving 
everything at once.

	o Pose the key question: What happens when we let research decisions during the 
process dictate the path, rather than following a predetermined formula?

ii.	 Step 2: Constructing the Mind Map
	o As a class, collaboratively build a mind map to visualize research as a web of 

choices rather than a straight line.
	o Start with a broad central research question (e.g., How does social media affect 

mental health?).
	o Ask students: “What would you do next?” when faced with this question. As they 

respond, plot their answers on the board, branching out into different pathways.
	o Common research actions that can be included:

a.	 Refining the question (e.g., Do I want to focus on a specific age group? 
Type of social media? Mental health outcomes?)

b.	 Looking for background information (e.g., Check Wikipedia, ask 
ChatGPT, read a news article.)

c.	 Diving into scholarly sources (e.g., Search Google Scholar, a library 
database, or an AI tool like Elicit.)

d.	 Following a citation trail (e.g., Checking references in a promising 
article.)

e.	 Encountering an unexpected source (e.g., Finding an article that chal-
lenges my initial assumption.)

f.	 Running into roadblocks (e.g., Paywalls, sources that are too complex, 
conflicting studies.)

g.	 Continue branching from each new choice, illustrating how one action 
leads to multiple possible next steps.

iii.	 Step 3: Interactive Reflection
	o Once the mind map has grown, zoom out and analyze the network:

a.	 Does everyone’s research path look the same?
b.	 Where do new discoveries shift the direction of inquiry?
c.	 How does AI fit into this picture? Does it reinforce or disrupt tradi-

tional research habits?
	o Discuss how research isn’t a straight road but a series of forks, loops, and de-

tours. Students should see that each decision they make leads them down differ-
ent pathways, many of which are unpredictable but valuable.

•	 Considering how generative AI disrupts notions of a linear research process: Generative AI 
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disrupts traditional research models by challenging the assumption that information-seeking 
follows a fixed, linear path and by introducing unpredictable trajectories into the research 
process. Unlike traditional search engines that merely retrieve pre-existing sources, AI tools 
like ChatGPT, Elicit, and Scite synthesize, reframe, and generate new information, blurring 
the boundary between retrieval and creation. This shift forces students to move beyond merely 
“finding” knowledge and instead engage in a more dynamic, iterative process of evaluating, 
adapting, and questioning AI-generated content. Additionally, AI responses can introduce unex-
pected biases, distortions, or novel perspectives that reshape students’ research trajectories, often 
leading them down unanticipated paths. By making research less deterministic and more reflex-
ive, AI destabilizes the idea of a singular, authoritative research process, compelling students to 
actively navigate and interrogate the evolving landscape of information.

2.	 Queering the Concept of “Credibility” in an AI-Mediated Research Landscape: Traditional approach-
es to credibility assessment rely on external rhetorical context—who wrote a source, their expertise, 
institutional affiliations, and potential biases. However, generative AI disrupts this framework because its 
outputs are not authored by a human, making it difficult to apply standard credibility heuristics. Without 
an identifiable creator to analyze, researchers cannot evaluate AI-generated content through conventional 
means such as reputation, credentials, or intent. This necessitates a queered approach to credibility, one 
that foregrounds positionality and compels researchers to turn their critical lens inward. Instead of ask-
ing whether an AI-generated source is “credible” in the traditional sense, students must ask: For whom is 
this knowledge valid? Under what conditions is it meaningful? How does my own positionality shape the 
way I interpret this information? By shifting focus from the source’s authority to the researcher’s interpre-
tative framework, students gain a deeper understanding of how credibility is relational, contingent, and 
shaped by their own epistemic orientations. In this way, queering credibility resists static, checklist-based 
evaluation and instead frames credibility as an ongoing negotiation between information, researcher, and 
context. The following presents an activity that aims to employ this strategy:

•	 The Researcher as the Rhetorical Subject: In this exercise, students will critically examine their 
own role in the credibility assessment process, positioning themselves as the “human in the 
loop” when engaging with AI-generated content.

i.	 Step 1: Introduce a Diverse Set of Sources—Provide students with a selection of sources 
representing different epistemic standpoints. Rather than assessing these sources through 
a traditional credibility framework (such as the CRAAP test), students will analyze them 
through the lens of their own positionality. These sources could include:

	o A peer-reviewed academic article
	o A community-generated knowledge source (e.g., Wikipedia, an activist blog)
	o An AI-generated summary on the same topic

ii.	 Step 2: The Positionality Analysis—Ask students to engage in a reflexive credibility as-
sessment by considering:

	o How do I perceive each of these sources? What assumptions do I bring to their 
credibility?

	o Which source do I instinctively trust? Which do I doubt? Why?
	o How do my own experiences, academic background, and identity shape how I 

engage with these texts?
iii.	 Step 3: Applying these Questions to AI-Generated Content—Now, introduce the AI-

generated summary on the same topic and prompt students to consider:
	o If I can’t analyze an author’s intent or expertise, how do I determine whether this 

information is useful?
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	o Does AI reinforce dominant knowledge structures, and if so, how does that affect 
what perspectives are amplified or erased?

	o Am I approaching AI-generated text with more or less skepticism than other 
sources? Why?

iv.	 Step 4: Group Discussion & Meta-reflection—After completing their analyses, students 
will discuss their findings with peers, reflecting on:

	o What changed when we shifted credibility assessment from external rhetorical 
context to internal reflexivity?

	o How does AI force us to rethink our own role in constructing credible knowl-
edge?

	o How do power, privilege, and epistemic access shape what we accept as “credible” 
knowledge?

•	 Queered Credibility Framework: By queering credibility assessment in an AI-mediated re-
search landscape, this strategy teaches students that credibility is not an objective quality inher-
ent to a source but a process shaped by context, positionality, and interaction. AI forces us to 
interrogate our own biases, assumptions, and intellectual orientations, shifting credibility assess-
ment from external heuristics to an internalized, reflexive practice. Rather than treating cred-
ibility as something that can be “checked off,” students must actively situate themselves within 
the knowledge-making process, recognizing their role in interpreting, filtering, and legitimizing 
information in an era where AI complicates traditional frameworks of authority.

3.	 Reframing AI as a Co-Creator of Knowledge: The dominant discourse surrounding AI often posi-
tions it as a neutral tool—a passive repository of information that users can query at will. However, 
this framework is insufficient to account for the deeply interactive, relational, and co-constitutive na-
ture of human-AI engagement. Unlike a traditional research tool (such as a search engine or a library 
database), generative AI does not merely retrieve information but produces synthetic knowledge, 
embedding within it collective human biases, omissions, and ideologies. Yet, this knowledge does not 
exist in a vacuum. AI’s outputs are always contingent on the human in the loop—the individual invok-
ing it, shaping its responses through their queries, interpretative lenses, and preconceptions. In this 
sense, engaging with AI is not an act of retrieval but an act of co-authorship—an iterative exchange 
in which knowledge is not just discovered but actively performed into being. Drucker’s concept of the 
enunciative interface helps illuminate this relationship: AI is not simply a conduit for information but 
a site of negotiation, where human and machine intelligences converge and reshape each other. If in-
terfaces are co-constitutive of self and knowledge, then interacting with AI is an act of subject forma-
tion, where users must critically interrogate not only what knowledge is being produced but also how 
their own cognitive and epistemic frameworks are being reshaped by their interactions with AI. This 
strategy challenges students to engage in a reflexive examination of AI as a co-creator of knowledge, 
rather than a mechanistic tool, by treating research as an iterative, relational process between human 
and nonhuman agents:

•	 Queering AI as a Co-Researcher
i.	 Step 1: The AI-Human Research Partnership

	o Introduce students to the provocative idea that AI is not simply a tool but a col-
laborator.

	o Discuss Drucker’s notion that interfaces are not passive conduits of information 
but spaces where meaning is actively constructed.

	o Pose the question: If AI generates knowledge that we then refine, reshape, and 
reframe—who is truly the author of this knowledge?
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ii.	 Step 2: Interactive Engagement with AI as a Knowledge Partner
	o Students will select a broad research topic and engage with an AI tool (e.g., Chat-

GPT, Elicit, Scite) to generate insights, refine research questions, and explore 
counterarguments.

	o Instead of using AI passively (as a simple answer-generator), students will con-
sciously shape a dialogue, tracking how their questions evolve over time and how 
AI’s responses influence their framing of the topic.

iii.	 Step 3: Reflexive Analysis of AI’s Knowledge Performance
	o After the AI interaction, students will reflect on how their own research process 

was altered through AI’s participation:
a.	 How did AI’s outputs reinforce or challenge my assumptions?
b.	 Did AI introduce new avenues of inquiry I wouldn’t have considered?
c.	 Did I unconsciously shape AI’s responses by the way I phrased my 

questions?
d.	 How does treating AI as a co-researcher shift my sense of agency in 

the research process?
iv.	 Step 4: Theoretical Debrief—Rethinking AI Beyond the Tool Metaphor

	o Facilitate a class discussion on whether AI can be considered an “author” or “col-
laborator” in research.

	o Explore the distinction between tools that simply amplify human agency (e.g., a 
hammer, a search engine) and tools that actively participate in meaning-making 
(e.g., generative AI).

	o Engage with the philosophical implications of knowledge co-construction:
a.	 Does AI have epistemic agency, or is it simply reflecting back human 

thought patterns?
b.	 If AI knowledge is contingent on human queries, does that make re-

search an inherently performative and iterative process?
•	 Deconstructing AI as Instrument: This strategy deconstructs the instrumentalist narrative 

of AI and instead foregrounds its role as a contingent, co-constitutive partner in knowledge 
production. By engaging with AI not as a mere database (usually an erroneous outlook anyway) 
nor “just a tool” but as an active epistemic collaborator, students must confront the instability of 
knowledge, the reflexive nature of research, and their own role in shaping the meaning-making 
process. In doing so, they develop a more critical, nuanced understanding of AI’s influence on 
research, authorship, and epistemology.
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