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Abstract

Our work examines the patterns in
undergraduate students’ appraisals of
genAl fairness in school curriculum across
a two-year horizon. We identify and present
differences in students’ fairness appraisals
and rationales between this academic year
and last, delving into differences in the
rationales underlying these appraisals and
their implications for higher education
policy.

1 Introduction

Technologies progress through phases of
skepticism, rejection, acceptance, and adoption
from the perspective of public consumers (Davis,
1989). The degree and rate at which adoption
occurs in particular contexts can be influenced by a
number of cultural, ideological, and social factors
that are upheld by communities of practice. For
instance, when handheld calculators were
introduced into public schools in the 1970s, many
communities of mathematics teachers initially
rejected them due to fear of arithmetic skill atrophy
and its downstream effects on students’
mathematical reasoning abilities (Kline, 1973).
These attitudes and beliefs, in turn, have
contributed to ongoing debates (e.g., “The Math
Wars;” Schoenfeld, 2004) about what students
ought to learn in school and for what purpose,
including how students use technologies for
learning. Advances in generative Al (genAl) tools
continue to fuel similar debates today.

Taking a sociocultural perspective that tools
mediate forms of activity that influence how and
what students learn (Engestrom, 1987), and
adopting Subramonyam et al.’s stance that genAl
prompting is in part an extension of one’s own
goals, cognitive abilities, and knowledge of genAl
systems (2024), we have sustained interest in the

complex and potentially shifting question of genAl
fairness in higher education and its policy
implications. Our prior work on this topic suggests
that undergraduates’ genAl fairness appraisals are
dependent on a number of cognitive,
epistemological, and techno-normative rationales
(Delaney et al., 2025). However, genAl capabilities
and the public’s beliefs about how genAl tools
might be used in learning are continuing to develop
in ways that impact education (e.g., Eames et al.,
2026; Kinstler, 2026). Additionally, genAl’s
capabilities have changed dramatically since we
began studying it, and collegiate programs and
curricula writ large have not. To that end, we
wondered the extent to which students appraise
genAl use on school assignments as fair, and
qualitatively, how patterns in their appraisals and
rationales compare across two student samples
collected one year apart.

RQ1: What (a) appraisals and (b) rationales do
students give about generative Al fairness in the
context of their schooling?

RQ2: How do patterns in students’ appraisals
and rationales compare between the 2025 and 2026
samples?

2  Background and Framing

2.1 Changes in Students’ School-based

Engagements with GenAl

GenAl has rapidly shifted from an unfamiliar and
disruptive technology to a common feature in the
undergraduate experience. In a 2025 study
conducted by Lumina Foundation-Gallup, over
half of surveyed college students reported using
GenAl weekly (Marken, 2026). This adoption
suggests that genAl is a part of many students’
academic experience, in which studies have shown
that students use these tools to complete
coursework, seek explanations, draft written
responses, and navigate disciplinary expectations
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(Bacek et al., 2024; Hon, 2026; Martin-Moncunill &
Alonso Martinez, 2025). Additionally, students
may position genAl as a tool that helps reduce
barriers for students with learning difficulties,
neurodiversity, or language barriers (Gruenhagen
et al, 2024). Given these uses, students may
position genAl as a valuable resource in their
coursework, especially as Al literacy becomes an
increasing expectation in the workplace.

The normalization of genAl use among students
and instructors is also tied to workforce
expectations, Al literacy is considered part of
preparation for future work (“Student Generative
Artificial Intelligence Survey 2026,” 2026). Lund
et al. (2026) similarly position Al literacy as an
“essential skill alongside information literacy,”
suggesting that students’ ability to use, evaluate,
and integrate tools is becoming part of the
expectations for career readiness (p. 4). Institutions
have also begun to respond to workforce
expectations. An early survey of genAl and higher
education policy by Moorhouse et al. (2023)
explored worldwide Al adoption and found that
some higher education institutions have modified
their assessment guidelines to integrate genAl
rather than prohibit its use. Given the shift in
perspective on the relevance of genAl use in future
work, students' appraisals of what constitutes “fair”
genAl use in academic settings may be adapting to
these new expectations.

2.2 Policy Inconsistency and Instructor-
Level Variation

Institutional and classroom-level responses to
genAl remain inconsistent (Lau et al., 2026).
Amoozadeh et al. (2024) describe how authority is
often distributed across departments, programs,
and instructors, making it difficult for institutions
to coordinate a unified genAl response. Without a
primary source of guidance or enforcement, genAl
policies can vary widely across instructors and
courses, leaving students confused or unsure about
the appropriate use of genAl. They also note that
even with institution-wide policies, many students
report being unaware of their universities' rules or
guidelines on responsible Al use. The speed of
technological adaptation further complicates this
problem, where instructors must adapt their policy
to real-time changes in Al model availability and
resources. These inconsistencies may lead to
changes in students’ fairness appraisals, as students
may be encouraged to use genAl in one course and

discouraged in another. Policy inconsistency also
emerged in our prior study, as students reflected on
conflicting experiences of instructors encouraging
or discouraging genAl use (Delaney et al., 2025).

2.3 Student Appraisals of Fairness

Students’ genAl fairness appraisals are shaped by
overlapping concerns about access, academic
integrity, and learning. Moorhouse et al. (2023)
found that students raised concerns that their peers
may have access to more advanced genAl, such as
premium versions of ChatGPT, which can affect
the fairness of assessment. Back et al. (2024)
similarly highlight concerns around income
inequality in genAl use, with students from lower-
income backgrounds reporting concerns about the
future cost and accessibility of the technology.
Other sources of variation in students’ appraisals
stem from how much technology integration is
acceptable and what forms it takes in learning
processes. Johnston et al. (2024) found that
students often distinguished between using genAl
for limited academic support, such as grammar
assistance, and using it to produce entire
assignments. Building on this work, we compare
two student samples interviewed in different years
to examine similarities and differences in students’
fairness appraisals and rationales across the two
samples.

3 Methods

3.1 Research Context and Study Design

Our study was conducted at a large university that
serves mostly undergraduates in the southwestern
United States in March-May 2025 and 2026. We
compare two independent samples of
undergraduate students interviewed during these
two data collection periods. The 2025 sample
included 36 students, with additional information
about this data collection reported in Delaney et al.
(2025). For the 2026 interviews, we recruited 30
undergraduate students from various majors
through flyers and in-person announcements for an
interview study about how they selected tools,
including genAl (any available chatbot or version),
to solve math problems. The samples were broadly
similar with respect to students’ class standing and
genAl use, although the 2026 sample included
fewer students in liberal arts and social science
degree programs. The 2025 and 2026 data
collections were conducted under approved
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institutional review board protocols IRB-25-0023
and IRB-26-101, respectively.

We focus on 10-minute opening section of the
interview, which included seven questions about
students’ understandings and uses of genAl (Table
1). The present study specifically examine
responses to Question 7, which asked whether
students believed using Al tools in school was fair
and why. These questions preceded participants’
interaction with genAl during the interview and
elicited their perspectives on genAl use generally
rather than on a particular platform or model.

Item Interview Question and Probes

1 Whatis Al in your view?

2 On the survey you took prior to this study,
we noted your preferred Al tool is {blank}.
Why do you prefer this/these tools?
Probe: Do you have a paid membership to
any Al tools?

3 Can you describe how you typically use Al
tools, if at all, (a) in your math courses, (b)
in your coursework, and (¢) in your day-to-
day life?

4 What kinds of tasks of problems do you find
Al tools most helpful for?

5 How do you decide when to use an Al tool
versus solving a problem without one?
Probe: Do you find that Al influences the
way you approach problem solving?

6  Have you encountered any challenges or
limitations while using Al tools? If so, what
are they?

Probe: If Al tools give you an unclear or
unexpected response, how do you typically
handle that?

How (if at all) do you think about potential
Al hallucinations when you use it?

7 Do you think using Al tools in school is
fair? Why or why not?
Probe: To what extent do your professors
encourage/discourage Al use for school?

Table 1: Opening interview questions

Each student’s interview was recorded with
audio and video and initially automatically
transcribed. Then one researcher cleaned each
transcript by hand, correcting for acronyms,
participant cross-talk, and speaker misattribution.
The cleaned transcripts were our primary textual
data for coding and analysis. For anonymity, we
will refer to the students in our study in the order in
which they were analyzed, with P-10 denoting the
tenth student.

3.2 Data Analysis

Our unit of analysis is each student’s
conversational turn to the question, “Do you think
using Al tools in school is fair?” We use
conversational turns because some students
answered the question with an immediate clear
fairness judgment and rationale, and for other
students who responded ambiguously, the
interviewer was trained to follow up with clarifying
questions until the student gave a fairness
judgment. For example, when P-03 initially
responded, “Depends on how you use them,” the
researcher asked, “Can you elaborate a little
more?” and continued to engage the student until
they gave a rationale for their appraisal. We then
coded the data in two phases. In Phase 1, three
researchers worked individually, deductively
coding all students’ appraisals as “Fair,” “Mostly
Fair,” “Depends,” “Mostly Unfair,” or “Not Fair,”
in alignment with five categories that emerged in
our previous study (Delaney et al., 2025; Saldana,
2021). We give responses with a “mostly” qualifier
when a student’s fairness judgment contains either
entirely positive or negative rationales, with one of
the opposing valence. We assign “depends” when
the appraisal is a mixture of positive and
negatively-valanced rationales greater than 1:n.
There was one student response that did not have a
fairness appraisal, which we coded as “Unclear.”
Our initial weighted Kappa coefficient was 0.825,
signifying relatively high agreement. We then
discussed each disagreement until reaching
consensus on each student’s genAl fairness
appraisal.

In Phase 2, we coded students’ rationales for
their fairness appraisals. Each researcher was
assigned a subset of 20 student responses by the
first author to code independently. We initially
applied the rationale codes developed in the
previous year’s study (Delaney et al., 2025). When
a student’s rationale did not align with the existing
codebook, we developed new codes inductively to
capture the meaning of their response (Saldafa,
2021). For instance, we developed the code,
“genAl during assessments,” for the 2026 cohort
because one year ago, students were not
mentioning using genAl during assessments. After
initial coding, we met to compare our rationale
codes, discuss discrepancies, and reach agreement
on (a) the rationale codes themselves and (b) what
qualified as a new rationale. We developed new
rationales collectively to ensure that their names
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and definitions accurately represented students’
fairness appraisals. Because some students
provided multiple examples or justifications,
individual responses could be assigned more than
one rationale code. For example, some students
described both fair and unfair use cases of genAl,
which led us to assign multiple rationale codes to a
single response.

4 Findings
4.1 Student Appraisals on GenAl Fairness

We summarize and compare students’ fairness
appraisals from 2025-2026 in Figure 1. We were
surprised to learn that, despite the additional year
of broader genAl adoption and development
between data-collection periods, students in the
2026 sample did not tend to rate genAl as more
fair than those in the 2025 sample. The proportion
of fairness appraisals in every response category
remained mostly consistent. In fact, a greater
proportion (48.3%) of 2026’s sample elaborated
that genAl fairness “depended” (as we will see, it
was their rationales for fairness that changed).
This pattern suggests continuity across samples,
where students tend to evaluate the fairness of
genAl contingent on how, where, and what
purpose it was used even after one year of
technological development. Responses coded as
“Depends” typically included the phrase “it
depends” or described balanced appraisals in
which genAl would be fair in some contexts and
unfair in others. For example, P-13 distinguished
between genAl use on homework assignments
and exams:
“I think AI tools are fair for homework
assignments or assignments in which you're
not being purely tested on what you know on
the spot, like in your mind, but I think it'd be
unfair to incorporate Al into exams, because
then you wouldn't really get to gauge the
person who you are assessing.”
P-13’s response illustrates how students’ fairness
appraisals may be tied to specific practices that
they deem to be fair or unfair, which we will
explore in the next section. They also implicitly
suggest a difference between assessments in-class
(“on the spot”) which may be designed to measure
only the knowledge of the student, versus
assignments outside of class, which may be
designed for other purposes (e.g., to give students
practice toward a skill).

Undergraduate Appraisals of Al Fairness by Interview Year
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Figure 1: Undergraduate students’ generative Al
fairness appraisals by interview year.

Students’ appraisals coded as Mostly
Fair/Unfair reflected a general sentiment toward
one judgment, with exceptions. For example, P-
29’s reflection of Mostly Fair excluded tests but
appraised genAl as fair for learning on anything
else:

“I think there's a point where [if] you're using

it to cheat on tests, that's not good...no one

should be doing that. But I think as a tool to
help in further learning...I think that's where
the world is going...and using it to help with
problems...you're struggling on.”
P-29’s response reflects an ethical stance that
tools should be used for learning purposes,
especially when they are normalized (“that’s
where the world is going,”), and that using genAl
on tests represents a breach of tool use for
learning. Students from 2025 had very similar
perspectives, although they tended to be more
specific about the exceptions to intellectual work
that genAl should or should not do on homework
assignments. For instance, a 2025 participant
remarked that “mostly fair” use on a writing
assignment might involve genAl as an editor, not
as the primary author. While the distribution of
appraisal categories remained broadly similar
across samples, the 2026 responses continued to
show that students’ appraisals are not absolute,
and even participants who leaned fair or unfair
frequently identified exceptions.

4.2 Comparison of Student Appraisals on
GenAl Fairness

Figure 2 displays the frequency of rationale-code
occurrences by appraisal category. Because
students could offer multiple rationales in a single
response, the counts in Figure 2 represent coded
rationales rather than unique students. Lettered
rationale codes were developed in our previous
study, while asterisked codes emerged during the
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2026 interviews and analysis. Across rationale
categories, responses coded as “Depends”
appeared frequently, indicating that students often
justified their fairness appraisals by identifying
contexts in which genAl use could be fair and other
contexts in which it could be unfair.

Although students’ appraisal categories were
broadly similar across samples, the rationales
observed in the two samples differed in several
ways. In the 2025 data, several of the most frequent
rationales positioned genAl as an aid for
clarification, scaffolding, or co-authoring with
evidence of students’ or genAl’s contributions. In
contrast, the 2026 data included more rationales
that explicitly framed genAl as a tool for learning
in general, rather than providing examples of how
genAl can be considered fair during learning. The
2026 sample also included more rationales that
focused on the conditions under which genAl use
undermines learning, assessment, or preparation
for future professional practice. This suggests that
students’ appraisals remained largely conditional,
while the substance of their rationales became
more varied and explicitly tied to learning and
assessment.

One notable shift from 2025-2026 was the
emergence of cognitive offloading for assignments
as a frequent rationale. This code captured
responses in which students expressed concern that
genAl allowed students to completely bypass
thinking, effort, or problem-solving associated
with schoolwork. For example, P-03 framed
fairness as context-dependent, claiming, “If you’re
using [genAl] to write an entire essay or do all your
math problems, then it’s not really fair to people
who are actually putting in the work.” This
response reflects a concern that genAl becomes
unfair when it substitutes for student cognitive
work rather than supporting their learning. In
contrast, students in the 2025 sample were more
likely to report that using genAl to tutor them on
math problems, give additional examples of math
problems, or to help them to brainstorm ideas for
an essay were acceptable genAl uses. None in 2025
mentioned cognitive offloading, perhaps because
they explicitly stated forms of cognition and work
that they might directly contribute.

Students in 2026 also raised concerns about
genAl fairness in relation to future professional
competence. The workplace deprofessionalism
code captures responses in which students worried
that too much genAl in coursework could leave

students underprepared for fields involving human
safety or embodied expertise. For example, P-13
explained, “if you’re studying something [...] for
example, nursing, | feel like you can’t be dependent
on [genAl] because [...] you’re studying to help a
human being.”

Similarly, P-08 described a hypothetical student
training to become a surgeon, who may rely on
genAl to decide what to do “mid-surgery.” These
responses suggest that some students evaluated
fairness in relation to whether academic work with
genAl prepares students for responsible
professional practices that directly involve human-
to-human encounters.

Rationales for GenAl Fairness Appraisals
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Figure 2: Rationale-code occurrences for students’
genAl fairness appraisals by year and appraisal category

In contrast to the previous concern-oriented
rationales, students in 2026 continued to describe
genAl as a form of academic support. Several
rationales from the 2026 sample positioned genAl
as useful for searching for information (P-09),
supporting learning (many students), functioning
like a tutor (P-23), or addressing limitations in
human instructional support (P-24, P-29). In these
responses, students described genAl as a resource
that could provide explanations, immediate
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feedback, or assistance when instructors were
unavailable due to time and class-size restraints.
The theme of genAl as a form of academic support
also emerged in the 2025 data, where students
frequently discussed using genAl to clarify or
scaffold assignments, or to use it as a co-author
with proper citations. P-04, a Japanese major,
identified potential benefits of genAl to
neurodivergent students. Similar to findings
reported by Gruenhagen et al. (2024), P-04
suggested that students on the autism spectrum
may benefit from genAl as one way to ask as many
questions as needed, at any time of day, without
relying on a human instructor’s availability or
attention. These responses suggest that students
may view genAl as a means of making academic
participation more accessible in universities.

5 Discussion

Our findings differed from our initial conjecture.
We hypothesized that, based in part on Davis’s
model of technology acceptance (1989), students
would be more inclined to appraise genAl for
school assignments as “Fair (Yes)” or “Mostly Fair
“(Yes/It depends)” because students and instructors
have now had multiple years to grow accustomed
to its features and adapt accordingly. Instead, we
observed that students still held ambiguity about
genAl fairness, and the focus of fairness appraisals
differed across samples, from what to do with
genAl within an assignment (2025) to larger grain-
sized features of education, such as tests, the
workforce, and societal expectations.

Why might these differences across samples
have occurred? We offer several possible
conjectures. One, 2026 was largely concentrated on
innovations in agentic genAl technologies;
products such as Codex that are designed to
accomplish end-to-end workflows. No student
brought up that they preferred to use agentic genAl
tools, although P-10 (a computer science major)
had noted: “I'm trying to use Al less, I guess I'm
trying to learn more of the [programming] concepts
and apply myself more, just because I'm a third
year and trying to actually apply myself.” It is
possible that some undergraduates realize that
today’s most novel agentic genAl tools disrupt
traditional goals of undergraduate education to the
extent that they may undermine the purpose of their
degree (Labaree, 1997). Hence, in the data, we may
continue to see “it depends” responses from
students because genAl developments may lead

them to continually recalibrate how they use such
tools in ways that still lead to learning.

Another possible reason is that students’ uses of
genAl tools may have begun to cross a threshold of
traditional conceptions of fairness in 2026. In 2025,
students’ rationales tended to illustrate ambiguity
on how to use genAl during assignments; however,
there were plenty of technologies before genAl that
students could use to “support” them on
assignments that were ethically ambiguous from
the perspective of instructors. Chegg.com, for
instance, branded itself as an “innovative learning
platform” but was renowned for distributing
answer keys to textbook exercises. In 2026,
students’ rationales instead reflected a consistent
“fair as long as not cheating on tests” sentiment.
This begs the question of whether students are
beginning to observe genAl cheating on tests, a
form of activity that has historically led to greater
negative consequences in education than using
ambiguous forms of support on homework
assignments. Assessments in higher education
generally comprise a larger portion of students’
grades; another reason why students may be
flagging this particular issue as unfair.

5.1 Policy Implications, Limitations, and
Concluding Provocations

Prior work, including ours, has suggested that
genAl use policies at the course level can espouse
instructors’ goals and beliefs while potentially
confusing students and posing additional hardships
about whose genAl policy they should adhere to at
any given time (Johnston et al., 2024; Lau et al.,
2026). Many institutions have begun to adopt
genAl policies at the department, college, and
institution levels in response. Yet, as our findings
show, students may still rely on their own
appraisals about genAl fairness, and very few
students in our samples across both years
referenced course or department policies at all.
Analyzing this data has encouraged our team to
step back and ask ourselves, “What is a genAl
policy intended to do in an increasingly genAl
saturated world?” Given that 2026’s sample
showed increased polarized appraisals of Al
fairness in the classroom compared with 2025, how
might educators and administrators respond?

We admit that we do not yet know the answers
to these questions. At the time of this writing the
United States is experiencing a visible, public
backlash to Al and data centers (Goldmacher,
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2026), so it is unclear to us if these tensions follow
hypothesized patterns in Davis’ technology
adoption curves or something more contentious. As
a starting point, we contend that students’
perspectives can at least help stakeholders within
higher education have critical conversations about
what kind of genAl measurements and/or student
data they are collecting, and what sorts of policy
decisions are made with such data. One affordance
of our work is that it garnered a variety of new
genAl rationales, some of which we were not
expecting, as interview studies and focus groups
often do (Johnston et al, 2024). We encourage
administrators to weigh the measurement
affordances of various tools as they ask themselves
what they want to learn about students and genAl,
and how the data collected will be used to make
decisions or craft policy. For instance,
administrators might consider whether to send the
same student Al use survey every year (to measure
consistency or compare patterns across years) or to
update survey questions in response to changes
motivated by genAl tools (to expand what is
captured by their measures). They might also
consider whether surveys are the best way to
capture large-scale data about genAl interactions
and fairness, or if other modalities (e.g., Al-
administered interviews) could yield different or
complementary insights to surveys.

Despite most students’ inattention to genAl
course policies, we still believe that higher
education instructors must be given time, space,
and intellectual freedom over the curriculum-tool
relationship in their courses (Brown, 2009;
Delaney & Lee, 2026). However, our data suggest
that undergraduates might benefit from multiple
reminders throughout the semester about course
genAl policies and why they matter/are directly
related to course learning outcomes. Degree
programs and policies might encourage students to
develop human-specific forms of expertise
(Scardamalia & Bereiter, 2020; Wu et al., 2025).
For example, mathematics teacher educators might
spend fewer hours preparing pre-service teachers in
mathematics content and more hours developing
care-based work with human students.

As we conclude this work, there are limitations
that impact the general applicability of our
findings. Our small sample traded the statistical
power and generalizability afforded by a large
sample for rich descriptions of what genAl
fairness looks like for students on a day-to-day

basis. Because the 2025 and 2026 data were
collected from independent samples, differences
observed between years may also reflect variation
in the composition or experiences of the two
samples intermixed with temporal changes in
undergraduate  students’ fairness appraisals.
Furthermore, our study was situated at a large
undergraduate institution whose administration
openly supported genAl integration, which may
have impacted students’ fairness appraisals. Other
institutions, such as small liberal arts colleges, may
have produced a sample with different (more
genAl unfair) results because of the thinking and
reasoning traditions their curricula and pedagogy
embrace. In our future work, we will attempt to
expand our sample across institution types and data
collection modalities to encompass a broader range
of genAl fairness appraisals and the factors that
underpin them.
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