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Abstract. Algorithmically driven systems are now frequently found in
educational spaces in the form of adaptive tutoring systems and online
learning environments. Previous research has shown that well-integrated
technologies can augment good human teaching practices. How such in-
tegration is measured, however, is an evolving debate within the field of
artificial intelligence for education. Research that seeks to measure eq-
uity in these systems often assumes the social categories that are used
for comparison, typically by using already existing demographic data
such as race or sex. While practical, these assumptions may limit the
transferability of subsequent conclusions. This work explores dimensions
of algorithmic justice questions through interviews with students. This
research engages middle and high school students directly, as the least
powerful but arguably most impacted individuals in the algorithmic tu-
toring ecosystem, about their own identities, their relationship to these
technologies, and the way their data are used.
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1 Introduction

As algorithmically driven adaptive technologies have become more commonplace,
it has become possible to research both the fits and misfits of these systems (e.g.,
[19]). Research has been done using the massive amounts of data created by users
of these systems [1], but students themselves are often not included in the re-
search directly [19]. Youth are a frequently missing critical voice in research [11];
“student voice” research specifically engages youth in school settings, identifying
students as “consequential stakeholders” who “bear the burden of decisions most
often made by others” [4]. Researchers may miss important concerns, weaknesses,
or ethical issues that students are able to identify.

As such, this research will involve asking the users of these technologies, mid-
dle and high school students, about their experiences with intelligent tutoring
systems (ITSs). ITSs seek to support learners on an individualized basis, often
using machine learning models to serve students questions based on predictions
of content mastery or knowledge gain [20]. Individual predictions for each stu-
dent are built from information extracted from records of students’ interactions
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with the software. The underlying models that feed these predictions need to
be able to serve large, diverse populations of students to address a wide variety
of learning needs [12]. While the benefits of these systems have been studied,
questions remain about whether all types of students experience these benefits
equally [16]. This work proposes qualitative research to further understand the
relationship between social identities, educational technologies, and algorithmic
equity. In this context, social identities refer to any constructed category, such
as race, gender, or student identity [3]. Which social identity is chosen for com-
parison will therefore impact how equity is defined. This doctoral research will
ask the following questions:

– RQ1. Are student perceptions of educational technologies related to their
social identities, including that of their learning identity? If so, in what
ways?

– RQ2. What types of information do students think are acceptable for use in
predictive systems for educational outcomes?

Using semi-structured interviews and a card sorting activity, this work will
explore student identities, their perceptions of educational technology, and what
information they see as appropriate for use in predictive systems.

2 Background and Related Work

The field of education has a rich history of engaging with questions of equity,
which has directly impacted research being done today [17,13]. Learning sciences
and computer science have inherited this tradition, investing in increasing gender
diversity in computing [15], asking how AI helps and hurts [18], and exploring
the impact of specific predictive algorithms [22,14]. Educational technology re-
searchers have also argued that “better data beat big data” [23], demonstrating
the value of effective and accurate data. In addition, there has been a push for
research to be done with young people, as opposed to on them [21].

Social identity is an important facet of power and equity, including for educa-
tional technologies. For example, math identity influences learning outcomes and
is impacted by both internal (e.g., self belief) and external (e.g., teacher enthusi-
asm) factors [9,6]. Math identity is not, however, a protected demographic class
in the way sex or race may be in some places, such as the United States. Though
it is not legally protected, it is still a valuable social identity to understand in the
context of ITSs and education more broadly. In addition, protected demographic
categories have been critiqued for failing to capture nuance or otherwise missing
information [10]. Questions of equity therefore require careful selection of the so-
cial categories across which comparisons will be made. This research specifically
builds on my prior work, which has argued for the expansion of which categories
are used for comparison [3] as well as demonstrated the importance of learning
identity for student outcomes with an ITS [2]. As such, a section of the interview
focuses on the participant’s relationship to school and learning.
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3 Method

Fifteen students will participate in one-hour sessions comprising a semi-structured
interview and a card sorting activity. The number of participants was chosen be-
cause this is an exploratory study, and it does not seek to be representative of
all young people in the United States. This sample size reflects choices made in
similar studies, including a large-scale study of middle-school students’ percep-
tions of the concept of AI which used 12 students in their initial pilot [8] and
preliminary research on STEAM Teachers’ perceptions of AI in education [7].

The interview questions will cover student identity, perception about tech-
nology in the classroom through an intelligent tutoring system, and opinions
about teaching and learning. For example, Question 14 of the interview guide,
“Are there things you like or dislike about learning math?,” will help elicit stu-
dents feelings towards mathematics and how they view their own math identity.
The follow-up question asks whether the ITS they use makes these things better
or worse. The goal of the interviews will be to expand upon findings from prior
social identity surveys [3], deepen findings about the importance of student iden-
tity [2], and further investigate student opinions about educational technology.
Interviews will be audio-recorded and the transcriptions will be analyzed using
thematic analysis [5], allowing for both previously documented and emergent
topics to be explored.

Information you would use Information you would not use

Information you might use

Your parents' jobs

Whether your teachers think you

are good at following directions

Information Bank

What you want to be when you grow up

Your gender
Your favorite hobbies

Your favorite color

Your most recent math test score

Your favorite hobbies

Whether you have a pet

Whether you like math class

Whether you like English class

Whether you think you

are good at following directions

How many times you were late to

school in the past month

Your age

Fig. 1. A digital prototype of the card sorting activity with a subset of the features
students will see. Some of the features remain in the “feature bank” while others have
been distributed.

The card sorting activity will ask students about what they feel is appropriate
usage of their data in educational spaces. The activity will then be repeated with
a new prompt, where students will be asked to move cards when presented with



4 C. Belitz

new information about the predictive value of the features that they deemed
unacceptable. The activity is analog, to facilitate engagement and make the
experience more youth friendly. In addition, the paper and ability to move items
around will help students think through the scenarios more easily.

This activity uses features that fall into one of three categories: demographic
information, proxies for protected information, and proxies for behavioral or
technological usage data 1. There will also be two feature of extraneous informa-
tion (their favorite color and favorite animal), which can be used as a baseline for
comparison. The activity will be audio recorded, allowing for thematic analysis
of the transcript. At the end of each scenario, students will be asked to explain
a few of their choices, with possible prompting by the interviewer. These results
will be analyzed for commonalities, trends, and differences across participants.

The activity is phrased as “you” for each piece of information with the goal of
prompting students to talk about themselves. Students are the experts in their
own perceptions more than those of their peers, teachers, or teachers. The goal
of this phrasing is to encourage students to share their opinions, rather than give
answers that they think I want to hear or that they believe are generally true.
The students will be reminded that there are no right or wrong answers.

4 Expected Contributions

Recruitment for this project is underway, and the first participant session has
been conducted. In the card sort, the first participant indicated comfort with per-
sonalization as long as it was not “invasive” (e.g., family income) or “irrelevant”
(e.g., favorite animal). The first contribution of this work is to center student
perspectives on algorithmic fairness. Rather than analyzing ITSs from insti-
tutional or technical standpoints, this work prioritizes student voices. Through
qualitative interviews and a card sorting activity, I hope to provide novel insights
into how students perceive algorithmic decision making, what they consider fair,
and how they believe their data should be used in predictive systems. Future
work may be able to use the findings in the (re)design of ITSs by considering
student responses to the card sorting activity about what information is ac-
ceptable for use. In addition, this work presents a methodological intervention,
encouraging the field to recognize the value of qualitative, mixed–methods, and
student–centered approaches.

5 Conclusion

Researchers, policymakers, and institutional leaders are actively engaged in lively
debate about the role of technology in a variety of domains, including in United
States’ educational spaces. But those who are most directly impacted by these
decisions are frequently left out of the conversation. This work seeks to contribute
to the field by centering student perspectives on intelligent tutoring systems,
offering insights into how social identity and personal experiences shape their
perceptions. By using qualitative methods to explore students’ views on fairness,
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equity, and data usage, this research contributes to ongoing discussions about
ethical AI in education. The results may help inform future work on responsible
integration of adaptive learning technologies and provide a foundation for more
student-inclusive approaches to the use of AI for education.
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earlier versions of this manuscript.
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