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Abstract. Adaptive learning systems are increasingly common in U.S.
classrooms, but it is not yet clear whether their positive impacts are
realized equally across all students. This study explores whether nu-
anced identity categories from open-ended self-reported data are associ-
ated with outcomes in an adaptive learning system for secondary math-
ematics. As a measure of impact of these social identity data, we corre-
late student responses for 3 categories: race and ethnicity, gender, and
learning identity—a category combining student status and orientation
toward learning—and total lessons completed in an adaptive learning
system over one academic year. Results show the value of emergent and
novel identity categories when measuring student outcomes, as learning
identity was positively correlated with mathematics outcomes across two
statistical tests.
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1 Introduction

AI-driven technologies are increasingly used to improve student learning out-
comes and support teachers [22,14], and researchers have aimed to ensure that
adaptive learning systems benefit all types of students equitably [28,9]. Choos-
ing which inherent or acquired characteristics to compare when measuring these
outcomes, however, is often glossed over in algorithmic fairness methods [1]. This
paper explores those choices, examining a new way to define the groups against
which equity and algorithmic bias are measured in educational settings.

Many current questions around equity in AI-driven systems utilize census-
style categories, often from preexisting sources [18]. Such data offer practical
ways to examine differences at scale, but can lack both nuance and breadth,
obscuring some variables that may be needed to ensure equity [27]. For example,
in classroom contexts, students’ intellectual identities could significantly affect



2 C. Belitz et al.

how they approach a subject, as has been shown with math identity [8,23]. Both
missing data (e.g., learning identities) and underspecified data (e.g., oversimpli-
fied race and gender categories) can make it harder to understand how best to
support learning for all students.

To capture students’ identities and characteristics in a more nuanced and
accurate approach, this work asks the following questions:

– RQ1: How does a free-response measure of student identity compare to
school-provided demographic information in both occurrence and content?

– RQ2: Do free-response measures of student identity capture predictive in-
formation for learning that is not otherwise found in school-provided demo-
graphic data?

This paper presents identity data from students using a validated measure,
collecting qualitative (descriptive and free-form) responses from middle and high
school students across two academic years (2021–2023). The presence of gender
and race responses, commonly used demographic categories, was not correlated
with total completed lessons in an AI-driven adaptive math system, while the
presence of a novel category that emerged from the data, learning identity, had
significant positive correlation across two tests.

2 Related Work

Educational research has long recognized that complex sociocultural factors in-
fluence whether student opportunities and outcomes are fair and equitable [25].
Education researchers studying artificial intelligence, data science, and learn-
ing analytics have examined ways to support marginalized students [24] and
whether commonly used algorithms exhibit signs of bias [2]. They have also pro-
posed frameworks for ensuring fairness and equity [15,3]. Similarly, researchers
have investigated identities that may not be legal or protected classifications
(e.g., math identity) but are nonetheless tied to power dynamics [21,11].

Although the complexity of ensuring equitable learning opportunities in AI-
driven learning systems is well known, access to data that would support deep
analysis is not always possible, if these data exist at all [16]. Categorization and
classification fundamentally require making choices about which information is
relevant and important [5]. Making choices is not, in and of itself, problematic,
since categorization is crucial to retrieving and using information, but these
processes and decisions are often glossed over in artificial intelligence pipelines
[19,4]. Categories like race and gender are frequently characterized as inflexi-
ble and superficial, though they are socially constructed and nuanced [13,17].
Surveys have tried to develop more flexible categorizations, but may still offer
incomplete classifications [13].

3 Method

This project adapts the Twenty Statements Test [20,12], which uses a construc-
tivist approach to developing categories, rather than choosing features a priori
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to represent the classes of interest. In this paper, a subset of representative cat-
egories is described in depth, while the entire coding schema is available online.

3.1 Student Demographics and Learning Context

Our study examines data from middle and high school students in a small city
in the northeastern United States. Students used MATHia as part of their reg-
ular instruction in 6th to 8th grade mathematics, geometry, and algebra. As an
AI-driven adaptive system, MATHia provides personalized hints and just-in-time
feedback as learners progress [22]. Given this capability, it is important to under-
stand whether these lessons, hints, and feedback are working equally effectively
for all students. A typical school year encompasses 90–120 lessons, depending on
standards, individual teacher and administrator preferences, and other factors
impacting customization. Lesson count is a more effective measure of student
outcomes than total time spent with MATHia [10]. The mean lessons completed
per student in our study was 104.7 (SD = 44.5). Lesson count completion per
student had a non–normal distribution. The school district, which collects de-
mographic data as part of its standard practice, shared these data under the
guidance of the University of Illinois Institutional Review Board #IRB24-1190.

3.2 Twenty Statements Test

The Twenty Statements Test (TST) uses a free-form answer format to elicit
self-concept by having individuals answer the question “Who am I?” up to 20
different ways in a short amount of time [20]. Responses are then coded by
researchers both into well-established categories, such as the schema developed
by [12], and into categories that arise inductively via thematic analysis [6]. The
survey design permits students to respond with multiple answers that fall into
the same category (e.g., multiple nationalities). The survey was delivered online,
where each response had its own text box. The survey was available in the four
languages most commonly spoken at home by students in the school district. The
survey was piloted with data from 53 students, with 19.7 responses on average per
student (SD=1.4) in the 2020–2021 academic year. Full instructions regarding
the development of the schema, interrater reliability, and inclusion criteria are
available online. The rest of this paper presents results from students in the
2021–2023 academic years (n=118). Note that the responses reported in this
paper are not verbatim, to respect student privacy, but are emblematic of the
type of responses seen.

4 Results

Overall, student-provided demographic categories aligned with those provided
by the school. A few students provided responses that actively disagreed with
their demographic data, including students with ethnic identities from countries
outside of the U.S. that did not map neatly to American racial boxes (n = 5).

https://osf.io/8an7d/?view_only=7c7a5e6f1f7e4997acea136d95a98a3e
https://osf.io/8an7d/?view_only=7c7a5e6f1f7e4997acea136d95a98a3e
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Table 1. Student responses (rows) vs. school-provided categories (columns). The cat-
egory of ≥ 1 Race + ≥ 1 Ethnicity refers to students who provided at least one racial
identity as well as at least one ethnic identity. The categories of Multiple Races and
Multiple Ethnicities refer to those who provided at least two racial identities but no
ethnic identities, and at least two ethnic identities but no racial identities, respectively.

African-
American

Asian Hispanic White Multi-Race,
Non-Hispanic

One Race 6 1 2 1 0
Multiple Races 0 0 0 0 1
≥ 1 Race + ≥ 1 Ethnicity 9 0 0 1 1
One Ethnicity 9 0 1 4 1
Multiple Ethnicities 1 1 2 1 0
Ethnicity + American 1 1 0 0 0
Person of Color + Ethnicity 1 0 0 0 0
No Ethnic or Racial Response 43 0 7 22 2
Total (2021–2023) 70 3 12 29 5

However, most students did not relay this information at all, or–when they
did–provided a more nuanced or specific category than the one provided by
the school. Importantly, more students provided responses related to learning
identity than related to gender or racial categories, which are commonly used
demographic features. As such, learning identity was chosen for further exami-
nation of the importance of novel, emergent categories. Specifically, we compare
student performances through lesson completion (a measure that indicates how
far through the MATHia cuirriculum a student has progressed) across these
categories.

RQ1: How does a free-response measure of student identity com-
pare to school-provided demographic information in both occurrence
and content?

In total, 118 students provided valid responses across the 2021–2022 (n =
62, µ = 19.8,SD = 0.81), and 2022–2023 (n = 56, µ = 19.4,SD = 2.6) academic
years. Race and ethnicity data are combined here to reflect the school-provided
demographic data, even as we recognize that they are distinct dimensions. Over-
all, 45 out of 118 students (38.1%) indicated a racial and/or ethnic identity. The
students who did provide racial and ethnic responses were classified using an
emergent schema of Middle Eastern or North African, Multiracial, East Asian,
South Asian, Pacific Islander, Latino/a, White, and Other or Unclear. Though
the school uses the group “African-American,” the term “African” only appeared
in this set of responses to explicitly identify a student as from a specific African
country or to differentiate a specific relationship to place (e.g., “from North
Africa”). Students instead broadly referred to themselves as Black or from spe-
cific locations. Students in other racial groups represented in this dataset exhib-
ited a similar pattern, indicating specific ethnic origins like Portuguese, Italian,
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Table 2. Spearman’s rho and Mann–Whitney U test comparing identity (pres-
ence/absence) to lessons completed. Bold indicates significance.

Category rho p U p
Gender -.029 .753 1748.5 .753
Race/Ethnicity -.034 .716 1708.5 .717
Learning Identity .227 .013 970.5 .014

or Irish for White students and Japanese, Filipino, or Chinese for Asian students
(see Table 1, which uses school-provided demographic language).

Just over half of respondents (65 of 118; 55.1%) provided gender responses.
Nearly all of these (n=64) aligned with the school demographics (40 girls, 24
boys), but 1 nonbinary student did not. Gendered responses ranged from implicit
(e.g., familial roles like son; pronouns like she/her) to explicit statements (e.g.,
“I’m a boy”).

Learning identity emerged from two categories (i.e., intellectual concerns and
student role), which have both appeared in prior work that investigates the ef-
fects of (a) performance beliefs and (b) interest in mathematics identity devel-
opment [7]. Intellectual concerns emerged at roughly the same rate as gendered
responses (62 of 118; 52.3%), while student role appeared at higher rates (79
of 118; 66.9%). Intellectual role was most likely to be positive (75.8% positive;
6.1% negative; 18.2% neutral), while student role (which often emerged as “I am
a student”) was most likely to be neutral (53.6% neutral; 41.9% positive; 4.5%
negative). Notably, negatively valenced responses for student role and intellec-
tual concerns were always accompanied by at least one positive valence response.
Such responses for these two categories of student role and intellectual concerns
frequently overlapped, with negligible qualitative difference. For example, one
student reported both “I am an honors student,” coded as student role for the
explicit inclusion of school, as well as “I am good at math,” coded as intellectual
concerns for the relationship to self-conception. Therefore these two forms of
response are treated as a single category in our analysis.

RQ2: Do free-response measures of student identity capture pre-
dictive information for learning that is not otherwise found in school-
provided demographic data?

Because RQ2 explores whether the presence of an identity is significantly re-
lated to MATHia outcomes, specific identity responses were binarized as present
or not present. We performed two statistical tests: the correlation between total
lessons completed in MATHia and the presence of each of the categories of in-
terest as well as the difference in completion count across presence and absence
of those categories (Table 2). The presence of gender and race responses had no
significant correlation with total lessons completed in MATHia across the school
year. In contrast, learning identity did (rho = .227, p = .013; U = 970.5, p =
.014).
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5 Discussion and Conclusion

Our results demonstrate the importance of emergent categories, like learning
identity, when exploring the impact of adaptive learning systems. Similarly, we
show (1) how students’ TST responses differ from the demographic data their
schools use to describe them and (2) how students’ relationship to the schools
emerges in the data. Our results show more students mentioned their learning
identity than did their gender. Notably, many students grounded their learning
identities in a highly specific fashion (e.g., specific subjects in which they ex-
cel or struggle). Such nuances are not captured by typical school demographic
categories, but are likely meaningful to interest in learning and subsequent ed-
ucational outcomes. As such, finding ways to expand beyond traditional de-
mographics, perhaps by working to elicit a broader range of learning identity
categories, may help researchers to better understand whether student success
in adaptive learning systems is occurring in an equitable fashion.

Learning identities also emerged more often than racial or ethnic ones in both
school years, alluding to the significance of this designation to students. Although
the context of completing the TST while at school may have contributed to
the higher rates for these categories, it is also likely that these are important
to students’ everyday lived experiences with adaptive learning systems. These
results may raise questions about the relevance of the social identities by which
(in)equity is measured for individuals in this specific context. We hypothesize
that, as with math identity, learning identity may be an important factor for
student performance [26,23]. Given that our results demonstrate the positive
impact of learning identity on outcomes, future designs of AI-driven educational
systems might consider how they can build up students’ learning identities and
math confidence. While this work has not yet explored all the possible emergent
categories from the data, nor the intersections of multiple categories, this reflects
the rich nature of qualitative work and will be pursued in future research. Though
this type of qualitative work is time-intensive, the varied data may help to avoid
missing differentiations that matter for detecting nuanced algorithmic bias in
adaptive learning systems.

Though the TST takes more time and resources than using extant demo-
graphics, these ground-up approaches provide greater detail for understanding
the contextual realities of algorithmic systems and their sociotechnical impacts
on classrooms. As demonstrated by our results, a broader range of more nuanced
categories is an important part of understanding how algorithmic bias emerges
in AI systems.
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