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Students’ reading ability affects their outcomes in learning software even outside of reading education
(such as in math education) which can result in unexpected and inequitable outcomes. We analyze an
adaptive learning software using Bayesian Knowledge Tracing (BKT) to understand how the fairness of
the software is impacted when reading ability is not modeled. We tested BKT model fairness by compar-
ing two years of data from 8,549 students who were classified as either “emerging” or ‘“non-emerging”
readers (i.e., a measure of reading ability). While BKT was unbiased on average in terms of equal predic-
tive accuracy across groups, specific skills within the adaptive learning software exhibited bias related to
reading level. Additionally, there were differences between the first-answer mastery rates of the emerging
and non-emerging readers (M = .687 and M = .776, difference 95% CI =[0.075, 0.095]), indicating that
emerging reader status is predictive of mastery. We then conducted an intersectional fairness analysis
of emerging reader status and traditional demographic groups. We found that students of different de-
mographics, when considering emerging reader status, have varying rates of mastery of up to 10%. We
demonstrate significant group differences in BKT models regarding reading ability, exhibiting that it is
important to consider—and perhaps even model—reading as a separate skill that differentially influences
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students’ outcomes.
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1. INTRODUCTION

Adaptive learning software has become a crucial tool in delivering personalized educational ex-
periences to large numbers of students (Martin et al., 2020). While the benefits of such software
are clear (e.g., Martin et al. 2020; Liu et al. 2017; Hur et al. 2022), there is a growing con-
cern regarding different individual learning outcomes from interactions with the software (Liu
et al., 2017; Almoubayyed et al., 2023a; Almoubayyed et al., 2023b). Previous research has
shown that reading ability is a strong indicator of math success (Hiibner et al., 2022; Grimm,
2008), but less work has examined this relationship in digital learning environments. This study
builds on recent work from Almoubayyed et al. (2023a) and Stinar et al. (2025) that has sought
to address this gap, examining how differences in student reading ability relate to outcomes in
mathematics-focused adaptive learning software. We extend this previous research by analyz-
ing whether demographics, combined with emerging reader status, could also explain students’
differential experiences in a mathematics-focused Bayesian knowledge tracing system. Specif-
ically, we additionally provide an intersectional fairness analysis with traditional demographic
information and emerging reader membership.

At the core of many adaptive learning systems is the Bayesian Knowledge Tracing (BKT) al-
gorithm. BKT is a method for modeling and predicting student learning and knowledge (Corbett
and Anderson, 1995). Specifically, BKT leverages probabilistic inference to estimate a student’s
mastery of specific skills or topics over time based on their performance in different tasks that ex-
ercise a particular skill. BKT-driven systems can then provide more (or less) practice as needed
to allow students to progress at the pace that is most appropriate for each individual (Corbett and
Anderson, 1995). In this paper, we refer to the possible areas of mastery as skills or knowledge
components. While BKT has proven effective in providing personalized learning experiences
and identifying knowledge gaps, concerns about its fairness and equity have emerged (Doroudi
and Brunskill, 2019).

Ensuring fairness in educational tools is crucial, as biased predictions can disproportion-
ately impact students from historically underrepresented backgrounds, potentially exacerbating
existing systemic educational inequalities (Kizilcec and Lee, 2022; Baker and Hawn, 2022).
Inequalities can also come from other factors that affect how different students interact with
learning systems, such as disability status, parental education levels, familiarity with technol-
ogy, and more. In this study, we focus on students’ reading ability as one such dimension,
studying how this variable and its intersection with traditional demographics, such as race and
gender, could influence how students interact within an online learning system for mathemat-
ics. Because low reading ability can reflect several important groups of students who are often
underserved in educational contexts (e.g., English language learners, students with learning dis-
abilities, students whose parents have lower education levels), it is important to ensure that the
underlying algorithms that predict when a student has mastered a skill are performing equally
for these students.

Student reading ability is also important since research connects it to students’ ability to learn
new math concepts (Richey et al., 2020; Fuentes, 1998; Vilenius-Tuohimaa et al., 2008), and it
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has been used to predict long-term math understanding (Grimm, 2008). Ensuring fairness across
student reading abilities could improve current math-focused educational learning systems by
accounting for the different interactions and outcomes that could be due to reading ability status.

Research on emerging readers now stretches back decades. The related term “emergent lit-
eracy” was introduced to emphasize the linguistic skills and assets that should be drawn upon
to help very young children acquire reading skills (Sulzby and Teale, 1991), and it has since ex-
panded to include adult learners as well as learners who have learning disabilities (Klenk, 1994;
Kurvers, 2015). In this study, we operationalize emerging reader status algorithmically, using
an existing model that predicts whether students are emerging English language learners using
interactions in the introductory phases of the learning session (Almoubayyed et al., 2023a). We
then use BKT data to predict first-answer mastery across the emerging reader groups. Through
the rest of the paper, we group students interacting with the math education software platform,
Carnegie Learning’s MATHia (Ritter et al., 2007), as either emerging readers or non-emerging
readers.

In tandem with reading comprehension research, studies have evaluated differences among
race/ethnicity and gender groups in student math performance and reading comprehension. His-
torically, both the race/ethnicity and the gender of learners are correlated with achievement
gaps in math performance and reading comprehension (Walkington et al., 2018; Reardon and
Galindo, 2009; Hixson and McGlinchey, 2004; Breda et al., 2023). We further examine these
inequalities in the context of BKT and how these groups intersect with emerging reader status.

This paper focuses on three main research questions: RQ1: Do emerging and non-emerging
readers have different outcomes within a mathematics-focused adaptive learning software? RQ2:
Is the MATHia BKT model (un)biased with respect to the students who are emerging readers?
RQ3: Is the MATHia BKT model (un)biased for emerging readers within demographic groups?

We examine bias towards emerging readers by testing BKT model performance in two dis-
tinct but related processes. The first process analyzes the bias within each of the most common
skills in MATHia (i.e., the skills with the largest number of student interactions). MATHia also
has over 600 groupings of skills called “workspaces.” The second process analyzes the aggre-
gate BKT model performance on the most common workspaces in MATHia. We performed a
two-pronged approach to measure the bias present within the learning session as a whole and the
bias present in specific MATHia skills. The approach is important, as even if no bias is present
in MATHia as a whole, it could still be present in specific skills—particularly if some skills are
more reliant on reading ability than others. To ensure that we are providing a comprehensive
analysis of fairness, we examine how students’ outcomes with MATHia are captured in terms
of three anti-discrimination criteria: independence (i.e., equality of predicted outcomes), sep-
aration (i.e., equality of errors), and sufficiency (i.e., predictions reflect the same accuracy per
group) (Barocas et al., 2023).

Thus, this research has two main contributions. First, we combine a statistical bootstrapping
analysis with classical fairness metrics to conduct a large-scale examination of differences in
emerging and non-emerging readers’ outcomes with adaptive learning software. Second, we
treat emerging reader status as an individual difference that can be combined with traditional
demographics to identify areas of unfairness in BKT. The results show that emerging readers
interact with MATHia in significantly different ways than other students—suggesting that there
is an unmodeled factor (i.e., reading comprehension) in the curriculum that affects students’
ability to achieve mastery. The results also demonstrate that, while bias is low overall within
MATHia, emerging readers may not be well-served by BKT algorithms for specific skills. In
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this way, we contribute to creating more equitable learning environments while also introducing
a new category for consideration in this process, the emerging reader. The analysis scripts are
at: https://osf.io/fvczr/.

2. BACKGROUND

Traditionally, modeling math learning processes has focused on students’ knowledge of math
concepts (Knisley, 2015). Richey et al. (2020) call for a comprehensive view of modeling math
learners that would include modeling non-math factors as well. However, if these non-math fac-
tors are less effective for students with diverse backgrounds, adding additional modeling could
potentially widen the opportunity gap for students who have historically been underserved. Re-
searchers have established areas where students could be underserved, including that current
intelligent tutoring systems can provide unequal learning gains (Pape, 2018; Thomas et al.,
2024). Furthermore, Ogan et al. (2015) found that inequalities could be due to cultural differ-
ences in learners, thus showing that educational models might not be generalizable to diverse
student populations. GaSevic et al. (2016) also discuss that the effectiveness of learning ana-
lytics is related to the diverse ways that learning tools are deployed in different classrooms and
contexts. Inequalities in outcomes from learning tools could come from numerous places. This
paper provides an option for understanding and handling unfairness that could emerge from ap-
plying learning analytics systems to a diverse student population (Gardner et al., 2019; Holt,
2024). In this section, we discuss related work in emerging readers, adaptive learning, and the
measurement and mitigation of algorithmic unfairness.

2.1. EMERGING READERS AND ACHIEVEMENT DIFFERENCES

Research has long shown that non-math factors can play a key role in the success of math
learning (Carnevale et al., 1999; Lee, 2002; Cribbs et al., 2015), as math proficiency often
requires some level of reading comprehension (Fuentes, 1998). Students’ reading ability can
predict their ability to solve math word problems and their understanding of the symbols in
traditional math (Vilenius-Tuohimaa et al., 2008). Additionally, reading comprehension scores
predict mastery across multiple math topics (Grimm, 2008).

Researchers have found links between struggling readers and protected classes of learners.
Scammacca et al. (2015) surveyed interventions for struggling readers across three decades and
found over 80 studies with a focus on improving reading comprehension for students. Alongside
trying to help struggling readers, other researchers have found connections between reading
ability and protected groups in education. For example, Catone and Brady (2005) found that
individual education programs (IEPs) were specifically ineffective for students who had word-
level reading difficulties. Also, Klingner et al. (2006) found a complex relationship between
students who are English language learners, struggling readers, and students who have learning
disabilities.

This study joins a growing body of research examining the connection between reading
comprehension and math learning within adaptive learning software (Richey et al., 2020). Here,
we have operationalized the term emerging readers algorithmically, using a previously validated
predictive model that forecasts who will be able to pass state standardized English language
exams (Almoubayyed et al., 2023a). Emerging readers likely span a large range of demographics
including, for example, groups marginalized in STEM or students from low socioeconomic
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status households.

Furthermore, researchers have devoted decades to analyzing and understanding achievement
gaps in mathematics and reading in schools (Willis, 2015; Grimm, 2008; Hiibner et al., 2022).
Mathematics achievement gaps have been demonstrated to be related to socioeconomic status,
language proficiency, race, and gender, among other factors (Walkington et al., 2018; Tate,
1997). These gaps have been examined by researchers who theorize that girls’ advantage in
reading can be correlated to the achievement gap in genders for mathematics (Breda et al., 2023;
Breda and Napp, 2019). We extend this line of research by evaluating how reading comprehen-
sion, at the intersection of traditional demographics, relates to outcomes and model predictions
in real-world mathematics learning software.

2.2. MATHIA COMPUTER-BASED LEARNING ENVIRONMENT

MATHia is an intelligent tutoring system that is used for math mastery learning (Ritter et al.,
2007). Specifically, MATHia is used in middle schools and high schools in the United States
for over 500,000 students. Because large numbers of students use this system, and similar
software like it, it is important that diverse populations of users can receive equal benefits from
its implementation. Students interact with MATHia within different “workspaces” that consist
of multiple skills that students can gain mastery in. The MATHia system provides students
with repeated practice until it determines a student has gained mastery on all of the skills in
a workspace. MATHia determines mastery using the BKT algorithm (Corbett and Anderson,
1995).

Because skills address different mathematics topics and concepts, each one may potentially
require different amounts of English language proficiency. In other words, there may be various
English skills (e.g., comprehension) which, unlike math skills, are typically not intentionally
controlled or modeled during math learning, but which nevertheless systematically influence
students’ progress.

2.3. MEASURING ALGORITHMIC UNFAIRNESS

Bias can be present in algorithms at any step of the machine learning lifecycle (Mehrabi et al.,
2021). For example, Friedman and Nissenbaum (1996) outline multiple different kinds of biases
as either coming from the preexisting world, technical aspects of the system, or some emergent
property of the system being deployed, and each of these has been found in educational contexts
(Baker and Hawn, 2022). Also, Doroudi and Brunskill (2019) analyzed biases within knowl-
edge tracing, and Zambrano et al. (2024) investigated bias in BKT and carelessness detectors.
Similarly, measuring bias in academic exams related to student demographics has long been a
topic in educational research (Hutchinson and Mitchell, 2019). More recently, educational data
mining research has also focused on specific data biases (Baker and Hawn, 2022) as well as
broad questions around ethics in Al-driven education (Holmes et al., 2022). These data biases
can become an issue of unfairness because of the types of harm that come from biased sys-
tems; in the worst case, data bias can lead to avenues for educators to make decisions based
on prejudice (Pangrazio, 2024). Furthermore, certain researchers have found specific groups
of students who are impacted by bias. Yanagiura et al. (2023) found that their collegiate early
warning system had less predictive accuracy for an at-risk group of students (defined as belong-
ing to two or more demographic or academic categories statistically associated with low GPA),
and Li et al. (2024) found bias against students with disabilities when predicting standardized
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test scores in early childhood education settings. Additionally, Finkelstein et al. (2013) found
that third-grade Black students learned more in science using their computer-based system when
African-American Vernacular English was used, versus the English typically used in educational
software. Baker and Hawn (2022) raised the concern that we do not fully know which groups
are impacted by algorithmic bias, and emerging readers are not one of the groups they found
in their review. Also, researchers have found that a lack of diverse representations of student
behaviors could lead to model bias (Cock et al., 2024). Thus, possible biases in algorithms can
result in unfairness for students.

To measure algorithmic biases, researchers in related fields have developed numerous ways
to determine how biased the decisions of an algorithm are. Barocas et al. (2023) list 19 dif-
ferent fairness metrics created between 1971 and 2017. Specifically, measurements of fairness
are split into either procedural or statistical guidelines (Green and Hu, 2018). Procedural fair-
ness measures are geared towards making sure that statistically similar data points are treated
similarly (Dwork et al., 2012). Alternatively, other definitions of fairness involve ensuring that
all students are given the pedagogical strategies that they specifically need. For example, the
equal opportunity measure in Hardt et al. (2016) tests if the true positive rate is balanced across
groups in order to prevent unwanted discrimination. Other measures analyze the probabilities of
error rates (Zafar et al., 2017), the difference in selection rates between groups (Barocas et al.,
2023), or even domain-specific concerns, such as measuring model discrimination independent
of model performance (Verger et al., 2023).

Alongside measurement, methods for mitigating the unfairness found have also been pro-
posed. The methods are generally grouped into preprocessing, inprocessing (Zhang et al., 2018;
Celis et al., 2019), and postprocessing (Hardt et al., 2016) based on where the mitigation strategy
is applied in the machine learning pipeline. These methods have been successfully applied in ed-
ucation. Kizilcec and Lee (2022) reference different areas within an educational algorithm where
bias can be mitigated. Furthermore, Jiang et al. (2024) compared reweighting, the disparate im-
pact remover preprocessing method, and the equalized odds postprocessing method to mitigate
unfairness in synthetic educational data. Hu and Rangwala (2020) compared the learning fair
representations technique to their own domain-specific inprocessing technique for reducing bias
in identifying at-risk students. Also, Stinar and Bosch (2022) analyzed how unfairness miti-
gation methods distort education data in unintended ways. These outlined unfairness methods
still require adaptations or explorations within BKT (similar to how Xu et al. (2024) adapted
methods for Markov modeling). In our own previous research, we examined the reweighting
preprocessing method (Kamiran and Calders, 2012), and found minimal impact on the results
(Stinar et al., 2025).

3. METHODS

In the following subsections, we describe our data collection and methodology in detail. In short,
we obtained BKT data of students across the entire duration of two school years, estimated the
probability of students being emerging readers, then used these predictions as the group cate-
gories for fairness analyses of the BKT models. Finally, we used the emerging reader categories
alongside student gender and race/ethnicity groups within an intersectional analysis to further
analyze the fairness of the BKT models.
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3.1. BAYESIAN KNOWLEDGE TRACING (BKT)

The BKT model represents a student’s knowledge in terms of mastering specific skills. BKT
assumes that the mastery process for each skill follows a hidden Markov process, with the prob-
ability of mastery being updated as the student completes more problems related to the skill. The
BKT model is based on four parameters: (i) the probability of a student already having a skill
mastered, (i1) the probability the student masters the skill after a problem, (iii) the probability
of guessing a problem correctly without mastery, (iv) the probability of incorrectly answering a
problem despite mastering the skill (i.e., “slipping”).

Using the pyBKT package for BKT implementation, we predicted the probability of mas-
tery given first-question correctness for each student across the 50 skills with the most student
interactions for each dataset (Badrinath et al., 2021).

3.2. EMERGING READER ESTIMATOR

The student category emerging reader is defined by an existing, validated reading comprehen-
sion model (Almoubayyed et al., 2023a). The reading comprehension model estimates students’
reading comprehension ability from the introductory workspace within MATHia (i.e., requiring
only students’ first few interactions with MATHia to estimate). The introductory workspace con-
sists of the first interactions a student has within MATHia. While the problems in this workspace
are not immediately related to mathematics mastery, the problems have students engage with
different features of MATHia and process the adaptive features of the software. As a means of
characterizing the approximate demands on reading ability students face in this context, we com-
puted the Gunning fog index of readability for the introductory workspace (Gunning, 1969). The
Gunning fog index was 7.5, which corresponds approximately to grade levels and thus indicates
that students who comprehend the introductory workspace well are at least at a seventh-grade
reading level.

The estimator is trained on four categories of engineered features from the introductory
workspace. The first is whether or not a student gets the problem step correct on the first attempt.
The second is the total number of attempts per problem step. The third is the number of feedback
prompts that the student has received per problem step. The final category tracks the number
of hints that the student requests per problem step. The reading comprehension model was
originally trained to predict English Language Arts standardized test outcomes as a probability;
the lowest 25% of predicted probabilities per grade level are then classified as emerging readers,
while the rest of the students are classified as non-emerging readers. Thus, our estimation of
emerging reader status could conflate English language learner status with struggling reader
status. Nevertheless, since the emerging reader estimator is predicting English Language Arts
standardized test outcomes, ELL status could be inferable from our estimations, but we caution
against using the estimations past relatively low-stakes adaptive supports. Stronger inferences
could be made as future research better understands the relationship between estimated emerging
reader status and ELL or struggling reader status. However, any early estimation of reading
ability allows for diverse types of support to be given to students. Furthermore, it is often
impossible to obtain demographic details from all systems. Thus, reading ability is helpful,
especially in systems used at scale, where the developers or researchers using data from the
system are unlikely to have access to test score or demographic data for all students but can still
estimate their emerging reader status.
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3.3. DATA

We analyzed two datasets consisting of students’ actions and outcomes in MATHia provided
by Carnegie Learning. The two datasets are from the 2021-2022 and 2022-2023 school years
in several schools from one school district in the Northeastern United States. We processed
each dataset to consider only the student actions from the top 50 skills ranked by the num-
ber of students who completed each knowledge component, given that there is a long tail of
infrequently used skills that are less relevant to characterizing BKT bias than the common com-
ponents. During interactions, the students can either make an attempt at an answer or ask for a
hint. Correct/not-correct labels given to BKT models are based on whether or not the student
correctly answers on their first attempt with no hint, which is taken as one piece of evidence that
the student has mastered that skill.

The 2021-2022 dataset consisted of 4,733 students interacting with the MATHia software.
Of these students, 3,617 (76.4%) were considered to be non-emerging readers, and 1,116 (23.6%)
students were estimated to be emerging readers; note that the percentages are not exactly 75%/25%
due to ties in the probability scores used to measure reading. The 20222023 dataset contained
interactions and outcomes of 3,816 students, with 2,895 (75.8%) being non-emerging readers
and 921 (24.2%) being emerging readers. This results in 8,549 students across both datasets.
Since emerging readers are defined as the 25% of students with the lowest estimation from
the emerging reader estimator, with students grouped by year, our datasets, by definition, have
representative samples of both emerging and non-emerging readers. These data were collected
from students at the same grade level in each academic year. Additional counts of intersectional
groups are shown in Table 1. While the original datasets had seven race/ethnicity groups, we
focused on the groups that had large enough sample sizes to conduct a statistical analysis, as the
others were quite small (some with fewer than 10 students). Demographic information for these
students was provided by the school district under an IRB. For the purposes of our research,
we will use categories as they were defined by the school district. We refer to the categories
of male and female as “gender,” though these terms are more frequently associated with sex,
while acknowledging that gender is not a binary variable (Lindqvist et al., 2021). We will also
combine race and ethnicity to reflect the school district’s use of “Hispanic” as a race category,
though it is more commonly described as an ethnicity encompassing multiple races (Benthall
and Haynes, 2019).

3.4. UNFAIRNESS ANALYSIS

For the main analyses, we compared the base rates, predicted rates, errors, and fairness measures
for emerging and non-emerging readers at the intersection of traditional demographics. We com-
pared aggregate and per-knowledge-component performance measurements and fairness metrics
to identify bias in the BKT models. Furthermore, we calculated bootstrap confidence intervals
on the outputs to determine if there were statistically significant differences between BKT esti-
mates for emerging and non-emerging readers and traditional demographic groups.

Initially, we compared performance and fairness metrics to identify possible bias in the BKT
models. We trained the BKT models using five-fold cross-validation with the options of 0, 0.05,
and 0.1 for slip probabilities and 0, 0.1, 0.2, and 0.3 for guess probabilities. We evaluated the
BKT models using area under the curve (AUC) and root mean square error (RMSE) alongside
four established measures of algorithmic fairness: statistical parity (Barocas et al., 2023), dis-
parate impact (Zafar et al., 2017), average odds (Bellamy et al., 2019), and model calibration def-
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Table 1: Intersectional demographic group counts for 2021-2022 and 2022-2023 academic
years. Emerge and nonkE refer to emerging and non-emerging readers. Gender groups are denoted
as M (male) and F (female). Race/ethnicity groups are W (white), AA (African-American), and
H (Hispanic).

Year Group Count

Gender intersections

21-22 Emerge + M 656
Emerge + F 460
nonE + M 1,791
nonE + F 1,820

22-23 Emerge + M 495
Emerge + F 426
nonE + M 1,463
nonE + F 1,430

Race/ethnicity intersections

21-22 Emerge + W 115
Emerge + AA 717
Emerge + H 213
nonE + W 589
nonE + AA 2,100
nonE + H 643

22-23 Emerge + W 83
Emerge + AA 553
Emerge + H 234
nonE + W 486
nonE + AA 1,681
nonE + H 514

initions of fairness (Kleinberg et al., 2017). We define statistical parity as the difference in mas-
tery rates between groups: specifically, P(mastery|emerging) — P(mastery|nonemerging).
We then define disparate impact as the ratio of selection rates between groups. That is,

5 (]jé;ns‘zzijﬂ‘oﬁfgegjgfgg) . Average odds is a relaxed version of equalized odds that provides the aver-
age difference in false positive and true positive rates across groups. A value of 0 would indicate
perfect fairness for statistical parity and average odds, whereas a value of 1 would indicate per-
fect fairness for disparate impact. Our definition of model calibration comes from Caruana and
Niculescu-Mizil (Caruana and Niculescu-Mizil, 2004). Lastly, we calculate model calibration
by finding the true versus predicted probability across overlapping samples of 100 instances of
the true and predicted values. We then computed the difference in calibration between predic-
tions of emerging and non-emerging readers (alongside additional demographic information) as
a measure of unfairness. For calibration, a value of 0 indicates perfect fairness.

We applied the previously described fairness definitions to provide multifaceted fairness
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Table 2: Aggregate measurements of the BKT models trained on the two original datasets for
differences in emerging and non-emerging readers.

Dataset \ AUC RMSE Statistical Parity Disparate Impact Average Odds
2021-2022 | 0.696  0.386 -0.077 0.885 -0.052
2022-2023 | 0.694 0.393 -0.066 0.878 -0.047

analyses of BKT predicted outcomes for emerging and non-emerging readers. Overall, we cover
the non-discrimination criteria of independence, separation, and sufficiency (Barocas et al.,
2023).

Since the metrics and statistics we are using for fairness do not have a closed-form solution
for significance like traditional methods of calculating p-values, we used statistical bootstrapping
to estimate our confidence intervals. Specifically, we performed bootstrapping to determine if
any differences between emerging and non-emerging readers within and between demographic
groups were significant. With 10,000 iterations and measuring 95% confidence intervals, we
bootstrapped the difference in means between emerging and non-emerging readers for the base
rates, predicted values, model error at problem-solving steps, and model calibration. By com-
paring the difference in means, we examined whether the difference in both base rates (i.e., the
data) and model predictions was significant. Furthermore, by finding significance between the
differences in model error (RMSE), we determined if BKT models provided similar errors to
both groups. Finally, by bootstrapping the difference in calibration between the groups, we cal-
culated if the model predictions were significantly different—and thus potentially unfair—for
emerging readers.

4. RESULTS

Our results are organized by research question (RQ1-3). Figure 1 displays the bootstrapped
confidence intervals for the differences between emerging and non-emerging readers (RQ1).
Table 2 summarizes the results of our aggregate BKT models trained on the two original datasets
with respect to emerging reader membership (RQ2), and Table 4 describes the differences of
BKT models trained on different skills in MATHia with respect to emerging reader membership
(RQ?2). Finally, we compared intersectional test statistic differences for emerging reader groups
in intersectional groups of student gender and race/ethnicity (RQ3). These results are displayed
in Figure 2, Table 5, and Table 6.

4.1. RQ1: DO EMERGING AND NON-EMERGING READERS HAVE DIFFERENT OUT-
COMES WITHIN A MATHEMATICS-FOCUSED ADAPTIVE LEARNING SOFTWARE?

The results outlining bootstrapped 95% confidence intervals are in Figure 1. We compare two
different bootstrapped statistics for our two datasets. We statistically tested for differences in the
overall base rates of mastery, predicted mastery, model errors, and model calibration between
the two groups. We found significance in three out of the four tests. The results of these analyses
are in Table 3.

The emerging and non-emerging readers had differing base rates of mastery in both the
2021-2022 and 2022-2023 datasets. The base rate of mastery in the 2021-2022 dataset for
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Table 3: Tabulated mean differences and confidence intervals of each bootstrapped statistic. The
measurements of differences in base rates, predictions, and calibration were all significant.

Data ‘ Base Rates Predictions RMSE Calibration
21-22 | .089 [.0747,.0950] .044 [.0366, .0503] -.0031 [-.0079,.0018] .0046 [.0009, .0086]
22-23 | .075[.0722,.0932] .054[.0317,.0452] -.0006 [-.0067,.0062] .0054 [.0012, .0097]

emerging readers was .687, and for non-emerging readers it was .776. We bootstrapped the dif-
ference between these two means, and the resulting confidence interval (C'Iop21 2022 = [.0747,.0950])
and mean difference can be seen in Figure 1. Since the difference in means is significant, we can
conclude that the emerging and non-emerging reader groups had disparate rates of math mastery

in MATHia. The base rates of mastery for emerging and non-emerging readers in the 2022-2023
dataset were .673 and .748, respectively. We performed the same bootstrapping analysis for
significance on the 2022-2023 dataset and also found that the difference in means between the
base rates of emerging and non-emerging readers was significant (C'Ig92_2023 = [.0722,.0932]).
These results imply that across both years of data, emerging and non-emerging readers had sig-
nificantly different rates of mastery.

In addition to the base rates, we wanted to know if the distribution of mastery for emerging
readers was statistically different from the distribution of mastery for non-emerging readers. We
tested for significance in the difference in BKT predictions between groups. That is, we wanted
to know if the distribution of mastery emerging readers received was statistically different from
the distribution of mastery that non-emerging readers received. For the 2021-2022 dataset,
emerging readers had an average mastery prediction of .708 and non-emerging readers had an
average mastery prediction of .752. Similarly, for the 2022-2023 dataset, emerging readers
had an average prediction of .679 and non-emerging readers had an average prediction of .733.
Furthermore, we found that the difference between the means of BKT model predictions for both
datasets was signiﬁcant (012021_2022 = [00366, 00503}, 012022_2023 = [003177 00452]) These
results imply that the BKT models predicted mastery with significantly different distributions
for the two groups (as they arguably should given the difference in base rates).

We also investigated whether the average RMSE for emerging readers was significantly
different than the average RMSE for non-emerging readers concerning attempt-level correct-
ness. Figure 1 illustrates the results of our bootstrapped RMSE comparison for the two original
datasets. Unlike the previous two statistical tests, we did not find significance in the difference
in RMSE between groups for either of the two datasets. The 2021-2022 dataset had a mean
difference in RMSE of -.0031 (C'Iy91 2020 = [—0.0079,0.0018]), and the 2022-2023 dataset
had a mean difference in RMSE of -.0006 (C'Izp22_2023 = [—0.0067,0.0062]). These results
show that the prediction errors were not significantly larger in one group than the other, since
the confidence intervals include 0. This suggests two possible interpretations: (i) there is no
meaningful difference in the model errors that each group experiences, and (ii) the model is
splitting the difference between emerging and non-emerging readers, so that errors were similar
but in opposite directions across groups. The overall RMSE would not capture that since RMSE
does not indicate the direction of the error. The statistical parity results in RQ2 below further
clarify these results, suggesting (ii) is the likely interpretation.

Lastly, we bootstrapped the difference in model calibration for emerging and non-emerging
readers. For the 2021-2022 dataset, emerging and non-emerging readers had a difference in
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Figure 1: Mean differences and confidence intervals of each bootstrapped statistic. The measure-
ments of differences in base rates, predictions, and calibration were all significant.

model calibration of .0046 (C'Is21-_2022 = [.0009,.0086]). For the 2022-2023 dataset, emerg-
ing and non-emerging readers had a difference in model calibration of .0054 (C'I5p22_2023 =
[.0012,.0097]). Thus, both datasets showed a statistically significant—if quite small—difference
in calibration between the two groups, such that BKT probabilities were slightly better calibrated
for non-emerging readers.

4.2. RQ2: IS THE MATHIA BKT MODEL (UN)BIASED WITH RESPECT TO THE STU-
DENTS WHO ARE EMERGING READERS?

The fairness metrics displayed in Table 2 show bias in the aggregate BKT predictions for emerg-
ing readers. For the 2021-2022 original dataset, the -0.077 statistical parity value indicates that
the aggregate model had a slight bias toward predicting lower knowledge for emerging read-
ers. Similarly, a disparate impact (i.e., a ratio where perfect fairness implies the value is 1) of
0.885 also indicates there was a bias towards predicting lower knowledge for emerging readers.
Furthermore, an average odds of -0.052 indicates that the false positive and true positive rates
between the groups are not equivalent. This indicates that emerging readers were predicted to
gain less knowledge than non-emerging readers. Likewise, the 2022-2023 dataset exhibited the
same trends in measurement with a -0.066 statistical parity, 0.878 disparate impact, and -0.047
average odds.

Despite the lack of perfect fairness, the levels of bias that the fairness metrics displayed
were small for the aggregate models. For example, the -0.077 statistical parity for the 2021-
2022 dataset implies a 7.7% difference in the predicted rate (Table 2).
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Table 4: Fine-grained fairness analyses of specific BKT models trained on different skills. We
show the knowledge-component-specific BKT models trained on each year of data. The worst,
best, and median BKT model in terms of statistical parity trained on specific skills are presented.

Skills | AUC RMSE Stat. Parity Disp. Impact Avg. Odds
geometric transform | 0.512  0.285 -0.009 0.991 -0.007
identifying units 0.809 0.420 -0.175 0.736 -0.089
apply exponent 0.771  0.439 -0.262 0.609 -0.181

To further understand the fairness of the BKT models, we examined the bias within skill-
specific BKT models. While we could not include the analysis of all 50 skills in both original
datasets due to computational limitations, we included multiple examples of models trained on
the skills present in the datasets. Specifically, Table 4 presents the worst, best, and median BKT
model in terms of statistical parity trained on specific skills on the data.

The BKT model trained on the “geometric transform” skill displayed in Table 4 is a skill-
specific model with less bias than the aggregate BKT. The statistical parity, disparate impact, and
average odds fairness metrics all indicate less bias against emerging readers than the aggregate
model. Though some skills had fairer models than the aggregate model, others had more biased
models. For example, the models trained on the “identifying units” and “apply exponent” skills
in Table 4 both exhibited more extreme biases than the aggregate model. The BKT models
trained on the “apply exponent™ skill had a difference of 26% in mastery prediction for emerging
and non-emerging readers (as presented by the statistical parity metric). Outside of the three
skills presented, 36 of the 50 skills analyzed were biased against emerging readers in terms of
statistical parity and disparate impact. 34 of the skills were biased against emerging readers
using the average odds metric. These results show that models for certain skills can contain
large amounts of bias that the aggregate BKT representation does not display.

4.3. RQ3: Is THE MATHIA BKT MODEL (UN)BIASED FOR EMERGING READERS WITHIN
DEMOGRAPHIC GROUPS?

RQ1-2 results established that the emerging reader status of a student relates to different rates
of mastery in MATHia and significantly affects BKT. To better understand how emerging reader
status effects on BKT might relate to existing achievement gaps, we considered four questions:
(i) For a group of emerging or non-emerging readers, what difference does gender explain? (ii)
For a given gender, what difference does emerging reader status explain? (iii) For a group of
emerging or non-emerging readers, what difference does race/ethnicity explain? (iv) For a given
race/ethnicity, what difference does emerging reader status explain? For each of these questions,
we performed similar analyses as we did in RQ1 to determine if there are significant differences
between the base rates, predicted rates of mastery, model errors, and model calibration; however,
RQ3 incorporated intersectional student group differences. The results for questions (i) and (iii)
are in Figure 2. The detailed results for all four questions are in Table 5 and Table 6, and the
non-intersectional group differences are included in Table 6.

(i) For a group of emerging or non-emerging readers, what difference does gender ex-
plain? The differences between the test statistic and the genders of students within emerging
and non-emerging reader groups are represented as M—F in Figure 2. We separated the data
into emerging and non-emerging reader groups and then compared gender differences within
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Figure 2: Differences in emerging reader status within and between gender demographics and
race/ethnicity demographic groups across the four test statistics and both datasets. The gen-
ders are represented as M (male) and F (female). The race/ethnicity groups are W (white), AA
(African-American), and H (Hispanic).

the reader groups. For the 2021-2022 data, we found that gender differences only significantly
explained differences between the base and predicted rates of mastery for students who were
emerging readers. Specifically, the base rates differed by .0249 (C'I5p21 2022 = [.0064, .0435)),
and the predicted rates of mastery differed by .0152 (C'I5p21 2022 = [.0023,.0281]) when com-
paring differences between emerging readers who are male and female. In the 2022-2023
dataset, the base rates also significantly differed for the emerging readers when gender was con-
sidered (.0199, C'I5022_2023 = [.0013,.0387]), but not for the predicted rates of mastery (.0096,
C'l022_2023 = [—.0027,.0223]). Thus, across both datasets, we only found significant gender
differences for emerging and non-emerging readers in base rates and predicted rates of mas-
tery. Similar to the analysis of differences in just the emerging and non-emerging reader groups
(RQ1), we found no significant difference here in the model errors. The significant difference
in model calibration is not in these results that was previously found without considering the
intersection of emerging reader status with gender (RQ1).

(ii) For a given gender, what difference does emerging reader status explain? To an-
swer this question, we compared the four test statistics (base rates, predictions, RMSE, and
calibration) for the differences in emerging and non-emerging groups within each of the two
gender categories. The results for this question are shown in Table 5. We separated the data
into gender groups, then compared emerging reader differences within the gender groups. For
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Table 5: Differences in the test statistics for emerging reader status (emerge and nonE) within
and between male (M) and female (F) genders for the 2021-2022 and 2022-2023 datasets.

Data Comparison ‘ Base Rates Pred RMSE Calib

(i) For a group of emerging or non-emerging readers, what difference does gender explain?
21-22 Emerge (M—F) .0249 [.0064, .0435]* .0152[.0023,.0281]* .0030 [-.0053, .012] -.0020 [-.0083, .0048]

nonE (M—F) -.0026 [-.0111, .006] -.0040 [-.0098, .0017] .0009 [-.0026,.0017] .0031 [-.0003, .0063]
22-23 Emerge (M—F) .0199 [.0013, .0387]* .0096 [-.0027, .0223] .0001 [-.0123,.0223] .0004 [-.0069, .0072]
nonE (M—F) .0043 [-.0046, .0135] .0016 [-.0037, .0070] .0001 [-.0037, .0050] .0002 [-.0036, .0041]

(ii) For a given gender, what difference does emerging reader status explain?

21-22 M (nonE—Emerge) | .0731 [.0596, .0872]* .0350 [.0257, .0441]* -.0038 [-.0115,.0031] .0095 [.0042, .0143]*
F (nonE—Emerge) |.1007 [.0857, .1161]* .0542[.0436, .0648]* -.0017 [-.0075,.004] .0044 [-.0007, .0097]

22-23 M (nonE—Emerge) | .0756 [.0608, .0902]* .0347 [.0253, .0439]* -.0002 [-.0083,.0073] .0072 [.0018, .0128]*
F (nonE—Emerge) |.0912[.0747,.1061]* .0427 [.033, .0531]* -.0002 [-.0114, .0089] .0073 [.0014, .0131]*

the 2021-2022 dataset, we found significant differences between the base rates and predicted
rates of mastery for both the male group split on emerging reader status and the female group
split on emerging reader status. Furthermore, we found a significant difference in the model
calibration for the male group. Specifically, the non-emerging reader male group versus the
emerging reader male group base rates had a difference of .0731 (C'I3091 2020 = [.0596, .0872)),
a difference in predictions of .0350 (C'Ixp21 20220 = [.0257,.0441]), and a difference in calibra-
tion of .0095 (C'ly91_2022 = [.0042,.0143]). For the non-emerging reader female group ver-
sus the emerging reader female group, the significant differences were the base rate difference
of .1007 (C'ly021-2022 = [.0857,.1161]) and the predicted rate of mastery difference of .0542
(C'ls21-2022 = [.0436,.0648]). Analyses of the 2022-2023 dataset revealed similar results. The
same test statistics were significantly different for the emerging and non-emerging reader gen-
der groups, but model calibration was also significant for the female group. For non-emerging
reader males versus emerging reader males, the base rate difference was .0756 (C'lyp29_2023 =
.0608, .0902]), the predicted rate of mastery difference was .0347 (C' 50222023 = [.0253,.0439]),
and the model calibration difference was .0072 (C'Is022_2023 = [.0018,.0128]). For the female
group, the base rate difference was .0912 (C'Igg2_2023 = [.0747,.1061]), the predicted rate of
mastery difference was .0427 (C'Iy22 2023 = [.0330,.0531]), and the model calibration differ-
ence was .0073 (012022_2023 = [0014, 0131])

(iii) For a group of emerging or non-emerging readers, what difference does race/ethnicity
explain? Similar to the previous questions, we answered this question by comparing the dif-
ferences of the four test statistics for the emerging and non-emerging reader groups between
different race/ethnicity groups in the data. For both the 2021-2022 and 2022-2023 datasets,
we analyzed the white (W), African American (AA), and Hispanic (H) student groups (for the
2022-2023 dataset, due to a small population of emerging readers who were also white (n =
83), model calibration differences could not be calculated for this intersectional group). That
is, we split the data by emerging reader groups, then compared race/ethnicity differences within
the emerging reader groups. The results of our analyses can be seen in both Table 6 and the
W—-AA, W—H, and H—AA sections of Figure 2.

We observed that there were differences in the base rates and model predictions for non-
emerging readers of different race/ethnicities. Out of the 12 bootstrapped test statistics analyzed
in the 2021-2022 dataset for non-emerging reader groups splitting on race/ethnicity, 8 were
significant. In contrast, only 1 of the 12 differences was significant for the emerging reader
group splitting on race/ethnicity. Shown in the upper left facet of Figure 2, the base rate differ-
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ences in the non-emerging reader group with white students and the non-emerging reader group
with African-American students (W—AA) was .0249 (C'Iy91 2022 = [.0131,.0363]), the non-
emerging reader group with white students and non-emerging reader group with Hispanic stu-
dents (W—H) was .0437 (C'I5021 2022 = [.0288, .0588]), and the non-emerging reader group with
Hispanic students and the non-emerging reader group with African-American students (H—AA)
was -.0188 (C'lz021_2022 = [—.0311, —.0068]). Then, in the upper right facet of Figure 2, the
differences in predicted rates of mastery are shown with W—AA for non-emerging readers be-
ing .0097 (012021_2022 = [0020, 0173]), W-—-H being 0217 (012021_2022 = [01 18, 0316]), and
H—AA being -.012 (C'Iy091 2022 = [—.0202, —.0039)).

For the 2022-2023 dataset, we similarly found that there were differences in the base rates
and model predictions for non-emerging readers of different race/ethnicity groups. 8 of the 10
statistics for non-emerging reader intersections were significant. The base rate differences and
predicted rates of mastery differences for each of the intersectional groups were significant for
non-emerging readers. In contrast, for W—AA (-.0137, C'Iyp92-2023 = [—.0254, —.0017]) and
W—H (-.0241, Clyp92-2023 = [—.0447,—.0050]) the model errors were also significantly dif-
ferent. For non-emerging reader differences in base rates for the race/ethnicity groups, W—AA
(0362, 012022_2023 = [0240, 0480]) and W—H (0432, 012022_2023 = [0281, 0578]) were Sig-
nificant. For the emerging reader differences in base rates for the race/ethnicity groups, W—AA
(0467, 012022_2023 = [0138, 0771]), W-H (0733, 012022_2023 = [0367, 1080]), and H—AA
(-.0267, C'Iyp92-2023 = [—.0503, —.0042]) were significantly different. The other significant dif-
ferences in predicted rates of mastery and calibration, along with confidence intervals, can be
found in Table 6.

In contrast to the 2021-2022 dataset, the 2022-2023 dataset had significant differences in
the base rates and the predicted rates of mastery for the emerging reader groups of different
race/ethnicity groups. That is, the difference in emerging reader base rates for W—AA was
0467 (Clyp2—2023 = [.0138,.0771]) and the difference in emerging reader predicted rates of
mastery for W—AA was .0260 (Clag22_2023 = [.0045,.0464]). We found similar trends in
the emerging reader W—H differences and emerging reader H—AA differences. For emerging
reader W—H, the base rate difference was .0733 (C'I5022_2023 = [.0367,.1080]) and the predicted
rate of mastery difference was .0421 (C'Iop22_2023 = [.0177,.0652]). Furthermore, for emerging
reader H—AA, the difference in base rates was -.0267 (C'Is022-2023 = [—.0503, —.0042]) and
the difference in predicted rates of mastery was -.0161 (C'I5g22_2023 = [—.0313,—.0113]). The
rest of the results can be found in both Figure 2 and Table 6.

(iv) For a given race/ethnicity, what difference does emerging reader status explain?
To answer this question, we split the data by race/ethnicity groups, then compared emerging
reader differences for each race/ethnicity group. As shown in Table 6, 7 of the 12 test statistic
differences were significant for the 2021-2022 dataset. The difference in emerging reader base
rates for W (0868, 012021_2022 = [0583, 1157]) and H (0728, 012021_2022 = [0493, 0959])
students when accounting for emerging reader status were significant, as were the differences
in predicted mastery for W (0391, 012021_2022 = [0195, 0600]), AA (0440, 012021_2022 =
.0351,.0530]), and H (.0355, C'ls021-2022 = [.0195,.0494]). Also, the calibration differences
when accounting for emerging reader status for the W (.0367, C'I5091 2022 = [.0245,.0439]) and
AA (.0045, C'ls21 2022 = [.0688,.0951]) students were significant.

We observed that emerging reader status explained base rate differences and prediction dif-
ferences for each race/ethnicity group in the 2022-2023 dataset. Furthermore, a different set of 7
of the 11 test statistics were significant. Each of the race/ethnicity groups had significant differ-
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Table 6: Differences in the test statistics for emerging reader status (emerge and nonE) within
and between race/ethnicity groups for the 2021-2022 and 2022-2023 datasets. The white group
is represented by W, the African-American group is represented by AA, and the Hispanic group
is represented by H.

Data Comparison ‘ Base Rates Pred RMSE Calibration

(iii) For a group of emerging or non-emerging readers, what difference does race/ethnicity explain?
21-22 Emerge (W—AA) .0202 [-.0099, .0484] .0147 [-.0059, .0349]  -.0099 [-.0214, .0022]  -.023 [-.0308, -.0107]*

nonE (W—AA) .0249 [.0131, .0363]* .0097 [.0020, .0173]* .0027 [-.0020, .0073] .0092 [.0046, .0137]*
Emerge (W—H) .0292 [-.0049, .0621] .0170 [-.0061, .0394]  -.0123 [-.0244, .0002]  -.019 [-.0286, -.0059]*
nonE (W—H) .0437 [.0288, .0588]* .0217 [.0118, .0316]* .0025 [-.0032, .0081] .0104 [.0048, .0160]*
Emerge (H—AA) -.0090 [-.0330, .0151]  -.0023 [-.0177, .0129] .0024 [-.0075, .0119]  -.0040 [-.0118, .0046]
nonE (H—-AA) -.0188 [-.0311, -.0068]* -.0120 [-.0202, -.0039]*  .0002 [-.0047,.0052]  -.0012 [-.0056, .0032]
22-23 Emerge (W—AA) .0467 [.0138, .0771]* .026 [.0045, .0464]*  -.0137 [-.0254, -.0017]* -
nonE (W—AA) .0362 [.024, .048]* .0175 [.0105, .0246]* .0048 [-.0021, .0117] .0088 [.0033, .0143]*
Emerge (W—H) .0733 [.0367, .108]* .0421 [.0177, .0652]*  -.0241 [-.0447, -.005]* -
nonE (W—H) .0432 [.0281, .0578]* .0208 [.0121, .0293]* .0042 [-.0038, .012] .0124 [.0057, .0189]*
Emerge (H—AA) | -.0267 [-.0503, -.0042]* -.0161 [-.0313,-.0013]* .0104 [-.0064, .0288]  -.0078 [-.0166, .0024]
nonE (H—AA) -.007 [-.0198, .0054] -.0031 [-.0105, .0039] .0005 [-.0061, .0071]  -.0036 [-.0089, .0016]*

(iv) For a given race/ethnicity, what difference does emerging reader status explain?

21-22 W (nonE—Emerge) | .0868 [.0583, .1157]* .0391 [.0195, .0600]* .0077 [-.0029, .0177] .0367 [.0245, .0439]*
AA (nonE-Emerge) | .0045 [-.0005, .0093] .0440 [.0351, .0530]*  -.0048 [-.0121, .0018]  .0045 [.0688, .0951]*
H (nonE—Emerge) | .0728 [.0493, .0959]* .0355[.0195, .0494]*  -.0070 [-.0152, .0017] .0072 [-.0012, .0149]

22-23 W (nonE—Emerge) | .0624 [.0323, .0942]* .0252 [.0059, .0466]* .0177 [.0053, .0297]* -
AA (nonE-Emerge) | .0729 [.0594, .0867]* .0337 [.0249, .0424]*  -.0008 [-.0071, .0054] .0020 [-.0031, .0075]
H (nonE—Emerge) | .0926 [.0699, .1158]* .0465 [.0329, .0606]*  -.0107 [-.0295, .0061]  .0062 [-.0041, .0149]

Non-intersectional differences

21-22 W—AA .0316 [.0208, .0428]* .0146 [.0072, .0220]* .0004 [-.0041, .0046] .0055 [.0012, .0095]*
W-H .0475 [.0337, .0614]* .0239 [.0147, .0331]*  -.0005 [-.0057, .0047]  .0044 [-.0007, .0096]
H-AA -.0159 [-.0273, -.0048]* -.0093 [-.0167, -.0018]*  .0008 [-.0036, .0051] .0011 [-.0030, .0052]

22-23 W—AA .0451 [.0338, .0565]* .0222 [.0154, .0209]* .0023 [-.0038, .0083] .0046 [-.0003, .0094]
W-H .0630 [.0488, .0770]* .0317 [.0230, .0400]*  -.0016 [-.0104, .0069]  .0078 [.0020, .0139]*
H-AA -.0179 [-.0294, -.0064]* -.0095 [-.0164, -.0026]*  .0038 [-.0035, .0117]  -.0033 [-.0082, .0013]

ences in base rates when accounting for emerging reader status. Specifically, W had a difference
between emerging reader groups of .0624 (C'Iag92_2023 = [.0323,.0942]), AA had a difference
between emerging reader groups of .0729 (C'lag22—2023 = [.0594,.0867]), and H had a differ-
ence between emerging reader groups of .0926 (C'Iype_2023 = [.0699,.1158]). The predicted
rates of mastery were significantly different as well when accounting for emerging reader status
for W (0252, 012022_2023 = [0059, 0466]), AA (0337, 012022_2023 = [0249, 0424]), and H
(.0465, Cl5022_2023 = [.0329,.0606]). The final significant difference was .0177 (C'I5022_2023 =
.0053,.0297]) for the W group’s model error.

5. DISCUSSION

Our analyses resulted in a few main findings. The first is that BKT models, when considered in
aggregate across all skills, had small but significant biases against emerging readers when ex-
amining common definitions of fairness. Despite the minimal bias in aggregate BKT, there was
noticeable bias within certain skills. The second finding is that emerging readers had a signif-
icant difference in base rates and model-predicted rates of answer correctness compared to the
rest of the students. Furthermore, the BKT models did have a significant error in predicted rates
for emerging readers when compared to the base rates across all groups. We also found consis-
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tent differences in rates of mastery and model-predicted rates when considering the intersection
of emerging reader status with gender and race/ethnicity.

The analysis of student outcomes with MATHia showed several differences between emerg-
ing and non-emerging readers (RQ1). Initially, when examining overall BKT model perfor-
mance and the classical group fairness definitions (i.e., statistical parity, disparate impact, and
average odds), we found minimal bias in the model against emerging readers. However, as
shown in Table 4, we found that specific skills in MATHia had varying levels of bias against
emerging readers. Furthermore, by bootstrapping the differences in group base rates, pre-
dictions, model errors, and calibrations, we determined that outcomes of emerging and non-
emerging readers were statistically different, and that these groups of students had different
learning experiences within MATHia.

The findings imply both that reading ability is an important aspect in how students interact
with mathematics learning software and, by extension, that there are ways to improve current
learning software to better support learners with different levels of reading ability. The signif-
icance of the difference in base rates and predictions between the two groups shows that the
groups interact with the learning software in different ways. The difference in outcomes is
shown throughout the analyses, in terms of how the groups experience mastery, how the groups
are estimated to have achieved mastery by the software, and how they experience specific skills
within the learning software. These findings are supported by previous research that students ex-
perience unequal learning gains while using the same educational system (Thomas et al., 2024).

In answering the first research question, we also began to examine the possible bias in
MATHia that RQ2 addresses (RQ2: Is the MATHia BKT model (un)biased with respect to the
students who are emerging readers?). Holistically, as seen in Table 2, the MATHia BKT model
is, in some respects, fair. Both datasets have an absolute statistical parity measure of < .08
and an absolute average odds measure of < .06. As a reminder, both of these measures are
satisfied when they are close to 0. The low statistical parity tells us that reading ability has
minimal impact on the mastery prediction. The low average odds indicate that the difference in
false positives and true positives is almost equal despite differing reading levels. Furthermore,
Figure 1 illustrates that the mean model calibration for each group is similar. By analyzing each
of the three anti-discrimination criteria (i.e., sufficiency, separation, and independence), we can
conclude that the aggregate MATHia BKT model contains little unfairness towards emerging
readers; however, the unfairness that does exist is still statistically significant (e.g., the differ-
ence in model calibrations between emerging and non-emerging readers is significant) given
the large sample size. Since the base rates are different for emerging and non-emerging read-
ers, it is impossible for the model to be fair in every way. Thus, adaptive learning designers and
researchers must decide if they want equally predicted rates of mastery or equally correct predic-
tions, or a compromise between both goals. These results are similar to research in related fields
that found not all definitions of fairness can be equally satisfied at the same time (Friedler et al.,
2021). Related to adaptive learning, Prihar et al. (2022) found significantly more learning when
lowering the threshold for mastery because the sum of benefits (i.e., students get to experience
more topics) outweighed the cost (i.e., students may not learn each topic as well). When re-
solving the discrepancy between base rate and predicted rate, it may be pedagogically favorable
to increase the predicted mastery for non-emerging readers, prioritizing reducing differences in
predicted mastery across groups at the cost of increasing miscalibration and potentially reducing
accuracy. These results imply that when the unfairness is significant, even if small, there are still
ways in which we can improve the BKT model and, in turn, other adaptive learning software to
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promote equity for emerging readers.

The comparison of differences in skills (i.e., Table 4) gives the most straightforward way
to promote equity in learning software for emerging readers: implementing different levels of
mastery for different skills. The analysis also implies that certain skills rely more heavily on
reading comprehension. That is, as seen in Table 4, skills that require more reading comprehen-
sion likely exhibit more unfairness against emerging readers. For example, the more graphically
represented “geometric transform” skill has less unfairness as opposed to the other two skills
shown. Thus, BKT modeling for math curricula could potentially be improved by adding one or
more “reading” skills into the steps that require higher levels of reading comprehension. Then,
that reading skill could be estimated, like the math skills, throughout the adaptive learning soft-
ware. This would allow the model to predict performance due to the reading skill, without
conflating reading skills and math skills. Aside from modeling a new skill, better understanding
the impact that emerging reader status has on mastering math topics could justify modifying
existing parameters commonly used in student modeling. For example, if emerging readers of-
ten understand the math topic but make mistakes due to the semantics of the math problem, the
probability that a student incorrectly answers a problem despite mastering the skill (i.e., “slip-
ping”) could be weighted by the chance of a student being an emerging reader. Furthermore, the
results show that skills in MATHia can be analyzed on a more fine-grained level to understand
why some are biased against emerging readers (e.g., some math topics might require previous
vocabulary that math courses do not teach).

When reducing unfairness for emerging readers within BKT, other biases could be intro-
duced into the model. For example, modeling a “reading” skill alongside topic mastery could
bias the model to overly rely on reading when recommending and providing a sequence towards
mastery. Examining how a modeled reading skill or other options for unfairness mitigation
impact BKT would further illustrate how researchers ought to mitigate the emerging reader un-
fairness.

Finally, since we found that emerging reader status does lead to different base rates and
predicted rates of mastery, we analyzed if this difference can be further explained by additional
demographics of the students (i.e., RQ3: Is the MATHia BKT model (un)biased for emerging
readers within demographic groups?). Given previous research on achievement gaps in both
mathematics and reading between student genders (Breda et al., 2023; Breda and Napp, 2019;
Tate, 1997) and race/ethnicity groups (Hixson and McGlinchey, 2004; Willis, 2015; Reardon and
Galindo, 2009; Hopewell and Escamilla, 2014), we hypothesized that some of the differences
could be explained by previously researched demographic differences.

In terms of gender and emerging reader status, we found that emerging reader status ex-
plained large differences in base rates of mastery and predicted rates of mastery for both male
and female students across both datasets. The difference in base mastery was nearly 10% for
female students in the 2021-2022 dataset. This difference could be partially explained through
previous work by Breda et al. (2023), which found that a high intent to learn and achieve in
math is correlated with increased reading abilities in girls. Thus, since emerging reader status
could be related to reading comprehension skills, our results are consistent with previous re-
search around achievement gaps in math and reading. However, we find that both female and
male students have different rates of mastery that are explained by emerging reader status. This
implies that, albeit unequally, both groups are impacted by their membership in the emerging
reader category. We further see this in the rows of Table 5 related to question (i). Across both
years of data, we found that gender is not a significant explainer for non-emerging readers, yet
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it was for emerging readers.

Consistent across 2021-2022 and 2022-2023, race/ethnicity partially explained base rates
and predicted rates of mastery for non-emerging readers. Regarding the 2021-2022 dataset,
this result implies emerging reader membership is correlated with mastery rates for students.
Seemingly, all emerging reading students struggle across all race/ethnicity groups. This is in
contrast to the significant differences between race/ethnicity groups when controlling for those
who are non-emerging readers. However, when analyzing the 2022-2023 dataset, there were
substantial differences for both the non-emerging readers and for the emerging readers when ac-
counting for differences across race/ethnicity groups. Thus, in 2022-2023, race/ethnicity group-
ings are able to explain differences in mastery across the emerging reader groups. While further
research needs to be done to better understand the relationship between emerging reader sta-
tus and race/ethnicity groups of students, we find that, at a minimum, students with different
demographic characteristics are differentially impacted by their emerging reader status when
accounting for math mastery. Furthermore, these results support previous research that has eval-
uated achievement gaps between race/ethnicity groups of learners (Willis, 2015; Hixson and
McGlinchey, 2004; Walkington et al., 2018). The analyses in this paper do, however, contain
numerous comparisons that are somewhat exploratory in nature, increasing the possibility of
type I error. Despite the possible error, using bootstrapping allowed us to measure significant
interaction differences across learners in the BKT model, which would not be possible due to
fairness measures not having a closed-form solution. Future confirmatory research in more con-
texts is needed to determine the extent to which findings in this context generalize.

Each of the contributions in this paper helps promote the design of more equitable learning
software. In tandem with a better understanding of how unfairness mitigation methods interact
with BKT models, the results can be captured in a few main contributions. We have quantita-
tively shown that emerging reading skill affects how students interact with math-based adaptive
learning software, that meaningful non-math-based groupings can be found using initial out-
comes in learning software, and that skill models with unmodeled difficulty factors (i.e., that do
not model all of the underlying skills including non-math skills) can exhibit unfairness.

6. LIMITATIONS AND FUTURE WORK

Although we present a large-scale study using a diverse group of students, there are many details
about both emerging and non-emerging students that we simply do not have access to. For exam-
ple, the students in this study are primarily located within specific school districts in the North-
eastern United States, and may represent different demographics (with different approaches to
using online learning systems) than we might find in other parts of the world. Similarly, the
data provided to us by the school district was limited in its breadth of gender and race/ethnicity
categories.

Likewise, within this data, there may be variation that is not yet accounted for. As previously
discussed, there are many reasons that a student could be classified as an emerging reader. Stu-
dents with learning disabilities may differ in their behaviors and learning versus students from
English Language Learning (ELL) backgrounds. Likewise, ELLs are not monolithic groups,
and they likely differ based on years of English exposure, reading fluency in their first lan-
guage, and what language family their first language belongs to. Moreover, both emerging and
non-emerging readers are likely to differ based on factors like socioeconomic status (SES), as
variables like these are known to affect students’ learning opportunities both inside and outside
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of the classroom.

Furthermore, we only analyzed the most commonly completed 50 skills in MATHia, ranked
by the number of unique students who interacted with them, to focus on the most influential
parts of the curriculum. It is possible that less frequently assigned content is non-random with
respect to reliance on reading ability, and will merit further analysis as data become available.

The results of this study suggest directions for future work involving the relationship between
reading ability and BKT estimates in other learning domains. In addition to better understanding
how this relationship mediates learning more generally, work is needed to better understand how
BKT will need to be adjusted to accurately predict the moment of learning for learners with
different reading skills.

In our study, students are estimated to be emerging readers based on behavior during the
introductory workspaces in MATHia. Thus, our emerging reader estimator is specific to the
MATHia intelligent tutoring system. Future work could introduce ways to estimate emerging
reader status during early interactions in other intelligent tutoring systems. Also, since our
analysis is focused on MATHia, we only modeled differences with the BKT model. Future
research could examine these differences within other modeling frameworks.

Since MATHia covers a wide range of math topics, some topics involve more word problems,
while other topics are more graphical or numerical in nature. Now that we have established
differences in outcomes for emerging readers overall, in future work, more fine-grained analyses
can determine how problems or concepts with different levels of reading comprehension could
relate to different levels of bias with regard to emerging readers. These results could provide
implications for fields outside math as well, which are more focused on certain types of problems
(e.g., physics or chemistry).

Although the relationship between reading and mathematics learning has been studied in
other contexts, there is a need for more work on this issue in online learning systems, par-
ticularly those using adaptive algorithms. Further research can be done to understand more
facets of emerging reader interactions and outcomes. For example, outside of traditional fair-
ness analyses, the patterns of interactions in mathematics learning software of emerging versus
non-emerging readers could help researchers better understand how the two groups differ in
their interactions. That is, emerging readers might have different patterns while interacting with
mathematics learning software over the long-term (e.g., patterns in requesting help or gaming
tendencies).

While our previous study found minimal changes when using the reweighting unfairness
mitigation algorithm for the emerging reader and non-emerging reader differences (Stinar et al.,
2025), future work still needs to be done to evaluate whether unfairness mitigation strategies
could still reduce bias in the intersectional demographic and emerging reader groups. Further-
more, future work should also test other unfairness mitigation techniques. Given the Markov
model nature of BKT-based models, other preprocessing techniques (Zafar et al., 2017; Cal-
mon et al., 2017) and postprocessing techniques (Hardt et al., 2016; Bellamy et al., 2019) may
be strong candidates. Furthermore, possible inprocessing unfairness mitigation techniques could
be created to specifically ensure skill-level fairness in BKT models. For example, methods could
be designed to introduce variable mastery thresholds for group-level mastery rates. These unfair-
ness mitigation techniques can also be applied within different knowledge tracing frameworks
(Barrett et al., 2024; Abdelrahman et al., 2023).
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7. CONCLUSION

Our analysis shows how emerging and non-emerging readers interact with mathematics-focused
adaptive learning software, which revealed insights into how adaptive learning systems—specifically,
those using BKT—can be designed to support more equitable learning experiences. BKT mod-
els contained significant differences for emerging and non-emerging readers, indicating differ-
ences in how they interact with the intelligent tutoring system. These disparities suggest that
underlying reading-related biases in specific skills might affect student outcomes, or at least
understanding of students’ learning, if not accounted for.

Emerging readers do interact with the adaptive learning software differently (RQ2), and
we were able to detect statistically significant prediction biases based on emerging reader sta-
tus (RQ1). Furthermore, we found that students of different genders and races/ethnicities have
different rates of mastery and model interactions based on their emerging reader membership
(RQ3). Thus, if we are able to mitigate unfairness due to the emerging reader status of a stu-
dent, we might be able to also mitigate unfairness between traditional demographic groups.
The results suggest promising opportunities for targeted interventions (e.g., for specific relevant
reading skills) and opportunities for improving adaptive learning systems (e.g., by modeling
reading skill) that decrease the bias found in specific skills. In sum, the results advance research
about fairness in adaptive learning environments by illustrating the importance of considering
emerging readers as a critical category for fairness assessments.
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