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Abstract

Machine learning algorithms have been widely used for identifying at-risk students. Current research focuses on
timeliness and accuracy of the predictions, leading to a heavy reliance on demographic data, which introduces
severe bias issues. This study develops fairness-aware machine learning models to identify at-risk students in high
school Advanced Placement (AP) statistics, where student performance is closely linked to demographic
background. We evaluated the predictive performance and bias mitigation strategies of various machine learning
algorithms. To determine the optimal time for accurate and fair identification of at-risk students, we divided the
dataset into three stages corresponding to the course’s progress. At each stage, we examined model performance
and fairness across groups defined by race, gender, and eligibility for free/reduced-price lunch. Our findings suggest
that at Stage 1 (i.e., up to the first unit review assignment), the models effectively identified at-risk students while
maintaining fairness across demographic groups. We discovered that incorporating more learning activity data
reduced the potential bias caused by overreliance on demographic information. We also examined the impact of
different bias mitigation approaches as well as the exclusion of the sensitive features on predictive accuracy and
fairness. We further discuss their implications for designing more context-specific solutions in educational settings.

Notes for Practice

e This study investigates the process of developing fairness-aware machine learning models to balance
timing, predictive accuracy, and fairness while identifying at-risk students.

e Balancing the dataset does not always effectively mitigate bias in predictions, suggesting that
imbalances in the distribution of samples are not the sole source of bias.

e Removing sensitive features in the dataset during the model training process may reduce direct bias,
but it does not necessarily eliminate bias, as models can capture the influence from the correlated
variables.
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1. Introduction

Fairness issues in the applications of machine learning (ML) algorithms have been widely discussed, especially in high-stakes
fields such as healthcare (Chen et al., 2022), criminal justice (Angwin et al., 2016), and hiring (Gu et al., 2014), where biased
predictions can lead to significant consequences. In educational settings, addressing fairness issues is also necessary, since the
use of predictive models could profoundly impact students, instructors, institutions, and society as a whole (Kizilcec & Lee,
2021). For example, Al algorithms were found to have different levels of discrimination towards female and minority students
when used in college admission settings (Marcinkowski et al., 2020). Moreover, Jiang and Pardos (2021) also highlighted that
Al algorithms can produce biased predictions for students from different race groups. Such discrimination is usually
unintentional and can be challenging to detect, often remaining unnoticed without deliberate application of specific methods
designed for its identification.
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Despite the extensive research on ensuring fairness in teaching and learning settings (Gardner et al., 2019; Baker & Hawn,
2021; Jiang & Pardos, 2021; Kizilcec & Lee, 2021; Yu et al., 2021), there appears to be limited exploration in fairness-aware
predictive models for early identification of at-risk students. There are two unique problems in early identification, the first
being that the methods can be particularly prone to fairness issues. In the context of early identification, Al algorithms are
trained on incomplete learning processes and data, which can lead to more bias because of the unintentional emphasis on
demographic information. Second, algorithms to identify at-risk students should emphasize the reduction of false negatives to
ensure that all at-risk students are supported rather than merely pursuing an overall high predictive accuracy. Therefore, there
is a clear need for a study in this unique context that examines machine learning models on different accuracy and fairness
performance metrics at various stages of a course. Such research is vital for illuminating specific factors that should be taken
into account in the pursuit of data-driven decision making in this area.

To meet this need, we conducted a comprehensive investigation into balancing accuracy and fairness in early identification
of at-risk students. Our study will particularly focus on an Advanced Placement (AP) statistics course, given its essential role
in a student learning process. Enrolling in an AP course allows students to earn college credits, prepare for college enrollment,
and explore different subject areas. Most importantly, the AP program tends to increase college admission, since an increasing
number of colleges are going test-optional/-blind, which places more weight on high school transcripts and GPAs, with
performance in AP courses playing a significant role in these evaluations (Ober et al., 2023). The focus on statistics is further
driven by increasing enrollments and high demand in the labour market. Especially from 1990 to 2019, there has been a
significant increase in the number of students taking statistics and probability (1% vs. 16.7%) over those taking calculus (7.2%
vs. 15.8%; NCES, 2022. And for the job market, the U.S. Department of Labor Statistics projects a 31% increase in statistics-
related employment. In addition, various studies indicated that student learning performance in AP Statistics is significantly
associated with their demographic background, including race, gender, eligibility for free/reduced-price lunch, etc., suggesting
potential bias (Ober et al., 2023).

As such, this study aims to answer the following research question:

RQ1: How do we build machine learning models that can accurately identify at-risk students at an early stage while
minimizing potential biases?

Since data balancing and removal of sensitive features are some of the most intuitive approaches to bias mitigation, as
suggested by Baker et al. (2023), we investigated two subsequent questions:

RQ2: What are the effects of data balancing on model accuracy and fairness levels in identifying at-risk students?

RQ3: To what extent does the inclusion or exclusion of sensitive features influence model predictive performance and
fairness levels?

To answer these questions, we trained four models including LGBMClassifier, StackingClassifier, AdaBoostClassifier,
and CatBoostClassifier at three stages in the course: Demog Stage or Stage 0 (i.e., using only demographic information),
Stage 1 (i.e., using demographic information and the learning activities up to the first unit review assignment), and Stage 2
(i.e., using the demographic information and the learning activities up to the second unit review assignment). At each stage,
we explicitly examined the accuracy and fairness levels of each model across subgroups of students based on race, gender, and
eligibility for free/reduced-price lunch. In this process, predictive performance and fairness levels were compared to
imbalanced data and balanced data. Furthermore, we also investigated the impacts of inclusion and exclusion of the
demographic information on each model’s predictive performance and fairness level.

2. Literature Review

2.1. Algorithmic Fairness in Education

Fairness in education has been a longstanding issue even before the application of technologies in teaching and learning settings
(Holmes & Tuomi, 2022). Early studies mainly centred on the inequalities and inequities of educational processes and
outcomes, with particular attention on segregation and achievement gaps. Socioeconomic status has been identified as one of
the significant factors related to bias in education. Kao and Thompson (2003) explicitly investigated a combination of
factors — such as residential area, community influences, and in-school dynamics — that could produce disparities in learning
outcomes from different student groups.

At the same time, algorithms can perpetuate biases, especially if they were trained on datasets tainted by historical
prejudices. Kordzadeh and Ghasemaghaei (2022) defined algorithmic bias as the case in which “a model’s predictive
performance (however defined) unjustifiably differs across disadvantaged groups along social axes such as race, gender, and
class” (p. 1). Within the educational realm, given that demographic data is closely linked to learning outcomes, biased
algorithms will inherently classify students from historically disadvantaged groups as lower-performing, further exacerbating
existing biases. Apart from this, as Kizilcec and Lee (2021) highlighted, algorithmic bias is “unintentionally or potentially
harmful” and difficult to identify unless rigorously examined. Bias issues can exist at every stage from model building to
predictive result interpretations. To fully quantify potential bias, we must understand several critical aspects: 1) whether the
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dataset used to train Al models represents the diversity of the population; 2) whether the definition of the problem itself is
discriminatory against specific groups of students; and 3) whether the interpretations and applications of the predictive results
can lead to discrimination.

Additionally, Baker and Hawn (2021) provided a comprehensive literature review highlighting the importance of
implementing strategies to identify and mitigate algorithmic bias in educational settings. The authors proposed measurement-
related bias assessment approaches, including examining the representativeness of the dataset to uncover inherent bias,
monitoring prediction behaviour across different groups to identify unintentional bias, and exploring equity focused metrics in
addition to the common performance-based metrics. Instead of merely focusing on fairness statistically, fairness metrics in real
educational settings should incorporate more equity perspectives, highlighting the differences in the learning needs of students
with different backgrounds. Achieving this requires transparency and interpretability in the Al decision-making process, which
in turn facilitates the engagement of domain experts and educators.

2.2. Fairness Issues in Identifying At-Risk Students

Literature on fairness issues around identifying at-risk students is scarce. Most research focuses on building highly accurate
models that can detect at-risk students early on in order to provide timely and targeted interventions. For example, Adnan et
al. (2021) built various machine learning (ML) and deep learning (DL) models to predict the college student dropout rate at
different stages of a course (e.g., 0%, 20%, 40%, ... of the course length). The study identified factors like student assessment
scores and engagement intensity as crucial determinants of the student learning performance. Similarly, Marbouti et al. (2016)
extensively examined performance in identifying at-risk students in courses with standards-based grading criteria. The best
performing model was found to have over 72% accuracy in identifying at-risk students as early as week 5. In another study,
Hu and Rangwala (2020) proposed a multiple co-operative classifier model (MCCM) that incorporates two different classifiers,
each corresponding to a sensitive feature (e.g., male/female). The authors constructed an objective function that considers
differences in both predictive accuracy and fairness levels. Particularly, fairness is measured using KL-divergence, indicating
the difference in predicted probabilities when a student’s sensitive attribute is altered. The model was evaluated on a dataset
(collected from five majors across ten years at George Mason University) by comparing the performance with four other
classifiers that are easy to control for fairness levels (e.g., logistic regression, Rawlsian fairness, learning fair representation,
and adversarial learned fair representation). The experimental results demonstrated the MCCM can reduce both individual and
group-level bias while maintaining relatively high predictive accuracy. In a recent study conducted by Ober and colleagues
(2023), a learning-sequence-aware predictive model was built to identify at-risk students in foundational courses at the college
level.

However, none of these studies investigated fairness issues considering the balancing between time and accuracy in the
process of identifying at-risk students. Specifically, since the identification of at-risk students is always required at the early
stage in the learning process, models are often built on partial student learning data, which leads to a higher reliance on students’
demographic information. As such, there is a need to conduct systematic evaluations of how algorithms perform under different
fairness metrics in identifying at-risk students at different time points and how effective the bias mitigation approaches are in
balancing the trade-offs between accuracy and fairness.

2.3. Measurement and Mitigation Approaches in Education

Recently, various metrics have been proposed to address bias issues in Al models in educational settings (Bellamy et al., 2018;
Kizilcec & Lee, 2021). Deho et al. (2022) investigated the effectiveness of several fairness metrics, particularly in the context
of learning analytics, using a comparative evaluation approach with three-year program dropout data from an Australian
university. Their findings indicated that bias issues were not always from datasets and further suggested that ensuring fairness
can lead to enhanced utility under specific circumstances. The notion of fairness can be various under different educational
contexts, requiring the careful selection of appropriate fairness metrics that align with the specific goals, stakeholders, and
contextual constraints. In Cohausz et al. (2024), the authors introduced several case studies to extensively discuss how the
choice of different fairness measurement strategies are related to the underlying data generation mechanism, the potential
application, and the normative beliefs. In addition to investigating the effectiveness of existing fairness metrics in educational
settings, researchers also implemented additional metrics to address educational issues. For example, Gardner et al. (2019)
proposed a fairness metric, ABROCA, evaluating unfairness in predictive student models by investigating the differential
accuracy between student subgroups. The model was evaluated on 44 unique MOOCs over four million learners and the
analytical results indicated effectiveness of the approach in evaluating how the predictive models impact different student
groups disproportionately. In another study, Lalor et al. (2024) proposed the FAIR-Frame to model fairness across multiple
protected attributes in terms of both representational and allocational harm in the model building and result interpretation
process. The framework provides significant practical implications regarding designing adaptive, fairness-aware models in
various Al application settings.
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In addition to fairness evaluation, approaches to mitigate the identified bias have also been extensively studied. Generally,
mitigation algorithms can be divided into three categories — pre-processing, in-processing, and post-processing — according
to the potential sources of bias in the machine learning models (Bellamy et al., 2018). Pre-processing mainly focuses on
approaches for better representing the samples in the dataset, such as Re-weighing, Optimized pre-processing, and so on. In-
processing attempts to optimize the training process to build models that take into account the known biases in the dataset.
Post-processing approaches are developed to calibrate the outcomes so that the predictions are more in line with the real-world
situation. Such approaches were designed to adjust predictions as indicated by fairness metrics (i.e., demographic parity) while
not sacrificing predictive performance with performance metrics (i.e., balanced accuracy score).

Although these fairness evaluation and mitigation approaches are well-established and evaluated in the machine learning
literature, they are still underexplored in educational settings. Existing studies like Gardner et al. (2019) provide insights into
the implementation of metrics for educational settings, but the authors did not focus on the context of identifying at-risk
students. This context is more prone to bias against historically disadvantaged groups given its focus on early action based on
less learning activity data, resulting in heavier dependence on demographic data. While later stages allow models to access
more learning activity data, it is too late to provide effective interventions for at-risk students. As such, we must not only
consider the trade-offs between accuracy and fairness, but must also find an optimal time to conduct the analysis for timely
intervention. Given the demands of explainability in identifying and providing interventions for at-risk students, our study
mainly employs approaches from the pre-processing and post-processing stages.

3. Methods

3.1. Research Context and Dataset

This study examined 215 students who enrolled in AP Statistics from seven high schools in the State of Indiana during the
2019-2020 academic year. To be included in the study, students must have provided consent/assent, completed self-report
surveys including their demographic information, completed at least two end-of-unit review assignments, and not withdrawn
from the class (Pei & Xing, 2022; Ober et al., 2023). The background information includes Gender (Male: 50.2%,
Female: 49.8%), Race/Ethnicity (White/Asian: 88.4%, Other: 11.6%), Eligibility for free/reduced-price lunch (Yes: 15.4%,
No: 84.6%), Math classes previously taken, and self-predicted grades in the course. Other than background information, we
also recorded student practice activities for completing each of four end-of-unit assignments online as well as the corresponding
performance. Because of the outbreak of COVID 19, the last assignment was dropped, so we have student learning practices
for three assignments during the whole school year. The first assignment began around November 3rd, 2019, and ended around
November 20th, 2019; the second assignment began on December 6th, 2019, and ended at around December 19th, 2019; and
the third assignment began on February 23rd, 2020, and ended around March 13th, 2020. For each assignment, we extracted
and derived learning features such as the number of times practised, the number of unique questions answered, the earliest
time the student began to practise, the time of the last practice, the time span between the earliest and latest practice, the
average response time for the answered questions, and the average performance over all the answered questions. Student
learning outcomes in the AP Statistics course were measured by the AP exam score with 1 indicating the lowest and 5 indicating
the highest performance. The outcome variable was derived by dichotomizing students’ AP exam scores: at-risk (AP score <
3) and others (AP score > = 3). This is because colleges typically require an AP exam score of 3 or higher (sometimes 4 or
higher) for college credits.

3.2. Analytical Pipeline
Figure 1 shows the proposed analytical framework consisting of three stages of analysis:
e Stage 0 (Demog stage): Identifying at-risk students with demographic information only
e Stage 1: Identifying at-risk students with demographic information and student learning activities for the first
assignment
e Stage 2: Identifying at-risk students with demographic information and student learning activities for the first and
second assignments
For each stage, we trained four machine learning models (i.e., LGBMClIassifier, CatBoostClassifier, StackingClassifier,
and AdaBoostClassifier), and evaluated the predictive performance as well as the fairness levels on three protected features
(i.e., gender, race, free/reduced-price lunch eligibility). Finally, we applied bias mitigation strategies (i.e., ThresholdOptimizer,
a commonly used post-processing mitigation approach) to each of the models at each stage and measured the changes in the
predictive performance to investigate the trade-offs between performance and fairness.
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Figure 1. The overall analytical pipeline in this study.

3.3. Different Machine Learning Models
This study examined four machine learning models in each stage in order to compare their accuracy and fairness levels:

1. LGBMClassifier: LightGBM classifier is one of the most popular machine learning algorithms and has been widely
used in real-world applications due to its high speed and effectiveness (Ayubkhan et al., 2023). It can handle both
categorical and numerical features, making it suitable for the purpose of this study. Moreover, it has the potential to
capture and reveal complex relationships among various factors in large-scale educational datasets, which can better
support educators to optimize the teaching and learning experience.

2. CatBoostClassifier: Similar to LGBMClassifier, CatBoostClassifier falls into the category of gradient boosting
techniques (Joshi et al., 2021). It can also deal with categorical attributes in educational settings. Moreover, this
classification approach offers transparency and interpretability through feature importance scores and model
diagnostics, which makes it a valuable tool to gain deeper insights into the associations between learning behaviours
and performance.

3. StackingClassifier: StackingClassifier is an ensemble machine learning technique that combines the predictions of
multiple base classifiers to produce more accurate and robust predictions (Ksigzek et al., 2020). In this classifier, the
base classifiers are trained on the same dataset and produce predictions independently. By combining the predictions
of these base classifiers, the StackingClassifier can mitigate the weakness of each individual classifier and further
improve the overall predictive accuracy and robustness.

4. AdaBoostClassifier: AdaBoostClassifier is another ensemble machine learning technique with multiple base
classifiers (An & Kim, 2010). Different from the StackingClassifier, this classification technique sequentially trains a
set of weak classifiers with multiple iterations. During each iteration, the weights are assigned and updated for each
base classifier based on their performance. The overall predictions of the classifier are based on the outputs of each
classifier with a weighted voting mechanism.

3.4. Performance and Fairness Evaluation Framework

This study employed multiple metrics to evaluate the predictive performance of these models, including balanced accuracy,
accuracy, recall, and precision. During each stage, the average performance of the four ML models on each of these metrics
was calculated to indicate the feasibility of identifying at-risk students at the corresponding stage. Similarly, various measures
were constructed to evaluate the fairness levels. In the context of early identification of at-risk students, the models must not
only perform well overall but must also operate equally well across different demographic groups. As such, it is essential to
investigate specific prediction rates or error types, such as true positive rates (TPRs) and false negative rates (FNRS), to ensure
that we do not overlook those students who really need help. In this case, a false negative means that a student who was actually
at-risk is not flagged, which might result in missed opportunities for timely interventions and lead to long-term harm regarding
potential academic opportunities. Therefore, fairness metrics in this situation should provide specific information about
prediction rates for students from different groups, highlighting the prediction disparities across the underrepresented and
majority groups. This focus also aligns with the principle of educational equity, which emphasizes that students from
underrepresented groups can receive timely and personalized learning support (Holstein et al., 2020). As such, we employed
the following four fairness measurement strategies in the context of identifying at-risk students.

3.4.1. Demographic Parity Differences
Demographic Parity Differences (Demog_Parity Diffs) require similar positive prediction rates (e.g., at-risk student
identification) from different demographic groups, regardless of their actual academic status (Chen et al., 2023). In other
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words, this metric investigates whether the Al models disproportionately flagged at-risk students merely based on their
demographic backgrounds. Analyzing demographic parity differences can be a significant starting point in educational practice
since large disparities across underrepresented and majority groups can signal systemic bias in either the training data or the
Al model’s predictive process. It is particularly useful in the context of resource allocation and providing interventions, where
flagging students disproportionately occurs more easily, which can lead to over-surveillance of specific groups while
overlooking other groups.

While this measurement may not guarantee that students were flagged in perfect alignment with their actual learning status,
it is still the essential step for identifying the structural imbalance that might go unnoticed through outcome-based metrics
alone. As such, in this paper, we include Demographic Parity Differences as a fundamental measurement to examine the
disparities in number of at-risk students identified across different groups. According to the study of Feldman et al. (2015), we
set the acceptable fairness level of this measurement as less than 0.20. The formula for Demog_Parity Diffs is as follows:

Demog_Parity Diffs = |(P(Y =1|A=a)-P(Y =1|A=0b))| (1)

where P (Y =1 | A = a) indicates the probability of the model predicting a positive outcome (e.g., flagging a student as at-risk)
for group A = a; Correspondingly, P (Y = 1 | A = b) indicates the model predicts a positive outcome for group A = b.

3.4.2. Average Odds Differences

Average Odds Differences (Avg_0Odds_Diffs) provide a more balanced assessment of prediction disparities across two groups
by considering both the true positive rates (TPRs) and false positive rates (FPRs) across the two groups at the same time.
Combining these two aspects into one measurement, the Average Odds Differences measurement emphasizes the equalities of
the models in identifying at-risk students across groups. In addition, FPR differences reflect the proportion of students from
both groups who were unnecessarily flagged as at-risk students. For example, if a model consistently misidentifies students
from a certain group as at-risk students, even when they are performing well, it may inadvertently reinforce the existing
learning disparities by repeatedly offering them unnecessary learning materials.

The Average Odds Differences ensure that models not only perform well overall but also treat students equally across
groups, making it suited to high-stakes situations like identifying at-risk students. The commonly used acceptable fairness level
of Average Odds Differences is below 0.20, with a value of 0 indicating perfect fairness. The formula for Avg_Odds_Diffs is
as follows:

Avg_0dds_Diff =~ (ITPRy — TPRy| + |[FPR, — FPRy|) (2)

where TPR, and FPR, are the true positive rates and false positive rates for group A = a, and TPR, and FPR, are the
corresponding rates for group A = b.

3.4.3. Equal Opportunity Differences

Equal Opportunity Differences (Eq_Opp_Diffs) measure the differences in TPR between the two groups, which is a
particularly relevant fairness measurement in the context of identifying at-risk students. The focus on true positives aligns well
with our goal of correctly flagging students at-risk regardless of group membership to ensure that they have “equal opportunity”
to receive the support they need. Unlike the broader measures, such as Demographic Parity Difference, the Equal Opportunity
Difference addresses a core ethical concern in education, ensuring that students who really need help receive it. A larger Equal
Opportunity Difference indicates that the model is more likely to correctly identify at-risk students from a certain group than
others, which could raise concerns about fair access to academic support and learning opportunities.

In this study, we use Equal Opportunity Differences to evaluate whether our models provide equitable interventions to
students across different demographic groups. This measurement emphasizes the need to correctly and equally identify the at-
risk students from both groups and provide the required interventions to support their learning. Minimizing the Equal
Opportunity Differences can significantly increase the fairness, trust, and inclusivity of Al algorithms to support educational
decision-making. We set the acceptable fairness level threshold at below 0.20 under the Equal Opportunity Differences metric
(Hardt et al., 2016). The formula for the Eq_Opp_Diffs is as follows:

Eq_Opp_Diffs = |TPR, — TPR,| (3)
where TPR, and TPR,, are true positive rates for group A =aand A = b, respectively.
3.4.4. Predictive Parity Differences
Predictive Parity Differences (PPDs) measure consistency in the precision of positive predictions across two groups. In the
context of identifying at-risk students, this measurement evaluates whether the difference in students flagged as at-risk is
equally likely across the two groups. More specifically, the Predictive Parity Difference assesses the Al model’s

trustworthiness and reliability in identifying at-risk students for different groups. This measurement is important in high-stakes
situations, such as providing personalized learning interventions, allocating critical learning resources, and making decisions

ISSN 1929-7750 (online). The Journal of Learning Analytics works under a Creative Commons License (CC BY 4.0) 52



JOURNAL OF LEARNING/ANABYRIESI v o 25

L

that may influence a student’s academic path. Focusing on the precision of a model’s positive predictions, Predictive Parity
Differences can help capture the potential bias that affects educator interpretations of predictions and subsequent decisions
made for supporting at-risk students.

In this study, we employed Predictive Parity Differences to assess whether the predictions of at-risk students are equally
distributed across groups. Ensuring this consistency helps promote fair, data-driven decision making in Al-powered
educational practices. Similarly, the acceptable fairness level threshold is set at below 0.20. The formula for PPDs is as follows:

PPDs = | (P(Y =1 =1A4= a)) - (P(y =17 =1A4= b)) | (4)
where P(Y = 1|Y = 1,A = a) and P(Y = 1|Y = 1,4 = b) is the precision for group A =a and A = b, respectively.

3.5. Approaches for Mitigating Bias

To mitigate the identified bias, we employed a combination of pre-processing and post-processing mitigation strategies. As
part of our pre-processing mitigation strategy, we employed a dataset balancing technique to address the potential bias
introduced by the imbalanced group representation in the training data. Particularly, we employed the RandomOverSampler
approach to oversample the students from the underrepresented groups to ensure that the models were trained on a more
demographically representative dataset (Wang et al., 2021).

Post-processing mitigation strategies focus on calibrating the predicted outcomes, adjusting them to fulfill the specified
parity constraints (Small et al., 2024). In the context of identifying at-risk students, where the number of flagged cases is
typically small, post-processing mitigation strategies are more practical since they can provide specific insights for instructors
to closely examine and validate the predictions and thus implement more appropriate strategies. In addressing the challenge of
identifying at-risk students, it is imperative to acknowledge that overlooking these individuals could lead to a significant
shortfall in providing necessary support. Therefore, our post-processing methodology emphasizes minimizing the false
negative rate while simultaneously aiming to achieve a high level of balanced accuracy. Because the pre-processing and post-
processing techniques are applied independently, we applied post-processing mitigation strategies on the balanced dataset to
further enhance fairness in model predictions.

Moreover, the effectiveness of removing sensitive features in mitigating algorithmic bias is also a subject of ongoing
discussion (Barocas et al., 2023; Holmes et al., 2022). Removing the sensitive features while training predictive models can
prevent direct discrimination caused by these features. It does not eliminate bias, since models could still learn bias from the
correlated variables (Haeri & Zweig, 2020). As a result, indirect discrimination might still exist, and the removal of sensitive
features in the training process could even make it more difficult to detect and address bias. As such, our study also investigated
these mitigation strategies both with and without the inclusion of sensitive features to provide practical implications in
designing strategies for promoting accurate and fair identification of at-risk students.

In the Results section, we present a comprehensive analysis with comparisons about model performance and fairness level
at each stage under different experimental conditions. We begin by reporting the results of pre-processing the dataset, including
student distribution by each demographic indicator, and distributions of student learning behaviours at each stage. Next, we
introduce detailed configurations of each predictive model to ensure the reproducibility of our experiments. We then compare
and investigate the predictive performance and fairness level of each model, focusing on the race feature across four
experimental conditions: 1) the original imbalanced dataset, 2) the balanced dataset, 3) the balanced dataset with post-
processing bias mitigation strategies applied, and 4) the balanced dataset with both post-processing bias mitigation strategies
applied and sensitive features removed. Detailed analysis regarding gender and lunch status as sensitive features are provided
in Appendix A.

4. Results

4.1. Data Pre-Processing

We first examined the distributions of students based on different demographic variables — race, gender, and eligibility for
free/reduced-price lunch — within each assignment. Based on each demographic feature, we classified students into two
distinct groups, guided by recommendations from the National Science Foundation (NSF): overrepresented and
underrepresented (URM) groups. For example, White and Asian students were considered to be overrepresented groups while
others were underrepresented. As shown in Figure 2, there was a balanced distribution of students based on gender but a
significantly imbalanced distribution based on race and free/reduced-price lunch eligibility. To some extent, this suggests that
the resulting ML models may generate biased predictions towards students who are not White or Asian as well as those eligible
for free/reduced-price lunch. As such, data balancing techniques were applied to mitigate bias, the effectiveness of which will
be discussed in detail in the following sections.
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Figure 2. Student distributions in each assignment based on demographic information.

We further conducted a two-step feature transformation for the numerical variables used to indicate the student learning
and practice patterns in each assignment, as shown in Figure 3. We first conducted StandardScaler transformation (Raju et al.,
2020) to standardize these features into a distribution with zero mean and unit variance (shown as the light blue areas in the
figure). Some of them are highly skewed. As such, we further conducted quantile transformation (Peng et al., 2007) to provide
a uniform distribution (as shown in the light red areas). After the quantile transformation, most features fall into the range of
[0,1], which eliminates the potential influence of scale on predictions.

£
g

Lo Nl
& J h, os l/:\\} \

10

£os

5 4 3 2 -
question_unique_stage2

10

latest practice_stage2
1
[
[
I

\
.

diff_in_hours_stage2

-4 -2 o 2
performance_stagez

(a) Assignment 1

Density

average_response_time_stage2
StandardScaler Transform
Quantile Transform

Demsity

Density

Density

= o
aitr_in_nours_stage1

(b) Assignment 2

Figure 3. Distributions of features indicating student learning behaviour in each assignment.

B
iE_in_hours_stage2

(c) Assignment 3

ISSN 1929-7750 (online). The Journal of Learning Analytics works under a Creative Commons License (CC BY 4.0)

54



JOURNAL OF LEARNING ANAEYFICS s SLAR

4.2. Model Training and Configuration

To ensure the performance and generalizability of our trained models, we followed a systematic approach that included data
processing, model training, hyperparameter fine-tuning, and performance evaluation. At the data processing stage, we
employed one-hot encoding and StandardScaler to transform categorical and numerical features. The transformed dataset was
then split into training (75%) and testing (25%) sets, stratified by the target variable and sensitive features to ensure balanced
representation. Below, we outline the model training, hyperparameter fine-tuning, and performance measurement processes
for each model in detail:

1. For training LGBMClassifier, we employed a grid search to optimize the parameters — such as number of leaves
([10, 31]), regularization factors (lambda_lI1 [0, 1], lambda_I2 [0, 1]), and min_data_in_leaf values ([30, 50, 100, 300,
400]) — using balanced accuracy and 5-fold cross validation.

2. For training CatBoostClassifier, the grid search approach was used to optimize the parameters, such as learning rate
([0.03, 0.1, 0.3]), depth ([4, 6, 10]), and L2 leaf regularization ([1, 3, 5, 7, 9]). The model was further trained with
cross-entropy loss over 20 iterations evaluated with balanced accuracy.

3. Fortraining StackingClassifier, we trained four base models (i.e., Logistic Regression, Decision Tree, Random Forest,
and SVC), fine-tuned them with grid search, and combined them into a final estimator of the XGBoost model with
five-fold cross-validation.

4. For training AdaBoostClassifier, we used the decision tree as the base estimator with 50 estimators and a learning rate
of 0.9. Hyperparameters were fine-tuned with grid search to ensure model generalization and to prevent overfitting.
The balanced accuracy metric was further employed to evaluate the model performance handling class imbalance issues
in the dataset.

4.3. Model Performance and Bias Level on the Imbalanced Dataset
On the imbalanced dataset based on race, after going through the pre-processing steps, we trained and fine-tuned the four ML
models at each stage. Figure 4(a) and Table 1 show the average performance of these models on each metric at each stage.

Table 1. Average Performance of 4 ML Models at Each Stage

Stages Balanced Accuracy Accuracy Recall Precision

Demog 0.57610.052 0.64410.024 0.37540.052 0.44040.068
Stage 1 0.569+0.056 0.653+0.042 0.319+40.168 0.464+0.056
Stage 2 0.604+0.029 0.667+0.019 0.41740.062 0.49840.034

Comparing the Demog Stage with Stage 2, which contains more learning activity data, there were no significant differences
in predictive performance. The comparisons of Stage 2 vs Demog Stage are as follows: Balanced Accuracy (p-value = 0.460,
Cohen’s d =0.570), Accuracy (p-value = 0.238, Cohen’s d = 0.934), Recall (p-value = 0.658, Cohen’s d = 0.338), and Precision
(p-value = 0.258, Cohen’s d = 0.920). The effect size on most of the metrics exceeds the moderate levels (0.50) suggested in
Funder and Ozer (2019), which indicates that with more data, predictive performance would have great potential to improve
in practical settings.
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Figure 4. Models’ average performance and fairness levels at the different stages on the imbalanced dataset.
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Next, the bias levels of these different models were examined at each stage using the four fairness evaluation metrics
mentioned above: 1) Demog_Parity_Diffs, 2) Avg_0Odds_Diffs, 3) Eq_Opp_Diffs, and 4) PPDs, as shown in Figure 4(b). The
error bars indicate the variability of model fairness levels under each metric within each stage. Notably, the models at Stage 1
have the least bias, on average, compared to the Demog Stage and Stage 2, with all values falling below the 0.20 threshold.
Although the errors bars in Stage 1 seem a bit wider on some metrics compared to the other two stages, this variability reflects
the inherent uncertainty in fairness when predictions are made at the early stage with limited data. In addition, the models at
Stage 1 also have a comparable performance with that of Stage 2 and the Demog Stage, which means that early predictions
can achieve similar levels of accuracy to those using more data at a later stage. This is evident when combining insights from
Figure 4(a) (predictive performance) and Figure 4(b) (fairness). As well as timeliness, Stage 1 seems to be an optimal point
for identifying at-risk students.

4.4. Model Performance and Bias Level on the Balanced Dataset

The above analytical results from Figure 4(a) suggests that increasing the amount of data has the potential to improve the
average model performance. The dataset balancing technique is one of the commonly used strategies to improve model
predictive performance since it helps equalize the distributions of underrepresented groups within the original dataset by
increasing their corresponding sample sizes. In this section, we first employed the RandomOverSampler technique (Mesquita
etal., 2021) to balance the dataset based on race. Then, we applied pre-processing approaches to transform the balanced dataset
into the appropriate format for training the four ML models at each stage. As shown in Figure 5(a), significant improvement
in performance was found on the models trained on the balanced dataset compared with that of the imbalanced dataset in
Figure 4(a) at each of the corresponding stages. This partially demonstrated the effectiveness of balancing the dataset to
improve model performance.
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Figure 5. Models’ average performance and bias levels at different stages on balanced dataset.

Furthermore, we evaluated the improvements in performance of the models trained on the balanced and imbalanced
datasets on each metric at each stage. Positive t-statistic values indicate that models trained on the balanced dataset have a
higher performance compared with those trained on the imbalanced dataset. Detailed statistics on each metric are shown in
Table 2. Apart from the significant differences in performance under most metrics, we also found a large Cohen’s d for each
metric at each stage (i.e., larger than 0.80), indicating strong effect sizes. This further suggests that performance improvements
achieved from balancing the dataset were not only statistically significant but also meaningful, indicating the practical impact
of applying data balancing techniques.
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Table 2. Differences in Models Trained on Balanced and Imbalanced Datasets
Regarding Performance on 4 Metrics across 3 Stages

Stage Metrics p-value t-statistics Cohen’s d
Balanced Accuracy 0.000 6.388 4.517
Demog Accuracy 0.000 7.209 5.098
Recall 0.010 4.563 3.226
Precision 0.001 7.921 5.601
Balanced Accuracy 0.002 7.569 5.352
Stage 1 Accuracy 0.002 6.640 4.695
Recall 0.015 4.816 3.405
Precision 0.005 5.313 3.757
Balanced Accuracy 0.000 8.760 6.194
Stage 2 Accuracy 0.001 7.627 6.194
Recall 0.001 8.137 5.754
Precision 0.000 9.104 6.438

For bias level, however, compared with models trained on the imbalanced dataset shown in Figure 4(b), we found more
bias after training based on the balanced dataset shown in Figure 5(b). The differences in fairness level across models trained
on the imbalanced and balanced datasets under each metric at each stage are presented in Table 3.

Table 3. Differences in Fairness Level between Models Trained on Balanced and Imbalanced Datasets

Stage Metrics p-value t-statistics Cohen’s d
Demog_Parity Diffs 0.000 7.365 5.208
Demog Avg_Odds__Diffs 0.232 1.471 1.040
Eq_Opp_Diffs 0.405 0.912 0.645
PPDs 0.747 0.344 0.243
Demog_Parity_Diffs 0.004 6.176 4.367
Stage 1 Avg_Odds__Diffs 0.211 1.536 1.086
Eq_Opp_Diffs 0.789 0.280 0.198
PPDs 0.318 1.090 0.771
Demog_Parity_Diffs 0.000 12.964 9.167
Stage 2 Avg_Odds_Diffs 0.967 -0.043 0.030
Eq_Opp_Diffs 0.864 0.179 0.126
PPDs 0.318 1.090 0.771

Table 3 shows a significant increase in bias under the Demog_Parity Diffs (p-value < 0.005) metric for all stages. All other
metrics — except Stage 2 where a slight decrease in bias was found (t-statistics = —0.043, Cohen’s d = 0.030) on
Avg_0dds_Diffs — showed different levels of increase in bias across all stages. Although no significant increase was found,
notable medium to large effect sizes were found on Avg_Odds_Diffs at the Demog Stage (Cohen’s d = 1.040) and Stage 1
(Cohen’s d = 1.086), and PPDs at Stage 2 (Cohen’s d = 0.771). This suggests that the balanced dataset technique alone may
be insufficient to effectively mitigate bias in the context of identifying at-risk students at an early stage, indicating that the
dataset is not the only source for generating bias. To ensure equitable outcomes, it is necessary to incorporate more appropriate
bias mitigation strategies to address bias beyond balancing the datasets.

4.5. Mitigated Model Performance and Bias Level on the Balanced Dataset

From the above analysis, we found a significant increase in predictive performance, and various levels of increase in bias when
training the models with the balanced dataset. In this section, we further apply post-processing strategies to mitigate bias and
examine the changes in model performance and fairness level. Specifically, the ThresholdOptimizer was applied to find the
optimal threshold to satisfy both performance objectives and fairness constraints (Weerts et al., 2023). Figure 6(a) shows the
average performance of the four ML models after applying post-processing strategies under each metric at each stage.
Compared with Figure 5(a), Figure 6(a) has a slight drop in performance on some metrics (e.g., Precision, Accuracy) at the
Demog Stage and Stage 1. This suggests a trade-off between predictive performance and fairness level — improving predictive
fairness across groups might compromise some prediction accuracy, which is particularly relevant when the model predictions
have a high reliance on demographic information. For example, comparing Stages 1 and 2 in Figure 6(a), there have been
larger variances in the Demog stage where the predictions were based on demographic information. While comparing model
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performance at Stage 1 with that of Stage 2, no significant differences were found in terms of either variance or performance
level. This means that with more learning data available at the later stages, model performance becomes stable, further
indicating the feasibility of identifying at-risk students at Stage 1.
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Figure 6. Mitigated models’ average performance and fairness levels at the different stages on the balanced dataset.

Accordingly, the fairness levels of the mitigated models were analyzed at each stage, as shown in Figure 6(b). Compared
with Figure 5(b), there is an obvious decrease in bias at each stage for Demog_Parity Diffs, Avg_Odds_Diffs, and
Eg_Opp_Diffs, with a slight increase for PPDs. Although the error bars in Figure 6(b) exhibit higher variability on
Demog_Parity_Diffs and PPDs compared to those in Figure 5(b), the significant decrease in the average bias level for
Demog_Parity_Diffs and others still highlights the effectiveness of this post-processing mitigation strategy. In addition, the
lower variability of bias level for Avg_Odds_Diffs and Eq_Opp_Diffs further indicates the consistency and stability of bias
levels across the three stages after the post-processing strategy.

Table 4. Differences in Fairness Level Between the Unmitigated and Mitigated Models Using the Balanced Dataset

Stage Metrics p-value t-statistics Cohen’s d
Demog_Parity_Diffs 0.003 —6.378 4.510
Demog Avg_0Odds_Diffs 0.433 -0.876 0.620
Eq_Opp_Diffs 0.029 -3.845 2.719
PPDs 0.068 2.275 1.609
Demog_Parity_Diffs 0.001 -8.136 5.753
Stage 1 Avg_0Odds_Diffs 0.355 -1.037 0.733
Eq_Opp_Diffs 0.125 -1.895 1.340
PPDs 0.175 1.611 1.139
Demog_Parity_Diffs 0.002 —8.258 5.839
Stage 2 Avg_0Odds_Diffs 0.506 0.716 0.506
Eq_Opp_Diffs 0.224 -1.424 1.007
PPDs 0.162 1.725 1.220

Table 4 provides a fine-grained comparison regarding the changes in bias level between the mitigated and unmitigated
models. As discussed above, a significant decrease in bias level on Demog_Parity Diffs has been observed at all stages
(p-value < 0.005), with very large effect size at the Demog Stage (Cohen’s d =4.510), Stage 1 (Cohen’s d = 5.753), and Stage 2
(Cohen’s d = 5.839). For Avg_Odds_Diffs, there is no significant decrease in bias level at all stages (p-value > 0.3). However,
the statistical differences and the moderate effect size at each stage suggest noticeable though less consistent fairness grains,
particularly in the Demog stage (t-statistics = —0.876, Cohen’s d = 0.620), Stage 1 (t-statistics = —1.037, Cohen’s d = -0.733),
and Stage 2 (t-statistics = 0.716, Cohen’s d = 0.506). Similarly for Eq_Opp_Diffs, although there is no significant decrease in
bias level, we found a large effect size (> 0.80) at each stage, specifically at the Demog Stage (t-statistics = —3.845,
Cohen’s d = 2.719), Stage 1 (t-statistics = —1.895, Cohen’s d = 1.340), and Stage 2 (t-statistics = —1.424, Cohen’s d = 1.007).
In contrast, we observed increased bias levels in PPDs across stages with positive t-statistics and a large effect size, which
further suggests independence across different fairness evaluation approaches.
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Overall, combining Figures 6(b) and 5(b) suggests that post-processing strategies can reduce prediction biases under certain
metrics and simultaneously maintain predictive accuracy reasonably well. Looking at Eq_Odds_Diffs at Stage 1, which we
emphasize most in our study, it is clear that fairness also reached an acceptable level with a bias around 0.10. Combining these
analytical insights, we suggest that Stage 1 is appropriate for identifying at-risk students because it offers more time for

educators to provide support.

4.6. Mitigated Model Performance and Bias Level on the Balanced Dataset with Sensitive Features
(i.e., Race) Removed

In response to concerns that the inclusion of sensitive features might cause bias issues, in this section we examine changes in

the predictive performance and fairness levels of the mitigated models after removing sensitive features (i.e., race) from the

balanced dataset. In removing race, we used gender, eligibility for free/reduced-price lunch, math classes taken overall, and

self-predicted grades to train the models at the Demog Stage. Figure 7(a) presents the average performance of models under

each metric at each stage after removing race. Compared with Figure 6(a), there is a slight drop in predictive performance.
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Figure 7. Mitigated models’ average performance and fairness levels at the different stages
on the balanced dataset after sensitive feature (race) removed.

Table 5. Differences in Performance of Mitigated Models Trained on the Balanced Dataset
After and Before Removing Race on the 4 Metrics across the 3 Stages

Stage Metrics p-value t-statistics Cohen’s d
Balanced Accuracy 0.497 0.730 0.516
Demog Accuracy 0.833 0.223 0.158
Recall 0.103 2.092 1.489
Precision 0.817 —0.242 0.171
Balanced Accuracy 0.851 -0.196 0.139
Stage 1 Accuracy 0.871 -0.169 0.120
Recall 1.000 0.000 0.000
Precision 0.860 -0.184 0.130
Balanced Accuracy 0.466 0.814 0.576
Stage 2 Accuracy 0.541 0.678 0.480
Recall 0.277 1.225 0.866
Precision 0.704 0.416 0.294

Table 5 presents detailed statistics regarding performance differences with post-processing mitigation strategies both before
and after removing the sensitive feature of race. Given that Stage 1 has been identified as the optimal point for identifying at-
risk students, we will mainly interpret the results from this stage. As seen in Table 5, it is clear that the average model
performance had a slight drop on most of the metrics, particularly Balanced Accuracy (t-statistics =—0.196, Cohen’s d = 0.139),
Accuracy (t-statistics = —0.169, Cohen’s d = 0.120), Recall (t-statistics = 0.000, Cohen’s d = 0.000), and Precision
(t-statistics = —0.184, Cohen’s d = 0.130). The relatively small effect size indicates that removing race had little impact on
predictive performance at Stage 1. Overall, this result indicates that race partially contributes to predictive power at Stage 1,
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but its exclusion did not cause a significant drop in model performance. To a certain extent, this finding can also be explained
by the availability of learning activity data, which likely mitigates reliance on sensitive features.

Table 6. Differences in Model Fairness Levels Trained on the Balanced Dataset After and Before Removing Race

Stage Metrics p-value t-statistics Cohen’s d
Demog_Parity Diffs 0.797 0.273 0.193
Demog Avg_Odds__Diffs 0.082 -2.171 1.535
Eq_Opp_Diffs 0.061 2.355 1.665
PPDs 0.001 —6.996 4.947
Demog_Parity Diffs 0.110 -1.915 1.354
Stage 1 Avg_Odds__Diffs 0.460 -0.797 0.563
Eq_Opp_Diffs 0.330 1.068 0.756
PPDs 0.056 -2.629 1.859
Demog_Parity Diffs 0.363 —0.998 0.706
Stage 2 Avg_Odds_Diffs 0.892 -0.144 0.102
Eq_Opp_Diffs 0.185 1.502 1.062
PPDs 0.188 —1.487 1.062

Figure 7(b) shows model fairness levels after removing race. Compared with Figure 6(b), no significant differences are
observed on bias level at Stage 1. This is further indicated by the statistics in Table 6 (p-value > 0.05) with a slight decrease in
bias after removing race for Demog_Parity Diffs (t-statistics = —1.915, Cohen’s d = 1.354), Avg_Odds_Diffs
(t-statistics = —0.797, Cohen’s d = 0.563), and PPDs (t-statistics = —2.629, Cohen’s d = 1.859), with a medium to large effect
size. This finding suggests a meaningful improvement in the fairness level by removing race. For Eq_Opp_Diffs, however, we
found a slight increase in bias (t-statistics = 1.068, Cohen’s d = 0.756) with a medium effect size. This implies that removing
race might affect predictive precision, which requires close investigation before applying predictions in real settings.

5. Discussion

5.1. The Balance of Timing, Predictive Accuracy, and Fairness in Identifying At-Risk Students

Identifying at-risk strudents at an early stage enables educators to provide timely interventions before students fall too far
behind academically, allowing for designing more effective and personalized support. However, predictions made at early
stages are generally based on limited training data and learning context, which risks mislabeling at-risk students and increases
the potential of providing biased learning recommendations, especially for those in underrepresented groups. This highlights
that identifying at-risk students at early stages involves a careful balance with timing, fairness, and accuracy. Our analytical
results indicate that Stage 1 (after the first assignment) is the optimal point for identifying at-risk students. This is particularly
indicated by the fact that in our study, there were no significant changes in predictive performance after Stage 1 (see Figures
4(a), 5(a), 6(a), 7(a), and the corresponding results in Appendix A for gender and free/reduced lunch status). As well, Stage 1
showed acceptable fairness levels, with most values falling below the 0.20 threshold.

Findings from this study have several important practical implications. First, they demonstrate the possibility of providing
fair, accurate, early stage identification for at-risk students. The implementation of these algorithms enables educators to
provide timely, personalized support while considering fairness across different demographic groups. Second, the findings also
support the practice of incorporating fairness evaluation mechanisms into the process of identifying at-risk students — a
practice that traditionally focuses more on early intervention and accuracy with less practical attention to fairness (Rasooli et
al., 2021). By showing the effectiveness of incorporating fairness measurements, this study improves educator awareness of
ethical issues while providing learning interventions for at-risk students. Moreover, this study highlights the importance of
providing correct, context-aware interpretations of prediction results. Identifying at-risk students is determined with limited
learning data, which requires educators to interpret the predictions with caution and contextual understanding. It is important
to recognize that these predictions can be impacted by incomplete learning data and systematic bias or stereotypes associated
with demographic background (Nezami et al., 2024).

5.2. Demographic Background Plays a Significant Role in Student Learning Performance

We can see how demographic background impacts model performance at the Demog stage (see Figures 7(a) and Figures A3
and A7 in Appendix A). Strong predictive performance in the Demog stage suggests that demographic information accounts
for a considerable portion of variation in predictive outcomes, reflecting the persistent associations among demographic
backgrounds with learning AP Statistics. Furthermore, this insight is corroborated by Becker and Luthar (2002) who
demonstrated that student performance disparities in AP Statistics have a strong association with family characteristics as well
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as school factors. Multiple studies have investigated the causes of these disparities, highlighting that, on the one hand, students
from marginalized groups always have limited access to learning resources (Milner, 2013). On the other hand, current
instructional strategies are also shaped by stereotypes about students’ demographic backgrounds, which often overlook each
student’s personalized learning needs and reinforce existing assumptions rather than promoting equitable, personalized
learning support (Hajisoteriou et al., 2019).

This finding partially reflects broader issues in current educational practices that result in students from underrepresented
groups being more likely to have difficulties in learning AP Statistics. This is because students from rural communities or
economically disadvantaged households often have limited opportunities to engage with relevant resources to gain advanced
mathematics knowledge prior to high school. This is particularly highlighted by findings in Lee and LaHaye (2024) based on
their analysis of students’ math learning status in Alabama, Arkansas, and Mississippi. Moreover, the high predictive accuracy
of demographic information in supporting early identification of at-risk students further suggests a need for a more customized,
context-sensitive definition of at-risk students. Current definitions of at-risk students are often based on the metrics related to
general academic performance, which has a significant relationship with demographic characteristics (Matz et al., 2023).
Exploring definitions focusing more on the differences between each individual’s learning needs can help reduce the impact
of demographic background while promoting personalized, equity-driven educational practices.

5.3. Data Balancing Techniques are Not Always Effective for Mitigating Bias in Predictive Models

In educational settings, there is a higher chance of imbalanced datasets than in other fields, particularly when separating
students based on their demographic backgrounds such as gender, race, and so on. For example, in most universities and
colleges, male students tend to dominate the enrollments in Engineering, while female students tend to dominate Social
Sciences and Arts (Wrigley-Asante et al., 2023). In order to equalize the samples from different groups, data balancing
techniques have been identified as an effective approach to improve the predictive performance and fairness levels of ML
models (Sha et al., 2021). However, the analytical results from our study did not indicate the effectiveness of this approach in
mitigating predictive bias. In particular, our results indicate significant improvement in predictive performance after balancing
the dataset; at the same time, results also exhibit a decrease in fairness level for certain metrics, such as Demog_Parity_Diffs
(see Figures 4 and 5). This is more obvious when comparing fairness levels before and after balancing the dataset based on
free lunch status, shown in Figures A6(a) and A8(a) in Appendix A.

On the other hand, these results also shed light on potential disadvantages associated with dataset balancing techniques.
Balanced datasets might obscure the true nature of the underlying distribution, further causing generalization problems when
applying the models in real settings. Especially in educational settings, balancing datasets without further investigation can
lead to the misallocation of learning resources, as well as misguided pedagogical interventions. This is because insights derived
from models trained on balanced datasets might fail to capture the real distributions in real-world settings, potentially
overlooking the learning patterns of students in underrepresented groups. Furthermore, the additional fairness issues introduced
by the data balancing techniques observed in our study were also discussed in Wang et al. (2019) which explicitly investigated
how balancing a dataset based on a specific feature (e.g., race) can inadvertently affect the distribution of the dataset based on
other correlated features, like gender. Specifically, if balancing by race results in a higher proportion of female students within
a particular racial group, the model will be more likely to label female students as the corresponding class, which could generate
new bias issues.

5.4. Excluding Sensitive Variables Does Not Lead to Significant Changes in Fairness

Incorporating sensitive features or not in training ML models has garnered increasing discussion. Baker et al. (2023) suggests
that demographic variables should be used in the validation process rather than training stages to minimize the potential bias
inherent in such data. In other studies, such as Yu et al. (2020) and Kleinberg et al. (2016), the authors argue that using
demographic data as predictors provides a more comprehensive view of the student learning process, which can improve model
performance. However, our study indicates that excluding sensitive features did not improve the fairness level nor did it
decrease the model’s performance. In our case, the effects of demographic background were moderated by incorporating
student learning activity data in the later stages. Moreover, the focus of fairness evaluations can be different in different
research contexts, which further requires specific analysis regarding whether excluding a certain feature will be helpful or not
for the specific tasks.

6. Conclusion

In this study, we investigated trade-offs among timing, accuracy, and fairness in the practice of early identification of at-risk
students, specifically exploring the constraints and measures of algorithmic fairness in the context of high school learners in
AP Statistics courses. In particular, we explored and evaluated both the performance and fairness levels of four machine
learning models in identifying at-risk students at three different stages in the student learning process: Demog stage (i.e., only
using student demographic information), Stage 1 (i.e., using student demographic information plus the learning activity data
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up to the first assignment), and Stage 2 (i.e., using student demographic information plus the learning activity data up to the
second assignment). Furthermore, at each stage, we examined the changes between the models’ predictive performance and
fairness levels for students grouped by race, gender, and free lunch status. Finally, we also examined the effects of certain
techniques, including balancing datasets and excluding sensitive features in training to assess their impact on model
performance and fairness levels.

Overall, there are three key takeaways from this study. First, demographic information was identified as having a significant
relationship with student performance in AP Statistics at early stages, which can be seen in the small changes in model
performance at the Demog stage compared to later stages. Second, it is necessary to examine disparities in the dataset before
balancing it, especially for identifying at-risk students. As our results show, the influence of demographic background on a
student’s AP Statistics performance might be mitigated by student engagement and learning activities in the subsequent stages.
To this end, employing balancing strategies to equalize the number of at-risk students across different demographic
backgrounds might inadvertently introduce additional issues in predictions. Third, excluding a specific sensitive feature might
not yield significant improvement in predictive performance and fairness. The effectiveness of including or excluding a specific
sensitive feature in building an ML model and evaluating its impact on fairness largely depends on the specific application
context and the nature of the data involved.

7. Limitations and Future Directions

Fairness issues related to Al in education have been longstanding concerns. In this study, various fairness evaluation strategies
and analytical approaches have been employed to investigate the critical interplay among timing, accuracy, and fairness in
identifying at-risk students. Although the overall analytical approaches and proposed framework have indicated high
scalability, the relatively small dataset in our study does not support the practical application of our analytical results to broader
contexts. Another limitation is related to statistical testing about the effectiveness of bias detection and mitigation approaches.
As indicated in Kobayashi and Nakao (2020), there is no “one-size-fits-all” approach to mitigate algorithmic bias since such
biases can differ depending on the specific task, data, and context where an algorithm is applied. Future studies will focus on
expanding datasets to include more diverse samples in different learning scenarios, on conducting more robust and
comprehensive fairness investigations, and on investigating whether model fine-tuning can improve fairness in predictions.
Moreover, more advanced and context-aware statistical testing approaches will be implemented for conducting more rigorous
evaluations regarding the effectiveness of different bias mitigation strategies in different contexts.
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Appendix A: Supporting Information

This appendix consists of individual analyses for evaluating machine learning model performance and bias level at various
stages on gender and the free lunch status, respectively.

Evaluating model performance and bias level at various stages
separating students based on gender

As described in the paper, there were similar numbers of female students (108) and male students (107) in the dataset. We first
trained the machine learning models on the original dataset that is already balanced, separated based on gender. And the
average model performance on each metric at each stage is shown in Figure Al(a). Then, after applying the post-processing
mitigation approach to the trained models, the average performance on each metric at each stage is shown in Figure Al(b).
Notably, compared with the performance of original models shown in Figure Al(a), the performance of mitigated models in
Figure Al(b) had obvious improvement at both Stage 1 and Stage 2.

The average performance of Models at each The average performance of Models at each
stage without fairness constraints stage with fairness constraints
0.9 1 —|— — =+

0.6

Performances

0.3 A
® BalancedACC
Accuracy

@ Recall
@ Precision

0.0

Demog Stagel Stage2 Demog Stagel Stage2
(a) (b)

Figure A1. The performance of original models and mitigated models on each metric at each stage.

Table A1. Comparison of Average Model Performance at Each Stage

Stages Balanced Accuracy Accuracy Recall Precision
Original Models Demog 0.618 0.704 0.361 0.631
Stage 1 0.799 0.838 0.681 0.796
Stage 2 0.681 0.741 0.500 0.657
Mitigated Demog 0.667 0.667 0.667 0.520
Models Stage 1 0.844 0.861 0.798 0.792
Stage 2 0.865 0.880 0.819 0.825

From Figure AL, it is obvious that Stage 1 is most appropriate for the early identification of at-risk students, given both the
high average model performance and the relatively early stage in the course. However, comparing the average performances
of the original models and mitigated models at Stage 1, there is no significant difference found on each of the metrics: Balanced
Accuracy (Cohen’s d = 0.615, t-Statistics = 0.869, p-value = 0.425), Accuracy (Cohen’s d = 0.434, t-Statistic = 0.614,
p-value = 0.563), Recall (Cohen’s d = 0.779, t-Statistic = 1.102, p-value = 0.325), and Precision (Cohen’s d = 0.016,
t-Statistic = 0.022, p-value = 0.983).

Figure A2 examines the differences in fairness levels on fine-tuned and mitigated models. Similarly, the comparison of
Figures A2(a) and (b) did not indicate significant improvement in fairness levels of mitigating models with the post-processing
approach. Although Stage 1 does not demonstrate the least bias on either the fine-tuned models and mitigated ones, its fairness
level remains within the acceptable range. As such, when considering both performance and fairness, we can conclude that
Stage 1 offers a reliable point at which we can identify at-risk students with both high accuracy and fairness while separating
by gender.
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Figure A2. The bias levels of various machine learning models.

Evaluating the changes in performance and bias level after excluding the gender feature in training machine learning
models, Figure A3 shows the performance of the fine-tuned models and mitigated models at different stages.
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Figure A3. The performance of fine-tuned and mitigated models on the dataset after gender was removed.

Comparing Figures A3 and Al, there were obvious drops in model performance after excluding gender. Moreover, in
Figure A3, we can also find no significant changes in performance across stages both within and across the original and
mitigated models.
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Figure A4. Bias levels of machine learning models after excluding gender.
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Figure A4(a) shows the bias levels of fine-tuned models after excluding gender, which indicates an obvious increase in
bias compared with Figure A3(a). However, the post-processing mitigation strategies seem effective in improving model bias,
as shown in Figure A4(b). Even though Figure A4(b) demonstrates higher fairness levels than Figure A2(b), the bias levels
under both conditions are within the acceptable range. Considering the drop in performance after removing gender, we
conclude that, in our case, removing the sensitive features in the training process is not always the effective choice.

Evaluating performance and bias level of the fine-tuned and mitigated models
on the imbalanced dataset based on free lunch status

Similar to race, there is an imbalanced distribution of students based on their free lunch status (Yes: 33, No: 182). As shown
in Figure A5, both the fine-tuned and mitigated models had a relatively low performance when trained on the imbalanced
dataset at each stage.
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Figure A5. The performance of fine-tuned and mitigated models at each stage regarding free lunch status.

Figure A6 shows the bias levels of models trained on the imbalanced dataset. The bias levels at Stage 1 in both the fine-
tuned and mitigated models are roughly within the acceptable range, except for Demog_Parity Diffs (around 0.2) in the fine-
tuned models.
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Figure A6. Bias of machine learning models trained on imbalanced datasets divided by free lunch status.

Next, we investigated the model performance and fairness levels on the balanced dataset as well as on the dataset that
excluded the free lunch status.
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Figure A7 compares the model performance at different stages under various conditions. Figures A7(a) and (b) compare
performance of the model trained on the balanced dataset and mitigated with the post-processing strategy. Figures A7(c) and
(d) compare the model performance trained on the balanced dataset with the free lunch status removed and mitigated with the
post-processing strategy. Overall, Figure A7 indicates that balancing the dataset can improve model performance, and
excluding the free lunch status decreases the model performance slightly.
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Figure A7. Model performance at different stages regarding free lunch status.

Comparing Figures A7(a) and (c), focusing on Stage 1, it can be found that excluding the free lunch status can slightly
reduce the differences in model performance across the groups. Comparing the differences in performance between the fine-
tuned and mitigated models at Stage 1, we find small differences under the two conditions. This further indicates that the fine-
tuned models can also produce small differences across groups.

Figure A8 compares the bias levels of the fine-tuned and mitigated models trained on the balanced dataset and with the
free lunch status excluded. Comparing Figures A8(a) and (c), it can be found that removing the free lunch status causes more
bias in predictions. Comparing Figures A8 and A6 overall, we found that balancing the dataset and excluding the feature are
not always effective strategies for improving predictive fairness.
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Figure A8. Model bias levels under different conditions.
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