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ABSTRACT

Gender bias in machine learning models can perpetuate and
amplify existing societal inequalities, especially in domains
where the users are vulnerable such as in education. In this
study, we measure the effectiveness of multiple preprocess-
ing unfairness mitigation strategies to reduce gender bias
in predictive models trained on student data. Furthermore,
we investigate how these mitigation techniques influence the
underlying feature representations of the data, yielding in-
sights into the procedural mechanisms by which bias is re-
duced. Through a series of experiments using four educa-
tion datasets, we improved fairness and found that some
methods dramatically modify data more than others. Using
a diverse set of fairness metrics and statistical divergence
methods, such as Wasserstein distance, we observe that the
level of data modification and the level of bias reduction
are not strongly related. To further isolate the role of data
transformation, we additionally analyze mitigation methods
that induce comparable levels of feature-level data modifi-
cation, enabling more controlled comparisons across tech-
niques. These results provide an initial analysis into the
complexity of the unfairness mitigation step for educational
modeling.

Keywords
Algorithmic fairness, Unfairness mitigation, Data transfor-
mation, Grade prediction

1. INTRODUCTION

Researchers and educators have harnessed big data mining
techniques as a powerful way to leverage increasing quanti-
ties of educational data to improve learning outcomes, per-
sonalize education, and support diverse groups of students
[6, 10]. Omne common tool that leads to these benefits is
predictive modeling, which has proven useful in tasks such
as grade prediction, mastery prediction, course recommen-
dation, and dropout prevention [2, 29, 20]. However, as
predictive models become more influential in educational
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decision-making, concerns about the fairness of these mod-
els have grown. Bias in educational data can perpetuate
inequalities and even undermine the potential benefits of
educational data mining methods [33, 24, 7]. Addressing
these biases is critical to ensuring that predictive models do
not exacerbate existing disparities in educational systems.

Education researchers have already begun to mitigate and
understand bias in machine learning-powered educational
systems [43]. While there has been varying success in apply-
ing unfairness mitigation techniques, there has been limited
exploration of how preprocessing-based unfairness mitiga-
tion methods transform data in unexpected or opaque ways
[19, 13]. Understanding these data transformations is im-
portant, as they can have downstream effects on model per-
formance, interpretability, and fairness.

In this paper, we evaluate multiple preprocessing unfairness
mitigation strategies across four educational datasets using
a standardized data-transformation pipeline. Beyond mea-
suring overall fairness improvements, we analyze how these
mitigation techniques influence feature-level data represen-
tations. Rather than relying on a single divergence mea-
sure, we assess mitigation effectiveness using multiple fair-
ness metrics, allowing for a more comprehensive evaluation
of bias reduction. In addition, we compare mitigation meth-
ods that induce similar levels of feature-level data modifica-
tion, enabling more controlled comparisons that disentangle
the effects of the mitigation mechanism from the extent of
data transformation itself. Thus, we examine how different
preprocessing unfairness mitigation techniques can alter ed-
ucational data and how the transformations influence the
fairness and utility of grade prediction models. Our analysis
is shaped by the following research questions:

Research Question 1 (RQ1): Are preprocessing unfairness
mitigation strategies applicable in reducing gender bias in
grade prediction?

Research Question 2 (RQ2): How can preprocessing unfair-
ness mitigation strategies differentially impact student data?

We answer RQ1 by analyzing how four preprocessing unfair-
ness mitigation algorithms can reduce gender bias in four ed-
ucation datasets. To answer RQ2, we analyze if the amount
of transformation is linked to the level of bias mitigated.

The preliminary results in this paper extend beyond tech-



nical aspects of applying unfairness mitigation to grade-
prediction. Through uncovering how preprocessing tech-
niques differentially transform student data, the research
helps to better understand the tradeoffs between unfairness
mitigation and data integrity. That is, modifying the data
could result in procedural unfairness if the resulting data
represents students in unexpected, inaccurate, or otherwise
undesirable ways [33, 36]. Thus, we hope to help education
researchers in deciding how to implement unfairness mitiga-
tion techniques into transparent educational systems.

2. BACKGROUND

Machine learning pipelines in educational data mining often
result in some type of prediction or learner model with the
goal of improving student learning. These models are often
used to predict a student’s risk of dropping out [39, 1, 25],
whether a learner has mastered certain topics in learning
sessions [16, 29|, grades on exams [3, 40, 17, 30], to name
a few applications. As these predictive models are applied
into classroom and online settings, concerns about the biases
within these models have become increasingly examined [5,
23, 35]. To address the biases in the models, researchers
in education and related fields have developed techniques
to mitigate and measure the biases in the development of
the models [19, 38, 37]. These techniques are often grouped
into categories based on which step in a machine learning
pipeline that act on. Preprocessing techniques transform
the dataset used to train machine learning models [15, 22,
44]. Inprocessing techniques add other steps and parameters
to the training process of models [41, 31]. Postprocessing
techniques edit the predictions of the models [32, 28].

Researchers in education have already begun to test the util-
ity of different unfairness mitigation techniques. In fact,
educators have cared about issues of bias and fairness for
decades [21]. Recently, researchers have developed tech-
niques specific for educational data [38, 15, 8], examined how
these techniques impact the data themselves [33], and sur-
veyed how these algorithmic fairness issues should be han-
dled in education [4, 14]. In this paper, we contribute to
this research by examining if certain preprocessing unfair-
ness mitigation techniques are useful at mitigating gender
bias in grade prediction. Furthermore, we examine if there
is a relationship between the gender bias mitigated and the
amount that preprocessing techniques distort educational
data, which is essential to understand for situations where
such data distortion is undesirable.

3. METHOD

In the following section, we detail the datasets and experi-
mental design. For RQ1, we evaluate whether preprocessing
unfairness mitigation strategies reduce gender bias in grade
prediction by comparing models trained on original datasets
to models trained on mitigated datasets. For RQ2, we quan-
tify the magnitude of data transformation introduced by
each mitigation technique and analyze whether greater data
modification corresponds to greater bias reduction in the
trained models.

3.1 Data

We use four student performance datasets covering diverse
age groups for prediction tasks. For all datasets, we frame

Table 1: Base rates of gender across datasets

Dataset | Gender No. Obs Pass (%)
HAR Man 301 21.93
Woman 413 17.92
POR Man 266 64.29
Woman 383 73.37
MAT Man 187 56.68
Woman 208 49.52
HSP Man 87 48.28
Woman 58 25.86

the problem as a binary classification task, with student gen-
der as the sensitive attribute. Gender is treated as a binary
sensitive feature in our analyses since we are following the
terminology used in the datasets. Other potentially sensi-
tive attributes are removed prior to analysis (we note that
unfairness can also exist between intersectional groups, but
for our preliminary analysis we focus on one demographic
all the datasets share). Table 1 includes the base rates and
demographics of the datasets.

Harvard Student Performance Data (HAR): The HAR dataset
is used to predict final grades in a Physics course. HAR con-
tains 21 categorical and numerical features for 714 students.
The 21 features consist of academic information and indi-
vidual differences.

Student Portuguese and Math Performance Data (POR, MAT):

The POR dataset predicts final grades in a Portuguese lan-
guage course. For standardization, we binarized the out-
come into pass or fail. POR contains 30 categorical and
numerical features across 649 students. Similar to HSP, fea-
tures in POR consist of general academic information (e.g.,
grades, attendance, etc.) and and individual difference mea-
sures. The MAT dataset undergoes the same transformation
but is used to predict math grades.

Higher Education Student Performance Data (HSP): The
HSP dataset is used to predict end-of-term grades. For our
binary classification task, we transform the final grades as
pass or fail. HSP contains 31 categorical and numerical fea-
tures across 145 students in total. Features in this dataset fo-
cus on academics alongside a few individual difference mea-
sures (e.g., parental information).

3.2 Experiments

To answer RQ1, we applied four preprocessing-based unfair-
ness mitigation methods: reweighting (Rw), FAIR-SMOTE
(FSm), SMOTE (Sm), and Disparate Impact Remover (DRe).
These methods were selected because they modify the data
at different levels: reweighting adjusts instance weights with-
out altering feature values, whereas SMOTE and FAIR-
SMOTE generate synthetic samples to rebalance class and
group distributions.

Reweighting (Rw) is a preprocessing technique designed to
mitigate bias related to sensitive attributes. It assigns differ-
ent weights to training instances based on the joint distribu-
tion of the sensitive attribute and the class label, reducing
the influence of biased correlations during model training
[22].



Table 2: AUC and fairness results of random forest models
trained on the original and unfairness mitigated datasets.

Dataset Mitigation | AUC SP DI AO
HAR - .63 .05 120 .05
Rw .70 .06 1.11 .06

FSm 71 .07 119 .07

Sm .68 .05 1.21 .05

DRe .89 .04 091 .02

POR - .63  -09 091 -10
Rw 63  -01 099 -.01

FSm b8 -10 0.89 -.11

Sm .65 -14 085 -.14

DRe .55 .07 092 .06

MAT - .58 27 347 27
Rw .61 .04 1.11 .04

FSm .64 24 328 .24

Sm .63 32 248 .32

DRe 44 .02 0.85 .04

HSP — 7 .03 107 -.15
Rw .60 -04 091 -.07

FSm b3 -.03 093 -.12

Sm b1l -23 0.62 -.36

DRe 79 -.05 0.67 -.02

FAIR-SMOTE (FSm) extends SMOTE by incorporating fair-
ness constraints, generating synthetic samples that balance
both class labels and sensitive attribute distributions [11].

SMOTE (Sm) addresses class imbalance by generating syn-
thetic samples for the minority class through interpolation
between existing instances and their nearest neighbors [12].

Disparate Impact Remover (DRe) applies a feature repair
step that adjusts values so group-wise distributions align
more closely with a fairness target (e.g., the “80% rule”),
rather than changing instance weights or the label column
[18].

We evaluated the effectiveness of these mitigation strategies
using both predictive performance and fairness metrics. Pre-
dictive performance was measured using the area under the
ROC curve (AUC). Fairness was assessed using statistical
parity difference (SP), disparate impact (DI), and average
odds difference (AO) [7, 41, 9]. For all experiments, we
trained a random forest classifier with default hyperparam-
eters to model student performance. The models were im-
plemented using the Scikit-learn Python library, and the un-
fairness mitigation algorithms were implemented using the
Al Fairness 360 toolkit and DebiasEd [27, 9, 34].

To answer RQ2, we analyze how each method transforms
feature distributions. For each dataset, we compare the dis-
tributions of each feature before and after preprocessing us-
ing the Wasserstein distance (a metric that measures how
different two distributions are by calculating how much work
it would take to transform one into the other) [26].

4. RESULTS

The results of the unfairness mitigation on AUC and fair-
ness measures is in Table 2. Considering that each dataset
had differences in base rates between groups, we expected

that the baseline model for each dataset could have bias
due to differences in predicted rates. There is some bias in
the baseline models denoted as the first row for each of the
datasets in Table 2. Perfect fairness for SP and AO is 0, and
perfect fairness for DI is 1. We report means across 5-fold
cross-validation for each dataset.

For RQ1, we compared the fairness metrics of the baseline
model with the fairness metrics of the models trained on the
unfairness mitigated data. For each dataset, at least one
model trained using unfairness mitigated data was fairer in
terms of at least one metric. For example, Rw resulted in
better DI by .09 given the HAR dataset. The MAT baseline
showed the strongest bias (SP = .27, DI = 3.47, AO = .27).
All four unfairness mitigation techniques were able to reduce
bias with three of them also improving AUC in tandem.
Thus, we conclude that the chosen preprocessing methods
are capable of reducing gender bias in these models, albeit
at differing levels.

Given some gender bias can be mitigated, we analyzed how
the preprocessing differentiall impacts student data (RQ2).
We found the average Wasserstein distance of the features
before and after preprocessing across the four techniques and
four datasets. The results are in Figure 1.

Our preliminary analysis finds slight trends in the data trans-
formation of the mitigation methods. For example, gener-
ally, Rw and Sm transformed data more than the FSm and
DRe methods. Also, while Rw had the highest Wasserstein
distance across all features for HAR, the transformation did
not relate to high levels of unfairness mitigation or AUC im-
provement. In fact, DRe resulted in better performance and
fairness despite also having a lower Wasserstein distance.
In contrast, DRe did not have better performance for MAT
(the dataset with the highest gender bias) while still having
the lowest Wasserstein distance. Thus, even though these
four methods transform data at similar rates, our prelimi-
nary analysis does not find a relationship between the levels
of transformation and the unfairness mitigated. The results
further demonstrate this with three unique unfairness miti-
gation methods resulting in the least gender bias and these
methods being unrelated to the level of data transformation.

5. DISCUSSION AND FUTURE WORK

The experiments revealed that preprocessing unfairness mit-
igation strategies are effective in reducing gender bias in
grade prediction (RQ1), and examined how different types
of preprocessing distort student data (RQ2). The results
indicate that the preprocessing methods do not equally mit-
igate gender bias in grade prediction, and that inequality is
seemingly not related to the amount that a dataset is trans-
formed.

There are cases where preprocessing unfairness mitigation
strategies can reduce gender bias in grade prediction within
models trained on each of the datasets. However, the prepro-
cessing methods are not equally effective for each dataset.
As expected from previous research, different unfairness mit-
igation methods are more effective at improving certain di-
mensions of fairness [41]. At the same time, these statistical
fairness definitions encode specific normative assumptions
and improving them does not automatically imply equitable
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Figure 1: The average data divergence of the four unfairness mitigation methods on each of the datasets. On average, Rw

distorts the data the most, followed by Sm, FSm, and DRe.

outcomes. However, notably, for the HAR and HSP datasets
the model trained on a preprocessed version of the data us-
ing DRe resulted in a model that was fairer (in at least one
dimension) and had better performance than the baseline.
We also emphasize that mitigation is not uniformly benefi-
cial: there are settings where fairness improves while AUC
falls, where AUC improves while fairness worsens, or where
one fairness metric improves while another degrades.

Preprocessing unfairness mitigation strategies having differ-
ential impacts on the data emphasizes the need for careful
selection and adaptation of preprocessing unfairness mit-
igation methods in education. While DRe achieved fair-
ness while minimally transforming the dataset, Rw achieved
(sometimes better) fairness guarantees through distorting
more data (in terms of the POR dataset). Furthermore, we
found no relationship between the performance of a model,
the unfairness of a model, and the amount in which the
data was transformed. These findings are important for ed-
ucation researchers as they suggest that the most effective
unfairness mitigation method is not necessarily the one that
leads to the most transformation in the dataset. This flexi-
bility in method is valuable in education as certain features
being left untransformed could lead to greater explanatory
power.

For practitioners, the correct mitigation to choose could be
based on what must remain stable for the decision context:
if preserving the literal feature values matters for commu-
nication and review, Rw may be preferable; if the priority
is repairing dependence between protected attributes and
outcomes in the input space, feature repair methods may
be appropriate; if the issue is class imbalance, oversampling
approaches may be relevant.

Therefore, future work can find mitigation strategies that
improve fairness without sacrificing the transparency and
interpretability of education models. Preprocessing tech-
niques having seemingly no tradeoff between level of data
distortion and unfairness mitigated offers opportunities for
current preprocessing techniques to be improved and adapted
for educational data. While DRe offers a possibility in this

regard (through transforming only a few features), more re-
search needs to be done to tailor this and other methods to
education data. Moreover, Rw or Sm could be detrimental
to the interpretability of models since they have greater data
transformation. Furthermore, given that previous research
has found that unfairness mitigation can transform certain
features that could lead to procedural fairness harms [33],
future work should move beyond our average estimates of
Wasserstein distance. The next step would be to examine
the specific features that are transformed by each prepro-
cessing method. This could further provide insight into re-
searchers as some methods could transform features that are
important for model interpretability.

The study is limited by the sensitive attribute we chose to
analyze, the unfairness mitigation techniques used, and the
set of datasets. Since we focus on gender difference in grade
prediction in a select set of tabular, categorical datasets,
our results might not be generalizable to other types of data
commonly used in educational data mining (e.g., knowledge
tracing data [42]). Additionally, we only include a single
(binary) sensitive attribute, which does not address inter-
sectional fairness. Furthermore, we used only a few of an
ever-increasing number of possible preprocessing unfairness
mitigation techniques [19, 38]. Thus, our research could be
further validated by testing the data distortion of other un-
fairness mitigation techniques.

The variability found in the relationship between dataset
divergence, performance, and unfairness mitigation calls for
multiple directions for future work. Our findings indicate
that certain techniques could be promising in navigating this
relationship, such as DRe, but future research needs to fur-
ther test these hypotheses. Furthermore, future work can
support the development of more education-specific prepro-
cessing techniques with a focus on interpretability. Future
extensions will include per-feature attribution of change (be-
yond dataset-level averages) paired with domain-informed
features that must remain interpretable for instructors or
advisors. Longer-term work could incorporate stakeholder-
centered evaluation beyond offline metrics, and develop con-
straints common in education.
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