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ABSTRACT
Educational data mining has augmented learning processes
and improved outcomes within and outside of traditional
classrooms. However, due to the diversity of learners, com-
putational methods could be biased against different (often
protected) groups of learners. Due to the biases, researchers
have become increasingly interested in understanding and
reducing the bias within their educational data and models.
In this tutorial, we present and discuss how to use several
modern unfairness and bias mitigation techniques encapsu-
lated within the DebiasEd Python package with a focus on
ease of implementation and generalizability for education
researchers.
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1. INTRODUCTION
Educational data mining has proven to be a transformative
field through harnessing data to improve many dimensions
of education. [4, 7]. Due to the success of educational mod-
eling, predictive models have become core to many modern
educational systems [24, 2]. However, these models have also
brought with numerous concerns about the fairness of the
models are the biases that are within the data being used
to train the models [20, 18]. To address these concerns,
researchers in related fields and within education have de-
veloped methods to evaluate and mitigate unfairness within
computational systems [14, 15, 3].

The machine learning and artificial intelligence research com-
munities have developed many unfairness mitigation tech-
niques to handle different types of biases within data, mod-
els, and model outcomes [21]. These techniques are con-
sidered to be either pre-processing (e.g., transforming train-

ing data), post-processing (e.g., threshold model outcomes),
or in-processing (e.g., implementing multiple loss functions
during training). These techniques have all proven their suc-
cess in their respective domains; however, their usefulness
within education is underexplored. Focusing on the unique
challenges of education data (e.g., sensitivity to human-
computer interaction [13], multimodality [11],
non-representative populations [22], etc.), the tutorial will
teach participants how to use a subset of modern unfair-
ness mitigation techniques that are generally applicable to
educational data.

This tutorial teaches participants how to use state-of-the-
art approaches to mitigating bias in educational models us-
ing either predetermined or personal datasets. These ap-
proaches focus on transforming training data, changing out-
comes, or implementing new objectives when training edu-
cational models. The tutorial focuses on the different ways
to harness the approaches that are encapsulated within the
DebiasEd Python package.

2. BACKGROUND
The tutorial focuses on implementing multiple techniques on
reducing unfairness within educational data and educational
machine learning modeling pipelines. These techniques are
split based on where they are implemented into a machine
learning pipeline as either pre-processing, in-processing, or
post-processing techniques.

Pre-processing: Pre-processing techniques attempt to miti-
gate biases within the machine learning pipeline by trans-
forming and modifying the data before training the edu-
cational models [21]. Specifically, from an original set of
data and labels, a pre-processing method produces a new
set of data and labels wherein some type of bias has been
mitigated. Then, the newly created dataset is used to train
models. Only transforming the data has advantages to learn-
ing scientists, as the techniques can be applied irrelevant
to which machine learning model is used afterwards. Pre-
processing techniques generally either modify or massage la-
bels [17, 1], sample datasets differently [8, 10, 16], or trans-
form the features to reduce different types of biases within
the data [26, 19].

In-processing: In-processing techniques replace the original
machine learning model with an alternative that is debiased.
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Table 1: Tutorial Schedule
Part Description Timing

I Conceptual Overview 0:00 - 0:30

II
Walk through a toy example with well known
open source educational dataset

0:30 - 1:15

III
Showcasing the different ways of using the package,
tailored to the needs of the participants

1:15 - 2:00

Break

IV
Exploration and application of the tool to researchers’
own data

2:30 - 3:15

V Presentation of results in groups 3:15 - 3:55
VI Closing remarks 3:55 - 4:00

In-processing methods are often model-specific and many
techniques exist such as imposing fairness constraints along-
side loss functions, training an adversarial model alongside
the original, or training an ensemble of classifiers for each
group within the data to name a few [15].

Post-processing: Post-processing techniques mitigate bias af-
ter the machine learning model has been trained. These
techniques are valuable to learning scientists (similarly to
many pre-processing techniques) since they can be imple-
mented within already existing educational pipelines. These
techniques can also be adjusted for specific definitions of
fairness [5], and post-hoc criteria to align with educational
researchers’ goals [23, 25].

3. GOALS
At the end of the tutorial, participants will be able to:

• Identify the potential types of biases that may be present
in their data, and how it may propagate through their
models

• Apply a range of mitigation techniques using our De-
biasEd package to their own data

• Analyse the impact of bias mitigation techniques through
different algorithmic fairness metrics [21]

• Present results in terms of fairness performances

4. PLAN
We will start the tutorial with an overview of how histor-
ical and societal biases can affect learners’ education, how
the models we develop as learning scientists can propagate
these biases, and how using DebiasEd can help mitigating
these biases. The walk through will showcase a specific open
source dataset (the student performance dataset [12]), while
the rest of the tutorial will focus on applying DebiasEd to
the participants’ own dataset, or alternatively a range of
open source EDM datasets.

4.1 Software
We developed an open source Python package in which users
can feed their data through our graphical interface, or through
our API which contains the standalone mitigation techniques
(API), or the entire evaluation pipeline, similar to Grid-
SearchCV in Scikit-learn [6]. We will provide a step-by-
step guide on how to install DebiasEd , even if Python has
not been installed prior to the workshop. Additionally, we

will set up Jupyter notebooks on Google Collab in the cases
where participants would run into installation problems.

4.2 Data Sets
The first part of the tutorial will showcase the Student Por-
tuguese Performance dataset (SPP) [12] in which student
performances in two Portuguese high schools were tracked
[9]. Specifically, the SPP dataset contained grade infor-
mation from 649 students taking Portuguese classes. The
dataset contained 33 features related to academic scores
or demographics (e.g., sex, age, and familial education).
Specifically, 383 of the students were female and 266 were
male. We considered the female sex as the protected group
in this dataset.

In the second part of the tutorial, participants will be en-
couraged to integrate DebiasEd to their own datasets, mod-
els, and/or pipelines.

4.3 Tutorial Organization
Part I: Conceptual Overview The tutorial will start with
the presentation of cases in which historical biases were
propagated through algorithms, and affected learners’ aca-
demic journey. We will then share an overview of the dif-
ferent types of biases there exists in education as shown
through both learning science and machine learning litera-
ture. Finally, we will present DebiasEd . Specifically, we
will summarize the types of bias mitigation techniques we
implemented, as well as the different ways the package can
be used.

Part 2: Walk through We will demonstrate how to ana-
lyze the data prior to training our models, to identify ahead
of time the type of biases there may exist in the data us-
ing DebiasEd , and to select what mitigation techniques to
start with. We will then show how to use graphical inter-
face to retrieve a deployable model, and analyze its fairness
performances.

Part III: Showcase For those who are more at ease with
programming/want to implement mitigation techniques di-
rectly into their own ecosystem, we will demonstrate how to
use the pipeline through our own evaluation cross validation
pipeline, or as standalone pieces in participants’ own code.

Part IV: Exploration We will support participants in ap-
plying diverse mitigation techniques to their own data sets
using DebiasEd , and observe what effect it has on their
own model’s fairness performances.

Part V: Presentation We will make lightning presenta-
tions of 5 minutes about what type of data participants
usually work with, the types of biases they are more prone
to run into, and what type of mitigation techniques worked
best for them.

Part VI: Closing remarks We will put an emphasis on
how important it is to consider algorithmic fairness through-
out the development of learner models, as well as discuss the
differences between equality and equity.
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Figure 1: Package Structure. The only input it requires are the features, the targets (for classification purposes), and the
demographic attributes. You can upload a CSV directly into our graphical interface, or use python directly to feed it into
Bias in the classroom ’s pipeline, or use the mitigation techniques individually through our API. Using the graphical interface
and/or the pipeline will output a deployable model, as well as its classification and fairness performances. Using the pipeline or
the API will enable you to retrieve the production/deployable model, the parameters of these models, and the predictions of
these models in a self contained way.
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