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Abstract

The rapid growth of user-generated content on social media platforms in the form of text
caused moderating toxic language manually to become an increasingly challenging task.
Consequently, researchers have turned to artificial intelligence (AI) and machine learning
(ML) models to detect and classify toxic comments automatically. However, these models
often exhibit unintended bias against comments containing sensitive terms related to de-
mographic groups, such as race and gender, which leads to unfair classifications of samples.
In addition, most existing research on this topic focuses on fully supervised learning frame-
works. Therefore, there is a growing need to explore fairness in semi-supervised toxicity
detection due to the difficulty of annotating large amounts of data. In this thesis, we aim
to address this gap by developing a fair generative-based semi-supervised framework for
mitigating social bias in toxicity text classification. This framework consists of two parts,
first, we trained a semi-supervised generative-based text classification model on the bench-
mark toxicity datasets. Then, in the second step, we mitigated social bias in the trained
classifier in step 1 using adversarial debiasing, to improve fairness. In this work, we use
two different semi-supervised generative-based text classification models, NDAGAN and
GANBERT (the difference between them is that the former adds negative data augmenta-
tion to address some of the problems in GANBERT), to propose two fair semi-supervised
models called FairNDAGAN and FairGANBERT. Finally, we compare the performance of
the proposed fair semi-supervised models in terms of accuracy and fairness (equalized odds
difference) against baselines to clarify the challenges of social fairness in semi-supervised
toxicity text classification for the first time.

Based on the experimental results, the key contributions of this research are: first,
we propose a novel fair semi-supervised generative-based framework for fair toxicity text
classification for the first time. Second, we show that we can achieve fairness in semi-
supervised toxicity text classification without considerable loss of accuracy. Third, we
demonstrate that achieving fairness at the coarse-grained level improves fairness at the
fine-grained level but does not always guarantee it. Fourth, we justify the impact of
the labeled and unlabeled data in terms of fairness and accuracy in the studied semi-
supervised framework. Finally, we demonstrate the susceptibility of the supervised and
semi-supervised models against data imbalance in terms of accuracy and fairness.
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Chapter 1

Introduction

1.1 Motivation

In recent years, social media has become a part of our lives, with platforms such as Twitter,
Facebook, and Gab enabling people to interact and share information through text-based
platforms. While these platforms facilitate communication, they also present challenges
in terms of moderating user-generated content. The massive volume of posts generated
each second makes manual moderation of toxic content 1 an impossible task. This lack of
proper moderation can negatively impact online communities, making them less inclusive
and nurturing hostility. As a result, researchers have turned to machine learning-based
approaches to identify toxic content in social media comments automatically. However,
many existing machine learning models exhibit unintended bias against comments con-
taining sensitive terms related to demographic groups, such as race and gender, leading
to unfair classifications. This has encouraged the development of new approaches that
address social bias in toxicity detection while maintaining the model’s performance in an
acceptable range (Andročec, 2020; Mathew et al., 2021).

1.2 Problem Statement and Challenges

The primary challenge in developing toxic language classifiers is mitigating unintended
bias, which arises when models over-generalize the data distribution during training and

1Generally, toxic language can be defined as rude and disrespectful phrases, especially in the form of
text or comment.
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associate certain words related to demographic groups with toxicity or non-toxicity (Dixon
et al., 2018a; Zhang et al., 2020a). This bias can result from imbalanced training data
across labels and demographic groups, as well as intrinsic bias in the word or sentence
embedding representation.

Moreover, most existing research on this topic focuses on fully supervised learning,
where all the training data is annotated. However, due to the cost of annotating the
vast number of comments generated every second, deploying fully supervised models is
impractical. Consequently, there is a growing need to develop frameworks that work with
a limited amount of annotated data and leverage the power of unlabeled data to create
models that not only exhibit high classification performance but also ensure fairness in
their decisions (Chen et al., 2020). 2

Achieving fairness in semi-supervised learning (SSL) presents unique challenges com-
pared to supervised learning (SL) but also offers advantages. Some of the previous works
on fairness in SSL (Zhang et al., 2020b,c; Zhu et al., 2022; Chakraborty et al., 2021) iden-
tify some challenges and opportunities in this field. However, not all the points in the
previous works hold for this study, we will report them for clarity. The challenges can be
summarised as follows:

1. Noise from pseudo labeling: In SSL with pseudo labeling, a classifier that is
trained on limited labeled data predicts pseudo labels for the unlabeled data, which
may not be accurate. Therefore, pseudo labels introduce noise into the dataset and
model. This noise may worsen fairness issues by creating or amplifying biases.

2. Representation discrimination: If unlabeled data have inherent biases or under-
represent certain groups, SSL might inherit these biases when leveraging unlabeled
data, affecting fairness.

3. Model complexity: SSL often involves more complex models than SL, making
it harder to address fairness concerns. Incorporating fairness constraints in SSL
algorithms can also be more complicated.

4. The disparate impact of SSL: SSL may have a disparate impact on different
groups, leading to unfair outcomes and perpetuating existing biases.

The advantages can be listed as follows (Zhang et al., 2020b,c; Chakraborty et al.,
2021):

2While a fair semi-supervised toxicity text classification has yet to be discovered, there have been some
investigations into the bias concerns of semi-supervised learning settings in recent years.
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1. Utilizing abundant unlabeled data: SSL can use vast amounts of available data,
potentially helping to achieve a better trade-off between accuracy and fairness by
incorporating more underrepresented data points.

2. Better generalization: SSL models can generalize better to unseen data due to
their use of labeled and unlabeled data during training, resulting in more accurate
predictions, which can benefit fairness objectives as well.

The problem that this research aims to address is the development of a fair semi-
supervised framework for mitigating social bias in toxicity text classification. Achieving
fairness in SSL presents unique challenges, but it also offers advantages. By carefully
addressing challenges and leveraging advantages, SSL could contribute to the development
of fairer machine learning models in toxicity text classification.

1.3 Research Objective

This study aims to develop a fair semi-supervised generative-based framework that miti-
gates social bias in toxicity text classification. The proposed framework leverages unlabeled
and labeled data to enhance classifier performance while preserving fairness across demo-
graphic groups. This research compares the performance (in classification and in fairness
ability) of the proposed fair semi-supervised models with the studied baselines 3. The
primary objective of this work is to evaluate if fairness is achievable in toxicity text classi-
fication, considering the trade-off between accuracy and fairness. Moreover, we raise other
concerns as research questions to better understand the challenges and opportunities as-
sociated with achieving fairness in semi-supervised toxicity text classification. Ultimately,
this study aims to contribute to developing more effective and equitable machine learning
(ML) models that can be used to promote social good in the toxicity text classification
field.

The research hypothesis and questions are listed as follows:

H: We can achieve fairness in semi-supervised toxicity classification by considering the
trade-off between accuracy and fairness.

Q1: In the proposed framework, can subtle differences in the implementation of our fair
semi-supervised models greatly affect their performance in terms of fairness and accuracy?

3Baselines here are fully supervised models (FullBERT and FairFullBERT), limited supervised models
(BERT and FairBERT), and semi-supervised generative models (GANBERT and NDAGAN)
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Q2: Can we improve fairness for fine-grained terms related to demographic groups while
debiasing our classifier on coarse-grained terms?

Q3: What role does labeled data play in semi-supervised toxicity text classification in
terms of fairness and accuracy?

Q4: What role does unlabeled data play in semi-supervised toxicity text classification
in terms of fairness and accuracy?

1.4 Scope and Limitations

This research primarily focuses on developing a fair semi-supervised generative-based frame-
work for toxicity text classification that mitigates social bias. In this context, we concen-
trate on the following aspects:

• Investigating the challenges and opportunities associated with fairness in semi-supervised
learning, specifically in the context of toxicity text classification.

• Proposing and implementing novel fair semi-supervised generative-based models (FairNDA-
GAN and FairGANBERT) that leverage unlabeled data to enhance classification
performance while preserving fairness across demographic groups.

• Evaluating the effectiveness of our proposed framework in terms of accuracy and
fairness, and comparing their performance with the baselines such as fully supervised,
limited supervised cases, and semi-supervised models.

• Exploring the role of labeled and unlabeled data in semi-supervised toxicity text
classification with respect to fairness and accuracy.

However, certain limitations to our study that may affect the generalizability or appli-
cability of our findings:

1. Dataset limitations: Our study relies on two benchmark toxicity datasets, which
may not represent all types of online content or cover all demographic groups ad-
equately. The findings may be limited in their applicability to other datasets or
contexts.

2. Bias mitigation method: We apply adversarial debiasing as our bias mitigating
method, and the effectiveness of our proposed framework may depend on this specific
method’s success. Other debiasing techniques may yield different results.
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3. Language and domain specificity: Our research primarily focuses on English lan-
guage data and may not be directly applicable to other languages or domain-specific
content, which may require different preprocessing techniques or model architectures.

4. Model generalizability: While our study compares the performance of our pro-
posed framework with several baselines, there may be other state-of-the-art models
or techniques that could offer different results or trade-offs between accuracy and
fairness.

Despite these limitations, our research contributes valuable insights into the challenges
and opportunities of fairness in semi-supervised toxicity text classification and paves the
way for future work in this important area.

1.5 Overview of the Proposed Framework

In this work, our proposed framework introduces two novel models, FairNDAGAN and
FairGANBERT, which aim to mitigate social bias in toxicity text classification in a semi-
supervised learning setting. Both models follow a two-step training process. However,
since FairGANBERT is similar to FairNDAGAN, except for not employing the negative
data augmentation (NDA) process. We briefly describe the two models below (for details,
see Chapter 4).

1.5.1 FairNDAGAN

FairNDAGAN is a fair semi-supervised model that leverages adversarial debiasing to mit-
igate bias in the base semi-supervised model, NDAGAN (Shayesteh and Inkpen, 2022).
The training procedure of FairNDAGAN consists of two main phases: pre-training and
post-training.

In the pre-training stage, we train the NDAGAN and the adversarial network separately
(we train the adversarial network on the last hidden layer of the discriminator in NDAGAN
while keeping the NDAGAN weights fixed). In the post-training stage, we remove the
generator, which does not contribute to the debiasing process. The remaining encoder
and discriminator components are referred to as the ”poison classifier”. In this stage, the
adversarial network and poison classifier are trained simultaneously in alternating epochs
to minimize the influence of unintended biases related to gender and race in the poison
classifier.
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1.5.2 FairGANBERT

FairGANBERT is the second fair semi-supervised model that leverages adversarial debias-
ing to mitigate bias in the base semi-supervised model, GANBERT (Croce et al., 2020).
The FairGANBERT follows a similar development process as FairNDAGAN, with the pri-
mary distinction being the absence of the NDA process. As a result, FairGANBERT
focuses on using the GANBERT architecture for semi-supervised learning and applying
the adversarial debiasing technique to mitigate social bias. The training procedure of
FairGANBERT consists of similar pre-training and post-training stages as described for
FairNDAGAN.

1.6 Contributions

In this study, we make several key contributions to fairness-aware semi-supervised learning,
focusing on toxicity text classification.

Achieving Fairness in SSL: For the first time in toxicity text classification, we per-
form a comprehensive analysis to compare the performance of our proposed semi-supervised
models against semi-supervised and supervised baselines in terms of both accuracy and
fairness. Our models show that we can achieve fairness in semi-supervised toxicity text
classification considering the trade-off between accuracy and fairness.

Fair Semi-Supervised Learning Framework: Based on our knowledge, we are the
first to propose fair semi-supervised learning models that integrate fairness considerations
into the decision process for toxicity text classification. Our models are designed to balance
classification performance with fairness using the adversarial debiasing technique, and they
greatly outperform their non-fair counterparts in terms of fairness metrics.

Understanding the Role of Labeled and Unlabeled Data: We explore the im-
pact of the amount of labeled and unlabeled data on both fairness and accuracy in semi-
supervised learning models. Our findings suggest that simply increasing the amount of
unlabeled data does not necessarily improve model accuracy or fairness, highlighting the
need for more strategic use of unlabeled data. Also, we found that increasing the amount of
labeled data is beneficial for accuracy; however, in terms of fairness, the trends we observed
do not suggest that more labeled data is beneficial.

Investigation of Coarse-Grained vs. Fine-Grained Fairness 4: We demonstrate
that achieving fairness at the coarse-grained level improves fairness at the fine-grained level

4In this work, similar to (Baldini et al., 2022), we refer to gender and race as coarse-grained terms
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but does not always guarantee it. This insight underscores the need for more considerations
in model design and evaluation to achieve fairness at a granular level in semi-supervised
learning.

Influence of Data Imbalance on Accuracy and Fairness: Our study uncov-
ers potential vulnerabilities of both supervised and semi-supervised models to imbalanced
datasets. We highlight the necessity of integrating data augmentation methods and bal-
ancing techniques when dealing with such datasets.

Through these contributions, our work deepens the understanding of fairness in semi-
supervised toxicity text classification and provides a foundation for future research in this
important area.

1.7 Thesis Outline

The remainder of this thesis is organized as follows:

1. Chapter 2: Background and Related Works provides a comprehensive review
of existing literature and research in the area of fairness in ML, with a particular
focus on toxicity text classification. This chapter also analyses the related works in
this field.

2. Chapter 3: Datasets details the data sources utilized in this research and provides
an overview of the data’s characteristics and distribution.

3. Chapter 4: Methodology outlines the semi-supervised learning framework and
fairness methods implemented in this research. It explains in detail our proposed
models, FairNDAGAN and FairGANBERT. Then, introduces the baselines and eval-
uation metrics.

4. Chapter 5: Evaluation and Discussion First it introduces experiments and data
sampling regime, then it presents the results from the experiments conducted with
our proposed models and provides a detailed analysis and discussion. Finally, it
summarized our key findings and the limitations of the work.

and specific terms related to gender and race in each dataset such as women and black are considered
as fine-grained terms. For more information about how we formulate the fairness problem in this work,
please look at section 3.4.
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5. Chapter 6: Conclusion and Future Work summarizes the findings of this re-
search and discusses their implications. It also proposes potential directions for future
research in fairness-aware toxicity text classification.

Each chapter progressively builds upon the previous one, allowing for a comprehensive
understanding of the topic.
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Chapter 2

Backgrounds and Related Works

In this chapter, we look at the background of social fairness in semi-supervised toxicity
classification and analyze the related works. First, we introduce some general background
related to artificial intelligence (AI) and machine learning (ML), then we focus on classifi-
cation, semi-supervised learning (SSL), and fairness problems. Following this, we delve into
natural language processing (NLP) and introduce text classification. Finally, we analyze
related works associated with social bias issues in toxicity text classification and introduce
fairness notions.

Throughout this chapter, we aim to provide a solid foundation for understanding the
interplay between social fairness and text classification. Also, we describe the challenges of
social fairness in semi-supervised classification 1 to pave the way for meaningful discussions
and contributions in the subsequent chapters.

2.1 Artificial Intelligence (AI)

AI is a multidisciplinary field at the confluence of computer science and cognitive science.
The purpose of AI is to simulate human-like intelligence 2. Therefore, AI is a field that
aims to develop algorithms to perform tasks with human-like efficiency, faster (Khanzode
and Sarode, 2020).

1Based on the best of our knowledge, there is no work that specifically focuses on social fairness in
semi-supervised toxicity text classification.

2Definition of intelligence: intelligence, in a broad sense, means the ability to learn, adapt, understand,
create, and memorize (Khanzode and Sarode, 2020).
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2.2 Machine Learning (ML)

ML is a subfield of AI focused on developing models that learn patterns and relationships
from datasets to generalize their knowledge about a domain to make accurate inferences
on unseen data instances (Awad and Khanna, 2015).

2.2.1 General Procedure in ML

According to Awad and Khanna (2015), a general procedure to deploy a model in ML
involves the following steps:

1. Collecting and preprocessing data: This involves collecting relevant data and
preparing it for analysis by cleaning, transforming, and organizing the information.

2. Selecting a proper ML model: Based on the problem and the nature of the
data, an appropriate ML model is selected to capture the underlying patterns and
relationships in the data distribution.

3. Training the model: The model is built on the training dataset, which consists
of examples from the problem domain. The model learns from the training data
using an optimization algorithm that adjusts the model’s parameters to minimize
the prediction error.

4. Evaluating the model: The model’s performance is assessed using a separate set
of data (the validation or test dataset) that the model did not see during training.
The evaluation is helpful since it determines how well the model can generalize the
problem and whether it can make accurate predictions on new data instances.

5. Hyper-parameter tuning and optimization: The model may be adjusted or
optimized to improve its performance based on the evaluation results. This pro-
cess might involve tuning hyperparameters, selecting different features, or trying a
different model altogether.

6. Deploying the model: Once the model is fine-tuned and optimized, it can be
deployed in real-world applications to make predictions and decisions or automate
tasks.
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2.2.2 Deep Learning (DL)

DL is a subfield of ML and AI and played a crucial role in the Fourth Industrial Revo-
lution. ML focuses on developing algorithms to identify patterns in data; however, DL
expands this by employing artificial neural networks (ANN) to model complex hierarchical
representations, enabling it to learn from vast amounts of data. Moreover, the ability to
model complicated data representations often leads to superior generalization capabilities
compared to traditional ML methods (Sarker, 2021).

2.2.3 Potential Harms in ML Models: Social Bias

Increasingly, ML algorithms have become a fundamental part of our life, offering many
beneficial applications in various fields. However, they are prone to make biased decisions
that cause unfair consequences for individuals and society. In the decision-making context,
if there is no favor toward individuals or groups based on their characteristics, fairness is
guaranteed. Although if bias is present in the data and algorithm, then the resulting model
cannot make its decisions fairly (Mehrabi et al., 2021; Baldini et al., 2022).

There are several real-world examples that demonstrate the problem of fairness in ML
models deployed in the real worlds scenarios, such as Correctional Offender Management
Profiling for Alternative Sanctions (COMPAS) software (Brennan and Dieterich, 2018),
which displayed bias towards African-Americans in forecasting recidivism risk. Another
example is AI systems with prejudice against darker-skinned beauty competitors or inac-
curate facial recognition algorithms for specific ethnicities. These examples illustrate the
importance of social fairness in ML models and why models need to prevent biased out-
comes and ensure that the advantages of AI and ML are distributed equally throughout
society (Mehrabi et al., 2021).

2.3 Classification

Classification, as a fundamental concept in ML, separates data into various pre-defined
categories based on their shared properties. The significance of classification lies in its
ability to generalize and compress information, allowing for a better understanding of data
(Drummond, 2010).

The classification task can be implemented in different procedures depending on the
type and structure of the data they work with and the specific goals they aim to achieve.
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These procedures can be classified as supervised, unsupervised, and semi-supervised. De-
spite their differences, they seek to create classifiers to learn patterns, make predictions,
or optimize actions based on the provided data. In the following subsections, we briefly
describe the main types of automatic classifiers (Mahesh, 2020).

2.3.1 Supervised Learning (SL)

SL in classification involves learning a function that maps inputs to outputs using a labeled
dataset consisting of input-output pairs. In SL, the algorithm is trained on the labeled
dataset to make predictions on the new unseen data. However, if we cannot access enough
annotated data, we should consider other tasks, such as unsupervised learning or semi-
supervised learning (Sen et al., 2020).

2.3.2 Unsupervised Learning (UL)

UL in classification focuses on discovering hidden structures or patterns within unlabeled
data to group them into different clusters based on a specific similarity measure. Unlike
SL, which relies on a labeled dataset with input-output pairs to guide the learning process,
UL works with datasets that do not have predefined output labels. This lack of annota-
tion forced the unsupervised methods to rely on inherent relationships in the data or on
groupings within the data based on their similarities in some features, such as color, size,
or shape (Dike et al., 2018). Unsupervised classification (clustering) algorithms include,
but are not limited to, K-means clustering, Hierarchical clustering, and Gaussian mixture
models (GMMs). These algorithms are commonly used in areas such as image classifica-
tion, document classification, and speech recognition, where no predefined set of categories
or labels are available (Dike et al., 2018).

2.3.3 Semi-Supervised Learning (SSL)

SSL is an ML approach that lies between supervised and unsupervised learning. It utilizes
both labeled and unlabeled data during the training process. This method of learning is
beneficial in real-world scenarios where acquiring labeled data can be expensive and time-
consuming, but unlabeled data is abundant. By leveraging both data types sufficiently,
SSL can build more accurate models trained on a limited number of annotated data while
reducing the need for large amounts of labeled training data (Reddy et al., 2018).
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The significance of using labeled and unlabeled data in semi-supervised classification
lies in its ability to overcome the limitations of purely supervised or unsupervised tech-
niques. For example, SL requires a lot of annotated data to achieve high classification
accuracy, which can be costly and time-consuming. On the other hand, UL identifies clus-
ters or structures within the data without guidance, leading to less accurate classifications,
especially for unknown data or domains (Reddy et al., 2018). However, to make SSL work,
we need to make some assumptions.

2.3.3.1 Semi-Supervised Learning Assumptions

According to Chapelle et al. (2009), SSL operates under certain assumptions about the
structure of the data. These assumptions are crucial for effectively applying SSL algo-
rithms, as they enable generalization from a limited training set to a larger set of unseen
cases. The main assumptions in SSL are:

• The Smoothness Assumption: It suggests that if two input points (x1, x2) are
close in a high-density area, their respective outputs (y1, y2) should also be close. On
the other hand, if the input points are separated by a low-density area, their outputs
should be far apart.

• The Cluster Assumption: It states that if data points are part of the same cluster,
they belong to the same class. It also implies that decision boundaries should be lo-
cated in low-density regions (if a decision boundary is placed in a high-density region,
it could divide a cluster into different classes, which goes against this assumption).

• The Manifold Assumption: It states that high-dimensional data lies on a low-
dimensional manifold (estimating the true data distribution in high-dimensional
spaces can be difficult due to the exponential volume growth with each added di-
mension). However, if the input data resides on a lower-dimensional manifold, it is
possible to find a low-dimensional representation using unlabeled data and subse-
quently use labeled data to solve the simplified task.

2.3.3.2 Semi-Supervised Learning Methods

Based on Ouali et al. (2020), several SSL methods have been introduced over time, which
can be categorized into four main groups:
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• Consistency Regularization (Consistency Training): This approach assumes
that applying realistic perturbations to unlabeled data points (augmented version
of the data) should not significantly change the model predictions. Therefore, the
model is trained to maintain consistent predictions for an unlabeled example and its
perturbed version.

• Proxy-label Methods (Pseudo Labeling): These methods use a model trained
on limited labeled data to create additional annotated training examples by labeling
instances from the unlabeled set using specific heuristics. Examples include Self-
training, Co-training, and Multi-View Learning.

• Generative Models: These models learn transferable features from one task to
another, similar to supervised settings. They generate samples from the data distri-
bution p(x) and learn transferable features to a supervised task p(y|x) with target
labels y.

• Graph-Based Methods: These methods view labeled and unlabeled data points
as nodes in a graph, aiming to propagate labels from labeled to unlabeled samples
based on the similarity between two nodes xi and xj, reflected by the edge strength
eij.

Apart from these primary categories, some SSL techniques focus on entropy mini-
mization, encouraging the model to make confident predictions by minimizing prediction
entropy. Consistency training can also be considered a proxy-label method with a subtle
difference in enforcing prediction consistency rather than computing the cross-entropy loss
(Ouali et al., 2020).

In addition, SSL methods can be classified based on two learning paradigms: transduc-
tive learning and inductive learning. Transductive learning focuses on applying a trained
classifier to the unlabeled instances observed during training and does not generalize to
unseen instances. On the other hand, inductive learning aims to learn a classifier that
can generalize to unobserved instances at test time. Generally, inductive learning is the
most common paradigm in SSL, as it allows models to generalize to new data points and
applies to most real-world scenarios. However, transductive learning can be helpful in some
situations where only a limited set of labeled data is available, and it is unnecessary to
generalize to new data points (Ouali et al., 2020).
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2.4 Bias Issue in Classification

The increasing use of ML algorithms in classification tasks has led to the belief that these
systems offer more objective predictions than humans. However, ML algorithms are not
always unbiased in classification, as they may learn historical biases from the training
data. The impact of these biases on people’s lives, especially in areas like employment,
loans, and criminal justice, has raised concerns about algorithmic fairness in classification
tasks. In addition, recent cases have demonstrated how biased algorithms can lead to
discriminatory outcomes based on race or gender. Bias issues in the classification task
yielded growing concerns about improving fairness in the decision-making algorithm. As
a result, in the following years, causes for unfairness in classification have been identified,
including biases in datasets, missing data, biases from algorithmic objectives, and the use
of proxy attributes for sensitive attributes. However, addressing fairness in ML models
is complex, as there is often an inherent trade-off between accuracy and fairness. To
effectively tackle this issue, we should explore various definitions and measures of fairness
and fairness-enhancing mechanisms for classification tasks (Pessach and Shmueli, 2020).

2.4.1 Bias in Semi-Supervised Classification

The bias issue in semi-supervised classification has yet to attract much attention; some
works have tried to identify the real challenges in this field. However, they could have
been more successful in developing a fundamental theoretical analysis to discover the real
challenges for all types of semi-supervised methods instead of focusing on pseudo-labeling
and consistency regularization methods.

Zhang et al. (2020c) is one of the first works on this topic. They aim to address the lack
of research on fairness in SSL and investigate how to effectively utilize unlabeled data to
achieve a better trade-off between accuracy and fairness. They hypothesize that increasing
the training set’s size with unlabeled data can help improve the balance between fairness
and accuracy. The authors propose a fairness-enhanced sampling (FS) framework in the
pre-processing phase that combines pseudo labeling to first assign labels to unlabeled data,
second, re-sampling to balance data based on their labels and the demographic groups they
belong, and then add ensemble learning to decrease the noise and bias introduced by pseudo
labeling step to achieve fair SSL. They claim that experimental results demonstrate that
their FS framework can achieve fair semi-supervised learning and reach a better trade-off
between accuracy and fairness than fair supervised learning.

Later, Zhang et al. (2020b) seek to solve the problem of achieving fairness in SSL
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while maintaining a balance between accuracy and fairness using an in-processing method
3. By theoretically analyzing these sources of discrimination, the authors suggest that
unlabeled data can be utilized to achieve a better trade-off between accuracy and fairness.
Their methodology is to utilize unlabeled data using SSL by formulating an optimization
problem with objectives to optimize accuracy using supervised classifier loss, allocate labels
to unlabeled data using label propagation loss, and optimize fairness levels by adding
fairness constraints over both labeled and unlabeled data.

In (Chakraborty et al., 2021), the authors address ethical bias in ML models in the
software engineering domain. They argue that most prior software engineering research
works focused on identifying ethical bias in models rather than mitigating it. In this work,
they recognize the challenges in obtaining annotated data with trustworthy ground truth
labels and emphasize that ground truth can contain human bias even when available. To
overcome these challenges, they propose a semi-supervised learning (SSL) framework called
Fair-SSL. The framework aims to create fair classification models by first leveraging a small
amount (10 %) of labeled data to generate pseudo-labels for the rest of the unlabeled data.
Then, synthetic oversampling is used to balance the training data to mitigate bias and
train a fairer classifier.

Zhu et al. (2022) address the problem of disparate impacts in SSL where some sub-
populations, defined by demographic groups, may experience different benefits or even
performance drops when using SSL. They theoretically and empirically investigate the
reasons for this discrepancy and introduce a new metric called Benefit Ratio to measure
the disparate impact in SSL. Furthermore, they promote the evaluation of fairness in SSL
using the Equalized Benefit Ratio concept. The paper also discusses potential strategies to
mitigate these disparate impacts, such as balancing the data and collecting more labeled
data.

However, these works tried to identify bias challenges in the semi-supervised classifica-
tion task; most of the proposed solutions to mitigate bias is based on data manipulation
4, which is not very practical in real scenarios (Zhang et al., 2020a). Moreover, Zhu et al.
(2022); Zhang et al. (2020c,b) theoretically investigate the source of bias in SSL, they have
focused on the pseudo-labeling methods. Therefore, a lack of research in this field, espe-
cially related to bias in semi-supervised generative models, makes it difficult to identify all
the challenges in advance to propose a proper solution for fairness in semi-supervised text
classification.

3In-processing methods are defined in section 2.7.1.2.
4Except (Zhang et al., 2020b)
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2.5 Natural Language Processing (NLP)

NLP emerged in the 1950s as an interdisciplinary field, combining AI and linguistics. Then,
NLP has slowly combined with other disciplines like Computer Science, Cognitive Science,
and Physiology, which requires researchers and developers to expand their knowledge base.
One of the first development in this field was rule-based NLP due to Chomsky’s analysis of
language grammar in 1956. However, NLP now encompasses a wide range of techniques and
draws from diverse fields to analyze, understand, and generate human language (Nadkarni
et al., 2011).

2.5.1 Machine Learning in NLP

Rule-based NLP faced significant challenges due to the unrestricted nature and inherent
ambiguity of language. In the 1980s, a fundamental reorientation in NLP occurred, with
a shift towards statistical NLP. This new view emphasized robust approximations, proba-
bilistic ML methods, and the use of large annotated corpora. In addition, statistical NLP
improved the performance of the NLP tasks by utilizing the most common pattern ex-
tracted from real data and allowing for graceful degradation 5 when faced with unfamiliar
inputs (Nadkarni et al., 2011).

2.5.2 Deep Learning in NLP

Deep learning has revolutionized the field of NLP by leveraging the power of artificial
neural networks (ANNs) with billions of trainable parameters. The availability of large
datasets, combined with advances in computational power and parallelization through
graphical processing units (GPUs), has enabled researchers to make significant progress in
NLP tasks. Deep learning architectures, such as convolutional neural networks (CNNs),
recursive neural networks (RNNs), recurrent neural networks with long short-term memory
(LSTM), attention mechanisms, transformers, and residual connections with dropout, have
been applied to various NLP tasks. These areas include language modeling, morphology,
parsing, and semantics, which are essential for understanding the underlying structure and

5Based on Dymond (2021) ”when machine learning models encounter data which is out of the distribu-
tion on which they were trained they have a tendency to behave poorly, most prominently over-confidence
in erroneous predictions. Such behaviours will have disastrous effects on real-world machine learning sys-
tems. In this field, graceful degradation refers to the optimization of model performance as it encounters
this out-of-distribution data.”
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meaning of human languages. As a result, deep learning has led to significant improvements
in NLP applications, such as text classification, machine translation, text summarization,
information extraction, and question-answering systems Otter et al. (2021).

The following section will describe the language models (LMs) in NLP. These models
play a critical role in capturing the complexities of human languages, predicting word
sequences, and inferring meaning from context.

2.5.3 Language Models (LMs)

Language models are fundamental to NLP, allowing machines to understand and predict
human language by capturing the underlying structure and relationships between words.
These models are essential to various applications, including machine translation, text
summarization, and text classification. Their significance lies in their ability to implicitly
capture syntactic and semantic relationships among words or components within a linear
context (Otter et al., 2021).

Various types of LMs have been developed over the years, including statistical, neural,
and transformer-based models. Statistical language models, while effective in certain sce-
narios, struggle with handling synonyms and out-of-vocabulary words. Neural language
models, on the other hand, have significantly addressed these issues thanks to advances in
artificial neural networks (ANNs) and deep learning. Some of the most prominent neural
language models include recurrent neural networks (RNNs), long short-term memory net-
works (LSTMs), and gated recurrent units (GRUs). Recently, transformer-based models,
such as GPT and BERT, have emerged as state-of-the-art in language modeling, achieving
remarkable performance across a wide range of NLP tasks. These models have pushed the
boundaries of language understanding, but some challenges still remain in areas such as
cross-language modeling and adapting to low-resource languages (Otter et al., 2021).

2.5.4 Potential Harms of Large Language Models (LLMs) 6

A growing trend in NLP is to design large language models (LLMs) trained on enormous
unstructured data available on the web. These models have shown incredible performance
in reasoning and understanding across textual information. The distinguished capabilities
of these models compared to what we achieved in the past fascinate most humans. However,

6Focusing on bias issues and fairness
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many studies imply that deploying language models comes with risks, especially socio-
ethical harms and bias issues (Bommasani et al., 2021; Venkit et al., 2022; Narayan et al.,
2022).

Fairness and bias issues in LLMs have become increasingly important, as they can
lead to both intrinsic and extrinsic harm. Intrinsic bias is an inherent bias in NLP rep-
resentations, such as word embeddings. In contrast, extrinsic bias relates to disparities in
downstream tasks, such as variations in false positive rates (FPRs)7 across groups defined
by sensitive attributes. Although intrinsic and extrinsic biases are interconnected, and
measuring intrinsic bias in language models does not necessarily reflect the behavior of
models fine-tuned for specific applications (Baldini et al., 2021).

2.5.5 Bias and Fairness in NLP

In this section, we first introduce a high-level definition of bias and fairness, especially in
NLP models, and then we provide information for different sources of bias in NLP algo-
rithms. In NLP, fairness means that a model treats all groups of people equally, regardless
of their protected attributes 8. In addition, bias means that NLP models encode stereotyp-
ical information associated with sensitive attributes related to demographic groups in their
representation or treat samples related to different demographic groups differently. As a
result, to make a model fairer, we enforce a bias mitigating process to decrease disparities
among different demographic groups to make the model treat samples more objectively
concerning their sensitive attributes. A general trend these days is that NLP models are
trained on vast amounts of text data, which inherently contain biases affecting learned
representations. Barocas and Selbst (2016) categorize biases in data into:

• Skewed sampling (feedback loop): When an ML model’s predictions become a
prediction that comes true because of actions taken based on that prediction (self-
fulfilling prophecy). For example, predictive policing tools are influenced by their
predictions of where crime will occur, which can reinforce the model’s predictions
and cause biases to become stronger.

• Tainted examples: Social biases like racism, sexism, and homophobia can pollute
datasets, and bias can get into models during training and evaluation, e.g., if a

7FPRs definition is given in section 2.8
8In the context of fairness in machine learning, protected attributes refer to certain characteristics or

features of individuals or groups that should not be used as a basis for decision-making or discrimination.
These attributes are often related to demographic or personal information, such as age, gender, race,
ethnicity, religion, sexual orientation, or disability status (Ghassami et al., 2018).
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company has a low record of hiring women, the resume screening system, identified
women to be unfit for roles like Amazon’s automated resume screening system.

• Limited features: If a feature related to certain demographic groups is less in-
formative, then it can lead to disparities in the model performance across different
groups.

• Sample size disparities: If the data set is imbalanced with respect to different
demographic groups, it can lead to disparate model errors.

• Proxies: If features related to sensitive attributes are deleted, there are other fea-
tures in the feature space that have a high correlation with the removed features,
which causes models to consider sensitive information related to demographic groups
into account.

In addition to data biases, model architectures can amplify biases due to factors such as
imbalanced datasets, spurious correlations, and contextualization. Addressing fairness and
bias in NLP requires understanding the biases present in data and models, and developing
strategies to minimize their impact (Subramonian, n.d.). However, there is a question that
can we completely remove bias in a problem? Subramonian (n.d.) mentions that removing
biases totally due to their complexity in practice is not possible. Though, using the bias
mitigating method can control and reduce the harm in the models.

2.6 Text Classification

Text classification is a crucial technique in NLP that involves assigning predefined cat-
egories to text documents. It helps a wide range of applications, including sentiment
analysis, partisanship recognition, and spam detection. ML models are commonly used for
this task because they extract textual patterns from labeled documents Qian et al. (2021).

2.6.1 Semi-Supervised Text Classification

SSL has acquired much attention in NLP, and different semi-supervised text classification
frameworks have been explored in recent years. We can categorize most of the works
into two distinctive categories of models: pseudo-labeling models which usually aim to
iteratively predict pseudo labels for unlabeled data using models trained on limited labeled
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data. Also, in order to make their pseudo-labeling process more robust and less noisy,
they usually introduce data augmentation to add perturbation to the data point (usually
unlabeled data) and then enforce the model to produce a similar prediction for each sample
and its transformed version by adding a regularization term called consistency loss to the
objective function of the model. In this way, semi-supervised text classification models
can leverage unlabeled data to improve the generalization ability of the models. However,
selecting a proper perturbation or data augmentation method is key in these methods. In
addition, employing data augmentation techniques and consistency loss increases the time
and computational complexity of the model (Zhu et al., 2022).

The most famous SSL frameworks in text classification that leverage the power of
pseudo-labeling include the following. Miyato et al. (2018) use adversarial and virtual
adversarial training (VAT) to the text by applying perturbations to the word embeddings.
Zbiciak and Markiewicz (2023) use hierarchical structures to enable supervision from labels
at higher levels to be utilized for labels at lower levels. Xie et al. (2020) utilized consis-
tency regularization on unlabeled data by performing back translations and tf-idf word
replacements. However, one of the most effective pseudo-labeling frameworks is MixText.
MixText which is introduced in Chen et al. (2020) is a novel semi-supervised learning frame-
work for text classification. It introduces a data augmentation technique similar to Mixup
(Zhang et al., 2017) called TMix, which interpolates text representation in hidden space to
generate a large number of augmented samples. In this framework, to leverage unlabeled
data, first, the model generates low-entropy pseudo labels for the unlabeled data and the
augmented version of the unlabeled data. Then, it utilizes TMix to interpolate between
labeled and unlabeled (and augmented unlabeled) instances to train the Bert classifier. In
this way, this framework leverages label and unlabeled data simultaneously to train the
text classifier. Moreover, to make its prediction of synthetic samples generated by the
TMix technique more confident and less noisy, it employs entropy minimization loss and
consistency regularization. This approach results in significant performance improvements,
especially when labeled training data is scarce.

On the other hand, generative-based models, such as Variational Autoencoders (VAEs)
and Generative Adversarial Networks (GANs), learn the underlying data distribution of
the data by generating new samples. In SSL, these models can use labeled and unlabeled
data to learn the data distribution. The discriminative part of the model is then trained
using the learned distribution and the labeled data to classify the text Croce et al. (2020).

Some of the well-known frameworks that utilized VAEs are introduced in (Gururan-
gan et al., 2019; Chen et al., 2018; Yang et al., 2017), which utilize VAEs in the form of
sequence-to-sequence modeling on text classification and sequential labeling. On the other
side, semi-supervised GANs (SS-GANs) based models are kernel-based SS-GANs intro-
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duced in (Croce et al., 2019), GANBERT (Croce et al., 2020), and NDAGAN(Shayesteh
and Inkpen, 2022) 9. The kernel-based SS-GANs apply Kernel-based Deep Architecture
(KDA) projection on the input text to transform its representation into a low-dimensional
space; then, it sends the encoded representation to the discriminator for classification
purposes. GANBERT, one of our semi-supervised baseline classifiers, is a framework that
combines the power of BERT, a pre-trained Transformer-based architecture, with SS-GANs
to improve text classification performance. The method utilizes BERT as a discrimina-
tor to produce high-quality input text representations, while a generator creates ”fake”
examples estimating the data distribution. This approach enables the model to exploit
labeled and unlabeled data effectively, leading to better generalization capabilities in text
classification tasks. In addition, GANBERT employs Feature Matching (FM) to prevent
mode collapse and improve performance. However, mode collapse remains a persistent is-
sue in most adversarial generative models, leading to decreased discriminator performance
on unseen data. Therefore, NDAGAN (Generative Adversarial Learning with Negative
Data Augmentation for Semi-supervised Text Classification) is introduced by Shayesteh
and Inkpen (2022) to mitigate the mode collapse issue present in GANBERT, which nega-
tively impacts their performance. NDAGAN Uses the Negative Data Augmentation (NDA)
technique (Sinha et al., 2021) for the first time in text classification, NDAGAN leverages
labeled and unlabeled data to fine-tune the BERT encoder and train the discriminator
for better classification performance. The proposed solution generates informative NDA
synthetic samples for the discriminator during training by blending the generator’s output
with the contextual representation of real data. This leads to improved model accuracy
and enhanced out-of-distribution sample detection. This model has been used as a baseline
in this work.

2.7 Toxicity Text Classification

Toxicity detection is a text classification task where the ML model aims to detect com-
ments or text that contains toxic language content 10. Toxicity benchmark datasets usually
contain annotations for each sample to determine if the sample belongs to the toxic lan-
guage class. Moreover, some datasets add label information related to sub-categories of

9This work was previously published by us and is further elaborated in this thesis, see Section 4.2.1.4
for details. However, in the published paper, we used other benchmark text classification datasets, and
now we substituted the BERT encoder that is part of the model with DistilBERT to increase run-time
efficiency.

10Based on Borkan et al. (2019) definition toxic language is “anything that is rude, disrespectful, or
unreasonable that would make someone want to leave a conversation”
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the toxic language, such as hate speech or offensive language Mathew et al. (2021). More
information about toxicity text benchmark datasets is presented in Chapter 3.

2.7.1 Social Bias Issue in Toxicity Text Classification

The corpus of text sometimes contains identity term information about demographic
groups. The identity terms in the text can be stated implicitly or explicitly which varies
in the different corpus (Liu et al., 2021; Baldini et al., 2021). However, a fair text classifier
must classify texts based on the semantic information embedded in the corpus, not identity
term information related to demographic groups (Zhang et al., 2020a). It is illustrated in
the body of works (Dixon et al., 2018b; Zhang et al., 2020a; Baldini et al., 2021) that text
classifiers tend to make their predictions relying on information related to demographic
groups, which raises an issue of bias in this NLP task.

In this section, first, we analyze different bias definitions and notions of fairness in the
toxicity text classification literature. Then we discuss potential sources of bias. Afterward,
we introduce previous mitigating bias approaches in this task, and finally, bias metrics and
evaluation methods are discussed.

2.7.1.1 Bias and Fairness Definition in Toxicity Text Classification

Dixon et al. (2018b) is one of the first works that analyze the source of biases in the
text classification tasks and introduce a method to mitigate bias in toxicity detection.
This work reformulates the unintended bias definition from (Hardt et al., 2016) into the
text classification task. Unintended bias means when a model favours some demographic
groups more than others in its prediction. On the other side, Dixon et al. (2018b) explicitly
mentions that intended bias is what an ML model is designed to learn. For example, in the
toxicity text detection task, a model should discriminate toxic comments from non-toxic
ones based on semantic information related to toxic words (intended bias) instead of gender
or other identifying information embedded in the text (unintended bias).

Unintended bias is a term that is widely used in the toxicity text classification literature,
and most of the works (Dixon et al., 2018b; Zhang et al., 2020a; Baldini et al., 2021) aim
to reduce it to ensure some level of fairness in this task. Also, in some of the works such
as (Liu et al., 2021; Baldini et al., 2021), authors focus more on the different aspects of
unintended bias presented in systems and classify them as explicit and implicit biases.
Subsequently, explicit bias refers to situations when a dataset contains identity terms
related to demographic groups. On the other side, implicit bias happens when identity
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terms are not directly mentioned in the text while some distinct features (as proxy features)
are highly correlated to demographic groups, such as the language style of the author (Liu
et al., 2021).

By focusing on the concept of unintended bias in toxicity text classification, we need
to ask what is the source of unintended bias in the text that makes a model biased toward
certain demographic groups?

Dixon et al. (2018b) thoroughly analyzes the source of unintended bias 11, and they
suggest that a high ratio of toxic to non-toxic comments for specific identity terms is the
main reason a model overgeneralizes the data distribution and learns unnecessary associa-
tions, such as the word ”gay” has a relation with toxicity because it mostly appears in the
toxic comments. Additionally, they have noted that other reasons, such as dataset size,
model training method, and the disproportionate relationship between comment length
and toxicity, negatively affect the fairness and may cause unintended bias.

The works of (Zhang et al., 2020a; Park et al., 2018) also referred to (Dixon et al.,
2018b) to analyze the source of bias in the toxicity text classification task. Zhang et al.
(2020a) mention that the source of bias comes from imbalance (high) rates of toxic sam-
ples to non-toxic samples for specific demographic subgroups. As a result, a model trained
on these datasets may capture unintended biases related to identity terms (of the demo-
graphic groups) and perform unintended biased on its decisions. Park et al. (2018) targets
the gender bias problem in the abusive language detection task and points out that over-
generalizing problem in the supervised text classifier results from memorizing frequently
repeated identity terms in the toxic comments. Therefore, the high frequency of identity
terms in toxic comments is the source of bias in line with the findings in (Dixon et al.,
2018b).

Qian et al. (2021) reword the unintended bias as unintended dataset biases. In this
work, they identify the source of unintended dataset biases, either come from label bias or
keyword bias. The label bias issues are referred to as document-level bias, where labels are
distributed unevenly through the training samples. The consequence of the label bias issue
is the potential risk of predicting the majority class by the models trained on such training
sets. On the other hand, keyword bias is concerned with word-level bias or cases where
a high correlation exists between some specific keywords and class labels. As a result, a
model trained on datasets containing word-level bias tends to associate some terms with a
specific label instead of considering semantic information of the text (Waseem and Hovy,
2016b; Liu and Avci, 2019).

11In this work, we use the term ’unintended bias’ to refer to explicit unintended bias unless otherwise
specified.
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Liu et al. (2021) focus on how to mitigate the implicit unintended bias in text classifica-
tion and empirically shows that even if demographic attributes are not explicitly mentioned
in the text still, imbalance label distribution for each of the demographic groups is the main
reason for a model to make unintended bias in their predictions.

By looking at the previous works in social fairness in toxicity text classification lit-
erature, we can point out that the primary source of unintended bias, in general, is an
imbalance ratio that comes from the keyword or document level.

2.7.1.2 Bias Mitigating Methods in Toxicity Text Classification

In this part, we summarize the mitigating methods introduced in the previous works and
then we classify the mitigating techniques based on how they apply to the model.

Dixon et al. (2018b) is one of the first works focused on fairness in toxicity text clas-
sification on a jigsaw toxicity dataset. They have identified that unintended bias against
demographic groups mostly comes from keyword bias and comment lengths 12 (toxic com-
ments tend to be shorter in the training dataset). Therefore, they have introduced a bias
mitigating method that aims to improve the model fairness by balancing the toxic to the
non-toxic ratio for sensitive terms related to demographic groups in pre-defined comment
length bins. Since this ratio is high for sensitive terms, they add non-toxic comments
containing biased terms of different lengths from Wikipedia articles in an unsupervised
manner. 13

Zhang et al. (2020a) reframe the unintended bias in the text classification datasets in-
troduced in (Dixon et al., 2018b). First, they assume that there exists a non-discrimination
distribution free of any bias that is unknown to us; however, the training dataset as a dis-
crimination distribution is available. It is assumed that the discrimination distribution is
sampled independently from the non-discrimination distribution following discrimination
rules such as social prejudice or keyword-level bias. Therefore, they define unintended
bias as a form of selection bias from non-discrimination distribution to discrimination
distribution. Finally, they have proposed a framework to revive the non-discrimination
distribution from training datasets by applying instance weighting. Instance weighting
helps to approximate the non-discrimination loss during the training using the training
dataset (which comes from the discrimination loss).

12They use CNNs architecture for their classifier
13To collect labeled, non-toxic data without human supervision, they assume that Wikipedia articles

cannot contain toxic information in nature. Thus they can balance the jigsaw toxicity dataset by adding
non-toxic data from the Wikipedia articles dataset.
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Park et al. (2018) apply three different mitigating techniques for gender bias in abusive
language detection. These techniques are Gender Swaps (GS), a data augmentation method
that swaps gender identity information in training data, Debiased Word Embeddings (DE)
introduced originally in (Bolukbasi et al., 2016) to remove gender stereotypical information
from the word representation, Bias Fine-Tuning (FT) method to fine-tune model with a
larger less biased corpus (source dataset) to regularize and prevent the model overfit the
smaller and more biased dataset(target dataset). They claim that these methods effectively
reduce the bias in the models.

Zhang et al. (2020a) criticize two aforementioned model-agnostic debiasing frameworks
that work based on data manipulation methods. They mention that data manipulation is
not always practical. For example, Dixon et al. (2018b) propose to use data supplementa-
tion to balance the rate of toxic to non-toxic comments across the sensitive demographic
groups. However, collecting new samples concerning sensitive demographic groups and
sentence length is difficult due to the high cost of collection and annotation. Additionally,
Park et al. (2018) introduce a data augmentation method that requires applying gender-
swapping to sentences that contain gender identity terms. This method is impractical when
we have many different demographic groups, such as racial bias mitigating the problem 14.
Moreover, gender-swapping data augmentation can generate meaningless sentences such as
”He gives birth.” (Sun et al., 2019).

Gencoglu (2020) analyzes fairness in the cyberbullying task and suggests adding fairness
constraints to the model objective function during training to guide the model to make
more unbiased decisions toward sensitive demographic groups. This work imposes fairness
constraints on the objective function during the training to impose the disparity between
false negative rate (FNR) and false positive rate (FPR) (for more information, see section
2.6.3.2) of all the sensitive groups and overall rates in an acceptable range. Additionally,
They have mentioned that previous works in this field mainly focus on changing the dataset
by balancing or oversampling, or sample weighting (Dixon et al., 2018b; Zhang et al.,
2020a; Park et al., 2018), which introduce additional calibration to hyper-parameters of the
models that have a huge influence on the models’ performance and fairness. For example,
adding examples for sensitive groups can fundamentally change the decision boundary in
the feature space and impair the model’s generalization performance. Also, These methods,
referred to as the pre-processing methods (See classifying Mitigating Strategies in this
section ), cannot keep up with the changes in view toward the concept of bias over time,
which makes them infeasible to deploy in real-life applications.

14There are many sensitive terms related to different races in the text.
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Pruksachatkun et al. (2021) formalized the fairness problem as model robustness against
small perturbations. Then, they add these perturbations to be different identify terms re-
lated to demographic groups because protected attributes such as gender information are
mainly irrelevant to the decision-making process in the classification task. Therefore, they
suggest using certified robustness approaches to increase the fairness of the text classi-
fication tasks. In robustness literature, certified robustness approaches are deployed to
guarantee those model predictions are invariant to small changes in word substitution at-
tacks. Qian et al. (2021), as mentioned before, considers the source of unintended bias,
either document-level or keyword-level bias. Then, they introduce a model-agnostic debi-
asing framework, CORSAIR, that employs counterfactual inference to mitigate bias in the
models after training as opposed to factual inference when the debiasing happens before
and during the training. Basically, CORSAIR aims to make unbiased decisions using bi-
ased observations by decreasing the influence of unintended confounders in inference time.
The CORSAIR framework has three main components: first, biased learning, the classifier
trained on training data without considering any bias mitigating method. Second, bias
distillation on the test set, where an input sample and two counterfactual instances of the
input (fully blindfolded to capture label bias and partially blindfolded to capture keyword
bias) are fed into the classifier. Third, the bias removal stage aims to remove the effect
of keyword bias and label bias from the final prediction of a sample in test time, and this
happens by elementwise subtraction of the classifier output of two counterfactual instances
found in step 2 from the original sample prediction (controlled by a factor called lambda).
Finally, they show experimentally that their framework effectively imposes fairness on the
model’s decision while maintaining generalizability.

Adversarial debiasing is introduced in (Zhang et al., 2018b) as a model-agnostic ap-
proach that mitigates biases in models when training data contains information about
demographic groups. This method aims to ensure that classifiers do not learn to make
their predictions based on the samples’ demographic information (unintended bias). As
a result, the model becomes more robust against biases related to sensitive attributes
related to demographic groups and provides fairer classification results. Compared to
previous methods, adversarial debiasing offers several advantages. First, it relies on some-
thing other than data manipulation, making it more practical where data collection or
augmentation may be challenging or costly. Second, unlike pre-processing methods that
require additional calibration of hyperparameters and may impair model generalization,
adversarial debiasing directly addresses bias within the model’s training process. However,
adversarial debiasing also faces some challenges. It requires careful tuning of the adver-
sarial component’s strength to ensure it does not compromise the model’s performance on
the primary task. Additionally, it may be computationally expensive due to the added
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complexity of the adversarial training process.

Basu Roy Chowdhury et al. (2021) present a framework in text classification that tries
to leverage the adversarial debiasing method introduced in (Elazar and Goldberg, 2018)
to eliminate demographic information encoded in data representations during the training
of the text classification model. They named their framework ”Adversarial Scrubber”
(ADS)” and consists of four modules: Encoder, Scrubber, Bias Discriminator, and Target
Classifier. The Encoder generates contextual representations of the input text, which the
Scrubber then processes to produce fair representations for the target task. The Bias
Discriminator and Target Classifier predict the protected attribute and target label from
the Scrubber’s output respectively. The framework is trained end-to-end adversarially for
text classification in a fully supervised regime.

By focusing on the related bias-mitigating methods in text classification, specifically in
the toxicity text classification task, we have decided to employ the adversarial debiasing
technique as a step to our semi-supervised classifiers to mitigate unintended bias in our
models. We chose adversarial debiasing because it has been shown to work well in reducing
bias without hurting the accuracy of the models. Moreover, it fits easily into our existing
semi-supervised learning framework with minor changes, and it is particularly suited for
multi-label debiasing scenarios similar to this work when we aim to de-bias the models
against race and gender.

Finally, bias mitigating approaches can be classified into three categories based on how
they enforce debiasing on the models (Lohia et al., 2019; Bellamy et al., 2018; Baldini
et al., 2021). These categories are called pre-processing, in-processing, and post-processing
(Pessach and Shmueli, 2022).

The pre-processing methods mainly focus on modifying the training data before the
training process, such as methods proposed by Dixon et al. (2018b); Zhang et al. (2020a);
Park et al. (2018). For example, Dixon et al. (2018b) collected more data to address the
keyword bias problem in the dataset. Regarding the work (Noroozi et al., 2019), the main
advantage of pre-processing methods is that does not change the ML algorithms, making
it easy to deploy.

The in-processing methods modify the ML algorithm during the training to enforce
algorithmic fairness. This can be done by adding a term to the model’s objective function
to add fairness constraint (Gencoglu, 2020) or employing adversarial debiasing to mitigate
bias in the model (Zhang et al., 2018b). Pruksachatkun et al. (2021) also used certified
robustness methods to improve fairness and robustness during the training. It is useful
to note that Noroozi et al. (2019) considers in-processing mechanisms as the most robust
methods for debasing models regarding the accuracy and fairness metrics.
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Conversely, the post-processing methods include techniques that transform the model’s
prediction to make the decision less biased toward sensitive demographic groups. One ex-
ample of a simple post-processing method is defining a specific threshold for each sensitive
group to control fairness across the task. An important advantage of post-processing meth-
ods over other mentioned approaches is ”the ability to avoid retraining model” (Noroozi
et al., 2019).

2.8 Bias Notions and Evaluation Metrics in Algorith-

mic Fairness

This section summarizes the most common algorithmic fairness notions for group fairness
15 in classification. In the algorithmic fairness for classification literature, we have identi-
fied four main notions of fairness that a system should satisfy to make it a fairer model.
However, before introducing them, we need to define some important concepts that help
to understand fairness notions. According to Pessach and Shmueli (2022), we define the
following concepts:

• Unprivileged group: A group typically disadvantaged or underrepresented in a
specific domain, such as women, people of color, or people with disabilities.

• Privileged group: A group typically advantaged or overrepresented in a specific
domain, such as men, white people, or people without disabilities.

• False positive rate (FPR): The ratio of false positive predictions to the total
number of negative instances in a dataset.

FPR =
FP

N
(2.1)

where FP represents the number of false positive predictions, and N represents the
total number of negative instances in the dataset.

15Group fairness is a concept that aims to guarantee that models do not perform biased decisions against
certain demographic groups such as race or gender. In contrast, individual fairness focuses on treating
identical individuals similarly, regardless of their group membership (Pessach and Shmueli, 2022).
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• True positive rate (TPR): The ratio of true positive predictions to the total
number of positive instances in a dataset.

TPR =
TP

P
(2.2)

where TP represents the number of true positive predictions, and P represents the
total number of positive instances in the dataset.

Then, according to (Pessach and Shmueli, 2022; Dixon et al., 2018b; Zhang et al.,
2020a), the fairness notions are:

• Disparate impact: The disparate impact notion measures fairness by computing
the ratio of the positive prediction rate of the unprivileged group to the privileged
group. The mathematical formula for this metric is defined as follows:

Pr(Ypred = 1|S = unprivileged)

Pr(Ypred = 1|S = privileged)
≤ (1 + ϵ) (2.3)

where Ypred = 1 represents a positive prediction, and S represents the identity terms
related to demographic groups (S = 1 is for samples in the privileged group). It is
common to select ϵ = 0.2 to follow the ”80 percent rule” notion in disparate impact
law.

• Demographic parity or statistical parity: The demographic parity notion mea-
sures the difference between the positive prediction rates of the privileged and un-
privileged groups. The mathematical formula for this metric is defined as follows:

|Pr(Ypred = 1|S = unprivileged)− Pr(Ypred = 1|S = privileged)| ≤ ϵ (2.4)

where a lower rate indicates more fairness in the model.

There are several disadvantages identified for the models that measure fairness using
disparate impact and demographic parity. First, these two notions do not consider the base
rate of each group. Therefore, once the base rate (actual positive outcome rate) among the
groups is highly different, a fair classifier measured by these notions is considered unfair.
In addition, to satisfy fairness measures by these two notions, two similar samples from
different groups may be treated differently by the system, which negatively affects the
individual fairness of a system. As a result of these limitations, researchers were motivated
to develop other notions of fairness, such as equalized odds and equalized opportunity
(Pessach and Shmueli, 2022).
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• Equalized odds: Equalized odds is a notion commonly used in algorithmic fairness
in toxicity text classification, which measures the difference between false positive
rates (FPRs) and true positive rates (TPRs)16 of the two groups separately. Equalized
odds can be defined as follows:

P (Ŷ = 1|S = unprivileged, Y = 1)− P (Ŷ = 1|S = privileged, Y = 1) ≤ ϵ (2.5)

and

P (Ŷ = 0|S = unprivileged, Y = 0)− P (Ŷ = 0|S = privileged, Y = 0) ≤ ϵ (2.6)

where Ŷ = 1 represents a positive prediction, Y = 1 indicates a positive outcome, and
S represents the identity terms related to demographic groups (S = 1 is for samples
in the privileged group). In terms of TPRs and FPRs notion, we can formulate them
as follows:

|FPRunprivileged − FPRprivileged| ≤ ϵ and |TPRunprivileged − TPRprivileged| ≤ ϵ
(2.7)

• Equalized opportunity: Equalized opportunity is a relaxed version of the equalized
odds notion, where a model makes the true positive rates (TPRs) equal across various
groups. Equalized opportunity can be defined as follows:

P (Ŷ = 1|S = unprivileged, Y = 1)− P (Ŷ = 1|S = privileged, Y = 1) ≤ ϵ (2.8)

In terms of the true positive rates (TPRs), we can formulate equalized odds as:

|TPRunprivileged − TPRprivileged| ≤ ϵ (2.9)

where the goal is to equalize the TPRs among the groups.

Although equalized odds and equalized opportunity are developed to overcome the limita-
tions of demographic parity and disparate impact, they also have limitations. For example,
equalizing the TPRs and FPRs may result in larger differences in other error rates, such as
FNRs (false negative rates) or TNRs (true negative rates), causing the overall accuracy of
the classifier to degrade. Moreover, these notions may not be applicable to all classification
tasks, particularly when the base rates of different groups are very different (Pessach and
Shmueli, 2022).

16The difference between TPRs is called True Positive Parity; for FPRs are False Positive Parity (Pessach
and Shmueli, 2022).
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Chapter 3

Datasets

In this work, we evaluate our models on two benchmark toxicity datasets. The datasets
were selected for their diverse sources and varied demographic representations, ensuring
a comprehensive evaluation of our model. One of the essential factors in selecting these
datasets is providing information about demographic groups each sample has targeted1.
The benchmark datasets are HateXplain, and Wikipedia Comments Dataset: Personal
Attack (Wiki Toxicity).

3.1 Hatexplain

HateXplain is a large-scale benchmark dataset for explainable automated hate speech de-
tection (Mathew et al., 2021). It consists of over 20,000 posts from Gab and Twitter, with
each post annotated from three different perspectives: a basic 3-class classification (hate,
offensive, or normal), the target community (the community is the victim of hate speech
or offensive speech in the post), and human-generated rationales (portions of the post that
support the given label). In our work, we use HateXplain for toxicity text classification.
Therefore, to classify samples as toxic or non-toxic, similar to (Baldini et al., 2022), we
consider the hate and offensive labels as toxic and normal labels as non-toxic. However,
HateXplain has some limitations; first, it lacks external contexts, such as profile bio, user
gender, or post history, which might be useful for classification tasks. Additionally, it only

1Baldini et al. (2022) suggest research community add targeted demographic groups’ information to
datasets. This will make research on this topic more accessible.
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focuses on the English language, ignoring multilingual hate speech. Despite these limi-
tations, the dataset is a valuable resource for addressing various aspects of hate speech
detection, including fairness and interpretability (Mathew et al., 2021).

3.1.1 Statistical Information

The HateXplain dataset consists of 20,148 posts collected from Twitter and Gab. The
dataset is categorized into hateful, offensive, and normal. Table 3.1 shows the number of
posts for each class on both platforms.

Class Twitter Gab Total
Hateful 708 5,227 5,935
Offensive 2,328 3,152 5,480
Normal 5,770 2,044 7,814
Undecided 249 670 919
Total 9,055 11,093 20,148

Table 3.1: HateXplain dataset details. HateXplain includes instances where all three
annotators assigned different labels to the same post. These instances are referred to as
”Undecided” (Mathew et al., 2021). In this work similar to Baldini et al. (2022), since we
employ this dataset in the toxicity classification task, and undecided cases have two labels
related to toxicity (as we considered hate and offensive labels as toxic), we take undecided
samples as toxic samples.

Table 3.1 shows that the number of hateful posts is higher on Gab compared to Twitter,
while normal posts are more common on Twitter. The ”Undecided” category represents
cases where all three annotators assigned different labels to a post, making it difficult to
determine the most appropriate class.

Group Fine-grained annotation
Race African, Arab, Asian, Caucasian, Hispanic
Gender 2 Men, Women, Heterosexual, Gay

Table 3.2: The sensitive groups (coarse-grain on the left and fine-grained on the right) for
the HateXplain dataset (Baldini et al., 2022; Mathew et al., 2021).

2Similar to Baldini et al. (2022), we chose to combine the categories of sexual orientation and gender,
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Table 3.2 presents the sensitive groups considered in the HateXplain dataset and their
corresponding fine-grained annotations. This information is relevant for understanding the
different demographic groups targeted in the dataset. The groups include race, religion,
and gender, with fine-grained annotations for specific ethnicities, religions, and gender
categories. In our study, we collapse the fine-grained annotations during training into the
coarse-level groups. However, we use fine-grained demographic information for evaluating
the fairness of the studied models on the fine-grained terms using a test set to find an
answer for research question Q2. Moreover, we ignore the information about religion when
debiasing as it would introduce numerous additional fine-grained identity terms during
evaluation, which would not contribute additional information.

Text Label Targets
why is anna acting like she black Normal Race
like brazil many are descendants of west
africa social constructs labels classifications
have ruined a many people who falsely self
identify as white or just do not even know
abt their native land all b c of them bum ass
caucazoids aka caucasians

Hate Race

Table 3.3: Samples from HateXplain dataset (Baldini et al., 2022).

Table 3.3 provides examples of posts from the dataset and their associated labels and
target communities. These examples illustrate the different types of samples language
targeted communities from race demographic groups.

Split Total Race Gender
Train 15383 4765 2952
Test 1924 828 579

Table 3.4: HateXplain dataset statistics: sample counts per dataset split and sensitive
group.

Table 3.4 presents the sample counts of the HateXplain dataset, categorized by dataset
split and sensitive group, including Race, and Gender.

despite being aware that Heterosexual and Gay are not mutually exclusive with Men and Women. We
believe that this approach does not compromise the integrity of our methodology and including them in
the Gender category is necessary for promoting fairness and equity in our analysis.
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3.2 WikiPedia Comments Dataset: Personal Attack

(Wiki Toxicity)

Wiki Toxicity is a large-scale dataset for studying online personal attacks and toxicity in
user-generated content. It includes over 100,000 high-quality human-labeled comments and
63 million machine-labeled ones from English Wikipedia, enabling researchers to analyze
personal attacks. Each comment is annotated based on whether it is a personal attack
or not. In addition, the dataset helps researchers to develop and evaluate ML toxicity
text classifiers for identifying and mitigating toxic behavior in online discussions. The
dataset was created through a combination of crowdsourcing and ML labeling to enable
a quantitative, large-scale analysis of a vast corpus of online comments (Wulczyn et al.,
2017).

Despite its comprehensive nature, the Wiki Toxicity dataset has some limitations. For
example, it is solely focused on the English language, which may not address the chal-
lenges of multilingual toxicity detection. Furthermore, it does not include external context
information, such as user profile data, post history, or targeted community 3, which could
be useful for classification tasks. Nonetheless, the Wiki Toxicity dataset is valuable for
understanding and addressing online personal attacks and toxicity (Wulczyn et al., 2017).

3.2.1 Statistical Information

The dataset used in this study consists of 115,864 comments, each labeled as either ”attack”
or ”non-attack”. The maximum length of the comments is 400 words, and they may include
emojis and special characters. The dataset is derived from discussion comments in English
from Wikipedia, with each comment annotated by approximately 10 annotators regarding
whether it is a personal attack or not (Wulczyn et al., 2017).

Table 3.5 presents the statistics of the Wiki Toxicity Dataset, which is divided into two
categories: Attacking Comments (AC) and Non-Attacking Comments (NC). Out of a total
of 115,864 comments, 14,032 comments (12.11%) are labeled as personal attacks, while the
remaining 101,832 comments (87.89%) are classified as non-attacks.

Table 3.6 presents the sensitive groups considered in this dataset and their correspond-
ing fine-grained annotations. This information is relevant for understanding the different

3However, it does not include any information about targeted groups; some of the works that employed
this dataset for mitigating bias came up with the same targeted groups as the jigsaw toxicity dataset to
analyze the fairness in the classifiers (Dixon et al., 2018a; Zhang et al., 2020a).
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Set Name Size Fraction
Attacking Comments (AC) 14,032 12.11%
Non-Attacking Comments (NC) 101,832 87.89%
Global Comments (GC) 115,864 100%

Table 3.5: WikiPedia Comments Dataset Statistics (Wulczyn et al., 2017)

demographic groups targeted in the dataset. The groups include race and gender, with
fine-grained annotations for specific ethnicities and gender categories.

Group Fine-grained annotation

Race
African, African American, Black, White, European
Hispanic, Latino, Latina, Latinx, Mexican, Canadian, American,
Asian, Indian, Middle Eastern, Chinese, Japanese

Gender
Lesbian, Gay, Bisexual, Transgender,Trans,
Queer, LGBT, LGBTQ, Homosexual,
Straight, Heterosexual, Male, Female, Nonbinary

Table 3.6: The sensitive groups for the given race and gender terms with their correspond-
ing fine-grained annotations Baldini et al. (2022).

Table 3.7 shows examples of posts from the wiki toxicity dataset and their associated
labels and target communities. These examples illustrate the different types of samples
(Non-attacking or Attacking) language targeting communities from gender demographic
groups.

Text Label Targets
In other words, you made it up that Gamaliel
identifies as Male

Non-
Attacking

Gender

I’m not homophobic or anything, but you are
fucking gay.

Attacking Gender

Table 3.7: Examples from Wiki Toxicity dataset

Table 3.8 presents the sample counts of the Wiki Toxicity dataset, categorized by
dataset split and sensitive group, including Race, and Gender.
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Split Total Race Gender
Train 95906 1667 2952
Test 31866 501 1011

Table 3.8: Wiki Toxicity dataset statistics: sample counts per dataset split and sensitive
group.

3.3 Other Potential Datasets not Used In This Work

3.3.1 Jigsaw Toxicity

Jigsaw Toxicity 4 is a dataset created to study and mitigate negative online behaviors, such
as toxic comments. The Conversation AI team developed this dataset, a research initiative
founded by Jigsaw and Google (both part of Alphabet), to improve online conversation
quality. The dataset contains comments from Wikipedia’s talk page edits, which have
been annotated by Jigsaw for toxicity, as well as various toxicity subtypes, including severe
toxicity, obscenity, threatening language, insulting language, and identity-based hate. This
dataset replicates the data released for the Jigsaw Toxic Comment Classification Challenge
and Jigsaw Multilingual Toxic Comment Classification competition on Kaggle. In addition,
the test dataset has been merged with the test labels released after the competition’s
conclusion (the original test dataset does not have any information about the target groups
for each sample).

3.3.2 Reasons for not Using Jigsaw Toxicity Dataset

Although the Jigsaw Toxicity dataset is a valuable resource for studying and mitigating
negative online behaviors, we decided not to use it in our study for the following reasons.
First, the Jigsaw Toxicity dataset is derived from the same source as the Wiki Toxicity
dataset, i.e., Wikipedia’s talk page edits. As a result, both datasets share similarities in
terms of the content and targeted groups. Using two similar datasets would not provide
new insights or substantially improve our model’s performance. Instead, we focused on the
Wiki Toxicity dataset, which is already well-suited for our study of personal attacks and
toxicity in online discussions. Second, the Jigsaw Toxicity dataset is significantly larger
(around ten times larger) than the Wiki Toxicity dataset, which may introduce additional
computational and memory requirements for our study. Third, the original test dataset

4https://www.kaggle.com/c/jigsaw-unintended-bias-in-toxicity-classification
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in the Jigsaw Toxicity dataset does not provide information about the targeted groups
for each sample. This limitation restricts our ability to evaluate our model’s performance
on specific targeted groups, a crucial aspect of algorithmic fairness in toxicity detection.
Given these three reasons, we decided not to use the Jigsaw Toxicity dataset in our study.
Instead, we focused on the Wiki Toxicity dataset, which provides a comprehensive and
manageable resource for understanding and mitigating bias in online personal attacks and
toxicity detection.

3.3.3 GAP dataset

One of the popular datasets for hate speech and toxicity detection is the GAP (General-
ized Abusive and Problematic) dataset. Gap aims to provide a large-scale, diverse, and
representative sample of abusive and problematic content for researchers to develop state-
of-the-art works in hate speech and toxicity detection. This dataset includes data from
various online platforms, annotated by multiple annotators for different types of abusive
language, including hate speech, offensive language, and targeted harassment (Kennedy
et al., 2022).

3.3.4 Reasons for not Using GAP Dataset

The GAP dataset provides annotations for targeted communities, including race/ethnicity,
religious identity, sexual orientation, gender identity, ideology, nationality, political iden-
tity, and mental/physical health (Kennedy et al., 2022). However, in our study, we chose
not to use the GAP dataset for two reasons. First, the dataset describes which groups are
targeted for around 11 coarse grain groups where gender identity and race are included in
0.9% and 3.4% of the total samples. Therefore, it makes it challenging to draw meaning-
ful conclusions or build effective models to address hate speech against specific races or
gender identities. Second, the dataset lacks fine-grained information about the targeted
groups. For instance, it does not provide details about which specific race or gender has
been targeted in the hate speech. The absence of such detailed information hinders the
applicability of the dataset for our study, as we aim to analyze and address hate speech on
a more granular level. Given these limitations, we decided not to use the GAP dataset in
our study, as it does not provide the necessary depth and representation of data required
for our research objectives (?).
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3.3.5 Sexist Tweets

The Sexist Tweets dataset consists of 136,052 tweets collected over a period of 2 months.
From all the collected tweets, 16,914 tweets were annotated, with 3,383 identified as sexist
content sent by 613 users, 1,972 as racist content sent by nine users, and 11,559 labeled
as neither sexist nor racist, sent by 614 users. The dataset aims to provide a realistic
representation of hate speech by not balancing the data, as hate speech is a real but
limited phenomenon (Waseem and Hovy, 2016a).

3.3.6 Reasons for not Using Sexist Tweets Dataset

However, we decided not to use the Sexist Tweets dataset for two reasons. First, unfor-
tunately, due to Twitter’s rules, some tweet IDs in the dataset have expired, making it
impossible for us to collect the exact same dataset as the original ones used in (Park et al.,
2018). This limitation reduces the amount of data accessible to us and makes it difficult
to truly test our model’s performance since we are not sure if the training and testing data
would really represent the distribution we are looking for.

Previous works in toxicity classification have faced a significant challenge due to the
lack of information about targeted communities in most available datasets. This limitation
makes it difficult to study and address social biases in text classification tasks effectively.
To the best of our knowledge, the datasets mentioned earlier are the primary candidates
for this specific task. However, we believe that more comprehensive information is needed
to advance the study of social bias in toxicity text classification. As a result, we encourage
the research community to enrich existing datasets with additional information regarding
targeted communities. In our future work, we plan to explore and develop reliable unsu-
pervised methods to identify targeted communities in toxicity detection tasks, which will
further contribute to addressing social biases in this field.

3.4 Problem Reformulation and Demographic Group

Identification

In this work, we reformulate the fairness problem in toxicity classification differently from
most previous works, inspired by recent work related to social fairness in toxicity text
classification (Baldini et al., 2022). This new view of the problem consists of two main
aspects:
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1. No privileged and non-privileged groups: Unlike common fairness scenarios (for
example, hiring), where decisions must be fair to groups based on characteristics like
race or gender, we do not explicitly have privileged or unprivileged groups. For exam-
ple, in terms of race in the hiring scenario, men are the privileged group who benefit
more from the classifier while females are an unprivileged (under-represented) group
where the system discriminates against them. However, in this work, we are doing
something different than focusing on privileged or non-privileged groups. Instead,
our goal is to make a model that can determine if a comment is toxic or not, without
considering sensitive terms related to demographic groups in the decision-making
process. To do this, we introduce two binary features for each sample, indicating
whether a sample contains gender (1) or not (0), and if samples contain sensitive
information related to race (1) information or not (0). In this way, we are focusing
on the presence or absence of sensitive demographic terms, as the definition of un-
intended bias in toxicity text classification operates differently than in other hiring
scenarios.

2. Coarse demographic group identifications for adversarial debiasing pro-
cess: In the training phase, we debias the last hidden layer representation of the
classifier to remove gender and race information based on coarse-grained informa-
tion. For example, if a sample targeted women, the coarse-grained binary gender
label for this sample is 1 and race is 0, and the adversarial network aims to predict
if the last hidden layer representation of the classifier for this sample has gender and
race information. Then based on the adversarial network loss on the prediction for
this sample, we modify the weights of the classifier to not contain gender information.
In this way, we debias the model based on the coarse-grained information related to
gender or race, rather than fine-grained ones. This means that the adversarial debi-
asing network predicts if each sample contains gender and race information instead
of predicting specific fine-grained terms like ”women” or ”white” (if we debias the
classifier on fine-grained terms, the adversarial debiasing network must predict a bi-
nary label for each fine-grained terms available in each dataset). This approach has
two main advantages:

• Enough training data for all the fine-grained terms may not be available in
the training data which would make it difficult for the model to avoid over-
generalizing (overfitting) on these terms (also, test sets may not contain enough
samples for each sensitive attribute, which make it difficult to evaluate fairness
for all the fine-grained terms in the benchmark datasets).

• Fine-grained terms referring to particular demographic groups are diverse and
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subject to change over time. Adapting the model to new cultural and societal
changes would be infeasible if we debiased the model based on every single
fine-grained term.

Therefore, by reformulating the problem in this manner, we can develop an approach
that better addresses fairness concerns in toxicity classification without explicitly focusing
on privileged or non-privileged groups while leveraging coarse demographic group informa-
tion to guide the adversarial process. In the next chapter, we outline our proposed models
and introduce baselines in detail.
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Chapter 4

Methodology

4.1 Overview

In this chapter, we present the methodology and the step-by-step process to develop the
proposed fair semi-supervised generative-based framework. This framework aims to en-
force social fairness in semi-supervised toxicity text classification to mitigate bias without
significant loss in classification performance. For clarity and completeness, we also outline
the baselines to which we compare our models and discuss the technical aspects underlying
our experimental setup. Finally, we introduce the evaluation metrics employed in this work
at the end of this chapter.

4.2 Proposed Framework

In this section, we present our proposed fair semi-supervised framework and briefly intro-
duce the semi-supervised and supervised baselines. Our proposed framework consists of
two stages. First, we train a semi-supervised generative-based text classifier (either NDA-
GAN or GANBERT). Second, we employ an adversarial debiasing approach to mitigate
bias and enhance fairness in the trained classifier.

It is essential to mention that due to the high similarity in design between FairNDAGAN
and FairGANBERT (the only distinction being the use of the NDA process in the first
stage for FairNDAGAN), we will only present FairNDAGAN to introduce the proposed
framework in detail, to avoid redundancy.
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4.2.1 FairNDAGAN

In this section, we introduce all the components of FairNDAGAN in detail, and at the end,
we put all the components together to propose the final fair semi-supervised framework.
First, we provide some background information for the models we build on top of.

4.2.1.1 BERT

Bidirectional Encoder Representations from Transformers (BERT) is a powerful transformer-
based pre-trained model introduced by Devlin et al. (2018) for a wide range of NLP tasks.
BERT is pre-trained on a large corpus of text data, learning contextual representations
of words in a sentence from both left-to-right and right-to-left directions, which allows it
to capture the full context of words more effectively. BERT has achieved state-of-the-art
results in various NLP tasks, including sentiment analysis, named entity recognition, and
question-answering. In addition, it has become a popular choice for fine-tuning downstream
tasks due to its ability to transfer knowledge from the pre-trained to the task-specific mod-
els, reducing the training data and time required for the target task (Devlin et al., 2018).

However, BERT is computationally expensive and has many parameters, making it
challenging to deploy in real-world scenarios with limited computational resources. In order
to address these challenges, we employed a distilled version of BERT called DistilBERT.
Therefore, we introduce DistilBERT first and then identify how it can effectively be used
in the text classification task (Sanh et al., 2019).

4.2.1.2 DistilBERT

DistilBERT is a smaller and faster version of BERT, with only 66 million parameters
compared to BERT’s 110 million parameters, introduced by Sanh et al. (2019). It has been
designed to maintain most of the original model’s performance while significantly reducing
its size and computational complexity. The distillation process involves training a smaller
model, DistilBERT, to simulate the behaviour of the larger, more complex BERT model.
This is achieved by transferring the knowledge from the teacher model (BERT) to the
student model (DistilBERT) using knowledge distillation (Sanh et al., 2019). DistilBERT
has approximately cut down the number of parameters in BERT in half. Therefore, it
makes it more efficient in terms of memory and computational requirements. In addition,
the reduced size and complexity of DistilBERT allow it to be more easily deployed when
limited computational resources in real-world scenarios are accessible (Sanh et al., 2019).
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On the other side, the shift from BERT to DistilBERT causes a slight performance
drop 1, posing a trade-off that may be acceptable for some applications but possibly un-
satisfactory for those that need the highest performance.

Finally, BERT is preferred when you need top accuracy, and when computational re-
sources and time are not a primary concern. Conversely, DistilBERT is employed in sce-
narios where computational resources are limited. It’s also a better choice when you need
quick results, as it is faster 2 than BERT (Sanh et al., 2019).

In our version of the NDAGANmodel, unlike the original one introduced in our previous
work3, we make a key modification: we use DistilBERT as the encoder. This change is
also applied to the original GANBERT architecture as outlined by Croce et al. (2020)4.
By utilizing DistilBERT, we can accelerate the training process and lower computational
demands, while ensuring high performance for the task of toxicity text classification.

In order to use DistilBERT for various NLP tasks such as text classification, we need to
tokenize 5 the input text using the DistilBERT tokenizer. According to (Su et al., 2021),
tokenization in DistilBERT involves the following steps:

1. Text normalization: The input text is lowered case and converted into Unicode
format.

2. WordPiece tokenization: The text is tokenized into subword units using the Word-
Piece tokenizer. This process helps the model handle out-of-vocabulary words by
breaking them into smaller, known subword units.

3. Adding special tokens: The [CLS] token is added to the beginning of the tokenized
sequence, and the [SEP] token is added to the end. These tokens help the model
distinguish between different input sequence types and identify a sentence’s start
and end.

1In fact, it scores 97% of what BERT does on the GLUE language understanding benchmark (Sanh
et al., 2019)

2DistilBERT achieves a 60% speed improvement compared to BERT. In (Sanh et al., 2019), the evalu-
ation was conducted on the STSB development set, employing a batch size of 1, and executed on a CPU
(Intel Xeon E5-2690 v3 Haswell @2.9GHz).

3Refer to (Shayesteh and Inkpen, 2022) for the original NDAGAN model.
4In the original GANBERT architecture, a BERT encoder was used.
5Tokenization is the process of breaking down a text into smaller units called tokens, a common prepro-

cessing step in NLP tasks to convert raw text data into a format that ML models can easily use (Webster
and Kit, 1992).
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4. Padding and truncation: The input sequences are either padded with [PAD]
tokens or truncated to a fixed length, depending on the maximum sequence length
the model allows. This step ensures that all input sequences have the same length,
which is required for efficient batch processing.

DistilBERT for Classification Tasks

DistilBERT can be fine-tuned for various classification tasks by adding a fully connected
layer on top of the pre-trained model. First, the input sequence is tokenized and fed into
the DistilBERT model in a classification task. The unique token [CLS] is added at the
beginning of the input sequence, and the token [SEP] is inserted at the end. The [CLS]
token’s output representation is used as a pooled representation of the entire input sequence
(Su et al., 2021).

Finally, by leveraging the [CLS] token’s representation, the DistilBERT model can
effectively capture the global semantic information in the input text, enabling accurate
toxicity classification. This approach allows for better generalization and performance
compared to traditional text classification methods that rely on features like bag-of-words
or n-grams, which do not capture the contextual information of the input text (Su et al.,
2021).

4.2.1.3 SS-GANs with Feature Matching

Semi-Supervised Generative Adversarial Networks (SS-GANs) (Salimans et al., 2016) have
emerged as a powerful model for classification tasks, particularly when labeled data is
limited. SS-GANs consist of two components: a generator and a discriminator. The
generator learns to generate fake data samples. In contrast, the discriminator learns to
classify the real and fake data into their respective classes and to distinguish between real
and generated data.

In the SS-GANs, the primary purpose of the generator is not to learn the true data
distribution but rather to generate samples that help the discriminator better classify real
data into their respective classes. This insight was highlighted in the Dai et al. (2017).
According to the authors, a ”bad” generator that does not perfectly learn the true data
distribution can be useful for semi-supervised learning tasks, as it can produce samples near
the decision boundary. Therefore, it helps the discriminator to have a better knowledge of
out-of-distribution areas in a given task which leads to a better generalization performance
of a classifier (Salimans et al., 2016).
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One of the challenges encountered in training GANs is mode collapse (Salimans et al.,
2016), where the generator produces samples from only a few modes of the true data dis-
tribution, resulting in a limited diversity of generated samples. To address the mentioned
issue, feature matching is introduced as a regularization technique in the SS-GAN (Sali-
mans et al., 2016). The main idea behind feature matching is to encourage the generator
to produce samples that match the real data’s feature statistics, making it more challeng-
ing for the discriminator to distinguish between real and generated samples. Also, it is
important to note that in the ”bad” generator paradigm for SS-GANs, feature matching
helps the generator produces more diverse out-of-distribution samples, which is helpful for
the discriminator to generalize the problem more effectively (Dai et al., 2017).

In the SS-GAN with feature matching introduced by Salimans et al. (2016), the objec-
tive function can be expressed as:

min
G

max
D

L(D,G) (4.1)

where L(D,G) comprises three loss components:

L(D,G) = LDsup + LDunsup + LG. (4.2)

The three loss components are defined as follows:

• Discriminator supervised loss (LDsup) for labeled data, which corresponds to the cor-
rect classification of real data samples by the discriminator (D):

LDsup = −Ex,y∼pdata(x,y)[logD(y|x, y < K + 1)], (4.3)

where x represents the samples, K is the number of labels, y is the classification label
with y ∈ [1, K + 1), and pdata(x, y) denotes the true data distribution.

• Discriminator unsupervised loss (LDunsup), corresponding to the correct classification
of real unlabeled data samples as not being fake by the discriminator (D):

LDunsup = −Ex∼pdata(x)[log(1−D(y = K+1|x))]−Ex∼G[1− log(1−D(y = K+1|x̂))]
(4.4)

In this case, x represents the samples, x̂ represents the fake samples, K + 1 denotes
the labels for data being fake (1) or real (0).
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• The generator loss (LG), includes two terms, the generator unsupervised loss LGunsup ,
which is the probability of the discriminator assigning the ”fake” label (K + 1) to
the generated samples, and the feature matching loss LFM(G), which encourages the
generator to produce samples that match the true data distribution more closely:

LG = LGunsup + αLFM(G), (4.5)

where LGunsup and LFM(G) are defined as:

LGunsup = −Ex∼G[logD(y = K + 1|x)] (4.6)

LFM(G) = ||Ex∼pdata(x)(Dh(x))− Ex̂∼G(Dh(x̂))||22. (4.7)

In this context, x denotes the real sample, x̂ represents the fake sample, and Dh(.)
refers to the last hidden layer of the discriminator.

In SS-GANs with feature matching, the generator, and discriminator are trained alter-
natively to optimize their respective objectives. The generator learns to produce diverse
and informative fake samples, while the discriminator learns to classify real data into their
respective classes and to distinguish between real and generated data. This process im-
proves classification performance, especially when the labeled data is limited (Salimans
et al., 2016).

The training process for SS-GANs consists of two main steps, training the discriminator
and training the generator. These steps are alternated during the training process, with
each step aiming to improve the performance of the respective model (discriminator or
generator) while the other remains fixed (Salimans et al., 2016). we can summarize the
training process of the discriminator and the generator as follows:

1. Training the Discriminator:

(a) Sample a batch of real data (x) and noise samples (z).

(b) Generate fake data samples (x̂ = G(z)) using the generator (G) and the input
noise samples.

(c) Train the discriminator (D) to classify the real data into their respective classes
and to distinguish between real and generated data. Update the discriminator’s
weights accordingly.
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2. Training the Generator:

(a) Sample a new batch of noise samples (z).

(b) Generate fake data samples (x̂) using the generator and the input noise samples.

(c) Compute the feature activations of the real data (Dh(x)) and the generated data
(Dh(x̂)) in the discriminator’s intermediate layers.

(d) Calculate the L2 distance between the mean feature activations of the real data
and the mean feature activations of the generated data using the feature match-
ing loss LFM(G).

(e) Compute the LGunsup on discriminator’s predictions on fake samples to distin-
guish between real and generated data.

(f) Update the generator’s weights to minimize LG.

Finally, in the text classification task, Croce et al. (2020) introduce GANBERT that
strictly follows SS-GANs with feature matching architecture, however, they employ BERT
as the encoder to convert input text into contextual representation, GANBERT architec-
ture is shown in 4.1. In GANBERT, the main idea behind feature matching is to encourage
the generator to produce diverse out-of-distribution samples, making it more challenging
for the discriminator to distinguish between real and generated samples (Croce et al.,
2020). This leads to more accurate and robust training, as the generated samples help the
discriminator learn better decision boundaries between different classes (Salimans et al.,
2016). However, it has been identified that GANBERT can still suffer from mode collapse
(Dai et al., 2017). To further mitigate mode collapse and its negative effect on classification
performance, the NDAGAN (Shayesteh and Inkpen, 2022) introduced the NDA process,
which will be discussed in detail in the next section.

4.2.1.4 NDAGAN

NDAGAN (Shayesteh and Inkpen, 2022) is a novel semi-supervised generative adversarial
learning model for text classification tasks. NDAGAN leverages the negative data aug-
mentation (NDA) technique (Sinha et al., 2021) to improve the performance of existing
semi-supervised generative adversarial networks (SS-GANs) in the text classification task.
Specifically, NDAGAN is designed to address the mode collapse issues encountered in SS-
GANs with feature matching such as GANBERT.
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Figure 4.1: GANBERT architecture (Croce et al., 2020) consists of three components,
DistilBERT, Generator, Discriminators.

The main objective of NDAGAN is to learn to classify limited labeled data through su-
pervised loss while generalizing the data distribution by distinguishing between unlabeled
and NDA synthetic data using unsupervised loss. In the following section, before introduc-
ing FairNDAGAN, we first reviewed each part of the NDAGAN, consisting of DistilBERT
and SS-GAN architecture and NDA technique, then we will introduce FairNDAGAN as a
whole.

Figure 4.2: NDAGAN architecture (Shayesteh and Inkpen, 2022) consists of four compo-
nents, DistilBERT, Generator, Discriminator, and NDA process.

49



The NDAGAN architecture (Shayesteh and Inkpen, 2022) illustrated in Figure 4.2
consists of four main components: a generator and a discriminator similar to SS-GANs,
an NDA process, and a text encoder (DistilBERT). The model leverages DistilBERT as
the text encoder and SS-GANs with feature matching as the underlying semi-supervised
learning architecture. In addition, the NDA process is added to generate NDA synthetic
samples. In this section, we describe the overall architecture of NDAGAN, its advantages
over GANBERT, and how these components are integrated.

The main components of NDAGAN are as follows:

1. Encoder: The DistilBERT encoder is utilized as the text encoder in the NDA-
GAN architecture to capture the contextual information of the input text. When
processing input text, DistilBERT generates contextualized token embeddings for
each input token, with the first token in every input sequence being the special CLS
token (classification token). After sending the input text into the DistilBERT en-
coder, the contextualized embeddings corresponding to their respective CLS tokens
are extracted and serve as inputs for the discriminator and NDA generator.

2. Generator: The generator in NDAGAN is a neural network that takes 100-dimensional
noise samples as input and generates synthetic data samples as output. Its architec-
ture includes two fully connected layers, each with a hidden size of 512 and followed
by a LeakyReLU activation function and a dropout layer to learn complex patterns
and prevent overfitting. Finally, a linear output layer generates a fake contextual
representation of the data distribution for the NDA process.

The (NDA) process in NDAGAN is designed to enrich the synthetic sample diversity
by adding local feature information of data distribution during the Mixup method to
guide the discriminator in learning areas close to the real data distribution. The op-
eration receives as input the generator’s output and the CLS token from the encoder’s
output, both being 768-dimensional vectors. These inputs are processed using the
Mixup technique (Sun et al., 2020), creating synthetic samples that are linear inter-
polations of the generator’s output and the encoder’s CLS token. Mathematically,
the Mixup process can be formulated as:

hNDA = hfake + (1− λ)hcls (4.8)

where hfake and hcls are pairs of the generator’s output and the encoder’s CLS token,
respectively, and λ is a hyper-parameter set to 0.85 in our experience.
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This mixing makes the NDA samples less likely to reside in high-density regions 6,
and due to blending with real data representations, these samples retain a reasonable
closeness to the data manifold. Consequently, the introduction of NDA samples
helps the discriminator’s capability to identify the optimal decision boundary, thereby
improving the overall classification performance (Shayesteh and Inkpen, 2022).

3. Discriminator: The discriminator is a neural network that takes both real and NDA
synthetic data samples as input and classifies real label data into their respective
classes, as well as distinguishes between real unlabeled and NDA synthetic data. In
NDAGAN, the discriminator consists of two layers, each with a hidden size of 512, and
a LeakyReLU activation function and dropout layer for regularization follow these
layers. Finally, the model ends with a softmax layer that maps the 512-dimensional
hidden space to the desired number of classes.

In the NDAGAN similar to SS-GANs, the objective function can be expressed as:

min
G′

max
D

L(D,G
′
) (4.9)

where G
′
describes the NDA process and we can formulate it as:

G
′
= λG+ (1− λ)enc(x). (4.10)

In this context, G is the generator network, and enc(x) represents the contextualized
representation of the [CLS] token in DistilBERT. It is important to note that G′ emphasizes
that both the generator and encoder are being optimized during the training as a part of
the NDA process.

The L(D,G
′
) comprises three loss components:

L(D,G
′
) = LDsup + LDunsup + LG′ . (4.11)

The three loss components are defined as follows:

• Discriminator supervised loss (LDsup) for labeled data, which corresponds to the cor-
rect classification of real data samples by the discriminator (D):

6Dai et al. (2017) claims this can happen as feature matching process imposes the generator to follow
the real data distribution while in SS-GANs generator should generate complementary synthetic data.
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LDsup = −Ex,y∼pdata(x,y)[logD(y|enc(x), y < K + 1)], (4.12)

where K is the number of labels for the main text classification task, y is the classi-
fication label with y ∈ [1, K + 1), and pdata(x, y) denotes the true data distribution
for label data.

• Discriminator unsupervised loss (LDunsup) for real unlabeled data, corresponding to
the correct classification of real data samples as not being fake by the discriminator
(D):

LDunsup = −Ex∼pdata(x)[log(1−D(y = K + 1|enc(x)))]
−EhNDA∼G′ [1− log(1−D(y = K + 1|hNDA))]

(4.13)

In this case, hNDA represent the NDA synthetic samples, K + 1 denotes the labels
for data being fake (1) or real (0), pdata(x) represents the true data distribution for
unlabeled data, and D denotes the discriminator.

• The total NDA loss (LG
′) includes two terms: the NDA process loss LG′

unsup , which
is the probability of the discriminator assigning the ”fake” label (K+1) to the NDA
fake samples, and the feature matching loss LFM(G′), which encourages the generator
to produce samples that match the true data distribution more closely:

LG′ = LG′
unsup + αLFM(G′), (4.14)

where LG′
unsup is defined as:

LG′
unsup = −EhNDA∼G′ [logD(y = K + 1|hNDA)] (4.15)

The feature matching loss LFM(G
′
) is given by:

LFM(G′) = ||Ex∼pdata(x)(Dh(x))− EhNDA∼G′ (Dh(hNDA))||22. (4.16)

In this context, Dh(.) refers to the last hidden layer of the discriminator.

The NDAGAN objective function separates the discriminator’s and the NDA process’s
(G’) goals, providing a model that includes the NDA mixing process and the feature match-
ing loss to improve the model’s performance.
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The key contributions and advantages of NDAGAN over GANBERT (the other semi-
supervised baseline) in the text classification task that was previously studied in (Shayesteh
and Inkpen, 2022), include the following:

• The first adaptation of the NDA technique in the text classification task.

• Leveraging the NDA technique to enhance the performance of GANBERT by pro-
viding more informative synthetic samples that capture the local data distribution
structure.

• A departure from the original NDA technique introduced in (Sinha et al., 2021),
NDAGAN does not apply a non-label preserving augmentation method to the real
data before mixing them with the generator samples. This decision ensures the
discriminator is trained on informative NDA samples that contain useful local data
distribution structures, allowing the model to learn a more optimal boundary between
low-density regions and data manifolds.

In summary, NDAGAN is an innovative semi-supervised generative adversarial learning
model used for text classification. This model leverages the NDA technique to enhance
the performance of existing SS-GAN models while addressing their limitations. In this
work, we leverage this model in the toxicity text classification as a part of our proposed
model FairNDAGAN to analyze the performance of its accuracy and fairness performance
in toxicity text detection tasks.

4.2.1.5 FairNDAGAN: adversarial debiasing for mitigating bias in NDAGAN

The goal of adversarial debiasing is to reduce the influence of certain unintended biases or
sensitive attributes in the decision-making process of a model while maintaining accuracy
in an acceptable range Zhang et al. (2018a). To achieve this, an additional adversarial
component, called the adversarial network, is introduced to the NDAGAN architecture.
The adversarial network attempts to predict the sensitive attribute based on the last hidden
layer of the discriminator, while the discriminator attempts to minimize the adversary’s
ability to predict the sensitive attribute.

Given this information, the optimization formula for FairNDAGAN can be represented
as a min-max optimization process. We consider an optimization problem with the goal of
reducing unintended biases in the model by minimizing the classification loss and fooling
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the adversarial network to detect demographic information in the data representation. The
initial min-max objective function can be represented as:

min
θNDAGAN

max
θA

Ltotal(θNDAGAN, θA) (4.17)

where

Ltotal(θNDAGAN, θA) = LNDAGAN(D,G
′
)− λ · Ladv(O, Ô; θA) (4.18)

Here, LNDAGAN(D,G
′
) is the NDAGAN loss function given in Formula (4.11). For the

adversarial training loss, λ (the adversarial decay factor) is a hyperparameter that controls
the trade-off between the NDA loss and the adversarial loss (trade-off between fairness
and accuracy). In addition, O and Ô are sets of multi-label related to gender and race for
the multi-label binary classification task in the adversarial network. In this problem, the
adversarial network’s aim is to predict a set of labels Ô to predict if the input contains
gender and race information. Therefore, given a set of ground truth label O, Ladv compute
the cross-entropy binary loss of each gender and race for the adversarial network. In this
way, we can formulate O (Ô is similar to O) as follows:

O = ogender × orace (4.19)

where,
ogender ∈ [0, 1], orace ∈ [0, 1] (4.20)

However, to understand the FairNDAGAN, we must define how we incorporate the
adversarial process in NDAGAN architecture and train both networks in an in-processing
bias mitigating process. Based on our knowledge, this is the first work that aims to use
adversarial debiasing in SS-GANs architecture to provide a fair semi-supervised framework
for toxicity text classification.
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(a) Pre-training representation of FairNDA-
GAN

(b) Pre-training representation of FairGAN-
BERT.

Figure 4.3: Pre-training representation of FairNDAGAN and FairGANBERT. The only
difference between these two models is the presence of the NDA process (NDA block in 4.3
(a)).

The training procedure of FairNDAGAN consists of two main phases, pre-training,
and post-training. In the pre-training stage (Figure 4.3), in each epoch, we train the
NDAGAN first, and then the adversarial network is trained on the last hidden layer of
the discriminator (hd) while the NDAGAN weights are fixed. In the post-training stage
(Figure 4.4), first, we remove the generator as it does not help the NDAGAN in the
debiasing process. Then, we call the remaining poison classifier (encoder + discriminator).
In this stage, the adversarial network and poison classifier are trained simultaneously in
alternating epochs to minimize the influence of unintended biases related to gender and
race in the poison classifier. Also, it is worth noting that to select the fair model in the
post-training process; we designed a fair model selection criteria by considering accuracy
and fairness trade-offs. Here, we introduce the fair model selection criterion and then detail
the training process after.

55



Figure 4.4: The post-training representation of FairNDAGAN and FairGANBERT. In the
debiasing post-training stage, we debias the hd representation of the poison classifier on
the total loss (Ltotal(θNDAGAN, θA)) to improve the fairness in the model.

In order to select the fairest model in the post-training stage that consider the trade-off
between accuracy and fairness, we introduce a fair model selection criterion. This criterion
aims to select a model with the lowest equalized odds difference (EOD)7 for gender and
race demographic groups while considering a maximum loss of accuracy as a trade-off to
gain fairness while losing accuracy performance.

Before delving into details, we first need to define the concept of scaled maximum loss
of accuracy to ensure the trade-off between accuracy and fairness is acceptable in the SSL
task. The scaled maximum loss of accuracy is defined as a scaled-down of the maximum
acceptable loss of accuracy for a fully supervised scenario where the classifier can achieve
near-perfect accuracy. The idea behind scaled maximum loss of accuracy is that models’
accuracy in semi-supervised learning is usually lower than in fully supervised cases due to
the lack of a large number of label data. Therefore, we need to scale down the maximum
acceptable loss for supervised cases to keep SSL’s accuracy and fairness trade-off in an
acceptable range. Therefore, the scaled maximum loss of accuracy is defined as:

Lscaled = 0.01× Lmax × ASS-Best (4.21)

where:

7EOD is introduced in detail in section 4.5.3
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• Lscaled: Scaled maximum loss of accuracy

• Lmax: Maximum loss of accuracy 8

• ASS-Best: The maximum accuracy achieved by the NDAGAN (GANBERT) during
the pre-training stage in the semi-supervised training.

Next, we convert the EOD for race and gender into percentages to create a more
intuitive unified selection criterion. Given that the minimum equalized odds difference is
0 when all subgroups are treated equally and the maximum is 2 when the absolute sum
of true positive and false positive parity is 1 each, then we can define the percentage of
equalized odds difference as follows:

EOD% = 100− 100× EOD

2
(4.22)

where EOD% and EOD represent the percentage of equalized odds difference and equal-
ized odds difference respectively. It is important to note that a smaller EOD means a fairer
classifier while a larger percentage means a fairer classifier for EOD%.

After calculating the EOD% for race and gender for each iteration in the post-training
stage, we define the selection criterion as follows 9 :

1. |ASS-Best − Aepoch| ≤ Lscaled

2. EOD%Race + EOD%Gender < EOD%epoch
Race + EOD%epoch

Gender

(4.23)

where:

• ASS-Best: The maximum accuracy achieved by the NDAGAN during the pre-training
stage.

• Aepoch: The accuracy of the current epoch in the post-training stage.

• Lscaled: Scaled Maximum Loss of Accuracy.

• EOD%Race: The best percentage of equalized odds difference for race.

8which is a hyper-parameter set by us to 7 percent and it can be set based on accuracy and fairness
trade-off needed for a specific application.

9The selection criterion is satisfied when both conditions (1) and (2) are met. Also, EOD%Gender and
EOD%Race are calculated based on the model performance on the same test set.
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• EOD%Gender: The best percentage of equalized odds difference for gender.

• EOD%epoch
Race : The percentage of equalized odds difference for race at the current

epoch.

• EOD%epoch
Gender: The percentage of equalized odds difference for gender at the current

epoch.

This criterion ensures that the selected model considers an optimal balance between
accuracy and fairness by including both conditions in the selection process. Finally, to
have a clear view of the training process of FairNDAGAN (adversarial debiasing along
with NDAGAN), we can separate the pre-training (Figure 4.3) and post-training (Figure
4.4) processes.

The pre-training phase is as follows:

1. Train the semi-supervised classifier (NDAGAN) on the labeled and unlabeled data
using LNDAGAN(D,G

′
).

2. Fix the weights of the NDAGAN and feed the output of the last hidden layer of the
discriminator (hD) to the adversarial network.

3. Train the adversarial network to predict if the hD contains information related to
gender and race using binary multi-label classification. The training is performed on
the adversarial network prediction loss (LA)

10, with the weights of the NDAGAN
fixed.

4. Continues this process for several epochs and selects the adversarial network and best
NDAGAN at the epoch where the semi-supervised classifier has the best accuracy.

Also, the post-training phase can be categorized as:

1. Separate the generator and NDA process from the architecture and use the encoder
and discriminator as a poison classifier for binary classification of the toxic text.
However, since we use unlabeled data in this process, the poison classifier utilized
unsupervised loss, the same as Formula 4.12 for unlabeled data.

2. Perform T iterations of simultaneous training for the adversarial and classifier net-
works:

10LA is the sum of binary cross-entropy losses for gender and race labels.
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a) For each iteration, train the adversarial network for a single epoch while keeping
the poison classifier fixed.

b) Train the poison classifier on a randomly sampled mini-batch while keeping the
adversarial network fixed. However, in this stage, we consider the total loss
(Ltotal(θNDAGAN, θA)) to adjust the weights of the poison classifier in order to im-
prove fairness.

3. Select the fairest classifier based on the defined fair model selection criteria.

4.2.2 FairGANBERT

FairGANBERT is a proposed model that shares the same architecture and training steps
as FairNDAGAN, with the exception that it does not utilize the NDA process. In all other
respects, the models are identical to FairNDAGAN.

4.3 Baselines

In order to evaluate the performance of FairNDAGAN and FairGANBERT, we compare
them against two primary baselines, GANBERT and NDABERT. Both baselines are semi-
supervised learning classifiers for text classification that share the same architectures with
respect to each other but differ in specific aspects. We discussed the detail of NDABERT
and its difference from GANBERT as part of our proposed models in previous sections;
however, as our semi-supervised baselines, we deployed them as below:

GANBERT: GANBERT serves as one of our primary semi-supervised baselines. It
has the same architecture as NDAGAN but does not employ the NDA process during the
training (Figure 4.1). In GANBERT, the generator and discriminator follow the same
structure as in NDAGAN, but the generator’s fake samples are not transformed using the
NDA technique. This results in a more straightforward generator-discriminator interaction,
which may be less effective in capturing the local data distribution structure. The details
architecture of GANBERT is the same as NDAGAN which is outlined in section 4.2.1.4.

NDAGAN: The architecture of NDAGAN is described as part of our proposed fair
model, FairNDAGAN in section 4.2.1.4. Therefore, no additional information is provided
here to avoid duplication of content.

In addition to the semi-supervised baselines, we also compare the performance of
FairNDAGAN and FairGANBERT against supervised learning baselines to evaluate their
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accuracy and fairness in the context of the toxicity text classification task. We consider two
main supervised baselines: DistilBERT trained on limited labeled data (BERT) and Dis-
tilBERT trained on full labeled data (FullBERT), along with their fair versions (FairBERT
and FairFullBERT, respectively).

All supervised cases in our study utilize the DistilBERT for sequence classification
architecture, which involves adding a simple linear classification layer to the final layer of
the pre-trained transformer. This layer takes the contextualized representation (CLS token)
of the input sequence generated by the transformer as input and produces a probability
distribution over the possible classes for the given task.

Hatexplain Wiki Toxicity
Models LRAdversary LRClassifier λ LRAdversary LRClassifier λ
BERT - 2e-5 - - 5e-5 -
FairBERT 1e-4 2e-5 [5,7] 1e-4 2e-5 [10,12]
FullBERT - 2e-5 - - 5e-5 -
FairFullBERT 1e-4 2e-5 [15,15] 1e-4 2e-5 [20,25]

Table 4.1: Supervised models’ Hyper-parameters for each dataset are set as described in
this table.

BERT: This baseline represents a supervised learning model trained on limited labeled
data. It uses the DistilBERT architecture for text classification, which is a lighter and
faster version of the original BERT model, optimized for efficiency while maintaining strong
performance. The goal of comparing our proposed framework and semi-supervised baselines
against this baseline is to evaluate the effectiveness of semi-supervised learning in scenarios
where labeled data is scarce.

FairBERT: This is the fair version of the BERT, which incorporates adversarial train-
ing to minimize the influence of sensitive attributes in the classification decisions. This
allows us to assess the impact of adversarial debiasing on fairness and the overall perfor-
mance of the model in a supervised setting with limited labeled data. The adversarial
debiasing network in this model follows the same architecture as FairNDAGAN and Fair-
GANBERT.

FullBERT: This baseline represents a supervised learning model trained on the fully
labeled dataset. By comparing our proposed framework and semi-supervised baselines
against FullBERT, we can evaluate the advantages and disadvantages of semi-supervised
learning in comparison with supervised learning settings with completely labeled datasets.
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FairFullBERT: This is the fair version of the FullBERT baseline, which includes
adversarial training to achieve unbiased classification decisions. The adversarial debiasing
network in this model follows the same architecture as FairNDAGAN and FairGANBERT.

It is important to mention that the architecture of the BERT and FullBERT classifiers
incorporates a DistilBERT encoder, a dropout layer, and a Softmax layer. The Softmax
layer inputs the CLS token output of the encoder, resulting in a probability distribution
suitable for binary classification tasks. Additionally, the adversarial network ensures fair-
ness by mitigating bias on the CLS token representation of the encoder (DistilBERT) for
both FairBERT and FairFullBERT.

We trained all non-fairness-aware models on a total of 10 epochs 11. Moreover, the fair
baseline models and our proposed fair models (FairNDAGAN and FairGANBERT) have a
pre-training phase of 10 epochs, followed by a debiasing post-processing stage of 20 epochs
12. The batch size is 32 and all model training procedures are executed on a single Tesla
T4 GPU, featuring a maximum of 27 GB RAM, utilizing the Google Colab platform.

4.4 Technical Setting

This section initially outlines the hyperparameter tuning process, then introduces technical
settings related to our proposed fair framework, and the baselines. It is crucial to mention
that for NDAGAN and GANBERT, we have employed the same architecture described
in (Shayesteh and Inkpen, 2022; Croce et al., 2020), although we replaced BERT with
DistilBERT. Furthermore, for the supervised baselines, we utilized DistilBERT for sequence
classification as introduced by Huggingface 13. In this study, we used PyTorch version
2.0.0+cu118 as our primary deep learning framework and make the code available 14 online.

In this research, we conducted a Bayesian hyperparameter tuning using the Hyperopt
package to identify an optimal set of learning rates and adversarial decay factor (λ) for
each model. Although we could have chosen a distinct pair of mentioned hyper-parameters
for each model trained on different ratios of labeled and unlabeled data, we selected one
fixed pair for each model on each dataset to gain more general insight into our models’

11We have tried to go over 10 epochs however, we could not find more epochs that can improve the
accuracy for these architectures.

12We need to consider that 20 epochs of debiasing are not the same as 10 epoch of pre-training phase in
terms of the model to optimize the objective function since in debasing we only use a mini-batch of data
to enforce fairness as opposed to pre-training that we use whole data in each epoch.

13https://huggingface.co/docs/transformers/model_doc/distilbert
14https://github.com/shahriarshayesteh/Master_thesis.git
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robustness and performance. Table 4.2 shows the hyper-parameters selected for each model
for different datasets.

Hatexplain Wiki Toxicity
Models LRAdversary LRDiscriminator LRGenerator λ LRAdversary LRDiscriminator LRGenerator λ
NDAGAN - 5e-5 5e-4 - - 5e-5 3e-4 -
FairNDAGAN 1e-4 5e-5 - [9,11] 1e-4 5e-5 - [18,22]
GANBERT - 5e-5 5e-4 - - 5e-4 3e-4 -
FairGANBERT 1e-4 5e-5 - [9,11] 1e-4 5e-5 - [28,32]

Table 4.2: Semi-supervised models’ Hyper-parameters for each dataset are set as described
in this table. Please note that LRDiscriminator is the learning rate for both the discriminator
and the encoder.

4.5 Evaluation Metrics

In this section, we will introduce and discuss the different evaluation metrics utilized in
this study to assess the performance of our models. These metrics are accuracy, balanced
accuracy, and equalized odds difference (EOD), which function for different purposes and
provide different insights into the model’s performance. The choice of these metrics is
based on the nature of our problem (including datasets and proposed models’ architecture).
Furthermore, given the imbalanced nature of our data, it is crucial to consider metrics that
reflect the performance across all classes and demographic groups, not just the majority
ones. In the following, we present the evaluation metrics in more detail.

4.5.1 Accuracy

We provide the standard accuracy metric to compare the overall model performance on the
classification task. This metric calculates the proportion of correctly classified instances
over the total number of instances. However, it is important to note that accuracy may
not be an appropriate measure for imbalanced datasets as we have in this work, and it may
provide a misleading impression of the model’s performance. Therefore, we also measure
the balanced accuracy metric to have a better understanding of our models’ performance.

The accuracy can be defined as follows for binary classification:

accuracy (Acc) =
The proportion of correctly classified instances

The total number of instances
(4.24)
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4.5.2 Balanced Accuracy

In this work, we have decided to also report the balanced accuracy metric for evaluating
the performance of our models, as our datasets are imbalanced. Balanced accuracy is
particularly well-suited for imbalanced datasets, as it provides a more robust performance
measure than standard accuracy, which can be misleading when dealing with imbalanced
classes. We can define the balanced accuracy as the average of recall (also known as
sensitivity or true positive rate) obtained in each class. In the case of binary classification,
the balanced accuracy can be calculated as follows:

balanced accuracy (BAcc) =
1

2
× (

TP

TP + FN
+

TN

TN + FP
) (4.25)

Here, True Positives (TP) and True Negatives (TN) represent the correctly classified pos-
itive and negative instances, respectively, while False Positives (FP) and False Negatives
(FN) represent the misclassified instances.

The advantage of balanced accuracy over standard accuracy in the context of imbal-
anced datasets lies in its ability to give equal importance to each class’s performance.
By averaging the recall values for each class, balanced accuracy ensures that underrepre-
sented classes contribute equally to the overall performance metric. This allows for a more
meaningful evaluation of the model’s performance, as it considers not only the overall accu-
racy but also the ability of the model to classify instances from minority classes correctly.
Therefore, it is especially important in the context of our study to evaluate balanced accu-
racy along with accuracy and fairness in binary classification tasks involving imbalanced
datasets appropriately. While AUC-ROC and F1-score are commonly used metrics, they
were not chosen for our study due to the specific requirements of our task. AUC-ROC,
although valuable for binary classification problems, can give misleading results with our
imbalanced datasets as it incorporates both true positive rates (TPR) and false positive
rates (FPR). F1-score, on the other hand, is about balancing precision and recall. It seeks
to ensure the model is both good at predicting positive instances correctly (precision) and
not missing actual positive instances (recall). While balanced accuracy is more about en-
suring the model performs equally well in all classes, whether they are majority or minority
classes, and It is about balancing performance across classes. Therefore, we report bal-
anced accuracy similar to Baldini et al. (2022), to measure the accuracy performance of
our models considering the imbalanced nature of datasets.
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4.5.3 Equalized Odds Difference

We measure fairness with equalized odds difference (EOD) for race and gender. EOD is
commonly used to measure the equalized odds notion of fairness. It measures the difference
between false positive rates (FPRs) and true positive rates (TPRs) of two separate groups.
More information about TPRs, FPRs and equalized odds is discussed in 2.8.

Here, we define EOD by focusing on race and gender and fine-grained terms related to
demographic groups in each dataset. For EOD of gender:

EODGender = |FPRgender − FPRnon-gender|+ |TPRgender − TPRnon-gender|. (4.26)

Here, gender and non-gender refer to samples that contain sensitive terms related to gender
or not.

For EOD of race, we have:

EODrace = |FPRrace − FPRnon-race|+ |TPRrace − TPRnon-race|, (4.27)

race and non-race refer to samples that contain sensitive terms related to gender or not.

For EOD of fine-grained terms, we can compute the equalized odds for each sensitive
and non-sensitive-term sample, which accordingly means samples with studied sensitive
terms and not having sensitive terms:

EODfine-grained-term = |FPRsensitive−FPRnon-sensitive|+|TPRsensitive−TPRnon-sensitive| (4.28)

Therefore, using the formula 4.28, we can evaluate the fairness of the classifier across
fine-grained demographic terms.

The range of the EOD is an essential factor to consider when evaluating the fairness
of an ML model. The minimum value for this metric is 0, meaning that the True Pos-
itive Rate (TPR) and False Positive Rate (FPR) are equal across different demographic
groups. In such a scenario, the model’s performance is considered fair and unbiased for
all groups. The maximum value for the Difference of Equalized Odds is 2, which occurs
when there is a maximum discrepancy between the demographic groups in both TPR and
FPR. Specifically, this would happen when one group has a TPR and FPR of 1 while the
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other group has a TPR and FPR of 0. In this case, the model’s performance is extremely
biased, leading to unfair treatment and discrimination.

In practice, achieving an EOD value of exactly 0 might be challenging due to various
factors such as imbalanced data or inherent biases in the training process. However, aiming
for a value as close to 0 as possible is crucial to ensure fairness and equal treatment for all
demographic groups.

4.5.3.1 Justification for the Selection of Equalized Odds Difference as a Fair-
ness Metric

While other fairness metrics exist, such as demographic parity or individual fairness, we
have focused on the EOD for several reasons. Firstly, EOD is particularly relevant to our
work as it is well suited for the binary classification task, offering insights into false positive
(FPR) and true positive rates (TPR) for different demographic groups. This is vital as it
directly addresses the potential biases in misclassification rates that can disproportionately
impact certain groups, a critical concern in toxicity text classification tasks.

Secondly, the adversarial debiasing method we applied in our fair-enhanced models
is particularly aligned with the objective of equalized odds. Adversarial debiasing aims
to ensure that the predictions are independent of the sensitive attributes when the true
outcome is given, which is the core idea behind equalized odds.

Lastly, while metrics like demographic parity ensure equal positive rates across different
groups, they do not account for the true underlying distribution of positive outcomes in
these groups and may enforce over- or under-prediction for certain groups. Individual
fairness, on the other hand, is more suited for scenarios where a similarity metric between
individuals can be defined, which is challenging in the context of text classification tasks.

Therefore, we believe using EOD provides a more robust and meaningful measure of
fairness for our study. In addition, it aligns well with our project’s goals and the nature of
the data and task while effectively mitigating bias with the adversarial debiasing technique.
However, we acknowledge that no single fairness metric can capture all aspects of fairness,
and it has its limitations.
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Chapter 5

Experiment and Discussion

As mentioned, this study investigates social fairness in semi-supervised toxicity text clas-
sification. In other words, we seek to understand the impact of using biased training data
(imbalanced in terms of labels and keywords) on the fairness and accuracy performance
of the models under study. Additionally, we aim to evaluate the performance of our pro-
posed fair framework and baselines concerning the accuracy and fairness metrics related
to coarse-grained and fine-grained terms associated with race and gender.

In this chapter, we first present the data distribution and then mention each experiment
in detail. Next, we dive into the evaluation of the models and discussion of the results.

5.1 Data Distribution and Sampling Process for Ex-

periments

In this section, we first present how each dataset is processed for this project. Then,
we discuss the distribution of train and test sets with respect to labels, coarse-grained,
and fine-grained terms related to demographic groups. Following that, we outline each
experiment and describe the data sampling process.
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5.1.1 Processed Datasets

For this study, we utilize DistilBERT, which does not require manual pre-processing 1of
the input text in the datasets. To adapt the datasets for training and testing, we have
developed a unified representation to demonstrate coarse-grained term labels (for gender
and race), toxicity classification labels, and fine-grained term communities for each sam-
ple. Furthermore, we examine the distribution of the train and test sets to highlight the
imbalanced nature of the datasets.

After extracting useful information for this task, our datasets consist of five columns:
Text, Race, Gender, Label, and Fine-terms (fine-grained terms). The datasets are struc-
tured as follows:

• Text: This column contains the comments that our model will receive as input for
classification.

• Race: A binary feature indicating whether a sample in our dataset contains sensitive
terms related to race (i.e., whether each sample targets race or not).

• Gender: A binary feature indicating whether a sample in our dataset contains
sensitive terms related to gender (i.e., whether each sample targets gender or not).

• Label: A binary feature that indicates whether each sample contains toxic language
or not.

• Fine-terms: This column contains string information about which fine-grained com-
munities related to gender or race have been targeted in our dataset (a sample can
contain no to as many fine-grained communities targeted in the text).

In order to illustrate the imbalances in the datasets, several pie charts have been pre-
pared, each highlighting different aspects of the data distribution. For example, Figure
5.1 shows how HateXplain training sets are distributed based on the label (Figure 5.1(a)),
gender (Figure 5.1(b)), race (Figure 5.1(c)). In HateXplain, there is an imbalance in the
label and keyword levels (gender and race) where almost 56% of data are toxic comments,
and 76% and 85% of data contain no gender and no race information, respectively.

1In this work, we apply the DistilBERT tokenizer which tokenized the text in the proper format for
the DistilBERT encoder.
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(a) Distribution of training data based on
label.

(b) Distribution of training data based on
gender.

(c) Distribution of training data based on
race.

Figure 5.1: Pie charts illustrate how the HateXplain training set is distributed based on
the label, gender, and race binary features.

Figure 5.2 shows how labels and coarse-grained keywords such as race and gender are
jointly distributed throughout the training set of HateXplain. The pie chart 5.2(a), and
5.2(b) show that HateXplain has more toxic labels for gender and race than non-toxic
which may cause the model to capture unintended bias where it may assume a non-toxic
sentence contain a sensitive word related to demographic groups is toxic (which can cause
discrimination).
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(a) Distribution of training data based on label
and gender.

(b) Distribution of training data based on label
and race.

Figure 5.2: Pie charts illustrate how the HateXplain training set is jointly distributed based
on the label, gender, and race binary features.

As illustrated in Figures 5.3 and 5.4, the HateXplain test set closely reflects the dis-
tribution observed in the training set. Evaluating our models on the HateXplain test set,
which follows real-world keyword-level distribution patterns in social media (Mathew et al.,
2021), shows a higher proportion of toxic comments for those containing demographic in-
formation. This approach allows for a more precise evaluation of the models by simulating
the models’ performance in real-world scenarios.
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(a) Distribution of test data based on la-
bel.

(b) Distribution of test data based on gen-
der.

(c) Distribution of test data based on race.

Figure 5.3: Pie charts illustrate how the HateXplain test set is distributed based on the
label, gender, and race binary features.

(a) Distribution of test set based on label and
gender.

(b) Distribution of test set based on label and
race.

Figure 5.4: Pie charts illustrate how the HateXplain test set is jointly distributed based
on the label, gender, and race binary features.
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On the other side, the Wiki Toxicity dataset is a highly imbalanced dataset. By looking
at pie charts in Figure 5.5, we can see that most of the comments are non-toxic (around
90%) and only 2% and 3% of the comments contain information about gender and race.

(a) Distribution of training data based on
label.

(b) Distribution of training data based on
gender.

(c) Distribution of training data based on
race.

Figure 5.5: Pie charts illustrate how the Wiki Toxicity training set is distributed based on
the label, gender, and race binary features.

Figure 5.6 shows how labels and demographic keywords such as gender and race are
jointly distributed throughout the training set of Wiki Toxicity. The pie chart 5.6(a), and
5.6(b) show that the Wiki Toxicity has more non-toxic labels for gender and race than
toxic which may cause the model to capture unintended bias where it may assume a toxic
sentence contain a sensitive word related to demographic groups is non-toxic.
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(a) Distribution of training data based on label
and gender.

(b) Distribution of training data based on label
and race.

Figure 5.6: Pie charts illustrate how the Wiki Toxicity training set is jointly distributed
based on the label, gender, and race binary features.

As illustrated in Figures 5.7 and 5.8, the Wiki toxicity test has a similar distribution to
the training set. Therefore, it helps us to have a precise evaluation of our models trained
on the training set.
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(a) Distribution of test set based on label. (b) Distribution of test set based on gen-
der.

(c) Distribution of test set based on race.

Figure 5.7: Pie charts illustrate how the Wiki Toxicity test set is distributed based on the
label, gender, and race binary features.

(a) Distribution of test data based on label and
gender.

(b) Distribution of test data based on label and
race.

Figure 5.8: Pie charts illustrate how the Wiki Toxicity test set is jointly distributed based
on the label, gender, and race binary features.
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Finally, two datasets with different natures and distributions can make the classifi-
cation and evaluation of the results more challenging but more inclusive in toxicity text
classification. For example, the HateXplain dataset is a benchmark dataset for hate speech
detection and contains samples from social media such as Twitter and Gab, which follow
the real-world distribution of social media where most of the samples contain demographic
information that is toxic (Mathew et al., 2021). On the other hand, a highly imbalanced
Wiki Toxicity dataset is collected from the English Wikipedia page comments, which is
considered to have more non-toxic content (Zhang et al., 2018a).

5.1.2 Significance of Fine-grained Terms in Evaluation

The use case of fine-grained terms in the datasets is in the evaluation process, where we
aim to answer research question Q2 and assess the performance of the models in terms
of fairness on these specific demographic groups in each dataset. By doing so, we can
determine the effectiveness of our debiasing approach on a more granular level. However,
to rely on the model’s performance concerning the fine-grained terms, we must assess
whether we have sufficient data in the testing sets for each demographic group related to
gender and race in each dataset. In (Baldini et al., 2022), the results for the fine-grained
terms with more than 100 samples in the test set were reported. However, this study
presents the results for those fine-grained communities with over 50 samples in the test
set. Nonetheless, we should be cautious that the results for fine-grained terms with smaller
test samples might be less reliable.

Table 5.1 and 5.2 illustrates the number of samples of fine-grained terms in each dataset.
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Fine-Grained Term Count Fine-Grained Term Count

trans 1622 lesbian 39
white 728 african 28
black 632 bisexual 26
gay 491 heterosexual 25
straight 385 transgender 23
male 359 mexican 20
female 192 japanese 18
american 191 hispanic 14
homosexual 179 middle eastern 14
asian 95 canadian 12
indian 81 african american 6
european 73 latina 5
queer 53 latino 3
chinese 47 lgbt 1

Table 5.1: Fine-grained terms and their counts for Wiki Toxicity test set.

Fine-Grained Term Count

African 2341
Women 1697
Homosexual 1494
Refugee 986
Arab 978
Caucasian 816
Men 526
Asian 435
Hispanic 391

Table 5.2: Fine-grained terms and their counts for HateXplain test set.

5.1.3 Experiments and Data Sampling Regime

To address the hypotheses and research questions posed in the introduction, we have
designed three experiments to provide insights into these aspects. This section presents
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an overview of each experiment, followed by an analysis of the data sampling strategies
employed for each. Finally, we aim to analyze the result of these experiments in the
following sections to effectively evaluate the performance of our models in terms of accuracy
and fairness and ultimately shed light on the key concerns outlined earlier in the study.

5.1.3.1 Experiment 1: Overall Performance Regarding Fairness and Accuracy

In Experiment 1, the data sampling process is designed to create a training set that con-
tains labeled and unlabeled training data for semi-supervised models and labeled training
data for the limited supervised cases. The labeled training set is sampled with a specific
distribution for coarse-term communities (gender, race) based on the specific proportions
for each class. The proportions are defined as follows:

• Toxic Label Distirbution: [10%, 45%, 45%] - This list represents the percentage
of labeled data related to each coarse-grained term in toxic samples in the training
set. The first element represents the percentage of samples with no race and gender
indication (equal to non-protected samples), the second element represents the per-
centage of samples related to gender, and the third element represents the percentage
of samples related to race.

• Non-Toxic Label Distirbution: [80%, 10%, 10%] - This list represents the per-
centage of labeled data related to each coarse-grained term in non-toxic samples in
the training set. The first element represents the percentage of samples with no race
and gender indication, the second element represents the percentage of samples re-
lated to gender, and the third element represents the percentage of samples related
to race.

HateXplain Wiki Toxicity
Label Ratio 0.005 0.01 0.05 0.1 0.0008 0.0016 0.0080 0.0161
Label Count 77 154 770 1539 77 154 766 1541

Table 5.3: The label ratio and label count per class for each dataset is given. For instance,
r = 0.005 for HateXpalin means that we have 77 labeled data for toxic texts and 77 labeled
data for non-toxic texts in the training set.

In this experiment, we first sample a number of labeled data based on the given set
of label ratios per class in each dataset, as described in Table 5.3 (the distribution of the
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labeled data in terms of demographic groups is set based on the given label distribution
for each class). Then, we utilize the remaining data as unlabeled data for semi-supervised
models. Experiment 1 serves as our primary experiment, intending to evaluate our model’s
performance in terms of both accuracy and fairness. After that, we will analyze the hypoth-
esis H and research questions Q1 introduced in the introduction to comprehensively assess
our model’s performance and address the critical concerns outlined earlier in the study.
In addition, in this experiment, we evaluate the effect of coarse-grained term debiasing on
fine-grained terms fairness to answer research question Q2.

5.1.3.2 Experiment 2: Effect of labeled data on Accuracy and Fairness

In Experiment 2, the data sampling process is designed to create a training set that con-
tains labeled and unlabeled training data for semi-supervised models and labeled training
data for the limited supervised cases. The labeled training set is sampled with a specific
distribution for coarse-term communities (gender, race) based on the specific proportions
for each class. The proportions remain as defined in Experiment 1:

• Toxic Label Ratio: [10%, 45%, 45%]

• Non-Toxic Label Ratio: [80%, 10%, 10%]

Additionally, in this experiment, we randomly select a subset of 5,000 and 50,000 un-
labeled data points from the HateXplain and the Wiki Toxicity datasets subsequently.
Within this subset, 60 percent of the samples are from the toxic label category, and 40
percent are from the non-toxic label category. We further sample these unlabeled data
points according to the following distributions:

• Toxic Labeled / Unlabeled Data Ratio: [10%, 45%, 45%] - This list represents
the percentage of unlabeled data related to each coarse-term community in toxic
labeled samples in the training set. The first element represents the percentage of
samples with no race and gender indication, the second element represents the per-
centage of samples related to gender, and the third element represents the percentage
of samples related to race.

• Non-Toxic Labeled / Unlabeled Data Ratio: [80%, 10%, 10%] - This list rep-
resents the percentage of unlabeled data related to each coarse-term community in
non-toxic labeled samples in the training set. The first element represents the per-
centage of samples with no race and gender indication, the second element represents
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the percentage of samples related to gender, and the third element represents the
percentage of samples related to race.

In Experiment 2, we aim to investigate the impact of labeled data on the model’s
performance in terms of accuracy and fairness while fixing the number of unlabeled data
to eliminate the possible effect of unlabeled data in our study. This will enable us to
analyze further the research question Q3, introduced in Section 1.3.

5.1.3.3 Experiment 3: Effect of Unlabeled Data on Accuracy and Fairness

In Experiment 3, we aim to investigate the impact of varying amounts of unlabeled data
on the model’s performance in terms of accuracy and fairness. To achieve this, we select
two fixed ratios of labeled data for each dataset 2 and then vary the number of unlabeled
data points (four different values depending on each dataset’s size). The reason we have
selected two different label ratios is to make sure that the results of this experiment are not
affected by the ratios of labeled data. The sampling distribution for labeled and unlabeled
data remains consistent with those used in Experiment 2.

HateXplain Wiki Toxicity
Unlabeled Count 1000 2500 5000 10000 10000 25000 50000 95000

Table 5.4: The number of unlabeled data selected for each dataset in experiment3.

In this experiment, we aim to explore how the quantity of unlabeled data affects the
model’s performance in terms of accuracy and fairness. We aim to achieve this by system-
atically varying the amount of unlabeled data to further analyze the research question Q4
introduced in the introduction.

5.2 Evaluation and Discussion

This section will detail our experimental results, systematically examining the patterns,
trends, and implications that emerge from our datasets. We aim to provide insight into
the validity of our hypotheses and answer the research questions that have been proposed.
Each experiment will be individually investigated, with the intent to draw meaningful

2We selected 0.05 and 0.1 for HateXplain, and 0.0016, 0.0161 for Wiki Toxicity
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conclusions that align with our research objectives. Ultimately, we will summarize the key
trends and limitations to offer a comprehensive view of our findings, providing an enriched
perspective on this topic.

It is important to note that we do not conduct any statistical analysis tests in this study.
This is because there are no fair semi-supervised frameworks for comparison with our model
results. The introduced baselines merely serve to demonstrate how enforcing fairness can
enhance fairness criteria considering the balance between accuracy and fairness. All the
results are reported over five runs with associated standard deviation.

5.2.1 Experiment 1: Overall Performance Regarding Fairness
and Accuracy

This section analyzes the classification and fairness performance metrics for different mod-
els on both datasets. This assessment allows us to provide more comprehensive insights
into the performance of various models, including FairNDAGAN and FairGANBERT from
our proposed framework, as well as several baseline models. Finally, it helps us to provide
a good view of the hypothesis and research questions Q1, and Q2.

5.2.1.1 HateXplain Dataset Results

In this section, we initially refer to Table 5.5 and 5.6 to analyze our models’ performance
on the HateXplain dataset in terms of accuracy scores (accuracy, and balanced accuracy).

Let us first identify trends related to H. All the fair models have comparable accuracy
with non-fair counterparts in terms of accuracy. Nevertheless, we must remember that
selection criteria are based on accuracy; therefore, fair models’ accuracy is within a range
of non-fair models. However, this is not the case for balanced accuracy, where FairBERT
balanced accuracy at ratio 0.005 is almost 11% less than BERT. For other models, such
as our proposed fair semi-supervised models (FairNDAGAN, FairGANBERT), balanced
accuracy is in the same range as NDAGAN and GANBERT. Therefore, generally, we
can identify that there is a reasonable trade-off between the fair models and non-fair
counterparts in terms of accuracy scores. However, to fully confirm H, we need to look at
the fairness scores as well.

In line withQ1, we observe some interesting trends in the context of fair semi-supervised
models. Looking at balanced accuracy (BAcc), FairGANBERT slightly outperforms FairNDA-
GAN across all label ratios, except for r=0.1. On the other hand, when considering accu-
racy, FairNDAGAN tends to outperform FairGANBERT across all label ratios, except for
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r=0.005. These opposing trends highlight a view toward Q1 that there is no total winner
between our proposed models regarding the accuracy scores on HateXplain. For example,
based on a specific application, we may select to go with FairNDAGAN if accuracy is
important or FairGANBERT if balanced accuracy is critical.

Model BAcc

(r = 0.005) (r = 0.01) (r = 0.05) (r = 0.1)

NDAGAN 64.57 ± 2.35 69.90 ± 1.62 73.61 ± 1.41 76.06 ± 0.82
FairNDAGAN 62.42 ± 4.32 67.05 ± 3.08 72.33 ± 2.01 74.79 ± 0.46
GANBERT 65.76 ± 3.70 69.89 ± 1.74 73.74 ± 1.02 75.52 ± 1.54
FairGANBERT 64.85 ± 3.79 68.52 ± 2.19 72.70 ± 1.41 74.70 ± 0.66
BERT 64.44 ± 2.15 68.31 ± 1.51 73.07 ± 1.08 75.16 ± 1.01
FairBERT 53.34 ± 2.68 66.37 ± 2.59 73.03 ± 0.68 73.94 ± 1.42
FullBERT 78.14 ± 0.80 78.14 ± 0.80 78.14 ± 0.80 78.14 ± 0.80
FairFullBERT 76.13 ± 3.54 76.13 ± 3.54 76.13 ± 3.54 76.13 ± 3.54

Table 5.5: This table presents the results of Experiment 1. Each column corresponds
to a different label ratio and displays the balanced accuracy of the respective models on
the HateXplain dataset. The results are averaged over five runs on the test data, and the
standard deviation for each model is also provided. For more information about the number
of labeled data per class in each ratio, please refer to Table 5.3. It is worth noting that
FulllBERT and FairFullBERT are trained on the fully labeled training set and different
ratios do not apply to them, however, to provide an easier comparison, we add their results
for all ratios.

There are some other interesting trends that we can identify. For instance, accuracy
generally decreases when transitioning from SSL models to limited supervised learning
(SL) models. Also, NDAGAN and GANBERT can achieve around 76% accuracy at r=0.1,
close to the fully supervised FullBERT model that achieves 79.20% accuracy. Further-
more, regarding balanced accuracy, FairGANBERT and FairNDAGAN often outperform
FairBERT, especially at label ratio r=0.005. These trends indicate that SSL models can
maintain competitive accuracy and balanced accuracy with Fully supervised cases and out-
perform limited supervised models. This could further add insight into how SSL models
leverage unlabeled data to generalize the data distribution.

It is worth noting that FullBERT, trained on all labeled data, does not surpass 79.20% in
terms of accuracy or 76.13% in terms of balanced accuracy, which underlines the complexity
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of the HateXplain dataset. This provides important context for the performance of the
other models, highlighting the necessity of advanced modeling techniques to handle such
challenging datasets.

Model Acc

(r = 0.005) (r = 0.01) (r = 0.05) (r = 0.1)

NDAGAN 68.24 ± 1.73 71.34 ± 0.67 75.02 ± 0.79 76.51 ± 0.77
FairNDAGAN 65.76 ± 1.36 69.28 ± 2.11 71.53 ± 1.46 73.51 ± 1.78
GANBERT 68.62 ± 2.42 71.01 ± 0.56 74.67 ± 0.84 76.61 ± 0.99
FairGANBERT 66.01 ± 2.91 68.50 ± 1.92 71.53 ± 1.68 73.17 ± 1.52
BERT 65.69 ± 2.07 70.14 ± 1.43 74.37 ± 0.43 76.22 ± 0.67
FairBERT 61.55 ± 1.63 67.62 ± 2.43 71.36 ± 1.44 73.15 ± 0.91
FullBERT 79.20 ± 0.39 79.20 ± 0.39 79.20 ± 0.39 79.20 ± 0.39
FairFullBERT 77.19 ± 1.81 77.19 ± 1.81 77.19 ± 1.81 77.19 ± 1.81

Table 5.6: This table presents the results of Experiment 1, showing the accuracy of our
proposed models (FairNDAGAN and FairGANBERT) and baseline models on the HateX-
plain dataset. Each column corresponds to a different label ratio and displays the accuracy
of the respective models, averaged over five runs and the standard deviation for each model
is also provided. It is worth noting that FulllBERT and FairFullBERT are trained on the
fully labeled training set and different ratios do not apply to them, however, to provide an
easier comparison, we add their results for all ratios.

We now analyze the fairness metric (EOD). The information about EOD for gender
and race demographic groups in HateXpalin is illustrated in Table 5.7, and 5.8.

In the context of fair semi-supervised models, some interesting trends emerge. First,
for both gender and race EOD, FairNDAGAN, and FairGANBERT consistently perform
better than their non-fair counterparts (NDAGAN and GANBERT) across all label ratios.
This finding aligns with our hypothesis H that introducing fairness to our models can
improve fairness metrics. However, regarding Q1, there is no clear dominant model for
either gender or race EOD between FairNDAGAN and FairGANBERT.

When comparing the non-fair semi-supervised models (GANBERT and NDAGAN),
we do not observe a clear trend for either gender or race EOD. However, both models
generally perform better than the BERT and FullBERT models regarding race EOD. This
highlights the potential of semi-supervised models to maintain better fairness even with
limited labeled data. However, we need to consider that the low labeled data regime in the

81



SSL models such as r = 0.005 have a very lower accuracy performance compared to the
fully supervised cases; a lower EOD individually does not guarantee better generalization
in terms of accuracy and fairness. Therefore, for a comprehensive analysis, we need to
consider both measures to compare the performance of the models.

Model EODGender

(r = 0.005) (r = 0.01) (r = 0.05) (r = 0.1)

NDAGAN 0.12 ± 0.01 0.16 ± 0.06 0.12 ± 0.07 0.10 ± 0.07
FairNDAGAN 0.07 ± 0.04 0.06 ± 0.02 0.05 ± 0.02 0.04 ± 0.03
GANBERT 0.10 ± 0.04 0.11 ± 0.04 0.12 ± 0.04 0.10 ± 0.03
FairGANBERT 0.10 ± 0.03 0.05 ± 0.02 0.06 ± 0.02 0.02 ± 0.01
BERT 0.12 ± 0.04 0.13 ± 0.05 0.10 ± 0.04 0.15 ± 0.03
FairBERT 0.01 ± 0.01 0.11 ± 0.03 0.07 ± 0.02 0.10 ± 0.02
FullBERT 0.07 ± 0.03 0.07 ± 0.03 0.07 ± 0.03 0.07 ± 0.03
FairFullBERT 0.05 ± 0.03 0.05 ± 0.03 0.05 ± 0.03 0.05 ± 0.03

Table 5.7: This table presents the results of Experiment 1, showing the equalized odds
difference for the gender demographic group as a measure of fairness. Each column cor-
responds to a different label ratio and displays the EODGender of the respective models,
averaged over five runs, and the standard deviation for each model is also provided. It is
worth noting that FulllBERT and FairFullBERT are trained on the fully labeled training
set and different ratios do not apply to them, however, to provide an easier comparison,
we add their results for all ratios.

As we transition from SL models to the SSL models from our proposed framework, we
noticed that the fairness metrics generally improve by introducing fairness considerations.
Notably, FairNDAGAN and FairGANBERT consistently outperform FairBERT and Fair-
FullBERT regarding EODRace across all label ratios. For EODGender, while FairNDAGAN
and FairGANBERT perform comparably to FairFullBERT, they outperform it when the
ratio of labels is 0.1 per class.

Additionally, when comparing the performance across different demographic groups, it
is noticeable that the models tend to perform better regarding EODRace than EODGender.
This observation might point towards the potential challenges in achieving fairness across
different demographic groups, calling for tailored strategies for each group.
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Model EODRace

(r = 0.005) (r = 0.01) (r = 0.05) (r = 0.1)

NDAGAN 0.12 ± 0.07 0.07 ± 0.06 0.13 ± 0.04 0.14 ± 0.03
FairNDAGAN 0.03 ± 0.01 0.06 ± 0.05 0.06 ± 0.05 0.07 ± 0.03
GANBERT 0.11 ± 0.08 0.10 ± 0.09 0.12 ± 0.05 0.16 ± 0.08
FairGANBERT 0.04 ± 0.01 0.05 ± 0.05 0.04 ± 0.02 0.07 ± 0.04
BERT 0.10 ± 0.10 0.09 ± 0.08 0.14 ± 0.05 0.12 ± 0.07
FairBERT 0.02 ± 0.02 0.05 ± 0.04 0.06 ± 0.03 0.11 ± 0.02
FullBERT 0.15 ± 0.02 0.15 ± 0.02 0.15 ± 0.02 0.15 ± 0.02
FairFullBERT 0.11 ± 0.06 0.11 ± 0.06 0.11 ± 0.06 0.11 ± 0.06

Table 5.8: This table presents the results of Experiment 1, showing the equalized odds dif-
ference for the race demographic group as a measure of fairness. Each column corresponds
to a different label ratio and displays the EODRace of the respective models, averaged over
five runs, and the standard deviation for each model is also provided. It is worth noting
that FulllBERT and FairFullBERT are trained on the fully labeled training set and differ-
ent ratios do not apply to them, however, to provide an easier comparison, we add their
results for all ratios.

We now combine the analysis of accuracy scores (accuracy, balanced accuracy) and fair-
ness metrics (gender and race EOD) to better understand the effectiveness of our proposed
models, FairNDAGAN and FairGANBERT, on the HateXplain dataset.

A key question that motivated our research is understanding the trade-off between ac-
curacy performance and fairness in semi-supervised learning (SSL) models. When consid-
ering fairness alongside accuracy performance, we find that our fair semi-supervised models
(FairNDAGAN and FairGANBERT) can achieve comparable accuracy performance to the
semi-supervised models (NDAGAN and GANBERT) while greatly improving fairness met-
rics. This aligns with our initial hypothesis H, suggesting that it is possible to maintain
good performance while improving fairness through semi-supervised learning approaches.
Therefore, it validates that introducing fairness considerations into SSL models can improve
the fairness metrics without a considerable drop in performance.

In addition, the advantage of SSL models becomes more pronounced at higher label
ratios such as r = 0.1. Despite having limited labeled data compared to fully supervised
models, FairNDAGAN and FairGANBERT can reach comparable accuracy scores perfor-
mance with the FairFullBERT and completely outperform the FairFullBERT regarding
EOD for race and gender.
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In line with Q1, While FairNDAGAN and FairGANBERT perform well, they have no
clear winner across all metrics. The choice between the two would depend on the specifics
of the task and the prioritized evaluation metric. Therefore, for research Q1, we cannot
find a dominant winner between our proposed fair semi-supervised models, at least on the
HateXplain dataset.

Our analysis also uncovers some challenges in achieving fairness. While our fair models
improve fairness metrics, they still show some discrepancies between gender and race EOD,
with EODRace generally being lower on HateXpalin. This suggests that achieving fairness
across all demographic groups remains challenging and may require more tailored strategies
for different demographic groups.

In conclusion, our comprehensive evaluation demonstrates that FairNDAGAN and Fair-
GANBERT effectively address the challenges posed by the HateXplain dataset. They main-
tain performance while improving fairness, particularly in scenarios with a higher level of
limited labeled data. Therefore, our fair proposed models show that they could be effective
in the context of toxic language detection. However, we must still analyze the result on
other datasets and resources. In the next section, we analyze the results of the models on
the Wiki Toxicity dataset and then try to discuss the hypothesis and research questions in
more detail.

5.2.1.2 Wiki Toxicity Dataset

In this part, first, we will analyze Table 5.9 and 5.10 to find out how the models perform
on the Wiki Toxicity dataset in terms of accuracy scores (balanced accuracy and accu-
racy). Before delving into details, we must consider that the Wiki Toxicity dataset is a
highly imbalanced dataset, and balanced accuracy is a more reliable metric to measure the
classification performance of our models than accuracy.

Let us first identify trends related to H. All the fair models have comparable accuracy
with non-fair counterparts. Nevertheless, we must remember that selection criteria are
based on accuracy; therefore, fair models’ accuracy is within a range of non-fair models.
Also, in terms of balanced accuracy, FairNDABERT and FairBERT, and FairFullBERT,
have an acceptable loss of accuracy compared to their non-fair counterparts. However,
this is not the case for FairGANBERT which cannot achieve comparable performance with
GANBERT regarding balanced accuracy except in r = 0.0161. Therefore, generally, we
can say that fairness is achievable with minimal loss of performance in the SSL setting;
however, in a highly imbalanced dataset, we must be careful about the selection criteria or
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introduce techniques to decrease the negative effect of imbalance in the data on models’
performance.

For trends related to Q1, there are interesting patterns in the context of our proposed
fair semi-supervised framework. Regarding balanced accuracy (BAcc), FairNDAGAN gen-
erally outperforms FairGANBERT across different label ratios. This trend, however, does
not apply to accuracy, where FairNDAGAN and FairGANBERT perform similarly with
no clear winner. These opposing trends highlight a view toward Q1 that there is no
total winner between our proposed models regarding the accuracy of Wiki toxicity. How-
ever, considering the highly imbalanced nature of Wiki Toxicity, we may select to go with
FairNDAGAN for similar scenarios (For the final conclusion, we need to consider the EOD
for race and gender between these two models to do a better selection.).

Model BAcc

(r = 0.0008) (r = 0.0016) (r = 0.008) (r = 0.0161)

NDAGAN 83.50 ± 6.61 82.60 ± 5.02 85.86 ± 4.60 87.49 ± 1.73
FairNDAGAN 78.70 ± 4.88 68.41 ± 2.99 81.59 ± 2.85 87.42 ± 4.74
GANBERT 85.82 ± 4.09 84.74 ± 5.34 85.67 ± 4.12 86.69 ± 2.15
FairGANBERT 68.44 ± 6.44 67.05 ± 5.33 75.09 ± 4.36 78.77 ± 5.36
BERT 86.74 ± 2.26 88.50 ± 2.06 90.83 ± 0.58 90.26 ± 0.73
FairBERT 84.33 ± 0.99 85.34 ± 4.15 88.71 ± 3.07 88.07 ± 3.17
FullBERT 91.23 ± 0.72 91.23 ± 0.72 91.23 ± 0.72 91.23 ± 0.72
FairFullBERT 91.74 ± 0.20 91.74 ± 0.20 91.74 ± 0.20 91.74 ± 0.20

Table 5.9: This table presents the results of Experiment 1, showing the balanced accuracy
scores for our proposed models (FairNDAGAN and FairGANBERT) and baseline models on
the Wiki Toxicity dataset. Each column corresponds to a different label ratio and displays
the balanced accuracy of the respective models, averaged over five runs. The standard
deviation for each model is also provided. For more information about the number of
labeled data points per class in each ratio, please refer to Table 5.3.

Transitioning from SSL models to limited supervised learning (SL) models, we observe
that the BERT and FairBERT generally outperform SSL models regarding balanced ac-
curacy. However, the SSL models, particularly NDAGAN and GANBERT, demonstrate
superior performance in terms of accuracy. This discrepancy could be attributed to the
highly imbalanced nature of the Wiki Toxicity dataset, where accuracy might not accu-
rately represent the model’s classification ability. Therefore, our semi-supervised models
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(fair and non-fair) do not perform well on highly imbalanced datasets as their balanced
accuracy is less than BERT and FairBERT.

Model Acc

(r = 0.0008) (r = 0.0016) (r = 0.008) (r = 0.0161)

NDAGAN 90.50 ± 5.37 93.47 ± 3.05 94.84 ± 0.63 95.22 ± 0.40
FairNDAGAN 89.33 ± 2.27 89.61 ± 3.59 91.71 ± 2.52 94.78 ± 0.67
GANBERT 90.38 ± 6.66 93.04 ± 2.34 95.12 ± 0.57 95.18 ± 0.34
FairGANBERT 87.73 ± 3.31 90.13 ± 3.80 92.51 ± 2.45 94.81 ± 1.16
BERT 86.74 ± 2.26 88.50 ± 2.06 90.83 ± 0.58 90.26 ± 0.73
FairBERT 84.33 ± 0.99 85.34 ± 4.15 88.71 ± 3.07 88.07 ± 3.17
FullBERT 91.23 ± 0.72 91.23 ± 0.72 91.23 ± 0.72 91.23 ± 0.72
FairFullBERT 91.74 ± 0.20 91.74 ± 0.20 91.74 ± 0.20 91.74 ± 0.20

Table 5.10: This table presents the results of Experiment 1, showing the accuracy scores
for our proposed models (FairNDAGAN and FairGANBERT) and baseline models on the
Wiki Toxicity dataset. Each column corresponds to a different label ratio and displays
the accuracy of the respective models, averaged over five runs. The standard deviation for
each model is also provided.

In the context of EOD for gender and race, the closer the EOD value is to 0, the fairer
the model is considered. Therefore, based on the EODGender in Table 5.12, we observe that
FairNDAGAN and FairGANBERT models have shown a considerable improvement in fair-
ness compared to their non-fair counterparts NDAGAN and GANBERT across all ratios.
This indicates that the adversarial debiasing introduced in the training of FairNDAGAN
and FairGANBERT is an effective bias mitigating technique. In particular, FairGANBERT
appears to have the lowest EODGender scores, suggesting it is the fairest among the semi-
supervised models in terms of gender demographic. On the other hand, FairBERT and
FairFullBERT also show lower EODGender scores compare to fair semi-supervised models.
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Model EODGender

(r = 0.0008) (r = 0.0016) (r = 0.008) (r = 0.0161)

NDAGAN 0.16 ± 0.05 0.20 ± 0.05 0.22 ± 0.06 0.18 ± 0.06
FairNDAGAN 0.09 ± 0.03 0.09 ± 0.03 0.11 ± 0.05 0.08 ± 0.03
GANBERT 0.13 ± 0.03 0.17 ± 0.06 0.23 ± 0.05 0.22 ± 0.09
FairGANBERT 0.03 ± 0.01 0.07 ± 0.03 0.06 ± 0.02 0.07 ± 0.01
BERT 0.14 ± 0.05 0.19 ± 0.06 0.17 ± 0.05 0.17 ± 0.06
FairBERT 0.04 ± 0.02 0.09 ± 0.03 0.05 ± 0.03 0.09 ± 0.03
FullBERT 0.05 ± 0.03 0.05 ± 0.03 0.05 ± 0.03 0.05 ± 0.03
FairFullBERT 0.04 ± 0.03 0.04 ± 0.03 0.04 ± 0.03 0.04 ± 0.03

Table 5.11: This table presents the results of Experiment 1, showing the equalized odds
difference for the gender demographic group as a measure of fairness. Each column cor-
responds to a different label ratio and displays the EODGender of the respective models,
averaged over five runs. The standard deviation for each model is also provided.

Similarly, the EODRace in Table 5.12 shows that FairGANBERT and FairNDAGAN
outperform their non-fair counterparts regarding fairness across different demographic
groups. The EODRace for these models is closer to 0, indicating a more balanced prediction
for different racial groups. Conversely, comparing supervised and semi-supervised models,
FairBERT and FairFullBERT generally demonstrate better fairness than FairNDAGAN
and FairGANBERT.

As we mentioned that FairGANBERT is the only model that has an unreasonable loss
of balanced accuracy except in a ratio of 0.0161 for Wiki Toxicity, However, we can see
that it can outperform FairNDAGAN in terms of fairness. Again, this shows that lower
accuracy can bring more fairness and to select a fair model that has a good classification
performance, we need to consider both measures to avoid underfitting the data distribution.

Both EOD for gender and race shows that FairFullBERT outperforms fair semi-supervised
models. However, in the case of FairBERT, they have almost the same performance in terms
of fairness. Therefore, generally, we think that our semi-supervised models (our proposed
framework as well) cannot handle highly imbalanced datasets very well.
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Model EODRace

(r = 0.0008) (r = 0.0016) (r = 0.008) (r = 0.0161)

NDAGAN 0.16 ± 0.04 0.18 ± 0.06 0.15 ± 0.06 0.10 ± 0.02
FairNDAGAN 0.13 ± 0.03 0.13 ± 0.03 0.13 ± 0.02 0.09 ± 0.02
GANBERT 0.17 ± 0.05 0.15 ± 0.07 0.18 ± 0.05 0.14 ± 0.04
FairGANBERT 0.03 ± 0.01 0.10 ± 0.02 0.06 ± 0.03 0.07 ± 0.02
BERT 0.15 ± 0.03 0.31 ± 0.07 0.17 ± 0.06 0.13 ± 0.05
FairBERT 0.07 ± 0.02 0.25 ± 0.09 0.10 ± 0.03 0.05 ± 0.02
FullBERT 0.10 ± 0.02 0.10 ± 0.02 0.10 ± 0.02 0.10 ± 0.02
FairFullBERT 0.08 ± 0.02 0.08 ± 0.02 0.08 ± 0.02 0.08 ± 0.02

Table 5.12: This table presents the results of Experiment 1, showing the equalized odds dif-
ference for the race demographic group as a measure of fairness. Each column corresponds
to a different label ratio and displays the EODRace of the respective models, averaged over
five runs. The standard deviation for each model is also provided.

Finally, we aim to provide a unified analysis of accuracy scores and fairness metrics on
both datasets to reach a conclusion for hypothesis H and research question Q1, repeated
here for convenience.

H: We can achieve fairness in semi-supervised toxicity classification by con-
sidering the trade-off between classification performance and fairness.

The semi-supervised learning models FairNDAGAN and FairGANBERT show consid-
erable improvements in fairness compared to their non-fair counterparts NDAGAN and
GANBERT while maintaining a relatively high level of accuracy. This is evident from
the EOD scores for both gender and race demographics, which are generally lower for the
fair models. This finding aligns with the hypothesis that integrating fairness considera-
tions into semi-supervised learning models can improve fairness without greatly sacrificing
accuracy.

However, we need to consider that our semi-supervised models are sensitive to highly
imbalanced datasets compared to supervised cases. Therefore, to use them in such circum-
stances, we must find a way to reduce the negative effect of data imbalance on the models’
classification and fairness performance.

Q1: Can FairNDAGAN greatly outperform FairGANBERT in terms of fair-
ness and accuracy?
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There is no conclusive evidence to indicate that either FairNDAGAN or FairGANBERT
can outperform the others in both datasets. While both models exhibited a slight advan-
tage over the other in different scenarios, such differences were not noteworthy enough to
draw a definitive conclusion. However, it is worth noting that both models have similar
architectures and employ identical post-processing (debiasing) stages.

5.2.1.3 Fairness in Fine-Grained Terms

In this section, we seek to analyze how the coarse-grained debiasing of the non-fair classifiers
can affect the fairness of the fine-grained terms to identify if we can achieve fairness across
all fine-grained demographic groups using adversarial debiasing.

Please notice that in this analysis, we aim to provide an answer to the research question
Q2. Therefore, we do not look to analyze all the details, as fine-grained term analysis
is strictly affected by the number of samples related to each term in the test set, and
comparing detailed trends may not be accurate as each fine-grained term has a different
number of samples presented in the test set as reported in Tables 5.1 and 5.2.

89



(a) EOD for fine-grained terms for ratio of 0.005 (b) EOD for fine-grained terms for ratio of 0.01

(c) EOD for fine-grained terms for ratio of 0.05 (d) EOD for fine-grained terms for ratio of 0.1

Figure 5.9: This Figure reports the EOD for fine-grained terms related to gender in the
HateXplain dataset over different label ratios for models. It is important to note that
FullBERT and FairFullBERT are trained on fully-labeled training sets and different ratios
of labeled data do not apply to these models.

Looking at Figure 5.9, we can identify two general trends showing that the fair version
of each model has a lower maximum EOD of fine-grained terms and, additionally, the
differences between maximum and minimum EOD values of fine-grained terms related to
gender in the HateXpalin dataset in the fair models compared to their non-fair counterparts
declined. For example, in Figure 5.9(a), fine-grained terms for NDABERT range from
0.07 for women to 0.18 for Homosexual, and after applying the coarse-grained debiasing,
FairNDAGAN’s EOD for Homosexual decreased to 0.12. Moreover, the difference between
the EOD of fine-grained terms in FairNDAGAN declined to 0.07 from 0.11 in NDABERT.
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This trend applies almost to all models in all ratios. However, the only exception is in
the ratio of 0.01, when FairGANBERT’s EOD difference between its gender fine-grained
terms is around 0.13 while it is 0.09 for GANBERT. We investigated more to insure why
this exception happens and noticed that in Table 5.7, EODgender for both models are the
same. However, again we need to point out that we cannot rely on exceptions and details
trends because of the aforementioned reasons for the inaccuracy issue in the fine-grained
terms fairness analysis.

(a) EOD for fine-grained terms for ratio of 0.005 (b) EOD for fine-grained terms for ratio of 0.01

(c) EOD for fine-grained terms for ratio of 0.05 (d) EOD for fine-grained terms for ratio of 0.1

Figure 5.10: This Figure reports the EOD for fine-grained terms related to race in the
HateXplain dataset over different label ratios for models. It is important to note that
FullBERT and FairFullBERT are trained on fully-labeled training sets and different ratios
of labeled data do not apply to these models.
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In Figure 5.10, we can identify the same pattern as the differences between maximum
and minimum EOD values of fine-grained terms in fair models is less than their non-fair
counterparts; also, in the majority of the cases, the fair version of each model decreases
the maximum EOD of fine-grained terms in respects to non-fair models.

On the other hand, the ratio of 0.005 does not follow these trends at all. Although
by looking at 5.8, we identify a decline in overall EODRace of fair models to their non-
fair version in this ratio. Fair models do not decrease the differences between maximum
and minimum EOD values of fine-grained terms; instead, they radically decline the EOD of
several terms while increasing the others. This could indicate that always achieving fairness
in coarse-grained terms does not guarantee fair treatment of fine-grained demographic
groups. However, we think this happens due to low accuracy models achieved in lower
labeled data ratios such as 0.005, where models cannot fully capture the underlying data
distribution to generalize the problem well. Therefore, the low EOD for gender and race,
in this case, is not a sign of fairness, but it is a sign of underfitting the data distribution.
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(a) EOD for fine-grained terms for ratio of 0.0008 (b) EOD for fine-grained terms for ratio of 0.0016

(c) EOD for fine-grained terms for ratio of 0.008 (d) EOD for fine-grained terms for ratio of 0.0161

Figure 5.11: This Figure reports the EOD for fine-grained terms related to gender in the
Wiki Toxicity dataset over different label ratios for models. It is important to note that
FullBERT and FairFullBERT are trained on fully-labeled training sets and different ratios
of labeled data do not apply to these models.

Figure 5.11, and 5.12 follow precisely the same trends mentioned before, not only the
maximum EOD of fine-grained terms in fair models with respect to non-fair counterparts
decrease, but the difference between max and min EOD of fine-grained terms for each fair
model in all ration decreased in compared to their non-fair models.
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(a) EOD for fine-grained terms for ratio of 0.0008 (b) EOD for fine-grained terms for ratio of 0.0016

(c) EOD for fine-grained terms for ratio of 0.008 (d) EOD for fine-grained terms for ratio of 0.0161

Figure 5.12: This Figure reports the EOD for fine-grained terms related to race in the
Wiki Toxicity dataset over different label ratios for models. It is important to note that
FullBERT and FairFullBERT are trained on fully-labeled training sets and different ratios
of labeled data do not apply to these models.

Finally, we aim to provide a unified answer to the research question Q2.

Q2: Can we improve fairness for fine-grained terms related to demographic
groups in fair models while debiasing our non-fair models on coarse-grained
terms?

The general trend illustrates that debiasing non-fair models on coarse-grained terms us-
ing adversarial debiasing can indeed improve the fairness in fine-grained terms. Therefore,
for cases such as social fairness in online toxicity text classification where the fine-grained
terms related to demographic groups change over time, we can apply fairness on coarse-
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grained terms to enforce fairness on fine-grained terms. However, the quality of adversarial
debiasing in decreasing the difference between EOD of fine-grained terms in the fair model
is not comparable with Baldini et al. (2022), where they achieve almost identical EOD for
fine-grained terms by debiasing the coarse-grained terms.

5.2.2 Experiment 2: Effect of labeled data on Accuracy and Fair-
ness

In this experiment, we aim to see the effect of labeled data on the accuracy scores and fair-
ness of the proposed fair semi-supervised and baseline semi-supervised models. Therefore,
we look to identify whether adding more labeled data could affect accuracy and fairness
directly. At the same time, we keep the unlabeled data fixed and aim to draw a meaningful
conclusion related to research question Q3.

5.2.2.1 HateXplain

The general trends in Table 5.13, and 5.14 for accuracy scores in HateXplain show that as
the label ratio increases and both the balanced accuracy (BAcc) and the accuracy (Acc)
scores increase for all models tested (NDAGAN, FairNDAGAN, GANBERT, FairGAN-
BERT). This trend suggests that the presence of more labeled data in the training set
improves the models’ overall accuracy performance. For instance, in the case of FairNDA-
GAN, the balanced accuracy increases from 62.42% at label ratio 0.005 to 74.79% at label
ratio 0.1, and the accuracy increases from 65.76% at label ratio 0.005 to 73.51% at label
ratio 0.1. Similar trends are observed for the other models as well.
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Model BAcc

(r = 0.005) (r = 0.01) (r = 0.05) (r = 0.1)

NDAGAN 64.57 ± 2.35 69.90 ± 1.62 73.61 ± 1.41 76.06 ± 0.82
FairNDAGAN 62.42 ± 4.32 67.05 ± 3.08 72.33 ± 2.01 74.79 ± 0.46
GANBERT 65.76 ± 3.70 69.89 ± 1.74 73.74 ± 1.02 75.52 ± 1.54
FairGANBERT 64.85 ± 3.79 68.52 ± 2.19 72.70 ± 1.41 74.70 ± 0.66

Table 5.13: This table presents the results of Experiment 2, showing the balanced accuracy
scores for our proposed models (FairNDAGAN and FairGANBERT) and semi-supervised
baseline models on the HateXplain dataset. Each column corresponds to a different label
ratio and displays the balanced accuracy of the respective models, averaged over five runs.
The standard deviation for each model is also provided. For more information about the
number of labeled data points per class in each ratio, please refer to Table 5.3.

We can identify some interesting trends from Table 5.13, and 5.14. For instance, the
FairNDAGAN and FairGANBERT models, designed to promote fairness, generally show
slightly lower accuracy and balanced accuracy than their non-fair counterparts (NDA-
GAN and GANBERT). This decrease in performance is associated with the fairness and
accuracy trade-off, where an increase in fairness might lead to a slight compromise in
accuracy. However, the difference between the fairness-integrated and non-fair models is
moderate, indicating that promoting fairness does not seriously impair the models’ perfor-
mance. Although, in this experiment, we do not analyze H, this observation emphasizes
on our previous finding that creating more fair semi-supervised models without substantial
sacrifice on accuracy is possible.

Moreover, although this experiment is designed to detect the effect of labeled data, we
can still provide some insights about the overall performance of models when we have fewer
unlabeled data compared to experiment 1. In this case, with 5,000 unlabeled data in Ha-
teXplain, the NDAGAN and FairNDAGAN models slightly outperformed the GANBERT
and FairGANBERT models in terms of accuracy. This suggests that the NDA process
might be more effective when the number of unlabeled data is low.
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Model Acc

(r = 0.005) (r = 0.01) (r = 0.05) (r = 0.1)

NDAGAN 68.24 ± 1.73 71.34 ± 0.67 75.02 ± 0.79 76.51 ± 0.77
FairNDAGAN 65.76 ± 1.36 69.28 ± 2.11 71.53 ± 1.46 73.51 ± 1.78
GANBERT 68.62 ± 2.42 71.01 ± 0.56 74.67 ± 0.84 76.61 ± 0.99
FairGANBERT 66.01 ± 2.91 68.50 ± 1.92 71.53 ± 1.68 73.17 ± 1.52

Table 5.14: This table presents the results of Experiment 2, showing the accuracy scores
for our proposed models (FairNDAGAN and FairGANBERT) and semi-supervised baseline
models on the HateXplain dataset. Each column corresponds to a different label ratio and
displays the accuracy of the respective models, averaged over five runs. The standard
deviation for each model is also provided.

By looking at Table 5.15 and 5.16, we can compare the EOD values for the different label
ratios to investigate the general relationship between more labeled data and its influence
on fairness metric (EOD). For example, for EODGender, NDAGAN and GANBERT do not
show a consistent trend. While NDAGAN’s EODGender initially increases with more data
(from r = 0.005 to r = 0.01), it then decreases (from r = 0.01 to r = 0.05) and then drops
even further (from r = 0.05 to r = 0.1). GANBERT, on the other hand, initially increases,
then remains the same, and finally decreases. FairNDAGAN and FairGANBERT both
show a clear downward trend in EODGender with more labeled data, which can indicate
that more labeled data leads to better fairness outcomes for these models.

Model EODGender

(r = 0.005) (r = 0.01) (r = 0.05) (r = 0.1)

NDAGAN 0.12 ± 0.04 0.16 ± 0.05 0.12 ± 0.04 0.10 ± 0.04
FairNDAGAN 0.07 ± 0.02 0.06 ± 0.02 0.05 ± 0.02 0.04 ± 0.02
GANBERT 0.10 ± 0.02 0.11 ± 0.03 0.12 ± 0.05 0.10 ± 0.05
FairGANBERT 0.10 ± 0.04 0.05 ± 0.03 0.06 ± 0.02 0.02 ± 0.01

Table 5.15: This table presents the results of Experiment 2, showing the equalized odds
difference for the gender demographic group as a measure of fairness. Each column cor-
responds to a different label ratio and displays the EODGender of the respective models,
averaged over five runs. The standard deviation for each model is also provided.

For EODRace, NDAGAN and FairNDAGAN do not show a clear trend. While NDA-

97



GAN’s EOD initially decreases, it finally increases again. FairNDAGAN, on the other
hand, initially decreases, then remains the same, and finally slightly increases. GANBERT
shows an increasing trend in EOD, indicating that more labeled data might lead to worse
fairness outcomes. FairGANBERT, on the other hand, shows a slightly increasing trend.

Model EODRace

(r = 0.005) (r = 0.01) (r = 0.05) (r = 0.1)

NDAGAN 0.12 ± 0.03 0.07 ± 0.02 0.13 ± 0.04 0.14 ± 0.03
FairNDAGAN 0.03 ± 0.01 0.06 ± 0.02 0.06 ± 0.02 0.07 ± 0.03
GANBERT 0.11 ± 0.03 0.10 ± 0.03 0.12 ± 0.02 0.16 ± 0.03
FairGANBERT 0.04 ± 0.01 0.05 ± 0.02 0.04 ± 0.02 0.07 ± 0.03

Table 5.16: This table presents the results of Experiment 2, showing the equalized odds dif-
ference for the race demographic group as a measure of fairness. Each column corresponds
to a different label ratio and displays the EODRace of the respective models, averaged over
five runs. The standard deviation for each model is also provided.

The results of Experiment 2 on HateXplain show that the trend between more labeled
data and fairness is dependent on the model and the demographic group.

For gender, FairNDAGAN and FairGANBERT, the models integrating fairness mea-
sures, consistently show a decrease in EODGender as the amount of labeled data increases,
indicating an improvement in fairness for the gender demographic. However, this trend is
less apparent for the non-fair models, NDAGAN and GANBERT. These observations imply
that for gender fairness, more labeled data leads to better fairness outcomes in HateXplain,
specifically for the fair models.

On the other hand, the relationship between more labeled data and race fairness needs
to be clarified. While FairGANBERT shows a slightly increasing trend in EODRace,
FairNDAGAN does not show a clear trend. NDAGAN and GANBERT also do not show
consistent trends for race fairness. This suggests that the effect of adding more labeled
data on fairness is more complex and may depend on other factors, such as the specific
model used or the characteristics of the data.

However, the only trend that we identify is that in higher ratios of labeled data, fair
models are able to improve the fairness more than their non-fair counterparts (by decreasing
EOD). For example, EODGender in ratio 0.001 decrease around 0.05 between FairNDAGAN
and NDAGAN, and no decrease between, FairGANBERT and GANBERT while these
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values for ratio 0.1 is 0.06 and 0.08 respectively. It is important to note that we are still
not sure if this trend is because of more labeled data or generally more data because, in
the debasing process, we have used unlabeled and labeled data to improve fairness (both
labeled and unlabeled data have coarse-grained labels related to gender and race.).

Overall, these results suggest that the impact of more labeled data on fairness depends
on the model and the demographic group. It also suggests that incorporating fairness
measures into models can improve fairness outcomes, especially when more labeled data
is available. Despite this, the relationship between more labeled data and fairness is not
straightforward, and more research may be needed to understand this relationship better.

5.2.2.2 Wiki Toxicity

To analyze the results fully for Wiki Toxicity on accuracy scores, we consider Table 5.17,
and 5.18.

Model BAcc

(r = 0.0008) (r = 0.0016) (r = 0.008) (r = 0.0161)

NDAGAN 81.94 ± 2.98 84.85 ± 2.72 85.92 ± 2.91 85.62 ± 3.46
FairNDAGAN 84.44 ± 4.28 86.85 ± 3.78 88.03 ± 4.64 87.45 ± 3.28
GANBERT 76.08 ± 4.15 84.36 ± 1.27 85.58 ± 4.93 86.32 ± 2.28
FairGANBERT 84.23 ± 3.74 82.89 ± 4.98 85.96 ± 4.50 88.25 ± 3.16

Table 5.17: This table presents the results of Experiment 2, showing the balanced accuracy
scores for our proposed models (FairNDAGAN and FairGANBERT) and semi-supervised
baseline models on the Wiki Toxicity dataset. Each column corresponds to a different label
ratio and displays the balanced accuracy of the respective models, averaged over five runs.
The standard deviation for each model is also provided. For more information about the
number of labeled data points per class in each ratio, please refer to Table 5.3.

From the Tables, we can identify that NDAGAN and GANBERT accuracy scores con-
sistently increase as we add more labeled data. Interestingly, the balanced accuracy of
FairNDAGAN and FairGANBERT tends to increase as the label ratio increases, suggesting
that having more labeled data can improve the model’s performance in terms of balanced
accuracy. However, the accuracy performance is somewhat mixed for all models. For in-
stance, FairNDAGAN performed best at the label ratio of 0.0161, while FairGANBERT
performed best at the label ratio of 0.0016. Therefore, the general trend illustrates the

99



availability of more labeled data improves the balanced accuracy of the models, particu-
larly for FairNDAGAN and FairGANBERT. However, the relationship between the amount
of labeled data and accuracy is more complex, and other factors, such as the number of
unlabeled data in the training data, can influence it.

In addition, we observed some noteworthy trends in analyzing our models’ performance
on the Wiki Toxicity dataset. First, FairNDAGAN and FairGANBERT showed superior
performance compared to their non-fair counterparts regarding balanced accuracy. This
enhancement could be attributed to the semi-supervised baselines’ inability to fully fit the
data distribution in a highly imbalanced dataset like Wiki Toxicity. The adversarial debi-
asing stage allowed the models to train further on the data, improving their performance.
It’s worth noting that when the number of unlabeled data was larger in Experiment 1,
we did not observe this trend, indicating that we need more evidence for comprehensive
justification of this trend.

This contradiction between higher balanced accuracy for fair models with respect to
non-fair counterparts highlights the complexity of model evaluation in imbalanced sce-
narios. Because the training set is relatively balanced (due to the sampling regime for
Experiment 2), but the test set is highly imbalanced, non-fair models may overfit the
balanced characteristics of the training set, thereby underperforming on the imbalanced
test set. In contrast, fair models like FairNDAGAN and FairGANBERT are designed to
minimize disparities in performance across different classes or demographic groups. They
might be more robust to the shift from a balanced training set to an imbalanced test set
due to their focus on minimizing disparities in performance across classes. Therefore, the
higher balanced accuracy of the fair models, in this case, could be attributed to their ability
to handle better the shift in class distribution from the training set to the test set. This
highlights the potential benefits of the adversarial debiasing technique when dealing with
imbalanced data, even when the imbalance is only present in the test set.

In conclusion, the results of our experiments demonstrate the complicated dynamics
between model fairness, accuracy, and the distribution of labeled data in semi-supervised
learning. Furthermore, they highlight the potential of fair models in handling class im-
balances and the role of labeled data in model performance. Future research could delve
deeper into these by providing further insights into the trade-offs and interaction between
fairness and accuracy scores in semi-supervised learning in the case of highly imbalanced
datasets.
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Model Acc

(r = 0.0008) (r = 0.0016) (r = 0.008) (r = 0.0161)

NDAGAN 94.08 ± 0.82 94.76 ± 1.15 94.80 ± 0.73 95.39 ± 0.36
FairNDAGAN 92.21 ± 2.89 89.77 ± 3.56 93.66 ± 1.44 95.31 ± 0.61
GANBERT 80.78 ± 4.50 94.95 ± 0.92 94.88 ± 0.90 95.40 ± 0.12
FairGANBERT 92.52 ± 1.92 93.57 ± 1.91 94.30 ± 2.08 92.88 ± 3.81

Table 5.18: This table presents the results of Experiment 2, showing the accuracy of
our proposed models (FairNDAGAN and FairGANBERT) and semi-supervised baseline
models on the Wiki Toxicity dataset. Each column corresponds to a different label ratio
and displays the balanced accuracy of the respective models, averaged over five runs. The
standard deviation for each model is also provided. For more information about the number
of labeled data points per class in each ratio, please refer to Table 5.3.

We can compare the EOD values for the different label ratios to investigate the general
relationship between more labeled data and its influence on fairness metric (EOD) in the
Wiki Toxicity dataset.

Model EODGender

(r = 0.0008) (r = 0.0016) (r = 0.008) (r = 0.0161)

NDAGAN 0.13 ± 0.05 0.19 ± 0.05 0.24 ± 0.04 0.21 ± 0.07
FairNDAGAN 0.06 ± 0.02 0.05 ± 0.03 0.11 ± 0.04 0.08 ± 0.04
GANBERT 0.12 ± 0.05 0.21 ± 0.08 0.24 ± 0.07 0.22 ± 0.04
FairGANBERT 0.07 ± 0.03 0.03 ± 0.01 0.10 ± 0.03 0.11 ± 0.05

Table 5.19: This table presents the results of Experiment 2, showing the equalized odds
difference for the gender demographic group as a measure of fairness. Each column cor-
responds to a different label ratio and displays the EODGender of the respective models,
averaged over five runs. The standard deviation for each model is also provided.

From Tables 5.19 and 5.20, we can compare the EOD values for the different label
ratios to investigate the general relationship between more labeled data and its influence
on fairness metric (EOD) in the Wiki Toxicity dataset.

For both gender and race categories, there appears to be no straightforward relationship
between an increase in labeled data and the EOD values for the models. Furthermore, the
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EOD does not consistently decrease or increase with more labeled data, suggesting that the
fairness of the models (as measured by EOD) is not directly proportional to the amount
of labeled data available. Also, When fairness measures are incorporated (FairNDAGAN
and FairGANBERT), both models perform similarly, with FairGANBERT showing slightly
better EOD at lower label ratios for the gender category. The FairNDAGAN and Fair-
GANBERT models generally have lower EOD values than their non-fair counterparts.
However, the relationship between EOD and the amount of labeled data is complex, and
Other factors might influence it.

Model EODRace

(r = 0.0008) (r = 0.0016) (r = 0.008) (r = 0.0161)

NDAGAN 0.10 ± 0.04 0.15 ± 0.04 0.17 ± 0.06 0.12 ± 0.06
FairNDAGAN 0.08 ± 0.03 0.13 ± 0.04 0.11 ± 0.03 0.09 ± 0.04
GANBERT 0.08 ± 0.04 0.16 ± 0.04 0.16 ± 0.06 0.13 ± 0.04
FairGANBERT 0.06 ± 0.02 0.10 ± 0.04 0.11 ± 0.05 0.12 ± 0.04

Table 5.20: This table presents the results of Experiment 2, showing the equalized odds
difference for the gender demographic group as a measure of fairness. Each column cor-
responds to a different label ratio and displays the EODRace of the respective models,
averaged over five runs. The standard deviation for each model is also provided.

Q3: What is the role of the labeled data in semi-supervised toxicity text
classification in terms of fairness and accuracy?

Generally speaking, the availability of more labeled data improves the classification
performance of our semi-supervised models in terms of accuracy and balanced accuracy.
However, the amount of labeled data does not appear to have a straightforward relation-
ship with the fairness of the models, as measured by the EOD for both race and gender
demographic groups. Neither an increase nor a decrease in the EOD values is consistently
observed with increasing amounts of labeled data. This suggests that the fairness of the
model, in terms of both race and gender, is not directly proportional to the amount of
labeled data, at least in our proposed and baseline semi-supervised models.
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5.2.3 Experiment 3: Effect of Unlabeled Data on Accuracy and
Fairness

In this experiment, we aim to see the effect of unlabeled data on the accuracy scores and
fairness of the proposed fair semi-supervised and baseline semi-supervised models. In other
words, we wanted to see if increasing the number of unlabeled data would positively affect
these two criteria or not.

This section first looks at the trends in the results across each dataset. Then, we draw
conclusions related to research question Q4. It is important to note that we have conducted
the experiments for each dataset with two different labeled data ratios (one low, one high)
to make sure the amount of labeled data does not impact the results. Here, we only present
results from the lower labeled data ratio; however, since the outcomes of higher ratios do
not contribute any additional information to our analysis, we report them in Appendix A
for clarity.

5.2.3.1 HateXplain

Regarding Balanced Accuracy (BAcc) (Table 5.21), we can see that as the quantity of
unlabeled data increases, the BAcc scores for NDAGAN and GANBERT models show a
slight increase, peaking at n=5000 and then decreasing slightly. FairNDAGAN sees a slight
decline in performance up to n=5000 and then a 4% jump at n=10000. FairGANBERT’s
performance is somewhat unpredictable, dropping at n=5000, then increasing again at
n=10000.

Model BAcc

(n = 1000) (n = 2500) (n = 5000) (n = 10000)

NDAGAN 64.79 ± 1.34 64.89 ± 1.96 66.10 ± 1.78 65.23 ± 3.53
FairNDAGAN 64.48 ± 4.90 63.92 ± 4.63 63.93 ± 4.10 67.36 ± 3.95
GANBERT 64.02 ± 4.72 64.61 ± 1.56 65.57 ± 3.03 65.21 ± 2.61
FairGANBERT 61.11 ± 4.13 63.98 ± 4.76 60.70 ± 3.00 64.41 ± 3.60

Table 5.21: This table presents the balanced accuracy results of models in Experiment 3
for the HateXplain dataset. Each column corresponds to a different number of unlabeled
data in the training set, and the labeled data ratio is 0.005. Results are computed by
averaging over five runs, and the standard deviation for each model is also provided.
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Looking at accuracy (Acc) in Table 5.22, all models maintain a relatively stable per-
formance as unlabeled data increases. The highest accuracy score is seen with NDAGAN,
while the lowest is seen with FairGANBERT.

By looking at the accuracy scores results for HateXplain, It is evident that the accuracy
and balanced accuracy does not necessarily improve if we increase the number of unlabeled
data.

Model Acc

(n = 1000) (n = 2500) (n = 5000) (n = 10000)

NDAGAN 67.85 ± 2.38 67.79 ± 2.33 68.14 ± 1.87 68.17 ± 3.01
FairNDAGAN 66.83 ± 3.31 67.02 ± 3.15 65.96 ± 1.75 66.75 ± 3.70
GANBERT 67.99 ± 2.93 67.79 ± 2.61 67.54 ± 2.91 67.94 ± 2.18
FairGANBERT 65.88 ± 3.00 67.03 ± 3.57 65.51 ± 2.85 66.80 ± 3.41

Table 5.22: This table presents the accuracy results of models in Experiment 3 for the
HateXplain dataset. Each column corresponds to a different number of unlabeled data in
the training set, and the labeled data ratio is 0.005. Results are computed by averaging
over five runs, and the standard deviation for each model is also provided.

From Table 5.23, and 5.24, by considering fairness measured by EODGender, FairNDA-
GAN and FairGANBERT models seem to maintain relatively stable and maintain lower
score than semi-supervised baselines. NDAGAN and GANBERT, on the other hand, have
slightly higher EODGender scores, and no trend that indicates increasing the unlabeled data
improve EODGender can be identified.

For EODRace, the scores for all models seem relatively stable, with a slight increase or
decrease as n increases. FairNDAGAN and FairGANBERT models maintain lower scores,
indicating better fairness related to race.
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Model EODGender

(n = 1000) (n = 2500) (n = 5000) (n = 10000)

NDAGAN 0.10 ± 0.04 0.08 ± 0.03 0.08 ± 0.03 0.09 ± 0.02
FairNDAGAN 0.05 ± 0.02 0.02 ± 0.01 0.03 ± 0.01 0.02 ± 0.01
GANBERT 0.06 ± 0.03 0.08 ± 0.03 0.11 ± 0.04 0.07 ± 0.02
FairGANBERT 0.03 ± 0.02 0.05 ± 0.02 0.05 ± 0.02 0.02 ± 0.01

Table 5.23: This table presents the EODGender results of models in Experiment 3 for the
HateXplain dataset. Each column corresponds to a different number of unlabeled data in
the training set, and the labeled data ratio is 0.005. Results are computed by averaging
over five runs, and the standard deviation for each model is also provided.

In general, In terms of fairness, for both EODGender, and EODRace we cannot identify
a meaningful trend that guarantees fairness improvement by increasing in the number of
unlabeled data. However, there are some decreases in EOD for both race and gender for
some models, but it is not consistent and considerable.

Model EODRace

(n = 1000) (n = 2500) (n = 5000) (n = 10000)

NDAGAN 0.15 ± 0.05 0.15 ± 0.05 0.14 ± 0.04 0.09 ± 0.04
FairNDAGAN 0.04 ± 0.03 0.06 ± 0.02 0.05 ± 0.03 0.07 ± 0.02
GANBERT 0.16 ± 0.06 0.15 ± 0.05 0.13 ± 0.05 0.13 ± 0.04
FairGANBERT 0.05 ± 0.02 0.05 ± 0.03 0.07 ± 0.03 0.06 ± 0.02

Table 5.24: This table presents the EODRace results of models in Experiment 3 for the
HateXplain dataset. Each column corresponds to a different number of unlabeled data in
the training set, and the labeled data ratio is 0.005. Results are computed by averaging
over five runs, and the standard deviation for each model is also provided.

In summary, the addition of unlabeled data in this context does not seriously affect
the accuracy and fairness of the models. However, these findings suggest that the role of
unlabeled data in semi-supervised toxicity text classification is complex, and we need to
select high-quality unlabeled data where the selection criteria are set based on our needs
and it is in line with the problem we aim to address.
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5.2.3.2 Wiki Toxicity

In terms of Balanced Accuracy (BAcc) shown in Table 5.25, the results indicate a slight de-
crease in BAcc as the number of unlabeled instances (n) increases for NDAGAN, FairNDA-
GAN, and GANBERT. However, FairGANBERT shows a slight increase in performance
up to n=25000 and then a decrease.

Model BAcc

(n = 10000) (n = 25000) (n = 50000) (n = 95000)

NDAGAN 83.85 ± 2.81 83.02 ± 3.04 81.94 ± 2.98 82.84 ± 4.83
FairNDAGAN 83.02 ± 5.56 77.51 ± 6.68 84.44 ± 4.28 81.28 ± 4.61
GANBERT 83.05 ± 2.46 81.47 ± 1.41 76.08 ± 3.15 81.38 ± 2.04
FairGANBERT 84.59 ± 3.34 85.93 ± 3.88 84.23 ± 3.74 80.60 ± 2.46

Table 5.25: This table presents the accuracy results of models in Experiment 3 for the Wiki
Toxicity dataset. Each column corresponds to a different number of unlabeled data in the
training set, and the labeled data ratio is 0.0008. Results are computed by averaging over
five runs, and the standard deviation for each model is also provided.

Regarding Accuracy (Acc) illustrated in Table 5.26, NDAGAN and GANBERT main-
tain relatively stable performance as unlabeled instances increase. FairNDAGAN shows a
small decrease in performance as n increases, while FairGANBERT’s performance fluctu-
ates. Generally, no consistent pattern shows that adding more unlabeled data can increase
the accuracy scores in this context.

Model Acc

(n = 10000) (n = 25000) (n = 50000) (n = 95000)

NDAGAN 93.66 ± 1.81 93.84 ± 1.85 94.08 ± 0.82 93.57 ± 1.96
FairNDAGAN 91.81 ± 2.38 91.06 ± 3.04 92.21 ± 2.89 90.84 ± 3.35
GANBERT 93.74 ± 1.98 94.46 ± 0.83 80.78 ± 4.50 94.44 ± 0.74
FairGANBERT 91.03 ± 3.21 89.94 ± 2.67 92.52 ± 1.92 91.84 ± 2.67

Table 5.26: This table presents the accuracy results of models in Experiment 3 for the Wiki
Toxicity dataset. Each column corresponds to a different number of unlabeled data in the
training set, and the labeled data ratio is 0.0008. Results are computed by averaging over
five runs, and the standard deviation for each model is also provided.
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Considering fairness for gender In Table 5.27, measured by EODGender, FairNDAGAN
and FairGANBERT models seem to maintain relatively stable and lower EOD scores as the
number of unlabeled instances increases, indicating consistent fairness related to gender.
NDAGAN and GANBERT, on the other hand, have slightly higher EODGender scores.
However, we can not identify any consistent trend that suggests adding more unable data
necessarily improves fairness in terms of EOD.

Model EODGender

(n = 10000) (n = 25000) (n = 50000) (n = 95000)

NDAGAN 0.17 ± 0.01 0.23 ± 0.08 0.21 ± 0.07 0.24 ± 0.08
FairNDAGAN 0.09 ± 0.04 0.14 ± 0.05 0.08 ± 0.04 0.13 ± 0.05
GANBERT 0.22 ± 0.09 0.20 ± 0.09 0.22 ± 0.04 0.21 ± 0.09
FairGANBERT 0.13 ± 0.04 0.09 ± 0.02 0.11 ± 0.04 0.06 ± 0.02

Table 5.27: This table presents the EODGender results of models in Experiment 3 for the
Wiki Toxicity dataset. Each column corresponds to a different number of unlabeled data
in the training set, and the labeled data ratio is 0.0008. Results are computed by averaging
over five runs, and the standard deviation for each model is also provided.

For EODRace, the scores for all models seem stable, with a slight increase or decrease as
n increases. For example, FairNDAGAN and FairGANBERT models maintain lower scores,
indicating better fairness related to race, however, their EODRace does not decrease as n in-
creases. The only model that shows some fairness improvement as the number of unlabeled
data increases is GANBERT, although the improvement is not considerable. Generally,
the addition of unlabeled data in this context does not seem to have a considerable positive
effect on the accuracy and fairness of the models.
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Model EODRace

(n = 10000) (n = 25000) (n = 50000) (n = 95000)

NDAGAN 0.12 ± 0.04 0.10 ± 0.03 0.12 ± 0.03 0.12 ± 0.02
FairNDAGAN 0.08 ± 0.04 0.11 ± 0.03 0.09 ± 0.02 0.08 ± 0.03
GANBERT 0.16 ± 0.04 0.11 ± 0.05 0.13 ± 0.04 0.12 ± 0.06
FairGANBERT 0.09 ± 0.04 0.09 ± 0.04 0.12 ± 0.04 0.10 ± 0.03

Table 5.28: This table presents the EODRace results of models in Experiment 3 for the Wiki
Toxicity dataset. Each column corresponds to a different number of unlabeled data in the
training set, and the labeled data ratio is 0.0008. Results are computed by averaging over
five runs, and the standard deviation for each model is also provided.

Q4: What is the role of unlabeled data in semi-supervised toxicity text
classification in terms of fairness and accuracy?

Overall, as the amount of unlabeled data (n) increases, the accuracy (Acc) and Bal-
anced Accuracy (BAcc) of the models fluctuate without a clear trend towards increasing
or decreasing. For instance, the FairGANBERT model on the HateXplain dataset shows a
slightly increasing trend in BAcc with increasing unlabeled data for the r= 0.005, but the
trend is inconsistent for the r = 0.1. Similarly, for the Wiki Toxicity dataset, the FairNDA-
GAN model shows a rise in BAcc with increasing unlabeled data from 10000 to 50000 but
then a fall when it reaches 95000. This implies that simply increasing the amount of un-
labeled data does not necessarily improve model accuracy, and there may be other factors
at play, such as the quality of the unlabeled data, the model’s ability to leverage this data
or the inherent complexity of the task.

In terms of fairness, measured by EOD for both gender and race, increasing the amount
of unlabeled data does not greatly changes the EOD scores for all the models. This suggests
that incorporating fairness into the model’s design may be more influential than the amount
of unlabeled data when achieving fairness in predictions.

In conclusion, the role of unlabeled data in semi-supervised toxicity text classification
is complex and not entirely predictable. While it contributes to the models’ performance in
terms of accuracy and fairness, other factors, including the models’ design and the quality
of the unlabeled data, also play significant roles (Tian et al., 2004). Some previous studies
have shown that the value of unlabeled data can greatly enhance learning performance
under certain conditions, suggesting that the specific usage of unlabeled data can be more
critical than a large number of unlabeled samples (Singh et al., 2008). Furthermore, not all
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unlabeled data contribute equally to these improvements. Ren et al. (2020) have demon-
strated that assigning unique weights to each unlabeled example, rather than treating all
unlabeled data as equal, could cause better performance in semi-supervised learning tasks.
Therefore, while simply adding unlabeled data does not guarantee improvements in fair-
ness and accuracy, we hypothesize that, for future work, carefully sampling high-quality
unlabeled data (where quality is defined based on context and our specific requirements)
and intelligently incorporating it into the model could effectively improve performance in
terms of both accuracy and fairness.

5.2.4 Key Findings and Limitations

In this section, we summarize the key findings as follows:

• Our study indicates that considering the fairness accuracy trade-off, the proposed fair
semi-supervised toxicity classification framework can improve fairness without con-
siderable loss of accuracy. Both FairNDAGAN and FairGANBERT models demon-
strated this, showing considerable improvements in fairness as measured by lower
EOD scores for both gender and race demographics while having comparable accu-
racy scores with their non-fair counterparts.

• The comparative performance of FairNDAGAN and FairGANBERT was inconclu-
sive. Both models demonstrated slight advantages in different scenarios, but these
differences were not noteworthy enough to declare a clear winner.

• The availability of labeled data generally improved the classification performance
of our models in terms of accuracy and balanced accuracy. However, the amount
of labeled data does not have a straightforward relationship with the fairness of the
models, indicating the complexity of the relationship between labeled data and model
fairness.

• The role of unlabeled data in semi-supervised toxicity text classification is complex
and unpredictable. While increasing the amount of unlabeled data did not necessarily
improve model accuracy or fairness.

• Our results indicate that debiasing non-fair models on coarse-grained terms using
adversarial debiasing can improve fairness in fine-grained terms. This finding could
be particularly useful in domains, such as online toxicity text classification, where
fine-grained demographic terms change over time. However, the efficacy of adversarial
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debiasing in reducing the difference between EOD scores for fine-grained terms in fair
models is not as high as other techniques introduced in (Baldini et al., 2022).

Limitations of this work are identified as follows:

• Our semi-supervised models appear to be sensitive to highly imbalanced datasets,
which is a common characteristic of real-world data. This could limit the utility of
these models in practical applications and indicate the need for additional strategies
like data augmentation and balancing techniques in such scenarios.

• We have not yet investigated the quality of the unlabeled data, which could be a
key aspect in enhancing the performance of semi-supervised models. Future research
should consider exploring this aspect further.

• The fairness of our models was evaluated only on gender and race demographics. The
models’ fairness for other social groups or demographic categories remains an open
question and a potential limitation of our study.

• In the context of fine-grained demographic groups, achieving fairness in coarse-
grained terms does not always guarantee fair treatment for these groups. This issue
seems to be more apparent when models are unable to fully capture the underlying
data distribution due to low accuracy, potentially leading to underfitting.

• Our models tend to perform differently regarding EOD for different demographic
groups such as gender and race. This points to potential challenges in achieving
fairness across different demographic groups and underscores the need for tailored
strategies for each group or using a bias-mitigating method that can handle different
demographic groups more equally.
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Chapter 6

Conclusion and Future Work

This chapter initially reflects on the contributions and findings of this work. Then, it
comprehensively summarizes the importance of understanding and achieving fairness in
semi-supervised toxicity text classification. This chapter further highlights potential direc-
tions for future research. Finally, it concludes with an ethical statement, reaffirming our
commitment to fairness, inclusivity, and integrity in our research.

6.1 Summary of Contributions

Through our research, we have made several contributions in the domain of fairness-aware
semi-supervised learning, particularly focusing on toxicity text classification.

Achieving Fairness in Semi-Supervised Learning: We performed a comprehen-
sive analysis to compare the performance of our proposed semi-supervised models against
semi-supervised and supervised baselines in terms of both accuracy and fairness for the
first time in toxicity text classification. Our models show that we can achieve fairness in
semi-supervised toxicity text classification considering the trade-off between accuracy and
fairness.

Fair Semi-Supervised Learning Framework: For the first time, we designed and
developed two fair semi-supervised learning models, FairNDAGAN and FairGANBERT,
to analyze social fairness in semi-supervised text classification.

Understanding the Role of Labeled and Unlabeled Data: We have explained
the influence of both labeled and unlabeled data on the fairness and accuracy aspects of
semi-supervised learning models.
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Investigation of Coarse-Grained vs. Fine-Grained Fairness: We showed that
reaching fairness at the coarse-grained level improves fairness at the fine-grained level but
does not always guarantee it.

Influence of Data Imbalance on Accuracy and Fairness: Our study revealed
susceptibilities of both supervised and semi-supervised models to imbalanced datasets in
terms of accuracy and fairness.

The findings and insights from our work provide a solid foundation for future research,
pushing advancements in understanding and achieving fairness in semi-supervised learning.
Finally, we hope that our effort in this field will encourage other researchers to analyze
social fairness in semi-supervised toxicity text classification.

6.2 Conclusion

As the digital landscape continues to evolve and social media platforms are taking their
way more into our daily life, the issue of toxic language in user-generated comments has
emerged as a significant challenge. Although ML models have been developed to detect
and moderate such content automatically, they often exhibit unintended biases, particu-
larly against comments containing sensitive demographic terms. Moreover, most of the
developed frameworks for fair toxicity detection rely heavily on annotated datasets, and
acquiring labels for different scenarios and platforms is expensive and time-consuming.
Therefore, there is a need to develop state-of-the-art fair frameworks to detect toxic lan-
guage with a limited number of label data.

In this research, we have initially introduced a fair semi-supervised framework to inves-
tigate if fairness is possible in a semi-supervised setting considering the trade-off between
classification performance and fairness. Our findings suggest that incorporating fairness
considerations into semi-supervised learning models can greatly improve fairness metrics
without seriously sacrificing accuracy. Furthermore, our study highlighted the importance
of fairness at the fine-grained level. Although our fair framework using adversarial debias-
ing achieved some level of fairness at the fine-grained level, we identify a need for a tailored
way to enforce fairness more at the fine-grained level between demographic groups.

Moreover, we investigated the role of labeled and unlabeled data in our proposed semi-
supervised framework regarding fairness and accuracy. Our research revealed that in-
creasing the quantity of unlabeled data does not directly correlate with improved model
performance or fairness. Instead, we think that the quality of unlabeled data and how
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it is selected and incorporated plays an important role into the fairness and classification
performance of semi-supervised models.

In our exploration of the role of labeled data in semi-supervised learning, we identified
that the number of labeled data greatly influenced the accuracy of our models. However,
fairness particularly was not affected by the number of labeled data. We think that in
terms of fairness, the quality of data plays a more important role than the quantity of the
data. However, this suggestion needs to be investigated in detail.

It is important to note that the fair models, FairNDAGAN and FairGANBERT, from
our proposed fair semi-supervised framework consistently outperformed their non-fair semi-
supervised counterparts in terms of fairness, demonstrating the potential of semi-supervised
learning in fairness-aware ML. However, none of the fair models greatly outperformed the
other, suggesting that the choice between these models might depend on the specific nature
of the data, such as the degree of data imbalance. Furthermore, our study revealed the
potential vulnerabilities of semi-supervised models to imbalanced datasets, suggesting the
necessity of integrating data augmentation methods and balancing techniques in such cases.

In conclusion, our study has shed light on the potential and challenges of semi-supervised
learning for fairness-aware toxicity text classification for the first time. We believe that
our findings will provide a foundation for future research in this important area.

6.3 Future Work

In terms of future work, we have identified several bottlenecks and various directions that
can be pursued to advance our understanding of fairness in semi-supervised toxicity text
classification:

Targeted groups detection: In this study, we presented a range of benchmark
datasets for toxicity text classification, highlighting the absence of information regard-
ing targeted groups. This makes a significant challenge for fairness-related research within
this domain. Consequently, developing an automated tool that detects targeted groups
within these benchmarks can significantly advance research in this field.

Improved metrics: Given the importance of considering both accuracy and fairness,
future research could focus on developing more sophisticated metrics that capture both
aspects simultaneously.

Improved data handling: Future research could also focus on more effective ways to
handle imbalanced data, such as advanced data augmentation and balancing techniques.
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Better use of unlabeled data: Our findings suggest that simply increasing the
amount of unlabeled data does not necessarily improve model accuracy or fairness. There-
fore, future work could investigate ways to select and use high-quality unlabeled data more
effectively.

Fairness at the fine-grained level: As our study revealed, achieving fairness at the
coarse-grained level does not always translate into fairness at the fine-grained level. Thus,
future work could focus on methods to ensure fairness at more granular levels.

Non-binary gender identities : In this work, such as most of the works, we con-
sidered genders are binary. However, there is a need to investigate the complexities of
non-binary gender representations in toxicity text classification. Specifically, we suggest
focusing on the role of non-binary gender identities and various gender pronouns in a fair
toxicity text classification. This would be a significant step towards more inclusive and fair
models. However, to consider all gender identities, there is a need to collect more diverse
datasets, including samples that represent diverse gender identities.

Exploring newer architectures and methodologies: In this study, we employed
GANs as our primary architecture. However, the rapidly evolving landscape of ML pro-
vides many newer alternative architectures and methods that can be employed for toxicity
text classification, particularly when labeled data is limited. Specifically, future work
could delve into the application of prompt engineering methods and employ the abilities
of large language models (LLMs) for this task. These approaches offer promising avenues
for improving both model performance and efficiency and may help to further unravel the
trade-off between accuracy, fairness, and data constraints in the domain of semi-supervised
toxicity text classification.

6.4 Ethical Statement

This research strictly followed the ethical guidelines and principles outlined by the Univer-
sity of Ottawa.

We acknowledge and affirm the existence and validity of non-binary gender identities.
While our research currently addresses gender in a binary context due to the limitations
of our data and existing research frameworks, we understand that this is a simplification
and does not capture the full spectrum of human gender identities. We hope that future
work will continue to develop methodologies to include non-binary and underrepresented
gender identities in the context of fairness in machine learning.

114



Despite our endeavours to promote fairness and mitigate bias in machine learning mod-
els, we acknowledge that creating an absolutely fair model remains a complex and unsolved
challenge. This research represents our best effort to contribute to the ongoing discourse
and development toward achieving this goal.

During the preparation of this research, AI tools such as ChatGPT and Grammarly
were employed for coding assistance and text editing. However, it should be considered that
all ideas, concepts, and texts are original by the author, and without human inspection,
interpretation, and approval; no text was directly used from AI-generated content. These
tools were used strictly as assistance and not as sources of original content or ideas.

The author affirms that this research has been conducted with the utmost integrity.
We were transparent in our methods and findings, and we welcome scrutiny and further
discussion to enhance the quality and impact of this work.
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Appendix A

More Results for Experiment 3

In Appendix A, we provide the detailed results of Experiment 3 for the higher labeled data
ratio scenarios for both datasets. Although the outcomes do not significantly alter our
conclusions, we believe it is crucial to report the results for transparency.

A.1 Accuracy Scores

From Table A.1, A.2,A.3, and A.3, we can observe the same pattern as identified in the
main report where more unlabeled data do not necessarily improve the accuracy scores of
the semi-supervised frameworks.

Model BAcc

(n = 1000) (n = 2500) (n = 5000) (n = 10000)

NDAGAN 75.63 ± 0.89 74.59 ± 1.30 74.84 ± 1.10 75.53 ± 0.86
FairNDAGAN 74.90 ± 0.91 74.25 ± 1.17 74.64 ± 1.12 75.18 ± 1.29
GANBERT 75.47 ± 0.93 74.53 ± 2.36 74.41 ± 1.42 74.35 ± 1.23
FairGANBERT 74.87 ± 0.71 75.02 ± 1.31 74.18 ± 3.79 74.82 ± 0.79

Table A.1: This table presents the balanced accuracy results of models in Experiment 3
for the HateXplain dataset. Each column corresponds to a different number of unlabeled
data in the training set, and the label data ratio is 0.1. Results are computed by averaging
over five runs, and the standard deviation for each model is also provided.
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Model Acc

(n = 1000) (n = 2500) (n = 5000) (n = 10000)

NDAGAN 76.57 ± 0.95 75.99 ± 0.62 76.26 ± 0.41 76.40 ± 0.48
FairNDAGAN 74.01 ± 2.04 72.98 ± 2.16 73.85 ± 2.28 74.03 ± 2.40
GANBERT 76.55 ± 0.89 76.02 ± 0.71 76.08 ± 0.46 76.03 ± 1.00
FairGANBERT 73.51 ± 1.51 73.85 ± 2.34 74.57 ± 1.43 73.59 ± 2.21

Table A.2: This table presents the accuracy results of models in Experiment 3 for the
HateXplain dataset. Each column corresponds to a different number of unlabeled data in
the training set, and the label data ratio is 0.1. Results are computed by averaging over
five runs, and the standard deviation for each model is also provided.

Model BAcc

(n = 10000) (n = 25000) (n = 50000) (n = 95000)

NDAGAN 86.09 ± 3.24 85.06 ± 2.64 85.62 ± 3.46 85.67 ± 1.41
FairNDAGAN 88.58 ± 3.52 88.07 ± 2.82 87.45 ± 3.28 86.95 ± 2.68
GANBERT 85.13 ± 3.80 85.99 ± 1.06 86.32 ± 2.28 85.41 ± 2.73
FairGANBERT 87.60 ± 3.10 89.14 ± 1.40 88.25 ± 3.16 90.30 ± 1.05

Table A.3: This table presents the accuracy results of models in Experiment 3 for the Wiki
Toxicity dataset. Each column corresponds to a different number of unlabeled data in the
training set, and the label data ratio is 0.0161. Results are computed by averaging over
five runs, and the standard deviation for each model is also provided.
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Model Acc

(n = 10000) (n = 25000) (n = 50000) (n = 95000)

NDAGAN 95.46 ± 0.28 95.46 ± 0.17 95.39 ± 0.36 95.47 ± 0.28
FairNDAGAN 91.79 ± 2.32 94.06 ± 2.99 95.31 ± 0.61 94.12 ± 2.72
GANBERT 95.49 ± 0.23 95.45 ± 0.16 95.40 ± 0.12 95.48 ± 0.37
FairGANBERT 94.65 ± 1.63 94.54 ± 0.84 92.88 ± 3.81 92.35 ± 3.09

Table A.4: This table presents the accuracy results of models in Experiment 3 for the Wiki
Toxicity dataset. Each column corresponds to a different number of unlabeled data in the
training set, and the label data ratio is 0.0161. Results are computed by averaging over
five runs, and the standard deviation for each model is also provided.

A.2 Fairness Scores

Regarding Table A.5, A.6,A.7, and A.8, the fairness metrics also followed a similar identified
trend, suggesting that the amount of unlabeled data has a consistent effect regardless of
the labeled data ratio. Therefore, these results further reinforce the findings presented in
the main body of the work. In addition, the consistent patterns across different labeled
data ratios emphasize the robustness of our conclusions and provide added confidence in
the generalizability of our findings.

Model EODGender

(n = 1000) (n = 2500) (n = 5000) (n = 10000)

NDAGAN 0.09 ± 0.03 0.13 ± 0.04 0.14 ± 0.03 0.16 ± 0.04
FairNDAGAN 0.03 ± 0.02 0.08 ± 0.01 0.06 ± 0.03 0.05 ± 0.02
GANBERT 0.10 ± 0.05 0.12 ± 0.04 0.14 ± 0.03 0.16 ± 0.03
FairGANBERT 0.05 ± 0.03 0.05 ± 0.04 0.05 ± 0.02 0.06 ± 0.03

Table A.5: This table presents the EODGender results of models in Experiment 3 for the
HateXplain dataset. Each column corresponds to a different number of unlabeled data in
the training set, and the label data ratio is 0.005. Results are computed by averaging over
five runs, and the standard deviation for each model is also provided.
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Model EODRace

(n = 1000) (n = 2500) (n = 5000) (n = 10000)

NDAGAN 0.19 ± 0.04 0.17 ± 0.06 0.16 ± 0.06 0.14 ± 0.05
FairNDAGAN 0.08 ± 0.03 0.08 ± 0.03 0.08 ± 0.03 0.08 ± 0.02
GANBERT 0.19 ± 0.04 0.15 ± 0.04 0.15 ± 0.05 0.16 ± 0.05
FairGANBERT 0.08 ± 0.03 0.06 ± 0.02 0.11 ± 0.05 0.06 ± 0.03

Table A.6: This table presents the EODRace results of models in Experiment 3 for the
HateXplain dataset. Each column corresponds to a different number of unlabeled data in
the training set, and the label data ratio is 0.005. Results are computed by averaging over
five runs, and the standard deviation for each model is also provided.

Model EODGender

(n = 10000) (n = 25000) (n = 50000) (n = 95000)

NDAGAN 0.17 ± 0.01 0.23 ± 0.08 0.21 ± 0.07 0.24 ± 0.08
FairNDAGAN 0.09 ± 0.04 0.14 ± 0.05 0.08 ± 0.03 0.13 ± 0.05
GANBERT 0.22 ± 0.07 0.20 ± 0.06 0.22 ± 0.04 0.21 ± 0.05
FairGANBERT 0.13 ± 0.04 0.09 ± 0.02 0.11 ± 0.04 0.06 ± 0.02

Table A.7: This table presents the EODGender results of models in Experiment 3 for the
Wiki Toxicity dataset. Each column corresponds to a different number of unlabeled data
in the training set, and the label data ratio is 0.0161. Results are computed by averaging
over five runs, and the standard deviation for each model is also provided.
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Model EODRace

(n = 10000) (n = 25000) (n = 50000) (n = 95000)

NDAGAN 0.12 ± 0.03 0.10 ± 0.05 0.12 ± 0.03 0.12 ± 0.02
FairNDAGAN 0.08 ± 0.04 0.11 ± 0.04 0.09 ± 0.04 0.08 ± 0.03
GANBERT 0.16 ± 0.04 0.11 ± 0.05 0.13 ± 0.04 0.12 ± 0.05
FairGANBERT 0.09 ± 0.03 0.09 ± 0.04 0.12 ± 0.04 0.10 ± 0.03

Table A.8: This table presents the EODRace results of models in Experiment 3 for the Wiki
Toxicity dataset. Each column corresponds to a different number of unlabeled data in the
training set, and the label data ratio is 0.0161. Results are computed by averaging over
five runs, and the standard deviation for each model is also provided.

In conclusion, these supplementary results confirm our main findings for Experiment
3, where increasing unlabeled data do not necessarily improve the accuracy and fairness of
the semi-supervised models studied in this work.
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