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Resumo

Da Silva, Rodolfo. A comparative study of text classification techniques for
hate speech detection. Goiania, 2022. 73p. Dissertacdo de Mestrado. Instituto
de Informatica, Universidade Federal de Goias.

A disseminagdo do discurso de 6dio na Internet, especialmente nas plataformas de re-
des sociais, tem sido um problema recorrente. No presente estudo, comparamos onze
métodos de classificacdo para discurso de 6dio, incluindo métodos tradicionais de apren-
dizado de maquina, abordagens baseadas em redes neurais e Transformers, assim como a
combinac¢do com oito técnicas para resolver o problema de desbalanceamento de classes,
uma caracteristica inerente a classificagdo de discurso de 6dio.As técnicas de transfor-
macao de dados que investigamos incluem técnicas de reamostragem de dados e uma
modificacdo de uma técnica baseada em features compostas (c_features). Todos os mo-
delos foram testados em sete colecdes de dados com especificidades variadas, seguindo
um rigoroso protocolo de experimentacdo que inclui validagdo cruzada e o uso de mé-
tricas apropriadas, bem como a validag¢do dos resultados por meio de testes estatisticos
apropriados para comparacdes multiplas. Até onde sabemos, ndo hé estudo comparativo
mais amplo em técnicas de expansdo de dados para deteccao de discurso de 6dio, nem
qualquer trabalho que combine técnicas de reamostragem de dados com Transformers.
Nossa extensa experimentacdo, baseada em mais de 2.900 medic¢des, revela que a mai-
oria das técnicas de reamostragem de dados sdo ineficazes para aumentar a eficicia dos
classificadores, com excecdo da técnica de Random Oversampling (ROS) que melhora
a maioria dos métodos de classificacdo, incluindo os Transformers. Para a menor cole-
cdo de dados, ROS proporcionou ganhos de 60,43% e 33,47% para BERT e RoOBERTa,
respectivamente. Os experimentos revelaram que a técnica de c_features melhorou todos
os métodos de classificacdo com os quais ele pode ser combinado. A técnica de features
compostas proporcionou ganhos satisfatdrios de até 7,8% para SVM. Finalmente, investi-
gamos a relacao custo-efetividade de alguns dos melhores métodos de classificagao. Essa
andlise confirmou que o método tradicional de Regressdo Logistica (LR) combinado com
o uso de c_features proporciona grande eficicia com baixo overhead em todas as colecdes

de dados consideradas.

Palavras—chave
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Abstract

Da Silva, Rodolfo. A comparative study of text classification techniques for
hate speech detection. Goiania, 2022. 73p. MSc. Dissertation. Instituto de
Informatica, Universidade Federal de Goias.

The dissemination of hate speech on the Internet, specially on social media platforms, has
been a serious and recurrent problem. In the present study, we compare eleven methods for
classifying hate speech, including traditional machine learning methods, neural network-
based approaches and transformers, as well as their combination with eight techniques
to address the class imbalance problem, which is a recurrent issue in hate speech clas-
sification. The data transformation techniques we investigated include data resampling
techniques and a modification of a technique based on compound features (c_features).
All models have been tested on seven datasets with varying specificity, following a rigo-
rous experimentation protocol that includes cross-validation and the use of appropriate
evaluation metrics, as well as validation of the results through appropriate statistical tests
for multiple comparisons. To our knowledge, there is no broader comparative study in data
enhancing techniques for hate speech detection, nor any work that combine data resam-
pling techniques with transformers. Our extensive experimentation, based on over 2,900
measurements, reveal that most data resampling techniques are ineffective to enhance the
effectiveness of classifiers, with the exception of ROS which improves most classifica-
tion methods, including the transformers. For the smallest dataset, ROS provided gains
of 60.43% and 33.47% for BERT and RoBERTa, respectively. The experiments revealed
that c_features improved all classification methods that they could be combined with. The
compound features technique provided satisfactory gains of up to 7.8% for SVM. Finally,
we investigate cost-effectiveness for a few of the best classification methods. This analy-
sis provided confirmation that the traditional method Logistic Regression (LR) combined
with the use of c_features can provide great effectiveness with low overhead in all datasets

considered.

Keywords

Machine Learning, hate speech, text classification, class imbalance, data resam-

pling
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CAPiTULO 1

Introduction

Hate speech is characterized by any type of message that attacks or degrades
people based on their ethnic origin, religion, physical or mental disability, gender, age or
sexual orientation [39]. The spread of hate speech has been a recurrent problem in social
media platforms like Facebook and Twitter. Thus it is mandatory that hate messages be
detected as soon as possible so that their broadcast can be interrupted.

Given the difficulty in dealing with this problem manually due to the volume
and speed that messages are exchanged in the Internet, it becomes necessary to use
computational techniques to automatically classify messages containing hate speech.
Machine Learning algorithms are among the most used computational techniques to
deal with problems of this nature, because, although they are generally less accurate
than manual solutions made by experts, they require little human intervention, allow
continuous learning and are generally scalable to the exorbitant volume of data on the
Internet.

Hate speech detection has been treated in the literature as an automatic document
classification problem. In this way, a learning method is applied over a set of training
documents (web page, message, tweet, post, etc). Each document in this set has a label
(or class) manually assigned by human annotators that indicates whether the document
contains hate speech or not. The learning method aims to “learn” the characteristics of
the document that make it correspond to a specific label. The resulting product of the
application of the learning method on the training set is a function (a program) called
classifier. Once generated, the classifier is able to assign a label to documents outside the
training set.

The study of hate speech detection from a computer science point of view is
recent [19]. Most work in this subject are concentrated in the the second half of last
decade. At that time many works were dedicated to propose labeled datasets to evaluate
hate speech detection techniques [20, 11, 12, 54, 13, 25, 14, 46, 51]. Thus, past research
articles usually use very few datasets for comparing text classification methods for hate
speech detection [45, 1, 30, 9, 4, 34]. Also, most of the past works did not have the

intention to make an extensive comparison of distinct methods.
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Recent advances in text classification, notably the transformer models have
been used/adapted for hate speech detection [30, 36, 37]. Most of these works compare
their proposals which use transformers against other Deep Neural Networks (DNN)
architectures, but do not compare with traditional learning methods, mainly in terms of
cost-effectiveness trade-off. This is an important aspect because not only transformers
but Deep Learning techniques in general require more sophisticate hardware like GPUs,
besides having longer training time than traditional learning methods like Support Vector
Machines (SVM), Logistic Regression (LR), Naive Bayes (NB) or Random Forest (RF).
Also, there is a lack of comparisons among all the recent Deep Learning methods
and traditional ones over multiple datasets to confirm the superiority of these new
classification methods over classical ones.

Comparisons among classification methods for hate speech detection also have
been affected by inappropriate experimental methodology. For instance, recent published
solutions which were considered to be state-of-the-art were, afterwards, found to present
important experimental flaws [5]. Thus, it is important that a comparative study of diffe-
rent learning methods (including traditional and recent techniques) on various datasets,
preferably with distinct characteristics, makes use of appropriate experimental methodo-
logy, which includes experimenting all methods in the same train-test split of the datasets,
the use of cross-validation, appropriate evaluation metrics, and statistical tests.

Another aspect that has been neglected when comparing hate speech detection
methods is the class imbalance problem. It is expected that the number of messages
containing hate speech to be smaller than that of non-hate speech messages in social media
or other web sites. Thus, datasets sampled from these environments tend to present similar
imbalanced distribution. Training a classifier under this class imbalanced condition leads
to the generation of classifiers that exhibit bias towards the majority class, presenting
difficulties in correctly classifying instances of the minority class. Class imbalance is
a problem to automatic classification in general (not only text classification). Many
techniques have been proposed to help learning methods to cope with this problem,
notably the use of resampling techniques [47, 24, 50, 31, 56] for balancing the class
distribution in the training set. However we are not aware of any work that studied the
effects of combining resampling techniques with a large set of learning methods, specially

transformers, for the hate speech problem.

Research Objectives

The main objective of this work is three-fold: i) To make a comparative study
of classifiers trained with distinct learning methods on multiple datasets; ii) To evaluate

how distinct resampling techniques affect the effectiveness of classifiers trained with
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distinct classification methods; iii) To investigate how an adaptation of the technique of
Compound Features (aka c_features) [18] acts on the effectiveness of classifiers generated
by the classification methods that can be combined with it. We refine the main research

objective by means of six research questions, stated as follows:

* RQ1 - How effective are the different classification methods when applied to
multiple datasets about hate speech? — The objective of RQ1 is to compare the
effectiveness of classifiers generated by diverse learning methods using distinct data
representations over multiple datasets.

* RQ2 - Do the data resampling techniques improve the classification methods? —
With RQ2 we want to investigate if the main resampling techniques used for data
balancing are beneficial for the learning methods considered, i.e., if they allow for
each method to generate more effective classifiers.

* RQ3 - Do the c_features enhance classification methods for hate speech detection?
— With RQ3, we investigate if our proposed adaptation to the feature expansion
technique known as c_features allows for generating more effective classifiers.

* RQ4 - How do the best combinations of classification methods and data trans-
formations compare to each other? — When answering RQ2 and RQ3 we make
pairwise comparisons between two classifiers generated by a same learning method
m: one trained in the original training set and the other trained in a version of
the training set transformed by a resampling technique or by the expansion with
c_features. We keep the winners of these pairwise comparisons. With RQ4, we
want to compare among these winners. In other words, we want to compare the
best versions of the classifiers trained with each learning method, be these versions
generated over the original data or over the transformed ones.

* RQS - Does the combination of c_features and resampling enhance effectiveness?
— The objective of RQ5 is to investigate if the c_features expansion combined with
the best resampling techniques can produce more effective classifiers.

* RQ6 - How do the classification methods compare to each other in terms of cost-
effectiveness trade-off? — The objective of RQ6 is to analyze the trade-off between
the training time (cost) and the effectiveness of the classifiers generated by the best

learning methods found when answering the previous research questions.

Contributions of our study

To answer the above research questions, we performed an extensive comparative
study of classifiers trained with distinct learning methods over multiple datasets about hate
speech detection. Specifically, we compared 11 learning methods, ranging from traditio-

nal methods using the Vector Space Model (VSM) to Deep Neural network approaches
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including Long Short-Term Memory (LSTM), Bidirectional Long Short-Term Memory
(BiLSTM) and fine-tuned state-of-the-art (SOTA) transformer methods like BERT [16]
and RoBERTa [32]. Classifiers generated with these learning methods were evaluated
over seven cross-validated datasets, using appropriate experimental methodology (we fol-
low the methodology proposed by Demsar [15] and adapted by Benavoli [7]).

Additionally, those classification methods were combined, whenever possible,
with eight different data transformation techniques (resampling and c_features). All those
combinations add up to 2,905 experiments!. To our knowledge, there is no previous
comparative study in data enhancing techniques for hate speech detection so large as the
one presented here. Also, we consider this is the first study which takes into consideration
the cost-effectiveness trade-off of classification methods for the hate speech detection
problem.

Our extensive experimental evaluation allowed us to obtain answers and interes-
ting information regarding the research questions as we describe in the following para-

graphs.

RQ1 When no data transformation is used, classification performed by BERT is the
great winner. BERT generates the best classifiers for five out of the seven datasets.
Followed by Logistic Regression (LR), Linear Support Vector Machine (SVM) and
RoBERTa, in this order. However, the transformer methods were shown to be unstable
in the sense that in the datasets where they perform badly, the difference in Macro-F1 in
relation to LR and SVM is much greater than the difference in the datasets where they
win. For instance, BERT is superior to LR in at most 7.9% in one dataset, while LR
is better than BERT in 38% and in 37% in the the two datasets where BERT presents
inferior performance. We also find, surprisingly, that traditional methods (LR, SVM,
Naive Bayes (NB), Random Forest (RF) and Multilayer Perceptron (MLP) ) surpass many
Deep Learning methods, including LSTM [6] and BiLSTM [2] that were considered until

recently state-of-the-art in hate speech detection.

RQ2 Almost all of the sophisticated and most used oversampling techniques
(SMOTE [10], Bordeline-SMOTE [26], SVM-SMOTE [38], K-Means-SMOTE [17],
ADASYN [28]) did not help enhance classifiers trained with the classification methods
that could be used in conjunction to these techniques. There are few exceptions, but even
in cases where these oversampling techniques help they are not sufficient to enhance the

classification method considerably. However, the simple Random Oversampling (ROS)

'11 classification methods multiplied by 8 resampling techniques, minus 12 of these pairs ( classification
method, resampling technique ) which are not applicable, plus 7 classification methods using c_features,
all these multiplied by seven datasets using 5-fold cross-validation.
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technique benefited many classification methods. Specially, ROS was able to improve
BERT and RoBERTa by 60.43% and 33.47%, respectively in the smallest dataset. Also

ROS did not harm both methods with statistical significance in any of the other datasets.

RQ3 Our proposed modification of the c_features computation was shown to enhance
the effectiveness of classifiers generated by all methods it could be used with, i.e., methods
based on the Vector Space Model - VSM. Specifically, c_features benefited the SVM
and LR with gains up to 7.8% and 6.1%, respectively, when compared to versions of
these methods trained on the original data. Also, a combination of a properly tuned
SVM with our modification of c_features proved to be the best overall combination for a
class imbalanced hate speech detection problem, ranking higher than SOTA models like
BERT [16], RoBERTa [32] and other neural network approaches. For instance, SVM with
c_features outperformed the state-of-the-art BERT on the smallest and largest datasets by
45% and 43%, respectively.

RQ4 When analyzing both mean and median rank positions of the the analyzed classi-
fiers over the seven datasets, we noticed that the best classifiers (smallest mean/median)
are those generated with either c_features or ROS, showing that these data transformation
techniques are consistently good choices. Most of the classification methods that are pai-
red with this top data enhancing techniques are traditional methods, like SVM or Logistic
Regression (LR), also proving that traditional methods are still among the top classifica-
tion methods, outperforming sophisticated neural network approaches, while still proving
to be more stable. If we consider the mean of the rank positions in all datasets, SVM
classifiers using c_features is the best, followed by BERT with ROS, LR with c_features
and RoBERTa with ROS.

RQS5 Despite ROS and c_features have enhanced individually many classification
methods, when combining them together we found no significant additional gain for any
classification method. The combination was not able to surpass results obtained using
c_features only. Similar conclusions were found by combining c_features with under-

sampling.

RQ6 It is difficult to compare the training time of the distinct classification methods we
considered in this study, because traditional methods can be executed entirely in CPU,
while Deep Neural also require GPUs. However we considered in our study the complete
clock time to train each method to have the notion of cost in terms of training time
to generate the classifiers. Thus, our cost-effectiveness analysis is in terms of training

time versus effectiveness. Our analysis were made in terms of the median of these two
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dimensions. Thus, the best methods were those with training time inferior to the median
training time and with effectiveness superior to the median effectiveness. We found that
the great cost-effective method is LR using c_features, being the best method in all
datasets. In fact LR training time is not much affected by any data transformation. On
the other hand, the training time of transformers and SVM are affected considerably,
almost doubling in some datasets. The answer of RQ6 is of practical importance because
middle-sized companies or universities do not always have GPUs available and retraining
is important specially in hate speech context, thus the cost to train a hate speech classifier

can not be neglected in some environments.

Dissertation organization

The rest of the dissertation is organized as follows: Chapter 2 provides previous
work related to hate speech detection as well as the class imbalance problem. Chapter
3 details the data resampling techniques analyzed in this work. Chapter 4 presents
c_features as well as our modifications to this data expansion method. Chapter 5 presents
the experimental setup, including: description of the datasets, classification methods
covered, as well as metrics and model evaluation. The results are presented in Chapter
6. Finally, Chapter 7 concludes our study and provides some suggestions for future

investigations.



CAPITULO 2

Related Work

The automatic hate speech detection field is relatively recent [19], and started to
gain some notoriety around 2016, where the number of published works began to grow.
Also according to the survey in [19], among the works described, only a small portion
address Machine Learning algorithms specific to the problem of automatic classification
of hate speech, and even a smaller portion are comparative works for hate speech
classification.

The authors in [20] proposed the use of a LSTM for the hate speech classification
problem. The method proposed achieve better F-score (0.78) than Multilayer Perceptron
(MLP), XgBoost and SVM proposed in previous work [21]. Despite the authors have used
cross-validation as a part of model evaluation, they used micro averaged F1l-score as an
evaluation metric, which is unrecommended for a class imbalanced dataset. The authors
evaluate the models using only one dataset and do not validate results using statistical
analysis.

The main contribution of [12] is a hate speech labeled dataset with 25k messages
crawled on Twitter. The dataset is divided into three categories : hate speech, offensive
language but not hate speech and not hate speech. This newly created dataset was
validated by the authors using several classification methods including : Linear SVM,
Decision Trees (DT), Logistic Regression (LR) and Random Forest (RF). The authors
evaluated the methods using micro averaged precision, recall and Fl-score. They also
used the average results of the five fold cross-validation. The best performing method on
all metrics was the Linear SVM. Despite the fact that the main objective of this paper was
not to present the best classifiers for hate speech classification, but rather validate their
newly created dataset. Nevertheless, the authors employed micro averaged metrics which
may not reflect the model’s perfomance in a class imbalanced dataset. Also, the authors
did not use different type of classification algorithms, like Deep Neural Networks (DNN)
and transformers.

The authors in [55] proposed a multi-class dataset containing about 16k divided
into three classes : sexist (3,383 messages), racist (1,972 messages) and neutral (11,559

messages). They also investigate the influence of different features on the classification
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algorithm, like size of messages, unigrams, bigrams and trigrams. The highly imbalanced
dataset was validated using a Logistic Regression (LR) model using grid search in order to
obtain the optimal combination of features. The authors only used a single classification
method, LR, which achieved a F-score of 0.7693. The authors use the average measure of
the 10-fold cross-validation and compare the obtained results using different combination
of classifiers (LR with different types of features) with a paired t-test. Given that the main
contribution of the work is the labeled dataset, the authors could have employed different
classification methods, like Neural Network techniques and other traditional classification
methods, to improve the quality of the resulting dataset.

A labeled hate speech dataset was proposed by Gibert et. al [13]. The dataset,
containing about 10k instances, is formed by messages retrieved from a white supremacy
forum (Stormfront). The binary dataset has 85% of the messages that do not contain
hate speech, while only 15% contains hate speech. In order to inspect and validate the
labeling process, the authors used three classification methods : SVM, Convolutional
Neural Network (CNN) and Long Short-term Memory (LSTM). The classifiers were
evaluated using the accuracy for each class separately as well as the overall accuracy.
The best results were obtained by LSTM and SVM (0.76 and 0.72, respectively) using
the accuracy for the hate speech class, given that it is the class of interest. Analyzing
overall accuracy in a class imbalanced dataset is unadvised, since it may lead to overly
optimistic evaluation of the classifier. Instead of using appropriate metrics that are well
known in the literature, the authors use a variation of an overly-optimistic metric for a
class imbalanced scenario. The authors used three different types of classification methods
to validate the dataset. Also, in the model evaluation process, the authors did not employ
cross-validation, in order to assess for the model’s ability to generalize.

In a brief survey, MacAvaney et. al [33] bring up the challenges and solutions in
hate speech detection, while proposing a new classification method entitled Multi-View
SVM. The general ideal of the method is to stack several linear kernel SVMs. Each of
the stacked SVM is a classifier trained on data that is coded with different document
representation. To evaluate the proposed method, the authors use macro-averaged F1-
score and experimented on four different hate speech datasets that are know for their
class imbalance. The proposed method was compared with BERT and a technique the
authors called "neural ensemble". The Multi-View SVM presented competitive results,
outperforming BERT in one of the datasets, but presenting inferior Macro-F1 values
on the other three. The authors did not thoroughly report details about the architecture
and parameters of the methods that were compared with Multi-View SVM. In regards to
model evaluation, the authors used appropriate metrics for class imbalanced datasets. On
the other hand, they did not use cross-validation. The authors compared their proposed

methods with only two types of classification methods, rather than expanding the range
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and using other type of traditional and neural network classification methods.

In recent work [43] the authors proposed a model to detect offensive language on
Twitter. The model is an ensemble of Long Short-Term Memory (LSTM). Other than the
feature representation of the documents, the authors proposed three additional features.
The novel features represent the tendency of the user towards offensive language. The
three features pertain to the three classes of the analyzed dataset, proposed in [55]. The
tendency represents the proportionality that a certain user publishes messages belonging
to one of the classes. Each tendency feature can be added or removed from the feature
set. The model is evaluated using 10-fold cross-validation and through precision, recall
and F1-score. The best f-score result (0.932) was achieved by the neural ensemble and by
adding all three user tendencies. The proposed methods achieved satisfactory results, but
the authors did not employ the methods on different datasets, nor compared the methods
against other classification algorithms. Despite the idea of using users’ tendencies as
features is innovative, it becomes impractical because for most datasets, information about
the users are removed due to privacy issues.

The main goal of the work described in [41] is an ensemble technique for of-
fensive language detection formed by three auxiliary classifiers : HateWord2Vec, Hate-
Doc2Vec and SVM. The former two were also proposed by the author and consist of
a lexicon-based classifier and a logistic regression classifier based on comment embed-
dings, respectively. The ensemble uses a Naive-Bayes as a meta-classifier to make final
predictions. To evaluate the model, the authors used four cross-validated datasets and the
metric analyzed were F-score and ROC-AUC. The ensemble outperformed the individual
classifiers with both F-score and ROC-AUC in all the analyzed datasets, achieving an
average F-score of 0.93. The results were then statistically validated using the Wilcoxon
test, where the null hypothesis were rejected if p < 0.05. This work performs a solid and
robust model evaluation, with the exception of the metric choice. While ROC-AUC might
be an interesting and useful metric in this context, the F-score, as calculated, is not ap-
propriate for imbalanced dataset, as is the case for all the analyzed datasets in this work.
The authors propose an new ensemble method, but only compare it to a few classification
methods that form the ensemble, rather than comparing it against other traditional and
neural network techniques.

Detecting white supremacist hate speech is the main objective of the work
described in [4]. They tackle the problem using domain specific word embeddings with
deep neural networks and BERT. The authors employed three types of word embeddings
pre-trained on different corpora and a fourth trained on 1,000,000 tweets that could
potentially have white supremacy content. The authors use two class imbalanced datasets
and a third one that is resampled by the former two datasets in order to be a perfectly

balanced dataset. The domain-specific word embeddings was then paired with BILSTM
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techniques and compared with a LSTM from previous work. Their model using domain-
specific word embeddings outperformed the previous work by only 2 points in accuracy.
The authors were not satisfied with the results, given that the previous work used a
much simpler random initialization of word embeddings. The authors also experimented
with the traditional fine-tuning of BERT base and large models. The larger BERT model
outperformed the base model only on the balanced the dataset, but was outperformed on
the other two imbalanced datasets. The idea of using domain specific word embeddings
is promising, but it did not vastly improve classification. The authors used this technique
only on BiLSTM, rather than exploring this novelty word-embedding with different neural
network methods. Also, the authors did not report how the dataset was split into training,
test and validation, and neither how the models were evaluated.

Burnap and Williams [9] proposed to tackle the cyber hate speech problem
on Twitter. They provide a private dataset composed of 2,000 labeled tweets where
only 222 of them were labeled as having offensive or antagonistic content. The authors
compared the following classification methods over their proposed dataset: Bayesian
Logistic Regression (BLR), Random Forest Decision Tree (RFDT), SVM, and voted
ensemble that was composed by the three individual classifiers where the final prediction
was made by using maximum probability. Each classifier, including the ensemble, was
paired with several types of document representation which included word n-gram (1-
5) as well as the combination with features based on typed dependency relationships of
the words in the document. The authors evaluated the classifiers using 10-fold cross-
validation and under precision, recall and F1-measure for the minority class (messages
containing cyber hate) only. The proposed ensemble is tied with the individual SVM
classifier as the best models, obtaining 0.77 in F-score. The authors only experimented
on one dataset, so the ensemble model they propose cannot be guaranteed to have the
ability to generalize predictions across other datasets.

The authors in [6] proposed the use of Deep Neural Networks (DNNs) for the
hate speech detection problem in tweets. They experiment with Logistic Regression (LR),
Random Forest, SVMs, Gradient Boosted Decision Trees (GBDTSs). The feature selec-
tion is defined by task-specific embeddings learned using deep learning techniques like
FastText, CNN and LSTM. For feature selection baselines, the authors used traditional
character n-grams, TF-IDF and BOW. The authors evaluated the models using 10-fold
cross-validation and calculated weighted macro precision, recall and F1-score. They achi-
eved their best results with the model "LSTM + Random Embedding + GBDT", which
means that the tweet embedding vectors were randomly initialized, LSTM was trained
with back-propagation to learn the embeddings, and then they were used to train a GBDT
classifier. Despite the fact that the authors performed combinations that lead to a conside-

rable number of classifiers and used appropriate model evaluation techniques, they only
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experimented on one dataset. The authors also did not compared their proposed method
to transformer methods, nor performed extensive analysis about their obtained results.

In [45] the authors provide a comparative study for binary hate speech classifica-
tion methods for Hindi-English mixed-coded data. Code mixing refers to when a speaker
uses two languages together in single line of communication. To assess this problem, and
evaluate the models, the authors use three different datasets. Two of the datasets were
previously available in the literature while the third one is a part of their work contributi-
ons. The classification methods analyzed were : SVM, Multinomial Naive-Bayes (MNB),
kNN, Decision Trees (DT) and a Character-level CNN (CNN). The authors evaluate the
classification methods using accuracy and Micro-F1, which are unrecommended metrics,
given that there is a large class imbalance in one dataset. Not only that, the authors divide
the training, testing and validation into a fixed 70/20/10 division, rather than use cross
validation in order to assess for better model generalization capability. In this paper, the
results were not statistically validated, so the claims of superiority made by the authors
regarding the CNN may be due to chance, specially in the dataset division that was used.

The authors in [1] proposed a comparative study of classification methods
for the hate speech problem. In their study, they compared eight machine learning
algorithms combined with three different feature extraction techniques. That adds up to 24
comparisons overall. Among the realm of classification methods are : Logistic Regression
(LR), Naive-Bayes (NB), SVM, kNN, Decision Trees (DT), AdaBoost and Multilayer-
Perceptron (MLP). The author evaluated the techniques using micro-averaged precision,
recall and F1, and the latter is not a good choice given the huge class imbalance. Not only
did the author evaluated the classification techniques on only one dataset, but they did not
perform cross validation nor validated the results statistically.

Kumar et. al [30] performed a comparative study in order to understand the
relationship between offensive and aggressive language in Hindi-English coded mixed
data. Mixed-coded data or language when two (or more) languages are used together in
a single utterance [53]. In this study the authors use two datasets in order to evaluate
the classification algorithms. In this work SVM is paired with different combinations
of feature extraction techniques, ranging from word n-grams (unigrams, bigrams and
trigrams) to character n-grams (bigrams to 5-grams). The combination of different word
and character n-grams were also employed. Since the analyzed data is mixed between two
languages, the authors also experimented with multilingual transformer BERT, as well as
their derivatives DistilBERT and ALBERT. These classification methods were evaluated
using micro-averaged precision, recall, and f-score and cross-validation. Despite the fact
that this is one of the broader comparative studies in terms of classification methods, the
authors only experimented with two datasets. Also, the authors only experiment with four

different classification algorithms.
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Due to the lack of enough hate speech training data [36], recent work have
focused on the use of transfer learning and transformers to tackle hate speech detection.
The authors in [30] propose a study to investigate the relation between aggressive and
offensive language in three different languages : Hindi, Bangla and English. In order to
achieve that, they experimented with different classifiers, using SVM as well as classifiers
based on transformers : BERT and a few derivative like DistilBERT and AIBERT. The
classifiers achieved up to 0.8 in F-score. The authors used the classifiers to cross-annotate
two datasets to check for co-occurrence of different categories of aggression and offense.
They concluded that, even though these categories overlap, one does not necessarily entail
the other. This work study aggression and offensive speech, which falls into the category
of hate speech, makes the use of classification algorithms, but its objective is not to
perform comparisons between classification methods.

According to the authors in [36] the lack of enough labeled training data is one of
the main issues in the hate speech detection domain. Because of that, their study proposed
the use of fine-tuning pre-trained language models based on BERT. Using two datasets,
the authors experimented with BERT and combinations with both LSTM and CNN as
the final architecture layers. The CNN-based fine tuning BERT presented the best results,
outperforming previous work done with the same datasets. After model evaluation, the
authors provided great error analysis. They discovered the data labeling was bias and
proved that their model had a great ability in detecting that bias in its predictions. The
results were obtained using fixed splits on the dataset, instead of using cross validation,
not allowing to check for model generalization. The authors completely neglected the
class imbalance in both datasets and did not combine the transformer methods with any
data resampling techniques in order to check if it would raise model effectiveness.

Mutanga et. al [37] performed a comparative study of transformer methods ap-
plied to hate speech detection on Twitter. The study compares BERT, two different imple-
mentations of RoOBERTa, XI.Net and DistilBERT. Besides the transformer, the authors
also included a LSTM with Attention technique, which they considered to be state-
of-the-art for assignments of sequence modeling, despite having long-term dependency
problems. The methods were evaluated under accuracy, recall, precision and MCC. The
methods were applied to a class imbalanced multi-class dataset, and concluded that Distil-
BERT was the overall best method. The dataset was split into a fixed split (80/20) and the
authors made assumptions about the classification methods based on metrics that are not
recommended for class imbalance training set and without any statistical test validation.

Given the recent comparative work on hate speech classification, our efforts in
this work aim in bridging the gap in terms of robust model evaluation and analysis, amount
of classification methods and datasets, as well as validation of results through statistical

analysis. In our work not only do we employ a comparative study for several hate speech
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classification methods, but we also cover several data enhancing techniques which aim in
improving effectiveness of classification methods. Besides that one, this work entails other
contributions, analysis and insights that are necessary towards solving the hate speech

classification problem.



CAPITULO 3

Resampling techniques for class imbalanced

text classification

Class imbalance is the problem in which the distribution of samples across the
classes are highly skewed in the training set. Thus the classifier generated under those
conditions is biased towards the majority class and can have unsatisfactory prediction
power, specially for samples belonging to the minority class.

In most cases (including the hate speech one), the minority class is the class of
interest, so techniques to deal with the problem of class imbalance are very important. The
range of class imbalance techniques can be divided into data based techniques, that alter
the datasets in some way to diminish imbalance, or method based techniques, which work
towards creating novel or altering existing classification methods. This work approaches
the former set of techniques. Resampling techniques for the imbalance problem aim to
rearrange the data collection in order to bridge the gap, and reduce or eliminate entirely the
discrepancy between the number of documents of the majority and minority classes. Such
rearrangement can be done by undersampling which consists in removing documents
from the majority class. Another option is oversampling which increasing the number of
instances that belong to the minority class. Oversampling can be achieved through the
replication of current minority class documents, or through the generation of synthetic
instances. Both techniques can also be combined together to balance the training set.

After using undersampling techniques, it is safe to conclude that the training set
as whole is reduced, since the classes will be reduced based on the size of the minority
class. According to Padurariu and Breaban [40] and Akbani et. al [3], undersampling
techniques are harmful to text classification. Despite the conclusions made by those
authors, we wanted to draw our own conclusion in the realm of hate speech detection.
Thus, in this work we decided to experiment with only one type of undersampling
technique, the Random Undersampling (RUS), whereas for the oversampling techniques

we expand through different approaches. All these techniques are described below.
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3.1 SMOTE

Synthetic Minority Over-sampling Technique (SMOTE) is an oversampling te-
chnique first described in [10]. It consists in generating new synthetic instances for the
minority class. For an instance d; from the minority class, new synthetic examples are
generated by combining d; with each of its k nearest neighbors' also of the minority class.
The combination with the neighbors is based upon the amount of oversampling that is re-
quired. Let X! be the feature vector for the document d; and ﬁ the feature vector for one
of the k neighbors of d;. Consider g to be a random number between 0 and 1. Formally, a

feature vector s for a new synthetic sample d; is create through the Equation 3-1.

T =% +g(x - ) (3-1)

3.2 Borderline-SMOTE

In a classification algorithm, the borderline instances are the samples that are
close to the decision border that separates the instances from each class. Such samples are
the ones that have the bigger chance to be misclassified by a classification model.

The Borderline-SMOTE technique, which will henceforth refer to as BSMOTE,
was proposed in [26], and as the name suggest, it is derivative from the SMOTE technique
[10]. The main difference is the way that the feature vectors are obtained in order to
generate the new synthetic instances. For this method only the borderline samples and
their k nearest neighbors are oversampled, which means BSMOTE only oversamples
based on instances that have a high chance of being misclassified as instances from
the majority class. After discovering the borderline samples, new synthetic samples are
generated for them, as explained next, strengthening the borderline instances.

After discovering the instances that contain the risk of being misclassified as
instances from the majority class, those instances form the P set. A minority class sample
is said to have that risk if most of its k nearest neighbors belong to the majority class. Let
X/ be a sample from the minority class that contains that risk and P} a sample that is in
the neighborhood of X/, where p; € P. The new synthetic sample is generated through
Equation 3-2, for g € [0,1].

S =% +g(pi— %) (3-2)

"n this implementation, the authors use k = 5.
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3.3 SVM-SMOTE

As another SMOTE [10] derived technique, the oversampling method of SVM-
SMOTE differs in the way it selects the instances that will be used for the synthetic
generation of instances. In this particular technique, a SVM classifier is used to find the
hyperplane that separates the classes with the largest distance. After finding the optimal
hyperplane and the support vectors, SVM-SMOTE creates new synthetic instances based
on the support vectors and their neighborhoods. If the minority class sample, ¢, has
more neighbors that belong to the majority class, Equation 3-3 is used to interpolate X}
and the support vector 5v; of the minority class to form 7. If the minority class sample’s
neighborhood is formed most by samples from the minority class, then Equation 3-4 is

used to generate the new synthetic sample. For both equations, consider g € [0, 1].

S =5V +g.(V,— x) (3-3)

=+ g.(xf — ) (3-4)

3.4 K-Means-SMOTE

The K-Means SMOTE method (KSMOTE), presented in [17], employs the clas-
sical k — means clustering algorithm paired with SMOTE [10] to oversample minority
class from the data collections to deal with the imbalanced class problem. The novelty
behind this method is that it does not generate synthetic samples indiscriminately without
criteria. The method avoids the generation of noisy synthetic samples through oversam-
pling using only samples that belong to predetermined clusters.

The method is divided in three basic steps : clustering, filtering and oversam-
pling. On the first step, the training set is used to form k groups through the k — means
clustering algorithm. In the filtering stage, the clusters that are going to get resampled are
selected. The selected clusters are the ones that have a high proportion of minority class
samples. Finally, after the clusters are defined, SMOTE is used to oversample each clus-
ter individually (i.e. SMOTE is applyed to the elements of the clusters, generating new
artificial vectors), until it achieves the desired ratio between the majority and minority

classes.

3.5 ADASYN

The Adaptive Synthetic algorithm (ADASYN), introduced in [28], was developed

with the purpose of reducing bias and of learning in an adaptive manner. The algorithm
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starts off by calculating the class imbalance ratio (d). If d is smaller than a preset
threshold for the maximum tolerated degree of class imbalance ratio, then the algorithm
can continue. After the class imbalance ratio (d) is calculated, the algorithm determines
the amount of synthetic samples that need to be generated to achieve the desired ratio.
The number of synthetic data examples that need to be generated for the minority class
is expressed by G. For every minority class sample, its k& nearest neighbors are found
based on the Euclidean distance between samples. Also, one of k nearest neighbors is
selected and g; synthetic instances are generated, where g; is the product between G and
the distribution density ratio r;, where r; € [0, 1].

For each minority class sample x;, generate g; synthetic samples. Each synthetic

sample is created as follows:

i) Randomly select one sample ,x;;, from the k nearest neighbors of x;;

ii) Generate the synthetic sample according to Equation 3-5

5=+ (5 — X))+ A (3-5)

In Equation 3-5, (x; — X/) is the difference vector in n dimensional space and A
is a random number between [0, 1].

After the generation of G synthetic samples, the training set has the desired class
imbalance ratio.

The idea of ADASYN is to use the distribution density ratio as a criterion
to determine the amount of synthetic samples that will be created for each minority
class sample. Density distribution is a measurement for weight distribution for different
minority class samples based on their learning difficulty by a classification method, which
means ADASYN not only treats the class imbalance problem but also indirectly forces the

classifier to focus on the hardest samples to learn during model training.

3.6 Random Oversampling

The Random Oversampling (ROS) technique consists in choosing randomly a
sample from the minority class with replacement, and in duplicating it, augmenting the
training set. Samples are duplicated until the ratio between the sizes of the classes achieves
a desired value. ROS is the most simple and less time consuming oversampling technique

and it does not create synthetic documents as do the previous presented ones.
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3.7 Random Undersampling

The simplest undersampling technique, called Random Undersampling (RUS),
randomly removes samples that belong to the majority class from the training dataset. The
random choice and removing is repeated until the desired ratio between the sizes of the

classes is achieved.
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Method based on ¢ _features for class

imbalanced text classification

The Compound Features a.k.a. c_features technique was proposed in [18]. Itis a
feature expansion method which generates new and informative features with the objec-
tive to enhance document representation for text classification. C_features are formed by
a set of two or more words that co-occur in various documents. Observe that c_features
differ from n-grams or phrases, because no order of occurrence in the documents is assu-
med among the component words of a c_feature. It is just sufficient for the components
to occur together in the documents.

The objective is to find informative c_features, i.e., c_features that are more
frequent in one class c¢ than in others, so that these c_features can better characterize
documents as belonging to c¢. The idea is that the individual occurrences of the component
words of a c_feature may be spread among classes but their occurrence as a set, i.e., their
occurrence together must be predominant in a unique class. Once a informative c_features
1s found, it is used to expand both training and test documents where its component words
occur together. Thus a new feature representing these c_feature is inserted in the document
representation.

C_features were proposed to be used with machine learning techniques where
documents can be represented as vectors in a V-dimensional vector space, where V is the
vocabulary of a collection of documents. C_features expand the dimensions of the space
since they are used as new words. They were proposed to enhance text classification in
general, so their use was not neither focused to the problem of class imbalance nor to
binary classification specifically.

In what follows we explain how c_features technique works as proposed by
Figueiredo et al. [18]. Next, we show how we adapted the technique to compute c_features
more efficiently and also to use them in binary and imbalanced classification scenarios as

the one of hate speech detection.
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4.1 Original c_features expansion technique

The complete technique as described in [18] is composed of three steps which

we describe as follows.

Enumeration step. This step determines how candidate c_features are generated. As
in [18], we only describe the generation of c_features containing two words!. To
avoid generating all the VI~ |V |, combinations of two words to form the candidate
c_features, where V is the vocabulary of the training set, authors in [18] first rank
the words in V in the descending order of their information gain (infogain) [35]
and use only the top N words to generate the two-words c_features. Thus, they
generate 2V — N candidate c_features, where N << |V|. Finally the candidate set of
c_features is pruned by eliminating those c_features that have support (i.e., number
of documents where they occur) smaller than a threshold min_s informed as a
parameter of the method.

Ranking step. In this step the discriminant power of each c_feature obtained in the
previous step is computed using the dominance measure. The dominance of a
feature f in a class c is the conditional probability of ¢ given the occurrence of
[ in the training set, i.e P(c|f). Let F = {f1, f2, ..., fir| } be the c_features candidate
set associated to the training set of a data collection, C = {cy, ¢y, ..., c|C|} the set of
labels, and df(f,c;) be the number of training documents associated with class c;

that contains the c_feature f, the definition of dominance is stated in Equation 4-1.

df(f.c))
]

Ldf (fcj)
=

dom(f,c;) = (4-1)

Expansion step. The third step is the actual document expansion where the c_features
are added to the documents’ vector representation. There are two preconditions
for a c_feature f to be added to a document d: 1) d must contain the two words
composing c_feature f; 2) there must be a class ¢, such that df(f,c) is greater than
a minimum threshold mim_d informed as a parameter of the method. Finally, the
expansion of d with c_features satisfying the preconditions depends on whereas
d is a training or a test document. If d is a training document we only insert the
c_feature f in d if there is a class ¢, such that d f(f,c) > mim_d and c is the class
of document d. If d is a test document, we do not know its true class, so we include

the c_feature f in it as long as f satisfies the two preconditions.

!Computing c_features with more than two words has a high computational cost. For c_features with x
composing words the number of possibility of c_features in the order of x!VI, where V is the vocabulary of
the training set.
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The parameters for the c_feature expansion method present in [18] are: i) N - the
number of words with best infogain values to be used, ii) min_s - the minimum support
value a c_feature needs to have to be considered a candidate c_feature, and iii) min_d the
minimum dominance value a c¢_feature needs to have in some class ¢ to be included in

documents.

4.2 Proposed modifications to the c_feature expansion

technique

There is a sensible point in first step of the original c_feature method which is
the selection of the words to form c_features. In the original expansion step only the N
words with the best infogain values are used. This is limiting because it is possible to
exist a set of words {w;,w;} where both or at least one of the words has low infogain and
c_feature {wy,w;} still having a high dominance and satisfying the minimum support
threshold. This c_feature, although useful, would be filtered out in the first step of the
original method.

Instead of filtering out words with low infogain and have to tune the parameter
N, we modified the expansion step to include all possible non-ordered pairs of words. By
“possible” we mean any pair formed by words that co-occur in at least one document of
the training set. Notice that not all pairs of words in 2IVI — |V| are possible, since there
may be no document in the training set containing the pair. We compute all possible pair
of words by first creating an inverted index for the training set. Next, for each word in the
index we compare its inverted list with the inverted list of all the other words in the index.
If the intersection of two inverted list is empty the corresponding pair of words is not
possible. During this process, for every possible pair we can find the number of documents
in each class where the pair occurs by inspecting the training documents present in the
intersection of the two corresponding inverted lists of the words forming the pair. Thus,
during the process of obtaining all possible pairs we also gradually compute for each set
{wi,w2} the value of df({wi,wz},c) for all ¢ € C and can also compute the support of
{w1,w>}, which makes the second and third step to be more efficient. Thus, we substitute
the enumeration step of the original method by the enumeration step described above.

The method described in [18] was proposed to the multi-class problem?. Also,
the the technique was used to expand documents of all the classes. The use of the original
expansion step as it is in a binary and imbalanced scenario like the one found in hate

speech detection may result in a representation bias and may not be as effective. The

’In the multi-class classification there may have more than two class in the collection, although each
document pertain to only one of the classes.
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problem is that the number of c_features pertaining to the majority class is in general
greater than that of c_features belonging to the minority class. Since test documents
are expanded with any c_feature satisfying the preconditions of the expansion step, test
documents which in reality pertain to the minority class tend to be overwhelmed with
c_features of the majority class, worsening instead of benefiting the classifiers.

We propose a simple modification of the expansion step: we only use c_features
satisfying the two preconditions but which have a great value of dominance associated
with the minority class. Thus, we expand only training documents of the minority class
and test documents with c_features with high dominance in the minority class, discarding

c_features associated to the majority class.



CAPITULO 5

Experimental Setup

5.1 Datasets

We evaluated the effectiveness of both classification methods and data augmen-
tation approaches on seven hate speech datasets proposed in the literature. Three of them
contain sentences in Portuguese (those with prefix PT_ in their name) and four contain text
written in English (those with prefix EN_). Statistics about the datasets used are shown in

Table 5.1. Next we give a short description of each dataset.

PT_OFFCOM In [14] a dataset composed of comments about news from the Brazilian
news site G1' is presented. Both the comments and the news texts are written in
Portuguese. The dataset is about offensive speech (not only hate speech).The authors state
that the news categories with the most offensive comments were politics and sports, thus,
the dataset was limited to those subjects. The authors generate two versions of the dataset,
the first one is the OffComBr-2 which was composed of comments that were considered
offensive by at least two judges. The second one is Off ComBr-3, which is formed by
comments which have the agreement of tree judges about their offensiveness. Whenever
a judge found a comment offensive, he was asked to further classify the comment into
six disjoint categories. OffComBr-3 contains 1033 comments, where 831 of them were
not considered offensive (no) and 202 were offensive (which included comments with
Xenophobia, Homophobia, Sexism, Racism and Cursing). In this work we used only
the binary version OffComBr-3 (i.e. offensive and non offensive which we refer to as
PT_OFFCOM.

PT_HS The work in [20] presents a dataset of tweets written in Portuguese. The dataset
was obtaining by both searching for hate-speech related keywords through Twitter search
API and for hate related profiles via Twitter profile search API. The final set is composed

lg1.globo.com.
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of 5,670°. The authors conducted two types of classification for the dataset: a) a binary
classification where messages were classified as hate speech (1,788 messages) or not
hate speech (3,882 messages) and b) a multi-label classification where the hate speech
messages were further classified hierarchically under 81 subclasses. In this work we
consider only the binary classification of the dataset obtained in the GitHub repository,
maintaining the same class distribution, which are composed of 1,788 messages that
belong to the hate speech class and 3,882 being messages that were not labeled as hate

speech.

PT_RACISM Is a dataset proposed in [11], formed by text in Portuguese. It is com-
posed of 2,022 Twitter messages which were obtained by searching a set of words, via
Twitter API, that could have a racist connotation in Portuguese. The majority of the mes-
sages (1,676) were labeled non-racist by the annotators and 346 messages were labeled
as racist. Although the authors in [11] did not coin a name to the dataset, here we refer to
it as PT_RACISM to reinforce its main characteristics which are: a dataset of messages

in Portuguese and being of a specific hate speech category - racism.

EN_HS_3 In [12] a dataset was obtained with the intention to separate hate speech
text from just offensive text. The dataset is composed of tweets written in English.
The messages were obtained by submitting queries to Twitter search API containing
words obtained from a hate speech lexicon compiled by Hatebase.org. A set of 24,783
tweets containing words of this lexicon were labeled by workers from a crowd-sourcing
service. Annotators were asked to label the messages into three disjoint categories: hate
speech (HS), offensive speech (OFF) and neither (N). Contrary to the majority of the
other datasets considered in this work, the category with non-offensive text (N) is much
smaller than the category OFF, with only 4,163 messages. Category OFF contains 19190
messages and category HS contains 1,430 messages. Given that the dataset is overly
skewed in favor of offensive messages, which makes it a non realistic sample of Twitter
messages, we decided to not use the messages in OFF category. Thus, EN_HS_3 contains
only 5,593 messages of the original dataset in [12], formed by messages in HS (74.5%)
and in N (25.5%).

EN_HS_Z In [54] the authors presented an extended version of the dataset obtained
previously in [55]. It is a collection of tweets obtained by searching with the Twitter API
for a set of common slurs and terms frequently related to hate speech. The dataset is

This is the number of messages in the dataset obtained from
https://github.com/paulafortuna/Portuguese-Hate-Speech-Dataset. It diverges from the number repor-
ted by the authors in [20] where they report 5,668 messages.
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formed by a tweet ID and its labels. For the dataset to be used, the text corresponding to a
tweet ID must be recovered using Twitter AP1. However, since the dataset was collected
in 2016, some of the tweets do not exist any more. Thus, EN_HS_Z is a subset of dataset
in [54], formed by tweet messages we could recover, which amount to 6,909 messages.
The original collection was partitioned in four categories: Sexism, Racism, Both® and
Neither. We were able to recover 911 tweets of class Sexism, 50 tweets belonging to
Racism, 50 of class Both and 5,850 of Neither. We performed the union of the Sexism,
Racism and Both classes into a single class Hate Speech (H) which contains 1,059 tweets.

We maintained the class Neither from which we were able to recover 5,850 tweets.

EN_GIBERT In [13] it is presented a dataset derived from Stormfront, a white supre-
macy forum. Contrary to the other datasets, the label annotation has been performed at
sentence level as opposed to full-text annotation. Sentences were obtained by first collec-
ting a subset of 22 sub-forums covering diverse topics and nationalities randomly sam-
pled to gather individual posts uniformly distributed among sub-forums and users. Only
English posts were considered. The collected posts were segmented in sentences which
were grouped in batches. Each batch is composed of 500 complete posts with approxi-
mate 1,000 sentences per batch. The dataset is composed of 10,945 sentences contained
in 10 batches that were manually annotated in three categories: Hate, No Hate and Skip
which is formed by sentences where the annotator was not able to classify. We use a sub-
set of this dataset which we refer as EN_GIBERT, where we remove sentences classified
as Skip. Thus, EN_GIBERT contains 10,563 sentences. 9,367 of them pertain to class No
Hate and 1,196 were labeled as Hate.

EN_GOLBECK the work in [25] developed a dataset intended to be used to detect
online violent harassment. For that dataset 20,360 messages from the social network
Twitter were tagged by up to three annotators. The annotators labeled the messages
following a code book provided by the authors which guided them to identify “the worst,
most offensive or violent tweets”, “threat”, “hate speech”, “directed harassment”( to
an individual or group), ‘“Potentially offensive” and “Non-Harassing” tweet messages.
Finally, the messages were labeled under two disjoint classes: Harassing with 5,285
messages and Non-harassing with 15,075 messages. It is important to highlight that the

authors did not report any experiment using machine learning methods with this dataset.

3Category Both is formed by messages which contains messages classified as both Sexism and Racism.
4This is the number of sentences in https:/github.com/Vicomtech/hate-speech-dataset. It differs from
the number of sentences reported in the article (10,568 messages).
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Tabela 5.1: Dataset Statistics

Dataset # Examples | Doc. Avg. Size | Vocab. Size | Class Distribution | Imb.Ratio
PT_OFFCOM 1033 61 3574 N:80.44%, H:19.56% 1:4
PT_HS 5670 61 11611 N:68.46%, H:31.54% 1:2.2
PT_RACISM 2022 77 6684 N:82.88%, H:17.12% 1:4.8
EN_HS_3 5593 52 19953 N:74.50%, H:25.50% 1:2.9
EN_HS_Z 6909 50 9512 N:84.68%, H:15.32% 1:54
EN_GIBERT 10563 55 14544 N:88.6%, H:11.32% 1:7.8
EN_GOLBECK 20360 66 28987 N:74.04%,H:25.96% 1:2.8

5.2 Methods, metrics and model evaluation

Classification Methods

In this section we present the classification algorithms we experiment in our com-
parative study. For this study, we use a wide range of different classification methods with
different document representations, and they are separated into three categories : Vec-
tor Space Model based Methods (VSM), Deep Neural Networks with Word Embeddings
(DNN-WE) and Transformers.

The VSM based classification methods are those which use the traditional
and simple vector representation of documents, also known as Bag-of-Words (BoW),
as feature representation. We used frequency of each distinct term in a document as
the weight of the terms in the document vectors. We used the following classification
methods in this category: Support Vector Machine (SVM) with a linear kernel, Logistic
Regression (LR), included Naive-Bayes (NB) and Random Forest (RF), Multilayer-
Perceptron (MLP), as well as more complex architectures as Convolutional Neural
Network (CNN) [29], and a Bidirectional Long Short-Term Memory (BiLSTM).

The DNN-WE category is formed by Deep Neural Network (DNN) classification
methods that use more sophisticated form of input. The category is formed by two DNN
classification methods : a Long Short-Term Memory (LSTM) and another implementation
of BiLSTM. Both of these DNN methods are extensively described in the works of [6] and
[2], respectively. These two neural networks methods use GloVe [42] word embedding
vectors as document representation. The authors in those papers only perform experiments
with English datasets, so they only needed one Glove word embedding pre-trained model.
For our English datasets we used the exact same model, but since in this study we also
work with Portuguese datasets, we had to obtain a separate Glove pre-trained model,
which we obtained in the NILC-Embeddings repository > which was first introduced in
[27].

>http://www.nilc.icme.usp.br/embeddings
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In the transformers category, we perform the fine-tuning of state-of-the-art
models BERT [16] and RoBERTa [32]. These methods have a specific form of document
representation, where special tokens are inserted into the documents/sentences that are
input to the model training process. We performed the fine-tuning of pretrained models
for all the datasets, which include datasets in Portuguese and English. For both language
models we used the available resources found at HuggingFace®. For BERT we used the
base pre-trained model (bert-base-cased) introduced in [16] and made available by the
HuggingFace team’. For the Portuguese datasets, we used BERTimbau, a pre-trained
model for Portuguese, that has 12 layers and 110M parameters. It was introduced in [49]
and also made available at HuggingFace®.

For the ROBERTa model, we used the smaller version of the English pre-trained
model (roberta-base), first introduced in [32], and it was pre-trained using the combination
of five text corpora that together add up to 160GB worth of text. For the Portuguese
datasets, we used the pre-trained model BR_BERTo, available at HuggingFace °, which

was trained using a corpus of 6,993,330 sentences with 150,000 tokens in the vocabulary.

Metrics and Model Evaluation

To evaluate effectiveness of the classifiers generated with the various classifi-
cation methods we used the macro averaged F1-score (Macro-F1) which is the average
of F1 measure computed for all classes. In our case, we consider only two classes: hate
speech and non-hate speech. In order to compute the F1 measure for a class c, the system-
made decisions on the test set with respect to ¢ must be divided into three groups: True
Positives (T P,), False Positives (F P, ) and False Negatives (FN,), respectively. The terms
positive and negative refer to the classifier’s prediction, and the terms true and false refer
to whether that prediction corresponds to the external judgment. The F1 measure for a

class c is described in Equation 5-1.

B 2TP,
- 2TP.+FP.+FN,

I, (5-1)
Thus, Macro-F1 is computed as described in Equation 5-2, where C is the set of

class labels.

C
Y F1,

Macro—F1 =
C|

(5-2)

®https://huggingface.co/
https://huggingface.co/bert-base-cased
8https://huggingface.co/neuralmind/bert-base-portuguese-cased
“https://huggingface.co/rdenadai/BR_BERTo
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F1 of the minority class is a measure usually adopted for class imbalance
problems. However it is also important in the hate speech scenario that classifier also
performs well in the non-hate speech class. Thus, we opted to use Macro-F1 instead.

All techniques were evaluated using 5-fold cross-validation, where the training
set is composed by 4/5 of the entire dataset and 1/5 is used as test set. We randomly chose
the documents to compose each of the five folds and for each dataset we stored the five
train/test splits obtained by cross-validation to guarantee that all classifiers are trained

with the same training set and tested with same test sets.

Parameter tuning

The parameters for some of the classification methods were set by performing
Grid Search'® on the training set. Since performing grid search is a long process, we
decided to restrain the range of parameters of the search, and they are outlined in
Table 5.2. As stated before, due to the computational complexity of Grid Search, we
only performed it on some of the faster classification methods, such as Linear SVM
(SVM), Naive-Bayes (NB), Logistic Regression (LR) and Random Forest (RF). The
aforementioned classification methods were implemented using the scikit-learn library '!.

All the parameters that were not described on Table 5.2 were used with their
default values.

The grid search on the classification methods is performed on all five training
sets of generated with five-fold cross-validation. For each training set, we perform an
inner three-fold cross validation. We train the classifier on two parts (subdivision of the
training set) and one part is used to test for Macro-F1. After performing the test, we find
the best available parameters based on the ones that lead to the highest Macro-F1. The
best parameters are then used for the final model training.

For the MLP method, two fully-connected layers were used, containing 256
neurons each, interspersed with Dropout layer of ratios 0.4 and 0.2, followed by an output
fully-connected layer with k neurons, where k is the number of classes in the evaluated
dataset, with softmax activation. This architecture is compiled using categorical cross-
entropy as the loss function, and optimizer Adam !> was used with a learning rate of
0.001. For the BiILSTM method, a simple architecture that is composed of an input layer,
a layer with a dropout layer with ratio of 0.25, followed by a bidirectional LSTM layer,

and a dropout layer with ratio of 0.5 with an output layer with softmax activation with k

10https://scikit-learn.org/stable/modules/generated/sklearn.model_selection.GridSearchCV.html#sklearn-
model-selection-gridsearchcv

https://scikit-learn.org/stable/

Zhttps://keras.io/api/optimizers/adam/
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Tabela 5.2: Range of parameters considered in the Grid Search
process. All parameters that were not described were
used with default values.

Methods Parameter
MLP
BILSTM learn_rate = 0.001

loss=’categorical_crossentropy’

n_estimators = [30,50,70,90,100,200,300]
Random Forest (RF) criterion = [’gini’,’ entropy’]
warm_start = [’False’, True’]
alpha=[0.001,0.005,0.001,0.1,0.5,1]
fit_prior=[True, False]
kernel = ’linear’
C= [2—5,2—3,2—1721723’25’27729’2117213’215]
penalty=["11",12"]
dual = [True, False]
solver= [’liblinear’, newton-cg’, "1bfgs’]
C=[275’273’271,21723’25’2772972117213’215]

CNN

Naive-Bayes

Linear SVM

Logistic Regression (LR)

BERT

RoBERTa MAX_LEN = 156, batch_size = 16, learning_rate = 2e-05, epochs = 4

neurons, where k is the number of classes in the evaluated dataset. For the CNN method,
we use a small variation of the model described in [29]. The neural network models were
implemented using Keras (2.3.0) 13 and Tensorflow (2.1.0) '4.

As for the BILSTM and the LSTM which are member of the DNN-WE, we used
the model and parameters as described in [6, 2] and the code is available at the author’s
Github repository 1.

As previously mentioned, we do not perform grid search on the transformers, the
neural network methods nor on the DNN-WE methods. We do this because performing
a grid search on those methods would be too computationally expensive. For the neural
network methods members of VSM, we relied on the literature to set the hyper parameters
presented on Table 5.2. For instance, the authors in [29, 52] perform sentence and short
text classification using neural network methods, namely Convolutional Neural Networks
(CNN), and both works achieve satisfactory results using 0.001 as the learning rate for the
optimizer. The authors in [57, 8] use neural network methods for hate speech detection,
and they chose categorical cross entropy as their loss function.

Regarding the transformer methods, for BERT parameters we selected values
based on authors’ recommendation. In [16], the authors say that optimal hyper-parameter
values are task-specific, but recommend a range of values that work well across all tasks.
Devlin et. al [16] recommends that the fine-tuning of BERT be trained from two to four

epochs, that batch size be either 16 or 32, and that learning rate be Se — 5, 3e — 5 or

Bhttps://keras.io/
4https://www.tensorflow.org/
Bhttps://github.com/aymeam/User_distribution_experiments
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2e¢ — 5. For ROBERTa, we used the same parameters we used for BERT. The RoBERTa
is a transformer technique derived from BERT. The authors in [32] also recommend a
range of parameters to follow for different task. For the classification task, the authors
recommend learning rate le — 5, 2e — 5, 3e — 5, batch size of 16 or 32. The final decision
on the parameters were done based on previous experiments that suggested that the values

displayed on Table 5.2 were the best option for our task.

5.3 Data transformation techniques

In this study we combine, whenever possible, the classification methods with the
data transformation (resampling and c_features) techniques described in Sections 3 and
4 to alleviate the class imbalance problem in hate speech detection. For the resampling
techniques we used the implementations available in Imbalanced-Learn'® and we use a
1:1 ratio, meaning that we resample the training set until both classes are equally sized.
For the c_features we use our own implementation.

Due to the specificity of the input data representation required by some classi-
fication methods, not all data transformations could be used with all of them. The trans-
former methods (BERT and RoBERTa), use a specific type of document representation,
formed by the raw sentences of the text composing the documents with some specific
control tokens inserted in the text. The order in which the words appear in the senten-
ces is fundamental to these methods. Oversampling techniques which generate synthetic
documents and the expansion with c_features work in the Vector Space Model (VSM) ge-
nerate new vectors. The order of the words in the vector representation is completely lost.
Thus, none of these techniques can be used with transformers. In fact, only ROS and RUS
can be used in conjunction with transformer methods, because document representations
are only duplicated by the first technique and only removed by the second one i.e., the
original document representation expected by transformers is not affect by both ROS and
RUS.

The two DNN-WE methods ( LSTM [6] and BiLSTM [2]) use word embeddings
for word representation which are dense vectors with low dimension. The code for the re-
sampling techniques available in the Imbalanced-Learn ' library can cope with word
embeddings, except the code for SVM-SMOTE, because the internal SVM implementa-
tion does not support word embeddings. Thus, SVM-SMOTE was the only resampling
technique we could not use with the two DNN-WE classification methods. We also could

16https://imbalanced-learn.org/stable
7https://imbalanced-learn.org/stable
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not use the two DNN-WE with c_features because a c_feature is an artificial feature, thus
there is no word embedding for it.

For the c_features expansion method, we found, for each dataset, the best values
for the two parameters ming (minimum support) and min; (minimum dominance) by
means of grid search as we show next. As explained in Section 5.2 we performed five-
fold cross-validation previously to any experiment and kept the five splits for each dataset.
To find the two parameters for the c¢_feature method, we perform grid search only in the

training set of the first of the five splits for each dataset!®

. We then apply another five-
fold cross-validation intern to this training set. For each classification method we train a
classifier on four parts (subdivision training set) and assess Macro-F1 on the other part
(subdivision test set). We perform this grid search by combining the values of ming and
ming in the ranges described in Table 5.3, while keeping record of which combination
resulted in the higher Macro-F1. The pair of threshold values that generates the best
Macro-F1 value is used as the definitive values both for ming and min, for that dataset

and that specific classification method, in all five splits.

Tabela 5.3: Range of values for support and dominance used in the
grid search

Dominance 0.55,0.6,0.65,0.7,0.75,0.8,0.85,0.9,0.95,1
Support 0.001,0.002,0.003,0.004,0.005,0.006,0.007,0.008,0.009,0.01,0.05,0.1,0.5

For both resampling and c_features, when training classifiers for datasets trans-
formed with these techniques, we adopted the same parameter tuning described in section

Parameter tuning of Section 5.2.

5.4 Hardware configurations

In our experiments, some classification methods like the neural networks
methods, Deep Learning networks and transformers make use of hardware acceleration
(GPU) . We also experimented with classification methods that use traditional CPU cores.
The use of two types of cores (with and without acceleration) allowed us to run both CPU
and GPU methods at the same time.

We used two hardware configuration set. The first set, C;, was used to perform
the experiments necessary to answer the first five research questions. Cj is formed by two
Intel Xeon Gold 6148 processors with 6GB of RAM memory for the methods that use

18We are conscious that this decision does not allow for obtaining the best possible values for both
parameters in the five training sets, however performing grid search in all the training sets of all the five splits
for the seven dataset would be too time consuming. Despite this decision, the expansion with c_features
could enhance all the classification methods it could be used with as we show in Section 6.3
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only CPU. In C; the methods that take advantage of acceleration were executed on GPU
server containing a NVIDIA Tesla V100 with 6GB of RAM memory.

In order to answer the research question RQ6 (Section on 6.6), we needed a
more controlled environment in order to be able to fairly assess cost-effectiveness. For
that particular research question, we used a different hardware configuration (C;), which
is composed of: a) one CPU with AMD EPYC 7452 processor, 4GB of DDR4 RAM
memory and b) one GPU NVIDIA Tesla V100 with 6GB of RAM memory. All CPU and
GPU configurations use CentOS Linux 7.8 as the operating system.

5.5 Statistical test

In this work we compare the effectiveness of a series of classification algorithms
and combinations of classification algorithms with data engineering approaches, using
seven hate speech datasets. In this case, it is a consensus in literature [15, 23, 7] that
the Friedman Test [22] should be applied to accept or reject the null hypothesis (Hp)
that all classifiers perform equally on the set of datasets considered. Friedman Test is
the non-parametric equivalent to the repeated-measures ANOVA. According to Demsar
[15] repeated-measures ANOVA is not recommended in this case because it makes
assumptions about the sample data that can not be assured in the case of the distribution
of effectiveness values of classifiers on multiple datasets.

Demsar [15] recommends that when comparing classification algorithms on
multiple datasets, the effectiveness values should be obtained from repeated execution
of the algorithms in each dataset and that all algorithms should use the same training/test
splits in all datasets. In our case, we use 5-fold cross validation in all seven data sets and
all classifiers are trained and tested on the same partitions. We report the mean of the
effective measure (Macro-F1) of each algorithm on each dataset.

Whenever the Friedman Test rejects Hy, that is, confirms that there are statistical
differences among algorithms, a post-hoc test comparing pairs of algorithms on the
multiple datasets must be applied [15, 23, 7]. In our work we use The Wilcoxon Signed-
Rank Test with Bonferroni correction as post-hoc test, as suggested in [7].

In some of our experiments we need to compare only two classifiers with
each other: one derived from a learning algorithm applied to the original datasets and
the another derived from the same algorithm but applied to specific versions of the
datasets'®. Both classifiers are compared over multiple (seven) datasets. In this case we

use the Wilcoxon Signed-Rank Test as recommended in [15]. However we also apply

19For instance a version of the training set obtained by oversampling or undersampling approaches or by
using the c_features feature engineering approach.
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the Bonferroni correction to this test to control the family-wise type I error [7]. In all
our experiments, we have set the experiment level of significance at 0=0.05. Thus, Hy is

rejected whenever the p-value is inferior to Q.



CAPITULO 6

Results

In this chapter we answer our research questions by means of an extensive set
of experiments on the considered datasets. Thus, each section is dedicated to answer a

specific research question.

6.1 RQI1 - How effective are the different classification
methods when applied to current datasets about hate
speech?

We compared classifiers generated by the eleven classification methods discus-
sed in Section 5.2 using the datasets presented in Section 5.1. The non gray cells of Ta-
ble 6.1 show the average Macro-F1 values (outside the parentheses) over 5-fold cross-
validation of each method on each dataset. Given a non gray cell in the interception of a
line / and a column c of the table, the value between parentheses, just after the Macro-F1
value, represents the rank position of method corresponding to line i on dataset corres-
ponding to column c. The column with gray background color contains the average rank
position of each method across the datasets.

We applied the Friedman test using the rankings of the classification methods and
it rejected the null hypothesis that methods have similar effectiveness in the collection of
datasets considered. Thus, we applied the Wilcoxon signed-Rank test as suggested in [7]
and confirmed that there are statistical differences in the rankings of each pair of methods.
Thus, we can conclude that the differences in the position of each method in the ranking
presented in last column of Table 6.1 are statistical significant.

Table 6.1 shows that the Deep Neural Networks based on transformers have
proved to generate very good classifiers. In Particular, BERT is the top performer,
generating the best classifier in four out of the seven datasets considered. ROBERTa,
comes in fourth place in the general rank of Table 6.1 and generated the best classifier
for the EN_GOLBECK dataset.
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Tabela 6.1: Macro-F1 results for the methods applied to the data-
sets. The values in parenthesis indicate the ranking of
each classification method in a particular dataset. Last
column correspond to the average ranking position of
each method.

PT_OFFCOM PT_HS PT_RACISM | EN_HS_3 | EN_HS_Z | EN_GIBERT | EN_GOLBECK | Av. Rank.
BERT 0.4700(9) 0.7200(1) 0.7920(1) 0.9200(1) | 0.8401(1) 0.712(2) 0.43(9) 3.4286
LR 0.6487(2) 0.6775(3) 0.7337(4) 0.8989(5) | 0.8168(4) 0.6721(5) 0.5926(2) 3.5714
SVM 0.6333(4) 0.6709(5) 0.7396(3) 0.9043(4) | 0.8274(2) 0.6723(4) 0.5890(4) 3.7143
ROBERTa 0.484(8) 0.698(2) 0.501(9) 0.916(2) 0.776(6) 0.766(1) 0.63(1) 4.1429
RF 0.5761(7) 0.6762(4) 0.7859(2) 0.9076(3) 0.821(3) 0.5588(8) 0.592(3) 4.2857
NB 0.6975(1) 0.6631(6) 0.6868(7) 0.8912(6) | 0.7638(7) 0.6786(3) 0.5819(5) 5.0000
MLP 0.5990(6) 0.6448(7) 0.7092(5) 0.8881(7) | 0.7899(5) 0.5474(9) 0.5798(6) 6.4286
BiLSTM [2] 0.6188(5) 0.6389(8) 0.6988(6) 0.8857(8) | 0.7095(8) 0.6224(6) 0.5623(8) 7.0000
LSTM [6] 0.6445(3) 0.6091(9) 0.6813(8) 0.7153(9) | 0.6319(9) 0.5636(7) 0.5627(7) 7.4286
CNN 0.4458(10.5) | 0.4064(10.5) | 0.4685(10) | 0.4266(11) | 0.458(10.5) 0.47(10.5) 0.4255(10) 10.4286
BiLSTM 0.4458(10.5) | 0.4064(10.5) | 0.4532(11) | 0.4267(10) | 0.458(10.5) 0.47(10.5) 0.4252(11) 10.5714

It is important to highlight the competitive performance of LR and SVM learning
algorithms. They generate, respectively the second and third best classification models.
These traditional methods, based on the simple vector space model (VSM) of documents,
outperformed neural network methods that use sophisticated word embeddings as input
(LSTM [6] and BiLSTM [2]).While analyzing each dataset separately, we can see that
these two methods always present competitive Macro-F1 results. In fact Also whenever
BERT is superior to LR the difference in Macro-F1 between them is at most of 8% (in
PT_RACISM dataset). This shows that a well calibrated traditional algorithm is still a
good choice for hate speech classification, as we see SVM and LR proven to be superior
to RoBERTa.

It is also interesting that MLP based on VSM, a simple neural network architec-
ture, performed slightly better than more complex Deep Learning methods based on word
embeddings (LSTM [6] and BiLSTM [2]) and largely better than CNN e BiLSTM which
also used VSM for document representation.

Table 6.1 shows variability in the performance of transformer based methods,
specially among datasets. Even though most datasets are originated from messages from
social medial platforms and belong to the same domain (hate speech), the Macro-F1
values fluctuates a lot among datasets. For instance, we can see that BERT is outperformed
by LR in 38% in terms of Macro-F1 in the PT_OFFCOM dataset and in 37.8% in the
EN_GOLBECK dataset. On the other hand, BERT is at most 7.9% better than LR in
the PT_RACISM dataset. Similar relations are kept between BERT and SVM in these
datasets. Thus, LR and SVM are more stable across datasets in that their positions in the
ranking for each dataset do not vary much.

From the discussion above we note that the learning algorithm based on Vec-
tor Space Model (VSM) tend to have competitive effectiveness when compared to more
sophisticate methods. One possible hypothesis for the good performance of VSM (i.e.
bag-of-words) based algorithms could be that most hate speech messages are characteri-
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zed by a group of words generally used for offensive speech. Thus, a good VSM based
algorithm which is able to capture term importance for a class is sufficient to perform well
on most messages. For some less obvious but also less common hate speech messages it
is possible that VSM based methods do not classify them correctly because of their ina-
bility to learn more complex syntactic and/or semantic relations between words that are
learned by methods which use word embedding or by the transformers. However, we left
the investigation of this hypothesis for future work.

It is worth noting that, except for the EN_HS_3 and EN_HS_Z where Macro-
F1 are higher than 0.8, hate speech detection considering only textual features is shown
to be a difficult task to solve. Even for transformer based classifiers that make use
of pre-training knowledge about the language via extensive non-supervised learning
have difficulties to differentiate hate speech from non-hate speech. Thus, all methods
considered ended up presenting low Macro-F1 values. To further investigate the errors
of the classifiers, we generated the confusion matrix for all methods and all datasets.
We found that the relation FN > FP, i.e the number of False Negatives (FN) being
greater than the number of False Positives (FN) is prevalent. The above relation is inverted
only for BERT with the EN_HS_3 dataset and for RoOBERTa with the EN_GIBERT and
EN_HS_Z datasets, where FP is slightly greater than FN. This strongly suggests that
for all learning methods, the trained classifiers are influenced by class imbalance which
is present in all the datasets. The FN > FP is a prevalent relation even in datasets with
the lowest class imbalance, i.e., PT_HS, EN_GOLBECK and EN_HS_3 (see Table 5.1).
Thus, class imbalance seems to be an important obstacle for all the classification methods
at least in the collection of datasets we considered. Thus, in the next Section we investigate

how effective are the techniques most used to cope with class imbalance.

6.2 RQ2 - Do the data resampling techniques improve

the classification methods?

As discussed at the end of the last section, class imbalance affects the perfor-
mance of all classifiers we experimented with. Thus, it is reasonable to ask if data resam-
pling techniques (commonly used as a preprocessing step in class imbalance scenarios)
could help enhance results of the classification methods. We considered the use of both
undersampling and oversampling techniques in our investigations.

In order to answer RQ2 and make claims of superiority, for each classification

method m we confront (whenever possible!) two classifiers: m, obtained by applying m

!'Some re-sampling techniques cannot be used with some classification methods. For instance, oversam-
pling techniques that generate artificial documents in the vector space model cannot be used with transfor-
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to the original dataset and m, obtained by applying m to a training set (from the cross-
validation stage) version of the dataset obtained with some data resampling technique r,
where r € { SMOTE, ADASYN, BOS, SVMSMOTE, KSMOTE, ROS, RUS}.

For each classifier ¢ in the pair of classifiers (m,,m,), we first compute the rank
position of ¢ in each dataset in regard to its opponent in the pair considering Macro-
F1 values. Whenever there is a tie, we assign the mean of the two positions to each
classifier (i.e. 1.5 to each one). Next, we compute mrank(c) which is the mean position of
component ¢ of pair (m,,m,) over all datasets. Table 6.2 shows for each method m (lines
of the table), the mean rank position of m, (column ORIG) and the mean rank position of
its opponent m, (columns SMOTE, ADASYN, BOS, SVMSMOTE, KSMOTE, ROS and
RUY).

Tabela 6.2: Paired comparison of average ranking between each
method applied to the original datasets and the same
method applied to a sampled versions of the data-
sets. Results in bold represent the best classification
methods. Results for the original datasets appear in
bold if and only if there is no sampling technique able
to improve the corresponding method.

ORIG SMOTE | ORIG | ADASYN | ORIG | BOS | ORIG | SVMSMOTE | ORIG | KSMOTE | ORIG | ROS ORIG | RUS

Linear SVM 1 2 1 2 1 2 1 2 1 2 143 1.57 1.29 1.71
NB 143 1.57 1.14 1.86 114 1.86 114 1.86 1.14 1.86 1 2 1 2

LR 1 2 1 2 1 2 1 2 1 2 1.57 1.43 1.29 1.71

RF T 2 1.14 1.86 1 2 1.29 1.71 1.14 1.86 1.86 114 1.29 1.71

MLP 1.17 1.83 1.29 1.71 1.33 1.67 1.29 1.71 1.29 1.71 1.71 129 1.43 1.57

CNN 129 1.71 1.57 1.43 1.43 1.57 1.29 1.71 1.43 1.57 1.29 1.71 1.43 1.57

BiLSTM 114 186 1.14 1.86 1.14 1.86 114 1.86 1.14 1.86 114 1.86 1.43 1.57

LSTM [6] 1.86 1.14 1.71 1.29 1.86 1.14 1.71 1.29 2 1 1.71 1.29

BiLSTM [2] 1 2 1 2 1 2 1.14 1.86 1.86 1.14 1.57 1.43

BERT 1.86 114 1.07 1.93

RoBERTa 1.86 114 1.47 1.57

Our comparison methodology is described as follows. For a given pair (m,,m,),
if mrank(m,) >= mrank(m,), we consider that the specific sampling technique r corres-
ponds to a negative answer to RQ2 in regard to classification method m. Thus, we discard
classifier m, from our future considerations, because its safe to say that for our covered
datasets not only does it not improve classification, but it also implies in computational
overhead (due to oversampling or undersampling). However, if mrank(m,) > mrank(m,),
we use the Wilcoxon Signed Ranks test, as suggested in [15] for pairwise comparison in
multiple datasets, to check if the difference between the two classifiers is statistically sig-
nificant. If that is the case, r is a positive answer to RQ?2 in regard to classification method
m and thus, we exclude m, from future analysis. Otherwise, r is a negative answer to
RQ?2 and we discard m,. Consequently, whenever there is one m,, which is statistically

superior to m, we show the value of its mean rank position in bold in Table 6.2. A mean

mer based methods, since these methods assume raw text as input. Also, SVMSMOTE, could not be used
with LSTM [6] and BiLSTM [2] because the internal SVM method used in SVMSMOTE is not able to
cope with word embedding vectors.
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rank position in column ORIG for a method m (a line of table) appears in bold if and only
if there is no m, classifier, based on any sampling strategy that was statistically superior
to m,. Thus methods in bold are considered the "survivors"of the pairwise competition
described above.

As Table 6.2 shows, no re-sampling technique was able to enhance classifiers
trained with SVM, NB or BiLSTM classification methods in the original datasets. On the
other hand, the LSTM [6] method was the only classification method where all sampling
techniques produced classifiers with better average ranking than that trained in the original
datasets. This is curious because both oversampling and undersampling techniques were
able to enhance considerably the LSTM [6] method. At first glance, it seems that LSTM is
more sensible to class imbalance than the other methods, but we left further investigations
about this hypothesis for future work.

The Random Oversampling technique (ROS) improves seven of the eleven
classification methods considered, being the sampling technique that enhanced more
classification methods. This is interesting because ROS is the most simple oversampling
technique and also the one demanding less processing time. ROS just replicates some
training instances, thus it is independent of instance input format (VSM or raw text) and
can be used with any classification method. Consequently, it was the only oversampling
strategy we could use with BERT and RoBERTa which use the raw text as input. ROS
was able to enhance both of these methods. The good performance of ROS is probably
because it does not create new samples, but works by replicating already existing training
samples that tend to be more similar to the ones from the test set than those artificial
samples generated by the other oversampling techniques.

Considering the more sophisticated oversampling techniques, they were only
able to improve the LSTM [6] method and ADASYN was the only sampling strategy
able to improve CNN. In this case the improvement is small, but statistical significant.
Possibly, the general bad results for these techniques are due to the fact that the artificial
documents they generate tend to be very different from the real test documents. These
artificial documents induce the classifiers to consider non-real regions of vector space.
Besides, these techniques demand more processing time than ROS. Despite being useful
in other scenarios, oversampling based on synthetic samples generally do not help in text
classification as indicated by previous work [58, 44, 24] and confirmed by us in the realm
of hate speech detection.

Tables 6.3 and 6.4 show the Macro-F1 values for the seven oversampling strate-
gies for both Portuguese and English dataset, respectively. We separated the datasets in
the two tables for space restriction only. Column entitled ORIG in the tables contains
classifier values obtained on the original datasets (i.e. without any resampling technique).

Table 6.3 shows that oversampling with ROS benefit almost all methods (except
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Tabela 6.3: Macro-F1 results for the oversampling techniques in
datasets of Portuguese text.

PT_OFFCOM
ORIG | SMOTE | ADASYN | BOS | SYMSMOTE | KSMOTE | ROS
Linear SVM | 0.6333 0.5961 0.5984 0.5977 0.5844 0.5967 0.6513
NB 0.6975 0.6955 0.7074 0.6999 0.6955 0.7095 0.6978
LR 0.6487 0.6052 0.6140 0.6029 0.6266 0.6052 0.6543
RF 0.5761 0.5461 0.5532 0.5610 0.5717 0.5592 0.6199
MLP 0.5990 0.6654 0.6717 0.6427 0.6770 0.6526 0.6374
CNN 0.4458 0.4886 0.4886 0.4886 0.4245 0.4886 0.3097
BiLSTM 0.4458 0.2326 0.3544 0.3948 0.2785 0.3585 0.3383
LSTM [6] 0.6445 0.6192 0.6052 0.6104 - 0.6239 0.6591
BILSTM [2] | 0.6188 0.6215 0.6052 0.6104 - 0.6239 0.6471
BERT 0.4700 - - - - - 0.754
RoBERTa 0.484 - - - - - 0.646
PT_HS
ORIG | SMOTE | ADASYN | BOS | SYMSMOTE | KSMOTE | ROS
Linear SVM | 0.6709 0.5769 0.5667 0.5748 0.5925 0.5781 0.6772
NB 0.6631 0.6551 0.6479 0.6592 0.6547 0.6489 0.6194
LR 0.6775 0.6162 0.6018 0.6117 0.6287 0.6182 0.6787
RF 0.6762 0.5938 0.5908 0.5912 0.5946 0.5927 0.6888
MLP 0.6448 0.6252 0.6307 0.6216 0.6255 0.6327 0.6469
CNN 0.4064 0.4063 0.4071 0.4063 0.3810 0.4063 0.4550
BiLSTM 0.4064 0.3073 0.2397 0.2397 0.3063 0.3731 0.3759
LSTM [6] 0.6091 0.6095 0.6201 0.6159 - 0.6067 0.6464
BIiLSTM [2] | 0.6389 0.6161 0.6170 0.6167 - 0.6082 0.6430
BERT 0.7200 - - - - - 0.7260
RoBERTa 0.698 - - - - - 0.692
PT_RACISM

ORIG | SMOTE | ADASYN | BOS | SYMSMOTE | KSMOTE | ROS
Linear SVM | 0.7396 0.6139 0.5941 0.6234 0.6823 0.6918 0.7422
NB 0.6868 0.7008 0.6669 0.6808 0.7007 0.6770 0.6454
LR 0.7337 0.6443 0.6346 0.6583 0.6862 0.6838 0.7570
RF 0.7859 0.6379 0.6155 0.6408 0.6723 0.6672 0.7774
MLP 0.7092 0.6644 0.6386 0.6698 0.6674 0.6630 0.7025
CNN 0.4685 0.3902 0.4563 0.2623 0.4553 0.3060 0.5596
BiLSTM* 0.4532 0.3724 0.3302 0.3302 0.3302 0.3583 0.2756
LSTM [6] 0.6813 0.6862 0.6821 0.7043 - 0.6893 0.6822
BiLSTM [2] | 0.6988 0.6921 0.6911 0.6777 - 0.6959 0.7248
BERT 0.7920 - - - - - 0.7960
RoBERTa 0.501 - - - - - 0.618

NB and CNN) in the PT_OFFCOM, our smallest dataset. Specially in this dataset,
ROS helped considerably both transformer methods, BERT and RoBERTa, providing
gains of 60.43% and 33.47% in Macro-F1, respectively, in comparison with using the
original dataset. In fact, in all datasets, when ROS does not contribute to the transformer
methods it also does not provide loss in effectiveness (except the small loss for BERT in
the EN_GIBERT dataset). Thus, we suggest that the use of ROS in conjunction with
transformers should be considered in future studies of hate speech detection. When

considering the other classification methods, in spite of ROS has enhanced most of them
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considering all the seven datasets, there are some benefited methods that did not perform
well in some specific dataset (see some example in Tables 6.3 and 6.4) . Thus, ROS is not
a “silver bullet” for all cases, but our experiments indicate that its worth to experiment
with it in new datasets.

In regard to the undersampling, this technique consists in removing samples
from the training set that belong to the majority class until both classes (in a binary
classification problem) are equally sized. The undersampling technique covered here,
called Random Undersampling (RUS)?, is extremely simple and consists of randomly
removing samples from the majority class until all classes have the same number of
samples.

Table 6.2 shows that RUS was able to improve only the DNN-WE methods
(BiLSTM [2] and LSTM [6]). The problem with undersampling is that it discards many
training set samples when reducing the size of the biggest class. This, in most cases affects
the learning capacity of the classification methods. In the specific case of LSTM [6] and
BiLSTM [2] it seems that class imbalance affects these methods more than a reduction
in the training set and both methods are benefited with RUS. However, even for these
methods RUS deteriorates the Macro-F1 values for some datasets as shows Table A.3 (in

the Appendix).

6.3 RQ3 - Do the c_features enhance -classification

methods for hate speech detection?

In this section, we investigate whether the use of c_features enhance the effecti-
veness of classification algorithms for hate speech detection. The method used to compute
c_features (see Chapter 4) takes as input documents that are represented by vectors in the
VSM, thus c_features cannot be used with the transformer models (BERT and RoBERTa)
that have a method-specific form of document representation. Also, c¢_features cannot be
used, at least directly, with the classification methods that use word embeddings as docu-
ment representation (LSTM [6] and BiLSTM [2]) because there is no word embedding
vector learned for a pair of terms. For this reason we use c_features only with classifi-
cation methods which work with the VSM model, i.e., SVM, NB, LR, RF, MLP, CNN,
BiLSTM.

To answer RQ3, we again rely on the comparison methodology we used in
Section 6.2 for answering RQ2. Thus for each classification method m, we compare the

mean rank position of the classifiers in the pair (m,,m.) with each other over the seven

Zhttps://imbalanced-learn.org/stable/references/generated/imblearn.under_sampling.RandomUnderSampler.html#imblez
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datasets, where m,, is the classifier generated by m on an original dataset and m, is the
classifier generated by m on the corresponding dataset expanded with c_features. As in
the answer of RQ2, we only consider m, superior to m, when mrank(m;) > mrank(m,)
and the difference between the two mean values is statistical significant according to the
Wilcoxon Signed Ranks test.

Table 6.5 shows the result of the pairwise comparison described above. Values
in bold represent the best component of each pair. Clearly c_features benefited all the
classification methods they could be used with. Specially, they enhanced classification
methods that were not improved by any resampling technique, i.e., SVM, NB and
BiLSTM.

It is important to highlight that c¢_features were able to enhance considerably
the two best VSM based classification methods, LR and SVM indicated in the results
for RQ1. LR was benefited in all the seven datasets (see results for LR in Table 6.5),
while SVM was benefited by c_features in six of the seven datasets (except in dataset
EN_HS_Z, see Tables A.1 and A.2 in the Appendix). Specially the better gains for both
methods were obtained in the three most difficult datasets. The gains for SVM were 7.8%
in PT_OFFCOM, 5% in PT_RACISM and 4.7% in EN_GOLBECK datasets, comparing
with SVM using original data. For LR, the gains were 6.1% in PT_OFFCOM, 5% in
PT RACISM and 1.7% in EN_GOLBECK datasets.

6.4 RQ4 - How do the best combinations of methods and

preprocessing compare to each other?

In the last two sections we investigated if preprocessed versions of a dataset
obtained by applying resampling or expansion with c_features were able to generate better
classifiers for a classification method m, than that generated by m on the original dataset.
In this section we investigate how the "winners"of those pairwise comparisons of the last
two sections compete among each other. For this, we computed the mean rank position
of these methods regarding Macro-F1 and applied the Friedman test which confirmed
differences among the mean positions. Next, we applied the Wilcoxon signed-rank test
which also confirmed the statistical difference in the ranking of each pair of methods. The
results are shown in Table 6.6.

Considering the mean rank position, the combination of SVM and c_features
stands out as the best overall method for hate speech detection, outperforming slightly the
state-of-the-art transformer model BERT combined with Random Oversampling, which
occupied second place. Logistic Regression (LR) combined with c_features outperforms
RoBERTa+ROS. Thus c_features not only enhance all methods they can be used with
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(as shown in the answer to RQ3), but they also make the traditional SVM and LR
methods very competitive. However, since the differences between the mean positions
of two consecutive methods is too tight among the top four methods in Table 6.6, we
further investigated thees these ranking positions. We found that, inspite of both BERT
and RoBERTa (combined with ROS) occupy the top two methods for most datasets,
they appear as one of the worst classification methods in at least one of the datasets.
More precisely, BERT + ROS occupy the 21st ranking position for the EN_GOLBECK
dataset, while ROBERTa + ROS occupy the 10th and 20th for the PT_OFFCOM and
PT_RACISM, respectively. Those disparities drive their mean rank position up. On the
other hand, SVM + c_feature always occupy one of the top five rank positions across in
datasets.

While looking at the median rank position instead of the mean, the transformer
methods combined with ROS, are tied as the best classification methods (1.5), because
those extreme high rank positions in some dataset highly affect the mean, but not the
median. SVM + c_features stand as the next best model occupying the median ranking
of 4. The LR and RF, both combined with c_features and ROS are, respectively, the next
best models. Besides the BERT and RoBERTa combined with ROS on the first place,
most of the top median ranking positions are occupied with traditional methods with or
without data enhancing techniques. Thus, the best method depends on the way we look
at the results. If we consider the methods that are the best in most datasets, BERT is the
best model although performing very bad in one of the datasets. On the other, SVM +
c_features is the most stable one, in the sense that it has good rank positions and its rank
positions in all databases do not vary much.

It is worth noting in Table 6.6 that, except with RF, whenever there are two
versions of a method, one using ROS and the other using c_features, the one using
c_features performs better. Also, CNN with c_features performed better CNN with
ADASYN, the only resampling technique able to enhance CNN as commented in Section
6.2. The use of ROS has also been very effective when compared across all the best
classification models. Also, traditional techniques like SVM and NB, without the use of
c_features or any resampling technique, still prove to be good choices for hate speech
detection. These methods alone outperformed neural network methods with sophisticated
forms of feature representation and different data resampling strategies, for instance,
CNN, MLP, LSTM and BiLSTM.
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6.5 RQS5 - Does the combination of ¢_features and resam-

pling enhance effectiveness?

Given that: i) oversampling with ROS and c_features were shown to be beneficial
separately to many classification methods and ii) resampling and c_features work on
different levels, i.e., the former works by augmenting/reducing samples, while the latter
works at feature level, it is natural to ask if the combination of the these two techniques
could enhance hate speech detection even further.

To answer this research question, we first performed a resampling technique
to the training data and next we generated the c_features over the augmented/reduced
training set. The oversampling technique used was ROS, since it was the only one able
to enhance a large number of classification methods. As the undersampling technique we
used RUS. Table 6.7 shows the results for the PT_OFFCOM dataset, since it was the one
most difficult for the majority of methods. Again, we only show results for classification
methods we could apply c_features.

As can be seen, in both cases (ROS + c_features and RUS + c_features) the
results obtained using the combinations are either worse or statistically tied with the
Macro-F1 obtained using only c_features. In the case of ROS + c_features, the problem
is that c_features are computed over the augmented class. This makes a set of c_features
to satisfy the support and confidence threshold that they didn’t satisfy when oversampling
was not used. Thus, the the number of c_features is augmented causing a bias in
the learned classifier. With ROS + c_features the number of false positives generally
augments in relation to using only c_features, because of the excess of c_features
generated.

In the case of RUS + c_features, we observed that the number of c_features
generated is not sufficient to compensate for the damage caused by undersampling, thus
the right and wrong indications of the classifier are very similar to those of the classifier
trained with RUS only. Thus, in any case the combination of resampling and c_features

did not benefit the classification methods.

6.6 RQG6 - How do the classification methods compare in

terms of cost-effectiveness trade-off?

The time taken to generate a classifier ready to make new predictions is a
important aspect in selecting a classification method. However, model selection cannot
be made by only analyzing time or cost separately. Certain hate speech applications may

require a faster/cheaper classifier, even if the effectiveness might be compromised in the
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process. On the other hand, there might be situations where the time taken to generate a
classifier or special hardware might not be an issue, but a higher model effectiveness is
an absolute necessity. On this research question, we investigate the trade-off between cost
and effectiveness for several hate speech classifiers.

We use the average elapsed training time in seconds of the five-fold cross-
validation as a measure of (computational) cost. To measure effectiveness we use the
mean Macro-F1 values over the five-fold cross-validation. Also, we compare only the
classification methods that generated the top ten classifiers of Table 6.6. These methods
are: BERT, RoBERTa, SVM, LR, NB and RF. We analyzed the cost-effectiveness trade-
off of classifiers produced by this classification method both using the original training
set and on corresponding training set pre-processed with ROS or c_features when they
are applicable.

The displayed training time of a specific method is composed by the time
taken by the feature extraction stage, time taken by the data enhancing technique (if
applicable) and the model fitting/training time. For this trade-off analysis, we compared
both traditional methods that use CPU and more complex models that take advantage of
acceleration hardware (GPU). Models that are designed to use GPU, such as BERT and
RoBERTa as well as their variations using ROS, were executed in that specific hardware
environment. The other methods and their variations, including c_features, were executed
in a CPU environment only.

Figures 6.1 and 6.2 present the cost-effectiveness trade-off for the Portuguese
and English datasets, respectively. On each of the presented figures, we used dotted lines
to separate the image into quadrants to get better perspective and facilitate comparison and
analysis. The dotted lines represent the median time (vertical line) and median Macro-F1
(horizontal line) for a specific dataset. If, for a dataset d, a classification method m stands
on the left side of the vertical dotted line, it means that m is "faster"than the median of
the covered methods on d. If m is above the horizontal dotted line, it means that m has
a better effectiveness (Macro-F1) than the median of the covered methods on d. So the
first quadrant contains the best cost-effective methods, i.e, they are methods that present
the best Macro-F1 and are also the most computationally inexpensive (fastest). Observing
the quadrants in a clockwise manner, on the second quadrant stand the methods that are
effective (high Macro-F1), but they are slower than the median. The third quadrant is
composed by the methods that are faster than the median, but are ineffective. And finally,
the last quadrant represents the overall worst methods, that have both effectiveness and
efficiency worse than the median for a dataset.

Looking from both time and effectiveness stand point, it is interesting to see the
performance of LR with c_features. This specific method is in the first quadrant for all

datasets, meaning that it has better prediction power and it is less computational expensive
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than the median of the covered methods. This points to the fact that LR + c_features can
be considered the best overall cost-effective throughout all the datasets. Not only that, but
LR + ROS or LR without any sort of data enhancing proved to be on the first quadrant for
most of the datasets, proving to be great cost-effective choices. It is also interesting that
LR training time is not much affected by its use with c_features or ROS.

We have noticed (in Section 6.3) that SVM when used with c_features produces
more effective classifiers than when not using c_features, specially in the three most
difficult datasets. However, in the case of SVM, c_features affect considerably the SVM
training time. As show Figures 6.1 and 6.2 SVM with c_{features appears int the second
quadrant of all datasets, with the exception PT_OFFCOM.

In the PT_OFFCOM dataset we can see the traditional methods dominate, as
well as their combination with c¢_features. The best overall method, in terms of cost-
effectiveness, is the Naive-Bayes classifier using with c_features; also SVM and LR
combined with that particular data enhancing technique occupy the first quadrant. For
that same dataset, we can see BERT and RoBERTa occupy the last quadrant, but we can
also notice their effectiveness increase with the Random Oversampling technique at the
cost of increasing training time.

As for the PT_HS and PT_RACISM we can see the the best overall methods
consist of the transformers and LR combined with both data enhancing techniques
analyzed here (c_features and ROS). For the first dataset, BERT, RoBERTa and their
variations are on the cusp of the median time dotted line in the first quadrant so they can
be considered the best methods. The LR with all its variations may not present Macro-F1
as high as the transformers, but on the other hand they are faster. For the other dataset,
BERT is the best cost-effective method, followed by the data enhanced LR variations.
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Figura 6.1: Cost vs. Macro-F1 trade-off for the Portuguese data-
sets.

For the English datasets, we can see that for EN_HS_3 and EN_HS_Z the first

quadrant is occupied by traditional methods with data enhancing techniques, and BERT
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also occupy the first quadrant with the best overall Macro-F1 but barely at left of the time
median dotted line.

For EN_GIBERT, the second largest datasets and with the highest class skew-
ness, the use of the oversampling technique vastly increases the training time while not
improving the classifier’s effectiveness. The exception of that statement is ROBERTa, that
has its ROS variation as the best Macro-F1 but on the second quadrant, as ROBERTa with
no data enhancing techniques is slightly less effectively but is on the first quadrant, left of
the median time line.

The transformers method as well as their variations are on the second and fourth
quadrant in the largest dataset EN_GOLBECK. RoBERTa and its oversampling variation
present the best Macro-F1 for this dataset, but they are computationally more expensive.
The LR classifier combined with c_features is the best cost-effective method, presenting

competitive Macro-F1, and taking significantly less training time then RoBERTa.
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Figura 6.2: Cost vs. Macro-F1 trade-off for the English datasets.

Despite not always presenting the best overall results, traditional methods,
combined or not with data enhancing techniques, proved to be a competitive choice
for cost-effective classifiers. The LR + c_features is considered a consistent good cost-

effective method, given that it occupied the first quadrant for all seven datasets. LR alone
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or with the combination with ROS are also good cost-effective choices since at least one
of them occupy the first quadrant most of the times.

It is important to highlight that LR as well as the other traditional methods
covered here, do not make use of GPUs. Thus, its fast execution can be obtained in
a cheaper hardware. On the other hand, most of transformer models require hardware
acceleration (GPU), removing their applicability in most low-resource environment and
have a slower inference time, making them unsuitable for situations that require real-time
response time [48]. In a real-world scenario where model retraining is necessary, due to
the availability of new labeled training data, traditional methods can still be useful as our
cost-effectiveness analysis shows. Besides performing competitively against state-of-the-

art complex transformer models, the traditional methods are faster to train.
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Tabela 6.4: Macro-F1 results for the oversampling techniques da-
tasets of English text.

EN_HS_3

ORIG | SMOTE | ADASYN BOS SVMSMOTE | KSMOTE | ROS
Linear SVM | 0.9043 0.8572 0.8346 0.8388 0.8328 0.8620 0.8982
NB 0.8912 0.8722 0.8357 0.8363 0.8470 0.8716 0.8420
LR 0.8989 0.8541 0.8318 0.8424 0.8497 0.8591 0.8964
RF 0.9076 0.8087 0.7936 0.8125 0.8386 0.8292 0.9080
MLP 0.8881 0.8805 0.8569 0.8749 0.8797 0.8786 0.8923
CNN 0.4266 0.3623 0.4279 0.4279 0.4472 0.4278 0.3393
BiLSTM 0.4267 0.2929 0.3821 0.3460 0.3374 0.3821 0.3376
LSTM [6] 0.7153 0.8747 0.8776 0.8751 - 0.8776 0.8890
BILSTM [2] | 0.8857 0.8794 0.8778 0.8772 - 0.8767 0.8916
BERT 0.9200 - - - - - 0.9222
RoBERTa 0.916 - - - - - 0.924

EN_HS_Z

ORIG | SMOTE | ADASYN BOS SVMSMOTE | KSMOTE | ROS
Linear SVM | 0.8274 0.6969 0.6689 0.6708 0.6707 0.6729 0.8135
NB 0.7638 0.7669 0.7422 0.7476 0.7293 0.7438 0.7118
LR 0.8168 0.7581 0.6892 0.6925 0.7365 0.7242 0.8159
RF 0.8210 0.6936 0.6783 0.6970 0.7176 0.6879 0.8248
MLP 0.7899 0.7500 0.7399 0.7402 0.7595 0.7462 0.7778
CNN 0.4580 0.4171 0.4630 0.4622 0.4629 0.4637 0.3284
BiLSTM 0.4580 0.4046 0.4090 0.4059 0.3933 0.3350 0.3941
LSTM [6] 0.6319 0.6999 0.6969 0.7012 - 0.7142 0.6865
BIiLSTM [2] | 0.7095 0.7163 0.7057 0.7141 - 0.7082 0.6847
BERT 0.8401 - - - - - 0.848
RoBERTa 0.776 - - - - - 0.848

EN_GIBERT

ORIG | SMOTE | ADASYN BOS SVMSMOTE | KSMOTE | ROS
Linear SVM | 0.6723 0.5395 0.6562 0.5423 0.6565 0.6473 0.6573
NB 0.6786 0.5902 0.5773 0.6016 0.5480 0.5770 0.5835
LR 0.6721 0.5426 0.6681 0.5480 0.6680 0.6142 0.6541
RF 0.5588 0.5021 0.5465 0.5176 0.5832 0.5423 0.5925
MLP 0.5474 0.5552 0.5485 0.5460 0.5462 0.5474 0.6339
CNN 0.4700 0.4679 0.4671 0.3942 0.4688 0.4672 0.3565
BiLSTM 0.4700 0.3058 0.3931 0.3116 0.3963 0.3886 0.3785
LSTM [6] 0.5636 0.6052 0.5991 0.6095 - 0.6135 0.6564
BIiLSTM [2] | 0.6224 0.6064 0.5985 0.6091 - 0.6052 0.6435
BERT 0.712 - - - - - 0.706
RoBERTa 0.766 - - - - - 0.774

EN_GOLBECK

ORIG | SMOTE | ADASYN BOS SVMSMOTE | KSMOTE | ROS
Linear SVM | 0.5890 0.5395 0.5518 0.5379 0.5379 0.5395 0.5432
NB 0.5819 0.5882 0.5496 0.5797 0.5800 0.5552 0.5637
LR 0.5926 0.5414 0.5671 0.5437 0.5752 0.5652 0.6034
RF 0.5920 0.5311 0.5992 0.5336 0.6025 0.5940 0.6034
MLP 0.5798 0.5612 0.5612 0.5584 0.5647 0.5658 0.5856
CNN 0.4255 0.4258 0.3825 0.3380 0.3377 0.3385 0.2940
BiLSTM 0.4252 0.3816 0.3377 0.3377 0.3381 0.3379 0.3386
LSTM [6] 0.5627 0.5631 0.5606 0.5660 - 0.5644 0.5680
BiLSTM [2] | 0.5623 0.5612 0.5615 0.5571 - 0.5628 0.5728
BERT 0.4300 - - - - - 0.4307
RoBERTa 0.6300 - - - - 0.6360
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Tabela 6.5: Average rank positions for the classifier trained in
the original datasets - m, (column ORIG) using a
classification method m (corresponding to a line of the
table) and the classifier generated by m, trained in the
corresponding datasets expanded wit c_features - m,
(column c_features). Results in bold represent the best
classification method of the pair.

ORIG | c_features

Linear SVM 1.85 1.14
NB 1.71 1.28

LR 2 1
RF 1.71 1.28
MLP 1.85 1.14
CNN 1.92 1.07
BiLSTM 1.64 1.35

Tabela 6.6: Average ranking for all the best remaining classifica-
tion models.

Method Avg. Rank.

SVM + c_features 3.8571

BERT + ROS 42143

LR + c_features 5.0000

RoBERTa + ROS 5.2143

LR + ROS 6.7143
SVM 7.4286

RF + ROS 7.8571

NB + c_features 8.2857
RF + c_features 9.2857
NB 9.7143

MLP + c_features 10.2857
MLP + ROS 11.1429
BiLSTM [2] + ROS 12.1429
LSTM [6] + ROS 12.8571
BiLSTM [2] + RUS 14.4286
LSTM [6] + KSMOTE 15.3571
LSTM [6] + RUS 15.5714
LSTM [6] + BOS 15.8571
LSTM [6] + SMOTE 17.4286
LSTM [6] + ADASYN 18.0714
CNN + c_features 21.0714
BiLSTM + c_features 22.3571
CNN + ADASYN 22.5714
BiLSTM 23.2857
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Tabela 6.7: Macro-F1 results for the PT_OFFCOM dataset using
a combination of resampling (ROS or RUS) with

c_features.

ORIG | c_features | ROS + c_features | RUS + c_features
Linear SVM | 0.6333 0.6829 0.6749 0.6644
NB 0.6975 0.7057 0.7046 0.7091
LR 0.6487 0.6883 0.6802 0.6633
RF 0.5761 0.5798 0.5577 0.5832
MLP 0.5990 0.6682 0.6391 0.6480
CNN 0.4458 0.4475 0.4458 0.4458
BiLSTM 0.4458 0.4475 0.4458 0.4458




CAPITULO /

Conclusions and Future Work

Hate speech is characterized by a discriminating and offensive form of commu-
nication that, with the advent of social networks, has been widely disseminated through
the Internet. Due to the massive amount of information generated on the Internet, it is
impossible for the detection of such speech to be done manually, so it is necessary to use
computational techniques for this, more specifically the use of Machine Learning and text
classification algorithms.

In this work we performed a thorough and rigorous comparative study of tradi-
tional classification methods and diverse neural network methods, including two recent
transformer architectures, for the problem of hate speech detection. More specifically, we
compared eleven classification methods where seven of them were based on the Vector
Space Model (VSM) (SVM, NB, LR, RF, MLP, CNN and BiLSTM), two Deep Learning
methods based on word embeddings (LSTM [6], and BiLSTM [2]) and two transformer
based methods (BERT and RoBERTa). These methods were compared using seven data-
sets, three of them are formed by Portuguese messages and the rest composed by English
text. Our comparative study focused on detecting hate speech using only the text of the
messages. There are other sources of information that are useful for this task, like the
author of the message, people who liked the message, etc., but our intent was to evaluate
the methods’ performance in the more difficult situation where only the text is availa-
ble. Our study is rigorous in the sense of using appropriate experimentation, including
cross-validation, suitable evaluation measure! and statistical test.

By means of our first research question (RQ1) we investigated how effective are
the eleven methods over the seven datasets. Our results show that BERT, a transformer
based architecture is the great winner, followed by LR, SVM, RoBERTa and RF. Although
BERT is the best method, it is not as stable as LR and SVM in the sense that its rank
positions in individual datasets present variation greater than that for LR and SVM. The

instability of ROBERTa, the other transformer, is even greater.

'We used the Macro-F1 measure which is appropriate when the datasets present the class imbalance
problem, which usually is the case for hate speech datasets.
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Class imbalance occurs in all the datasets analyzed and we showed that it affects
the classification of hate speech and non-hate speech text. Thus, we investigated if resam-
pling techniques (when answering RQ2) and an adaptation of the c_features expansion
technique (when answering RQ3) could enhance the classification methods. With a set
of extensive experiments comparing classifiers trained with the original dataset with clas-
sifiers trained on resampled data, we found that sophisticated oversampling techniques
did not help most of the classification methods. However, Random Oversampling (ROS)
a simple oversampling technique not only enhanced many VSM based methods, but to
our surprise, it also enhanced the transformer methods. Specially, BERT alone figures as
the worst method in the PT_OFFCOMM dataset, but when used with ROS it becomes
the best method in that dataset. Besides, ROS does not harm BERT with statistical signi-
ficance in any of the other datasets. Also, we found that our proposed adaptation to the
c_features expansion technique was able to enhance all the classification methods based
on the VSM.

Finally, we compared the best classifiers for all methods, i.e., those winning the
pairwise comparison between the classifier trained over the original data versus one using
the same method but trained on a resampled or expanded (with c_features) version of the
data (RQ4). We found that that if we consider the mean rank position of the classifiers
in the datasets, the one generated by SVM with c_features is the best classifier, followed
by BERT using ROS, LR with c_features and RoBERTa with ROS. BERT and RoBERTa
figure as the top method for some datasets, but even using ROS they are not so stable
as SVM and LR and for some datasets as their rank positions are far from the top.
Also, when considering the cost-effectiveness trade-off (RQ6), we found that the LR with
c_features is the best one. The training time of LR is the least affected by the use of ROS
or c_features and it is above the median line in terms of effectiveness for all datasets.
BERT and RoBERTa are too time consuming. SVM training time is much affected by
both types of preprocessing: ROS or c_features. In some cases its training time is superior
to that of the transformers.

In future work, we intend to further explore some results we obtained in this
work. For instance, sample duplication provided by ROS proved to be better than creating
artificial documents, however its random sampling may select some “easy to classify”
documents to duplicate instead of choosing more interesting documents. Thus we intend
to investigate if we can make better choices (than random choice) for documents to be
duplicated. This investigation may be useful not only to enhance oversampling but also to
enhance the undersampling generated by RUS which is also random.

Since different classification methods combined with different data preproces-
sing (ROS and c_features) generated the four best classifiers for the seven datasets used,

we think that there are many opportunities to explore the use of classifier ensembles for
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hate speech detection. The first and obvious one is to investigate if an ensemble (stac-
king) with LR + c_features, BERT + ROS, SVM + c_features and RoBERTa + ROS
could perform better than each component classifier individually. Another possibility is
to try explore the combination of ROS with an ensemble of methods which were benefi-
ted by ROS. One suggestion is to apply a classification method m to k different training
sets generated by k application of ROS over the original training set and obtain k distinct

classifiers. These k classifiers are then combined by means of an ensemble.
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Appendix

APENDICE A

A.1 Macro-F1 values for c_features
Tabela A.1: Macro-F I for the c_features method on the Portuguese
datasets.
PT_OFFCOM PT_HS PT_RACISM
ORIG | c_features | ORIG | c_features | ORIG | c_features

Linear SVM | 0.6333 0.6829 0.6709 0.6884 0.7396 0.7763

NB 0.6975 0.7057 0.6631 0.6615 0.6868 0.7387

LR 0.6487 0.6883 0.6775 0.6855 0.7337 0.7704

RF 0.5761 0.5798 0.6762 0.6784 0.7859 0.7738

MLP 0.5990 0.6682 0.6448 0.6651 0.7092 0.7360

CNN 0.4458 0.4458 0.4064 0.6275 0.4685 0.5112

BiLSTM 0.4458 0.4458 0.4064 0.3854 0.4532 0.4537

Tabela A.2: Macro-F1 for the c_features method on the English
datasets.
EN_HS_ 3 EN_HS_Z EN_GIBERT EN_GOLBECK
ORIG | c_features | ORIG | c_features | ORIG | c_features | ORIG | c_features

Linear SVM | 0.9043 0.9086 0.8274 0.8248 0.6723 0.6741 0.5890 0.6167
NB 0.8912 0.8931 0.7638 0.7797 0.6786 0.6389 0.5819 0.5906
LR 0.8989 0.9058 0.8168 0.8206 0.6721 0.6811 0.5926 0.6028
RF 0.9076 0.9085 0.8210 0.8267 0.5588 0.5988 0.5920 0.5956
MLP 0.8881 0.8792 0.7899 0.7953 0.5474 0.6046 0.5798 0.5959
CNN 0.4266 0.4366 0.458 0.4607 0.47 0.4773 0.4255 0.4713
BiLSTM 0.4267 0.4544 0.458 0.4744 0.47 0.5426 0.4252 0.4285

A.2 Macro-F1 values for Random Undersampling
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Tabela A.3: Macro-F1 results for all datasets using an undersam-
pling strategy.

PT_OFFCOM PT_HS PT_RACISM EN_HS_3 EN_HS _Z EN_GIBERT | EN_GOLBECK

ORIG | RUS | ORIG | RUS | ORIG | RUS | ORIG | RUS | ORIG | RUS | ORIG | RUS | ORIG | RUS

Linear SVM | 0.6333 | 0.5466 | 0.6709 | 0.6838 | 0.7396 | 0.7515 | 0.9043 | 0.8984 | 0.8274 | 0.8021 | 0.6723 | 0.6355 | 0.5890 | 0.5791
NB 0.6975 | 0.6266 | 0.6631 | 0.6137 | 0.6868 | 0.6432 | 0.8912 | 0.8178 | 0.7638 | 0.6981 | 0.6786 | 0.5176 | 0.5819 | 0.5435

LR 0.6487 | 0.5598 | 0.6775 | 0.6816 | 0.7337 | 0.7512 | 0.8989 | 0.8903 | 0.8168 | 0.8037 | 0.6721 | 0.6361 | 0.5926 | 05733

RF 0.5761 | 0.4552 | 0.6762 | 0.6944 | 0.7859 | 0.7464 | 09076 | 0.8976 | 0.821 | 0.8078 | 0.5588 | 0.5471 | 0.5920 | 0.595
MLP | 05990 | 05575 | 0.6448 | 0.6465 | 0.7092 | 0.7257 | 0.8881 | 0.8864 | 0.7899 | 0.7759 | 0.5474 | 0.6016 | 0.5798 | 0578
CNN | 0.4458 | 0.4458 | 0.4064 | 0.4071 | 0.4685 | 0.4532 | 0.4266 | 0.4267 | 0.458 | 0.458 | 047 | 0.4698 | 04255 | 0.4252
BILSTM | 0.4458 | 0.4458 | 0.4064 | 0.4064 | 0.4532 | 0.4532 | 0.4267 | 0.4267 | 0458 | 0458 | 047 | 0.4666 | 0.4252 | 0.4252
LSTM[5] | 0.6445 | 0.609 | 0.6091 | 0.6332 | 0.6813 | 0.6931 | 0.7153 | 0.882 | 0.6319 | 0.7016 | 0.5636 | 0.6108 | 0.5627 | 05525
BIiLSTM [5] | 0.6188 | 0.6222 | 0.6389 | 0.6391 | 0.6988 | 0.7026 | 0.8857 | 0.8811 | 0.7095 | 0.7038 | 0.6224 | 0.6252 | 0.5623 | 0.543
BERT 047 | 045 | 072 | 041 | 07920 | 045 | 092 | 043 | 08401 | 046 | 0712 | 047 | 043 | 043
RoBERTa | 0484 | 0.548 | 0.698 | 0692 | 0501 | 0552 | 0916 | 0874 | 0.776 | 0.798 | 0.766 | 0.714 | 063 | 0522
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