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Instagram is a free photo-sharing platform where each user has a profile and can upload photos for followers to
view, like, and comment. Abusive comments on images can be humiliating and harmful to those who share
photos. Developing a comment filter in languages other than English is difficult and time-consuming. This paper
proposes a dataset called Abusive Turkish Comments (ATC) to detect abusive Instagram comments in Turkish. It
is composed of a large number of Instagram comments posted to tabloid and sports accounts (i.e., 10,528 abusive
and 19,826 not-abusive). It is the first public dataset dedicated to detecting abusive Turkish messages, as far as
we know. The sentiment annotation has been done in sentence-level by assigning polarity to each comment. The
performance of the abusive message detection models was evaluated using several performance metrics: Con
volutional Neural Network (CNN), five well-known classifiers (i.e., Naive Bayes, Support Vector Machine, De
cision Tree, Random Forest, and Logistic Regression), and two reweighted classifiers (i.e., Adaptive Boosting
(AdaBoost), eXtreme Gradient Boosting (XGBoost)) were compared in terms of F1-score, precision, and recall.
The results showed that the best performance (i.e., Micro-averaged F1-score: 0.974, Macro-averaged F1-score:
0.973, Kappa-value: 0.946) was yielded by the CNN model on the oversampled ATC dataset. The abusive
message detection model proposed in this study can contribute to the development of Turkish comment filters on
Instagram. Different model combinations are considered to select the best model that gives better recognition
accuracy.

1. Introduction
The use of social media has increased with the increase in mobile
devices. According to 2019 statistics, there are 59.36 million Internet
users that constitute 72% of the population in Turkey. Turkey is in the
top five in the world in the use of social media. A large proportion of
Internet users (52 million) also use an active part in social media (Sta
tista, 2020).
Instagram, a free photo (and video) capturing and sharing service,
has quickly emerged as a new medium in the spotlight in recent years. It
provides users with an instantaneous way to capture and share their life
moments with friends through a series of (filter manipulated) pictures
and videos. Since its launch in October 2010, it has attracted more than
1 billion active users, and more than 40 billion photos shared so far (Hu,
Manikonda, & Kambhampati, 2014; Instagram, 2020). There were
38,870,000 Instagram users in Turkey in March 2020, which accounted
for 46.74% of its entire population. Turkey is ranked 6th in the world in

the use of Instagram (Statista, 2020).
Comments on social media are not always positive for users; there is
also potential to harm (Tang & Dalzell, 2019). Abusive messages in
social media such as indiscriminate slang, abusive language, and pro
fanity should not be seen as just a message. They are a severe and
ruthless tool that opens up to cyber violence (Lee, Lee, Park, & Han,
2018). For years, social media companies such as Twitter, Facebook, and
YouTube have been combating this issue. It has been estimated that
hundreds of millions of euros are invested every year in countermeasures, including human resources (Zhang, Robinson, & Tepper,
2018a). Kowalski, Giumetti, Schroeder, and Lattanner (2014) reported
that there are some connections between failures, absenteeism, and
drop-out behaviours of students who have been cyber-bullied. Cyber
bullying has potentially devastating psychological effects such as
depression, low self-esteem, suicide ideation, and even suicide (Van
Royen, Poels, Daelemans, & Vandebosch, 2015). One out of every five
people is exposed to cyberbullying in Turkey, and it is the same as the
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world average. The most commonly used methods for cyberbullying are
sending messages and posting comments (BBC, 2020). It is crucial to
detect and prevent these risks by anticipating them as much as possible.
Abusive expressions in Turkish are used to express the most sub
stantial feelings of people, such as anger, passion, fear, and are the words
that have the highest capacity to cause emotional pain and provoke
violent conflict. They are generally related to sexuality, sexual orienta
tion, and defecation. The effect of the abused word is related to how
taboo it is for the person being abused. Although its use is seen as an
undesired form of communication, it is frequently used, especially in
social media.
Recent years have seen an increasing number of research on abusive
speech detection and other related areas such as “offensive”, ”profane”,
”hate speech”, and ”cyberbullying”. Manual analysis of abusive speech
on social networks is challenging and time-consuming. Sentiment
analysis extracts the users’ thoughts, feelings, and desires from the
comments on social media and distinguishes their polarity (Cambria,
2016; Hemmatian & Sohrabi, 2019). Sentiment-Based Text Categoriza
tion (SBTC) builds a model using the pre-tagged dataset and attempts to
assign unlabeled data to the correct category. Text categorization based
on sentiment analysis helps us to classify cyberbullying as positive and
negative by looking at the SBTC labels (Sebastiani, 2002).
There have been many studies on sentiment analysis focus on
extracting information from the subjective corpus like social media
comments by using Machine Learning (ML) techniques (Al-garadi,
Varathan, & Ravana, 2016; Balakrishnan, Khan, & Arabnia, 2020;
Briliani, Irawan, & Setianingsih, 2019; Burnap & Williams, 2015;
Chatzakou et al., 2019; Hosseinmardi et al., 2015; Ibrohim & Budi,
2018; Lee et al., 2018; Naf’an, Bimantara, Larasati, Risondang, &
Nugraha, 2019; Pratiwi, Budi, & Alfina, 2018). Although the ML-based
techniques have been widely used and have shown quite successful
performance, they strongly depend on manually-defined features, where
the feature definition requires much effort from domain experts. For this
reason, deep learning techniques have been drawing attention recently,
as they may reduce the effort for the feature definition and achieve
relatively high performance (Kim & Jeong, 2019).
The deep learning model consists of a more significant number of
hidden layers and neurons to represent the data with different abstrac
tions. It works efficiently and effectively with large datasets. Deep and
Convolutional Neural Networks (CNN) with many hidden layers are
examples of this (Alayba, Palade, England, & Iqbal, 2017). CNN has been
recently used to classify sentiments in social media comments (Ayata,
Saraclar, & Özgür, 2017; Kim & Jeong, 2019; Mozafari, Farahbakhsh, &
Crespi, 2020; Park & Fung, 2017; Shushkevich & Cardiff, 2019; Zhang &
Luo, 2019; Zhang, Robinson, & Tepper, 2018b).
In this study, a dataset called ATC (Abusive Turkish Comments),
which consists of 10,528 abusive and 19,826 not-abusive Instagram
comments in Turkish, is presented (Karayiğit, Acı, & Akdağlı, 2020). The
dataset has been balanced using the oversampling method, and the two
forms of the dataset (i.e., oversampled ATC and the original ATC) have
evaluated by an ANN-based classifier (i.e., CNN), five well-known MLbased classifiers (i.e., Naive Bayes (NB), Support Vector Machine (SVM),
Decision Tree (DT), Random Forest (RF) and Logistic Regression (LR)),
and two reweighted classifiers (i.e., Adaptive Boosting (AdaBoost),
eXtreme Gradient Boosting (XGBoost)) to detect abusive comments in
Turkish. Bag of Words (BoW), bi-gram, and tri-gram feature selection
methods were used in the feature selection phase. Word2Vec (i.e.,
Continuous Bag of Words (CBoW) and Skip-Gram) and Bidirectional
Encoder Representations from Transformers (BERT) were utilized for
embeddings. Since Turkish is an agglutinative language, sub-word
embedding is as important as word embedding for sentiment analysis.
Byte Pair Encoding (BPE) was performed to build a sub-word dictionary.
CBoW and Skip-Gram were used for word-level embeddings, BPE was
used for sub-word level embedding, and BERT was used for sentencelevel embedding. Besides, the pre-processing phase was evaluated
with and without data cleaning to analyze the effects of hashtags and

punctuation marks on the sentiment. The algorithms mentioned above
were applied separately to the ATC dataset in different combinations,
and the performance metrics were compared in order to find the best
prediction model.
This paper’s contributions can be summarized as follows: (1) We
introduce a new dataset that makes possible the detection of abusive
comments in Turkish. To the best of our knowledge, no existing work has
been done on abusive Turkish comments on social media platforms. (2)
The vast majority of SBTC studies have been done for Twitter. Although
cyberbullying studies have increased for Instagram recently, the number
of studies using Twitter datasets is relatively higher. However, the
photos and videos shared on Instagram create a suitable environment for
abusive comments than Twitter. (3) The proposed dataset and CNN al
gorithm achieved a good categorization performance in terms of F1score, precision, and recall.
The rest of this paper is organized as follows: In Section 2, previous
works on abusive speech analysis and existing datasets related to hate
and abusive speech are discussed. Section 3 presents the materials and
methods used in the study. Section 4 presents the experimental study
and discusses the results. Finally, conclusions are given in Section 5.
2. Related studies
There are many studies on SBTC, and a variety of approaches have
been developed. English has the highest number of sentiment analysis
studies, while research is more limited for other languages, including
Turkish. This section discusses several papers in the field of SBTC using
either English or other languages.
Cyber-violence fed by negativities (e.g., harmful, offensive, and
aggressive interactions) is different from traditional violence because
humiliating texts or visual materials served on social media can be
accessible to everyone (Heirman & Walrave, 2008). A common form of
cyber-violence is a simple act of commenting on someone’s post using
abusive language (Jones, Mitchell, & Finkelhor, 2013). Hate speech can
be defined as textual sharing on social media to create hate against an
individual or group (Charitidis, Doropoulos, Vologiannidis, Papas
tergiou, & Karakeva, 2020). In recent years, there have been many
studies about hate speech analysis (Charitidis et al., 2020; Mossie &
Wang, 2020; Waseem, Thorne, & Bingel, 2018), harassment detection
(Huang & Raisi, 2018), cyberbullying (Balakrishnan et al., 2020),
aggression detection (Chatzakou et al., 2019), misogyny detection
(Shushkevich & Cardiff, 2019) and offensive language analysis (Burnap
& Williams, 2015).
Abusive language detection is included in the scope of hate speech,
and it has become an important research area for SBTC (Chatzakou et al.,
2017; Chen, McKeever, & Delany, 2017b; Ibrohim & Budi, 2018;
Johnson, 2018; Waseem et al., 2018). Abusive speech targets in
dividuals’ race, ethnicity, national origin, religion, gender, sexual
orientation, disability, or illness (Mossie & Wang, 2020). Abusive speech
contains an element of massive humiliation directly.
Recent researches have been focused on the implementation of SBTC
algorithms to datasets that are obtained from social network sources (i.
e., Facebook, Twitter, Instagram, YouTube) for the detection of hate
speech (Charitidis et al., 2020). The most preferred datasets have con
sisted of tweets in English (Davidson, Warmsley, Macy, & Weber, 2017;
Golbeck et al., 2017; Kwok & Wang, 2013; Waseem, Zeerak & Hovy,
2016). Although most hate speech-related studies are in English, there
are studies in different languages (Charitidis et al., 2020; Mossie &
Wang, 2020; Vigna, Cimino, Dell’orletta, Petrocchi, & Tesconi, 2017;
Wiegand, Siegel, & Ruppenhofer, 2018).
The use of abusive language is considered under the umbrella of hate
speech. This terminology also covers profanity (the use of inappropriate
words). However, many researchers refer to abusive language as the
offensive language (Al-Hassan & Al-Dossari, 2019). The studies con
ducted for detecting offensive/abusive messages can be summarized in
chronological order as follows: Park and Fung (2017) first proposed a
2
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Table 1
Summary of the previous studies on detecting offensive/abusive messages and their best results: precision (P), recall (R), F1-score (F).
Author

Year

Platform

Language

Feature representation

Best
Classifier

P

R

F

Park and Fung (2017)
Chen et al. (2017a)
Pratiwi et al. (2018)
Wiegand, Ruppenhofer et al.
(2018)
Ibrohim and Budi (2018)
Alakrot et al. (2018)
Chakraborty and Seddiqui
(2019)
Briliani et al. (2019)
Omar et al. (2020)

2017
2017
2018
2018

Twitter
YouTube, Myspace, SlashDot
Instagram
Twitter, Wikipedia, UseNet

English
English
Indonesian
English

Hybrid CNN
FastText
FastText
SVM

0.71
–
–
0.82

0.75
0.76
–
0.80

0.73
–
0.68
0.81

2018
2018
2019

Twitter
YouTube
Facebook

Indonesian
Arabic
Bengali

Naive Bayes
SVM
SVM

–
–
0.88
0.80
78% Accuracy

0.86
0.82

2019
2020

Instagram
Facebook, Twitter, Instagram,
YouTube

Indonesian
Arabic

Character and Word2vec
Word embedding
N-gram
Lexical, linguistics, and word
embedding
N-gram
N-gram
Unicode, Bengali words, and
emotions
TF-IDF
Word embedding

KNN
RNN

0.98
0.98

0.98
0.98

two-step approach to detecting abusive language, and then they classi
fied it into specific types and compared it with a one-step approach of
doing one multiclass classification on sexist and racist language. Chen,
McKeever, and Delany (2017a) carried out experiments on abusive text
detection using fundamental neural network techniques. They investi
gated an off-the-shelf neural network-based classifier (FastText). Pratiwi
et al. (2018) used FastText as the classifier to conduct hate speech
detection on Instagram comments for the Indonesian language. Wie
gand, Ruppenhofer†, Schmidt, and Greenberg (2018) were constructed
the lexicon of abusive words automatically. They used both corpora and
lexical resources to detect abusive words on Twitter, Wikipedia, and
UseNet platforms. Ibrohim and Budi (2018) conducted a study to detect
the abusive language in Indonesian social media using ML-based
methods. Alakrot, Murray, and Nikolov (2018) presented a predictive
model for the detection of anti-social behavior in online communication
in Arabic, such as comments which contain obscene or offensive words
and phrases. They collected and labeled a large dataset of YouTube
comments and trained an SVM classifier with combinations of wordlevel features, N-gram features, and a variety of pre-processing tech
niques. Chakraborty and Seddiqui (2019) built an ML-based automatic
system for abusive language detection in the Bengali language. They
have implemented NB, SVM, and CNN to classify the data as a threat and
abusive or not. Briliani et al. (2019) created a system that detects hate
speech or not on the Instagram comment section with the K-Nearest
Neighbor (KNN) classification method in the Indonesian language.
Omar, Mahmoud, and Abd-El-Hafeez (2020) collected datasets from
Facebook, Twitter, Instagram, and YouTube and manually labeled by
three Arabic annotators into two balanced classes: Hate and not hate.
Twelve ML-based algorithms and two deep learning architectures were
used. Recurrent Neural Network (RNN) outperformed other classifiers
with an accuracy of 98.7%. Table 1 summarizes recent studies that deal
with the detection of abusive behaviour on social media platforms.
Considering the social media platform where data is obtained, some
studies have been carried out to detect cyberbullying messages on
Instagram (Bimantara, Larasati, Risondang, Naf’an, & Nugraha, 2019;
Hosseinmardi et al., 2015; Ozel, Sarac, Akdemir, & Aksu, 2017; Priyoko
& Yaqin, 2019). Since the focus of our study is offensive/abusive com
ments, these studies were not included in Table 1.

0.98
0.98

Table 2
The two versions of the ATC dataset.
Dataset

Number of Abusive
Comments

Number of Not-abusive
Comments

Original ATC
Oversampled
ATC

10,258
19,826

19,826
19,826

(Parlar, Özel, & Song, 2019). Turkish is an agglutinative language such
as Finnish and Hungarian, where a single verb in it can be translated into
longer sentences (Çakıcı, Steedman, & Bozşahin, 2018). Therefore,
names and verbs can cause incorrect sentence forms. Turkish words can
also increase rapidly, and this condition can significantly increase the
number of word forms (Eryiğit, Nivre, & Oflazer, 2008). Since Turkish is
an agglutinative language, it is difficult to divide sentences into simpler
parts (subject, verb, object) (El-Kahlout & Akin, 2013).
3.1.2. Abusive Turkish comments (ATC) dataset
The dataset acquisition step is fundamental, and it is the most timeconsuming part of the text categorization process (Omar et al., 2020).
Instagram accounts of a Turkish magazine page (i.e., @2.sayfaofficial),
football teams (i.e., @fenerbahce, @galatasaray), and football players (i.
e., @ardaturan, @1volkandemirel) which contains controversial issues
and opinions were chosen to build the ATC dataset. It is more likely to
find abusive and hateful comments in such accounts. According to the
Turkish slang dictionary (TDK, 2020), all samples in the dataset were
manually labeled as abusive or not-abusive. The ATC dataset contains
10,528 abusive and 19,826 not-abusive comments which were posted
between 2017 and 2019 years. Python programming language and an
Application Programming Interface (API) were coded to collect the text
data from Instagram. The ATC dataset is publicly available (Karayiğit
et al., 2020) for researchers’ non-commercial use.
As can be seen from the number of abusive and not-abusive com
ments, the ATC dataset is imbalanced. The distribution of documents in
classes is highly variable; one class may contain a few terms, while the
other class may have a large number of terms in imbalanced datasets
(Agnihotri, Verma, & Tripathi, 2017). When an imbalance class exists in
a dataset, classification algorithms such as DT and SVM mainly consider
the majority class. The classifiers usually treat labels in the minority
class as mislabeled (Le, Hoang Son, Vo, Lee, & Baik, 2018). Therefore,
balancing techniques such as undersampling and oversampling are used
to solve the problem. The undersampling technique balances the data by
reducing the number of the majority class. Contrary to undersampling, a
sufficient number of random samples is added to minority data by
oversampling (Gazzah & Amara, 2008). Since the ATC dataset is not
large, it is more reasonable to use the oversampling method rather than
undersampling (Table 2).

3. Materials and methods
In this section, we present the details of the ATC dataset and the
algorithms utilized for abusive comment detection.
3.1. Materials
3.1.1. Turkish language structure
Turkish belongs to the Altaic sub-group of the Ural-Altaic group of
languages (Kılınc et al., 2016). The Turkish language, which uses the
Latin alphabet, consists of twenty-one consonants and eight vowels
3
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Fig. 1. The overall design of the abusive content detection system.

cross-validation, the original sample is randomly partitioned into ten
equal size subsamples. Of the ten subsamples, a single subsample is
retained as the validation data for testing the model, and the remaining
nine subsamples are used as training data. The cross-validation process
is then repeated ten times (the folds), with each of the ten subsamples
used exactly once as the validation data. The ten results from the folds
can then be averaged (or otherwise combined) to produce a single
estimation. This method’s advantage is that all observations are used for
both training and validation, and each observation is used for validation
exactly once.
Table 3 shows an overview of the algorithms used in the categori
zation phase. Experiments have been conducted with different combi
nations of these algorithms to find out the best categorization model.

Table 3
The algorithms used in the experiments.
Dataset

Feature
Extraction &
Embedding

Classifiers

Training
Set (90%)

Test Set
(10%)

Original ATC

BoW + TF-IDF
bi-gram + TFIDF
tri-gram + TFIDF
BPE
CBoW
Skip Gram
BERT

CNN, NB, SVM,
DT, RF, LR,
Adaboost
XGBoost

27,076
comments
35,687
comments

3,008
comments
3,965
comments

Oversampled
ATC

3.2.1. Pre-Processing
The pre-processing step eliminates unnecessary data and converts it
to a structure that allows statistical steps to be performed (Omar & AlTashi, 2018). Well-known pre-processing steps used in this study are
given as follows:

3.2. Methods
The purpose of this study is to create an SBTC system that detects
abusive texts. The best abusive comment detection model was chosen
between different feature extraction, embedding, and text categoriza
tion methods. This section gives general information about the algo
rithms used in the study. Since all of the algorithms are well-known
techniques, they are briefly explained, and theoretical details are given
in references. The overall model design is presented in Fig. 1.
The abusive comment detection system has several data processing
steps: labeling, pre-processing, feature selection, and categorization.
First, Instagram data was obtained, and the ATC dataset was built. After
that, the dataset was manually labeled into two classes (i.e., abusive,
not-abusive), and the oversampling was carried out to create one more
dataset. BPE, Word2Vec, and BERT embedding models were used as
representations of comments. BoW, bi-gram, and tri-gram feature se
lection methods were utilized with Term Frequency-Inverse Document
Frequency (TF-IDF) for categorization using ML-based classifiers.
The ATC dataset was tested using 10-fold cross-validation. In 10-fold

• Data cleaning: URLs, hashtags, numeric characters, and punctuation
marks are generally considered non-crucial for natural language
processing applications. However, simply removing hashtags and
punctuation, etc., might not be the best way to clean the textual data.
The hashtags generally contain rich semantic information that could
be important for abusive comment detection, and punctuation marks
can be alternative emojis to express the users’ options. Therefore, the
pre-processing phase has been conducted with/without the data
cleaning step to monitor its effects on the results.
• Tokenization: Comments in the ATC dataset were tokenized based
on whitespaces and punctuation marks.
• Stop-word removal: Stop words (i.e., formatting tags, digits, prep
ositions, pronouns, conjunction, and auxiliary verbs) were removed
from the ATC dataset.
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• Normalization: All texts were converted to lowercase.

common symbols within a word, such as consecutive characters of
arbitrary length. Starting from symbols of length 1, BPE iteratively
merges the most frequent consecutive symbols to produce new longer
symbols. Note that for efficiency, pairs crossing word boundaries are not
considered. In the end, we can use such symbols as sub-words to segment
words (Zhang, Lipton, Li, & Smola, 2020).
BPE brings the perfect balance between character- and word-level
hybrid representations, which makes it capable of managing large
corpora. This behavior also encodes any rare words in the vocabulary
with appropriate sub-word tokens without introducing any “unknown”
tokens.
BERT (Devlin, Chang, Lee, & Toutanova, 2018) is a new language
representation model, which uses a Bidirectional Transformer Network
to pre-train a language model on a large corpus, and fine-tunes the pretrained model on other tasks. The task-specific BERT design can repre
sent either a single sentence or a pair of sentences as a consecutive array
of tokens. Its input representation is constructed by summing its corre
sponding token, segment, and position embeddings for a given token.
BERT is designed as a deeply bidirectional model. The network effec
tively captures information from both the right and left context of a
token from the first layer itself and all the way through to the last layer.
For a classification task, the first word of the sequence is identified with
a unique token, and a fully-connected layer is connected at the position
of the last encoder layer. Finally, a softmax layer completes the sentence
or sentence-pair classification (Gao, Feng, Song, & Wu, 2019).

3.2.2. Feature selection and weighting
Feature selection is a method that removes the irrelevant features
from datasets before using classifiers if they are not related to the
wanted result (Sebastiani, 2002). BoW and n-gram are the most
commonly used and traditional feature selection methods.
• The BoW approach simply considers all text as an unordered set of
word features, with each separate word becoming a single feature (H.
Chen et al., 2017b).
• N-gram models are among the most used feature selection techniques
in automatic abusive speech detection and related tasks (i.e., hateful,
aggression, toxic, racism, sexism). The N-gram models predict the
existence of n-1 words before the word is analyzed (Mossie & Wang,
2020). In this study, we have implemented the word-based n-gram
models where the length of n varies from 2 to 3.
• TF-IDF is a popular method that is used to calculate the weight of
terms (Wang, Wang, & Zhang, 2010). The IDF weighting scheme
indicates the importance of a term in a text and selects the best terms
with the highest weight (Al-Radaideh & Al-Abrat, 2019). In this
study, various combinations of feature selection methods with TFIDF weighting were evaluated to figure out how lexical features
would affect accuracy.
3.2.3. Word2Vec, BPE and BERT
Word embeddings represent words in a vector space, where the po
sition is based on how they are used in combination with other words.
Each word w is represented as a word vector, and distances between
these vectors encode relationships between words. Trained models can
be either context-free or contextual. In the context-free (or contextindependent) models, each word has a single unique vector that does
not vary with the other words found around it in a document
(Babaeianjelodar, Lorenz, Gordon, Matthews, & Freitag, 2020).
Word2Vec, a word embedding system developed by Mikolov,
Sutskever, Chen, Corrado, and Dean (2013), is a shallow neural network
with one hidden layer which takes text from the input layer and pro
duces vector representations of the words as output. There are two
Word2Vec models: Skip-Gram and the CBoW. In the CBoW model, the
distributed representations of context (or surrounding words) are com
bined to predict the word in the middle. While in the Skip-Gram model,
the distributed representation of the input word is used to predict the
context. They are trained self-supervised on sequences of tokens with a
loss function that is based on the categorical cross-entropy of an
approximation to the softmax function (Chamberlain, Rossi, Shiebler,
Sedhain, & Bronstein, 2020).
In word embedding models, words are mapped or “embedded” into
low-dimensional real-valued vectors. Such mapping is based, implicitly
or explicitly, on word co-occurrence statistics (Levy & Goldberg, 2014).
Naturally, frequent words provide a better representation of their
distributional properties; thus, the quality of word embeddings is in
direct relation to the frequency of words (Drozd, Gladkova, & Matsuoka,
2015). However, even in large corpora, most words occur very few
times. Most of the in-vocabulary words (for a given task/corpora) have
to be discarded or embedded into low-quality vectors. Therefore, wordlevel models suffer from data sparsity. Another issue with word-level
models is that they do not make use of morphological information.
Different forms of the same word are treated as completely unrelated
entities (Li, Drozd, Liu, & Du, 2018).
Sub-word level information is crucial for capturing morphology and
improving compositional representations for out-of-vocabulary entries
(Li et al., 2018). BPE (Sennrich, Haddow, & Birch, 2016) is a variablelength encoding that views the text as a sequence of symbols and iter
atively merges the most frequent symbol pair into a new symbol
(Heinzerling & Strube, 2018).
BPE performs a statistical analysis of the training dataset to discover

3.2.4. Text categorization algorithms
Text categorization is the process of assigning a given text to one or
more categories. This process is considered a supervised classification
technique since pre-classified documents are provided as a training set.
The goal of text categorization is to assign a category to a new document
(Fatima & Srinivasu, 2017). Brief information about the text categori
zation algorithms used in the study are given below:
Deep learning put forward by Hinton et al. in 2006 was a class of
unsupervised learning (Hinton & Salakhutdinov, 2006). Its concept
comes from the studies of Artificial Neural Networks (ANN). A multilayer perceptron with multiple implicit strata is a deep learning struc
ture. By combining lower level features to form more abstract, higherlevel representing property classifications or features, deep learning
covers distributed feature representation of data (Wang & Raj, 2017).
Deep learning technology is applied in common NLP (natural lan
guage processing) tasks, such as semantic parsing (Yih, He, & Meek,
2014), information retrieval (Shen, He, Gao, Deng, & Mesnil, 2014),
sentimental analysis (Severyn & Moschitti, 2015), text categorization
(Liu, Qiu, Chen, Wu, & Huang, 2015), summarization (Marujo et al.,
2016), and text generation (He & Deng, 2017). CNN has been shown as a
powerful deep learning tool in image analytics, especially for feature
extraction with transfer learning. CNN has been adapted to text cate
gorization and showed to be useful for categorization tasks in which we
expect to find strong local clues regarding class membership, such as a
few key sentences or phrases. Convolution layers involve onedimensional (1D) convolution with a small size kernel to extract fea
tures and max-pooling to condense or summarize the features extracted
from the convolution. Finally, the fully connected layer takes the fea
tures through activations, fits the training data, and makes predictions
(Wei, Qin, Ye, & Zhao, 2018).
Although the success of the CNNs in categorizing text is known, five
well-known ML-based algorithms (i.e., NB, SVM, DT, RF, and LR) were
employed to compare the categorization performance. Each of those
classifiers is explained briefly in the following paragraphs:
The NB classifier relies on conditional probability (Abooraig et al.,
2018), and it has high bias and low variance. NB classifier uses Bayes
theorem, which assumes features that are conditionally independent.
The advantages of the NB algorithm are simplicity, robustness, and
interpretability (Hmeidi et al., 2015). NB is frequently used in SBTC due
to its simplicity and computational capabilities (Bay & Çelebi, 2016).
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The SVM classifier is used to categorize linear and non-linear data
(Abooraig et al., 2018), and it is a perfect classifier to extract abusive
expressions. SVM creates an n-dimensional hyper-plane that divides the
dataset into two classes (Han, Kamber, & Pei, 2011). The advantages of
the SVM classifier are robustness against noise, low risk of overfitting,
and solving complex classification problems due to its kernel functions
(Fatima & Pasha, 2017). It is used frequently in large textual datasets.
Key disadvantages are the requirement to formulate the problem as a 2class classification, longer training time, and being a black box model
making it hard to evaluate (Renjith, Sreekumar, & Jathavedan, 2020).
The DT algorithm uses a top-down approach with if-then conditional
expressions (Bay & Çelebi, 2016). Leaf nodes in its structure indicate the
class with the highest number of training examples to find this node
(Demirsoz & Ozcan, 2017). The advantages of the DT are simplicity,
interpretability, and the ability to handle features (Hmeidi et al., 2015).
The RF algorithm creates different DTs, and final choices are taken
by evaluating the individual trees (Mahmood et al., 2020). RF can show
a high classification performance even in large data (Kilinç et al., 2017).
If there are enough trees in the RF algorithm, the likelihood of an over
adaptation problem is reduced in categorization.
LR is an algorithm that is commonly used for hateful based text
categorization problems. The advantage of LR is that it interprets the
text categories learned from the training set more easily than other
classifiers. The disadvantage of LR is that it needs more data than
different classifiers for more classification results (Segura-Bedmar,
Colón-Ruíz, Tejedor-Alonso, & Moro-Moro, 2018).
Boosting is a meta-learning technique designed to improve the clas
sification performance of imbalanced datasets. In recent years, signifi
cant efforts have been devoted to improving the performance of
traditional classifiers on imbalanced datasets, largely following two
trajectories: the data level and the algorithmic level. By directly
manipulating the class distributions (data level), positive samples can be
better represented in the dataset (i.e., oversampling). Different costs can
be assigned to minority and majority classes at the algorithmic level,
effectively updating the objective function. Also, different weights can
be given to minority and majority classes so that minority class instances
take higher importance when determining the class label of a query
point (Seiffert, Khoshgoftaar, Van Hulse, & Napolitano, 2008; Yuan &
Ma, 2012).
AdaBoost (Freund & Schapire, 1996) creates a set of base classifiers
sequentially by adaptively adjusting the weights over instances in the
training set. In AdaBoost, instances that are misclassified by the current
classifier are given higher weights and vice versa. By doing so, classifiers
are forced to concentrate on instances that are not properly identified by
previous classifiers, and diverse base classifiers can be created. In the
ory, the upper bound of the training error of AdaBoost decreases
monotonically as long as the base classifier is a little more accurate than
a random guess. Each base classifier is also weighted when combined to
create the final decision function (Yuan & Ma, 2012).
XGBoost is derived from the gradient boosting decision tree (Fried
man, 2001) and proposed by Chen and Guestrin (2016). Similar to
gradient boosting, XGBoost is combining a weak base classifier into a
stronger classifier. At each iteration of the training process, the residual
of a base classifier is used in the next classifier for optimizing the
objective function. XGBoost provides a parallel tree boosting that solves
many data science problems in a fast and accurate way (Shi et al., 2019).

TP represents the number of abusive comments labeled as abusive while
TN is the number of not-abusive comments labeled as not-abusive. Also,
FP represents the number of abusive comments labeled as not-abusive,
and FN is the number of not-abusive comments labeled as abusive.
Classification accuracy of a classifier on a given dataset refers to the
percentage of test set tuples correctly classified by the classifier. It re
flects how well the classifier recognizes tuples of various classes (Mohan
Patro & Ranjan Patra, 2015). Precision has a significant role in classifier
performance in any statistical analysis. The number of item labeled
classes is divided by the sum of numbers labeled elements of a class,
including both correct and incorrect classifications. The recall is a value
of true classification that comes after dividing the total classification of a
class. Low recall depicts how many known numbers are missing from the
class. F1-score is calculated through precision and recall, and it shows
the accuracy of the sentences (Dwivedi, Aggarwal, Keshari, & Kumar,
2019).
F1-score (Eq. (1)) is expressed as the harmonic mean of precision (Eq.
(2)) and recall (Eq. (3)):

3.2.5. Performance metrics
To evaluate the performance of proposed categorization models, we
have used four evaluation metrics: F1-score (micro and macro aver
aged), Cohen’s kappa coefficient (κ), precision, and recall. Definitions of
performance metrics used in our study are given below:
The confusion matrix provides the basis for evaluating the
performance
of any classifier with the help of its four components, True Positive
(TP), False Negative (FN), False Positive (FP), and True Negative (TN).

4. Results and discussions

Precision =

Recall =

TP
TP + FP

(1)

TP
TP + FN

F1 − score = 2*

(2)

Precision*Recall
Precision + Recall

(3)

Macro-averaged F1 (Eq. (4)) determines the measure for each label
and then calculates the average over the number of labels in the dataset.
Macro averaged F1 =

∑
1
F1 − score(i)
|Classes| i∈Classes

(4)

where Classes refer to the labeled class blocks.
Micro-averaged F1 (Eq. (5)) first determines the summation of TP,
FP, FN, and TN for each label, respectively, and then finds the measures
over these results. This formula is described in Eq. (5):
Micro averaged F1 =

1 ∑
|i|F1 score(i)
D i∈Classes

(5)

where D is the count of samples in the test set and |i| is the cardinality
of class i (Terragni, Fersini, & Messina, 2020).
The macro-averaged F1 metric is more suitable for fair evaluation
than the micro-averaged F1 in imbalanced datasets, as it shows the
different abilities of the classifier in categories with few documents more
effectively (Dogan & Uysal, 2019). If a micro-averaged F1-score is used,
it will be better to get the classification results with a macro-averaged
F1-score. Because the macro-averaged F1-score ensures the arithmetic
average of true positives’ F1 and false negatives’ F1, it also gives the true
classification accuracy value even in imbalanced datasets (Saraç & Özel,
2016).
The κ value uses classifier performances as a benchmark to test the
robustness and usefulness of datasets. It shows the degree of agreement
between the predicted and actual samples for all categories (0, 1). The κ
value approaches + 1 indicates a perfect match between the two
observation results while it approaches − 1 indicates incompatibility
(Kilic, 2015).

The experiments were performed separately on the two versions of
the ATC dataset, and the results were obtained using 10-fold crossvalidation. The results were then averaged across the folds, using suit
able performance measures, to determine the accuracy of the positive
and negative classes’ detection.
All of the classifiers were applied and tested using a Python-based
Scikit-Learn Library (Scikit, 2020). Appropriate parameter values of
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4.1. Experimental results of the ANN-Based model

Table 4
CNN model’s hyperparameters and descriptions.
Parameter

Value

Description

Convolutional
layer
Kernel size

Three 1D convolution layers

Padding

same

Activation
Filters

ReLu and Sigmoid
100,50,50

Pooling

GlobalMaxPooling1D

Dense Layer

The first dense layer has 512
neurons, and the second one
has 1 neuron.
ADAM

Learning features from the
input data.
Specifying the length of the
1D convolution window.
Padding evenly to the left/
right or up/down of the input
Adjusting output values
Extracting the output feature
maps
Downsampling the input
representation by taking the
maximum value over the time
dimension.
Returning the output

Optimizer

2,3,4

Loss
Epochs

binary_crossentropy
30 for the BPE model, 15 for
others

Batch Size

128

CNNs are a specific type of ANNs best known for processing data with
grid-like structure (Abroyan, 2017). CNN models consist of two main
layers: convolutional and fully connected. The convolutional layer in
cludes convolution and pooling operations. Convolution operation rep
resents the extraction of the features of the text depending on the
selected kernel. Pooling operation refers to reducing in the dimensions
of the obtained feature map according to pooling size and selected
methods such as average and maximum pooling (Ornek, Ceylan, &
Ervural, 2019).
Activation functions were used to set the output values. The rectified
linear unit (ReLu) activation function converts the input values (a)
tof(a) = max(0, a). On the other hand, the sigmoid activation function
converts the input value (a) to f(a) = 1/(1 + e − a), which is a value
between 0 and 1.
We have employed a CNN model as an ANN-based classifier for
abusive message detection. We have applied the CNN model on the
original and oversampled ATC dataset by combining different embed
ding methods (i.e., CBoW, SkipGram BPE, and BERT) and pre-processing
steps (i.e., with/without data cleaning).
Table 4 shows the parameters used in the CNN classifier. Table 5
gives the average of 10-fold cross-validation results (i.e., micro/macroaveraged F1-scores and κ values) and training/test durations of the CNN
models. Fig. 2 presents the Precision and Recall results of each fold on
the CNN model combinations.
As shown in Table 4, the CNN model imported from Keras (Keras,
2020) includes three convolutional, one global max pooling, and two
dense layers. The convolutional layers consist of 100, 50, 50 filters
(activation function = ReLu), respectively. The first dense layer consists
of 512 neurons (activation function = ReLu) and the second layer, called
the output layer, includes one neuron (activation function = sigmoid).
We have used Adaptive Moment Estimation (ADAM) as an optimizer. It
is an algorithm for the first-order gradient-based optimization of sto
chastic objective functions and also based on lower-order moments
adaptive estimates (Huang, Cao, & Wang, 2019). We have adopted Bi
nary Cross Entropy as a loss function and set the batch size as 128, the
weight decay as 0.0001, the momentum as 0.9, and the number of
training epochs as 15.
We have employed a Turkish corpus (Wikipedia, 2020) to build the
CBoW and Skip-Gram embeddings. Embedding vector dimension was
selected as 400, and sliding window maximum length was selected as 5.
A pre-trained embedding model (Heinzerling & Strube, 2018) was
adopted for Turkish sub-word embedding (BPEmb_TR, 2020). The pretrained distributed model’s vocabulary size was selected as 25,000,

Optimizer that implements
the ADAM algorithm.
Calculating the gradients
The number of times the
dataset is passed forward and
backward through the CNN
The number of samples that
need to be worked on before
updating internal model
parameters

the classifiers were identified by grid-search. The grid-search is a precise
searching method through a default specified subset of an ML classifier
(Aya, Ormanci Acar, & Tufekci, 2016).
All of the experiments have been carried out on Google’s free Cola
boratory service (Google, 2020) to speed up the model’s training.
Google Colaboratory is a free Jupyter notebook environment that does
not require setup and runs entirely in the cloud. The training time is the
time required to train the categorization model using the specified al
gorithm combination with 90% of the dataset. The test time is the time
required to test the categorization model using the same algorithm
combination with 10% of the dataset.
The pre-processing step was carried out with/without cleaning
punctuation marks, hashtags, stop words (Karayiğit et al., 2020), emojis,
mentions, and web links in order to observe the effects of the data
cleaning phase on the results. An emoji (i.e., Unicode: 1F4A9) has not
removed in both “data cleaning” and “no data cleaning” experiments, as
it is frequently used in abusive expressions.
The following subsections present the technical details and experi
mental results of each abusive comment detection model.
Table 5
Average F1-scores and κ values of the CNN model using 10-fold cross-validation.
Dataset

Algorithm Combination of the
Experiment

Micro-averaged
F1

Macro-averaged
F1

Cohen’s kappa coefficient
(κ)

Avg. Training Time
(sec.)

Original ATC

NDC + CBoW + CNN
NDC + Skip-Gram + CNN
NDC + BPE + CNN
NDC + BERT + CNN
DC + CBoW + CNN
DC + Skip-Gram + CNN
DC + BPE + CNN
DC + BERT + CNN

0.924
0.925
0.913
0.947
0.918
0.923
0.931
0.942

0.914
0.914
0.906
0.942
0.930
0.913
0.924
0.939

0.829
0.829
0.803
0.883
0.834
0.827
0.847
0.878

1552.744
1573.601
2379.531
280.012
1482.808
1462.641
2214.171
228.979

0.769
0.788
2.026
0.039
0.748
0.579
2.038
0.008

Oversampled
ATC

NDC + CBoW + CNN
NDC + Skip-Gram + CNN
NDC + BPE + CNN
NDC + BERT + CNN
DC þ CBoW þ CNN
DC + Skip-Gram + CNN
DC + BPE + CNN
DC + BERT + CNN

0.971
0.970
0.945
0.973
0.974
0.967
0.956
0.970

0.971
0.969
0.945
0.974
0.973
0.968
0.956
0.970

0.941
0.938
0.893
0.940
0.946
0.941
0.913
0.939

2001.791
2051.781
2771.635
411.745
1996.982
2191.014
2805.852
406.056

0.961
1.009
2.586
0.009
1.016
64.905
2.468
0.009

* DC = Data Cleaning; NDC = No Data Cleaning; sec = second; avg = average
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CNN
0.980
0.962
0.853
0.922

0.982
0.972
0.836
0.941

0.915
0.947
0.913
0.913

0.985
0.956
0.911
0.942

0.974
0.969
0.848
0.932

0.968
0.961
0.831
0.944

0.956
0.957
0.930
0.931

0.987
0.953
0.928
0.915

1.0

NDC+CBOW+CNN

NDC+SkipGram+CNN

NDC+BPE+CNN

NDC+BERT+CNN

DC+CBOW+CNN

DC+SkipGram+CNN

DC+BPE+CNN

DC+BERT+CNN

0.8
0.6
0.4
0.2
0.0

Precision-Original ATC

Recall-Original ATC

Precision-Oversampled ATC

Recall-Oversampled ATC

Fig. 2. The average Precision and Recall results of the CNN model combinations using 10-fold cross-validation on the original ATC and the oversampled ATC
(Karayiğit et al., 2020).

and the embedding dimension was selected as 50. A BERT-based Turkish
Sentiment Model (Yıldırım, 2020a) was utilized to apply BERT embed
ding to the CNN model. The model was also used in other Turkish NLP
studies (Demirtas & Pechenizkiy, 2013; Yıldırım, 2020b). The embed
ding dimension was selected as 200, and the maximum sequence length
value was selected as 128.

Table 6
The hyperparameters used in the ML-based classifiers.
Classifier

Parameters

NB
SVM
DT
RF
LR

alpha = 0.1
C = 10.01, LinearSVC() function was used
random state value = 25
Number of decision trees = 50
default values in Scikit-Learn were used

4.2. Experimental results of the ML-Based models
Well-known NLP approaches generally adopt ML-based algorithms

Table 7
Average F1-scores and κ values of the SVM model using 10-fold cross-validation.
Dataset

Algorithm Combination of the
Experiment

Micro-averaged
F1

Macro-averaged
F1

Cohen’s kappa coefficient
(κ)

Avg. Training Time
(sec.)

Avg. Test Time
(sec.)

Original ATC

NDC + BoW + TF-IDF + SVM
NDC + bi-gram + TF-IDF + SVM
NDC + tri-gram + TF-IDF + SVM
DC + BoW + TF-IDF + SVM
DC + bi-gram + TF-IDF + SVM
DC + tri-gram + TF-IDF + SVM

0.932
0.933
0.927
0.932
0.933
0.930

0.923
0.924
0.919
0.923
0.925
0.922

0.847
0.849
0.838
0.846
0.850
0.845

1.577
2.926
5.635
1.710
4.057
6.689

0.041
0.062
0.099
0.048
0.082
0.108

OversampledATC

NDC + BoW + TF-IDF + SVM
NDC + bi-gram + TF-IDF + SVM
NDC + tri-gram + TF-IDF + SVM
DC þ BoW þ TF-IDF þ SVM
DC + bi-gram + TF-IDF + SVM
DC + tri-gram + TF-IDF + SVM

0.972
0.970
0.967
0.973
0.971
0.967

0.972
0.970
0.964
0.973
0.971
0.967

0.945
0.940
0.928
0.945
0.942
0.935

2.286
4.958
7.754
2.310
5.428
8.488

0.057
0.107
0.149
0.061
0.110
0.152

* DC = Data Cleaning; NDC = No Data Cleaning; sec = second; avg = average.
Table 8
Average F1-scores and κ values of the NB model using 10-fold cross-validation.
Dataset

Algorithm Combination of the
Experiment

Micro-averaged
F1

Macro-averaged
F1

Cohen’s kappa coefficient
(κ)

Avg. Training Time
(sec.)

Avg. Test Time
(sec.)

Original ATC

NDC + BoW + TF-IDF + NB
NDC + bi-gram + TF-IDF + NB
NDC + tri-gram + TF-IDF + NB
DC + BoW + TF-IDF + NB
DC + bi-gram + TF-IDF + NB
DC + tri-gram + TF-IDF + NB

0.924
0.921
0.919
0.920
0.920
0.918

0.915
0.911
0.908
0.910
0.910
0.907

0.831
0.823
0.817
0.821
0.819
0.814

0.997
2.566
4.058
0.914
2.301
3.713

0.050
0.089
0.123
0.044
0.075
0.101

OversampledATC

NDC + BoW + TF-IDF + NB
NDC þ bi-gram þ TF-IDF þ NB
NDC + tri-gram + TF-IDF + NB
DC + BoW + TF-IDF + NB
DC + bi-gram + TF-IDF + NB
DC + tri-gram + TF-IDF + NB

0.924
0.933
0.934
0.921
0.927
0.929

0.924
0.933
0.934
0.920
0.927
0.929

0.848
0.866
0.868
0.842
0.855
0.859

1.273
3.111
5.327
1.395
3.393
5.230

0.068
0.152
0.179
0.065
0.118
0.162

* DC = Data Cleaning; NDC = No Data Cleaning; sec = second; avg = average.
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Table 9
Average F1-scores and κ values of the RF model using 10-fold cross-validation.
Dataset

Algorithm Combination of the
Experiment

Micro-averaged
F1

Macro-averaged
F1

Cohen’s kappa coefficient
(κ)

Avg. Training Time
(sec.)

Avg. Test Time
(sec.)

Original ATC

NDC + BoW + TF-IDF + RF
NDC + bi-gram + TF-IDF + RF
NDC + tri-gram + TF-IDF + RF
DC + BoW + TF-IDF + RF
DC + bi-gram + TF-IDF + RF
DC + tri-gram + TF-IDF + RF

0.921
0.914
0.908
0.930
0.922
0.921

0.909
0.901
0.894
0.919
0.914
0.909

0.820
0.803
0.788
0.837
0.828
0.816

29.911
83.731
143.128
34.908
101.555
165.700

0.503
0.689
0.800
0.678
0.881
0.995

OversampledATC

NDC + BoW + TF-IDF + RF
NDC + bi-gram + TF-IDF + RF
NDC + tri-gram + TF-IDF + RF
DC + BoW + TF-IDF + RF
DC þ bi-gram þ TF-IDF þ RF
DC + tri-gram + TF-IDF + RF

0.966
0.967
0.965
0.970
0.970
0.969

0.966
0.964
0.966
0.970
0.971
0.970

0.933
0.933
0.931
0.940
0.939
0.941

42.183
115.373
197.081
43.924
121.880
200.923

0.541
0.760
0.916
0.687
0.909
1.045

* DC = Data Cleaning; NDC = No Data Cleaning; sec = second; avg = average.
Table 10
Average F1-scores and κ values of the LR model using 10-fold cross-validation.
Dataset

Algorithm Combination of the
Experiment

Micro-averaged
F1

Macro-averaged
F1

Cohen’s kappa coefficient
(κ)

Avg. Training Time
(sec.)

Avg. Test Time
(sec.)

Original ATC

NDC + BoW + TF-IDF + LR
NDC + bi-gram + TF-IDF + LR
NDC + tri-gram + TF-IDF + LR
DC + BoW + TF-IDF + LR
DC + bi-gram + TF-IDF + LR
DC + tri-gram + TF-IDF + LR

0.907
0.904
0.901
0.906
0.904
0.903

0.892
0.888
0.886
0.890
0.888
0.886

0.785
0.777
0.772
0.782
0.778
0.774

2.575
6.380
11.026
2.363
6.308
10.474

0.048
0.085
0.116
0.044
0.130
0.098

OversampledATC

NDC + BoW + TF-IDF + LR
NDC + bi-gram + TF-IDF + LR
NDC + tri-gram + TF-IDF + LR
DC þ BoW þ TF-IDF þ LR
DC + bi-gram + TF-IDF + LR
DC + tri-gram + TF-IDF + LR

0.917
0.911
0.904
0.918
0.916
0.916

0.917
0.911
0.904
0.918
0.916
0.916

0.833
0.822
0.807
0.837
0.833
0.831

2.982
7.607
13.215
2.787
6.983
11.233

0.064
0.119
0.168
0.060
0.109
0.147

*DC = Data Cleaning; NDC = No Data Cleaning; sec = second; avg = average.
Table 11
Average F1-scores and κ values of the DT model using 10-fold cross-validation.
Dataset

Algorithm Combination of the
Experiment

Micro-averaged
F1

Macro-averaged
F1

Cohen’s kappa coefficient
(κ)

Avg. Training Time
(sec.)

Avg. Test Time
(sec.)

Original ATC

NDC + BoW + TF-IDF + DT
NDC + bi-gram + TF-IDF + DT
NDC + tri-gram + TF-IDF + DT
DC + BoW + TF-IDF + DT
DC + bi-gram + TF-IDF + DT
DC + tri-gram + TF-IDF + DT

0.904
0.899
0.888
0.914
0.907
0.906

0.893
0.887
0.877
0.904
0.897
0.896

0.713
0.775
0.754
0.810
0.794
0.791

32.926
108.646
201.349
32.383
102.488
181.865

0.088
0.104
0.157
0.058
0.089
0.112

OversampledATC

NDC + BoW + TF-IDF + DT
NDC + bi-gram + TF-IDF + DT
NDC + tri-gram + TF-IDF + DT
DC þ BoW þ TF-IDF þ DT
DC + bi-gram + TF-IDF + DT
DC + tri-gram + TF-IDF + DT

0.949
0.943
0.935
0.957
0.951
0.947

0.949
0.943
0.934
0.957
0.951
0.947

0.898
0.887
0.869
0.913
0.901
0.894

29.937
94.171
174.687
34.623
108.994
189.594

0.079
0.140
0.192
0.073
0.124
0.161

* DC = Data Cleaning; NDC = No Data Cleaning; sec = second; avg = average.

or, more generally based on statistical ML. ML-based algorithms usually
consisted of intelligent modules that can learn from historical data
(Khan, Daud, Nasir, & Amjad, 2016). ML-based categorization models
have been designed and compared with the ANN-based and the
reweighted models in our study.
Table 6 shows the hyperparameters used in the ML-based classifiers.
Tables 7 through 11 give the average F1-scores, κ values, and training/
test durations of the ML-based models using 10-fold cross-validation.
Figs. 3 through 7 depict the Precision and Recall results of each fold
on the ML-based classifiers.
The Alpha value used as additive (Laplace/Lidstone) smoothing
parameter (0 for no smoothing) was selected as 0.1 for the NB classifier.
The C parameter was used for regularization. The strength of the

regularization is inversely proportional to C. The LinearSVC() is a useful
technique in text categorization and improves classification perfor
mance when used with TF-IDF (Zin, Mustapha, Murad, & Sharef, 2018).
The random state value creates and tries the best plan for situations
where the DT becomes different. It was selected as a 25 in the DT clas
sifier. Fifty tree structures were used in the RF classifier. This value is the
number of DTs generated by the RF classifier. It should be noted that
there is not a rule in defining the parameters of ML-based algorithms. In
general, the optimal values are empirically chosen based on the physical
complexity of the problem.
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SVM
0.983

0.878

0.953

0.918

0.982

0.873

0.961

0.930

0.981

0.859

0.964

0.938

0.984

0.945

0.881

0.906

0.958

0.983

0.873

0.927

0.963

0.983

0.862

0.935

1.0
0.8
0.6
0.4
0.2
0.0

NDC+CBoW+TF-IDF+SVM

NDC+bi-gram+TF-IDF+SVM

Precision-Original ATC
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Fig. 3. The average Precision and Recall results of the SVM model combinations using 10-fold cross-validation on the original ATC and the oversampled ATC.
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Fig. 4. The average Precision and Recall results of the NB model combinations using 10-fold cross-validation on the original ATC and the oversampled ATC.
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Fig. 5. The average Precision and Recall results of the RF model combinations using 10-fold cross-validation on the original ATC and the oversampled ATC.

4.3. Experimental results of the reweighted models

resampling). So, AdaBoost and XGBoost algorithms have only been
applied to the original ATC dataset.
Table 12 shows the hyperparameters used in the reweighted classi
fiers. Table 13 explains the performance results of the AdaBoost and
XGBoost algorithms. Figs. 8 and 9 illustrate the Precision and Recall
results of each fold on the reweighted classifiers.

Boosting has been shown to improve classifiers’ performance in
many situations, including when data is imbalanced. When performing
boosting by reweighting, the numerical weights for each example are
passed directly to the base learner. The base learner uses weighting in
formation when forming its hypothesis (Seiffert et al., 2008). AdaBoost
and XGBoost were implemented as reweighted classifiers in our study.
DT was used as a base learner for the boosting process. Since AdaBoost
and XGBoost algorithms already have a boosting process (i.e.,
reweighting), it was not combined with another boosting process (i.e.,

4.4. Performance comparison
The two datasets (the original ATC and the oversampled ATC) were
applied to the CNN model, traditional ML-based models (NB, SVM, DT,
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Fig. 6. The average Precision and Recall results of the LR model combinations using 10-fold cross-validation on the original ATC and the oversampled ATC.
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Fig. 7. The average Precision and Recall results of the DT model combinations using 10-fold cross-validation on the original ATC and the oversampled ATC.

classifiers in terms of F1-score, precision, and recall are presented in the
previous sections.
The last two columns of performance result tables were dedicated to
showing the average training and test durations of each categorization
model for 10-fold cross-validation. Training and test durations for each
fold are given in the detailed experimental results document uploaded to
a Kaggle page (Karayiğit et al., 2020) to keep the paper’s length at a
reasonable level.
Performance comparison of the categorization models are given a
point-to-point manner below:

Table 12
The parameters used in the reweighted classifiers.
Classifier

Parameter

Value

Description

AdaBoost

Algorithm

SAMME.R

Base_estimator
n_estimators

DT
Classifier
3000

Learning_rate

1

SAMME real boosting algorithm
Hastie, Rosset, Zhu, and Zou
(2009).
The base estimator which the
boosted ensemble is built.
The maximum number of
estimators at which boosting is
terminated.
Learning rate shrinks the
contribution of each classifier.

n_estimators

3000

Max_dept
Learning_rate

10
0.1

Subsample

1

Min_child_weight

1

Colsample_bytree

1

XGBoost

• It is evident from the figures and tables that the oversampling
method has yielded better results in all performance metrics for all
feature selection, embedding, and classification algorithms. The
oversampling method has a positive effect on the results.
• For all the algorithms used in our evaluation, satisfactory results
have been obtained. However, the best classification performance
(Micro-averaged F1-score: 0.974, Macro-averaged F1-score: 0.973, κ:
0.946) is obtained from the CNN model on the oversampled ATC. The
other combinations of the CNN model and the SVM model on the
oversampled ATC yielded very similar results. The CNN model is the
best classifier that separates the abusive and not-abusive classes, and
it minimizes misclassification errors. Higher precision and recall
values of the CNN classifier also prove that it can separate positive
(abusive) and negative (not-abusive) comments with a correct rate in
the ATC datasets.
• The SVM classifier has the second-best performance results after
CNN. The effect of the oversampling method has become less pro
nounced than the CNN model in terms of precision. The SVM model

Number of rounds (estimators) for
boosting
Maximum depth of a tree
Shrinkage factor for the corrections
by new trees when added to the
model
Subsample ratio of the training
instance to prevent overfitting
Minimum sum of instance weight
needed in a child.
Subsample ratio of random columns
(features) when constructing each
tree.

RF, and LR), and the reweighted models (i.e., AdaBoost and XGBoost).
The pre-processing step was carried out with/without data cleaning, and
the obtained results were compared. The experimental results of
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Table 13
Average F1-scores and κ values of the AdaBoost and XGBoost models using 10-fold cross-validation.
Dataset

Algorithm combination of the
experiment

Micro-averaged
F1

Macro-averaged
F1

Cohen’s kappa coefficient
(κ)

Avg. training time
(sec.)

Avg. Test time
(sec.)

Original
ATC

NDC þ BoW þ TF-IDF þ AB
NDC + bi-gram + TF-IDF + AB
NDC + tri-gram + TF-IDF + AB
DC þ BoW þ TF-IDF þ AB
DC + bi-gram + TF-IDF + AB
DC + tri-gram + TF-IDF + AB
NDC þ BoW þ TF-IDF þ XB
NDC + bi-gram + TF-IDF + XB
NDC + tri-gram + TF-IDF + XB
DC + BoW + TF-IDF + XB
DC + bi-gram + TF-IDF + XB
DC + tri-gram + TF-IDF + XB

0.919
0.914
0.907
0.919
0.916
0.912
0.923
0.918
0.917
0.921
0.920
0.922

0.909
0.904
0.896
0.909
0.906
0.902
0.911
0.906
0.903
0.910
0.907
0.906

0.818
0.809
0.798
0.819
0.812
0.804
0.823
0.813
0.807
0.821
0.816
0.811

202.654
533.504
930.810
176.067
471.727
794.009
282.081
909.373
1605.153
265.888
807.654
1340.781

2.690
4.123
5.816
2.567
3.728
4.818
0.429
0.478
0.600
0.357
0.433
0.558

*DC = Data Cleaning; NDC = No Data Cleaning; sec = second; avg = average; AB = AdaBoost; XB = XGBoost.
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0.905
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0.845

0.882

0.847

0.901
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1.0
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Fig. 8. The average Precision and Recall results of the AdaBoost model combinations using 10-fold cross-validation on the original ATC.

0.798

0.942

0.802

0.959

0.804

0.966

XGBoost
0.803

0.945

0.805

0.952

0.807

0.964

1.0
0.8
0.6
0.4
0.2
0.0

NDC+BoW+TF-IDF+XGBoost

NDC+bi-gram+TF-IDF+XGBoost

NDC+tri-gram+TF-IDF+XGBoost

Precision-Original ATC

DC+BoW+TF-IDF+XGBoost

DC+bi-gram+TF-IDF+XGBoost

DC+tri-gram+TF-IDF+XGBoost

Recall-Original ATC

Fig. 9. The average Precision and Recall results of the XGBoost model combinations using 10-fold cross-validation on the original ATC.

gives very fast and accurate results when considering the time spent
in training the models.
• The RF classifier has the third-best performance results after SVM. It
produced nearly the same results as the SVM model in some com
binations. The effect of oversampling has become more pronounced
in the RF model than the others.
• While the DT and NB models showed similar performance, it can be
said that the DT model is better than the NB model in most of the
performance metrics. The LR model and the reweighted models (i.e.,
AdaBoost and XGBoost) have shown worse performance than the
other algorithms.

• It is derived from the tables, “data cleaning” and “no data cleaning”
steps do not have a definite advantage over each other. However,
BoW has mostly produced the best performance results in terms of
embedding algorithms.
• κ value can be used to measure the accuracy, sensitivity, robustness
of datasets (Talukder & Ahammed, 2020). According to κ values
achieved, it can be observed that the discriminative precision of the
datasets is quite robust.
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5. Conclusions
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The first aim of this study was to create a dataset to detect abusive
message content. As far as we know, no study surveyed the presence of a
dataset that includes Turkish abusive expressions. The ATC dataset is the
first public dataset that can be used in SBTC studies. Although hate
speech analysis in social networks has been done in many languages, our
study is the first Turkish dataset as far as we know. We have created the
ATC dataset and developed one more version with the oversampling
data balancing method.
The second aim was developing a robust and accurate SBTC model to
detect abusive expressions in the ATC datasets. ANN-based (i.e., CNN),
five different ML-based (i.e., NB, SVM, DT, RF, and LR), and reweightedbased (i.e., AdaBoost and XGBoost) classifiers were used to classify
abusive Turkish comments on Instagram. When we consider the classi
fication results, it can be said that the proposed SBTC models generally
performed well.
To summarize, this study addresses Turkish abusive comment anal
ysis in social media using well-known classification and feature selection
methods. Future work can be performed in developing more SBTC
models using different sentiments (i.e., hate, racism, sexism, and
aggression) on the ATC dataset.
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