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Abstract

The ability to understand English text snippets con-
tent is an essential component of human-like artificial in-
telligence, as English text snippets content greatly influ-
ence human cognition, decision making, and social inter-
actions. In addition to intention recognition in diffusion
of harmful content on online web, the task of identify-
ing the potential hate and offensive categories behind an
individual’s text state in English text snippets is of great
importance in many application scenarios. The main con-
tent of our research is content classification and labeling
from English text snippets of hate and offensive language
in various social media comments content, which aims at
assign a content classification label to English text snip-
pets taken from social media content. Each snippet con-
tains 1-3 sentences and corresponds to one of the prede-
fined categories based on the English text comments. Our
main task is Subtask 1 divided into two hierarchical sub-
tasks on the English HASOC2021 dataset. Subtask 1A:
Identifying hate, offensive and profane content from the
post; and Subtask 1B: Discrimination between hate, pro-
fane and offensive posts; We used various machine learn-
ing (ML) and deep learning (DL) techniques and their re-
sults were compared. Subsequently, the pre-trained lan-
guage model DistiIBERT was used to identify hate, of-
fensive and profane content in the posts. This is done in
order to understand which prediction model framework is
the most effective when predicting hate and offensive cat-
egories. We obtained the best prediction model through
the layer-by-layer classification method in the Macro F1
scores of Subtask 1A and Subtask 1B were 76.00% and
58.80% respectively. The project code is available from
https://github.com/WangKongQiang/DHOW.

Index Terms— Text Content Analysis, Text Classification,
Machine Learning (ML), LSTM, DistilBERT, TF-IDF.

1 Introduction

Understanding English text snippets content is crucial to
achieve human-like artificial intelligence, as English social
media text snippets are intrinsic to humans life and signif-
icantly influence our cognition, decision-making, and social

interactions [1]. Various social media comments are an im-
portant form of human communication and contains a large
amount of information. Furthermore, given that comments in
theirs natural form are textual modality, many studies [2] have
explored textual modality intention recognition in English text
snippets content using language modalities.

There are increasing harmful comments in the news me-
dia, social media, and other web sources [3]. The harmful
content on the internet should be classified into different cat-
egories based on their language characteristics. Much recent
research [4] has focused on fake news and hate speech. Fake
news is further classified as misinformation, disinformation,
and malformation. In recent years, much research [5] has been
done for fake news detection and debunking of fake news. In
the last two decades, there has been a tremendous increase in
the spread of misinformation, which is also reflected by the
number of fact-checking websites [6]. Fact-checking websites
can help investigate claims and assist citizens in determin-
ing whether the information used in an article is true. More
than 100 fact-checking websites are working in 40+ languages
across 100+ countries [7]. The problem of fake news is mul-
tilingual, with multiple platforms like X (previously Twitter),
Facebook, YouTube, and encrypted platforms like WhatsApp.
However, many of these fake news contain elements of hatred
and offense. Hate Speech can be defined as text that expresses
prejudice against a person from a group or a particular group,
primarily based on race, religion, or sexual orientation. The
message should be about a specific group based on race, re-
ligion, gender, class, ethnicity, sexual orientation, nationality,
physical appearance, disability, or disease [8]. The research on
identifying hate and offensive content can also be transferred
and applied to the study of identifying fake news.

Hate speech can ultimately also lead to violent hate crimes
[9]. Consequently, studies of detection and moderation hate
and offending content are necessary to maintain a rational dis-
course that allows an exchange of arguments. Reduced ef-
forts in content moderation can lead to the proliferation of hate
speech, as the case of Twitter has shown recently [10]. One
of the most effective strategies for tackling this problem is to
use computational methods to detect different harmful content,
and another is to identify the topic of hate speech. This topic
has attracted significant attention in recent years as evidenced
in recent publications, e.g. the research by Li et al. [11] and
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workshops held in conjunction with KDD [12] and Mediae-
val [13]. Most of the research has adopted a binary view of
the classification problem (false or true), but for partially false
news, different patterns of circulation have been observed and
false news propagates faster than partially false news on social
media [14]. This also occurs in the study of hate and offen-
sive content. Completely hateful and offensive content spreads
faster than partial content that supports hate and offense. We
can also identify the content that is hateful or offensive to help
make a decision on whether this news is a fake news story.
This is done because many of these fake news stories contain
elements of hatred and offense.

Previously, many approaches have been developed to im-
prove the identification of hate speech in some shared tasks
[15]. To address these challenges, this study draws upon prin-
ciples from information theory and causal reasoning to con-
struct a novel computational model tailored to social media
comment texts. By incorporating both statistical properties of
language and causal relationships among text embeddings, the
proposed model aims to enhance the interpretability and an-
alytical performance of automated systems. Ultimately, this
work seeks to lay a solid theoretical and methodological foun-
dation for the automated analysis of hate and offensive con-
tent in social media, contributing to more reliable and scalable
evaluation of English social media text classification perfor-
mance.

We proposing numerous well-designed pipeline systems.
Moreover, we applied advanced pre-trained language model,
deep learning (DL) model and machine learning (ML)
models for hate, offensive, and profane text analysis and
achieved promising results. These prediction models in-
clude distilbert/distilbert-base-uncased, LSTM, Random For-
est, SVM, Logistic Regression, and K-Nearest Neighbor
(KNN).

2 Related Works

2.1 The Evolution of Deep Learning (DL) in
Text Classification

Text classification, as a core task in natural language pro-
cessing (NLP), has undergone a significant transformation
from traditional machine learning (ML) to deep learning (DL).
Early studies mainly relied on Bag-of-Words models and TF-
IDF feature engineering methods [16], which performed well
in short text classification but had difficulty capturing com-
plex semantic relations. The introduction of convolutional
neural networks (CNNs) has brought new breakthroughs to
text classification. Yoon Kim et al. [17] proved that multi-
scale convolutional kernels can effectively extract local seman-
tic features. Subsequently, recurrent neural networks (RNN)
especially long short-term memory networks (LSTM), have
demonstrated advantages in processing long sequential texts
[18]. The emergence of the Transformer architecture has com-
pletely transformed the technical landscape of text classifica-
tion. BERT [19] has achieved significant performance im-

provements on multiple text classification tasks through bidi-
rectional encoder and mask language model pre-training. Sub-
sequent improved models such as RoBERTa [20] and De-
BERTa [21] have further promoted the development in this
field. However, these general pre-trained models still have do-
main adaptability issues in professional domain text process-
ing, especially when dealing with English social media text
with special language features.

2.2 Research on Domain-specific Text Classifi-
cation

Text classification in professional fields is confronted with
challenges such as terminology specialization, context com-
plexity, and scarcity of labeled data. In the field of financial
text analysis, Dogu Araci et al. [22] proposed the FinBERT
model, which is specifically pre-trained for financial docu-
ments and performs well in financial sentiment analysis and
document classification tasks. In the field of medical text clas-
sification, BioBERT [23] and ClinicalBERT [24] have effec-
tively improved the classification performance of medical lit-
erature and clinical records through continuous pre-training on
biomedical corpora. In the research of legal text classification,
Ilias Chalkidis et al. [25] developed LegalBERT, which specif-
ically handles the language features of legal documents. The
success of these domain-specific models validates the impor-
tance of domain adaptation for professional texts. However, as
an emerging professional field, the language features and clas-
sification requirements of social media comments laden with
hatred and offensive language have not been fully studied.

3 Task and Dataset

3.1 Task Description

Social media today is a hotbed of growing hate speech. This
has emerged as a critical challenge for governments globally.
People are spending a considerable amount of time on social
media like Facebook, Twitter, and Instagram. Studies [8] sug-
gest that most of the online content generated on these plat-
forms contain abusive language. There is a need to develop
adequate response mechanisms in order to find a balance be-
tween freedom of expression on one side, the ability to live
without oppressive remarks on the other side and a require-
ment for a robust technology to identify problematic content
automatically.

HASOC [8] provides a forum for developing and testing text
classification systems for various languages. It organized a
shared task for FIRE 2021. The task is aimed at identifying
hateful and offensive language in social media posts. The task
was organized for two languages namely English and Hindi,
but we conducted our investigation only on the English lan-
guage dataset. Our team mainly participated in Subtask 1A:
Identifying hate, offensive and profane content from the post
and Subtask 1B : Discrimination between hate, profane and
offensive posts. We achieved significant development results
by using pre-trained language model technology.
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There were two Subtasks given. Subtask 1: Identification
and discrimination of hate, offensive and profane content from
the post. Subtask 2: Identification of conversational hate-
speech in code-mixed languages (ICHCL). We chose to carry
out Subtask 1 from these. The problem statement we chose
consists of hierarchical two-subtasks:

Subtask 1A: Identification of hate and offensive language,
posts are classified as follows:

* HOF: Hate and Offensive. This post contains hate, offen-
sive, and profane content.

* NOT: Non Hate and Offensive. This post does not contain
any hate speech, profane, offensive content.

Subtask 1B: Categorization of hate and offensive, posts are
further categorized as follows:

* HATE: Hate Speech. Posts under this class contain hate
speech content.

* OFFN: Offensive Speech. Posts under this class contain
offensive content.

* PRFN: Profane Speech. These posts contain profane
words.

Various machine learning (ML) and deep learning (DL)
models have been surveyed to check which produces more ac-
curacy in detecting the various hate and offensive comments.
A pre-trained language model DistilBERT is also used and
it also inspired us to propose our innovate prediction model
with the help of DistilBERT and other profanity detection li-
braries profanityfilter and better-profanity for classifying the
HOF comments detected from Subtask 1A, as HATE, OFFN
or PRFN in Subtask 1B.

3.2 Task Dataset

The datasets were annotated in a hierarchical fashion as shown
below, see Table 1. Class distribution of the English dataset
across Subtasks 1A and 1B.

Table 1: Details of English social media comments dataset are
provided.

Task Details Posts in Train Data  Posts in Test Data
SUBTASK 1A Total = 3843

Hate and Offensive posts (HOF) 2501 1281

Non Hate and Offensive posts (NOT) 1342

SUBTASK 1B Total = 3843

Hate posts (HATE) 683

Offensive posts (OFFN) 622 1281
Profane posts (PRFN) 1196

NONE 1342

In the training data for Subtask 1A, 65% of the data are
hate and offensive comments (HOF) and about 35% are non
hate and offensive comments (NOT). For Subtask 1B, the 65%
hate and offensive comments (HOF) were classified as HATE
(18% of the overall comments), OFFN (16% of the overall

Figure 1: This is an illustrative example for our task objective.
The method we proposed is mainly aimed at eliminating the
hateful and offensive content found in social media comments.

comments) and PRFN (31% of the overall comments). The
training data will consist of English text snippets from differ-
ent social media platforms, which contains target content and
context content, an illustrative example of the task objective is
shown in Figure 1.

4 Data analysis

4.1 Word Cloud

The following representation images are the word cloud for
various inappropriate types of social media comments given
in the HASOC2021 English dataset. It is a graphical represen-
tation for word frequency of different words used in each cate-
gory of the comments. Figure 2 for word cloud of HATE com-
ments in different social media platforms, Figure 3 for word
cloud of OFFN comments in different social media platforms,
Figure 4 for word cloud of PRFN comments and Figure 5 for
word cloud of NONE comments.
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Figure 2: Word cloud for HATE comments.
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Figure 3: Word cloud for OFFN comments.
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Figure 4: Word cloud for PRFN comments.
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Figure 5: Word cloud for NONE comments.

4.2 Data Distribution

The following is the categories distribution analysis of com-
ment sentiment numbers for the two Subtasks. The distribution
graph of Subtask 1A is shown in Figure 6, and the distribution
graph of Subtask 1B is shown in Figure 7.
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Figure 6: The distribution of Subtask 1A sentiment numbers
in the reviews.
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Figure 7: The distribution of Subtask 1B sentiment numbers
in the reviews.

4.3 Top Frequent Words

The word frequency of non hate and offensive remarks does
not have much analytical value in this Subtask 1B. Next, we
will only conduct a further analysis of top frequent words used
in HATE comments, OFFN comments, and PRFN comments.
They are respectively shown in Figures 8, 9 and 10.

Figure 8: The distribution of top frequent words used in HATE

comments.

Figure 9: The distribution of top frequent words used in OFFN
comments.

Figure 10: The distribution of top frequent words used in
PRFN comments.

S Methodology

5.1 Pre-processing Data

Natural language refers to a language that has formed and
evolved naturally over a long period, such as Hindi and En-
glish, and is commonly spoken and used. Natural language
processing (NLP) analyzes the meaning of natural language
to enable computers to process the specific language. Nat-
ural language processing (NLP) is applied in areas such as
text classification [26], sentiment analysis [27], summariza-
tion [28], and text clustering [29]. This processing commonly
includes three steps:

 Text collection from different social media platforms;
* Text pre-processing English comments data;

* Machine learning (ML) models, deep learning (DL) mod-
els or Transformers are used to train and fit the training
dataset as well as to test the test set.
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In the first step (text collection), the social media com-
ments to be processed and collected. The second step (text
pre-processing) involves the standardization of unstructured
texts to increase the performance of natural language process-
ing (NLP). The text collected contains many elements that are
difficult to analyze, such as tags, references, abbreviations.
Most are expressed as if speaking in a care-free manner, in
terms of the vocabulary or the structural order of the sentence.
Therefore, after text processing include change the uppercase
to lowercase, delete special characters, tags, @’s, and remove
stopwords, pre-processing is performed according to the re-
quirement and stemming is also done. Finally, in the machine
learning (ML) modeling stage, a supervised learning model is
established, and training and prediction are performed using
vectorized number type data using TF-IDF. In this study, we
use the LSTM, DistilBERT and other basic machine learning
(ML) models for training and prediction, These methods we
proposed is mainly for the detection of hate speech, offensive
language and profanity.

Pre-processing methods we used are shown in Figure 11.
This picture shows a flowchart of text processing and machine
learning (ML) model training. The flowchart consists of six
steps from top to bottom in sequence. The first step is to
remove unnecessary characters, including special characters,
tags (such as hashtags in Twitter), and web addresses. The
second step is to perform word segmentation on the tweets.
We need to divide the comment text into individual words or
tags. The third step is to remove stop words, which are usu-
ally common words that do not carry useful information in
text analysis, such as “de”, “yes”, etc. The fourth step is to
encode the categorical data using One Hot Encoder, which is
a method of converting categorical variables into numerical
forms that can be better processed by machine learning (ML)
algorithms. The fifth step is to perform feature extraction and
text encoding. This step involves extracting useful information
from the text and converting it into a format that the model can
handle. The final step is to train and predict using a machine
learning (ML) model, which is the ultimate goal of the entire
process. We need to classify or predict new data through the
trained prediction model. The entire flowchart is connected by
arrows, clearly showing the sequence and process of each step.

5.2 Feature Extraction

5.2.1 Term Frequency-Inverse Document Frequency
(TF-IDF)

Initially, Bag of Words (BoW) [30] was used for training.
However, it was quite inefficient in training the models owing
to the fact that BoW doesn’t consider term ordering and the
rareness of the term. Hence, we used Term Frequency-Inverse
Document Frequency (TF-IDF) [31] to overcome some of
these drawbacks. The TF-IDF model contains information on
the more important words and the less important ones as well.
Thus performed well on the machine learning (ML) models.

Remove unwanted
characters including special
characters, hashtags and
hitp sites.

Tokenize the tweets.

Remove the stopwords

Encoding the classes using One Hot
Encoder.(Categorical Data)

Feature Extraction and
encoding the text

Training and Predicting
using ML Models

II

Figure 11: Overall data flow and the experiment methodology
of machine learning (ML).

Table 2: The main machine learning (ML) method of our ex-
periment.

Method Full name Comments
NB GaussianNB sklearn.naive_bayes
LR LogisticRegression sklearn.linear_model
KNN KNeighborsClassifier  sklearn.neighbors
SvC LinearSVC sklearn.svm

Random Forest RandomForestClassifier —sklearn.ensemble

5.2.2 BERT Encoding

The ktrain' library is used which contains the Transform-
ers API, that allows the use of any Hugging Face transform-
ers model and we used DistilBERT in our experiment. The
pre-process train and test datasets were used for the pre-
trained language model distilbert/distilbert-base-uncased be-
fore model training. Word embeddings are generated from
the transformer model which is used for encoding. ktrain is
a lightweight wrapper for the deep learning (DL) library Ten-
sorFlow Keras to help build, train, and deploy neural networks
and other machine learning (ML) models to make deep learn-
ing and Al more accessible and easier to apply.

5.3 C(lassifiers

The following is a brief introduction to our machine learning
(ML) methods. Most of these machine learning (ML) meth-
ods can be obtained in the scikit-learn package. They can clas-
sify more accurately through the detailed processing of text
features, See Table 2. The configuration of the deep learning
(DL) methods is shown in Table 3.

5.3.1 Machine Learning (ML)

For our experiment we used many different machine learning
(ML) approaches. First, a frequency dictionary was built, with
which we train the model and obtain the theta parameter for
the sigmoid function that would better represent the comment

Uhttps://pypi.org/project/ktrain/
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Table 3: The main deep learning (DL) method of our experi-
ment.

Output Shape Param

(None, 2500, 256) 2113280

(None, 64) 82176
(None, 2) 130

Layer (type)

(Embedding)
(LSTM)
(Dense)

embedding
lstm
dense

data. The accuracy for this prediction model came to 66%
in Subtask 1A. To improve the accuracy we went ahead with
TF-IDF vectorizer, which was used to train a Logistic Regres-
sion model. The model was imported from the scikit-learn
python package. This improved the accuracy of the model to
about 80% in Subtask 1A. For the next two models, we used a
cross-validation approach with ten folds to train different ma-
chine learning (ML) models and saved the model with the best
accuracy score. This validation feature was imported from
the scikit-learn model-selection package. For the second ap-
proach, we went ahead with an SVM model. Given the task
was a classification, SVM seemed to be an easier and efficient
way to classify the tweet sentiments. The best model that was
saved and it had an accuracy of about 80% in Subtask 1A [32].

To enable classification beyond binary scope, we went
ahead to apply the K0.5 Nearest Neighbor Classification tech-
nique. We used the Euclidean Distance as the criterion to
determine the clusters that would be formed. This was used
specifically for Subtask 1B where there were four labels for
classification namely PRFN, OFFN, HATE, NONE. The vali-
dation accuracy of this model came to about 75% for Subtask
1A and 57% for Subtask 1B. The last machine learning (ML)
model, we went ahead with Random Forest classifier with en-
tropy criterion. Random Forest tends to behave better in the
case of noisy data as well. This pushed the accuracy of our
prediction model to about 80% with Subtask 1A. Finally, we
combined the predictions of all models together and took the
majority of the prediction mode as the final prediction for Sub-
task 1A and Subtask 1B. See Table 4 and Table 5 for valida-
tion accuracy results for using machine learning (ML) models
in Subtask 1A and Subtask 1B.

Table 4: Validation dataset experiment results for machine
learning (ML) models in Subtask 1A.

Model Accuracy Macro-F1 Macro-Precision Macro-Recall

80% 76% 80% 73%
80% 76% 76% 7%
75% 70% 72% 68%
80% 76% 76% 7%
8% 76% 77% 75%

Logistic Regression
NYe

KNN

Random Forest
Overall

Table 5: Validation dataset experiment results for machine
learning (ML) models in Subtask 1B.

Model Macro-F1  Macro-Precision Macro-Recall

52% 51% 54%
52% 52% 53%
47% 49% 46%
50% 50% 50%
50% 50% 51%

Accuracy

59%
60%
57%
58%
58%

Logistic Regression
svC

KNN

Random Forest
Overall

532 LSTM

Long Short-Term Memory (LSTM) [18] is a specific recurrent
neural network (RNN) architecture that was designed to model
temporal sequences and their long-range dependencies more
accurately than conventional RNNs [33]. We used LSTM
based neural network classifiers for both Subtask 1A and Sub-
task 1B. We used word tokens embedding layer 256 dimen-
sions, input length 2500 words as the inputs to the LSTM
64 units layer with dropout of 20% and recurrent dropout of
20%, softmax layer for prediction in the keras toolkit. In
this pipeline, we used binary-crossentropy as loss function, the
Adam optimizer to optimize the parameters. See Table 6 for
validation dataset experiment results for using LSTM models
in Subtask 1A and Subtask 1B.

Table 6: Validation dataset experiment results for LSTM
model.

Task

Subtask 1A
Subtask 1B

Accuracy Macro-F1 Macro-Precision Macro-Recall

78% 74% 76% 73%
60% 55% 55% 56%

5.3.3 DistilBERT

DistilBERT runs 60% faster while preserving over 95% of
BERT’s performance. It also uses less parameters than BERT
[34]. Tt outperformed BERT and has now cemented itself
as the model to beat for not only text classification, but also
advanced NLP tasks [35]. Implementation of DistilBERT
pipeline is much easier than using any other pre-trained learn-
ing and thus helpful in performing transfer learning. Hence,
we chose to use DistilBERT? in our experiment. It contains
6 layers, 768 dimensions and 12 heads with 66 million pa-
rameters and is pretrained on BookCorpus, a dataset consist-
ing of 11,038 unpublished books and English Wikipedia. For
the English social media comments dataset, we used a pre-
trained language model distilbert/distilbert-base-uncased for
both Subtask 1A and Subtask 1B. The model was trained with
train dataset, validated with the validation dataset and finally
tested on the test set given. For training the max-len of the
input sequence was chosen to be 500. If you set the max-
length very high, you might face memory shortage problems
during execution. On testing the prediction model on valida-
tion dataset (15% split from training dataset) the following re-
sults were inferred in Table 7.

Table 7: Validation dataset experiment results for DistilBERT
model.

Task

Subtask 1A
Subtask 1B

Accuracy Macro-F1 Macro-Precision Macro-Recall

78% 73% 75% 72%
61% 53% 55% 52%

Zhttps://huggingface.co/transformers/model_doc/distilbert.html
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5.3.4 Proposed Prediction Model for Subtask 1B

This proposed prediction model uses the DistilBERT model
trained for Subtask 1A. The motive behind using this model
is its effectiveness on the validation dataset and the model’s
reliability [36]. The HOF comments are to be further classified
as PRFN, OFFN or HATE comments. Proposed prediction
model block diagram, see Figure 12.

Sub-Task-
B

1.NOT/HOF | profanityfilter + | 2- PRFN
better-profanity 3.
DistiBERT OFFN/HATE
Sub Task-A DistilBERT
Not PRFN OFFN/HATE

Figure 12: Proposed prediction model block diagram. The
layer-by-layer classification method we proposed consists of
three small steps.

There are three seperate small modules combined to form
the proposed prediction model. The three small modules are
as follows:

1. The DistilBERT model trained for Subtask 1A identifies
if a comment is of hate or not. This is essentially a binary
classification (HOF/NOT).

2. Two python libraries profanityfilter® and better-profanity*
are together used to classify the hate comments from the
above model into PRFN or other hate and offensive com-
ments.

3. Finally, another DistilBERT model is trained on the
OFFN and HATE comments from the training sample
dataset, is used to classify the remaining comments re-
spectively.

The flow of the proposed prediction model is as follows:
The test data is initially passed to DistilBERT model above,
which is a binary classification model that returns if the given
text is hate or not [37]. The non hate comments predicted by
this model are labelled as NONE. And the hate comments are
to be further classified as HATE, PRFN and OFFN. Now the
hate comments in the test data as filtered by the first Distil-
BERT model as a part of the proposed model alone is passed
to two python libraries profanityfilter and better-profanity that
classify the hate comments into PRFN hate comments and
other hate comments (HATE and OFFN) to be further clas-
sified. Lastly, the other hate comments in the test dataset is
passed to another DistilBERT model trained to classify a text
as either HATE or OFFN. The second DistilBERT model also
trained using the training sample dataset provided, which will
further classify the text as OFFN and HATE and ultimately all
the text in the test dataset are now classified as HATE, OFFN,
PRFN or NONE.

The layer-by-layer classification method [38] we proposed
consists of three small steps. They have achieved good results

3https://pypi.org/project/profanity-filter/
“https://pypi.org/project/better-profanity/

in the performance indicators at each stage as shown in Table
8. The best effectiveness was achieved in Subtask 1B as shown
in Table 9.

Table 8: Validation dataset experiment results for each small
module used in our proposed prediction model.

Module Accuracy Macro-F1 Macro-Precision Macro-Recall

DistilBERT for Subtask 1A
Profanity filter + better-profanity
DistilBERT for OFFN/HATE classification

78% 73% 75% 72%
92% 48% 50% 46%
75% 73% 80% 74%

Table 9: Overall validation dataset experiment results for our
proposed prediction model.

Task

Subtask 1A
Subtask 1B

Accuracy Macro-F1 Macro-Precision Macro-Recall

78% 3% 75% 2%
63% 59% 61% 58%

6 Result

The machine learning (ML) model’s performance improved
using K-Folding technique with 10 splitting iterations in the
cross-validation [39]. Even though the validation performance
of the machine learning (ML) models were decently high, the
pre-trained language model DistilBERT proved to be most ac-
curate on the test data on submission with a 77.67% accuracy
score for Subtask 1A and around 65% accuracy for Subtask
1B. Our proposed prediction model gave the next best predic-
tion for Subtask 1B with approximately 60% accuracy. The
machine learning (ML) models did not perform well when for
the Subtask 1B, a possible reason for it could be that these
models could not differentiate between profane, hateful and
offensive posts properly [40]. Data augmentation, exploring
other pre-trained language models such as XLNet [41], ERNIE
[42], RoBERTa [43], and considering POS tags combined with
n-grams to give an extra set of feature space could be the scope
of improvement to solve this problem [44]. These proposed
methods experiment in test dataset for Subtask 1A and Sub-
task 1B, see Figure 13 and Figure 14.

BEAT LSTM  Random Forest  SVC  Logistic Regression
Metrics

Figure 13: Test dataset experiment results for Subtask 1A.
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BERT  Proposed Model MLMode  LSTM NN
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Figure 14: Test dataset experiment results for Subtask 1B.

6.1 Experiment Results Obtained for Subtask
1A

From the identification of hate and offensive content in the
test dataset experiment results for different prediction models,
it can be seen that the proposed prediction model achieves the
best results with a Macro-F1 value of 76.00%, and also lays the
foundation for the further implementation of Subtask 1B, see
Table 10. The proposed prediction model based on pre-trained
language model DistilBERT that achieves the best results is in
Subtask 1A. Its error analysis is based on the confusion matrix.
Please refer to Figure 15.

Table 10: Test dataset experiment results for different ma-
chine learning (ML) models, deep learning (DL) model and
Pre-trained language model for Subtask 1A.

Model Accuracy Macro-F1 Macro-Precision Macro-Recall
Proposed Model 77.67% 76.00% 77.30% 74.91%
DistilBERT 77.63% 75.90% 77.28% 74.89%
LSTM 50.35% 45.25% 45.06% 45.48%
Random Forest 47.77% 52.70% 52.86% 52.61%
SVM 52.06% 50.00% 50.04% 50.05%
Logistic Regression  50.66% 48.15% 48.18% 48.14%
Overall 50.64% 48.13% 48.15% 48.12%
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Figure 15: Subtask 1A: confusion matrix for proposed predic-
tion model based on pre-trained language model DistilBERT.

6.2 Experiment Results Obtained for Subtask
1B

For Subtask 1B on the validation set, the prediction method
we proposed slightly exceeds the Macro-F1 value of the Dis-
tilBERT Model which is 53% with a Macro-F1 value of 59%.
However, on the test set, the prediction model we proposed

slightly exceeded the Macro-F1 value 54.43% of the Distil-
BERT model with a Macro-F1 value of 58.80%. For details,
please refer to Table 11. The proposed prediction model based
on pre-trained language model DistilBERT that achieves the
best results in Subtask 1B. The prediction model we proposed
achieved the first-place result. Its error analysis is based on the
confusion matrix. Please refer to Figure 16. The pre-trained
language model DistilBERT achieved the second-place result.
Its error analysis is based on the confusion matrix. Please refer
to Figure 17.

Table 11: Test dataset experiment results for different predic-
tion models for Subtask 1B.

Model Accuracy Macro-F1 Macro-Precision Macro-Recall
Proposed Model  65.10% 58.80% 59.90% 57.65%
DistilBERT 59.95% 54.43% 54.98% 53.91%
LSTM 35.75% 28.31% 28.66% 27.98%
KNN 32.86% 20.64% 18.58% 23.19%
Overall 30.44% 25.20% 25.57% 24.83%
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Figure 16: Subtask 1B: confusion matrix for proposed predic-
tion model.
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Figure 17: Subtask 1B: confusion matrix for DistilBERT pre-
trained language model.

7 Conclusion

In this paper, several machine learning (ML) and deep learn-
ing (DL) approaches have been used for detecting hate speech
and offensive language content and these models have been
compared. Several attempts on various predictive techniques
to increase the performance have been employed. Our pro-
posed model achieved best results compared to its simplic-
ity, better than the pretrained language model DistilBERT. We
believe with proper feature extraction and data augmentation



Journal of Emerging Applied Artificial Intelligence (JEAAI)

techniques, we will be able to improve our proposed prediction
model.
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