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Abstract

We live in an era where social media platforms play a key role in the society. With
the advancement of technology, these platforms have become more closer to people
and currently, they can interact with most of the native languages including the
Sinhala language. This has enabled people to express their opinions more
conveniently. At the same time, it is very common to observe that people express
very hateful offensive opinions on social media platforms and in certain applications
it a mandatory to block this kind of content.

Several studies have been carried out on this area for the Sinhala language with
traditional machine learning models and as per the results, none of them have shown
promising results. Further, current approaches are far behind the latest techniques
carried out in high-resource languages like English. Hence this study presents a deep
learning-based approach for hate speech detection which has shown outstanding
results for other languages. Three deep learning models namely LSTM, CNN and
BiGRU which have proven performance in Natural Language Processing domain
have been considered here. Moreover, a deep learning ensemble was constructed
from these three models to evaluate whether the ensemble technique can further
improve the model performance. These models were trained and tested on a newly
created dataset using the Twitter APIl. Moreover, the model generalizability was
further tested by applying it to a completely new dataset.

As per the results, it can be clearly observed that the deep learning-based approach
has outperformed the traditional machine learning models. Moreover, further tests on
the model generalizability reveal that this approach is more generalized and produces
better predictions than the prior approaches.

Finally, this study experiments with using extra features in addition to the Tweet
content such as retweet count, favourited count, etc, to evaluate whether those can be
utilized to improve the performance further. As per the results obtained in this study,
it can be observed that there is an impact on the performance using extra features. It
is recommended to experiment further on this area in future studies.



TABLE OF CONTENTS

DECLARATION ..ottt sttt sttt essete st sbeseesneenaenean i
ACKNOWLEDGEMENTS ..ottt bbb i
ADSTFACT ..ttt e i
LIST OF FIGURES ..ottt bbb vi
LIST OF TABLES ...ttt vii
1 INTRODUCTION ..ottt sttt sbe st saene e neens 1
1.1  Hate Speech Detection APProaches .........c.cccvvevviieieeieeie e 1
1.2 Challenges in Hate Speech Detection.............ccocvverieieicienc i 2
1.3 ReSEArCh ODJECTIVES ..o s 2
1.4 Contributions 0f RESEArCH ........cccviieiieececee e 2

2  LITERATURE REVIEW.......ocoi ittt 4
2.1  Approaches in Detecting ADUSIVE TEXL.......cocoviiririeiiieiese e 5
2.2 Studies Carried Out for the Sinhala Language.........ccccooerenireninenieieenns 7
2.3 Studies carried out for the English language...........cccoceoeiiniiininiiiiineen, 12
2.4 Studies Carried Out for Other Languages ..........ccecvevueeeeiveriesiieseesesiesnes 23

3 METHODOLOGY ..ocuiiiiiiieiiesie sttt sttt 31
3.1 Data COEBCHION .....cceiiiiece st 32
3.2 Dataset DeSCHPLION .......cviiiiiiee e 33
3.3 Data Pre-processing and Preparation .............ccccoeevveveiieeieeseese e 34
3.3 1 TOKENIZALION....cueiiiieieitece e 34
3.3.2  Removal of StOp WOIdS .........ccevveiiiiiciiece e 34
3.3.3  SEEMMING c.eecieiic e 35
3.3.4  Data SNUFFIING ....oveieieii e 35

3.4 Feature ENQINEEIING ....cooiiiiiiiiiieieie ettt 35
341 EMOJi COUNL ..ottt 36
342  TWEEt LENGN ..o 36

3.5  Exploratory Data ANalYSIS ........cccoeiiiiieiiieiisiisieeeee e 37
351 REPIY COUNL oo 37
3.5.2  REtWEEE COUNL....oiiiiiiiie et 37
3.5.3  Possibly Sensitive Editable ... 38
3.5.4 IS QUOLE STALUS ....cvvieiieiiieeiee et 39
3.5.5  FAVOUIITE COUNL.....eeiieiieiieeie ettt 39

3.6 Model CONSIIUCTION ......coveieieieeie et 40
3.6.1  Convolution Neural Network (CNN)........ccccuriiiiiieiinene e 40
3.6.2  Long Short-Term Memory (LSTM)......cccccveiviiiirreie e 41



3.6.3  Bidirectional Gated Recurrent Unit (BIGRU).........ccccoevvvnveiinieniene 43

3.6.4  Ensemble of Deep Learning Models............ccooveiiiiiininininiiicee 44

4 EVALUATION ...ttt sttt ra e e 45
4.1  K-Fold Cross-Validation ...........cccoceiieieiienienesie e 45
A2 ACCUTACY ...ttt 45
O B (<103 1Y o] o USSR 45
A4 RECAI ..ot 46
A5 F=SCOME ..o 46
4.6  Receiver Operating Characteristic (ROC).......ccccccvvivevviieiiese e 47
4.7 Area Under the CUrve (AUQC).......cccoiveii i 47

5 RESULTS ettt bbbt 49
5.1 Performance by Deep Leaning MOdEIS..........cccoevveieeieiiieieeseece e 49
5.2 Performance by Traditional Machine Learning Models .............ccccccvennenne. 49
5.3  Performance on the Separate DataSet..........ccccevvrieiereneneniseseeeeeeeeen, 50
5.4  Performance wWith EXtra FEaAtUIes ........ccocviiieiiiiieiiee e 51

B DISCUSSION ..ottt 53
7 CONCLUSION ...ttt nes 54
8  REFERENCES. ...ttt 55



LIST OF FIGURES

Figure 1: The flow of how the research area for Sinhala language evolved from
creating the NLP related tools to building machine learning classification models.... 7
Figure 2: The flow of how the research area for English language evolved from

lexicon-based approaches to deep learning approaches.........c.ccocovevveieeve e veesnene 12
Figure 3: The overall data collection process by fetching Tweets via Tweet API .... 31
Figure 4: The ensemble model construction process with the majority vote............. 32
Figure 5: Emoji count vs class label revealing a higher emoji count in non-offensive
TWVEBETS ettt ettt h bR e b e nb e e nr e nr e 36
Figure 6: Tweet length showing that the offensive Tweets have a shorter review
LENGEN s 36
Figure 7: Reply count depicting that non-offensive Tweets have considerably large
FEPIY COUNTS ...ttt et e e e s be et e e e e s re e te e e e s reenneens 37
Figure 8: Retweet count showing a higher count for non-offensive Tweets ............. 38
Figure 9: possibly_sensitive_editable revealing that a large proportion of offensive
Tweets when the Tweet doesn’t contain any links...........cccoceiiiiiiiiiiiiiicicsieee 38
Figure 10: is_quote_status depicting that it doesn't show a significant relation to the
ClASS TADEI ... 39
Figure 11: favourite_count showing that the majority of non-offensive Tweets have
a higher TaVOUIITE COUNT ......cooiiiiii e 39
Figure 12: Architecture of a CNN having embedding, convolution, pooling, flatten
AN OULPUL TAYETS ...ttt et re e ae e areas 40
Figure 13: Structure of an LSTM unit having input, input modulation, output, and
LLO] (0 [=] B0 LT PSPPSRI 42
Figure 14: Structure of a set of LSTM units connected in a serial manner to handle
SEQUENTIAN TALA....... oo 42

Figure 15: General structure of a RNN having an update gate and a reset gate ....... 43
Figure 16: ROC Curve showing the behaviour of curves for different scenarios...... 47
Figure 17: AUC showing the TP rate vs FP rate quantifying the performance of the

MOdEl DY the ra. .......cveeiiiii s 48
Figure 18: Classification report for Logistic Regression model by train-test split.... 50
Figure 19: Classification report per fold in Ensemble of deep learning models........ 51

Figure 20:Performance vs feature set with showing highest performance with set 2 52

Vi



LIST OF TABLES

Table 1: Dataset DeSCIPLION ........c..ciiiiieiieieieese e 33
Table 2: Performance metrices for deep learning models............cccccooiniiiiiiieenne, 49
Table 3: Performance metrices for traditional machine learning models................... 50
Table 4: Performance metrices for deep learning models on a new dataset............... 50

vii



