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Using deep learning for sentiment
analysis in Arabic

Abstract

Sentiment analysis has become an important topic in the academic
and industrial fields due to the large increase in the number of users
of social networking sites and thus the amount of comments and
reviews about products, events, news, etc. Several techniques have
been proposed to solve the problem of analyzing and classifying
this huge amount of data, as the field of deep learning showed
promising results in the field of sentiment analysis, especially after
the increase in the number of Arabs using the Internet and thus the
increase in the amount of comments that encouraged researchers to
delve into the application of deep learning for their analysis. This
article presents a study on the most commonly used deep learning
algorithms in the field of sentiment
analysis(CNN,LSTM,CNN+LSTM), and then applying these
algorithms to two sets of text data in arabic and comparing them in
terms of performance using several measures to reach the Dbest
algorithm that achieves the desired goal of our research.

Keywords: Sentiment analysis, deep learning, word embedding,
feature extraction.
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Loy cdijlsie Sllall degane 98 Lavie an (ubite (A8 o) ol (S
Al e bl Glesens Jia 8 Jendll Guladl s f1 51 AvgRec
191850 (3 ST agl) il davigia & bl 0309 8ya (e ST o 3gaill i

A doagiall 3 LSTM il HiaY) aaal) —

Ll duh)al cilids S 5 LSTM e aladiuly 331 dasgiall (3ot 4y
Oe Adliie lada GG alasiul o (5)dsandl (e Jaadl cCanail) didee olal e
Lagie dlaiel pius SN (o Giiads oladiul e ST Ay oY) sy LSTM
o sl s [20] ao @8l55 Aanidl oda L Jundl) 2 3gaill ZlEY EOBN cladl)

ciail) 38 (e e Al LSTM @ilida aladsiul

e de gana Accuracy Precision Recall F1-score
laakal) bl
2 LABR 82.2 81.9 84.1 82.9
Dataset2 86.8 85.3 88 86.6
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3 LABR 83.4 82.1 85.2 83.5
Dataset?2 87.1 85.9 89 87.4
Aaxtidl LSTM il axe il 1(5)Jsand)
DataSet CNN LSTM CNN+LSTM
LABR 81% 80.1% 83.4%
Dataset2 85.9% 86.2% 87.1%
D Claa ) ylsall A8l A e 2(6)Js2al
bl de gana Aaa),leal) Precision Recall F1-score
EPREGTA|]
LABR CNN 80.4% 83.11% 81.7%
LSTM 80% 82.6% 81.27%
CNN+LSTM 82.1% 85.2% 83.5%
Dataset2 CNN 84.6% 86% 85.2%
LSTM 85% 87.1% 86%
CNN+LSTM 85.9% 89% 87.4%
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-y lead)
X N X
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8
F ®
= %
0
LABR
B CNN+LSTM 83.40% 87.10%
HLSTM 80.10% 86.20%
CNN 81% 85.90%

AN (3 lall A8a0) 45 jlaa ¢ —10-J<a

dniag Lo l3gh AU Glagidl 8 e dllgndl oyl el Ll W
Ayl o) daali e ) daa) sl (A CNN o Laadl s (8)Jsaal
Bl ULl degane Alla 8 Jud) ()5

DataSet CNN LSTM CNN+LSTM
LABR 2h 27m 3h 10m 3h 2m
Dataset? 43m 3s 50m 6s 48m 4s
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