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Abstract

Sentiment analysis or opinion mining is a field that studies the polarity of
opinions from texts. It is one of the active research’s fields at present time,
and this due to the rise of social media, where it became easy to express and
exchange opinions. However the problem remains in how to analyze and eval-
uate these opinions. Since analyzing them manually is time consuming or even
impossible, researchers have tried to find solutions that help in analyzing those
opinions automatically where rule-based systems and machine learning systems
appear, and deep learning play an important role in the advancement of this re-
searches. In this work we propose a deep learning model based on convolutional
neural networks and recurrent neural networks to analyze arabic sentiments us-
ing ’Arabic ULMFiT Model’ dataset. The obtained results are good as they

achieve an accuracy up to 95% and a loss of 15%.

Key words: Deep learning, Convolutional neural networks, Recurrent neural

networks, Sentiment analysis, Arabic ULMFiT Model.
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