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Using of lexicons and machine learning
for sentiment analysis in the Arabic
language

Eng. Reem Nasser Dr. Kamal Alsalloum
Dr. Nasser Abo Saleh

Abstract

Due to the increase in e-commerce sites and social networks, people
began to rely on the opinions expressed in these networks as one of
the basic references when purchasing a product or service, as it
helps them in making decisions during the buying or browsing
process, but when accessing these networks we notice the
abundance of comments and opinions about many Topics thus
making it difficult to access all of these comments and analyze
them manually. This study was presented with the aim of
conducting a review of some previous models in the field of
sentiment analysis for the Arabic language, and using methods that
help improve the accuracy of predictions by using better techniques
for word stemming. The results of implementing these methods
were compared with other techniques in terms of prediction
accuracy. Then, several machine learning algorithms were applied
and their results compared for the two data sets and the best
algorithm was determined.

Keywords: sentiment analysis, lexicons, machine learning,
stemming , classification models,polarity.
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LABR Dataset2
&l | dgyyhll Tashaphyne
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ArSenL 1 58.1% 58% | 57.3% 46.6% | 43.9% | 42.5%
2 63% | 59.4% | 60.2% 77.2% | 70.9% | 64.1%
3 59.1% | 57.2% 56% 64.3% | 62.4% 63%
MPQA 1 55.1% 54% 55% 59.4% | 52.5% | 49.3%
2 61.7% | 59.1% | 58.4% 55% | 53.2% | 50.1%
3 56.5% | 55.2% | 57.2% 61.2% | 68.1% | 63.2%
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LABR 77.5% 76.2% 74%
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