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Abstract : Today, text analysis has a great
importance, especially in areas such as pol-
itics, productions, and services...etc. Currently, the
social networks full of thetexts in which, the
Internet-users express in different subjects, the
interest of their opinions is considerable, where
the comprehension of the content conveyed by
these texts is an essential element. We can say that
the good manager who listens well to the opinions
of citizens. In this sense, the Sentiment Analysis is

very important to meet the needs of citizens. In this

work, we will implementpredefined algorithms
that analyze and classify a set of publications
derived from social networks. The classes that we
have defined are: positive, negative or neutral. Our
work is among the first one that uses and

compares  several comment classification

algorithms on Facebook, using Algerian dialect.
Keywords- Sentiment Analysis; social network;

annotated corpus;Lexicon of Sentiment.
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