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Analysis of Twitter’s Tweets Using clustering

algorithms to recognize the causes of drug proliferation
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Abstract

The massive developments of social media sites in the recent years
have become an important source of information. Also, it allowed a great
opportunity to communicate and share information between people
around the world. And you can take advantage of the large quantity of
data that are published daily to find out people's views about a particular
product, service or personality.

The problem is that the traditional ways to find out public opinion

Is not effective because it includes a limited number or category of

persons in addition to that there is no guarantee their credibility in answer
therefore been used clustering algorithms in artificial intelligence.

This project is aimed to retrieving tweets from the social
networking site (Twitter) and stored in the database to extract data to
know what causes the spread of drugs abuse.

After analysis of 4000 tweets collected from Twitter about the use
of drugs and according to the views of Twitter users that 70% of the
causes of the spread of drugs surrounding environment and relationships

followed by psychological reasons and then lack of awareness.
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