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¢ Abstract Expectation Maximization Algorithm ¢ Results

* Social networks are being used by millions of people and « EM algorithm computes a maximum likelihood to estimate « Recall(R)=TP/(TP + FN), Precision(P) =TP/(TP + FP)
there is a dramatic increase in online social networks (OSN) parameters such as mean and standard deviation. « F-measure= 2*R*P/(R+P)
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