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User Location Prediction Based on Behavior Pattern Clustering and Hidden Markov Model
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The growth of smartphones has made it easy to get enormous amount of user location data. If we can predict
the next locations that a user is going from current and past location data, we can improve user experiences in
several applications/services. In this paper, we propose a method to predict the next locations of a user based
on behavior pattern clustering and Hidden Markov Model. Our experiment results show that location prediction
by Hidden Markov Model achives higher precision than Naive Bayes method and combining user clustering with
Hidden Markov Model possibly improves the performance of the prediction algorithm.
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