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Next Place Prediction of Massively Multiplayer Online Role-playing Games
TONG Zhen-ming'  LIU Zhi-peng’

(College of Computer Science and Engineering, Sanjiang University, Nanjing 210012, China)’
(School of Modern Posts and Institute of Modern Posts.Nanjing University of Posts and Telecommunications, Nanjing 210003, China)?
Abstract In recent years, massively multiplayer online role-playing games (MMORPG) has become one of the most
popular Internet recreational activities. MMORPG creates virtual societies,in which each user plays a fictional charac-
ter,and controls most of its activities. With rapid development of MMORPG, it has accumulated massive data, which
contain semantic as well as topological information of virtual societies. Researchers have already carried out many stu-
dies,such as player departure prediction and server consolidation. The task of next place prediction is crucial to enhance
gaming experience,improve game design and game bot detection,and most of next place prediction methods are based on
statistical analysis. However,it is difficult to apply these methods in practice due to the characteristic of large scale of
game data,and an automatic computation method to be developed. This paper proposed a next place prediction algorithm
based on hidden Markov model (HMM). The model considers location characteristics as unobservable parameters, and
takes the effects of previous actions of each game character into consideration. Experimental results with real MMORPG
dataset show that our approach is intuitive and has better performance in dense distributed data than other existing

methods for the task of next place prediction of MMORPG.
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