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Friendship Prediction Based on Fusion of Network Topology and Geographical Features

LUO Hui GUO Bin YU Zhi-wen WANG Zhu FENG Yun
(School of Computer Science, Northwestern Polytechnical University, Xi’an 710072, China)

Abstract Friendship prediction has become one of the major studies of location based social network (LLBSN). This pa-
per proposed an approach for predicting friendship, which fuses the topology network and geographical features of LB-
SN. We first adopted the information gain to measure the contribution of different features to human friendship, and
chose three key features: user social topology, the category of the location where people check in,and check in points.
We then presented the friendship prediction method based on the fusion of the selected features. Three different classifi-
cation models, including Random Forests, Support Vector Machine (SVM), and Naive Bayes, were selected to predict
human friendship. Experimental results on the real collected data from Foursquare and JiePang verify the efficacy of the

selected features and the accuracy of friendship prediction.
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