The 30th Annual Conference of the Japanese Society for Artificial Intelligence, 2016

2H5-5in2

HARIZB T 5 EAHHEED D
V—yylbxwy N7 —2ERRGEDRE

Analysis of Social Network Generation Methods for Home Location Estimation in Japan
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The home locations of Twitter users can be estimated using a social network, which is generated by various
relationships between users. There are many network-based location estimation methods. However, the estimation
accuracy of various methods and relationships is unclear. In this study, we estimate the users’ home locations using
four network-based location estimation methods on four types of social networks in Japan. We have obtained two
results. (1) In the location estimation methods, the method that selects the most frequent location among the
friends of the user shows the highest precision and recall. (2) In the four types of social networks, the relationship
of follower has the highest precision, and the undirected relationship of following either or both improves the recall
relative to mutual relationship, which is reported in previous studies.
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followee | 472350 8163069 17.28182 44200

follower | 472350 8163069 17.28182 44200

mutual | 472350 6226387 13.18172 83300

linked 472350 10099751 21.38192 44200
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HEE TR BEE HIE F f&
ProbabilityModel | 0.12146 0.10004 0.10972
Majority Vote 0.31213  0.25709 0.28195
GeometricMedian | 0.27386 0.22557 0.24738
RandomNeighbor | 0.19675 0.16205 0.17772

(b) 10 4% AT

#eEFIE WEE  FHBR F
Probability Model | 0.12660 0.10288 0.11351
Majority Vote 0.30717  0.24960 0.27541
Geometric Median | 0.27130 0.22045 0.24325
Random Neighbor | 0.19692 0.16002 0.17656
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(a) leave-one-out & ZMGE

Wk | Bak  mEk P A%
followee | 0.29807 0.26361 0.27978  0.88437
follower | 0.31614 0.27208 0.29246  0.86062
mutual | 0.31214 0.25709 0.28195  0.82365

linked | 0.30581 0.27719 0.29080  0.90643
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mutual | 0.30717 0.24960 0.27541  0.81259

linked | 0.30058 0.26997 0.28446  0.89817
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followee | 0.36158 0.14998 0.21202  0.41481
follower | 0.38615 0.14811 0.21410 0.38356
mutual | 0.38610 0.11809 0.18086  0.30585
linked 0.36866 0.16818 0.23098  0.45619
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