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Adaptive Location Recommendation Based on Time Slots Clustering and User Dynamic Similarity

ZHU Jun'*,HAN Lixin* ,ZONG Ping®,LIU Hongying’ , XIE Ling’ and LI Jingxian®
1 School of Computer and Software, Nanjing Vocational University of Industry Technology,Nanjing 210023, China
2 College of Computer and Information Engineering, Hohai University, Nanjing 211100, China

3 College of Computer Science, Nanjing University of Science and Technology Zijin College, Nanjing 210023, China

Abstract Location recommendation is an important service for businesses and users in location-based social networks,and the
recommended results are greatly influenced by user preferences and spatial-temporal contexts. Most existing researches ignore the
variation in user similarity over time,lack adaptability when making recommendations,and suffer from serious data sparsity pro-
blem. To address the issues above.this paper proposes an adaptive location recommendation algorithm(ALRTU) based on time
slots clustering and user dynamic similarity. First,time slots clustering based on fuzzy c-means is devised according to the statis-
tics of historical check-in data. Time similarity in each time cluster is calculated,and original ratings are updated further by app-
lying smoothing technology to solve the problem of data sparsity. The dynamic similarities of users are calculated by hour. Diffe-
rent rating subsets are selected adaptively according to time slots clustering and then realize user preferences and temporal influ-
ences mining. Second, users are classified on the basis of check-in frequency.and then kernel density estimation or power law
distribution algorithm is selected adaptively to mine geographical features. Finally.user preferences and spatial-temporal contexts
are effectively fused to produce location recommendations. Extensive offline experiments are conducted on two real-world datasets
(Brightkite and Gowalla) to verify the accuracy. Experimental results show that the accuracy of ALRTU on Brightkite and
Gowalla datasets is respectively improved by 3. 74% and 1. 42% on average,compared with the highest recommendation accuracy
among the benchmark methods.

Keywords Location recommendation, Adaptive recommendation, Time slots clustering, Dynamic similarity,Spatial features
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Table 3 F1 values of the first group of algorithms on Brightkite

N UBCF ALRTU-1 KDE PLD ALRTU-2
10 0.0219 0.0240 0.0091 0.0138 0.0166
20 0.0163 0.0176 0.0088 0.0122 0.0148
30 0.0131 0.0145 0.0084 0.0113 0.0138
40 0.0114 0.0124 0.0081 0.0109 0.0126
50 0.0100 0.0109 0.0077 0.0100 0.0115
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Table 4 F1 values of the first group of algorithms on Gowalla

N UBCF ALRTU-1 KDE PLD ALRTU-2

10 0.0561 0.0740 0.0074 0.0118 0.0128

20 0.0452 0.0591 0.0079 0.0122 0.0129

30 0.0391 0.0500 0.0080 0.0116 0.0122

40 0.0346 0.0440 0.0082 0.0110 0.0117

50 0.0316 0.0395 0.0081 0.0104 0.0112
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Fig. 7 Precision and recall values of the second group of

algorithms on Brightkite
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Table 5 F1 values of the second group of algorithms on Brightkite
N APRA-SA UTE-+SE UPT TeSP-TMF ALRTU
10 0.0203 0.0228 0.0230 0.0252 0.0264
20 0.0168 0.0169 0.0168 0.0178 0.0196
30 0.0145 0.0137 0.0137 0.0153 0.0159
40 0.0131 0.0116 0.0119 0.0136 0.0137
50 0.0121 0.0101 0.0105 0.0123 0.0121
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Table 6 F1 values of the second group of algorithms on Gowalla
N APRA-SA UTE-+SE UPT TeSP-TMF ALRTU
10 0.0456 0.0650 0.0665 0.0694 0.0626
20 0.0409 0.0533 0.0532 0.0563 0.0554
30 0.0384 0.0456 0.0453 0.0498 0.0516
40 0.0367 0.0403 0.0401 0.0454 0.0489
50 0.0354 0.0365 0.0364 0.0416 0.0469
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