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Point-of-interest Recommendation Based on Geospatial-Temporal Correlations and Social
Influence
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Abstract With the popularity of location-based social networks, personalized POI recommendation has become an important
task. However, existing research inadequately considers the intrinsic relationships when modeling and integrating contextual in-
formation. Among these,geographical and temporal contexts often interact with and influence each other. Moreover, when mode-
ling user social relationships,current approaches primarily measure the direct similarity between POI subsets visited by different
users to express the similarity of their social behaviors. These approaches fails to effectively alleviate the impact of data sparsity
on measuring the similarity of POI subsets visited by different users. Therefore. by reasonably reconstructing the contextual in-
formation model and effectively integrating it into user preference model,a POI recommendation method based on geospatial-tem-
poral correlations and social influence is proposed. This method leverages the spatial aggregation phenomenon of users’ primary
geographic activity centers under different temporal states. It employs a time-constrained approach to assess the geographical cor-
relations between POls, thereby modeling the impact of POI geographical information on user check-ins. Furthermore, when mo-
deling user social relationships,it is assumed that users with more shared check-ins at POls or greater overlap in the categories of
POls they visit exhibit higher similarity in their social behaviors. By incorporating POI category information, the effectiveness and

utility of social relationship modeling are enhanced. Finally, the proposed geospatial-temporal correlation model and user social re-
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lationship model are integrated into a weighted matrix factorization framework to perform personalized POI recommendations for

users. Extensive experiments demonstrate that the proposed method achieves superior POI recommendation performance, high-

lighting the advantages of the proposed models in contextual modeling and overcoming data sparsity.

Keywords

influence
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14. IFCenter. total_freq=|u;|. total_freq * 6 THEN
15. Center_list. add(Center)
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3 1 Gowalla BG4 F AR F % top-10 X L
Table 3 Comparison of top-10 different methods on Gowalla dataset
Dataset K Metrics GeoSoca iGSLR L-WMF LGLMF CPAM PPR US(ET: USG’I_‘? USGT
NoTC NoSocial
precision@10 0.0236 0.0297 0.0271 0.0356 0.0419 0.0461 0.0268 0.0322 0.0375
5 recall@10 0.0275 0.0285 0.0258 0.0347 0.0410 0.0452 0.0252 0.0304 0.0363
nDCG@10 0.0296 0.0302 0.0307 0.0377 0.0426 0.0478 0.0279 0.0355 0.0416
precision@10 0.0236 0.0297 0.0285 0.0364 0.0428 0.0461 0.0343 0.0405 0.0439
10 recall@10 0.0275 0.0285 0.0296 0.0366 0.0422 0.0452 0.0325 0.0387 0.0428
Gowalla nDCG@10 0.0296 0.0302 0.0345 0.0385 0.0430 0.0478 0.0354 0.0443 0.0479
precision@10 0.0236 0.0297 0.0323 0.0370 0.0438 0.0461 0.0401 0.0432 0.0506
20 recall@10 0.0275 0.0285 0.0332 0.0369 0.0430 0.0452 0.0406 0.0442 0.0498
nDCG@10 0.0296 0.0302 0.0358 0.0393 0.0444 0.0478 0.0421 0.0467 0.0528
precision@10 0.0236 0.0297 0.0328 0.0380 0.0454 0.0461 0.0392 0.0424 0.0469
40 recall@10 0.0275 0.0285 0.0355 0.0372 0.0446 0.0452 0.0385 0.0414 0.0461
nDCG@10 0.0296 0.0302 0.0367 0.0409 0.046 4 0.0478 0.0408 0.0457 0.0507
4 TF Yelp B4k FRR 5 25 top-10 X Lb
Table 4 Comparison of top-10 different methods on Yelp dataset
Dataset K Metrics GeoSoca iGSLR L-WMF LGLMF CPAM PPR US(iT: US‘GF[_‘i USGT
NoTC NoSocial
precision@10 0.0116 0.0184 0.0143 0.0172 0.0220 0.0266 0.0215 0.0242 0.0253
5 recall@10 0.0111 0.0266 0.0215 0.0245 0.0335 0.0387 0.0306 0.0363 0.0367
nDCG@10 0.0124 0.0196 0.0155 0.0175 0.0239 0.0284 0.0219 0.0263 0.0271
precision@10 0.0116 0.0184 0.0157 0.0174 0.0229 0.0266 0.0221 0.0262 0.0278
10 recall@10 0.0111 0.0266 0.0230 0.0252 0.0342 0.0387 0.0320 0.0385 0.0414
Yelp nDCG@10 0.0124 0.0196 0.0159 0.0186 0.0248 0.0284 0.0223 0.0282 0.0297
precision@10 0.0116 0.0184 0.0168 0.0181 0.0238 0.0266 0.0250 0.0273 0.0309
20 recall@10 0.0111 0.0266 0.0249 0.0264 0.0354 0.0387 0.0379 0.0408 0.0467
nDCG@10 0.0124 0.0196 0.0173 0.0188 0.0260 0.0284 0.0255 0.0293 0.0323
precision@10 0.0116 0.0184 0.0192 0.0202 0.0255 0.0266 0.0242 0.0267 0.0296
40 recall@10 0.0111 0.0266 0.0276 0.0288 0.0366 0.0387 0.0360 0.0396 0.0457
nDCG@10 0.0124 0.0196 0.0202 0.0213 0.0269 0.0284 0.0251 0.0287 0.0318
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Table 5 Comparison of top-N different methods on Gowalla dataset

Dataset Metrics GeoSoca iGSLR L-WMF  LGLMF CPAM PPR US(,}‘T: US‘GI_L USGT
NoTC NoSocial
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Table 6 Comparison of top-N different methods on Yelp dataset

Dataset Metrics GeoSoca  iGSLR  L-WMF LGLMF  CPAM PPR US(’T US‘GT_’ USGT

NoTC NoSocial
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Table 7 Comparison of top-10 datasets with different sparsity levels on Gowalla dataset

Dataset  mPhing Metrics GeoSoca  iGSLR  L-WMF LGLMF  CPAM PPR USGT- - USGT yeip
scale NoTC NoSocial
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Table 8 Comparison of top-10 datasets with different sparsity levels on Yelp dataset
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