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Abstract How to recommend a right person with the right products at the right time and place is a challenging topic.
First,different users have different culture backgrounds including religion, career, education, preference, etc, Then, dif-
ferent products should be purchased again in different reasonable interval time. And the multi-source heterogeneous,
fragmented, various and inconsistent e-commerce data cause problems of sparse data and even cold start, To address
these problems, we extracted users’ cultural background with their longitude, latitude and city functional regions. Then,
we analyzed the reasonable purchase time and reasonable interval time for different products. And we built a URTP
model, which is a factorization model based on users, regions, time and products for recommendation. Experimental re-
sults verify the feasibility, effectiveness and efficiency of our algorithm.
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