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Incorporating Item Relations for Social Recommendation
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» (Information Technology Bureau, Shandong Post Company , Jinan 250011)

Abstract  With the advent of social media and the exponential growth of information generated
by online users, how to help users find useful knowledge from vast amounts of data has become
the major problem to be solved. Social recommendation method as one of the effective information
filtering techniques attempting to provide active suggestions with social networks has been well
studied. Most of these methods assume trusted f{riends have similar interests. Typically, they
simulate the recommendation process in real social networks to automatically predict the user’s
preference by collecting the history behaviors and ratings from his/her friends. However, these
methods only consider the influence of social networks from users’ perspective, and assume items
are independent and identically distributed. This assumption ignores the fact that item relations
can be important factors in many recommendation scenarios. Aiming at solving the above prob-
lem, based on the intuition that related items will be probably selected by the same user, we pro-
pose a novel social recommendation method and incorporate item relations using a probabilistic
matrix factorization framework from the items’ perspective. Specifically, our method utilizes the

shared latent feature space to constrain the objective function, and considers the influence of user
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connections and item relations simultaneously. Experimental results in real world social network

show that the proposed approach outperforms state-of-the-art recommendation algorithms in

terms of precision and rating error.
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Background

Recommender system as one of the effective information
filtering techniques attempts to suggest information items
that are likely to interest the users. Contrary to search engine
methods, recommendation methods can model users’ prefer-
ences through their history behaviors and ratings with no
explicit intentions. Typically, recommendation methods are
based on collaborative filtering, which predicts users’ inter-
ests by collecting rating information from other similar users
or items.

Recently, with the advent of social networks, the expo-
nential growth of user generated information makes social
contextual information analysis become important in many
social

This

applications. And recommendation methods utilizing
networks have become one of the hot research topics.
kind of approach assumes that the decision process of one
user is influenced by the friends or trusters that have direct
or indirect relations with him/her. Two users who are
connected by a trust relation would have similar preferences.

However, most current recommendation methods
consider social constrains only from users’ perspective, and
assume items are independent and identically distributed.
This assumption ignores the fact that item connections can be
important factors in many scenarios. For example, in friend
recommendation scenario, when recommending f{riends to a

user, the target user will probably select the ones having

social relation with his friends.

Motivated by above observations, in our work, we pro-
pose to fuse item relations with the rating matrix and social
connections using a probabilistic matrix factorization method.
The authors model item relations through the shared latent
feature space, that is, the item latent feature space in items’
relation graph is the same in the rating matrix. Experimental
results in real-world dataset show that their approach outper-
forms state-of-the-art algorithms on the precision and rating
error measures.
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