C ORRELATION -B ASED P RE -F ILTERING FOR
C ONTEXT-AWARE R ECOMMENDATION
12

1

1

Z AHRA VAHIDI F ERDOUSI , E LSA N EGRE AND D ARIO C OLAZZO
1
PARIS -D AUPHINE U NIVERSITY, LAMSADE, D ATA S CIENCE T EAM ,
2
C OHERIS
A BSTRACT

With the increasing use of connected devices and IoT, users’ contextual information is more and more available and used in different information
systems. As a matter of fact, context-aware recommender systems have demonstrated that taking contextual information about users into account
can improve the effectiveness of recommendation, by generating more relevant recommendations to the users in their specific contextual situation.
In this paper we propose a new context representation and approach to integrate this kind of information into a recommender system. We make
a strong representation of the context, based on the influence of context on ratings, calculated using the Pearson Correlation Coefficient. We do a
pre-filtering recommendation based on this representation. Our evaluations demonstrate that our approach can outperforms the state of the art.

C ONTEXT-AWARE R ECOMMENDER S YSTEM (CARS)
Recommender Systems are software tools and techniques providing
suggestions for items to be of use to a user [7]. But they do not take
into account the fact that the contextual situation in which a user is in,
at the moment she wants to use the item, can influence her preferences.
So the objective of CARSs is to integrate contextual information about
users into their recommendation process (user × item × context →
rating), in order to propose more relevant recommendations [1].
Figure 1: Three context integration approaches [2]

C ORRELATION -B ASED P RE -F ILTERING (CBPF)
2. select the associated ratings (local dataset),

To recommend an item to a user in a specific context situation:
1. find similar context situations to the target user’s one:
(a) represent each context condition based on the item-based influence of context on ratings (computed by PCC),
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3. apply a traditional recommendation technique (matrix factorization) on this local dataset (local model).

Figure 2: Context condition representation

(b) represent each context,
Figure 4: CBPF processing chain

Figure 3: Context situation representation

(c) compute the similarity between each pair of context situation’s vector.
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Figure 5: Comparison with state of the art on CoMoDa dataset [6]
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