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Exploiting movie genres and user demographic
iInformation to improve movie recommendation systems

Samad Mohamadi, Vahe Aghazarian* and Alireza Hedayati
Department of Computer Engineering, Islamic Azad University,
Central Tehran Branch, Tehran, Iran

Abstract
Movie recommendation systems are efficient tools to help users find their relevant movies by
investigating the previous interests of users. These systems are established on considering the ratings of
users provided for movies in the past and using them to predict their interests in the future. However,
users mainly provide insufficient ratings leading to make a problem called data sparsity. This problem
makes reducing the effectiveness of movie recommendation systems. On the other hand, other available
data such as genres of movies and demographic information of users play a vital role in assisting
recommenders in order to better produce recommendations. This paper proposes a movie
recommendation method utilizing the movies’ genres and users’ demographic information. In
U/ 3 particular, we propose an effective model to evaluate the user’s rating profile and determine the
‘,&f’ minimum number of ratings required to produce an accurate prediction. Then, appropriate virtual
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ratings are incorporated into the profiles with insufficient ratings to expand them. These virtual ratings
are calculated using similarity values between users obtained by genres of movies and demographic
information of users. Furthermore, an effective measure is introduced to determine how much an item is
reliable. This measure guarantees the virtual ratings’ reliability. Finally, unknown ratings for target
user are predicted based on the expanded rating profiles. Experiments performed on two well-known
movie recommendation datasets demonstrate that the proposed approach is more efficient than other
compared recommenders.

We propose a movie recommender system in this paper by employing the genres of movies and
demographic information of users to address the above-mentioned challenges. To this end, first of all, a
model is developed in order to determine whether the target user’s rating profile is appropriate to
produce accurate recommendations or not. In other words, the developed model determines how many
ratings are required for each user to generate an accurate prediction with a high probability. This
criterion is used to demonstrate that a rating profile contains sufficient ratings for producing reliable
recommendations or not. Then, the quality of rating profiles containing insufficient ratings is boosted
using an effective profile expansion technique which incorporates some virtual ratings to these profiles.
These virtual ratings are calculated using the similarity values between users which are computed
according to the genres of movies and demographic information of users. Moreover, the reliability
values of users and items are calculated using appropriate reliability measurements to guarantee that
the incorporated virtual ratings are reliable. Experimental results on two movie recommendation
datasets indicate the superiority of the proposed approach in respect to other models. In the following,
we provide a list of the main contributions of this paper:

e We develop a model in order to evaluate the users’ rating profiles and determine how many ratings
are required for generating an accurate prediction.
e We propose a powerful profile expansion technique which incorporates some virtual ratings to user-
item ratings matrix for improving its quality.
e Movies’ genres and users’ demographic information are used as additional data in the proposed movie
recommender system.
e The reliability measures of users and items are used in the proposed method to guarantee the
reliability of calculated virtual ratings.
e The proposed method generates a denser user-item ratings matrix than the original matrix which
results in alleviating data sparsity problem significantly.
The remaining parts of this paper are structured as follows: in section 2, related works are investigated,
section 3 includes the details of the proposed method, section 4 refers to the discussion of experimental
results, and section 5 provides some conclusions about the paper Movie recommendation systems are
efficient tools to help users find their relevant movies by investigating the previous interests of users.
These systems are established on considering the ratings of users provided for movies in the past and
using them to predict their interests in the future. However, users mainly provide insufficient ratings
leading to make a problem called data sparsity. This problem makes reducing the effectiveness of movie
recommendation systems. On the other hand, other available data such as genres of movies and
demographic information of users play a vital role in assisting recommenders in order to better produce
recommendations. This paper proposes a movie recommendation method utilizing the movies’ genres
and users’ demographic information. In particular, we propose an effective model to evaluate the user’s
rating profile and determine the minimum number of ratings required to produce an accurate
prediction. Then, appropriate virtual ratings are incorporated into the profiles with insufficient ratings
to expand them. These virtual ratings are calculated using similarity values between users obtained by
genres of movies and demographic information of users. Furthermore, an effective measure is
introduced to determine how much an item is reliable. This measure guarantees the virtual ratings’
reliability. Finally, unknown ratings for target user are predicted based on the expanded rating profiles.
Experiments performed on two well-known movie recommendation datasets demonstrate that the
proposed approach is more efficient than other compared recommenders.

Keywords: Recommendation systems, movie, data sparsity, demographic information, genre
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