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Abstract

Recommendation systems have been successfully
used in many places, such as music, movies,
books, and so on. There are many papers that
constantly explore new algorithms, in order to get
higher recommendation accuracy. In current
recommendation systems, the most widely used
non-machine learning method is Collaborative
Filtering (CF). The main way of collaborative
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filtering is to find out the similarity between
every user. And by comparing the ratings of
similar users, to predict the score of the items that
the user has not yet scored. Then, the difference
between the predicted score and the actual score
is measured to judge the accuracy of the
prediction.

In this paper, we also use collaborative filtering,
The method we propose is mainly to find the
similarity between users, using the commonly
usedPearson'sCorrelation Coefficent (PCC) with
some improvements. We weight common
projection between the user and other users on
similarity calculation to mend the shortcomings
of the Pearson correlation coefficient. The
experimental data used in this paper is from
MovieLens's film database. We will compare our
proposed methods with other similarity measures.
The results of the experiments will be compared
by the commonly used scoring mechanisms, such
as MAE, RMSE, efc., to compare the accuracy of
the proposed method with the other methods.
And we will compare results with different
number of neighbors. We can find that when the
number of neighbors is greater than 10, our
method will be better than other methods.
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