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A Study on the Accuracy Improvement of Movie Recommender
System Using Word2Vec and Ensemble Convolutional Neural
Networks
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Abstract One of the most commonly used methods of web recommendation techniques is collaborative filtering.
Many studies on collaborative filtering have suggested ways to improve accuracy. This study proposes a method of
movie recommendation using Word2Vec and an ensemble convolutional neural networks. First, in the user, movie,
and rating information, construct the user sentences and movie sentences. It inputs user sentences and movie
sentences into Word2Vec to obtain user vectors and movie vectors. User vectors are entered into user convolution
model and movie vectors are input to movie convolution model. The user and the movie convolution models are
linked to a fully connected neural network model. Finally, the output layer of the fully connected neural network
outputs forecasts of user movie ratings. Experimentation results showed that the accuracy of the technique proposed
in this study accuracy of conventional collaborative filtering techniques was improved compared to those of
conventional collaborative filtering technique and the technique using Word2Vec and deep neural networks proposed

in a similar study.
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Table 1. MAEs of 10—fold cross validation test

CF WDNN WCNN
1 0.97775 0.66283 0.64559
2 1.0087 067518 067276
3 1.00804 0.66355 062291
4 1.0217 0.66239 067633
5 103705 0.675 0651
6 1.00795 0.65444 0.65204
7 101932 0.66949 06646
8 0.9664 0.65885 0.63982
9 1.03004 0.69103 0.60472
10 1.00247 0.67813 065503

mean 101894 0.66909 065748

Table 2. Results of pair—wise t—test of wDNN and

wCNN
mean var. t-value p-value
WDNN 0.66909 0.00012 229 0.024
WCNN 0.65748 0.00042
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