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Film Rating Prediction System Based on Mixed Features

HUANG Dong-jin, GENG Xiao—yun,LI Na,DING You-dong
( Shanghai University , Shanghai 200072 , China)

Abstract ; Film rating is an important criterion for measuring the pros and cons of a film, which is of great reference value for investors
and moviegoers. Therefore,the prediction of film rating has become a research hotspot in the film field. However, the current film rating
prediction system has insufficient feature information,the feature engineering processing method is too simple,and the machine learning
algorithm is relatively simple,so the prediction error is too large. Aiming at this problem,a prediction model based on mixed features is
proposed in combination with natural language processing technology and applied to the film rating prediction system. The source of the
dataset is a commonly used film website. At the same time,in order to obtain better training data,complex feature engineering processing
of film feature information is required. The trained Bert is used to vectorize the text information in the film dataset to obtain the text
vector features,and the support vector machine (SVM) algorithm is used to initially train and predict the text rating. The rating is used
as a one—dimensional new feature along with film feature information to train and predict the final rating through the random forest
algorithm. The experiment shows that the prediction model is feasible,the error between the predicted value and the real value is small,
and the accuracy is significantly improved.
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