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Abstract: The traditional recommendation algorithms cannot adapt to the problem of high-scale
and sparse data. A recommendation algorithm combining quadric polynomial regression and
neural network (QPR-NN) is proposed in view of the generality of deep learning data modeling,
where quadratic regression is combined with neural network. Following the analysis on the
defects in the existing feature extraction methods, the algorithm chooses quadratic regression
model to extract feature and reduces the dimensions for the user rating data to fully explore the
correlation between the user and item data. The data after feature extraction are taken as the
input of deep learning training model to increase the matching degree between the input data and
the training model, then this model is used for recommending score prediction. For the two

datasets of MovielLens and Epinions, the experimental results show that the QPR feature
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extraction method and the QPR-NN recommendation algorithm are superior to the existing

mainstream algorithms in the evaluation indexes mean absolute error and root mean square error,

and effectively improve the recommendation accuracy.

Keywords: recommendation algorithm; deep learning; feature extraction; quadric polynomial re-

gression
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