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Table 10 Results of User Quality

Bk MAE MSE
ConvMF 0.747 0.842
NDRU 0.740 0.839
EPIR 0.735 0.834
RAUIQ CORR 0.728 0.825

FAL EEXSIH B B SRS
Table 11  Results of Item Quality

Bk MAE MSE
Average 0.755 0.860
HITS 0.750 0.851
ConvMF 0.745 0.842
RAUIQ CORR 0.728 0.825
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Table 12 Results of Each User Quality Algorithm

Sk ML-100k ML-1M
Mean 0.805 0.776
WS 0.799 0.768
Correlation 0.781 0.755
LRMF 0.772 0.741
ConvMF 0.778 0.746
CDL 0.766 0.737
RAUIQ _CORR 0.761 0.728
RAUQ_Beta 0.757 0.725
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Table 13 Results of Each Item Quality Algorithm

GRS ML-100k ML-1M
Average 0.790 0.755
HITS 0.781 0.750
ConvMF 0.778 0.746
RAUIQ_CORR 0.766 0.728
RAIQ _TIME 0.758 0.724
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Measuring User Item Quality with Rating Analysis for Deep

Recommendation Model

Zheng Xiao Li Shuqing Zhang Zhiwang

(College of Information Engineering, Nanjing University of Finance and Economics, Nanjing 210023, China)

Abstract: [Objective] This paper designs a new deep learning algorithm to improve the recommendation results.

[Methods] Our model evaluated user and item quality features from user ratings and item quality consistency,

numerical distribution of ratings and time-period-based numerical distribution of ratings. [Results] We examined
our model with the MovieLens dataset, and found the MAE and MSE were improved by up to 3.71% and 4.24%,

respectively. [Limitations] More research is needed to explore a quality index evaluation method including

attribute features of user and items. [Conclusions] The proposed model generates more accurate scoring

prediction, and effectively improves the quality of recommendation.

Keywords: Recommendation System Deep Learning User and Item Quality Effective Features
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