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Research on recommendation of "EIA Cloud" based on

multidimensional user portrait and DeepFM

Li Tianyu', Che Lei', Ding Feng”, Tan Yue'

(1. School of Information Management, Beijing Information Science and Technology University, Beijing 100192, China;

2. Beijing Shangyun Co., LTD., Beijing 102208, China)

Abstract: "EIA Cloud" is an APP that serves users in the Environmental Impact Assessment. In view of the problems

such as the surge of information, the insufficient use of text features and the low accuracy of real-time resource recommenda-

tion by users, the paper proposes a multi-dimensional user portrait model based on DeepFM combined with industry resources

and user behavior to achieve CTR prediction. Firstly, the industry resource semantics is extracted, and then the user behavior is

scored to build a multi-dimensional user portrait model. Finally, the model is applied to DeepFM to perform CTR prediction

and achieve personalized recommendation with industry feature. Experimental data are obtained from "EIA Cloud". The experi-

mental results show that the model can effectively improve the AUC value of CTR prediction tasks and reduce the Logloss val-

ue, which has certain application value.

Keywords: Environmental Impact Assessment; user portrait; tag generation; recommendation algorithm; DeepFM;

CTR prediction
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