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Research on Scholar Portrait Construction Based on MTCNN and XGBoost
Han Pu'?  Yang Bofan' Zhong Yule! Lu Haojie'
!(School of Management, Nanjing University of Posts & Telecommunications, Nanjing 210003)

?(Jiangsu Provincial Key Laboratory of Data Engineering and Knowledge Service, Nanjing 210023)

Abstract: Scholar portrait construction is of great significance to information
retrieval and recommendation systems. In order to extract the information of various
dimensions of user profiling more efficiently, this paper proposes a method for
constructing scholar profiling based on the combination of multi-task convolutional
neural network (MTCNN), deep residual neural network (ResNet) and XGBoost
model. Firstly, we preprocess the target scholar's webpage in Wiki, Google and other
websites to obtain the target scholar's name, email address, title and homepage URL,;
Secondly, we use the XGBoost model to identify the scholar's homepage from the
multi-source heterogeneous search result webpage; Then we use MTCNN to
perform face recognition on the predicted homepage picture to extract the scholar's
portrait, in addition, we use ResNet to predict the scholar's gender based on the
portrait information; Finally, we use the flair toolkit to predict the nationality of the
scholar through the name of the scholar, and then predict the natural language used
by the scholar. The method won the second place in the CCKS2021: AMiner
Scholar Profiling Task Evaluation, which verified the effectiveness and feasibility of
the method.

Keywords: Scholar portrait, Entity extraction, MTCNN, Resnet, XGBoost.
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