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Microblog Popularity Prediction Algorithm Based on XGBoost

REN Minjie"?, JIN Guoqing', WANG Xiaowen?, CHEN Ruidong®, YUAN Yunxin?, NIE Weizhi®,
LIU An’an’

(1. State Key Laboratory of Communication Content Cognition, People’s Daily Online, Beijing 100733, China; 2. School of

Electrical and Information Engineering, Tianjin University, Tianjin 300072, China)

Abstract: With the advent of the all-media era and the development of social networks, the popularity
prediction begins to play an important role in the monitoring of public opinion and the competition of data
discourse power. The existing popularity prediction researches mostly focuse on foreign media, and it is an
emerging and challenging direction to predict the popularity of domestic mainstream media such as
microblog. In this paper, we conduct the research on microblog, a domestic social media platform, through
the analysis of microblog’ s content and users, and design a variety of popularity prediction schemes.
Meanwhile, we propose a microblog popularity prediction algorithm based on XGBoost, which converts
the popluarity prediction problem into an interactive value file classification problem, and use the extracted
and fused features for model training under the categorical framework, which can predict the popularity of
microblog with user information more accurately. The proposed algorithm is verified in the microblog
popularity prediction dataset, whose accuracy rate can achieve as high as 85.69%.

Key words: social media prediction; XGBoost; feature extraction; feature fusion; microblog popularity
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Fig.2 Framework of microblog popularity prediction algorithm based on XGBoost
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Fig.5 Example of user classification
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Table 10 Comparative experiments with prediction and classification methods based on XGBoost
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Table 11 Comparative experiments with user matching methods
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