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Clustering analysis of social network events based on traffic time series
LIU Jing, ZHANG Ge

(School of Software, Shanxi Agricultural University, Taigu Shanxi 030801, China)

[ Abstract] The online content posted by users on social networks is highly unstable, and users” interest in each event varies over
time. Although the level of attention differs for each event, some events with common characteristics exhibit similar traffic patterns.
This paper aims to cluster the events of social network based on their traffic time series to identify common features among them.
Specifically, Pearson correlation coefficient is used to determine the thematic labels of each event. Then the total number of tweets
related to each event at fixed intervals are calculated to represent the traffic time series of each event. Finally, the K-SC clustering
algorithm is employed to cluster the traffic time series of the events, and the common features of events in the same cluster are
analyzed. In the experiments, Twitter data of track cycling races during the 2020 Tokyo Olympics are used to validate the
effectiveness of the proposed method in clustering social network events based on traffic time series.
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Tab. 1 Names of the selected track cycling races in this experiment
G A AT IR H
Women Sprint Final (% F 3 s FEUeTE )
Women Keirin Final (4 FHIHHERTE)
Women Team Sprint Final (47 HI{A 35 i $E 5L 3%)
Women Team Pursuit Final (% F H {438 & P58 )
Men Sprint Final (% 735 #3E k58 )
Men Keirin Final ( 5 FHIHE R 3¢)
Men Team Sprint Final ( 5 T @4 5% 8 38 5L 58 )
Men Team Pursuit Final (5 FRI36Z 5 5E)
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Fig. 1 The change of the value of objective function L with respect

to the number of clusters K
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Tab. 2 Clustering results of track cycling events based on traffic

time series

W HEBES 1 2
1 Women Team Sprint Final (4 F B35 PR FE )
Men Team Pursuit Final ( 5 7B B FE)
Women Team Pursuit Final ( ¢ FHIARIE ZEFERTE)
2 Men Team Sprint Final ( 5 F A 35 s $E 0k 58 )
%3 Men Sprint Final ( 5 F 35 #5038 )
Women Sprint Final (£ F 5% FEDE )
Men Keirin Final (B THlHFETE)
Women Keirin Final ( t?%ﬂf%ﬁd&g)
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Fig. 2 Line graphs of the traffic time series for events within each

cluster
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