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Abstract Users’ emotion in social networks is related to spa-
tial distance and time span, and affected by multiple interaction
mechanisms. It has practical significance to extract the spatio-
temporal features from large-scale social networks and study the
influence of users’ behaviors on emotional contagion in order to
predict the trend of emotional contagion. The transmisibility
values on different behavioral layers are calculated by linear re-
gression and the results show the differences between these val-
ues. An emotional contagion model called ECM on multilayer
social networks is proposed. It consists of three behavioral layers
with different topologies depending on users’ interaction history.
By simulation on real dataset, it is discovered that, 1) the pro-
portion of users with neutral emotion is gradually increased with
time and reaches 57.1 % while the proportion of positive emotion
is comparable to that of negative emotion from beginning to end;
2) users’ emotion is more likely to be influenced by other users
when transmissibility becomes larger and users with initial polar
emotion fluctuate more drastically than users with initial neu-
tral emotion. In order to show the advantages of the proposed
model, it is compared with other emotional contagion models.
The results demonstrate that the proposed model approximates
to the real data of emotional contagion on social networks, and
also shows better predictive performance of emotional contagion.
The prediction accuracy is increased by 1.8 % ~ 7.8 %.
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Fig.1 Analysis and modeling of emotion contagion in social networks
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(Emotional contagion model, ECM #i#).
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