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Research on Community Evolution Prediction Based on Event-Based Frameworks
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Abstract  Research on community detection is one of the fundamental investigations in social
networks, and event-based frameworks for characterizing the community evolution and revealing
the tendency of communities in social networks can be lately seen in some international work-
shops, conferences and seminars. To improve the predictive accuracy of predictive models based
on event frameworks is a difficult part for present research, therefore., in this paper we proposed
an improved event-based framework. According to the improved definition of all kinds of events,
we presented some effective predictive models which have many important applications, such as
recommending advertisements and guiding public opinions. To find appropriate predictive models
which are able to predict community events with higher accuracy, we presented several features
involved social network structure, community structure and community evolution features. In our
experiments, we use real world datasets including artificial dataset, DBLP datasets and Facebook
datasets which are classical and often used datasets to validate the efficiency of our predictive
models. The experimental results confirmed that the predictive models with features presented by
us can predict the evolution of communities including birth, death, remain, merge and split

accurately, and the results also show that the predictive models would have high practical value.
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Background

Complex networks rose at the end of the twentieth century
provide a new perspective for studying complex systems. It
includes discovering the statistical properties of network
structure, detecting the communities in networks and studying
the dynamic processes of complex networks to help people
improve the performance of existing networks. Social networks
are a medium for disseminating information, such as news.
views and advertisements, etc. To study social networks
based on social network theory has the potential value of theory
and application. Traditional research on social networks is
limited to static networks, while more meaningful research

fields are dynamic social networks. Currently, more and

more studies focus on the evolution of communities in social
networks. We mainly research evolution based on improved
event framework, present several features involved social
network structure, community structure and community
evolution features and take the features as the input to find
appropriate predictive models.
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