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Improved Linear Influence Diffusion Model Based on Users’ Distance
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Abstract The prediction of information diffusion based on historical behavior of users in on-line social network is one
of the hot spots of current research, However, the traditional propagation models can only explain the diffusion regular
pattern of information in social networks,and it cannot predict the dissemination of information. Since uninfected users
will be affected by infected users,Jaewan Yang and Jwe Leskovec proposed a linear influence model (LIM), but LIM
model only considers the time factor in the process of information dissemination, and it ignores the spatial information,
namely the relationship of users. Therefore, firstly,a measure of users’ distance in social network was introduced in this
paper. Combining the distance measure with LIM model, we proposed an improved LIM model based on distance regula-

rization, namely d-LIM model. Through experiments on real data sets, the result shows that d-LIM model can achieve

better prediction accuracy than the compared methods.
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