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Abstract In this paper, we study a new problem of personalized key propagating users mining
based on LT model. This problem aims to mine out the most influential nodes under the basic linear
threshold model for a target user in the social network, which will in favor of better product
marketing. While different from existing research on influence maximization area focuses on
identifying a seed set to maximize the influence spread over the entire network, this problem
focuses on identifying a seed set which can maximize the influence spread to a given target user.
For this purpose, we present a solution framework for the proposed target-based influence
maximization problem. Specially, we first provide a random function to randomly simulate the
objective function of our problem with low variance guarantee. Then, we present an efficient
algorithm to identify influential nodes for a given target user with approximation guarantee
(1—1/e). Experimental results on several real-world social networks validate the performance of

the proposed algorithms.
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