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Connectivity-Guaranteed Estimation of Network Structure from Partial Information
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There is a research issue about estimating whole network structure from only ego-centric information obtained by
social surveys such as qusetionnaires. For this problem, we proposed a method that estimates an adjacency matrix
whose elements mean existing probability of links between corresponding nodes and extracts high probablity links
in k-NN like manner. However, this method offers no guarantee that all nodes in a estimated network are weakly
connected. In this paper, we propose link selection method based on the Minimum Spanning Tree algorithm and
compare to the above-mentioned method. From experimental results using two real networks, we confirm that our

proposed method shows somewhat higer precision than the k-NN based method.
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