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In this paper, we address a problem of estimating
the link existence probabilities of an actual social
network under the situation that node attributes are
given but adjacency relationships are unknown. For
this problem, we have proposed an estimation method
from only ego-centric information which consists of
two types of attributes, personal attributes like sex
and relational ones like the numbers of female and
male friends. From these attribute values, we can
obtain some macroscopic information about the net-
work, like the ratio of number of links between female
and male to the total number of links, as mixing ma-
trices. However, we cannot directly know the actual
connections between two nodes only from these ob-
served mixing matrices. Thus, our method estimates
the whole structure of the hidden network by mini-
mizing the Kullback-Leibler divergence between the
observed and estimated mixing matrices. In this pa-
per, we compare our method to an existing model and
show that the our method can produce much better
estimation results.
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