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Online advertising has assumed a new aspect with the appearance of Google AdSense of which content is relevant
to the website. Our purpose is to propose a strategy of online advertising in a new generation, more specifically,
advertising relevant to the relations of people. To achieve this, first, we investigated the structure of the personal
networks developed in mixi, a Japanese social networking service (SNS), and discovered the ways how information
travels on homophily network. Second, we classified relations of people into several types by defining the attributes
of personal links and using k-means clustering. Finally, we investigated the network motif and the co-occurrence

of the link type.
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