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Analysis of Inter-bank Network’s Temporal Changes
Using Clustering Structure Change Detection
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In this research, a clustering structure change detection method is employed for analyzing temporal changes of
the inter-bank network. The inter-bank network is constructed from data of Italian deposit trading system e-MID,
and changes in the structure of the network that focused on the type of the bank are analyzed. By using clustering
structure change detection, the change of the inter-bank network’s structure after Lehman shock is detected, which

depends on the type of bank.
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