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Co-movement Analysis of Stock Market Industries Sectors based

on Complex Network and DCC-MIDAS Model
Yuping SONG?, Zhiren MA?
(1. School of Finance and Business, Shanghai Normal University, Shanghai 200234,
China)

Abstract: Combined with the industry qualitative analysis of yield co-movement
network, the Minimum Spanning Tree, and the industry quantitative analysis of
network centrality and centralization, the secondary industry represented by Chemical
industry, Light industry manufacturing and Food and beverage, and the representative
industry represented by Banking, Real estate and Non-banking finance were selected.
The two major industry groups of the tertiary industry use the complex network model
and the DCC-MIDAS model to conduct an empirical analysis of co-movement. The
research findings are as follows. 1) There is a generally co-movement effect between
the country's stock market industries, and the network co-movement effect of different
industries in different years is different; 2) Industry with the similar centrality
maintained at a high level of long- and short-term time-varying correlations, and they
have a relatively consistent time-varying trend for another industry respectively; 3)
Time-varying correlation analysis indicates that the co-movement between the financial
services industry will be further strengthened compared with the industrial
manufacturing industry. In this paper, the long-term and short-term linkage analysis of
the industries screened by the complex network is helpful to analyze the long-term and
short-term time-varying information between industries, to further explore new linkage
industries and industry groups, and to formulate corresponding industry policies based

on different utility periods.

Keywords: co-movement of industries sectors; co-movement network of return;
minimum spanning tree; centrality & centralization analysis; DCC-MIDAS.
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