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The Review on Structural Break Theory Based on LASSO Method

LI Qiang' > WANG Liming'"
(1. School of Statistics and Management Shanghai University of Finance and Economics Shanghai 200433 China;
2. School of Mathematics and Statistics Taishan University Tai’ an Shandong 271021 China)

Abstract: Structural break problem is one of the hot topics in statistics economics signal processing and bioinfor—

matics and other fields. Harchaoui and Levy-.educ( 2008) initiatively proposed structural break point detection

method based on LASSO method which is a new method in dealing with structural break problems. The paper sys—

tematically introduces the change point detection problem based on LASSO method in several change point models.

The core is transforming the change point detection problem into model selection problem. The corresponding algo—

rithms are introduced. Finally the applications and perspective of this new method in some fields are put forward.

Key words: structural break; LASSO; model selection; coordinate decent algorithm



