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Abstract

In the security market, index tracking is an important means for investors to allocate assets and
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manage risks. Traditional exponential tracking methods often have the problems of poor model in-
terpretation and high computational complexity. Therefore, it is of great significance to explore new
algorithms and techniques to improve the effect of exponential tracking. In this paper, Lasso regres-
sion model is considered for variable selection. Firstly, the basic principle of Lasso regression model
is introduced, and then the adjacent gradient algorithm is used to solve the regression coefficient.
The solution is sparse, aiming at accurately selecting effective part of the variables to predict the
stock index from many variables. Finally, using the closing prices of CSI 300 index and its component
stocks as analysis data, a small number of stocks can achieve almost the same fitting effect. An ex-
ample shows that the method has certain effectiveness and superiority in securities index tracking,
and can realize sparser variable combination, which provides a new idea and method for securities
index tracking.
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Figure 1. Component regression coefficient
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Figure 2. Regression fitting versus raw data
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Figure 3. Different corresponding number of non-zero regression coefficients
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