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The Recursive Mean Adjustment Unit Root Test and
Bootstrap Research for Finite Sample Size

JIANG Haifeng' YANG Haiwen’
(1. School of Business Anhui University of Technology Ma’ anshan Anhui 243001 China;
2. School of Mathematics and Physics Jing Gang Shan University Ji” an Jiangxi 343009 China)

Abstract: To resolve the inconsistency on parameter setting between the theory research and simulation the power
formula for recursive mean adjustment unit root test with zero mean is derived concluding that the formulae are the
same to those with nonzero mean under large samples. To correct the deficiency of critic value test three kinds of
Bootstrap sample construction method are proposed and the theoretical proof shows that the Bootstrap method can
both be used to study the test level and also to analyze the power. The results from Monte Carlo simulation indicate
that Bootstrap method not only has perfect test level and lower level distortions but also has advantages on power.

Empirical research shows the Bootstrap method can be used to perform unit root test for actual series. This study not
only enriches the recursive mean adjustment unit root test theory but also provides a new method for empirical re—
search.

Key words: recursive mean adjustment; unit root; Bootstrap test; Monte Carlo simulation



