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Abstract: In this paper we investigate the test for serial correlation in linear model with high
dimensional data. First the parameters of the linear models are estimated. Second we establish the
V., p statistics to test the serial correlation of random errors in linear models and further derive the
asymptoticdistribution under null hypothesis. Finally the properties of statistics are studied by the
simulation.
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a, 0 0.2 0.4 0.6 0.8
p =400 0.039 0.588 0.989 0.998 0.996
p =600 0.033 0.585 0.967 0.991 0.999
p =800 0.031 0.532 0.978 0.988 0.991

2 AR(1) n =400
a, 0 0.2 0.4 0.6 0.8
p=400  0.049 0.952 1.000 1.000 1.000
p=600  0.044 0.941 1.000 1.000 1.000
p=800  0.045 0.946 1.000 1.000 1.000
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a, 0 0.2 04 06 0.8
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