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Abstract

In the hypothesis test of big data, in order to control false positives, multiple test technology needs
to be used. There are many kinds of multiple test techniques. This paper makes a practical analy-
sis of big data, compares the advantages and disadvantages of various algorithms, and gives the
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application occasions of different methods, so as to give theoretical guidance to data analysts. Firstly,
this paper expounds the necessity and the related concepts of multiple testing; Secondly, two kinds
of methods to control the family-wise error rate and false discovery rate are introduced respec-
tively; Finally, these multiple test methods are applied to gene big data to judge whether the genes
are expressed or not. The experimental results show that the method of controlling the false dis-
covery rate is better than the method of controlling the family-wise error rate. Among the methods
of controlling the false discovery rate, the g-value method has the best result. The reason is that
the g-value method considers the prior information of the original hypothesis and can well control
the false discovery rate, so it has high accuracy and power.
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Figure 1. Relationship between multiple tests on times m and type | error
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Table 2. Analysis results of gene expression data controlled by FWER and FDR
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