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[ Abstract] Traditional distinguishing sequential pattern mining algorithm$ usually ‘génerate a number of false positive
patterns in their results, which hinder the subsequent decisions of tasks.Te_address the problem, a method named
IEP-DSP for filtering out false positive patterns is proposed. The method employs the spade algorithm and the WRAcc
measure to produce the distinguishing sequential patterns to be tested andithe distinguishing sequential patterns that exist
in permutated sequential data sets.Through the simulated permutation process, the independent exact permutation testing
method is used to establish independent exact null distribution$ for patterns with different length, and the exact p-value
of the tested patterns can be calculated from these null distributions. The False Discovery Rate( FDR) measure is used to
control the number of false positive distinguishing, patterns with different length under a confidence level «. The
experimental results on real data sets and simulated data'sets show that the IEP-DSP algorithm can eliminate a large
number of false positive distinguishing patterns, while keeping more real distinguishing sequential patterns. At the same
time, the advantage of independent exact permutation testing over standard permutation testing is proved.
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3.R,,R,,""",R, < len_cla(R)

4R' R, ,R' < len_cla(R")

5.fork=1toml(R) do
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7.end for
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11.end for
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18.C°, <~ BH(C,,a)

19.end for
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21.return C”
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Fig.3 Number of contrast sequéntial patterns reported by each method on different data sets
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Table 3 Classification accuracy reported by the

Naive Bayes classifier

Bk Epitope Unix Question Phospep
ESM 0.528 0.712 0.804 0.546
IMP 0.568 0.647 0.835 0.574
DSPM-MTC 0.614 0.912 0.865 0.597
SP-CSP 0.627 0.924 0.885 0.603
IEP-CSP 0.645 0.936 0.897 0.618
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Table 4 Classification accuracy reported by the

support vector machine classifier

Bk Epitope Unix Question Phospep
ESM 0.581 0.725 0.828 0.583
IMP 0.721 0.882 0.846 0.591
DSPM-MTC 0.727 0.928 0.872 0.634
SP-DSP 0.734 0.939 0.887 0.643
IEP-DSP 0.756 0.949 0.901 0.665

£S5 ZEBANSERNSEERE
Table 5 Classification accuracy reported by the

multilayer perceptron classifier

Bk Epitope Unix Question Phospep
ESM 0.616 0.748 0.844 0.571
IMP 0.748 0.898 0.862 0.584
DSPM-MTC 0.757 0.922 0.895 0.625
SP-DSP 0.762 0.927 0913 0.638
IEP-DSP 0.786 0.940 0.924 0.653
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Fig.4 Distinguishing seguential patterns number and running time of two algorithms
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Table 6 Number of true distinguishing seguential

patterns and false positive patterns of different algorithms

Bk [ W& E A 1 FH A A5 =X
ESM 11452.4 2927.9 85245
IMP 1847.8 73.5 1774.3
DSPM-MTC 55.1 52.5 2.6
SP-CSP 58.4 56.1 2.3
IEP-CSP 66.6 64.7 1.9
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