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Bayes sequential test technique for binomial product
based on posterior probability
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Abstract: Defects of Bayes hypothesis test method based on posterior loss and sequential pos-
terior odd test (SPOT) method based on risks were analyzed. According to the requirement of bino-
mial product’s Bayes sequential test in equipment test and evaluation, considering the constraints of
producer’s risk and consumers risk, posterior probability based sequential test model (PBSTM) was
constructed, the PBSTM solving algorithm and formulas of actual posterior risks were presented.
At last, with an example in equipment reliability analysis, the superiority and effectiveness of PB-
STM was proved by data. The result shows : PBSTM guaranteed in theory that the results of se-
quential test can satisfy the small probability event principle and risks requirement simultaneously,

and avoid the defects of existing methods.
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Table 1 Numerical values of c,PH1 ,s,PHo ,a. and p, for different n in tests
n ¢ Py, s Py, a B ¢ Py, s Py, a B
0 —1 0.0003 0 0.9838 0.0001 —1 0.5132 16 0.8181 0.0016
1 —1 0. 0004 0 0.9758 0.0002 —1 0.5635 17 0.8213 0.0015
2 —1 0.0008 0 0.9649 0.0003 —1 0.6126 18 0.8245 0.0015
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n Py, s Py, a B n ¢ Py, s Py, a B
3 0.0013 0 0.9504 0.0004 28 —1 0.6596 19 0.8276 .0014
4 0.0021 0 0.9317 0.0005 29 —1 0.7039 20 0.8307 .0014
5 0.0033 0 0.9082 0.0008 30 —1 0.7452 21 0.8337 .0013
6 0.0052 0 0.8796 0.0011 31 —1 0.7830 22 0.8367 .0012
7 0.0078 0 0.8455 0.0015 32 —1 0.8171 23 0.8397 L0012
8 0.0116 0 0. 8060 0.0021 33 0 0.8133 23 0.8004  0.0046 .0017
9 0.0167 1 0.8094 0.0021 34 1 0.8094 24 0.8038 0.0039 .0016
10 0.0237 2 0.8128 0.0020 35 2 0.8055 25 0.8071 0.0034 .0016
11 0.0328 3 0.8161 0.0019 36 3 0.8015 26 0.8104  0.0030 .0015
12 0.0445 4 0.8193 0.0018 37 3 0.8336 27 0.8137 0.0021 .0015
13 0.0592 5 0.8226 0.0018 38 4 0.8300 28 0.8169 0.0018 .0014
14 0.0774 6 0.8258 0.0017 39 5 0.8263 29 0.8201 0.0017 .0013
15 0.0993 7 0.8289 0.0016 40 6 0.8226 30 0.8232 0.0015 .0013
16 0.1253 8 0.8320 0.0016 41 7 0.8189 31 0.8264  0.0014 L0012
17 0.1553 9 0.8351 0.0015 42 8 0.8151 32 0.8294 0.0013 L0012
18 0.1895 10 0. 8381 0.0014 43 9 0.8113 33 0.8324 0.0012 L0011
19 0.2277 11  0.8411 0.0014 44 10 0.8074 34 0.8354 0.0012 L0011
20 0.2695 11 0.8015 0.0019 45 11 0.8035 35 0.8384 0.0011 L0011
21 0.3145 12 0.8049 0.0019 46 11 0.8351 36 0.8413  0.0008 . 0010
22 0.3622 13 0.8082 0.0018 47 12 0.8315 36 0.8028  0.0007 L0014
23 0.4117 14  0.8116 0.0017 48 13 0.8279 37 0.8061 0.0007 .0014
24 0.4623 15 0.8149 0.0017 49 14 0.8243 38 0.8094  0.0007 .0013
n , c , H,, H, , y<c H, s P,
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Fig. 1 Sequential sampling tests
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