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Computation of Noncentral F Probabilities using

Neural Network Theory
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ABSTRACT

The test statistic in ANOVA tests has a single or doubly noncentral F distribution and the
noncentral F distribution is applied to the calculation of the power functions of tests of general
linear hypotheses.

In this paper, the evaluation of the cumulative function of the single noncentral F distribution
is applied to the neural network theory. The neural network consists of the multi-layer perceptron
structure and learning process has the algorithm of the backpropagation. Numerical comparisons
are made between the results obtained by neural network theory and the Patnaik’s values.
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<E 1) 28
(Table 1) Model 1

X2 & E (P) SRR () Z2AFE(n:) HIZA 2 ()
528 P =095 —099 n =1 n, =2 A=1
A=5
n, =5 A=3
A=9
n =2 n, =2 A=2
A=6
n,=5 A=4
r=12
AHAE P =095 —099 n =1 n,=2 A=3
A=7
n =5 A=6
A =12
n =2 n, =2 A=4
A=8
n,=5 A=38
A =16
(B2 282

{Table 2) Model 2

i = & = (P) SRR FE(m) EEXRE(n:) HIZSHZ(A)
gEFAR P =095 ~099 n =5 n =5 A=5
A =15
n, =10 n, = 10 A =10
A =30
n, = 15 A =13
A =39
n, = 20 A=15
A =45
AR AE P =095 —099 n=>5 n,=5 A=10
A =20
n, =10 n, = 10 A =20
A =40
n, = 15 A =26
A =52
n, = 20 A =230
A =60
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(Table 3> Model 3

A= g g (P ERAFE(m) BRARE(n) HEA 24(R)
528 P =09 —099 n, = 15 n, = 15 A =15
A =45
n, = 20 =17
A =51
n, = 20 n, = 20 A =20
A =60
n, =15 n, =15 A =30
A =60
AR AR P =09 —099 n, = 20 A =34
A = 68
n, = 20 n, = 20 A =40
A =180
3.2 FEAA Adol2L HLdl= H vE HAHY By
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{Table 4) Training data of Model 1
2Xte| AFE 2o Aws HIZSA 23 B2 Ly g
1 2 1 37.5 0.949997
1 2 1 475 0.959998
1 2 1 64.1 0.969969
1 2 1 97.5 0.979999
1 2 1 197 0.989974
1 2 5 115 0.949940
1 2 5 145 0.959960
1 2 5 195 0.969976
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1 2 5 295 0.979989
1 2 5 595 0.989997
1 5 3 22 0.946416
1 5 3 25 0.957506
1 5 3 30 0.969900
1 5 3 36 0.978999
1 5 3 51 0.989816
1 5 9 50 0.949205
1 5 9 56 0.959330
1 5 9 65 0.969897
1 5 9 79 0.979959
1 5 9 108 0.989830
2 2 2 38 0.949692
2 2 2 48 0.959802
2 2 2 64 0.969583
2 2 2 98 0.979950
2 2 2 198 0.989987
2 2 6 77 0.949931
2 2 6 97 0.959955
2 2 6 130 0.969898
2 2 6 197 0.979988
2 2 6 397 0.989996
2 5 4 15 0.944367
2 5 4 17 0.956045
2 5 4 20 0.967986
2 5 4 25 0.979657
2 5 4 34 0.989426
2 5 12 33 0.947046
2 5 12 37 0.957838
2 5 12 43 0.969007
2 5 12 52 0979251
2 5 12 72 0.989833
(E 5 2 29 §5XR
{Table 5) Training data of Model 2
A AHFE 229 IRE HEM2 T HELT & =
5 5 5 9 0.940882
5 5 5 10 0.951846
5 5 5 12 0.966627
5 5 5 15 0.979068
5 5 S 21 0.989952
5 5 15 18 0.945523
5 5 15 20 0.955969
5 5 15 24 0.969857
5 5 15 29 0979911
5 5 15 39 0.989579




LBHOIES OIS UIEY FEX &AM
10 10 10 5.7 0.948388
10 10 10 6.1 0.958201
10 10 10 6.7 0.969111
10 10 10 7.6 0.979806
10 10 10 92 (.989789
10 10 30 10.9 0.948724
10 10 30 117 0.959261
10 10 30 128 0.969881
10 10 30 143 0.979551
10 10 30 17.3 0.989848
10 15 13 5.5 0.918625
10 15 13 5.8 0.958053
10 15 13 6.3 0.969832
10 15 13 6.9 0.979404
10 15 13 8.1 0.989967
10 15 39 11 0.948399
10 15 39 11.7 0.959918
10 15 39 12.5 0.969757
10 15 39 13.7 0.979895
10 15 39 1538 0.989756
10 20 15 5.4 0.947068
10 20 15 5.7 (0,958100
10 20 15 6.1 0.969192
10 20 15 6.6 0.973868
10 20 15 7.6 0.9897841
10 20 15 11.2 0.949991
10 20 15 117 0.959371
10 20 15 124 0.969525
10 20 15 134 0.979631
10 20 45 15.2 0.989883
(E 6) 238 39 SIEAIR
(Table 6) Training data of Model 3
2R AR 229 ARE NERER TR R
15 15 15 16 0.947679
5 15 15 4.9 0.959252
15 15 15 52 0.968086
15 15 15 57 0.978490
15 15 15 6.7 0.989762
15 15 15 8.9 0.949977
15 15 15 9.3 0.958349
15 15 15 10 0.969551
15 15 15 109 0.979365
5 15 15 126 0.989687
15 15 17 1.5 0.919671
15 20 17 1.7 0.958670
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15
15
15
15
15
15
15
15
20
20
20
20
20
20
20
20
20
20

20
20
20
20
20
20
20
20
20
20
20
20
20
20
20

20.

20
20

17 5 0.969135
17 5.4 0.978934
17 6.2 0.989912
51 8.8 0.949604
51 9.2 0.959382
51 97 0.968886
51 105 0.979525
51 119 0.989895
20 41 0.948839
20 43 0.959034
20 45 0.967122
20 49 0.978654
20 5.6 0.989694
60 79 0.949908
60 8.2 0.958318
60 8.7 0.969209
60 9.4 0.979681
60 10.6 0.989784
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(Table 7> Comparisons of the Patnaik’s values and the results obtained neural network theory(training data)

EXOXRE | BROARE | HIBNZS | WESS | PatnakEHE | UFLAHE | 2 A
1 2 1 375 0.949997 0.950004 0.000007
1 2 5 145 0.959960 0.960039 0.000079
1 5 3 30 0.969900 0.969875 0.000025
1 5 9 79 0.979959 0.980032 0.000073
2 2 2 198 0.989987 0.990087 0.000100
2 5 4 20 0.967986 0.968018 | 0.000032
2 5 12 52 0.979251 0.979337 0.000086
5 5 5 21 0.989952 0.989991 0.000039
5 5 15 24 0.969857 0.969870 0.000013

10 10 10 7.6 0.979806 0.979795 0.000011
10 10 30 173 0.989848 0.989844 0.000004
10 15 39 11 0.948399 0.948376 0.000023




10 20 15 57 0.958100 0.957930 0.000170
10 20 45 124 0.969525 0.969639 0.000114
15 15 15 5.7 0.978490 0.978542 0.000052
15 15 45 12.6 0.989687 0.989721 0.000034
15 20 17 6.2 0.989912 0.989860 0.000052
15 20 51 10.5 0.979525 0.979459 0.000066
20 20 20 4.5 0.967122 0.967095 0.000027
20 20 60 8.2 0.958318 0.958185 0.000133

(E 8) Patnaik®| Btgtat AIZU0|Z0) 23 853 B M(HHAIR)

(Table 8) Comparisons of the Patnaik's values and the results obtained neural network theory(validation data)

SAIARE | BRAXNRE | HEMZSF | MRS | PatnakelE | AzUHE | 2
1 2 3 196 0.979975 0.982733 0.00275
1 2 7 794 0.989998 0.988550 0.001448
1 5 6 30 0.989814 0.991718 0.001904
1 5 12 99 0.979789 0.972091 0.007698
2 2 297 0.989977 0.990701 0.000724
2 2 121 0.959812 0.952130 0.007682
2 5 32 0.969388 0.974584 0.005196
2 5 16 90 0.989775 0.981642 0.008133
5 5 10 30 0.989640 0.991179 0.001539
5 5 20 23 0.949092 0.946322 0.002770
10 10 20 3.9 0.958540 0.955746 0.002784
10 10 40 16.7 0.969402 0.964809 0.004593
10 15 26 10.3 0.979399 0.989041 0.009642
10 15 52 19.6 0.989802 0.983200 0.006602

10 20 30 8.3 0.948188 0.944346 0.003842
10 20 60 14.6 0.959086 0.957297 0.001789
15 15 30 7.6 0.968684 0.973720 0.005036
15 15 60 13.5 0.979869 0.971408 0.008461
15 20 34 9 0.989366 0.991707 0.002341
20 20 68 10.9 0.949250 0.945679 0.003571
20 20 40 6.3 0.959703 0.952970 0.006733
20 20 80 10.7 0.968614 0.965680 0.002934
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Errors for validation data :
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