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I. Introduction

In the safety analysis of nuclear power plants, one of the primary
concerns is that of determining the failure rates of specified components.
Frequently, the values for failure rates which are used are estimated from
available failure data in the literature. Unfortunately, the available
failure data for nuclear power plant components are usually sparse, and
there are often large variations in the data for similar components.
Thus, the estimated wvalues for failure rates have large uncertainties.

One method which can be used to circumvent this problem with the
data is to label data points which deviate greatly from the main body of
data as "outliers." Once data points have been labeled as outliers,
steps can be taken to reduce the effect which they have on the statisti-
cal interpretation of the remaining data. These steps can range from
simply noting that outliers are present in order to reduce the confi-
dence placed in the results, to weighting the data in order to reduce
the effects of the outliers, or to rejecting the outliers before the
data are interpreted.

The problem of outliers or "discordant data'" has been around for
decades. It is one of the most perplexing problems which occurs in the
interpretation of data, because all elements of subjectivity must be re-
moved, and because the question of what to do with discordant data once
they are found has no concrete answer. Ferguson (1961) stated the prob-
lem as follows:

"In a sample of moderate size taken from a certain population,

it appears that one or two observations are surprisingly far

away from the main group. The experimenter is tempted to throw

away the apparently erroneocus values, and not because he is

certain that the values are spurious. On the contrary, he will

undoubtedly admit that even if the population has a normal dis-

tribution there is 2z positive although extremely small probabil-

ity that such values will occur in an experiment. It is rather
because he feels that other explanations are more plausible, and
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that the loss in the accuracy of the experiment caused by

throwing away good wvalues is small compared to the loss caused

by keeping even one bad value. The problem, then, is to intro-

duce some degree of subjectivity into the rejection of out-

lying observations."

In this study, the specific problem of discordant data in failure
rate data with small failure rates is addressed. The first section of
the paper deals with the idealized case in which the failure rates them-
selves are known and are assumed to be distributed according to the gamma
distribution. Several methods of outlier detection for the gamma distri-
bution are presented, and their properties and comparisons between the
methods are given.

The second section of the paper deals with the more practical case
in which the data are in the form (Fi,Ti,), where Fi and Ti are the number
of failures is assumed to be distributed according to the Poisson distri-
bution, and the failure rates of similar components are assumed to be dis-
tributed according to the gamma distribution. Two tests for detecting
outliers in data distributed according to the compound model are given,
and their properties and comparisons between the two methods are then
presented.

In the third section of the paper, the problem of discordant values
in time-to-failure data, i.e., data which are distributed according to
the exponential distributioa, is discussed. Two methods of detecting
outliers in this type of data are presented, and their properties and com-
parisons between the two methods are given.

In the last section of the paper, an overview of the problem of out-

liers in failure rate data is given, and the "best' methods for outlier

detection for the cases discussed are presented.



IT. OQutliers in a Gamma Distribution

II.1 Introduction

The gamma distribution,

&a a-1 e—Bx

T(a)

g(x|a,8) = , x>0, (2.1)

is one of the prior distributions most frequently used with failure rate-
data. The reason for this is twofeold. First, the gamma-distribution
can assume a wide wvariety of shapes, depending upon the selected values
of its parameters. For a value of the parameter o less than 1, the
gamma distribution assumes a % -type shape. TFor o equal to 1, it be-
comes an exponential curve. And for a greater than 1, the gamma-distri-
bution takes on a unimodal-type shape (See Fig. 2.1). Thus, the
gamma-distribution can be seen, intuitively at least, as a distribution
which can approximate almost any shape which failure rate data might
assume. The second reason for the frequent use of the gamma distri-
bution is the mathematical convenience which it affords by being the
conjugate of the Poisscon distribution. For a component which is in
continuous operation, the probability of having F failures in time T can

be modeled by the Poisson distribution,

anf T,

f(F[l,T) = m-)" e

(2.2)

where A is the component's failure rate. In the compound model, A is
not treated as a constant, but rather as a random variable. If the
failure rate is assumed to be distributed according to the zamma-

distribution then the number of failures F in time T is found to be



Gamma Density

Figure 2,13

Variation of the shape of the gamma distribution with the alpha parameter.
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F o
h(F|T) = { sl et ey - T T
o) I'(a)T(F+1) (T+B)F+a
= 0, l, 2 > (2.3)

Thus, with the use of the gamma-distribution, complicated amalytical
techniques to find h(FlT) can be avoided.

Under ideal conditions, i.e., laboratory conditions, the
distribution of failure rate data for nuclear power plant components
could be modeled by the gamma-distribution. Unfortunately no such data
exist, and as a result, data from the literature which are plagued with
wide variations must be used to approximate failure rates. It is
appropriate, therefore, to begin a study of outliers or discordant data
in the failure rate data, for nuclear power plant components with
"semi~ideal' failure rate data, i.e., data in which the main body of
data is known to come from a gamma distribution, and to which outliers
have been added.

This chapter is divided into seven main sections. The first
section deals with a method of detecting outliers in a gammz sample
which is based on a methodology derived by Fisher(1929). The second
section deals with a detection method in which the gamma sample is
transformed into a normal sample before outlier detection procedures are
applied. In the third section, the detection method involves the
integration of the gamma-distribution to determine which data, if any,
are too large. In the fourth and fifth sections, the problems of
'masking’ and 'swamping' are discussed and a method for determining the

number of outliers to be tested for is explained. The sixth section



deals with power curves. And in the last section, the properties of the

tests are presented.

I1.2 Fisher's Method of Qutlier Detection

Fisher (1929) developed a simple method for detecting a single
outlier in a gamma-distribution, g(a,R), with known parameter a in 1929.
His method has been expanded upon since that time, notably by
Fieller(1976) who generalized the method to include the case of multiple
outliers. Fisher's method of detecting outliers is simply a hypothesis
test. The null hypothesis, Ho’ is that all data come from a single
gamma-distribution with a known constant «. The alternate hypothesis,
Hl, is that a certain number of data points, k¥ < n, come from a distri-
bution(s) different from that of the main body of data.

The application of Fisher's method for detecting outliers is
straight forward. It merely consists of calculating a test statistic,
TF, and comparing this statistic with the tabulated, critical wvalues of
the statistic, Ly 1f TF is greater than tpo then the null hypothesis
is rejected, and the data points under scrutiny are declared to be
discordant.

The test statistic for upper outliers is

x b
o+ Fn=1 + ... + fa-k + 1

s 2.
Tp 5 ; (2.4)
z x5
i=1
where x > x_ ., > ... 2 X, are the data and k is the number of outliers
being tested for. In examples 2.1 and 2.2, T_ is calculated

F

for the single and multiple outlier cases.
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The critical values of the test statistic are found from the
equation (Barnett and Lewis, 1978)

(n k)t

n
P(Tp2t ) <QIBIF, s 2 (ak)e k(I-t ’f]’ (2.5)

where P(TFpr) is the probability that the calculated value of Fisher's
test statistic, TF’ is less than its critical value, tF’ n is the number
of data points, k is the number of outliers being tested for, and
sza,Z(n—k)u is the F-distribution with 2ka and 2(n-k)a degrees of

freedom. There is no "right" or "wrong" way to select the value of

P(TFpr))which is used in determining t However, it is standard

P
practice to use either 0,01 or 0.05. In doing so, the values of tF at
either the 99% or the 957 confidence level, respectively, are obtained.
Since tables of the critical values of the test statistic for
multiple outliers were not found to exist, tables for these values were
generated (see App. B and Tables 2.1 - 2.5). Comparing Table 2.1 to
Table I in Barnett and Lewis (1978), the single outlier case, shows that
the generated values are quite accurate. All generated valuss are
within 0.5% and almost all are within 0.01% of the wvalues given in
Barnett and Lewis, and, since all generated values are greater tham or

equal to the already tabulated values, the gemerated values are seen to

be slightly conservative.

Example 2,.1:

The following data are known to come from a gamma-distribution
with parameters o = 1.5 and B = 100.
.00289, .00478, .00487, .00591, .00849, .0167, .0197, .0263, .0454,

973
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Determine if the largest wvalue should be labeled an outlier

at the 957 confidence level.

From Eq. 2.4,

_ .973 )
Te= 00289 700478 ¥ ... ¥ 973 _ ‘&78.

From Table 2.1, the critical value of Fisher's test

[}

statistic for a = 1.5, n 10, and k = 1 is found to be t_ =

F

.3733. Since TF>CF, i.e., .878 > .3733, the value .973 is

seen to be discordant at the 95% confidence level.

Example 2.2:

The following data are known to come from a gamma-distribution
with parameters o« = 1.25 and B = 1000.
.000152, .000324, .000360, .000592, .000696, .00156, .00179,
.00219, .875, 1.37

Determine if the two largest values are discordant at the
957 confidence level.

From Eq. 2.4,

137 + .875

F -.000152 f ..+ 1.37 _ -97-

T

From Table 2.2, the critical value of Fisher's test

statistic for a = 1.25, n = 10, and k = 2 is found by Bessel

interpolation (Bajpai, 1974) to be t 0.612. Thus, the

F

values .875 and 1.37 are discordant at the 957 confidence

level.
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II.3 The Normal Conversion Mathod of Qutlier Detection

The method of normal conversion consists essentially of converting
a gamma sample into a normal sample, and then testing the normal sample
for outliers.

If the random variable X is distributed according to the gamma-

distribution g(x]u,B),a>l, it can be transformed intoc the normal distri-

/3., 1. 1 ,82.1/3

bution N[(aB)l (1—55—9, —-(E—D ] by taking the cube root of X

1/3
&

according to a gamma-distribution with the parameter a greater than 1,

(Kimber, 1979). Thus, if wi = x are data where x, are distributed

then w, are distributed according to a normal distribution.

Example 2.3:

Convert the data from Example 2.1 into normally distributed

data.
’ w = xi“" = .00289%/3 = 0.142
w. = xx/3 = 004783 = 0.168
2 = %
1/3 _ 1/3 _
WlO xlO = 0.973 0.991

Once the data have been transformed to normally distributed data,

there are a number of methods available for detecting outliers. One of
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the more common methods, both because of its ease of application and
intuitive appropriateness, is the use of Grubbs-type statistics.
Grubbs-type statistics, like the Fisher statistics, are based upon
a hypothesis test. The null hypothesis, Ho, in this case is that all
data come from a single normal distribution. The alternate hypothesis,
Hl’ is that a certain number of the data points, k < n, come from a
distribution(s) distinect from the normal distribution which describes
the main body of data.
The Grubbs test statistic used to test the null hypothesis is cal-
ulated as follows (Grubbs, 1950)
. =Wn+wn—1+...+wn-k+1—k§, (2.5)

N S
W

where Wl < e g_wn are the normalized data, k is the number of

outliers, and Sw is the standard deviation of the normalized data.
Values for TN are calculated for the single and multiple outlier cases
in Examples 2.4 and 2.5, below.

The critical wvalues of the test statistic are found from the

equation (Barnmett and Lewis, 1978)

2
n(n=2) 1/2
N (2.6)

P(T, > £ ) < (it >
N R k" " n=2 k(n-k)(n-l)-nté

where P(TN Z_tN) is the probability that the Grubbs test statistiec, TN’

is greater than or equal to its critical value L t is Student's

n-2
t-distribution with n-2 degrees of freedom, and ty is the critical wvalue

of TN for a given P('I‘N >t As before, the wvalue of P(TN z_tN),

N)'
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selected to determine the critical value of TN is customarily either
3
0.01 or 0.05, so that either the 99% or 95% confidence level,

respectively, is used. Table 2.6 gives the critical values of TN'

Example 2.4:

Using the data from Ex. 1, determine 1f the largest value

is an outlier at the 95Z confidence level according to the
conversion to normal method.
The converted data are:
142, 168, 170, +181; 204, 256, 270, 297,
357, +9891.

10

=y &, (.142 + .168 + ... + .991) = .304
10 & 10
i=1
, 10 (“i’“)z 1/2 1 2
SW = }-El —nT"] = 3‘[(.142 - .304)7 + ...

+ (991 - .304)2]1/2
= ,251
From Eq. 2.5,

Ty = 251

= 2.74

From Table 2.6, the critical value of the test statistic

for o = 10 and k = 1 1s found to be 2.18. Thus, .937 (.991°)

is labeled as an outlier.



Table 2.6:
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Critical values of the Grubbs test

statistic, T, at the 95% confidence level.

Taken from Barmett and Lewis (1974), pp. 298

and 304.
No. of
Data Pts. Number of CQutliers (K)
(n) 2 3 4
5 1.67 2.10
6 1.82 241
7 1.94 2.66 2.97
8 2.03 2.87 3229
9 2.11 3.04 3.38 .82
10 2.18 3.18 3.82 wL7
12 2.29 3.44 4,24 w72
14 2.37 3.66 4.57 .20
16 2.44 3.83 4.85 .60
18 2.50 3.96 5.08 91
20 2.56 4.11 5.30 22
30 2.74 4.56 6.03 26
40 2.87 4.84 6.49 .23
50 2.96 5.06 6.82 .38
100 3.21 5.62 - ;|
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Example 2.5:

Using the data from Ex. 2.2, determine if the two
largest values are discordant according to the conversion to
normal method.
The converted data are:
.0534, .0687, .0711, .0840, .0886, .116, .121, .130,

398y dull,

7= I%~(.0534 + ... +1.11) = .280

s =.%[(_0534 - 28002 4 ...+ (111 - 280)21Y/2 < 399
From Eq. 2.3
_1.11 + .956 - 2(.280) _
I, = .399 377

From Table 2.6, the critical value of the test statistic for
n=10 and k=2 is found to be 3.18. Thus, the two largest values are

found to be discordant.

II.4 Integration Method of Qutlier Detecticn

A third method for locating outliers in a gamma-distributicn, which
is not handled in the literature is a method involving the integration
of the gamma-distributiocn in question. As was the case with the two
previous methods, this method is a hypothesis test, where the null
hypothesis, HO is that all data come from a single gamma-distribution.

3

The alternate hypotheses, Hl is that a few data points, k < n, are Irom
3

a different distribution(s) than the main body of data.
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The integration method is developed as follows. The probability
that a point from the gamma-distribution g(u«,8) is greater than a given

value X, is given by

pi=ch§%>ffdeaﬁ) (2.7)
c

The probability that any one of n data points is greatar than xc (as-
suming independence among the data) is given by
n n

n
P(V A,) = 1-P(A 4,) = 1-T (1-p.), (2.8)
i=1 * iui T i=1 *

1)
where Ai is the event Xi > X Ai is the complement of Ai3V is the union

symbol, and A is the intersection symbol. And if, according to the null
hypothesis, zll data come from the same distribution, then Py =Py =

=p_ = p, and thus, from Eq. 2.8

n
n n
P(V A;) = 1-(1-p) (2.9)
i=1
n
p = 1-(1-2(v p)] /™ (2.10)
i=1
From Eq. 2.5,
f dG(a,B) = p (211}
X
c
-1
and X, = G "(1-p;a,B) (2.12)

As in the previous cases, the 95% and 99% confidence levels are of

/n 99l/n

. . , . 1
interest, and so p is given either the value 1-,95 or 1l-.

accordingly.
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It is not necessary to sclve Eq. 2.11 exactly for the detection

of outliers. Rather, the data points XX , Where xnzﬁn

e IR

can be used as approximations of X, These values are substituted into

Eq. 2.11, beginning with X until a wvalue x is reached such that

{m dG(a,B) < p.

xn—k-i-l

n-k+1

The upper k values are then labeled as outliers.

Example 2.6:

Using the data from Example 2.1, determine if the largest
value is to be labeled as an outlier, at the 95% confidence
level.

From Eq. 2.12,

*kx = G'l(
[

951710, 1 5 100) = .0585.

Thus, the largest value is labeled as an outlier, because

.973 > .0585.

Example 2.7:

Using the data from Ex. 2, determine if the two largest
values are discordant at the 95% confidence level.
From Eq. 2.12,
*x_ =6 1(.95*/10; 1.25, 1000) = .00585

Thus, the two largest values are labelled as outliers, becauses

1.37 » .875 > .00585

x =
The wvalue of x, was found using the function subprogram "PRCNT" (see
Appendix C).
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II.5 Estimation of the Values of the Parameters o and B

One problem which has been ignored so far is the determination of
the values of the parameters o and B in the gamma-distribution. Until
now, the values of ¢ and B have been assumed to be known.

When Fisher's test statistic is being applied to the data, the
following algorithm can be used to determine the value of o to be used

in finding the critical value of the test statistic. First o is

calculated from the non-suspicious data as follows.

_ 1 n-k
x! =;:1'(-' z x.i (2.13)
i=1
n-k
2 —
g% = 'E:%:I“ RIS (2.14)
i=1
=% (2.15)
s' :
where xl 5_x2 T j_xn are the suspected number of upper outliers.

Then, the minimum outlier wvalue, i.e., the minimum value zt which a data
point is labeled an outlier, is found using o' to determine the critical

value of the test statistic.

n-k
& x
F i=1"1
r &£ 1=L 1,
x! = === (2.16)
F
where t% is the critical wvalue of Fisher's test statistic at a'. Use

the minimum outlier value to estimate, o is calculated as follows:

x =

o=
Hl=

x! . (2.17)

n-k
izl xi+ o]
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9 n-k 2

i1 -2 k., =
= izl(xi—x) t=—x! x) , ( 2.18)

()]
[l

>

—2
= x s2 . (2.19)

The above value of o is used to find the critical value of the test
statistic; the procedure described in section II.2 is used to determine

whether or not the upper k data points are discordant.

Example 2.8:

The following data come from a gamma-distribution with unknown
parameters. .000313, .000560, .000852, .000862, .000898,

.000971, .00107, .00198, .00223, .846

The largest value is suspected of being an outlier. Determine
if it is labeled as an outlier at the 95% confidence level.

From Eq.'s 2.13, 2.14, and 2.15,

2 % = (,000313 + ... + .00223) = .00108,

2 1 =7
s'“ = 5 [(.000313 Y + ... + (.00223 )] = 3.92x10
a" w E'Zs,z - .00108% 3.92x107 = 2.99

From Table 2.1, the critical walue of Fisher's test statistic

for « = 3, n =10, and k = 1 is found to be t% = ,2823.

From Eq. 2.6, the minimum ocutlier wvalue for the 9 lower values is

n-k
t'
c_ T am®i _ (.2823)(.009736) _

c l—t% 1-.2823 = -0038¢.
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And from Eq.'s 2.17, 2.18, and 2.19,

x =-%a(.000313 + ... + .00136 + .00384) = .00136
2 1 2 , 2 -6
s? = £ [(.000313-.00136)% + ... + (.00384-.00136)] = 1.11 x 107",
o = .00136% 1.11x107% = 1.66 .

From Table 2.1, the critical walue of Fisher's test statistice

for o 1.66, n = 10, and k = 1 is found by Bessel interpolatiom to

be t 3973

F

Using Eq. 2.3 to calculate Fisher's test statistic gives

_ 846 _
TF™ 000313 + ... + .00223 + .84~ '7%°
Since 'l‘F > tF’ i.e., .989 > ,3573, the value .846 is labeled

as an outlier at the 95% level.

When the integration method is being applied to locate outliers the
algorithm used to estimate the values of o and 3 is very similar to the
algorithm used for Fisher's method. First, the data points which are

not suspected as being discordant are used to calculate a' and 3':

_ 1 n-k
1 = = 9
b4 o iél X:s (2,20)
-k
2 ;. @ — .2
g w2 R, (2.21)
i=1
a' = 2“2,2 (2.22)

Ar_ e
= KLl (2.23)
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These values of o' and B' are then used to determine the minimum outlier

value for the n-k data points as follows:

X
f Cg(x;a',8") dx = G(x;_;a,S'), (2.24)
o
G(x;_;a',ﬁ') = P, (2.25)
x! = GH(Pa’,8") (2.26)

where P is either 0.951/n or 0.991/n depending on whether the 95% or 99%
confidence level, respectively, is being used.

Then, using the n-k non-suspiciocus data points and x'c, the values
of o and 3, which are used to test the upper k data points for dis-

cordancy, are estimated as follows:

n-k
x = ] x, + xé, (2.27)
i=1
-k
- W -2 k. _=2
8" = e izl(xi 0+ =7 (x! -0F (2.28)
2 = %2 (2.29)
s’ )
3 = x/2. (2.30)

~

Once o and 8 have been calculated, the procedure describted in section
II.4 is used to determine if the upper k data points are, in fact,

discordant.
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Example 2.9

The following data come from a gamma-distribution with unknown
parameters.
.0000332, .000329, 000313, .000416, .000560, .000628, .000771,
.000852, .000826, .000898, .000971, .00104, .00107, .00128, .00131,
.00165, .00176, .00198, .00223, .365

Determine if the largest value is discordant at the 95% confidence

level.
From Eq.'s 2.20 through 2.23,
x' =-I%— (.0000332 + ... + .00223) = .00101
2 1 2 2. -7
s'? = 7570(.0000332-.00101) 7 + ... + (.00223-00101)"] = 3.43x10
~ _|2 2 - =
Sro X 2= L00101y . .7 = 2.96,
From Eq. 2.26
*xé = ¢ L(.951/20,5 96, 2936) = .00341

From Eq.'s 2.27, 2,28, 2.29, and 2.30

= E%‘ (.0000332 + ... + .00223 + .00341) = .00L13
2 1 2 2
s? = £5-1(.0000332-.00113) % ... + (.00341-.00113)")
= 6.14 x10’
~

a = 3/22 = 2,07

™
]

5/22 = 1838

*
The values of x, were found using the function subprogram 'PRCNT" (see
Appendix C).
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Thus from Eq. 2.12

* 1/20

x, = ¢ t(.952720,5 07, 1838) = .00453.

Hence, the largest value is labeled an outlier, because %50 > X,
]

i.e., .365 > .00453

I1I.56 Determination of the Number of Outliers

Another problem, which has not yet been addressed, yet which is of
great importance in the detection of outliers, is the determination of
the number of outliers to be tested for. Until now, the number of
outliers in the data was assumed to be known.

One method for determining the number of outliers present is to do
repetitive testing on a set of data, assuming for each test that one
outlier may be present. That is, the data are tested first assuming
the most extreme value may be discordant. If that value is not found
to be discordant, then there are no outliers present, and the testing is
complete. However, if the most extreme value is found to be an outlier,
it is removed from the data, and the test is repeated assuming that the
second most extreme value may be an outlier. If this value is found to
belong to the distribution being tested, then the testing is complete,
and there is one outlier in the data. However, if this value is found
to be discordant, it is removed from the data, and the third most
extreme value is tested. This process is continued until a non-dis-
cordant value is found. If k+l repetitions are necessary to find a

non-discordant value, then there are k outliers in the data.

*
The values of x' were found using the function subprogram 'PRCNT' (see

Appendix C).
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At first glance, the repetition method for determining the number
of outliers in a set of data seems quite good. However, there is one
major pitfall in its application. The pitfall is the phenomenon known
as masking, and is explained as follows. Suppose a set of data with two
upper outliers is to be tested. And further suppose that the outlier
detection technique to be applied is of the form g- where D is a
measure of the separation cof the most extreme value from the mean, and §
is a measure of the spread of the data. Obviously, the greater the
value of the test statistic g—, the more likely it is that the data
point under scrutiny will be detected as an outlier, In this case,
however, the second most extreme wvalue is also an outlier, and thus will
cause the value of S to be larger and the value of -g to be smaller

than anticipated. As a result, the most extreme value may not be

detected as being an outlier, and thus two outliers would go undetected.

Example 2,10:

The following data come from a gamma-distribution with
parameter a = 1.5, .00289, .00478, .00487, .00591, .00849, .0167,
.0197, .0263, .119, .1:21

Using repetitive testing and the Fisher test statistic,
determine the number of outliers present in the data.

From Eg. 2.3,

) ,121 ~
T = Gozes + ... ¥ 121 - 9-397

From Table 2.19, the critical value of the Fisher test

statistic for ¢ = 1.5, n = 10, and k = 1 is tp = .3733. Since

t. > T no outlier is found.
F F,



However, if the repetitive method had not been used, and two
outliers had been tested for, the following result would have
been obtained.

From Eq. 2.1,

_ J119 + .121 _
F - 00289 + ... + .121  ''%8

T

From Table 2.2, the critical value of Fisher's test
statistic for a = 1.5, n = 10,and k = 2 is found to be

t. = .3770. Since TF > t,. the two largest values are labeled

F

as outliers, which is, in fact, the case!

F,

Another pitfall arises in determining the number of outliers to be
tested for when a non-discordant value is tested along with a discordant
value. This pitfall is the phenomenon known as swamping, and is
explained as follows. Suppose that a data set with only one outlier is
to be tested for two outliers., And further suppose that, as in the
previous case, a test statistic of the form % igs to be used. In this
case, both D and S would be smaller than anticipated, and, depending on
the discrepancy between the two tested values and the mean, both values

will be labeled as either discordant or non-discordant.

Example 2.11

The following data come from a gamma-distribution with
parameter a = 1.5,
.00289, .00478, .G0487, .00591, .C0849, .0167, .0197, .0263, .0954,
121

Using Fisher's test statistic, determine if the two largest

values are labeled as outliers at the 95% cocnfidence level.
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From Eq, 2.3,

L0454 + .121
Ty = 2789 + ... ¢ .21z~ "83¢

From Table 2.2, the critical value of Fisher's test statistic

for a« =1.5, n = 10, and k = 2 is found to be tF = ,5770. Since

T the two largest values are labeled as outliers.

F>'F
However, if repetitive testing had been used, the result would
have been as follows.

From Eq. 2.3

) 121 )
Te = o028z + ... 7 .12 473

From Table 2.1, the critical value of Fisher's test statistic

for « = 1.5, n = 10, and k = 1 is found to be tF = .3733. Thus,

.121 is found to be discordant. Repeating the test for the next
largest value gives

_ .0954 )
Tr = 00282 + ... ¥ .0454 336

From Table 2.1, the critical value of Fisher's test statistic

for a = 1.5, n =9, and k = 1 is found to be tp = .4028. Thus,

since TF <t .0454 is not discordant, which is actually the case.

FS

The wrong ways to determine the number of ocutliers to be tested for
have already been shown. The right way is as follows. The data are
first tested to locate the largest gap between two consecutive data

points, the data being ordered such that X %y 2 Sx If this

gap occurs between the two point Xk and X _pa1 and X sl > %, the

k data points x X s X are considered to be potential,

n-k+l? “n-k+2’

upper outliers. These points are then tested to determine if they are,
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in fact, outliers or not. If they are not found to be discordant, then

there are no ocutliers, and the testing is complete. If they are found

to be discordant then they are removed from the data, and the test is

repeated to determine whether or not there is another 'cluster' of

outliers present.

Example 2.12:

The following data are known to come from a gamma-distribution
with parameter a« = 1.5.
.00289, .00478, .00487, .00591, .00849, .0167, .0197, .119, .1l21,
.837
Using Fisher's method, determine the number of discordant data
points at the 95% confidence level.

The largest gap between consecutive data points occurs between
.121 and .837. Thus, .837 is tested for discordancy.

From Eq. 2.3

.837

T = 00289 + ... + .834

. 734

From Table 2.1, the critical value of Fisher's test
statistic for = 1.5, n = 10, and k = 1 is found to be tp = .3733.
Thus, .837 is found to be discordant, and is removed from the data.

The largest gap between consecutive data points now occurs
between .0197 and .119. Thus, .119 and .121 are tested for dis-
cordancy.

From Eq. 2.3,

_ 119 + ... 4 L121 )
Tr = 700289 + ... + .121 = .7

From Table 2.2, the critical wvalue of Fisher's test statistic

for «a = 1.5, n =9, and k = 2 is found to be tF = ,6l4. Thus, .119
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and .121 are found to be discordant, and are removed from the data.
Now the largest gap between consecutive data points occurs
between .00849 and .0167. Thus, .0167 and .0197 are tested for
discordancy.
From Eq. 2.3,

L0167 + .0197

Ir = 700289 + ... +.0197 _

Y

From Table 2.2, the critical value of Fisher's test
statistic for 2 = 1.5, n =7, and k = 2 is found to be tF = ,7042.
Thus, .0167 and .0197 are not discordant, and the testing for

discordant values is complete.

II.7 Power Curves

The properties and comparisons of the various tests which were
described earlier in this chapter are determined by the use of power
curves. The use of power curves for examining the properties of tests
and making comparisons between tests is standard practice for hypothesis
testing., The y-axis of a power curve shows the probability of the null
hypotheses, Ho’ being rejected and the x-axis is a measure of the
variation between the null hypotheses and the alternate hypotheses, Hl.
For our purposes, the y-axis of a power curve is the probability that a
single outlier is detected, and the x-axis is a measure of the variation
between the mean of the parent distribution and the mean of the
distribution from which the outlier comes. The value of k, the

x-variable, is

=
o

Fa
1
o |

where up is the mean of the parent distribution and Ho is the mean of
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the outlier-generating distribution. (The variances of the two
distributions are set equal to each other.) Note that x = 1 means that
all data points come from the same distribution. Thus, at x=1, the
probability of an outlier being detected will be less than or equal to
0.05 for the 95% confidence level.

The technique used to generate the power curves was developed by
the author, and is an improvement over the previously used methods. In
the past, power curves have been generated by generating sets of data
from a parent distributien and generating outliers from a second
distribution. The generated outliers were then tested for discordancy
against the data sets from the parent distributicn to obtain a power
curve. Thus, both the data sets and the outliers had to be simulated.
In the technique used in this paper, it was only necessary tc generate
data sets from the parent distribution. An analytical method was then
used to derive a power curve (See App. A). Thus, only the data sets
needed to be simulated. The remainder of the analysis was theoretical
{See Fig. 2.2). ©Note that the power curves are saturation-type curves,

i.e., asymptatically they approach the limiting value.

I1.8 Properties and Comparisons of Methods

There are two properties which the tests have in common. First as
the value of the gamma parameter o increases, the power of the tests
increases i.e,, saturation occurs at lower values of k. And secondly
except for the integration method, there is very little variation in the
power of the tests as the value of the parameter P changes (See Fig.
2.3).

An interesting property of the normal conversion method is that as
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the value of the parameter a increases, the power of the normal con-

version method seems to approach the power of Fisher's method. This

type of behavior is expected, since the conversion of data, which are
distributed according to a gamma distribution to normally distributed
data, gives a better approximation of normally distributed data as 2

increases (Kimber, 1978) (See Fig. 2.4).

The power of Fisher's method where the value of the parameter o is
unknown is always less than the power of Fisher's method where a 1is
known. Thus, when the value of o is unknown, Fisher's method is
conservative in that suspicicus data points are less likely to be
labeled as outliers (See Fig. 2.5).

The integration method of detecting discordant data is not wvery
powerful in relation to the other methods (See Fig. 2.5). However, its
power increases as the parameter o increases and the parameter 8
decreases (See Fig. 2.6). (The integration method will eventually
saturate at power equal to 1.0.)

The second most powerful method for all values of the gamma
parameters o and B which were tested is Fisher's method (See Fig. 2.5).

However, 1t is not always possible to apply Fisher's method
while staying within its theoretical limitations, because the value of
the parameter a is not always known.

The most powerful of all methods for all values of the gamma
parameters considered is the normal conversion method (See Fig. 2.5).
Not only is the normal conversion methed the most powerful outlier
detection method, it can always be applied, because it is not necessary
to know the values of any parameters. Also, it is easily applied wit!

the use of a hand calculator. Thus, the normal conversion method is the
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"best" method to detect a single outlier in a gamma distribution which
has parameters 1 < o < 4 and 100 < B 5_107.
It should also be noted that although all of the power curves were
generated at the 95% confidence level, the probability of outlier
detection at « = 1 is in every instance well below 0.0l (See Fig.'s 2.3
- 2.6). Thus, although the theoretical confidence level is 95%, type II
errors, i.e., acceptance of the null hypothesis, Ho’ when it should be
rejected, cause the actual confidence level to be well above 99%.

%
Also, since the actual confidence levels of the various tests are not

equal, it may not be completely "fair" to compare their powers.

*The probability of accepting H0 (outlier and data are from the same
distribution) is less than the critical level of significance chosen a
priori, e.g., a critical level of significance chosen a priori was 0.05
(5% chance of incorrectly rejecting B ), while there was actually a
much smaller chance than 5% of incorrectly rejecting Ho'
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III. OQutliers in (F,,T.,) Data

III.1 Introduction

In the last chapter, outliers in a gamma distribution were discussed.
This discussion was in connecticn with failure rate data for which the
failure rates themselves, i.e., A's, were known. Unfortunately, this is
rarely the case. Normally, the failure rate data will be of the form
(Fi’Ti)’ where Fi and Ti are the number of failures and testing time of
component i, respectively. Thus, it is very important to be able to de-
tect outliers in data of this form.

In this chapter, several methods will be presented which can be used
to detect discordant values in (Fi,Ti) data. First, due to the complex-
ity of the analysis which must be performed to detect outliers in this

case, the theory behind the model used to describe (Fi,Ti) data will be

presented.

I1I.2 Models for (F.,T.) Data

IIT.2.]1 The Homogeneous Model: 1In the classical description of a com-

ponent, the failure rate of a component, A, is regarded as an unknown
constant which does not change even if the component fails and is subse-
quently repaired. Thus, the number of failures F in time T is modeled

by the Poisson distribution (sometimes called the likelihood distribution),

F
(AT) AT L ,
e o T Bplpiean) AW

F(F|{A,T) =

where ['(...) is the gamma function. A further assumption which is made is
that similar components have the same failure rate, A. Thus, % can be
estimated for groups of similar components rather than individual compo-

nents.
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For the model described above, the maximum likelihood estimator

~

(MLE) of X, *», is given by
n
A= .: Fi/ LT, (3:2)

where n 1s the number of components in the group under consideration.
And if the assumptions of the model hold, i is the uniformly minimum vari-
ance unbiased estimator (UMVUE) of A, i.e., the '"best'" unbiased estimator
of A.
Example 3.1:
Determine the average estimated failure rate for the homogene-
ous model for the following (Fi,Ti) data.
(o, 10,000), (0, 10,000), (0, 10,000), (O, 10,000), (0, 10,000),
(0, 10,000), (1, 10,000), (1, 10,000), (1, 10,000), (12, 10,000)
From Eq. 3.2,
0+0+ ... +12 4

Ti = 10,000 + ... +10,000 ~ L.5x10 .

There are two major weaknesses in this model. First, the assumption
that similar ccmponents have the same failure rate is not necessarily
valid. And second, if a group of components has an extremely small fail-
ure rate, as is the case for nuclear power plant components, and the test
times, Ti’ are not very long, it is possible that no failures would be
observed. This would give i = 0, which is an unacceptable value.

I11.2.2 The Compound Model: The compound model for (Fi,Ti) data is

based upon the homogenecus model, but is more sophisticated. This sophis-

tication comes about by the remcval of one c¢f the assumptions made in the



homogeneous medel. Specifically, the failure rate, A, of a group of
similar components is not assumed to be the same for all compenents, but
rather is assumed to be distributed according to some distribution g(i).
The distribution g(i) is called the "prier" distribution.

The equation which is the basis for this model is

h(F|T,g(A)) = /TEF|T,\) g)dh, F =0,1,2,... . (3.3)

This discrete distributign is called the "marginal" distribution. Note
that if similar components have the same failure rate, ko’ then g(}) be-
comes a delta function, i.e., g(i) = 6(A—AO), and the compound model of
Eq. 3.3 becomes the homogeneous model of Eq. 3.1.

As explained in Chapter 2, a good choice for the prior distribution,

g(}), is the gamma distribution,

-]
@
'

g(ijz,8) = S50 &7 (3.4)

Thus, substituting Eq.'s 3.1 and 3.4 into Eq. 3.3, the compound model be-

comes

F :
; _ = (AT) “AT Ba  .a=1 <A

R(FIT,2,8) = [ 77Dy © T (a) L

_ T (F4) IFSO" (3.5)
TT(FH)  (g,q T

This discrete distribution gives the probability of obtaining F Fail-
ures in test time T for a component randomly selected from a populaticn
whose distribution of failure rates is described by the gamma distribution,
and whose conditional or likelihood distribution is the Poisson distribu-

tion.
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For the compound model, the simplest, and one of the better methods
for estimating the values for the parameters 2 and 3 in the gamma disti-
bution is the prior matching moments method (PMMM). In the PMMM, estimates
of the failure rate for each component in the class are assumed to De

given by

>

A, = Fi/Ti. (3.8)

The mean and variance of these failure rate estimates are then equated to
the mean and variance of the gamma prior distribution, as was done in

Secticn II.3,

= 1 oo
A== T A,, (3.7)
no. i
i=1
n )
52 _ 1 E (Ri - )7, (3.8)
n-1 i=1
= =X,
a = X8, (3.9)
‘ 5 .
and 8 = A/S5". (3.10)

Note that if at least one Fi is non-zero, then the PMMM estimator is

non-zero, and thus gives mathematically acceptable wvalues for 2« and 5.

Example 3.2:

~ ~

Determine the values of @ and 8 for the compound model by the PMMM
from the data of Ex. 3.1

From Eq.'s 3.6 and 3.7,
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T - %ﬁ'(16?666'+ e+ 16%%66' i,52107%,
From Eq. 3.8,
s? = %—[(0—1.5x10—4)2 + ...+ (L.2x1073 - 1.5x10‘4)2] =
1.38x1077.
From Eq. 3.9,
& = (1.5x107%)%/1.38x1077 = 0.613.
From Eg. 3.10,
3 = 1.5x10%/1.38x1077 = 1080.

Another method for estimating the wvalues of the gamma parameters

4 and 2 for the compound model is the marginal matching moments method

(M), In this method, the moments of the data are paired with the

moments of the marginal distribution.

the MMM are (Shultis, et al, 1980)

>

B 2
- WRILEF = 3

Q

I

=
=B L

T 7 -~
AM(8T- A

0 2
[}

s 1

==

A~

~

The values of @ and 8 obtained via

(3.11)

(3.12)

2
where A and $S~ are given by Eq.'s 3.7 and 3.8, respectively. Note that the

-~ -~

values of @ and B can be negative (if 52

is less than the other term of the
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denominator which is outside of the parameter space of a and 3, and thus

the MMMM can fail to give realistic values for o and 8.

Example 3.3

Determine the walues of @ and 8 for the compound model by the MMMM

from the data of Ex. 3.1.

~ - 2 -
Feoi ER. 3.2, A = L.5%10"" and 5° = 1.38 & 1077,
ol
1 11 1 1 4
== T - — R —_— -
o I3 10 0,000 7 - T 10,0000 - 1O
From Eq. 3.11,
~ 7

-4, 2 - ~4y o=k
@ = (1.5x107 )" / (1.38x107 '~ (1.5x10 7)(10° 7)) = 0.183

From Eq. 3.12,

4

7 o LS e0™y = 1216

é = (1.5x10‘4)/(1.38x10“

III.3 Outlier Detecticn in (F.,T.) Data
P -

II1.3.1 The Cumulative Marginal Method: The cumulative marginal me-

thod for detecting ocutliers in (Fi,Ti) data was developed by Shultis, et
al, 1980, as follows. One mav reasonablv decide that (F*,T*) is an out-
lier in a sample of size n if the probability of observing F* failures in
test time T* for at least one component is less than some preselected

value A, i.e.,
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n
P(V F /T, > F*/T%) < v. (3.13)

The value of v should be selected as either 0.0L or 0.05 for the 99% or

95% confidence level, respectively.

If the data are independent, Eq. 3.13 can be rewritten

n

1-P( A F,/T, < F*/T%) < v, (3.14)
. 1 1 =
i=1
n
P(F./T., < F*/T%*) > 1 - v (3.15)
3 1 1 -
i=1
n
T P(F, < FAT_/T*) > 1 - v. (3.16)
i=1 1 2

In terms of the marginal distribution, Eq. 3.5, Eq. 3.16 becomes

n [F*Ti/T*]’
I [z h(F|Ti,a,5)] > 1 - ¥, (3.17)
i=l F=0

where [F*Ti/T*]' is the largest integer strictly less than F*TifT*.
That is, for example, [4.1]7 = 4, but [4]° = 3. In terms of the cumula-

tive marginal distribution, Eq. 3.17 becomes

H([F*T,/T*]" [T.,2,3) > 1 - v, (3.18)
iml * *

where the cumulative marginal distribution is

h(i|T,a,3). (3.19)
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From Ex. 3.2, ¢ = 0.163 and 8 = 1080. Thus, Eq. 3.18 becomes

10 i 4 4
T H([2) 10y o) 17| 10%,.163,1080) > 1 - .05,
i=1

10 4
I H(11|107,.163,1080) > .95,
i=1

4

H(11]10%,.163,1080)10 > .95,

From Eq. 3.5,

63
163

7(.163) 1080°1

4
h(0|107,.163,1080) = = =
1(.163)1(J.) (11,080).

= .684,

A
h(11]10%,.163,1080)

I
=
o
=

h(11[104,.163,1080) .00519.

From Eq. 3.19
[ a4
H(11];10,.163.1080)

(.684 + .101 + ... + .00519) .969,

[
]

H(11]10%,.163,1980)10 = .96910 = 0.729

Thus, since H(ll)10 < 0.95, the data point (12, 10,000) is
not found to be discordant.
Example 3.5
Determine if the data point (12, 10,000) in the data of Ex. 3.1

is an outlier at the 95% confidence level according to the cumula-
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tive marginal method with the gamma parameters @ and B estimated by the
MMM
From Ex. 3.3, & = 0.183 and 5 = 1216.
This problem is worked in exactly the same manner as Ex. 3.4. The

result is H(ll)lo = 0.745. Thus no outlier is found in the data.

A variation in the above methods can be made by changing the way in
which the parameters o and B are estimated. They can be calculated with-
out including the data points which are suspected of being outliers.
However, by making this change, the number of type I errors will increase,
and the number of type II errors will decrease, i.e., Ho will be rejected
more often when it should be accepted, and Ho will be accepted less often
when it should be rejected.

Example 3.6

Determine if the data point (12, 10,000) in the data of Ex. 3.1
is an outlier at the 95% confidence level according to the cumula-
tive marginal method with the parameters o and 8 estimated by the

PMMM with the suspected outlier omitted.

From Eq. 3.7,

1 0 1 _ =5
5 ‘10,000 * *+* * I,0000 T 330

>

From Egq. 3.8,

5. 2 2 9

2 32+ ..+ (107%-3.33%107°)%] = 2.50%=107°.

5 & %[(0-3.33;-:10‘
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From Eq. 3.9,

- 2 -8 _ s

5 = (3.33x10—5) /2.5x10 7 = 0.444.
From Eq. 3.10,

" -5 -9

B = 3.33x10 /20510 " = 13,306,

From these values for a and 8, and following the procedure of Ex.
3.4, the result is 85(11)*% = 0.9999. Thus, (12, 10,000) is found to be

an outlier at the 95% and 997% confidence levels.

Example 3.7

Determine if the data point (12, 10,000) in the data of Ex. 3.1
is an oulier at the 95% confidence level according to the cumula-
tive marginal method with the parameters o and 3 estimated by the
MMMM with the suspected outlier omitted.

From Ex. 3.6,

\ = 3.33x10™° and §% = 2.50x10™°.

a3

[ [ s |
o ]
1l

O |-
Pl

From Eq. 3.11

~  (3.33x10° 9
0, =

5,2
) - =5\ pqpb
/ (2.5%x107°7 - (3.33x1077)(20° ) = -1.33

~

Since & < 0, it is out of the parameter range of 2, and so this

method cannot be used to determine if an outlier is present.
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IIT.3.2 Binomial Method: Another method for detecting upper out-

liers in (F,,T) data is the binomial method. WNote that the binomial me-
thod only works if all Ti's are equal to one another. The theory behind

the binimial method is as follows.

Assume that there are k suspected outliers in the data Fl §_F2 < ...
The probability of having Fn—k or fewer failures is given by
Fn-k
p= I h(i|T,e,8) =HE__|T,s,8), (3.20)
; n-k
i=0
where h(...) is the marginal distribution.
The probability of having n-k or more data points with Fn-k or Iewer
fajlures is given by
iy n i n-1i
P = I (G2 o A-p) . (3.21)
i=n-k

Thus, if Pn—k < 0.05 or 0.01 for the 95% or 997 confidence level, respec-
tively, the k upper wvalues are labeled as outliers.
Example 3.8
Determine if the data point (12, 10,000) in the data of Ex. 3.1 is
an outlier at the 95% confidence level according to the binomial
method with the parameters o and 8 estimated by the MMMM.

From Ex. 3.2, o = 0.183 and 8§

1216. Also, n-k = 9 and

= F a B,
Fn-k 1. From Eq. 3.20,

. 4
p = h(0]10%,.183,1216) + h(1|10%,.182,1216)
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From Eq. 3.21,
9 - 10
Pn—k = 10(.775) (1-.775) + (.775) = ,304.

Thus, since Pn—k > .05, the upper data point is not labeled an

outlier.

The binomial method can also be used in conjunction with the homo-

geneous model. In this case, the probability of having Frl or fawer

-k
failures, where the data are Fl j_FZ X s j_Fn, is given by
Fn—k
p= . £(iX,1), (3.22)
i=0

where f(...) is the Poisson distribution (Eq. 3.1). The value obtained
from Eq. 3.22 for p is then substituted into Eq. 3.21 to determine whether
or not discordant data are present.

Example 3.9:

Determine if the data point (12, 10,000) in the data of Ex. 3.1 is
an outlier at the 95% confidence level according to the binomial meﬁhod
and using the homogeneous model.

From Ex. 3.1, % = 1.5 x 107°.

From Eq. 3.22,

p = f(0{1.5x10'4,104) + £(111.5 x 10""*,10’")
= 0.223 + 0.335 = 0.538

From Eq. 3.21,

P = 10(.558)°(1-.558) + (.558)%"

n-k

= 0.026

Thus, since Pn— < 0.05, the upper data point is labeled an out-

k

lier at the 95% confidence level.
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I11.4 Properties and Comparisons of Tests

As in the previous chapter, the properties and compariscns of the
various tests are determined by the use of power curves. However, due to
the problems brought about by (Fi,Ti) data, the power curves were gener-
ated by simulation, and as a consequence the uncertainty in the power
curves is greater than in Chapter 2.

The one property which all of the power curves have in common is that
as the wvalue of the gamma parameter 3 in the prior distribution increases,
the power of the gests decreases, i.e., the power curve saturates at
larger values of k (See Fig. 3.1). The reason for this is that for n = 20,
T = 10,000 hr, and an average failure rate significantly less that lO_4 hr_l,
data sets in which no failures are present are not uncommon, (See Table 3.1)
and these data sets cannot be analyzed.

Neither the cumulative marginal method nor the binomial method using
the compound model with the outlier included in the gamma parameter calcu-
lations appear in any of the power curves, because in no case did either
of these methods detect an outlier. The reason for this is that in data
sets of size 20, an outlier will distort the estimated values of the para-
meters of the prior distribution to such an extent that it is not possible
to detect the cutlier.

The best method for detecting an outlier for 1 < o < 4 and
104_3 3 <4 x 106 (values for 2 and 3 outside these ranges were not studied
in this work is the cumulative marginal method were the values of 2z and 3
are known (See Fig.'s 3.2 to 3.4). However, in general, the values of
@ and 2 are not known and thus, this method is not practical.

The cumulative marginal method with the gamma parameters calculated by

the marginal matching moments method (MMMM) is a very poor method, and

be used with caution. The reason for this is twefold. First, for small
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values of the gamma parameter 2, the actual confidence level is less than
the thecreticzl condidence level, e.g., at kK = 1 a good data point is la-
beled an outlier more often than it should be (See Fig. 3.2). And
secondly, for larger values of 8, the power of this method is lower than
even the simple homogeneous model Fig.'s 3.3 and 3.4).

For smaller failure rates, i.e., ; <5 x lO_Shr_l, and all Ti equal,
the most powerful practical method of outlier detection is the binomial
method used in conjunction with the homogeneous model (See Fig. 3.4). TIf
all Ti are not equal, the most powerful method is the cumulative marginal
methed with the gamma parameters estimated using the prior matching mo-
ments method (PMMM) without using the potential outlier.

For larger failure rates, i.e., x> 5 x lO-5hr-l, the most powerful
practical method with the gamma parameters calculated using the PMMM,
and without using the potential cutlier (See Fig.'s 3.2 and 3.3).

Although the theoretical confidence level used in all calculations
was 95%, except for the cumulative marginal method with ; and ; calculated
via the MMM without using thz potential outlier, the actual confidence
level was always greater than 95%Z. This can be seen by noting that < = 1,
the powers of the various methods is below (.05 (See Fig.'s 3.1 to 3.4

Also, since the actual confidence levels* of the various tests are not

equal, it may not be completely fair to compare their powers.

*The probability of accepting I (outlier and data are from the same dis-
tribution) is less than the crifical level of significance chosen a
priori, e.g., a critical level of significance chosen, a priori, was 0.05
(5% chance of incorrectly rejecting H ), while there was actuallvy a much
smaller chance than 5% of incorrectly rejecting Ho'
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IV. Outliers in an Exponential Distribution

IV.l1 Introduction

The exponentizl distributiocon
EQA) = xeE

is a distribution which is very important in the analysis of failure rate
data for nuclear power plant components. The reason for this is that much
of the data which are available in the literature are in the form of time-
to-failure data. And since one of the basic premises of failure rate work
is that failures occur according to an exponential distribution, time-to-
failure data will be distributed according to an exponential distribution
(Mann, etal, 1974). Since an exponential distribution is a special case
of the gamma-distribution, the methods of detection of outliers in an ex-
ponential distribution are similar to those used for the detection of out-
liers in a gamma-distribution. In fact, Fisher's method of outlier de-
tection which was discussed in Chapter 2 will be discussed further in

this chapter.

As far as outlier detection is concerned, there is one major differ-
ence between time-to-failure data and failure rate data which are distri-
buted according to a gamma-distribution. Failure rate data for nuclear
power plant components, which are distributed according to a gamma-dis-
tribution, are assumed to contain no lower outliers, because the failure
rates are so low. That is, data in the literature are of the form F Fail-
ures in time T, where F is normally less than 4 and often 0. Thus, it is
impossible to detece lower outliers which might be present in these data,
and so the assumption is made that no lower outliers are present. Time-
to failure data, on the other hand, may contaian data in which a component
failed either abnormally earlv or abnormally late, and thus upper and

lower outliers are to be expected.
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This chapter is divided into four main sections. The first section
deals with Fisher's method applied to the exponential case. Dixon-type
statistics and their use in outlier detection are covered in the second
section. In the third section the determination of the number of outliers
to be tested for is discussed. And in the fourth section the properties

of the two types of tests are covered.

IV.2 Fisher's Method of Outlier Detectiomn

The foundation of Fisher's method for detecting outliers was dis-
cussed in Chapter 2. However, it was applied to upper outliers onlv.
The application of Fisher's method to lower outliers is very similar to
its application to upper outliers.

For the case of lower cutliers, the Fisher test statistic is

X, X ,+0 . oK
172 k
Ip = 2 s (4.1)
Ix
i
where X, <%y £ ... Sx are the data, and k is the number of outliers

being tested for.

The critical wvalues of the test statistic are found from the follow-

ing equation:

{(n-k) tF

n
P(TFitF) < (1{) P{sz’l,‘?(n“k)ﬂ.< R]__-—-EET 1, (4.

where n is the number of daca points, k is the number of outliers, and

F is the F distributi witt & a 2(n-k)a degrees of free .
e, 3 Brncilein t E stribution with 2kz and 2(n-k) grees of freedem

As before, P(TFEFF) is given either the value 0.01 or 0.05 in order to ob-

tain either the 99% or 957 confidence level, respectively.
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Since tables of the critical wvalues of the Fisher test statistic
for lower outliers were not found to exist, Table 4.1 was generated with
a computer program similar to the one used to generate the critical
values of the test statistic for upper outliers (see Appendix B). Since
the two programs are very similar, it can be assumed that the critical
values which were generated for lower outliers are also quite accurate.
Example 4.1:
The following data come from an exponential distribution.
0.,0549, 2,22, 17.4, 27.85 39.75 #4.53; 63.9, 119, 127; 290.
Determine if the smallest value is labeled as an cutlier at the
95% confidence level.

From Egq. 4.1,

5

20242 = 7.50%10 .

F - 0.0549+...+127+290

T

From Table 4.1, the critical wvalue of Fisher's test statistic

Pt
for n=10 and k=1 is found to be 5.568 x 10 . Thus, since

€ >Tp, 1.2.,5.568 x 107% > 7.50%10™°, the data point 0.0549

is labeled an outlier at the 95% confidence level.

b}

Example 5.2:

The following data come from an exponential distributicn.
9.84, 15.7, 1300, 2260, 2690, 3010, 5190, 5880, 8470, 9040,
9450, 9810, 14,800, 16,600, 21,000, 25,800
Determine if the two lower wvalues are cutliers at the 95% confi-
dence level.
From Eq. 4.1
9.84+15.7

I, = 5 gaais T+ 435 500 ~ 1+89x10
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From Table 4.1, the critical value of Fisher's test statistic
for n=10 and k=1 is found to be 5.568 x 10 '. Thus, since
i.e., 5.568 x 10™" > 7.50x10™°, the data point 0.049

tf>TF,

is labeled an outlier at the 95% confidence level.
Example 4.2:
The following data come from an exponential distribution.
9.84, 15.7, 1300, 2260, 2690, 3010, 5190, 5880, 8470, 9040,
9450, 9810, 14,800, 16,600, 21,000, 25,800
Determine if the two lower values are ocutliers at the 95% confi-

dence level.

From Eq. 4.1

_ 9.84+15.7
F  9.84+15.7+...4+25,800

-/
T = 1.89x10 "

From Table 4.1, the critical value of Fisher's test statistic

values are labeled as ocutliers at the 95% confidence level.

IV.3 Dixon's Method of Outlier Detection

Dixon (1950) developed a method for detecting outliers in normal
samples, and Likes (1966) applied this method to exponential distribu-
tions. Dixon's method, like Fisher's, is a hypothesis test. The naull
hypothesis, Ho’ is fhat all data come from the same exponential distri-

bution. The alternate hypothesis, H is that a certain number of data

l!

points, k < n, come from a distribution different from the distributiocn
of the main body of data.
The application of Dixon's method is similar to that of Fisher's.

It consists of calculating a test statistic, and then determining the

™
L.D,

probability of it being as large as it is.
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The Dixon test statistic is

X X
= 4
TD < % ° (4.3)
q P
where X, < s, £ ... 2x are the data, 1 <p <r <s <n, and

q-p > s-r. For example, for a data set of size 10, g=10, s=3, r=1, and
p=l1.) For the upper case, Dixon's test statistic becomes
X -X
n n-k
bz =_ (#3)

n  atl
where k is the number of upper outliers being tested for, and a is the
suspected number of upper outliers. The use of a2 and b will be discussed
in the next section.

The equation used to determine whether or not TD ig too large is

- (o-p)!
1-F(tD) (o) (lt)

gem mer <L) Pg-r=1) 31 (n-s+)t H(amq+i) (1t )]
X{iil k:l (1-1) 1 (k-1) ! (g-s-1i) ! (s-r-i) ! (g-p-i) ! (n~s+k)

r-p s-r (—l)q_sﬂ-'-k(s--}:+j—l)![(1:1—51+k)’:D+(:m—1:-%-j‘}(1.-tD)]_1
+ jil kil (-1 (k=L)! (r-p=j) ! (s-r-k)}!(g=-r+j-1)! (n-s+k) A

(4.7)

where F (tD) is the probability that TD ig less than €y P(TD < tD). TD

is substituted for t, on the right hand side of Eq. 4.7, and the value
obtained for F(TD) is the percent confidence which can be used in label-
ing the suspicious data as outliers. Thus, the critical wvalue of F(T.)

ig either 0.95 or 0.99. ({(Note that if q=s, the first set of double sums

is equal to zero, and if r=p, the second set of double sums 1is equal to

zero. )
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Example 4.3:
Using the data from Example 1, determine if the lower data point
is an outlier at the 95% counfidence level according to Dison's Method.

From Eq. 4.6,

2.22-.0549 _

Tp = 390-.0549 -

.00747.

From Eq. 4.7, with n-b=g=10, p=1, %k+i=s=2, and r=l,

_ (o-1t o
1-F(.00747) = 35gyT (1--00747)
¢ 02 Fh L0101 [(10-240) (.00747)
Timl kel EFLTGe-D)I(10-2-1)1(2-1-K)!

+ (10-104+2)(1-.00747)] "

(10-1-1i) ! (10-2+k)

1-1 2-
+ I z (...}
j=1 k=l
3 i+l -1
_ (-1) [(.0672)+(.99253)1]
= VIGHsEo3 B oD 1 (8-D) 1(9)
i=1
= ,835.
Thus,

F(.00747) = .165.
And thus, the wvalue .0549 is not labeled as an cutlier at the 93%
confidence level, because F(.00747) = 0.165 < 0.95.
If Table 4.2 had been used, the critical value of Dixon's test
statistic would have been found to be 0.140. And since T, = .00747 <

D

.0140, 0.0549 would not have been labeled an outlier.



Table 4.2. Critical values of
Dixon's test statistic at the
95% confidence level for a sin-
gle outlier with no suspected
outliers on the opposite end of
the spectrum. Taken from Bar-
nett and Lewis (1974), pp. 293
and 296,

(n) ™ 71
5 0.429 0.830
6 0.316 0.728
7 0.246 0.746
8 0.198 0.717
9 0.165 0.694
10 0.140 0.675
12 0.106 0.644
14 0.085 0.620
16 0.070 0.601
18 0.059 0.586

20 0.051 0..573
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Example 4.4:

The following data came from an exponential distribution.
1340, 2160, 4330, 4610, 8410, 11,500, 15,500, 17000,
31,000, 127,000

Determine if the largest data point is discordant at the 957%

confidence level.

From Eg. 4.5,

_ 127,000-31,000

Ty = T127,000-1340

= 0.764&,

From Egq. 4.7, with gq=n=10, p=gq=l, s=n0=10, and r=n-k=9,

(10-1)! ]
) = ae——_ Jiuz
L-F(.764) = (Forgsy  (1--764)
10-10 10-1
¥ L S (a.l)
i=] k=l
. a-l 10 (110303 +k (10 g44-1) 1 [ (o-10+k) (. 764)

s gy G-DTGR=DTG-1-1)1(10-9-0) 1{10-9+5-1)

+(10—9+j)(l-.764)]_l}

(10-10+k)
o i
= 91(.236) ? 13 resr e (L 236)1 7
o j=1 (3-1)!1(8-3)!
= (85,652)(1.6732x1077) = .0143.

Thus,
F(.764) = .9856.
And thus, since F(.764) > 0.95, the upper data peint is discordant

at the 95% confidence level. However, it is not discordant at the 99%
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confidence level. And since TD = 0.764 0.675, 127,000 would have been

labeled an outlier had Table 4.2 been used.

IV. Determination of the Number of Qutliers

Until now, no mention has been made of how to determine the number
of outliers which should be tested for in the exponential case. Unfortun-
ately, it is much more difficult in the exponential case than in the gamma
case to make this determination, because both upper and lower outliers are
of concern. However, due to the simplicity of the outlier tests themselves,
this problem poses no major obstacle.

When the Fisher test statistic is used, the number of data points,
which are to be tested for, is determined in a different way than is the
gamma case., The largest gap between consecutive data points relative to
the upper gap value is located, where x X

1 2 T

upon whether the gap occurs above or below the mean value of the data,

X - Then, depending

either upper or lower outliers, respectiwvely, are tested for.

A difference between the gamma and exponential cases also exists in
the criteria which are used to determine when the testing is complete.
The first criterion, which must be met before testing is complete, is that
both ends of the data spectrum must have negative tests for ocutliers.
Even though there might be a larger relative gap between data in the
upper region of the data than in the lower regicn, and no upper outlier
is found, a lower outlier could still be present. This is because dif-
ferent distributions are used for tae upper and lower regions to determine
the critical values of TF'

The second criterion which must be met is that lower outliers do
not swamp upper cutliers, and vise versa. Say, for example, that the
upper region of a set of data is tested for outliers, and that some are

found. Then the lower region is tested, and outliers are found. In this



case, the upper region must be retested, because outliers there might
have been swamped by the lower outliers during the first test.
Example 4.5:
The following data are known to come from an exponential distri-
bution.
2.523, 35.6, 66.5, 105, 195, 187, 278, 282, 302, 1430
Determine the number of discordant values in this data set at
the 95% confidence level.
The largest relative gap in the data occurs between 0.523 and
35.6. Thus, a single lower outlier is tested for. TFrom Eg. 4.1,
0.523

Tr = 9.523+...+1430 - 000181

From Table 4.1, the critical value of Fisher's test statistic is
found to be .0005568. Thus, 0.523 is found at present to be discordant,
and is removed from the data.

The largest relative gap in the data now occurs between 302 and

1430. Thus, a single upper ocutlier is tested for. From Eq. 2.4,

5 o 1430 e g
F  35.6+...+1430

The critical value of Fisher's test statistic (Table 2.1) is
found to be 0.4775. Thus, 1430 is found to be discordant, and will only
be tested again for discordancy if more lower outliers are found.

Now, since an upper discordant value was found, the value 0.523

must be retested. From Eq. 4.1,

= .000634.
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From Table 4.1, the critical value of Fisher's test statistic is
found to be 0.0008953. Thus, 35.6 is not discordant.
The largest relative gap between consecutive data points in the

upper end of the spectrum is between 197 and 278. Thus, 3 upper

outliers are tested for. From Eq. 2.4,

_ 27842824302
F 35.6+...+302

T .590.

From Table 2.3, the critical value of Fisher's test statistic is
found to be greater than 0.824. Thus, 278, 282, and 302 are not
outliers.

The testing is now complete, since no more upper or lower outliers
are present. Thus, two discordant values, 0.323 and 1430, were found

in the data set.

When the Dixon test statistic is used, the number of data points to
be tested for being outliers- is also determined by using the method of
finding the largest relative gap. However, due to its greater flexibi-
lity, there are some added steps in testing for outliers.

The greater flexibility of Dixon's method comes from the fact that
when the testing is being applied to find upper cutliers, it can be taken
into account that there might also be lower outliers present and vise
versa. Thus, the effects of masking and swamping by outliers from the
opposite end of the data spectrum can be reduced.

The method used to take into account that outliers might be present
on the opposite end of the data spectrum is as follows. Suppose that
suspicious data on the upper end of the spectrum are being tested. The

test is first applied assuming that no lower outliers are present,
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i.e., "a" in Eq. 4 is given the value 0. If these data are discordant,
they are labeled as outliers. However, if they are not discordant, the
testing on them continues. First, using the gap method, the number of
possible lower outliers is determined, and assigned the value a. Then,
the value of a is put into Eq. 4, and the test i1s repeated. If the upper
data are not found to be discordant this time, then they are net outliers,
and the testing on them is complete, for the time being at least. If the
upper data are found to be discordant when potential, lower outliers are
present, then the potential, lower outliers must be tested for discor-
dancy. This is done by using Eg. 4.6, and assuming that there are no upper
outliers, i.e., b is given the value 0. If the lower data are fcund to
be discordant by this method, then both the upper and the lower data are
outliers. If the lower data are not found to be discordant, then it is
tested again assuming that the upper data might be outliers, i.e., b is
given the value of the number of suspected upper outliers. If, by this
method, the lower data are found to be non-discordant, then neither the
upper nor the lower data are discordant, and the testing is complete. If,
on the other hand, the lower data are found to be non-discordant bv this
method, then it is not known whether both the upper and the lower data
are discordant or both are non-discordant. Thus, to be conservative,
they must be assumed to be non-discordant, are not labeled as outliers,
and the testing is complete.

Since, when Dixon's method is used, masking from the opposite end
of the data is taken into account, only one criterion need be met before
the testing is complete. It is that both ends of the data must have

undergone testing for outliers with the results being negative.
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Example 4.6:

Using Eq. 4.6 to test for a lower outlier gives,

_ 35.6-.523

Tp = T430-.523

From Table 4.2, the critical wvalue of Dixon's test statistic is

found to be 0.140. Thus, 0.523 must be further tested with Eq. 4.6,

setting b=1,

7 <271 _ 35.6-.523

= = ), 110,
- 20—
D xg xl 320-.523

/,

From Eq. 4.7,
= = )
1 F(TD) w2
and F(TD) = 0.808.

Thus, since F(TD) < 0.95, 0.523 is definitely not an outlier.
Further, unless there is more than the one suspected upper ocutlier,
there are no lower outliers,

Using Eq. 4.5 to test for a single upper outlier gives,

_ 1430-302

D = T430-.523 - 0-789%.

T
From Table 4.2, the critical value of Fisher's test statistic is
found to be 0.675. Thus, since T_ > td’ i.e., 0.789 > 0.675, 1430

D

is labeled an ocutlier, and removed from the data.
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The greatest relative gap between data in the upper end of the

spectrum is now between 197 and 278. Since it is not plausible tha

t

there would be 3 outliers in a data set of size 9, testing for upper

outliers will not be continued. And, since there is only the one
upper outlier, there are no more lower outliers. Thus, according
to Dis method, there is only one upper cutlier in the data set

of Ex. 4.5 at the 957% confidence level.

IV.5 Properties and Comparisons of Tests

The power of the tests for both upper and lower outliers show very

little variation as the value of the failure rate, A, varies. In fact,
: - -3 . -1 -7 -1 b ;

as the failure rate goes from 10 hr to 10 hr =, the wvariation in

the power of Fisher's test is so small that the calculated powers can be

plotted on the same line (See Fig.'s 4.1 and 4.2).

When upper outliers are being tested for, there is very little vari-

ation in the power of the tests as the number of data points in the data
set varies. In fact, as the number of data points n varies from 10 to
30, the variation is so small for Fisher's method that the calculated
powers can be plotted on the same line (See Fig. 4.3).

However, when lower outliers are being tested for, there is a dis-
tinct variation in the power of the tests as the number of data points
varies. As the value of n increases, the power of the tests decreases,
i.e., saturation occurs at larger values of x (See Fig. 4.4).

Fisher's method of outlier detection is better than Dixon's method
every case. For detecting upper outliers, the power of Fisher's method
in general, 5% more powerful (See Fig. 4.5). For detecting lower outlie
Fisher's method is substantially more powerful than Dixon's method. How

ever, neither method is very powerful (See Fig. 4.6).

in
is,
rs,
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As in the case of outlier detection in gamma distributions, although
the theoretical confidence level of all calculations carried out was 95%,
the actual confidence level was greater than 997Z. This is shown by the
fact that the power curves at « = 1 or Ink = 0 are below 0.0l (See Fig.'s
4.1 to 4.6). Also, since the actual confidence levels* of the wvarious
tests are not equal, it may not be completely "fair" to compare their

powers.

*#The probability of accepting H (outlier and data are from the same dis-
tribution) is less than the crifical level of significance chosen a priori,
e.g., a critical level of significance chosen, a priori, was 0.05 (5%
chance of inceorrectly rejecting HO), while there was actually a much
smaller chance than 5% of incorrectly rejecting Ho'
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V. Conclusions

For the detection of a single outlier in a gamma distribution, the
least desirable method is the integration method. The reason for this
is twofold. First, the power of the integration method compared to
other available methods is low. And second, the computations which are
necessary to apply the integration method are extremely cumbersome.
Fisher's method of outlier detection is much better than the integration
method. However, when the value of the parameter is unknown, which
often is the case for the distributions that model failure rate data,
the power of Fisher's method is substantially reduced. Surprisingly,
the best method for detecting outliers in a gamma distribution is the
conversion to normal method. In every case investigated, the normal
conversion method was the most powerful method for detecting a single
outlier. The normal conversion method is also attractive, because it
is simple, requiring only use of a hand calculator and a table of
critical values of the Grubbs test statistic.

For the detection of a single outlier in (Fi, Ti) data, the methods
in which the gamma parameters are calculated using the potential ocutlier
fail completely. When there are only 20 data points per data set, an
outlier will distort the values of the gamma parameters to such an
extent that the outlier will not be detected. The cumulative marginal
method with the gamma parameters calculated by the MMMM is a poor
method, and caution should be exercised with its use. This is because
for larger failure rates, its actual confidence level is less than its
theoretical confidence level, and for smaller failure rates, its power

is very low. For smaller failure rates, f.8 %5 % 10—5 hr_l, and
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with T = 10,000 hr and n = 20, the most powerful practical method of
single outlier detection is the binomial method used in conjunction with
the homogeneous failure model. For larger failure rates, i.e.,

A> 5x lO-5 hr—l, the most powerful practical method is the cumulative
marginal method with the gamma parameters calculated by the PMMM without
using the potential outlier. This method is also the best method of
detecting an outlier when X < 5 x 10_5 and all Ti are not the same.

For the detection of a single outlier in the exponential
distribution, Fisher's method is the best. It is approximately 5% more
powerful than Dixon's method for detecting an upper outlier, and much
more powerful than Dixon's method for detecting a single lower outlier.

One property of all of the recommended methods of outlier detection
in the above cases is that when the tests are performed for a
theoretical confidence level of 95%, the actuzl confidence level is well
above 99%. Thus, the theoretical confidence level is seen to be
conservative. Also, since the actual confidence levels* of the various

mn

test are not equal, it may not be "completely" '"fair" to compare their

powers.

*The probability of accepting H (outlier and data are from the
same distribution) is less than the critical level of significance
chosen, a priori, e.g., a critical level of significance chosen, a
priori, was 0.05 (5% chance of incorrectly rejecting HO), while there
was actually a much smaller chance than 5% of incorrectly rejecting Ho'
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Appendix A: Power Curve Generation

In the past, power curves for outlier detection techniques have
been generated strictly via simulation. That is, sets of data were
generated from a parent distribution, outliers were generated from a
second distribution, and the outliers were then tested for discordancy
against the data sets.

However, there is a second, and better method for generating a
power curve for single outlier detection. It is developed as follows
for the gamma family using Fisher's method of outlier detection (See
Section II.2).

Let g(w,B) be the parent gamma distribution used to generate the
data points xij’ i=1,2, ... , ¥ j=1, 2, ... , n-1l, where N is the

number of data sets and n is the number of data points per data set.

Let g(ak,sk), be the gamma distribution used to generate the
outliers xi, i=1, 2, «vs , N

Let to, the critical value of Fisher's test statistic, be a known
value.

And finally, let x be calculated as follows,

(ch
n-1
E izl o
o1 T TEe, (4.1
F
Thus, since
xci
°r T a1 ’
) F %
i=1 1 e

Xci is seen to be the critical wvalue which is used to determine whether

or not a data point is discordant or not.
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Now, if one desires to know the probability that xi is detected as

being an outlier, it is equivalent to wanting to know P(xi 3_xci).

When the values of x 4 are plotted, they give rise to a curve whose
form is unknown, say fl(x). Letting

fl(X)
N 3

f(x) = (A.2)

f(x) is seen to be the probability distribution of X4 F(x) is the

cumulative distribution of X0 i.e.,
F(x) = fmf(x)dx 5 (A.3)
o]

which can be thought of as the probability that any given value, say a,
is greater than X g Lee, P(a z_xci).

In order to simplify matters, rather than having f(x) be a
continuous function of unknown form it can be a histogram with m

intervals of width Ax, f(xl), where the x, occur in the middle of the

intervals, and

2
f(xl) =5 > (A.4)

where z, is the number of Xci which occur between X, - Ax and X - Thus,

Il ~1o

F(xb) =£ 1f(xi) (A.5)

is approximately the average probability over the interval (xb - 1/2 2&x,

X + 1/2 AX) that a given value is greater than X g0 i.e.,

1

F(x)dx (A.6)

(see Fig. A.l).
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The probability that a point xi generated by the function g(ak,sk)
is detected as an outlier, P(xi 3_xci), is the probability that xi will
have a particular value times the probability that that wvalue is greater

than xci summed over all possible values of xi:

P (x> x ) = EF(X)g(ak,Bk)dx

1
& Ki+ sz -
= J F(xl)f 1 ax8(s B ldx +J 1 8le,8dx (A7)
=1 X5 xm+5-ﬂx

(see Fig. A.2).

By using some scheme to determine wvalues for a, and Bk’ a power

k
curve showing the power of Fisher's method of cutlier detection can be
generated. One possible scheme is' as follows:

1) Set u

]

U= a/B

2

2) Set o a/8

3) Set k = 1

4) @ = uZ/UZ

5) 8, = u/o

6) Find P(x] > x_,)
7) k=x+1

8) wu = ku

9) 1f P(xi 3_xci) < 0.99, go to step 4, otherwise stop.
The above development was done for Fisher's method. However, it

can easily be extended to other methods. The only thing which must be

changed is the manner in which the x4 are calculated. Also, the

development can be extended to a family other than the gamma family

simply changing the form of g(...).
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Appendix B: Critical Values of Fisher's Test Statistic

The following two programs are for calculating critical wvalues of

Fisher's test statistie, t The theorv behind these programs is as

P
follows.
The critical values of Fisher's test statistic are found from Eq.'s

2.4 and 4.2, i.e.,

(n—k)tr

n -
P(TF = tF) £ (k) P[szﬁ,Z(n—-k)a > m]’ (B.l)

where P('I'F g_tF) is either 05. or .0l for upper outliers for either the

957% or 99% confidence level, respectively, and P(T g_tF) is either .95

F
or .99 for lower outliers for either the 95% or 99% confidence level,

respectively. Thus, if an x can be found which satisfies

rx

| Foka,2(n-kye ®I4x = BTy < )/ (s (3.2)
a b
(n-k)tF
then X =-ETI:EET, (8.3)
Xk ,
°F T Xk+n-k’ (B.4)

The following programs find the values of x which satisfy Eq. B.2

by an iterative method, and then the critical value of Fisher's test

statistic is found via Egq. B.4.
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The following is a program for generating the critical values of Fisher's
test statistic for upper outliers in a gamma distribution.

In the driving program:

N = number of data points in a data set

K = number of outliers in a data set

C = comnstant in the F-distribution

A = lower limit of integration

B = upper limit of integration

X(1,J) = values of x in Eq. B.2

T(I,J) = critical values of Fisher's test statistic

The subroutine 'FDIST' is for calculating values of the F-distribution.
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IMPLICIT REAL*8 (A-H,C-1)

REAL*8 INT{20,101) NA, KA, NKa

DIMENSION T110s20,10),X(20,1C)4NR(20) ALPH{LO),INMIN(LO)
COMMCN /CONST/ CoNA KAsN:&

EXTERNAL FOIST

READ IN VALUES OF N (5, &y Ty 8y 9. 10y 12, l4, l&, 18, 20, 25,
30, 35, 46, 50, 60, 80, 100)

READ(5.,8) (NRII),I=L,19)
FORMAT (1913)

SET THE PERCENT OF THE DISCORDANCY TEST

USE 'ODC 3 IPCT=L,2" FCR BC0TH 952 AND SS£& CCNFICENCE LEVELS
iPCT=1

[FIIPCT . EQ.11PCT=0.05

IF{IPCT.EQ.2]PCT=0.0L

00 3 JCT=1,10

ALPHA=C.5#DFLCATLJOT)

IF({JOT.EQ.9ALPHA=6.0DC

IF{JOT.EC.LO}ALPHA=0,250C0

ALPH{JOT)=ALPHA

K=7=-J

ALLCw CNLY 332 OF CATA TO BE QUTLIERS

[IFIK.EQallI1l=1
IFIK.EQ.2)ILl=2
IF{K.EQ.3) [1=5
IF{K.EQ.4)11=7
IF{K.EQ.5)11=8
IFiK.EQ.86)11l=10
IFIK.EC.T}I1l=L1
[FIK.CGE.8)[1l=12
NO [=20-11
INMIN(K)=11

CC 1 #¥=1,NDI
I=20-M

N=NR{I)

CALCULATE DESIRED PRECISICA AND MAXIMUN VALUE CF INTEGRAL

FNaDLGAMA(DFLOAT{N)+1.CQ)
FX=0LGAMA(OFLOAT(K]I+1.00)
FNK=OLGAMA(CFLOAT (N-K)+1.00)
FAC=DEXP (FAN=FK-FNK)
PREC=0.0C10D0/FAC

D=PCT/FAC

TINTMX=1,003-0

C #*x= AVCQIC INTEGRAL EQUALING L (OUE TO COMPUTER ACCURACY)

c



[zinNal
5
*

C #*%s

x%

OOn

EEX

OO0

10

L

C »%x

85

IF(DaLE.1.0-11)X{1,K1=1.2400DGC
IF(DeLELl.D-11)G0 TO 1

CALCULATE CONSTANT [N F DISTRISUTICN

NA=OFLOATIN) #ALPHA
KA=DFLCAT(K)*ALPHA
NKA=DFLOAT (N=K] *AL PHA
GNA=CLGAMA(NA)

GKA=DLGAMA(KA)

GNKA=OLGAMA(NKA}
GAM=DEXP(GNA-GKA-GNKA )
C=GAM=*(DFLCOAT(K) /DFLOATIN=-K) ) *=KA
TOTINT=0.000

DETERMINE FIRST INTERVAL CF [ATEGRATICN

4=0,300

IF{K.EQe6.AND.[.EQ.19)8=1.24C00
lFIK.LE-5-AND-I-EC.1913=0-SOCE‘1II;kal
IF{l«LE.18)8=0.3000*xX{I+1l,X)
IF{KA.GT.1.300)G0 TO 5

AVOID SINGULARITY [N F-DISTRIBUTICN

A=1.000C

3=10000.C00

CALL CNCT7(FOIST,A,B,PREC,APRCX,IERR]
TOTINT=1.000-APROX

A=1.000

8=2.300 ’

CALL CNCTU(FOIST 1AsBsPRECYPARINT, IERR,
TCTINT=TQTINT+PARINT
IF(TCTINT.OT.TINTMX)GG TO 1O

JETERMINE IF FURTHER INTEGRATION IS NEEDED
ERR=04AB5((8-A) /8]
CETERMINE 2NC+ 3RCrass INTERVALS OF INTEGRATION

A=3

FDISTA=FCIST (A}
E=A+{TINTMX-TOTINT)/FDISTA
IFIERR.LELJ.00351GC TC &

30 T0 5

TOTINT=TCTINT=PARINT
3=8-0.20C0=(8=-4)

GO TO 5

FDISTB=FCISTI(3)
X{IsK)=A+(TINTMX-TOTINT) /FCLST3
TIJOT» [yKI=X{ I, K} *=0FLOAT(K)/{X{[ K)*0FLCATI(K)+OFLOATIN-K]) )
CONTINUE

CONTINUE

CUTPUT RESULTS

CO 15 K=1,86
WRITE(&,1€6]) X
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INM=INMIN(K)
WRITE(6417) ALPHULO), (ALPKR(I),I=1,5)
WRITE(5418) (NR{IJsT(1O¢1+K) +{T(JCT+[4K)sJCT=1,9),1=1NM,19)
15 COMNTINUE
C
C *=x FORMATS
c
16 FORMAT{'L1",51X,11+" QUTLIERIS)' o/ s/ 4/ 0/ e/)
L7 FORMATI(' ',3X,'NO. OF *',42X,"ALPHA",/," OATA PTS. *',/,5X,
1L '"i{N) ®! JFBe2+3F9.2,/,2X,10('=1),121,93(1=1))
18 FORMATIY "34X,19(13,4X,'*!",10(34X,F6a%)s/4+5X))
WRITE(S.9)
9 FORMAT('L")
sTCP
END

C #3* CALCULATE VALJE FC F-CISTRIBUTIIN

REAL FUNCTION FOIST#8(x)
IMPLICIT REAL*8 {A-H,C-1)
REAL*3 NA,KA,NKA
CCMMCN /CONST/ CaNAJKAyNyK
[F {XeEQe Ca0aANDKALLT.1.)GC TC 2
IF(X.EQC.Qe0 ANC.XA.EJ.1.1G0 TC 3
IF{X.EC.C.0)GD TO 1
A= (KA-1.)*0L0OG(X)
B=NA#DLOG(1.+X*OFLCAT(K) /OFLGATIN=K})
ABC=4-3+0LGGIC)
[FIABC.LE.-150.)Gd TO 1
IF{ABC.GE.172.577)G0 TC 2
FDIST=0EXP(ABC)
RETURN

1 FDIST=Q.
RETURN

2 FDIST=8.SE 74
RETURN )

3 FOIST=(NA-L1.)*DFLCAT(K)/CFLOAT{N=-K)
RETURN
END
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SUBROUTINE QNC7 -- DCUBLE PRECISICN I2M™ 370 VERSION
PURPCOSE

QGNC?7 INTEGRATES REAL FUNCTIONS CF CNE VARIAHLE CVER FINITE
INTERVALS, USING AN ADAPTIVE T—POINT NEWTON-CCTES ALGORITHM.
QNC7 IS EFFICIENT CVER A wIDE RANGE CF ACCURACIES, BUT QNC3
MAY BE MORE EFFICIENT ON OIFFICULT LOw ACCURACY PROBLEMS,
AND GAUSB MAY BE MCRE EFFICIENT ON FIGR ACCURACY PROBLEMS
(ERR LESS THAN 1.D-03, S5AT) OR CN PRCBLEMS INVOLVING VERY

SMCCTF FUNCTIONS.

USAGE
CALL CNCTIFUNsA4BsERR,ANS ) IERR])
FUN ~— NAME OF EXTERNAL FUNCTION TC BE INTEGRATED. THIS NAME
MUST BE I[N AN EXTERNAL STATEMENT IN THE CALLING PROGRAM
FUN MUST 8E A FUNCTION OF CNE REAL ARGUMENT (THE
VARIABLE OF INTEGRATION].
A = LOWER LIMIT CF INTEGRAL.
B - UPPER LIMIT CF INTEGRAL (MAY BE LESS THAN A).
ERR = USER=-SUPPLIED ERRCR PARAMETER. ANS wILL NGRMALLY HRAVE
NO MORE ERRCR THAN ERR TIMES THE INTEGRAL CF THE
ABSCLLTE VALLE CF Fubix).
ANS — COMPUTED VALUE COF INTEGRAL.
[ERR - ERROR PARAMETER SET 3Y QNCT:
[ERR = 1 IS NORMAL.
IERR = 2 MEANS ANS [S5S PROBABLY INSUFFICIENTLY ACCURATE.
SUBRCUTINES AND FUNCTION SUBPROGRAMS REQUIRED

THE EXTERNAL FUNCTICN FUN({X) MUST EE SUPPLIED BY THE UJSER.

METHGC

AN ADAPTIVE 7-PCINT NEWTCN=-COTES ALGCR2THRM WITH [NTERVAL
BISECTICN, CCMBINED RELATIVE/ABSCLUTE ERRCR CCNTRCL:»
ESTIMATICN CF TCTAL QUADRATURE ERACR, ANCD CCMPUTED MAXIMUM
REFINEMENT LEVEL WHEN A IS5 CLOSE TG B.

RAEMARKS

THIS ROUTINE HAS B3EEN ADAPTED FCR CCUBLE PRECISION USE ON THE
IBM 370/158 B8Y JEFFREY Ce RYMAN, CEPT. CF NUCLEAR ENGINEERINGs
KANSAS STATE UNIVERSITY, MANHATTAN, XKANSAS £6506. THIS I3 AN
ADAPTATICN COF THE SUBRCUTIME JNCT BY RANDALL E. JONES, FRUM
THE SANDIA MATHEMATICAL PRCGRAM LIBRARY, MATHEMATICAL
CCMPUTING SERVICES CIVISION 5422, SANCIA LABGRATGRIES,

Pe0e BCX 5800, ALBUQUERQUE, N.M. 57115, COC 64630 VERSICN 4.7,
18 JULY 1972. A CCPY CF TEIS ROUTINE MAY BE FOUND ON PAGE o0
gF: ADAMS ) KeGey BIGGSe Fey ANC RENKENy JoeFes T'D[NT: A
CCMPUTER PROGRAM WhICH PREPARES MULTIGROUP CCHERENT-INCOHERENT
CROSS5 SECTICNS FCR PHCTCN TRANSPORT CALCULATICONS', AEC REPGCRT
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Cr=xx SC-RR-T72 0684, DEC. 1972. THE CRIFTNAL RCUTINE wAS 3Y DAVID
Craxx L. KARANER, LASL.

Csses

Craxx IT SHOULD BE NOTED THAT THE DEFAULT AND MAXIMUM ALLOWABLE

Crexx REFINEMENT LEVELS RAVE BEEN LEFT THE SAME AS IN THE CDC
Crexx 660C VERSION.

Crxex
Crexs
Crsxs

9 886899 SSSIITOITTOTE F0S TS 2T VBIE I SO W SISV ES IRV SEsG SIS s sasmTR e "

SUBRCUTINE QNCTIFUN,/A/,/B/y /ERR//ANS//IERRY)
IMPLICIT REAL*8 (A-H,0-1)
CIMENS ION AA(40),HHL4Q),LR{4C),VLL4Q) ,QTR{4C) ,F(13),FL(4Q),F2(4Q),
LF3(40)sF4(40)4F5(40) +F5(40).F71(401}
Cx*%xx MISCELLANEOUS PARAMETERS.
DATA 5C2/1.41421356237309500/
DATA LMN,NLMX, KMX,KML,N8ITS5/2,40,5000,7,48/
C=xxx [NITIALIZE.
ANS=0.CC
IERR=1
IF(A.EC.E) RETURN
Wl=41.00/140.00
W2=216.0C/140.00
n3=27.00/140.00
W4=2T72.00/140.00
LMX=NLMX
I[FIB.EQ.0.D00) GO TQ 3
[F(OSIGNI{l.D00,8)=A.LE.Q.D0) GO TO 3
C=0ABS(1.00-4/8B)
IF(C.GT.J.100) GO TO 3
NIB==ICINTICLGGI(C)/OLCG({24.C0))
MX=MINQINLMX,NBITS=-NIB-8)
LMX=MAXO (LMX s LMN)
3 TCL=0OMAX1(ERR,2.00** (5=-NB[TS}1}/2.00
IF{ERR.LT.0.00) TOL=0.5D-6
EPS=TCL
RH{l}=(8-A)/12.00
AA(Ll)=A
LR{l)=1
COo 4 I=1,13,2
4 FUI)=FUN(A+OFLCAT(I-1}=HA(1)}
K=7
L=1
AR EA=C.CC
C7=0.C0
EF=128.0C/255.00
CE=0.,D0
C*#**¥x (CCMPUTE REFINED ESTIMATES, ESTIMATE THE ERRCR, cTC.
5 CO & [=2,1242
& FLI)=FUNIAA(L)+DFLCAT(I=1)=KKH{L))
K=K+é&
JTL=HHIL)*=((WL*(F{L)+F(T))+W2*(F(2)+F(&)) )+ (a3 (F(3)+F(5]))rna=sF(4]
1))
QTIRIL)=HHEIL) *{{Wl=(F(T)Y+FI{13)} ) +W2=(F{B1+F{L2)))#lnd=(Fi(F)+F(1L)}+r
La*F{101))
AREA=AREA+ (DASS(QTLI+CABS{<Q7RIL) I=-CABSICT)]
IFILLT.LMN) GO TO 11
Q12=QTL+Q7RI(L)
[F (CABSIQ7=J13).EQ.0.CD0.0R.EF.EQ.3.CCC) GOTC 578
IS=SGNI(EF]



678
679
551

552

555
558

Crsxsx
13

11

Cezesx
12
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TMPL=DLOG(DABS (Q7—-QLl3) ) +0LOGICABS(EF) ]}
EE=0XP(TMPL)*]S

GOTC 679

EE=C. CDC

[F {EPS.NE.0.000.AND.AREA.NE.C.JDQ) GOTC 551
TMPLl=0.000

GOTO 552

IS=SGNIAREA)*SGN(EPS)
TMPLl=0XP(DLOG(DABS(EPS) ) +DLOG(DABSIAREA) }I=IS
IF (Q13.NE.Q.OCO) GOTO 555
TMP2=0.CDQ

GOTO 558

[S=SGNI(TOL)
TMPZ2=0XP{OLOG{DABSI{TOL)}+DLCG(DABSI(IL3)) ) =[S
AE=OMAXL(TMPL,TMP2)

IF{EE-AE) 8,8,10

CE=CE+((7-Q13)

Gd TC S

IF (Q7-Q13.EQ9.0.0D03) GOTC 9
[S1=SGN(L7-Q13)
TMP=0XP(OLOG(DABS(Q7-Ql3})-DLCGI1255.00011)
CE=CE+[S1*TMP

IFILRIL)) 12,1214

CONSIDER THE LEFT HALF OF NEXT LEVEL.
[F[KaGToKMX) LMX=KHML

IF{L.GE.LMX) GC TO 7

L=L+1

EPS=EPS5/2.00

IF{L.LE.15) EF=EF/5Q2
HH(L)=hH{L=1)}/2.00

LRI{LI==1

AA{L)=3A(L-1)

Q7=Q7L

FLIL)=FLT7)

F2({L)=F(8)

F3(L)=F(S])

F4 (L)=F(10)

F5{L)=F{1l1)

F&(L)=F{12)

FTI{L)=F{13)

FI13)=F(T)

FILl)=F(&)

FLSI=F(5)

FLTI=F (4]

Ftsl=F(3)

F(3)=F(2)

G0 10 5

PRGCEED 7O RIGHT HALF AT THI S LEVEL.
VL {L)=C13

A7=Q7R(L-1)

LRILI=1

AA(L)=AA(L)+12.D0=HH(L)

FLLI=FLIL)

- F{3)=F21(L)

FU5)=F3(L)
F(T)=F4(L)
F{si=F3(L)
Flll)=Fe&lL)
FL13)=FT(L]
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GO TO 5
Cx*xx RETURN ONE LEVEL.

14 VR=Q13

15 IF(L.LE.L) GO TG 18
IF(L.LE.15) EF=EF*5Q2
EPS=EPS*2.00
L=L-1
IFILRIL).GT.J) GO TO 17
VL(L)=VLIL+*1])+VR
GO 10 13

17 VR=vL(L+1)+VR
GO TO 15

Ce=xx EXIT.

18 ANS=VR
IF (TCL.EQ.0.000.0R.AREA.EQ.0.0001) GOTO 789
I5=SGN(TCLI*3GN{AREA)
TMPL1l=CLCG(DABS({TUL)1+0LOGIOABS{AREA])]
TMPL=DXPI(THMPL} )
GOTO 790

789 TMFL=0.0C0
790 IF(DABSICE).LE.2.00*TMPL) RETURN

[ERR=2
RETURN

Cl*‘ttf’:Ei*-‘!-‘#“!###"#t‘*t‘#-‘*“#"#**“#‘il*#'t"3!#‘-‘““!#““#-‘#4!
C* CXP FUNCTION
CEFIXXX X XXX EIFIIZIXITXZXZIXXITXIFEFEITIRTEXITEIIIIFIEFIBINENIFIFIXITENIRNEINRZX &
[0 ]
C* THIS FUMCTICN ERRCR CHECKS TrEN EVALATES CEXP(X).
C*
C*
C=
REAL FUNCTION OXP*8(x)
REAL#*8 DEXP+X,CABS
IF (DABS(X).GT.173.000) GCTG 19
CXP=DEXAP{X]
RETURN
Lo IF {x) 2C,20,30
20 2XP=0.JC0
RETURN
30 oxP=1.0C70Q
RETURN
ENC
23333 A IR R I A IR E N E P I R N S I T I TN E R IR N SN IR N F X IR SIS RIS F AR S &
L=
C= SGN
C=
CEFEEF B I FITFNRIRXFIFF I IR XX IR IR FIFXEIXIIFFFISIFIFIFRBFFTERSIIAIFIEXRXITTZAZ

THIS FUNCTION RETURNS A NEGATIVE L.0DO0 FCR NEGATIVE X, CR A POSITIVE
1.3DQ FCR VYALUES OF X GREATER THAN COR E£CUAL TC J.J09.

OO0 0D

REAL FUNCTICN SGN*8 (X)
REAL*3 X
[F (X) 103,290,230
133 3GN==-1.CC0
RETURN
2C3  3GN=1.CCC
RETURN
END
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The following is a program for generating the critical values of Fisher's
test statistic for lower outliers in an exponential distribution.

In the driving program;

N = number of data points in a data set

K = number of outliers in a data set

C = constant in the F-distribution

A = lower limit of integration

B = upper limit of integration

X(I,J) = values of x in Eq. B.2

T(1I,J) = critical values of Fisher's test statistic

The subprogram 'FDIST' is for calculating values of the F-distributiom.
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IMPLICIT REAL#8 [(A-H,C-Z)
REAL*8 INT(20,101) ,NA,KA,NKA
CIMENSICN T(20,101,NR{20)
COMMON /CONST/ CoNAJKAINyK
EXTERNAL FDIST

READ IN VALUES OQF N (5, 6+ 7y 8y 9y 1Cy 12, 14, 16, 18, 29, 25,
30, 35, 40, 50, 60, 8C, 120}

READ(5,8) (NR(1),I=1,15)
FORMAT (1913)

SET THE PERCENT OF THE DISCORCANCY TEST

USE '0OC 2 [PCT=1,2' FCR BOTH S53 AND $9% CONFIDENCE LEVELS
[PCT=1

IF(IPCT.EQ.LJPCT=0.050CA

IF(IPCT.EQ.2)PCT=0.01000

ALPHA=1.000

00 1 J=L,8

K=T7=J

ALLOW CNLY 333 OF DATA TC BE CUTLIERS

IF(K.EQ.1)I1l=1
IF(K.EQCa2)ILl=2
[F(KeEQ.3)I1=5
[FIK.EQ.4)[1=7
IF(KJEC.5)T1=8
IF(KEQ.8)IL=10
[FIK.EC.TIIl=11
[FIK.GE.8)I1=12
NOI=20-11

00 1 M=1,NOI
[=20-M

N=ANRIT)

CALCULATE DESIRED PRECISICN AND YAXIMUM VALUE CF [NTEGRAL

FN=OLGAMA{DFLCATIN)+1.00)
FX=0LGAMA(DFLCAT(KI+1.0J)
FNK=DLGAMA{DFLCAT{N-K]+1.C0O)
FAC=CEXP{FN=FK=FNK)
PREC=0.0C1000/FAC
TINTMX=PCT/FAC

CALCULATE CONSTANT IN F DISTRIBUTICN

NA=OFLCATIN)®ALPHA
KA=DFLCAT(K)=ALPHA
NKA=DFLOAT(N=K)*ALPHA
GNA=DLGAMA(NA)
GKA=CLGAMA(KA)
CGNKA=CLGAMA{NKA]
GAM=0EXP (GNA-GKA=-GNKA)
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C=GAM* (DFLCAT(K) /DFLOAT{N=K) ) 3*%KA
TOTINT=Q.000Q

DETERMINE FIRST INTERVAL CF I[ANTEGRATICN

A=0.000

8=0.2500C

[F{KA.GT.1.3001G0 TO 5

3= {TINTMX=-TOTINT) /FDIST(A!

CALL CNCT{(FDIST,A,8,PREC,PARINT, [ERR)
IFlA«GT<BANDPARINT «GT. 0000 IPARINT=C.JCO=PARINT
TOTINT=TCTINT+PARINT

QETERMINE IF FURTHER INTEGRATION IS NEEDED
ERR=DABS [{EB-A)/B)
CETERMINE 2NOy 3ROysea.. INTERVALS OF INTEGRATION

A=g

FDISTA=FCIST(A)

B=A+{TINTMX-TOTINT)}/FDISTA
[F{ERR.LE.J.JQ05000)GC TO 4

GO TC 5

X=A+(TINTMX=TCTINT)/FOIST(A)
[FIA.GT.BIX=A+(TINTMX=-TOTINT)/FOIST(B)
TII+K)=X*DFLOATIK)/(X*OFLOAT (KI+0OFLOATIN=-K) ]
CONTINUE

QUTPUT

WRITE(6,11) ALPHA

FORMAT (# 1% 51X, " ALPHA=",F5.2,/4/ 074/ 4 /)

WRITE(6,6) (I,1=1,6)

FORMAT (' *,3X,'NO. OF?,2X,'#?,23X, '"NUNBER CF CUTLIERS (K}',/,2X,
POATA PTS.? 1Ky "¢ 3/ 5%y 'IN) 20X s %0 ,6X06(12,12X)4742X,1G00=1),
w1 ,37(1=1))

ARITE(8,7) (NRUI)oIT{Tsdl)sdl=1s8),0=1,15)

FORMAT(! *,4X,15(13,4X," %" ,2X,6(FL1e9,3X),/45X))

CONTINUE

WRITE(645)

FCRMAT('1')

sTCP

END
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REAL FUNCTION FDIST=#8(X])
IMPLICIT REAL=*8 (A-H,C-1)
REAL#38 NA,KA,NKA
COMMON /CCONST/ CNASKA,NWK
IF({X.EQa0.000.AND.XA.LT.1.00CIGD TC 2
IF{XeEQaC 000 ANDKALEQC.1.30Q1G0 TC 3
IF{X.EQ.GC.0001)GC TO 1
A=(KA-1.0CO)*0LOGI(X)
3=NA*CLCG{l.0D0+X*DFLCAT(K)/CFLOATIN=K]) )
ABC=A4-8+0LOGI(C)
IF{ABC.LE.-150.)GC TQO 1
IF{ABC.GE.L172.577)G0 T4 2
FDIST=CEXP(ABC)
RETURN

1l FDIST=3d.C00
RETURN

2 FOIST=8.50 74
RE TURM

3 FDIST=(NA—-1.000)=*0FLOAT(K)/DFLOAT (A=K]
RETURN
ENC

-
c
R I A S S R N NS R R RN A N N AR SRR S ST RS XA BN IR AN B AT TE S5 4
C= OXP FUNCTICN
o S A R R R R R R S S A R I RIS S P AR IR SR SIS S R F RSB SRR S SRS
cC=*
E' THIS FUNCTICN ERACR CHECKS TFEN EVALATES CEXP(X).
S
C*
cC=*
REAL FUNCTION DOXP=8(X)
REAL#*8 CEXP,X,0A35
[F IDABS{X).GT.170.300) GCTO 1Q
CXP=0EXP(X)
RETURN
1J IF (X]) 20,20430
29 DXP=0.0C0C
RETUAN
30 OxP=1.CO070
RE TURN
END
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Cexex

Cs¥xx SUBROUTINE QNCT —— DCOUBLE PRECISION IBM 370 VERSICN

Crxeex

C=#%xx PURPCSE

o & = = QNC7 INTEGRATES REAL FUNCTICNS OF CNE VWARIABLE CVER FINITE

Craxx INTERVALSy USING AN ADAPTIVE 7-POINT NEWTCN-CCTES ALGCRITHM.
Crexs QNCT7 IS EFFICIENT OVER 4 wIDE RANGE CF ACCURACIES, 3UT QNC3
C=xxx MAY 8E MORE ZFFICIENT ON CIFFICULT LOw ACCURACY PROBLEMS,
Crxex AND GAUS8 MAY B3E MCRE SFFICIENT ON FIGR ACCURACY PROBLEMS
Cranx (ERR LESS THAN 1.,0-C3, SAT) QR CN PROBLEMS INVCLVING VERY
Csxxx SMOOTH FUNCTIGNS.

Craxx

Cx*xx (JSAGE
Cxxxx CALL CNC7(FUN,A,8,ERR,ANS,IERR)

Crxxx
CExxs FUNM - MNAME OF EXTERNAL FUMTICN TC 2E INTEGRATED. THIS NAME
C*xxs MUST BE [N AN EXTERNMAL STATEMENT I[N THE CALLING PRCGRAM,
Ce*=xx FUN MUST BE A FUNCTICN OF CNE REAL ARGUMENT (THE

CHzxx VARIABLE OF INTEGRATICNI.

Cr¥ses A - LOWER LIMIT CF INTEGRAL.

CHexx a8 - UPPER LIMIT CF INTEGRAL (¥MAY BE LESS TRAN A).

Cxxxx ERR = USER-SUPPLIED ERROR PARAMETER. ANS WILL NURMALLY HAVE
Cex%x NO MCRE ERRCR THAN ERR TIMES TrE INTEGRAL CF THE

Cesxs ABSOLUTE VALUE CF FLAIX).

Ceeiex ANS = COMPUTED VALUE CF INTEGRAL.

Cxaxz IERR - ERROR PARAMETER SET BY «NCT:

Ceexx [ERR = 1 [S5 NORMAL.

Cxaxx IERR = 2 MEANS ANS [S PRCBABLY INSUFFICIENTLY ACCURATE.
CExxx

Cxxxx SUBRUGUTINES AMD FUNCTICN SUBFRCGRAMS REQUIRED

Caxxx THE EXTERNAL FUNCTION FUN(X) MUST 88 SUPPLIED 3Y THE JSER.
Cexx=x

Cssxx METHCO

Cxexx AN ACAPTIVE T7=-POINT NEWTON=-COTES ALGCR2THM wITH I[NTERVAL

Cxxxx BISECTICNy, COMBINED RELATIVE/ABSCLUTE ERRKRCR CCONTRCL,

Cexxx ESTIMATION OF TOTAL QUADRATURE ERRCR, AND CCMPUTED MAX [MUM
Ceesx REF INEMENT LEVEL WREN A [S CLOSE TC B.

Cxxxx

C#**= REMARKS

Ce3nx THIS RCUTINE HAS BEEN ACAPTED FCR CCUBLE PRECISICN USE ON THE
Crxxx I34 3707158 BY JEFFREY C. RYMAN, DEPT. OF NUCLEAR ENGINEZERING,

Cxexx KANSAS STATE UNIVERSITY, MANHATTAN, KANSAS £56506. THIS [5 AN
Coexx ADAPTATION CF THE SUBRCUTINE ONCT BY RANDALL E. JCNESs FRCM
CExsx THE SANDIA MATHEMATICAL PRCGRAM LIBRARY, MATHEMATICAL

Cxaxs CCMPUTING SERVICES DIVISICAN 5422, SANCTA LABCRATCRIES,

Cx¥x% P.0. 30X 530G, ALBUQUERQUE, N.M, 87115, CDC 6800 VEKSICN 4.7,
Ceoxz 13 JULY 1972. A CCPY CF TrIS RCUTINE MAY 3t FCOUND CN PAGE acC
CExaxx CF: ACAMS; KeGey BIGGSs Far AND RENKENy JoHay 'CINT: A

Ceexx CCMPUTER PROGRAM WHICH PREPARES MULTIGROUP COHERENT-INCCHERENT
Caxs CRGSS SECTICNS FOR PHCOTCN TRANSPCRT CALCULATICNS', AEC REPCRT
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Craxx SC-RR=-T2 0684, DEC. 1972. THE CRIGINAL RCUTINE WAS BY DAVID
Cxaax L. KARANER, LASL.

Crsxs

Craxx IT SHCULD BE NOTED THAT THE DEFAULT AND MAXIMUM ALLCWABLE

Cxsxx REFINEMENT LEVELS RAVE BEEN LEFT THE SAME AS [N TRE COC
C*sax 6600 VERSICN.
Csexx
Cx3xx l..-lll.‘.l.....ll".ICC..II.l‘..C.l..-l..‘.‘..ll-..‘.l-!....o-ll.
C*esx
SUBROUTINE QNCTIFUNys/A//B/y /ERRY /ANS/ +/IERR/)
[MPLICIT REAL*3 (A-H,C-Z)
DIMENSION AA[40),HH(40)LRI4QC),VLI40),QTR(40Q),F(13),FLI40),F2140),
LF3(40),F4(40),F5(40),F6(40),F7(40)
C**%xx MISCELLANECUS PARAMETERS.
CATA SQ2/1.41421356237309500/
DATA LMNgNLMX ,KMX XKML NBITS/2:40,5000,7,48/
C=xxx [NITIALIZE.
ANS=0.0C
IERR=1
IF(A.EQ.B) RETURN
wl=41.00/140.00
W2=216.0C0/140.00
w3=27.00/140.00
W4=272.,00/140.00
LMX=NLMX
[F{B.EC.G.D0) GO TCQ 3
IF(DSIGNI(1.DO,B)=*A.LE.J.CO) GC TO 3
C=DABS(1.C0=-A/3)
IF{C.GT.J.100) GO TO 3
N[8=-IDINT{DLOGI(C)/DLCG(2.00))
LMX=MINO (NLMX,NBITS=-NIB=-6)
LMX=MAXC(LMX  ,LMN]
3 TOL=0OMAX1(ERR,2.D0#%*(5-NB[T35))/2.00
IF(ERR.LT.0.30) TCOL=0.5D=-6
EpS=TCL
FH{l)=(8-A)/12.00
AA{Ll)=A
LR{l)=1
C0 4 I=1.13,2
4 FUII=FUNIA+DFLCAT(I-11*HH(1))
K=7
L=1
AREA=C.CC
27=0.00
EF=128.00/255.00
CE=0.00Q
Cx=%%x COMPUTE REFINED ESTIMATES, ESTIMATE THE cRRCR, ETC.
5 00 &6 [=2,12,2
& F{I1=FUN(AA(L)+OFLCATI(I-L)=HH (L))

K=K+6

ATL=HH{L)*{ {Wl*(F(L)}+F(T))+W22(F(2)+F(E)))+(W3s(F(3)+F(3))+naxF(4)
13}

QTRIL)I=RE{L)*( (WL =(FITI+F( 13 ) )+ 2% (FLE)+F(L12) )1+ [ n3=(F(GI+F(1ll)])+n
L4=F{1C)))

AREA=AREA+(DABS(Q7L)+DABSIQTRIL) )-CABSIIT))
IFIL.LT.LMN) GC TC 11

Q13=GTL+QTRIL)

[F {DA3S({GT-Q13)«EQe0.I00.CREF.EQT.CLC) GCTC 673
[5=3GN(EF)
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TMP1=0LCGIDABS(Q7-Q13))+DLCG(CABS(EF))
EE=DXP(TMPL)*I5

GOTO 679

EE=0.000

IF (EPS.NE.0.CDO.AND.AREA.NE.C.JCO) GCTC 551
TMPLl=0.0C0

GOTO 552

IS=SGN(AREA) *SGN(EPS]
TMP1=DXP(DLOG(CABS(EPS) ) +CLOGIDABS(AREA)))*IS
[F (C13.NE.DJ.QCT) GOTC 555

TMP2=0.000

GOTO 558

IS=SGN{TOL)

TMP2=0XP (DLOGI(DABS(TCOL)) +OLCGIDABSIQL2)))*IS
AE=0OMAXL{TMPL ,TMP2)

[F(EE=AE) 8,3.,10

CE=CE+{Q7-Q13})

GO TG 9

IF (Q7-Q13.53.0.0C0) GCTGC 3
[S1=SGN{Q7-Q13)
TMP=0XP(CLOG(DABS(QT-CL31)-DLCGL 255.0C0))
CE=CE+IS1*TMP

IFILRIL)) 12,12,14

CONSIDER THE LEFT HALF OF NEXT LEVEL.
[F(K«GT-KMX) LMX=KML

IF(L.GE.LMX) GO TG 7

L=L+1

EPS=EPS/2.D0

[F{L.LE.15) EF=EF/SQ2
HHIL)=HR{L=-11/2.00

LR(L)==1

AA{L)=2A(L-1)

C7=Q7L

FLILI=F(T)

F2lLI=F(8)

F3{L)=FI(s)

FaelL)=F{10])

FS(L)=F(Ll1l)

FelL)=F(12)

FT(L)=F(13)

FIL3)=F(T)

Fill)=Fls)

FIL9)=F(5)

FIT)I=F(4)

FI5)=F(3)

F13)=F{2]}

GO TC 5

PRCCEED TO RIGHT HALF AT THIS LEVEL.
vL(L)=Q13

Q7=Q7R(L-1)

LRIL)=1

AA(L)=AA({L)+12.00*HH(L)

FLLl)=FLl(L)}

F(3)=F2(L)

FIS)=F3i(L)

FIT)=F&(L)

FL9)=F5{L)

Flll)=F&lL]

FIL13)=FT(L)
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GO 10 5
RETURN GNE LEVEL.
vR=Q13

[F{L.LE.L) GO TO 13
IF(L.LE.15) EF=EF*3Q2
EPS=EPS*2.00

L=L-1

IF(LRIL}.GT.O) GO TO 17

VL IL)=VL(L+1) +VR

GO TO 13

VR=VL{L+1)+VR

GO TO 15

EXIT.

ANS=VR

IF (TOL.EQ.J.000.0R.AREA,.EC.0.0DQ) GOTC 7389
IS=SGN(TCL)*SGN(AREA)
TMP1=0LOC(DABS{TOL) ) +CLOG{DABS{AREAL]
TMP1=0XP(TMPL]

GOTO 7sC

TMP1=0,3C0

IF(DABS(CE).LE.2.00%#T¥PLl) RETURN
[ERR=2

RETURN

END

[ EL RS EEEE S EEEEE R LSS R EE FE RS B B e R e e I e ]

C=*
C*
C*

SGN

CEEEEX IR TR AR R R I AR I I T AR R R A I IR FEIT I I IIF X IIAIX IS IBINTXIREE R S

aOOOOO0O0
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200

THIS FUNCTION RETURNS A NEGATIVE L.QCO FCR NEGATIVE X,
1.200 FCR VALUES OF X GREATER TFAN CR EQUAL TG 0.JCQ.

REAL FUANCTICN SGN=3 (X}
REAL#*8 X

IF {(X) LCC,200.,200
SGN=-1.300

RETURN

SGN=1.000

RETURN

ENC

OR A POSITIVE
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Appendix C: Data Generation

The following three programs are for generating random data. The
theory behind them is as follows.

Let v be distributed according to the uniform distribution, £(y) =
I(O,l)(y)*, and let x be distributed according to a known function, say
g(xle). Then a point ' corresponds to a point xy in the following

manner:

Y. X
J e (y)dy = J * g(x|8)dx, (C.1)
Y o}
F(y,) =y, = G(inB), {C+2)
_ -1
x, =G (yi[e), (C.3)

where G—l (...) 1s the inverse of the cumulative distribution of x (See

Fig. C.1).

#That is I 0 l)(y) is unity from 0 to 1 and zero at all other points.
The point 5 is’generated by a random generator program, such as RANDU.
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The following is a program for generating data which is distributed
according to the gamma distribution.

In the driving program:

NDATA = number of data points per data set
NSETS = number of data sets generated
A = alpha parameter

B

beta parameter
DATA(J,I) = random data
The subroutine 'RANDU' is for generating random numbers between 0 and 1,

and comes from IBM Manual C20-8011,
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[MPLICIT REAL*8 (A-H,0-1)
COMMCN /PRIR/ PARM(4) yRANGI(Z2),IPRIR
COMMON /RTPASS/ XLI1.XRI,EPS,[END,IERR
DIMENSICGN DATA(1000,50)
XLI=0.000

XR[=1.0C10

EPS=1.0-4%

IENC=250

IPRIR=1

PARM(3)=0.0D0

PARM (4}=J.000

NCATA=20

NSETS=250

[X=3742963

00 L I=1,43

CALL RANDU(IXs 1Y, YFL)
[x=1Y

00 2 I[A=1,3
IFITA.EQ.1]1A=1.00C0
IF{IA.EQ.2)A=1.25C00
[FIIA.EQ.3)A=1.5000
IF{IA«EQ.4}A=2.000
IFIIA.EQ.514=4,000
PARM(1)=A

D0 2 I3=Ll,5
IF(IB.EQ.1)B=A/1.D-2
IF(I84EQ.2)8=4/1.0-4
IF(IB.EJ.3)3=4/1.0-5
IFLIB.JEQ.4)B8=A/1.L-6
IF(IB.EQ.513=4/1.0-T7
PARM(2]=28

00 3 L=1,NSETS

00 3 [=1l,NDATA

CALL RANDU(IX, [Y,YFL)
[X=1Y

DATA(L, [)=PRONT(YFL])
ARITE(9,4) L(DATALL,L),[=1,NDATA),L=1,NSETS)
FORMATI100(100012.4/))
CCANTINUE

STCP

END

SUBROUTINE RANDULIX,IY . YFL)
REAL#*8 YFL

IY=1Xx#65539

IF{IY)S5:646
IY=1Y+2147333647

YFL=1Y

YFL=YFL#*,45656613E-9

RETURN

END
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REAL runCTION PRCNT*8 (X)
g e L T = P P P T e

Cx PRCNT *
Cs *
C'*‘h*#i*ttttt*tttt’*t*t*ﬁ*** EXFXXRFEIFTEITEFITIVFFIEFEIFFEXRXEXLEETETF SIS
C*¥ THIS FUNCTION RETURNS THE CCRRESPONCING LAMBDA VALUE AT THE *

C* X=(100) PERCENTILE -FCR THE PRIOR DISTRIBUTION. THE FUNCTION USES =
C* THE CRTMI ROUTINE TO FIND THE RCCT CF F(LAMBDA)=CUM{LAMBOA)-X=0. ¥
C* /SUBPRM/ COMMON BLOCK IS USED TO PASS PARAMETERS TO THE FUNCTICN *
C* PRFCT, PARAMETERS IN COMMCN BLOCK /RTPASS/ ARE SET BY THE CALLING =
C+ ROUTINE AND ARE EXPLAINED [N THE DRTM] OCCUMENTATION. *
Cs *
C= *
C®* WRITTEN BY: S. D. HANSEN 5/80. *
Ce *

o e e e e e el
[MPLICIT REAL®*8 (A-H,0-2)
COMMCON/RTPASS/ XLI+XRI,EPS,IEND,LERR
CCMMON/SUBPRM/ ALPHA
EXTERNAL PRFCT
AL PraA=X
CALL ORTMI (ANS,F,PRFCT,XLI,XRI+EPSy[ENDyIERR)
IF ([ERR.NE.O) WRITE{9,10C) IERR

100 FORMAT({* ERRCOR IN PRCNT RCUTINE, [ERR= ',14]

PRCNT=ANS
RETURN
ENO

C*

[of ]

C*

c*

REAL FUNCTIGN PRFCT*8(P)
AR F R TR R R I FFFF R R TR R SR FATF R FFF FFF IS RF IS TITI I IEA R E R IET A &

C= =
C* THIS FUNCTION EVALUATES F{LAMBOA)=CUM{LANBOA)—ALPHA FUR THE &
C* PRICR CISTRIBUTION. i x
C* 2

CEEE X XIIIZIXTXTEITTIFLZEXIAXLITFIEIZIETIIXBFIFIIEFFTEFEXFFEXTXSFIRTFIFEIFETTXIFES
REAL*8 PRCUM,ALPHA,P
COMMCN/SUBPRM/ ALPHA
PRFCT=PRCUMIP)—-ALPHA
242 WRITE [S.%*) P,PRFCT
RETURN
END
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REAL FUNCTICN PRIOR=8(X)
CEEEAFEF RS RS I AR AR R TR F R R I e R SFH A I IIFEFFF I FF VRIS RRAREIARF SRR B

C* *
C* THIS SUBROUTINE EVALUATES THE PRIOR DENSITY FUNCTION FGR THE FAIL- =
C* URE RATE CASES. DISTRIBUTICN PARAMETER VALUES AND FUNCTICN OJEF INIAG *
C* INDEX ARE PASSED TO SUBROUTINE THROUGH THE CCMMCN BLCCK /PRIR/ *
C= *
C* SUBROUTINES NEEDED: DXP *
C* ®
C* SUBROUTINE ARGUMENTS: *
c* X = FAILURE RATE VALUE AT WHICH DENSITY FUNCTIGN IS DESIRED *
C=* . L
C* COMMCN BLOCK /PRIR/ VARIABLES: *
Ce PARM = OISTRISUTION PARAMETER VECTORS: PARMIL)=ALPHA, PARMI2)= =
ce BETA (=TAU FOR GAMMAl, PARM{3)=MINIMUM LAMBDA GR SHIFT
Cce PARAMETER, PARM(4)=MAX[MUM LANMBDA PARAMETER (USED ChNLY =
c= FOR THE BETA CDISTRIBUTIGN) .
c* [PRIR = DISTRIBUT ION INDEX; =1 GAMMA, =2 LCGNCRMAL, =3 wEIBULL, *
ce =4 LOGBETA s
c* s
C* WRITTEN 8Y Ju.K. SHULTIS 3/79. MOCIFIED 6/79, 7/79. =
cs *

CE2EXFXSEIFIILXLAIIZTEFFIXRETXXXREIXTXRERE EXXFIXTTXIXXZIETXXZER XXX IR BN
IMPLICIT REAL#*8(A-H,GC-2)
CCMMCMN/PRIR/PARM(4) ,RANGIL2),IPRIR
REAL*8 X,0DLGAMA,DEXP,DLOG,DABS,DXP
PRICR=0.000
[FIX.LE.PARM{3)) RETURN
Ceeses
Cssxxs GAMMA DOENSITY FUNCTICN: (LAMEDA-THETA)=GAMMA(ALPHA,TAU)
Cx*x=xx PARAMETERS: ALPHADO, TAU>J, THETAZO; THETASLAMBODAKINFINITY
G0 TO (10,20,430,4G),1IPRIR
10 ARG=X-PARMI(3)
AA=PARMI(1)
B3={AA-1.000)1*DLOG(ARG)+AA=DLODG(PARM(2) )-PARM{Z2]1=ARG
1-0LGAMA(AA)
PRIOR=0XP(88)
RETLURN
Crxxas
C=+x=xx | QGNORMAL OENSITY FUNCTICN: LOG{LAMBDA-THETA}=NURMAL(ALPHA,BETA)
Ceexsx PARAMETERS: =-INF<ALPHACINF, 3ETA>0, THETA>O; LAHBDAXQ
20 ARG=CLOG(X-PARM(31})
B2=PARM{2)*%2
38==-ARG=0.500*DLCG{6.29313853071L7955%82)-3.500%( (ARG=PARM(1))**2)/3
12
PRICR=DXP(881}
RETURN
Cexxex
Ce+xxx WEIBULL DENSITY FUNCTICMN: (LAMBDA-THETA)=wE [BULL[ALPHA,3ETA)
Cxsssx PARAMETERS: ALPHA,3ETA,TRETA>Q; LAMBOA>THETADD
30 8B=PARM(2]
ARG= (X=-PARM {3} )} /PARMI 1)
AA=DLOG(3B8)-OLCGI{PARM (1)) +{B8B8=1.000)*0LCG(ARG)I—-ARG*=83
PRICR=DXP(AA)
RETURN
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Cxxkxx
Cx*xx%% FOUR PARAMETER LOGBETA: LOGILAMBDA)}=8ETA+ALPHA,BETA,A,3)
C¥sss*x PARAMETERS: ALPHA,BETA>Q; ~INF<AKLCGILAMBDA)<LBLINF

40 A=PARM(3)

B=PARM (&)

DL=0LGGIX)

IF( (DL .GE.B).0R.{DOL.LE.A)) RETURN

AA=PARM(L)

8B8=PARM(2)

ARG={DLGAMA(AA+BB )-DLGAMA (BB )-DLGAMA{AA}) - DL +
1(={AA+88-1.000)*DLAGIB-A) + (AA-1.000)=*=0LOGIDL—A}+(3B8-1.00)*0LCG(B
2=-0L1})

PRICR=0XP(ARG])

RETURN

END

SUBROUTINE DRTMI

PURPOSE
TO SOLVE GENERAL NCKLINEAR EZQUATIONS QF THE FORM FCT(X)=C
3Y MEANS COF MUELLER-S [TERATICN METHCD.

USAGE
CALL ORTMI (X,F,FCT,XLI1,XRI,EPS,IEND,IER)
PARAMETER FCT REQUIRES AN EXTERNAL STATEMENT.

CESCRIPTION QF PARAMETERS
X - RESULTANT RCOT CF EQUATICON FCTIX)=0.

F - RESULTANT FUNCTION VALUE AT RCOT X.

FCT - NAME OF THE EXTERNAL FUNCTICN SUBPROGRAM USED.

XLI - INPUT VALUE WHICH SPECIFIES THE INITIAL LEFT BOUNC
OF ThHE ROQT X.

ARI - INPUT VALUE WHICH SFECIFIE3S THE INITIAL RIGHT 3CUND
OF THE ROCT X.

EPS - INPUT VALUE wHICH SPECIFIES THE UPPER 3GUND OF THE
ERROR CF RESULT X.

IEND - MAXIMUM NUMBER OF ITERATICN STEPS SPECIFIED.

IER - RESULTANT ERROR PARAMETER CCDED AS FOLLOWS

IER=Q = NLC ERRCR,
[ER=1 = NC CCNVERGENCE AFTER [ENC ITERATION STEPS
FCLLOWED 2Y [END SULCCESSIVE STEPS CF

BISECT ION,
IER=2 = BASIC ASSUMPTICN FCTI(XLII*FCTIXRI) LE
[E

S
THAN OR EQUAL TO ZERO IS NOT SATISF .

3
C

REMARKS
THE PROCEDURE ASSUMES THAT FUNCTION VALUES AT [INITIAL
BOUNDS XLI AND XRI HAVE NOT THE SAME 3IGN. IF THIS 2ASIC
ASSUMPT ION IS NOT SATISFIECZ BY INPUT VALUES XLI AND xRI, THE
PROCCEDURE [S B3YPASSED ANC GIVES THE ERROR MESSAGE [ER=2Z.

SUBRJUTINES AND FUNCT ICN SUBPRCGRAMS REQUIRED
THE EXTERNAL FUNCTICN SUBPRGGAAM FCTIX) MUST 8 FURMNISHEC
8y THE USER.
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METHOD

SOLUTION OF EQUATION FCTI(X)=0 [S5S DONE 8Y MEANS OF MUELLER-S

ITERATION METHOO OF SUCCESSIVE B ISECTIONS AND INVERSE

PARABGLIC INTERPOLATION, WHICH STARTS AT THE INITIAL BCUMCS
XLI AND XRI. CCNVERGENCE IS QUADRATIC [F THE DERIVATIVE CF
FCT{X) AT ROOT X [S NOT EQUAL TQ ZERC. CNE I[TERATION STEP
REQUIRES Twd EVALUATIONS OF FCTI(X). FOR TEST ON SATISFACTCRY
ACCURACY SEE FORMULAE (3,4) OF MATHEMATICAL DESCRIPTICN.
FOR REFERENCE, SEE Ge. K. KRISTIANSEN, ZERO OF ARBITRARY

FUNCTION, BIT, VOL. 3 [1963), PP.205-206.

R R R R N N R RN RN RS

SUBRCUTINE DRTMI(X,F,FCT,XL1,XRI,EPS,[END,IER)
[MPLICIT REAL®8 (A-H,0-1)

PREPARE ITERATION
IER=Q

XL=XLI

XR=XRI

X=XL

TOL=X

F=FCTI{TCL]}
[FIFIl,lé,1

FL=F

X=XR

TCL=X

F=FCTI(TOL)
[FIF}2,16,2

FR=F
[F{DSIGN(L.CDO,FL)+DSIGN( 1.000,FR))25,3,25

BASIC ASSUMPTION FL#FR LESS THAN Q0 IS SATISFIED.
GENERATE TOLERANCE FOR FUMTICMN YALUES.

I=0

TOLF=100.%EPS

START ITERATION LOQP
I=1+1

START BISECTICN LCCP

D0 13 %=1,I[END

X= 5% {XL+XR)

TOL=X

F=FCTITGL)

[F(F15,16,5 2

IFIOSIGN(L.000,F)+0SIGNI L.CDQsFR))T4&,7

INTERCHANGE XL AND XR IN CRDER TO GET THE SAME SIGN IN F AND FR

TOL=XL
XL=XR
XR=TOL
TOL=FL
FL=FR
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FR=TCL

TOL=FFL

A=FsTOL

A=A+ A
IF(A-FR={FR=-FL118,9,9
IF(I-IENDILT+17+9
AR=X

FR=F

TEST ON SATISFACTORY ACCURACY [N 8ISECTICN LCOP
TOL=EPS

A=CABS(XR)

[F{A-1.)11,11.,10

TOL=TOL*4

IF(CABS(XR—-XL)}=-TOL)L2+12+13
[FICABS(FR=FL)-TOLF)1l4,14,13

COCNTINUE

END OF BISECTICN LCCP

NO CCNVERGENCE AFTER [END ITERATICN STEPS FOLLCWED 8Y I[END
SUCCESSIVE STEPS OF BISECTION OR STEADILY [NCREASING FUNCTION
VALUES AT RIGHT BCUNDS. ERRCR RETURN.

IER=1

[F(CABS(FR)-DABS{FL))16,16,15

X=XL

F=FL

RETURN

CCMPUTATION OF I[TERATED X-VALUE BY INVERSE PARABOLIC I[NTERPCLATICA
A=FR=-F

DA={X=XL )*FL*( 1l +F*(A—-TOL)/(A*{FR=-FL)) ) /TCL

AM=X

FM=F

X=xL-0X

ToL=X

F=FCT(TGL)

[F(F1l3,16,138

TEST ON SATISFACTORY ACCURACY [N ITERATICAN LCOP
TCOL=EPS

A=DABS(X)

IF(A=1.122+20,19

TCL=TGL*=A

IF(DABS{DX1-TOL)21.,21,22
[F(CABS{FI-TOLF)16,16,22

PREPARATICN OF MEXT BISECTION LOICP
IFI{DSIGNI(1.0D0,F)+OSIGNI1.J00,FL))24,23,24
XR=X

FR=F

GO TC 4

XL=X

FL=F

XR=XM

FR=FM

GO TC 4

ENC OF ITERATIGON LCOP
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c ERRCR RETURN IN CASE OF wWRONG [NMPUT DATA
25 lER=2
RETURN
END

REAL FUNCTION PRCUM*B(X)
R e e s R L P S T LT LT

C* *
C* THIS SUBROUTINE EVALUATES THE PRIOR CUMULATIVE FUNCTION FOR THE =
C# FAILURE RATZ CASES. DISTRIBUTION PARAMETER VALUES AND FUNCTICN CE- =
C= FINITICN INDEX ARE PASSED TO SUBROUTINE THRGUGH THE COMMCON BLOCK *
Cx /PRIR/. *
C= *
cx SUBROUT INES NEEDED: GAMIC, MDBETA ¥
C= *
C* SUBRCUTINE ARGUMENTS: *
C= X = FAILURE RATE VALUE AT WHICR DENSITY FUNCTIGN IS DESIRED =
c* *x
C+* COMMCN BLOCK /PRIR/ VARIABL ES: ®
C= PARM = DISTRIBUTION PARAMETER VECTORS: PARM(1l)=ALPHA, PARM{[2)= =
Cc* 3ETA (=TAU FOR GAMMA ), PARM(3)=MINIMUM LAMBOA PARAMETER =
C* OR SHIFT PARAMETER, PARM(&4I=MMAXIMUM LAMBCA PARAMETER *
Cx [USED ONLY FOR THE BETA DISTRIBUTICNI *
Cx IPRIR = DISTRIBUTICN INCEX; =1 GAMMA, =2 LCGNORMAL, =3 wWEI[BuLL, =
Cx =4 LOGBETA *
Ct R4
C* SAITTEN 8Y J.K. SHULTIS, 3/79. MCDIFIED &/79, 7/79. ®
C= *

CEEEX R I X EXEX X TXXI IR IT IR EITIZIIITIIIIITIIFXITZIZIIXIIFIESETZXZREITZXIRES
IMPLICIT REAL*3(A-H,0-1)
REAL*4 XXX,AAA,BBB,PROB
COMMCN/PRIR/PARM(4) yRANG(2),IPRIR
REAL*3 X, YY(l), DOLGAMA, DEXP, OLCG, DABS
PRCLM=].00C
GO TO (10,23,30,4C), IPRIR
Cxsxsxx
Cx*¥ %+ GAMMA CUMULATIVE DISTRIBUTION
10 IF(X.LC.PARM(3)) RETURN
ARG=X-PARM(3}
ALPHA=PARMI(]}
TAU=PARM(21=ARG
CALL GAHICiTAU'ALPI'-d'l.D-T.l.p‘lf‘hNZ]
IF (NZI.NE.Q) WRITE(3,11)
L1l FORMAT (' PRCBABLE INACCURATE RESULT FOR THE GAMMA CUMULATIVE CISTR
LIBUTION')
PRCUM=YY(L)
RETURN
Cexkax
Cx*x %% CUMULATIVE OF THE LCGNORMAL DISTRIBUTICN
20 IFIX.LEPARM{3)) RETURN
XL=(=0LOG{X=PARM(3)) +PARM(L1) ) /PARM(2}
XLA=CABSIXL)/1.414213562373095
A=DERF{XLA)
PRCUM=Q,3500%(1.0D0-0SIGN(4,%L))
RETURN
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Csx=&x wEIBULL CUMULATIVE DISTRIBUTICN

30 IF(X.LE.PARM(3]) RETURN
PRCUM=1,00D0
ARG=({X=PARM(3)]) /PARM(L1) )*=PARMI(2)
IF{ARG.GT .36.000) RETURN
PRCUM=1.0D0-DEXP [-ARG)

RETURN

Crxxax

Cexxxx CUMULATIVE

40 B=PARM (%)
A=PARMI(3)
OL=0LaG({x)

119

OF THE LOGBETA DISTRIBUTION

IF({B-DLI*=(DL-A)) 4] ,41,42
42 XXX=(DL-A}/(B=4A)

AAA=PARM(1)
3BB8=PARMI[2)

CALL MDBETA(XXX,AAA,bB884PROB,IER])

PRCUM=PRCB
RETURN

41 IF(DL.LE.A) RETURN
IF{DL.GE.B) PRCUM=1.00

RETURN

END

SUBROUTINE MDBETA(X, P, &, PROB. IER)
c
T AR I E I T T IR FE I FF TR I EI X FAISIFIRIFTFERFEEFTIIXNI ST L RXRETRR ISR
C*
C* FUNCTICN: EVALUATE THE I[NCOMPLETE BETA DISTRIBUTION FUNCTION
Cx
C* PARAMETERS:
C* X - VALUE TO WHICH FUNCTICON [5 TO 8& INTERGRATED. X MUST 3E IMN Tt
c* RANGE (0,1} INCLUSIVE.
Cs P - INPUT (15T} PARAMETER [MUST BE GREATER THAN J}
c* Q - INPUT {2NO) PARAMETER (MUST 3E GREATER THAN J)
C& PROB - GUTPUT PROBABILITY THAT A RANCCM VAPIA3LE FROM A BETA J1STRIE
c* HAVING PARAMETERS P AND 2 wWILL BE LESS THAN OR EQUAL TC 0.
C* [ER — ERROR PARAMETER.
Cs IER = O INDICATES A NGRMAL EXIT
cs IER = 1 INDICATES THAT X IS NOT [N THE RANGE {(Qs 1) INCLLSLY
c= IER = 2 INDICATES THAT P AND/GR Q@ IS5 LESS THAN OR EQUAL TC
Cc*
C* CCDE BASED OGN SIMILAR CCODE 8Y N. BOSTEN AND E.SATTISTE AS MGOIFIEL 3Y

[of
C=

CESEFEFFFREAXEEEES

M, PIKE ANO J. HOO.

COUBLE PRECISICON PSy
= 0Qs C, ZPS, EPSLy ALEPS, FINSUM, PQ, DA, DLGAMA

#*“‘*t*#’*’**t.t**#'.3**3'***‘**‘*‘2*,*.*‘#‘#il“’*t*
?X. Y Pl, OP INFSUM, CNT, 4Hy XBy

C DOUBLE PRECISION FUNCTION DLGAMA
C MACHINE PRECISICN
DATA EPS/1.0-6/
C SMALLEST POSITIVE MUMBER REPRESENTASLE
DATA EPSL/1.D-73/
C NATURAL LOG OF EPS1
DATA ALEPS/-179.601600/
C CHECK RANGES GF THE ARGUMENTS
Yy = X
IF ((XoLE.1.3) <AND. {X.GE.J.J)) GC TC 13
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20

120

IER = 1

GO TO L1490

IF ((P.3T+.0s0) <ANDO. (Q.GT.J.0)) GO TO 20
IER = 2

GO TC 140

IER =0

IF (X.6T.0.5) GO TO 30

INT = 0

GO TQ 40

C SwITCH ARGUMENTS FCR MORE EFFICIENT USE CF THE PGWER
C SERIES

30

4Q

INT = 1

TEMP = P

P =g

C = TeMP

Y = l.D0 - ¥

IF (X.NE.DJ. +AND. X.NE.l.) GO TO 6C

C SPECIAL CASE - X IS 0. OR 1.

a0

[zl

5Q

60

PROB = Q.
GO TO 139
18 = Q

TEMP = [B

PS = Q - FLOATIIB)
IF (C.EQ.TEMP) PS = 1.00
oP = P

g = qQ

PX = DP*OLOG(Y)

PQ = DLGAMA{DP+0Q)

Pl = DLGAMA(DP)

C = OLGAMA(DQ)

C4 = CLOG(DP)

DLGAMA IS A FUNCTIGN wHICH CALCULATES THE DQUZLE
PRECISION LOG GAMMA FUNCTICN

XB = PX + OLGAMA(PS+DP)} - DLGAMA(PS) - D& - Pl

SCALING

I8 = XB/ALEPS
INFSUM = 0.00

FIRST TERM OF A DECREASING SERIES wILL UNDERFLCwW

CNT

IF ([B.NE.J) GO TG 90

INFSUM = DEXP(X8)

CNT = [NFSUM=DP

wILL EQUAL DEXP{TEMPI=*(1.CO-PS)I#P*sY*=[/FACTCRIALII)
WH = J.000

wH = nH + 1.00

CNT = CNT®{AdH=PS)*Y/HWh

IF (CNT.LT.E?S1/EPS) GCIC 90
XB = CNT/(DP +WH]}

INFSLM = INFSUM # X3

[F (XB/EPS.GT.INFSUM) GO TO 80

DLGAMA [S A FUNCTION wHICH CALCULATES TFE DCUdL:
PRECISICN LOG GAMMA FUNCTICN

90

FINSUM = 0.00
IF (OQ.LE.1.D0) GO 7O 120
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X8 = PX+ 0Q*0LOG(l.Ou—Y) + PQ — Pl - DLOG{OQ) - C
C SCALING
I8 = XB/ALEPS
IF (IB.LT.O) I8 = Q
€ = 1.00/(1.00-Y)
CNT = DEXP(XB=FLOAT[ IB )*ALEPS)
Ps = DQ
WH = DQ
100 WH =wH =1.00
IF (WwH.LE.J.000) GC TO 120
PX = (PS#C)/ (DP+nH)
[F (PX.6T.1.000) GO TO 105
IF (CNT/EPSJLE.FINSUMJ.CR.CNT.LE.EPSL/PX) GT TO 129
105 CNT =CNT*PX
IF (CNT.LE.L.DQ) GO TQO 110
C RESCALE
I8 =18 -1
CNT = CNT=#*€EPS1
110 PS =WH
IF [IB.EQ.0) FINSUM = FINSUM + CNT
GO T4 130
120 PROB =FINSUM + [NFSUM
130 IF (INT.EQ.Q} GO TO 140
PRGOB = 1.0 - PROB
TEMP = P
P =4
Q = TEMP
140 RETURN
END

SUBRCUTINE GAMICIX,ALPHA,REL,NsYsNZ)
(o e e s L R R s e Rt R E R e e P R P e T X

WRITTEN BY D.E. AMOS AND S.L. DANIEL, NOVEMBER, 1S74.
EXTRACTED FROM THE SANDIA LABCRATCRY*S MATHEMATICAL

LISRARY AND ADAPTED FOR TRE [3M 37C SYSTEM 3Y J. <. SHULTIS
JuLy, 137s.

REFERENCE SC-0OR-72 0303

ABSTRACT
GAMIC CCMPUTES AN N MEMBER SEJUENCE GF INCOMPLETE GAMMA
FUNCTIONS NORMALIZED SO THAT AT X=INFINITY, THE [NCCMPLETE
GAMMA FUNCTICN HAS TRE VALUE 1. TRE SEQUENCE [S OENGTED BY
Y{KI=INCCAMMA [ALPHA+K=1,X]) /GAMMA[ALPHA+K=L]), K=1js2)a0esN

AND IS COMPUTED TC A RELATIVE ERRCR REL CR 3ETTER wHERE ALPRA
«GT+0. IF ALPHA#N-1.GE.X, THE LAST MEMBER [35 COMPUTED 3Y TkE

OO0 00000000
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DESC

ERRC

[MPL
REAL
DIME
D IME

DATA
1 1.3
2 l.3

DATA
L 6.5
2 4.1

CATA
1 2.4

DATA

DATA

DATA

DATA

IF{R
[F{N
IF(A
NZ=0
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CONFLUENT HYPERGECHMETRIC SERIES WITH THE CTHER MEMBERS
COMPUTED BY BACKwARD RECURSION CN A TwWO-TERM FURMULA,

Y(K=L)=Y{K)+DEXP{(ALPHA+K-L)*0OLZZ{X)=X=DLGAMA [ALPHA+K) ).

IF ALPHA+N-1.LT.X, AN INTEGER M IS ACDED SC THAT
ALPHA#N=1+M,GE.X AND THE FIRST PROCEDURE [S APPLIED. SPECIAL
PROCEDURES APPLY FCR ALPHA.EQ.l CR AN UNDERFLOW CCCURS GR

X EXCEEDS A CRITICAL VALUE, APTEST, WHERE ALL MEMBERS ARE l.
TO THE WORD LENGTH OF THE CDC 6600. GAMIC USES DLGAMA.

RIPTICN OF ARGUMENTS
INPUT
X = ARGUMENT, X.GE.Q.0
ALPHA - PARAMETER, ALPHA.GT.0.0
REL - RELATIVE ERROR TOLERANCE, REL=1.E-S FOR 5

SIGNIFICANT DIGITS
N - NUMBER CF GAMMA FUNCTIONS IN THE SEQUENCE
BEGINNING AT PARAMETER ALPHA, Na.GE.l

QUTPUT
Y — A VECTCR CCNTAINING AN N MEMBER SEQUENCE
Y(K)= [NCGAMMA{ALPHA+K=1,X)/GAMMA (ALPHA+K-1),
K=ljseeesN TC A RELATIVE ERROR REL.
A - UNDERFLCW FLAG
NZ.EQ.0s A NORMAL RETURN
NZeNE.Qy UNDERFLCw, Y(K}=0.0s K=N=NI+l,N RETURNEL

R CCNDITICNS
IMPROPER [NPUT PARAMETERS — A FATAL ERROR
UNDERFLOW = A NON-FATAL ERROR.

EEEEEFIIXEFIFIEEFI LI FEEELEIEITILSIATIATIFEXIFIFTIBIFTFFIIFEXITEIASIIITEXIZFTF

ICIT REAL*B{A-H,C-1)

#8 X ALPHA,REL,Y,0LCG+DEXP,DFLIAT
NSICN YI(1)

NSIGN AA(6),B816),ClC(5)

AA / 1.183999419221750+0C, 3.30388135627&861C+C2,
4930832947926D+04, 3.784203255565C30+#04, 1.575866181873740+C2,
C5696324105510+03/

88 / 1.026528216267510+3C, 9.297531075203453C+03,
33439236302200+06, 2.895432959623830+08, 3.105364569531610+C3,
223765€3643550+06/

cc / 4.309523567104820+CS, 3.275882567433620+09,
1S644686844450+12, 4.21T7228732360080+05, 7.565938027471160+05/

SLOG/-160.00G/

CCONl4 / 3.32361913C19165C+1/
SCALE /1.0-60/

ASCL fl.0-16/

EL.LE.O.) GO TO S1
.LT.l) GO TO 92
LPHA.LE.Q.Q) GC TQ 93

[FI{Xx) 94,10,20

oo 1
yil

1 I=1,N
=0

RETURN



aNa¥el

123

IF X<GE.XLIMUALPHA+N=L1), THEN Y(K)=les XK=Ls2seaesN

20 NA=A
RX=1l./X
NBAR=Q
APN=ALPHA+OFLOAT(N}-1.
APTEST=4APN
AML=ALPHA-1l.
IF{APN.LE.1.) GG TO 22

21 IF(X.LE.APTEST) GO TO 40
[F{APTEST.GT.200.) GO TO 25
SI=({AA{L)*APTEST +AA{ 2) ) *APTEST+AA(3) ) *APTEST+AA(4)
S2=(APTEST+AA(S5]) ) #APTEST +2A(6)
GO TO 226

25 IF{APTE5T.GT.10000.) GG TC 36
S1=((BB{L)*APTEST+88(2) 1 *#APTEST+88{3) 1 *APTEST+33(4}
S2=(APTEST+BB{5))*APTEST+8B( &)

226 XLIM=51/52

[FI{X.GE.XLIM) GO TC 26
GO TO 35
36 S1={(APTEST+CCI1))*APTEST+CC(2))*aAPTEST+CC(3)
S2={APTEST+CC(4) ) *#APTEST+CC(3)
GO 7O 228
26 0O 27 [=1.N
27 yili=1.
RETURN

22 [F{ALPHA.NE.l.) GO TO 32
[F(X.GT.CCNl4) GG TQ 28
[F{X.LT.0.1) GO TO 43
YINN)=1.-DEXP(=X)

RETURN

32 NBAR=1
APTEST=APA+L.

GO 710 21

35 NBAR=X-APTEST+5.+0FLOAT(NEAR)

40 ABAR=APN+OFLCAT(NBAR)
XLOG=CLOG(X)

Al=1l.
SUM=1.
ABK=ABAR+L.
80 Al = Al*X/ABK
SUM = SUM + Al
[F(AL.LT.REL) GO TC 130
ABK=ABK+1.
GG TC 89

100 YY=SUM=SCALE
0=ABAR
IF(NBAR.EQ.Q) GO TO 110

105 CONTINUE
00 106 K=1,NBAR
XCD=Xx/0
[F{XCD.LT.ASCL) GC TO lo&
YY=XOD*YY+SCALE

106 O=0-1.

IF(NZ.NE.J) GO TC Ll4
L10 E= —=A+D®XLCG-OLGAMA(D+1.)
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1l4 [F(E.GE.SLGG) GO 10 L20
Y(NN)=0.
NZ=NZ+L
NN=ANN-1
[FINN.EQ.O) RETURN
NBAR=1
APN=APN~-1.
E=E+DLOG(D*RX)
GO TO 105

120 EXE = DEXPIE)
YINNI=(EXE/SCALE) *YY
NM1=NN—-1
[F{NM1 .EQ+D) RETURN
F=EXE*APN*R X
KX = NN
AXK=CFLOATINN])+AML
CO 125 K=1,NM1
YIKK=1)=Y(KK]+F
KK=KK=1
AK=AK-l.
F=F=AK*RX

125 CONTINUE
RETLRN

(@]

31 WRITE(9,191)

191 FOURMAT(*IN GAMIC, IMPRCPER [NPUT FCR REL.'!
RETURN

92 wRITE(9,192)

192 FORMAT{'IN GAMIC, IMPROPER INPUT FCR N.')
RETURN

93 WRITE(9,153)

193 FORMAT('"IN GAMIC, [MPRCPER INPUT FCR ALPHA.')
RETURN

54 WRITE{G,194)

194 FORMAT('IN GAMIC, IMPRCPER INPUT FOR X.')

RETURN
ENC
o Rt Rt e s s e e  hthih ok dh bbbl ok
C* DXP FUNCTIGCN
XX IR FAIT IR T FEF I I IS F AR IEITIFIFIISHEEXTIREFRIZFIIIIZIFXIXRT==ZS
C#*
C* THIS FUNCTIGON ERROR CHECKS THEN EVALATES JExXP(X).
ot
C=
C=

REAL FUNCTICMN DXP=8(X)
REAL*3 DEXP,X,DABS
[F [CABS{X).5T.170.2001 GCTJ 12
DXP=DEXP(X!)
RETURN
12 IF [x) 23,20,30
20 DXP=0.000
RETLRN
33 DXxP=1.0070
RETURN
END
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The following is a program for generating the number of failures,
Fi’ which occur in time T for (Fi,T) data which is distributed according
to the compound model of section III.Z2.Z2.

In the driving program:

NDATA = number of data points per data set

NSETS = number of data sets generated

A = Alpha parameter

B = beta parameter

DATA(J,I) = random data

The subroutine 'RANDU' is for generating random numbers between 0
and 1, and comes from IBM Manual C20-8011.

The subroutine 'RF' is for converting a random number between 0 and

1 into a number of failures Fi.
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I¥PLICIT REAL*3 lA-H,u=-1)
COMMCN A,2, M4, 1Y
DIMENSICN F{250,221}
NCATA=23

M3ET3=230

T=13002.9C3

[X=647294033

26 1 I=1,43

CALL RANDULIX,1Y,YFL}
[A=1Y

3C 2 [A=1,.3
IF{IA.EQ.1)A=1.00U
[F{lA.ES.2)A=1.25200
IFi[AEQ.3)4=1,.3J04
[FIIALEQe+)A=2.,JD0

IF{ [AsEBQ5)a=4.000

JC 2 IB=L.,3

324510, 30C**{3.300J+0FLCAT(:2) #),5403)
ST 3 L=1eN3ETS

aC 3 [=1,ACATA
FiLy[)=aF(T)

AaRITEL9»LLY ((F(Ls 1)y [=1e80ATA)L=1,N5ETS)
CONTINUE

FORMAT [LSCILWIF3.0/ 1))
3TGP

EMD

REAL FUNCTIGN RFE#5(T)

LMPLICIT REAL#*3 (A-bF,C={)
CIMMON g3, (&, LY
SIMEANSICH xC(2011
XC( M) =C.o0d
J=Z
35 1 [=1.233
F=CFLCATLI-1)

PEOLGAMA(F+A) v FECLCCIT )4a% Lo G (3) =CLOAMA{A I=DLUAAIF+],. 200}
~(Fep)=gLCu(T+3)
AC{I+L)=XCIIVeZEXP(P)

IFIACII+L) eGEL . 3¥99002 )0l T 2
J=J+l
CALL RANCULIX IY,YFLI
ix=jy
TFIYFLAGT «Ja555500CIGE T2 &
[F{YFLLOT.AC1 D) IGT TC &

S5 [=2,J
IFCYFLLEACIT ) IRF=DFLLATH(I=2)
IF{YFLaLZLAC(I) )i TO 5
CONTINGE
= 16 3
F=OFLCAT( =13
cTURN
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SUBRCUTINC RAGCU(C X, [YYFL )
REAL®E YFL
[Y=1X=%¢£53539
[FLIY)5,0.6
5 [¥=1Y+2147483047+1
5 YFL=IY
YFL=YFL*.4656c13E-5
RETURN
=ND
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The following is a program for generating data which is distributed
according to the exponential distribution.
In the driving program:

NDATA

I

number of data points per data set

NSETS = number of data sets generated
BETA = beta parameter
DATA(J,I) = random data

The subroutine 'RANDU' is for generating random numbers between 0 and 1,

and comes from IBM Manual C20-8011.
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IMPLICIT REAL*8 (A-H,C-1)
DIMENS ICN DATA(250+20)

NOATA=20

NSETS=250

[X=527693423

00 L I=1.43

CALL RANCULIX+IY,YFL]

[x=1Y

€0 2 I8=1,5

BETA=0.1000**([B+2)

00 3 L=1l,NSETS

0C 3 I=1,NCATA

CALL RANDUIIX . IY,YFL)

Ix=1v
DATA(L,I)=-DLOGI(1.0D0-YFL )/BETA
WRITE(Ss4) U(DATA(L,I) I=1,NDATA),L=1,NSETS]
FCRMAT (100(13Q012.4/))

CONTINUE

STAP

ENC

SUBRCUTINE RANDU(IX,IY,YFL)
REAL*8 YFL

[Y=[3%65539

IF{1Y15,6,6
[Y=1Y+2147483647

YFL=IY

YFL=YFL*.46564613E~9

RETURN

END
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Appendix D: Power Curve Programs

The following 4 programs were used to generate power curves for single
outlier detection for outliers in gamma distributions, (Fi,Ti) data, and

exponential distributions.
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The following 1s a program for generating power curves for several methods

of detecting a single outlier in a gamma distribution by the method described

in App. A and by simulation,
In the driving program:
NDATA = number of data points per data set less one

number of data sets analyzed

NSETS
X(J,I) = Xy of App. A for the various methods

FCUM(J,K) = F(xb) of App. A for the various methods

PRCUM(J,L) = points in the power curve for the method of App. A

points in the power curve for the simulation method

PRSIM(J,L)

The subroutine 'ORDER' is for ordering the critical points at which an

outlier is detected (the values of X5 of App. A)

The subroutine 'RANDU' is for generating a random number between 0 and 1,

and comes from IBM Manual C20-8011,
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IMPLICIT REAL=*8 (A-H,0-1)

REAL®4 SNGL

CCMMON /PRIR/ PARMI(&),RNG(?1,[PRIR

COMMCN /RTPASS/ XLI.XRI.EPS,IEND, [ERR

COMMON /ORD/ X(5,1000),INC(5,1000),x0(5,1000)

COMMCN/FUNSUB/ ALPHIZ2Ll),BETIZ2L)sL

DIMENSION DATA[10C0+50),A2(1000),A3{1000),NINT{51,T35(15),T93(15),
1 83(1000),Til5),AL(L5),XC(5,302),FC(5,302),PROBI{5,25),AL(LCQQ}
2 »81(1000) ,ICHIS) ,RLAM(21) ,PRSIM(5,1000),XSIM(1000Q)

INITIALIZE FUNCTICN SUBPROGRAMS 'PRCNT' AND 'PRCUM?

XLI1=0.000
XRI=1L.0l0
EPS=1.0-4%
LENC=250
[PRIR=1

PARM (3)=0.0QC0
PARM(4)=0.300

INITIALIZE SUBPROGRAM 'GAMINT?®
ERR=1.D=-6
INITIALIZE MAIN PROGRAM

NCATA=19

N3ETS=263

READ IN CRITICAL VALUES CF FISCHER'S TEST STATISTIC

READ(S+®) (T95(J),Jd=1,13)

READ(Sy*) (T99{J),d=1,13)

REAC IN VALUES CF ALPHA FCR WHICF THE CRITICAL vALJUES OF THE
TEST STATISTIC ARE KNCWN (.25s o3y Ll Le25s 1.5 24 2459 30 3435,
4y &4 8, 13)

READ(5+*) (AL(J),Jd=1l,13)

INITIALIZE SUBPRCOGRAM *RANDU*

[X=6481739

OC 43 J=1,47

CALL RANCU(IX,IY,YFL)
Ix=1Y

SET ALPHA AND BETA VALUES ANC REAL AND OUTPUT DATA

0C 100 IA=Ll,5
IF(IAEQ.1}ALPHA=],200
[FIIAEQa2)ALPHA=1.25CD0
IF(lAEQ.3)ALPHA=1.5000
IFIIA-EQ.4)ALPHA=2.000
IF(IAEQ.5)ALPHA=4.000Q

00 100 IB=L,5
IF(IB.EQ.Ll)BETA=ALPHA/]1.D-2
IF(IB.EQ.2)8ETA=ALPHA/1.C~4
[FIIB.EQe3]1BETA=ALPHA/L.C-5
IFIIB.EQ.413ETA=ALPHA/l.D-¢6
IF(IR.EQ.5)3ETA=ALPHA/ L. L7
PARM(1)=ALPHA

PARM(2)=3ETA
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READ(9,50) ({DATA(L,I),I=1,NDATA),L=1,NSETS)
REAC{9+50) OUMMY
50 FCRMAT(100(100D12.4/))
[FINSETSNE.263)WRITE(&, #INSETS
WRITE(6,67)
WRITE{6+23) (L (DATA(L,I1,I=1,NOATA} L=15,MS5ETS,15]
IFINSETS NE.263)WRITE (6, =INSETS
®xx CHANGE FORMAT 23 TC ACCUMCDATE "NCATA!
23 FORMAT(" ' ,4Xs100(I3+2Xs '#%y10010Q0.3+/,10X,"%%,901043+/9103X,"%7,/,5
LX))
67 FCGRMAT('1',4X,"DATAY ) LX, " %%,/ ,5Xy"SET? 42X,'*",51X,'DATA" ,/,
1 GX ("= ), '%1,100('-"]))

®=x% SET THE CRITICAL VALUES COF THE TEST STATISTICS FGR THE 95% AND
% 963 CONFIDENCE LEVELS

=** USE '00 100 IT=Ll,2' FOR BOTH 953 AND 3932 CCNFIUENCE LEVELS
IT=1
IF(IT.EQ.21GC TO 37
00 38 ITLl=i,l3
38 TLITLI=TSSUITL
TN=2.130D0
CUM=0.95%* (1. /DFLOATINDATA+L))
GG TO 39
37 00 40 ITl=L,13
4Q TIITL)=TRS(ITL)
TN=3.18000
CUM=0,99%= (1, /OFLCATINDATA+1})
39 D0 2 J3=1,12
IF(ALPHACGELALIJ3) s ANDCALPHALLELALIJ3I+LIITFAST{J3)#{TIJ3+1)-T{J3))

1 =(ALPHA-AL(J3M) /(AL UJ3+1)=-AL143)])
IFIALPHACGELAL(J3 ) cANCLALPHALE.ALTJ3+1)11JX=43
2 CONTINUE

IFITFAGE.L.OCOIWRITEIS, ¥ iTFAyJX4ALPRA, TIJR) o TUIX+1) ,ALLGX)
1 AL{JX+L]

#x% MAKXKE PRELIMINARY CALCULATICNS

CC 18 L=1,NSETS
SUM1=0.300
00 1 [=1.,NCATA

1 SUML=3UML+0ATA{L.I}
AVG=5UML/DFLCATINCATA)
VAR=0.30C0
0C 97 I=1,NDATA

97 VAR=VAR+(CATA{L,I)-AVG}®#2
VAR=VAR/OFLCAT(NDATA-1})
ALILI=AVG=32/VAR
BLIL)=AVG/VAR
[FIVARLEQ.C-OCOIWRITE(6s*)VARyAVG, L, NOATA,NSETS,y (SATA(L, [}, 1I=1,13!
IFINCATALEQ.LIWRITE(&*)NDATA

=% FIND THE MINIMUM CUTLIER USING FISCHER'S METHCD wiTH XNOWN ALFFA
X{l,L)}=TFA*SUM1/(L.~-TFAl}

#%% FIND MINIMUM CUTLIER USING FISCHER'S METROD AITH ALPRA SET
**¥ CQUAL TO 1

X{2,L)=T{3i*5uMLl/ (l.~T13})
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IF{T(3).GE.L.0D0)WRITElS,*IT (3]

C #*% FIND MINIMUM OUTLIER USING FISCHER'S METHCD AND EXCLUDING
C *=xx THE QUTLIER

A=AL (L)
[F{A.LT.D.25000)4=0.25000
IFlA.GT.13.000)A=18.000
DO 7 Jl=1,12
IF{ALGELALIJL) «ANDeASLELALIJL+L)ITF=TIJL)I#{T(JLl+L)=T(JL)])
1 #(A-ALTJL))/LALGJL+1}=ALLJL))
7 CCONTINUE
TF1=TF
X3=TF*SUML/(1.0D00~-TF)
AVG=(SUML+X3) /OFLOATI(NDATA=L)
VAR= (X3=AVG)#*2
00 5 I=1,MDATA
5 VAR=VAR+[CATA(L, [)-AVGI*=%2
VAR=VAR/OFLCATINCATA)
AZ2{L)=AYG*=*2/VAR
[F{AZ2(L).LT.0.25000)A2(L)=0.2500D0
IF{AZ(L).0T.18.000042(L)}=18.0D0
Ca 6 I=1,12
IFLAZIL) «GE«ALI{I) aAND A2 (L) «LEALII+*L)ITF=T{)+(T{I+L)=-T{1])
1 *(A2(L)-AL(T)}/7CALIT+L1)-ALLID)
6 CCNTINUE
X{3,L)=TF*SUM1/(1.000-TF)
101 FORMAT(' ',4X,'FULL ACCURACY MNOT REACHED FCR CONFIDENCE LEVEL',
1 I2+" DATA SET',I5,' METRGD'.12)
C
C === FINC MINIMUM QUTLIER USING THE INTEGRATION METHCD
o
8 AVGl=SUML1/DFLOATINDATA)
VARL1=Q.0090
D0 9 [=1,NDATA
9 VARL=VARL+{DATA(L,l)-AYGl }*=2
VARL=YARL/DFLOAT(NDATA-1)
PARM (L)}=aVGl=%2/VAR]
PARM(2)=AVGLl/VARL
X5=PRCNT (CUM)
IFIIERR.EQ.2)ARITE(S, ®)L s PARMIL) ,PARM(2) 4 X5
AVG=(5UML+X5) /OFLCAT (NDATArL)
VAR= (X5-AVG) #3%2
0C 1C I=1,NDATA
10 VAR=VAR+(DATA[L,I]J=AVG])**2
VAR=VAR/DFLCAT (NDATA)
PARM(Ll)=AVG**2/VAR
PARM (2)=AVG/VAR
AJ(L)=AVG**2/VAR
83(L)=AVG/VAR
X(5,L)=PRCNT(CUM])
IF{IERR.EQ.2IWRITEl&»*) Ly FARMIL) ,PARMI2Z]) +X5

C ==x FINC MINIMUM QUTLIER BY CCNVERTING TrE CATA TO NORMALLY
C *#** DISTRIGUTED DATA AND USING DIXCN'S METHOD

TNM=CSQRT{OFLCAT(NCATA))
IFITN.GT.TNM)GO TO 98
00 L2 [=1.hDATA

12 OATA(L,[)=0ATA{L,[)**(1.C03/3.00¢C)
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W=X{1,L)*=(].000/3.0001}
IFLIT.EQe2ib=X1%, L)**(1.000/3.00C)
WSUM1=0.000
0C 13 I=1,NDATA

13 WSUMI=WSUML+DATA(L,I)
0C l& J=1.,250
WAVG={WSUMLl+n) /DFLOAT(NCATA+1)
ADSQ=(w—wAVG) *x2
DO 14 [=1.NDATA

14 WOSQ=wWDSQ+(DATAIL,[)=4AVG )®s2
WVAR=wDSQ/DFLGCAT {NDAT A)
WN=WAVG+TN*DSJRT{ kVAR)
WD=0ABS [WN=W)/HWN
IF(W0.LT.0.0002)GC TO 15

l& W=WN
I M=4
WRITEL[6,101) IT,L,IM

15 X{44L)=dN*%3
IF(IT.EQ.2)GC TO 18
OC 51 I=1,NDATA

51 DATA(L,[)=DATA(L,[)=*=3
GO TG 18

38 X{4%,L)=1.D075

18 CCNTINUE

<
C =xx CALCULATE THE TRUE MINIMUM DUTLIER VALUE
C
PARM{1)=ALPHA
PARM{2)=8ETA
XS=PRCNTI(CUM)
c
C =*% QUTPLUT CALCULATED ALPHA AND BETA VALUES
c
WRITE(6,84])
WRITEL6,4651}
WRITE(&,86) (L,AL(L),BLIL)},A20L) ,A3(L},83(L),L=15,N3ETS,15!
&4 FORMATI('17",4X,'Al = ALPHA CALCULATED FRCM THE CATA',/,5X,'31l = BET
1A CALCULATED FRCM THE DATA',/,5X,%A2 = ALPHA CALLULATED wITh ThE O
2UTLIER USING FISCFER''S METHOC [(MIN = 0.25, MAX = 18)",/,5K,%A2 =
3JALPHA CALCULATED wiTH THE GQUTLIZER LUSING THE INTEGRATION METHGD',/,
45X, "B3 = BETA CALCULATED wlTH THE CUTLIER USING THE INTEGRATICN ME
STHCD")
65 FCRMAT{'=",31X,"DATA ", 1X,"®" ,4X, "ALY ,4X, %7 ,5X,1817 ,5X,"%! ,4X,
1 PAZ2Y 4 X, 00 6, YA p 4K, "%, 5X, "BV /Sy 3LXa &L= )" R, 13-,
2 'EIL L)V E L 2(10( =), %) ,12]('=1))
66 FORMAT (' ¢, 31X, 10001342X, "7 ,FSedy1lX,'=1,011.9,LlK4"%',2(FS.4,
1 Lx,t®1) ,Dlle4,/s32X])1)
c
C ==¥% JRDER AND QUTPUT MINIMUM CUTLIER VALUES
c .

WRITE(6,321
WRITE{6,:63)
WRITE(Ss62) (Ls{X{JdsL)sd=1s5)L=L5,NSETS,151)
WRITE(6,61) X5
60 FORMAT{'=1?,29X,v=? 12X, "FISCHER" "5 METHCO",2(13X,"*'),/,25X,
L YOATA? jLX, 20 v %=1, 4%, YALPHAY ) 6X ) "%, 12X, "ALPHA CALC.",LlXy'=1,4x,
2 PNCRMALT (3X o' %% (LX " INTCGRATICNY o/ 425X, "SET "y 2X, "®7, 4X, "SNGuN",
3 GX VN 50, 0= 11,5, "% ,1X, 7%/ CUTLIER":2X,2("'%' 44,
4 THMETHOD! 33X}/ 224K,86{=1),5{ =2, 13('=2)})
62 FORMAT{' " ,24X,100{I3,2X+5("%",22,0G43,2X)+/:25X2)
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T4 NFL=NFL+NF
94 FC(J,I+#1)=FClJ,1)+DFLOAT (NF)/CFLCATINSETS)
G4 1O T1
g3 IfR{JI=1
T1 CONTINUE
00 117 J=1,5
NINZ=NINT(J)+2
DO 117 I=NINZ2,300
FClJ,11=0.000
L17 XC(J,1)=0.000
C *==% JQUTPUT F~—CuM
00 75 J=1.5
IF{ ICH{J].EQ.L)GO TQ 75
WRITE(6,87])
IF{J-EQ-LIWRITEI6,82]
[F{J.EQe2)AR[TE{6,83)
IF1JaEQ.31aRITEL6,84)
IF(J«EQu4)WRITEL&,:85)
IFIJLEQ.S5IRRITE(S,86)
WRITE(6, 751
00 103 I=1,.,50
Nl=I
N2=[+5Q
N3=[+100
WRITE{S+TT) NLyXClJv 1) 4XCUJds I+1),FCUI I +L) N2, 4C(Jy [#501,
1 XC(Jg[+5L )y FCIII+51) 4y N3y XC(Js [ #100) s XC(JpI+10L),FClasi*+l L)
103 CONTINUE
87 FORMAT{'"1",4X,"CUMULATIVE PROBABILITY THAT A GIVEN VALUE [S DETECT
LED AS AN CUTLIZER USING')
82 FORMATIY 1 ,4X,'"FISCHER''"S METHCD wITH ALPHA KNCWN?')
83 FORMAT[? " ,4X,'FISCHER!?S METHCD WITrF ALPHA = 1')
84 FORMATI(' ' ,4X,'FISCHERY'S METHGCD AMD CALCULATING ALPhAY)
85 FORMAT(' ',4X,'THE CCNVERSION TO NCORMAL METHGCD']
86 FCRMAT(' ',4X,'"THE INTEGRATICAN METHCD')
Té& FORMATIU 2, 2(5Ks %4, 3X,"LCWERY j3 X" %1 ;3 X, "UPPER" »3X,"%* ,11X,
L v=0 ], 5K, 7% 30y "LOGERT y3Xy " 57, 53X, "UPPER " 43X,y "%,/ p1X42(1X, 'INT!,
2 LX, vt 23X "LIMITY j3X,'%1 ), 3%, "F=CUM? 3%, %#],1xX,"INT', 1%,
3 200m0, 30, LINITY 3K, 051, 3K, PF=CUMT,/, LXs 20501 =1) 750 11 (1=1),
& '*‘,ll[l-'} l'*' 'll‘l_li,l‘l,'Sll—rl’lgl'Llll-'j'l*i' llf’_fj' Ptf'
5 1L(*='})
TT PORMAT (Y " 214y 1Xs"%",00043 41X, ,010.3,1X,"%" ,FLlJa3siXy?s1},
1 T4s1Xy"=',010.3s1X,'%?,C10.3,1L%X,'%",D0130.3)
IF{NINT(J)LEL15Q)GQ TC 75
WRITE(6,287)
{FLJEQ.1IWRITE(6,82)
IF1J.EQe2IWRITEIH,83})
IF{JEQ3)WRITE(S+34)
IFlJsEQ.4IWRITELS,85)
IFlJeEQ.SIWRITE(6+84)
WRITE(S, 761
00 134 I=151,200
Nl=1
N2={+50
N3=I[+100
WRITE(Se TT) MLoXClJyI)yXCUJdpI#1) yFCLJsI+1),N2,XC(JyI+53),
1 XC{JdpI#S5L) ,FCIJ el »5L ) o N32XClJs I #1030} XCUJs[#1IL),FCL Iy I+101)
104 CONTINUE
75 CCNTINUE

-

-
C =% CALCULATS aND QUTPUT THE PROSBABILITY THAT aN OUTLIER COMING FRCM
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61 FORMATI"J7,4X,"THE TRUE MINIMUM CUTLIER FGR THE INTEGRATICN METHCD
=',012.4]
CALL CRDERINSETS]
WRITE(&+32)
WRITE(6,33)
WRITE{&6434)
L1=0
DQ 137 L=1,NSETS
Ll=L1+1
WRITE[6431)1 (INDUJsL ) oXO{JdsL) yd=1,5)
IF{Ll.LT.50)G0 TO 137
L1=0
WRITEL6,32])
WRITE{6,33)
WARITE[6,+35)
137 CONTINUE
32 FORMAT('L? %X, "MINIMUM OQUTLIER VWALUES')
33 FORMAT ("=7 43X, "DATAY j LX, P %0, 24X, "ALPRAY 4K, "%, 1X,"DATAY, 1 X, "%"),
1 1X, "ALPHA CALC " ol X, "= " 1 X, "SATAY JLX 0% 54X, ' NORMALY, 3X,
2 Tt 1X,0ATAY 1 Xst o7, [ X, "INTEGRATION 3/ 14X+ "SET* 4244 %1 ;4 %,
3 PKNGHM® o 4X " *8 (LA "SET® 42X, %7 ,5X, 7= L1 ,5X, %!, 1X, 'SET ',
G4 22X, '®? 01X, 'WS OUTL[ER® 42X, '=" , 1X,1SET ", 2X, "%, 4X, *METHCO")
34 FORMAT (" +' ,85X "%, IX,*SET" »2X 7%, 44, "METFOD "+ /33X 0=},
Loa{v=e, 13{1="1),"=d,5{(0=1) ), %1, ,]3{1=1])
WRITE[&,61) X5
31 FORMAT(Y 7', 3X I3, 2Xe4{ "% ,2X,09.3+2X+'=0,1X,[3,2X}s"%%,2X:03.3)

®#xx SET [NTERYALS FCR ANC CALCULATE ThRE CUMULATIVE PROBABILITY THAT A
#*x GIYEN VALUE IS DETECTED AS AN CGUTLIER IN TRE GaMMA OISTRIBUTICA
**% W]TH PARAMETERS ALPHA ANC 3ETA (F=CUM)

0g 71 J=1,5
ICHIJ) =9
IF{X0{Je1).GT.1lAGQ0.3GC TC 93
DX=(X0(J,NSETS)-XCIJ,1))/100.0C0
IF(DXeGT449%99,JG0 TQ 93
0O SO I0=1,24
P=5.000/10.200%%| [0=4)
Q=2.000/10.0200%%{[D=4)
R=1.000/10.300%=([D-4%]
IF{0X«LT.PIDELX=Q
[FICXLT.Q)DELX=R
IFIOX.LT.RIDELX=P/10.202
IF(DX.GT.RIGTU TO 91

90 CONTINUE

91 NINT(J)=IFIX{SNGLIIXO{J,NSETS)=XT{J,L)}/0ELX))+2
NT=IFIX{SNGLIXGUJ,1}/DELX]))
AC(JoL)=0FLCATINT)I*0ELX
NFL=1
FClJs1)=0.000
NIN=NINT(J)
00 94 I=1,NIN
XClJ I+1)=XClJ, 1) +0ELX
NF=0
XM={XC{J, [+1)#XCIJy111)/2.Q0C0
IFINFL.GT.NSETSIGG TC 94
CO 72 K=NFL,NSETS
[FIXClJyR]) aLEXMINF=NF+L
[F{X0{J4K)GTXM)IG0 TC 74

73 CCNTIMNUE
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THE GAMMA OISTRISUTION WITH PARAMETERS AL?HAI AND BETAI IS
DETECTEDS AS AN OUTLIER IN DATA COMING FROM THE GAMMA DISTRISUTICN
NITH PAAAMETERS ALPHA ANLC BETA

VAR=ALPHA/ BET A**2

0C 72 L=1,11

RLAM{L)=OFLOATIL)*{l.+{ .35#BETA®( 4. —ALPHA) ) /{3.5ALPHA®L.D7) )

FDSSRTALPHA]L

IF{IT.EQ«2RLAM{L)=1.4=RLAMIL]}

AVG=RLAMILI*ALPHA/BETA

PARMILl=AVG*#2/VAR

PARM[2)=AVG/VAR

ALPHIL)=AVG=*2/VAR

BETILI=AVG/VAR

00Q 72 J=1,5

[F(L.EQa11G0 TO L25

IF(PROB(J,L-1}.GE.0.5951GC TO 126

PRCBIJ,LI=0.0C0

IF{ICH{J}l.EQ.L)GD TO 72

NIN=NINT (J)

00 78 I=1.NIN

GAM=PRCUMIXCL I, I+1))=PRCUM(XC(J,11)

PROEB{J L)=PROBIJLI+FC(J,[+1])*CAM

GAM=PRCUMIXC{ JeNINTLJ)+1])

PROB{J L)=PROB(J,L)+{L.300-GAM]}

GQ TC 72

PROE{J4L)=1.000

CCNTINUE

DO 105 L=1l.11

PARM{L)=ALPHI(L)

PARM(Z2)=B8ETI(L)

0O 127 L1=1,NSETS

CALL RANDU{IX oIY ,YFL])

IX=1Y

XSIM{L1)=PRCNTI(YFL)

0O LC5 J=1,5

PRSIA{J,L)=0.000

OC 1G5 LLl=1,NSETS

IFIXSIMILLI) «oTaX{ e LL}IPRSIMIJJLI=PESIM{J L) +L.COC/CFLCATINSETS)

CONT INJUE

WRITE(6+79) ALPHALBETA

WRITE(5,80)

ARITE(6,3L) (RLAM(L) ;ALPHIL) ,BETIL),(PRCEB(JosL)sd=Ly5),L=1s11}

WRITE(6,106} ALPHA,B8ETA

WRITE(&.30)

WRITE(&,8L1) (RLAMIL) ALPHIL) +BETIL)+{PRSIM(JsLlsJ=1s5)sL=1y1l1]}

FORMAT ("1' 44X, 'PRCBABILITY THAT A CATA POINT GENERATED FROM THE GA

MMA CISTRISUTION WITH PARAMETERS?./,5X,'ALPHA ANC BSETA WILL BE CET

ECTED AS AN GQUTLIER IN THE GAMMA DISTRIBUTION wITH PARAMETERS' ./,

SXe ALPHA =',F6.3,lX,"ANC B3ETA =1,010.2])

FORMAT( "=, 29X, ®1,9X, "% 12X ,'%" ,[3X,*F{SCHER! 'S METHOD',12X,'*",
13X ' %0,/ 330X, "*7, 9%, 151, 12X, 20 "=! ;4X, TALPHAY yaX] , '%1,1X,
TALPHA CALC "ol X "% ;4 X, "NURMAL?*,3X, "% ,1X,? INTEGRATIONY, /523X,
TLAMBOAY p 1X "% 22X VALPRAY , 2X " %1 (4 X, 1BETAY 34X, 151 54, " KNG, 5X
pPE SN S LV ,5X, % 1K ' WS CGUTLIER® ,2X,2(" %1 4%, 'METHOD'+ 3X )/,
22X 30— ] 1t GU =N vk J2(F 0] 5 L13({ =11}

FORMAT L' ' 21X, 2L (FTa3olX y¥ %% yF8.3) L&, "% 30L1laby1X,50'=",F13.5,3x])
fe22X))

FORMAT L'1",4X,"SIMULATED PROBABILITY THAT A CATA PCINT GENERATED F

RCM THE GAMMA OISTRIBUTICN WITH PARAMETERS',/,5X, "ALPHA aAND Z2cTA W
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2ILL BE DETECTED AS AN OUILIER IN THE GAMMA DISTRIBUTION WITH PARAM
3ETERS',/s5Xs"ALPHA =" ,F5.5,1%X,"ANC BETA =1,010.4)
100 CONTINUE
sTQP
END

SUBRCUTINE CRDER(NSETS)
[MPLICIT REAL#*=8 (A-Hs(C-Z)
CCOMMCN /CRD/ X{5,1000),INC(5,1000),X0(5,1G00}
0C 1 I[=1,5
INGUI.l)=1
DO 1 L=2,NSETS
Ll=iL-1
BC 2 J=1,Ll
IFIXtIsL)LTaX{I,IND{L,Jd)))50 TO 3
2 CONTINUE
3 Ld=L-J
IF{L.EQ.J)G0 TO 1L
DC 5 K=1,LJ
5 INDUI L=K+1)=IND(I,L-K]
L INDITsL=-LJi=L
DC 4 J=1,5
CO 4 L=1,NSETS
4 XOQ{JdL)=X(JINDIJ L))
RETURN
_ENO

SUBRCUTINE RANDU { IX, [Y4YFL)
REAL*3 YFL
[Y=IX=g5539
IF(IYI5,648
I¥=1Y+2147483647
5 YFL=1IY

YFL=YFL*,4658813E~9

RETURN

END

w
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c
C
REAL FUNCTICN PRCNT=38 (X)
(e N R R RN R R AN R N R F ST H F A R IR RN R E IR A ERF T E T EAE XA IS IR

C=* ®
C* PRCNT %
C* *

I I IR R R I R I IR F I I IR I ALFIRIIITIINIIIITREZZERES

Cx THIS FUNCTION RETURNS THE CCRRESPCANDING LAMBODA VALUE AT THE L
C*# X={(100) PERCENTILE FCR THE PRIOR DJDISTRIBUTION. ThRE FUNCTICN USES =
Cx THE ORTMI RCUTINE TO FIND THE RCLCT CF FILAMEDA)=CUM{LAMBOA)=-X=1d. ¥
C* /SUBPRM/ COMMON BLOCK IS USED TD PASS PARAMETERS TC THE FUNCTICA *
C* PAFCT. PARAMETERS IN CCMMON BLOCKX /RTPASS/ ARE SET 3Y THE CALLIANG =
C* ROUTINE AND ARE EXPLAINED IN THE ORTM[ OCCUMENTATICN. =
[0l =
Cc* *
C* WRITTEN BY: S. D. HANSEN 5/EC. *
Cx *

T Ry e e LR s
IMPLICIT REAL#*8 {A-H,0-Z)
CCMMCN/RTPASS/ XLIJXRI1,)EPS,IEND, [ERFR
CCMMCN/SUBPRM/ ALPFA
EXTERNAL PRFCT
ALPHA=X
CALL ORTMI (ANS,F,PRFCT,XLI+XRI,EPS, [END,IERR]
IF (IERR.NE.Q) WRITE(6,100) IERR

100 FORMAT(' ERROR IN PRCNT RGUTINE, [ERR= ', I4)

PRCNT=ANS
RETURN
ENC

(of 1

C*

C*

C=

REAL FUNCTION PRFCT*3(P)
e e R R R AL E L e Ll

C* %
Cs THIS FUNCTION EVALUATES FILAMBDA)=CUMILAMBDA)-ALPHA FOR THE =
Cx PRICR DISTRIBUTION. «
Cc= *

CE#E X I XA XX IR XSS T IR PRI LTI F L XX ITIIFTEITXIEXFEIZIIFXXEIIREZIZSS
REAL*8 PRCUM,ALPHA,P
CCMMON/SUBPRM/ ALPRA
PRFCT=PRCUM(P)—=ALPHA
cat WRITE (&,%) P,PRFCT
RETURN
END
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REAL FUNCTIGN PRIOR*8(X)
E:#ttta:s*##*#ttttt*tt:tt#x::#*33:*#**:#*8#*##**#:*#*#4#*t*;tt:tttst:t;a

=
C* THIS SUBROUTInE ESVALUATES THE PRICR CENSITY FUNCTION FOR THE FAIL- =
C* URE RATE CASESe DISTRIBUTIDON PARAMETER VALUES AND FUNCTION DEFINING =
C* [NDEX ARE PASSED TO SUBROUTINE THROUGH THE COMMON BLCCK /PRIR/ *
c= *
C® SUBROUTINES NEEDED: DXP *
C* %
C* SUBRGCUTINE ARGUMENTS: *
C* X = FAILURE RATE VALUE AT WHICH DENSITY FUNCTION IS OJESIRED #
C# "
C* COMMCN BLOCK /PRIR/ VARIABLES: ¥
Cc= PARM = DISTRIBUTICN PARAMETERP VECTORS: PARM(Ll)=ALPHA, PARMIZ)= =
cx BETA (=TAU FCOR GAMMA), PARMI3}=MINIMUM LAMBDA OR SHIFT =
C* PARAMETER, PARMI{4l=MAXIMUM LAMBOA PARAMETER {(USED OMLY =
Cx FOR THE BETA DISTRIBUTICNI ¥
C= IPRIR = DISTRIBUTICON [NDEX; =L GAMMA, =2 LCGNORMAL, =3 WA€I3ULL, =
C= =4 LOGBETA ¥
C# *
C* WRITTEN BY J.Ko SHULTIS 3/79. HMOCIFIED &/79, 7/75. *
Cx E ]

ot e s L Y
IMPLICIT REAL*8{A-H,0-1)
COMMCN/PRIR/PARMI4) ,RANGL21,1PRIR
REAL=*8 X,DLGAMA,DEXP,CLOG.DABS,CX?
PRICR=0.000
IF(XLE.PARM[3])) RETURN
Crsxax
Cexxxx (GAMMA DENSITY FUNCTICN: (LAMBDA-THETA)=GAMMA[ALPHA,TAU]
Cesxxx PARAMETERS: ALPHA>D, TAU>G, THETA>O; THETAKLAMBODAKINFINITY
GO TQ {10420+30+4C),IPRIR
10 ARG=X-PARM(3)
AA=PARM(L])
328={AA~1.000)*DLOGIARG ) +AA®DLOG(PARM(2) ) =PARM{ 2] ARG
1-OLGAMA[AA)
PRIGR=DXP(33) =
RETURN
Craxsx
Ce*xxx | OGNORMAL OCENSITY FUNCTICN: LCG(LAMBDA-THETA)=NORMAL (ALPHA,3ETA)
Cxx¥=xx PARAMETERS: —INFSALPHACINF, BETADT, THETA>Q; LAMBDA>Q
20 ARG=OLGGIX-PARM{3)}
82=PARM(2) %=
88=-ARG-0.500%0L0G(6.28318530717959*82)-0.500%({ARG-PARM(1)1*32)/8
12
PRICR=CXP(BB)
RETURN
CEemax
Craesx WEIBULL DENSITY FUNCTION: {LANBDA-TRETA)=wEIBULLIALPHA ,3ETA)
Cxasxx PARAMETERS: ALPHA,BETA,TRETA>G; LAMBDA>TRETA>UY
30 B8=PARMI{2}
ARG=(X=PARMI{3])/PARM(L]
AA=0LOGI8B)-OLOGIPARM (1)) #{33—-1.000)*0LOGIARGI~ARG*=35
PRIGR=DXP(AA}
RETURN
CEsxsx
Cxsxx: FOUR PARAMETER LCGBETA: LOG(LAMEDA)=SETA(ALPHA,BETA,4,3)
Ces*+x PARAMETERS: ALPHA,3ETADO; —INF<ASLOGILAMBDAICECINF
4C A=PARM(3]
B=PARM(4)
DL=CLGGIX)
IF{{CL.GE-3) R ICL.LELA} ! RETURN
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AA=PARMIL)

8B=PARM(2)

ARG= (DLGAMA(AA+8B )—0OLGAMA (3B )-DLGAMA({AA)) - DL +
1(=(AA+8B-1.000)*0L0G(B-A) + (AA-1.000)*0LCGIDL-A)+(BB-1.00)%0LCG(3
2-0L))

PRICR=DXP(ARG)

RETURN

END

SUBROUTINE DRTMI

PURPQOSE
TO SOLYE GENERAL NCALIMEAR ECUATIONS OF THE FORM FCT{X)=4Q
B8Y MEANS OF MUELLER-3 [TERATICN METHCD.

USAGE
CALL ORTMI (X,F4FCT AL ,XRL ,EPS,1ENU,[ER)
PARAMETER FCT REQUIRES AN EXTERNAL STATEMENT.

CESCRIPTION CF PARAMETERS

X — RESULTANT ROOT CF EQUATICN FCT(X)=0.

F = RESULTANT FUNCTIGN VYALULE AT RCOT X.

FCT = NAME OF THE EXTERNAL FUNCTICN SUBPROGRAM USED.

xLI - [NPUT VALUE WHICH SPECIFIES TRE INITIAL LEFT BCUND
CF THE ROOT X.

XRI - INPUT VALUE WHICH SPECIFIES THE INITIAL RIGAT BOUNC
OF THE ROQT x.

EPS = INPUT VALUE WHICH SPECIFIES THE UPPER BCUND CF THE
ERROR OF RESULT X.

IEND - MAXIMUM NUMBER OF I[TERATICN STEPS SPECIFIED.

IER = RESULTANT ERRGR PARAMETER CCDED AS FGLLUWS

[ER=J = NG ERROR,

IER=1 = NC CCNVERGENCE AFTER I[ENDO ITERATION STEPS
FCLLOWED B8Y IEND SLCCESSIVE STEPS CF
BISECTIGN,

[ER=2 = 3JASIC ASSUMPTIGN FCTIXLII=FCT(XR[) LESS
THAN OR EQUAL TQ ZERO I35 NOT SATISFIEC.

REMARKS
THE PRCCEDURE ASSUMES TRAT FUNCTICN VALUES AT INITIAL
BOUNDS XLI AND XRI HAVE NOT THE SAME SIGN. [F THIS BASIC
ASSUMPTICN IS NOT SATISFIED B8Y INPUT VALUES ALI aND Xk 1, THc
PROCEDURE [S BYPASSED ANO GIVES THE ERRCR MESSAGE [ER=2.

SUBRCUTINES AND FUNMNCTICN SUBPACCRAMS RECQUIRED
THE EXTERNAL FUNCTICN SUBPROGRAM FLCT(X) MUST 3E FURNISHED
8Y THE USER.

METHOD
SOLUTION OF EQUATICA FCT(X)}=0 1S DONE 3Y MEANS OF MUELLER-S
[TERATION METHCD OF SUCCESSIVE 3ISECTICNS AND INVERSE
PARABCOLIC INTERPOLATION, WhHICF STARTS AT THE INITIAL BCOUMNIS
XLI AND XRI. CCONVERGENCE IS CUACRATIC [F THE DERIVATIVE O
FCT{X) AT RCOT X [5 NOT EQUAL TC ZERC. OMNE I[TERATION STE?
REQUIRES TWC EVALUATICNS CF FCT(X). FOR TEST ON SATISFACTCRY
ACCURACY SEE FORMULAE (3,4) OF MATHEMATICAL DESCRIPTICN.
FCR REFERENCE,s SEE Gu Ko XKRISTIANSEN, ZERQ OF AR3ITRARY
FUNCTION, BIT, ¥CL. 3 (1963}, PP.205-235.

I R R R I R R R I R R I I I BN NI R
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SUBRCUTINE ORTMI(X.F,FCT,XLI,XRI,EPS, [END,IER]
IMPLICIT REAL®*8 (A-H,C-2)

PREPARE [TERATION
IER=0

XL=xLI

XR=XR1

A=XL

TCL=X

F=FCT(TGL)
IF{FILelb,L

FL=F

X=XR

TCL=x

F=FCT(TAL)
IFIFl12:l0+2

FR=F
TF{CSIGNI(L1.JD2,FL)+DSIGN(1.2D0,FR)}25,3,25

BASIC ASSUMPTION FL*FR LESS THAN I 1S SATISFIED.
SGENERATE TCLERANCE FOR FUNCT [ON YALUES.

I=0

TCLF=100.%€EPS

START ITERATICN LCCP
[=1+1

START 3[3eCTICN LCCP

00 L3 K=1,[END

X=.5%(XL+*XR}

TCL=Xx

F=FCTL{TOL)

IF{F}S.l&,5
IF{DSIGNT1.00GC+FI+0OSIGNIL.JDI+FRIIT a7

[NTERCHANGE AL AND AR IN CROEAR TC GET THE SAME SIGN
TCL=xXL

XL=XR

XxR=TCL

TOL=FL

FL=FR

FR=TCL

TCL=F=FL

A=F=TCL

A=A +A
[IF{A=FR®{FR=-FL})8+5,9
"Fll-IENDjl?l ].7!9
XR=X

FR=F

TEST ON SATISFACTCRY ACCURACY [N BI3ECTICN LCOP
TCL=EPS

A=CAB5(XR)

IF{A=-1.)11,11,13

TCL=TCL=*=4A

[F{CABS(XR-xL}-TOL)L2,12,13
IF(CABS[FR=FLI=TOLF}Llasl%y13

CCNT INUE

i

FoAND FR
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END CF BISECTICN LOOP

NO CCNVERGENCE AFTER I[ENLC ITERATION STEPS FOLLCWED BY [END
SUCCESSIVE STEPS CF BISECTICN CR STEADILY INCREASING FUNCTION
VALUES AT RIGHT BOUNDS. ERROR RETURN.
IER=1

14 [FIDABS({FR)-DABS{FL)}1&6,1&,15

15 X=XL
F=FL

1& RETURN

aOoOoo0

o CCMPUTATION OF ITERATED X-VALUE B8Y INVERSE PARABGLIC INTERPOLATICN
17 A=FR-F :
Dx=(x=XL)®FLs[la+F*(A-TOLI/lA®(FR=-FL))}/TCL
XM=X
FM=F
X=XL-0X
TaL=x
F=FCT(TOL)
[F{F)18,1&,18

c TEST ON SATISFACTCRY ACCURACY IN ITERATICN LCOP
18 TCL=EPS
A=0AB851{X)
IF{A=1.120420419
19 TOL=TOL=*A
20 [FICABS(DX)-TOLIZ2L,21,22
21 IF{DABS{F)-TULF)1lé,168,22

c PREPARATION CF NEXT BISECTICN LOOQP
22 IF(DSIGN(L.ODO,F)+CSIGN(1.0D0,FL))24,23,424
23 XR=Xx

FR=F

GG TO 4
24 AL=X

FL=F

XR=XM

FR=FN

GO TO 4

tND OF ITERATICN LCOP

OO0

ERAQR RETURN IN CASE CF wWRONG INPUT CATA
25 lER=2

RETURN

END

REAL FUNCTION PRCUM=3({X)
e FF TR EIE X FEFI R FF R I IR I I IF TS A I FI IR IR EE XL T IITILTRF SR FF T T F xS

C* =
C* TRIS SUBROUTINE EVALUATES ThE PRICR CUMULATIVE FUNCTICN FCOR THE ®
C# FAILURE RATE CASES. CISTRIBUTION PARAMETER VALUES AND FUNCTION DE- =
C* FINITION INDEX ARE PASSED TG SUBRCUTINE THRCUGH THE CLMMON 8LOCK ¥
C= /PRIR/. =
s =
C= SUBROUTINES MEEDED: GAMIC, MCBETA i
C* ®
C* SUBRCUTINE ARGUMENTS: =
C* X = FAILURE RATE VALUE AT nHICH DENSITY FUNCTICN IS5 DESIRED =
e =

*

C* CCMMCN BLCCK /PRIR/ VAR [ABLES:
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C*
Ce*
C*
C*
Cx
c*
[of
C*

145

PARM = DISTRIBUTION PARAMETER VECTCRS: PARM({Ll)=ALPHAy, PARM(Z)=
BETA (=TAU FOR GAMMA), PARM{3)=MINI[MUM LAMBDA PARAMETER
OR SHIFT PARAMETER, PARM{&)=MAXIMUM LAMBOA PARAMETER
(USED ONLY FCR THE BETA DISTRIBUTICN)

IPRIR = DISTRIBUTION INCEX; =1 GAMMA, =2 LCGNORMAL, =3 wEIBULL.,
=4 LOGBETA

WRITTEN BY J.K. SHULTIS, 3/75. MCDIFIED &6/79, 7/79.

LB B T

CEFETFIXTXEBETXNIFTRXZZIRFIFFFAFIFFITTITT RTINS I II XL ITIFIFIFFIITXEIREIIFE I T XL S8 ¥ %

Crxxxs
Cexznx

10

11

20

IMPLICIT REAL#*8{A-H,C-Z)
REAL*4 XXX,AAA,BB8,PROB

COMMCN/PRIR/PARMIS) JANGI(2).IPRIR
REAL*8 X, YY(l), OLGAMA, OEXP, OLOG, CABS

PRCUM=0.0D0

GC TC [(10+20+30,4C), IPRIR
Crsxus
Crzexx

GAMMA CUMULATIVE OISTRIZUTION
IF{X.LE.PARMI3)) RETURN

ARG=X—-PARM({3])
ALPHA=PARM(L)

TAU=PARM (2)=ARG

CALL GAMICITAU,ALPHA,L.D-T,1,YY,NZ)

[F INL.NE.D) WRITEl&,11)

FORMAT(' PRC3ABLE INACCURATE RESULT FOR THE GAMMA CUMULATIVE DISTR

LIBUTION®)

PRCUM=YY(1]}
RETURN

CUMULATIVE OF THE LOGNGRMAL DISTRIEBUTION
IF{XLE.PARM(3)) RETURN

XL={-OLOG{X=PARMI(3) ) +PARM (1) }/PARM(2)

XLA=DABS{XL]/1l.414213562373095
A=CERF{XLA}
PRCUM=0.500%{1.000-0SIGN[A,XL]))

RETURN
Cxsxss

Crwxax WEIBULL CUMULATIVE DISTRIBUTICN

Cexxss

32

[FIXsLE.PARM({3)) RETURN
PRCUM=1.000
ARG=((X=PARM{3) ) /PARM( 1) }*=PARM(2)
IF(ARGGT «35.000) RETURN
PRCUM=1.000-0EXP(-ARG]

RETURAN

C*s3%*% CUMULATIVE OF THE LOGBETA DISTRISBUTICN

4C

42

&1

B=PARMI(4)

A=PARM({ 3]

OL=CLOG{X]
IF((3-DL)*(DL-A)] 41 .,41,42
AXX=(0L=A)/(B=A)
AAA=PARM({1)

BB3=PARM(2)

CALL MDBETA(XXX,AAA,BBB,PROB,IER)
PRCUM=PROB

RETURN

IFICL.LE.A] RETURN
[F(DL.GE.3) PRCUM=l.D0
RETURN

END
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SUBROUTINE MDBETA(X, P, &, PRO8, I[ER)
C

CERE XXX AR IXXT XX EEIXXXIFI - I XXX FIXFIIFIIXIXFIXXEIXEIIXRXXFIFRETXIFTXF ST %S

C*

C* FUNCTICN: EVALUATE THE INCOFMPLETE BETA CISTRIBUTION FUNCTICA

Ce

C* PARAMETERS:

cs X - VALUE TO WHICH FUNCTION [S TC BE INTERGRATED. X MUST BE [N TH
C= RANGE {041) INCLUSIVE.

cx P - INPUT (LST) PARAMETER (MUST EE GREATER THAN Q)

Cc* Q - INPUT (2ND) PARAMETER (MUST BE GREATER THAN Q)

C*+ PROB - QUTPUT PROBABILITY THAT A RANDCM VAPIABLE FROM A BETA DISTRIB
C#* HAVING PARAMETERS P AND Q wILL BE LESS THAN QR EQUAL TO Q.
C* [ER = ERRCR PARAMETER.

Cs IER = Q INDICATES A NCRMAL EXIT

c* IER = 1 INDICATES THAT X IS NOT [N THE RANGE (O,L) INCLUSIV
C= IER = 2 [NDICATES THAT P ANC/GR Q IS5 LESS THAN OR EQUAL TG
C=

C* CCDE BASED ON SIMILAR CODE 3Y N. B0STEN AND E.oATTISTE AS MODIFIED 3y
Cx M, PIXE AND Jo. HOD.
C*
(-2 S PR LR R R R 22 22 2 2 S R e Rt R R R e R e P P R R e R R s P PR S R RS R
OQUBLE PRECISIOMN PSy PX, Y, Pl, DOP, INFSUM, CNT, WH, XB,
= 0Qy C, EPS, EPSLl, ALEPS, FINSUM, PQ, JA, DLGAMA
OGUBLE PRECISICN FUNCTION DLGAMA
MACHINE PRECISICN
DATA EPS/1.0-6/
SMALLEST POSITIVE NUMBER REPRESENTABLE
JATA EPSL1/1.0-78/
NATURAL LCG CF EPS1
DATA ALEPS/-179.6C1l6D4Q/
CHECK RANGES OF THE ARGUMENTS
Y = X
IF ((X.LE.1.J) .AND. (X.GE.0.2)) GO TQ 10
[ER = 1
GC TC 140
10 IF {(P.GT.0.0) .AND. (Q.GT.0.0)) GO TO 20
IER = 2
GC TO 149
23 IER]R =90
IF (X.GT.3.5) GO TO 30
INT = 0
GO TC «0
C SWITCR ARGUMENTS FOR MORE EFFICIENT USE CF THE PCWER
C SERIES
30 INT = 1
TEMP = P
P = Q
Q TEMP
Y 1.00 - Y
40 TF (XaNEeO+ +AND. X NE.l.) GO TO &0
C SPECIAL CASE - X [S 0. OR 1.
50 PRCB = Q.

a0 o o0

Gd TO 130
63 18 = g
TEMP = IB
PS = Q - FLGAT{IB)
[F (Q.EQ.TEMP) PS = 1.00
op =P

PR=Q



PX = DP=DLLGLY)
PQ = DLGAMALDP+0OQ)
Pl = DOLGAMA(DP)

C = DLGAMAI(DG)
D4 = CLOGI(CP)
C DLGAMA IS A FUNCTION wHICH CALCULATES ThE UGUBLE
C PRECISICN LOG GAMMA FUNCTIGN
XB = PX + DLGAMA(FS+DP) - CLGAMA(PS) - D& = P1
C SCALING
I8 = XB/ALEPS
INFSUM = 0.00
C FIRST TERM OF A CECREASING SERIES WILL UNDERFLCW
IF (IB.NE.Q) GO TCO 30
[NFSUM = DEXP({XB)
CNT = INFSUM=CP
C CNT WILL ESUAL DSEXP(TEMP)I*(L.20-PS)[*Psy=x3[/FACTCARALIALLL)
wH = 0.000
30 wH = aH + 1.00
CNT = CNT*®(wH=PS)=®Y/wR
[F (CNT.LT.EPSL/EPS) G3TC 9¢
X8 = CNT/(OP+wmH)
INFSUM = [NFSUM + X3
IF (XB/EPS.0TLINFSUM) 30 7O 39
C DLGAMA [S A FUNCTION whiCr CALCULATES THE OCUSLE
C PRECISICN LCG GAMMA FUNCTICN
90 FINSUM = Q.00
IF (CQ.LE.1.30) GC T2 122
X8 = PX+ 0Q#0LGG(l.D0-Y) + PQ - PL - CLOGICSY = C
C SCALING
[B = XB/ALEPS
[F {([B.LT.J) [B = 0
C = 1.03/(1.00-7)
CNT = JEXP(X3-FLOAT(I3)*ALZPS)
PS = CQ
aH = 0Q
10Q wH =ad =-1.03
[F (WH.LE.J.200) GO TO 129
PX = [(PS=C)/ (DP+wh)
[F [(PXeGTuladCQ) GO TC !
IF (CNT/EPS.LE.FINSUM.CR
105 CNT =CNTs=PX
IF (CNT.LE.Ll.00) GC TC L1O
C REs3CALE
[3 = [8 -1
CNT = CNT=EPS]
L13 PS =nH
[F (15.E2.0) FINSUM = FINSUM + CONT
50 TO 14090
120 PROB =FINSUM + [NFSUM
130 IF (INT.E2Q.J) GC TQ 140

o
(%}
.

-
CANT LLEL.EPSL/Px) GO TJ 123

PRCB = 1.0 - PRCA
TEMP = 7
P =4
3 = TEMP
140 RETLRN
chND

SUBRCUT[NE GAMICIX,ALPRA, REL )Ny Y, NI)
sl R e N P R e P e T

-
-

c ~RITTEN 3Y D.E. AMCS ANC Sal . CANIEL, NCYWEMBER, 1374,
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EXTRACTED FRUM THE SANOIA LABCRATCRY'S MATREMATICAL
LIBRARY AND ADAPTED FCR THE I8M 370 SYSTEM 3Y J. K. SHULTIS
JULY, 197S.

REFERENCE SC-0OR-72 0303

ABSTRACT
GAMIC COMPUTES AN N MEMBER SCQUENCE CF INCOMPLETE GAMMA
FUNCTIONS NORMALIZED S0 THAT AT X=INFINITY, THE INCOMPLETE
GAMMA FUNCTICN HAS THE VALUE l. THE SEQUENCE [S UENOTED 3Y

Y(K)=INCGAMMA[ALPHA#K~1, X])/CAMMA(ALPHA+K~-1),y K=Ll12y40eesN

AND [S5 COMPUTED TC A RELATIVE ERRCR REL CR BETTER WHERE ALFHA
«GT «0e IF ALPHA#N—L.GE.X, THE LAST MEMBER [S COMPUTED 8Y THE

CONFLUENT HYPERGECMETRIC SERIES WwITH THE CTHER MEMBERS
COMPUTED BY 3ACKWARD RECURSICN ON A TwC—TERM FGRMULA.

YIK=1)=Y{K])+DEXP{ (ALPHA+K-1)*DLCG(X]-X-DLGAMA{ALPHA+K] ).

IF ALPHA+N=L.LT.X, AN INTEGER M IS ACDED S5C THAT

ALPHA#N—L+M,GE.X AND THE FIRST PROCEDURE [S APPLIED, SPECTIAL

PROCEDURES APPLY FCR ALPHA.EJ.l CR AN UNDERFLOw CCCURS QR

X EXCEEDS A CRITICAL VALUE, APTEST, WHERE ALL MEMBERS ARE l.

TO THE wWORD LENGTH CF THE CCC 660C. GAMIC USES OLGAMA.

DESCRIPTICN OF ARGUMENTS

INPUT
X - ARGUMENT, X.GE.QJ.0
ALPHA - PARAMETER, ALPRA.GT.D.0
REL - RELATIVE ERROR TGLERANCE, REL=1l.E-5 FOR §
SIGNIFICANT OIGITS
N - NUMBER OF GAMMA FUNCTICNS IN THE SEQUENCE
BEGINNING AT PARAMETER ALPHA, N.GE.l
ouTPhuUT
Y - A YECTOR CONTAINIAG AN N MEMBER SEJUENCE

Y{K)l= INCGAMMA (ALPHA+K~]1,X}/GAMMA (ALPHA+X~L],
K=lyeessM TG A RELATIVE ERROR REL.

NZ - UNDERFLCW FLAG
NZ.EQ.J, A NDRMAL RETURN

NZ«NE.O, UMNDERFLCws Y{K)=0.0, X=N-NIZ+1,N RETURNED

ERRCR CCNOITIONS
[MPRCPER INPUT PARAMETERS — A FATAL ERRCR
UNDERFLCa - A NON-FATAL ERROR.

EXEFXEAFIVFBXIIF I TEEFF IR T XXXV LI IR INLIIFRXIFIIRZISEXAFETXXRIAXTF S XS IR

IMPLICIT REAL®8{A-H,0-1)

REAL#3 X ALPHA,REL,Y ,CLCG,DEXP,0FLCAT
DIMENSIGN Y(1)

OINENSICN AA(&),BE(S),CCU5)

DATA AA / 1.183955415221750+CC, 3.30888136276361C+32,
1 1.J49308329479260+04+ 3.734203255565080+04y 1.5758661381873740+32,

2 1.30565632410551D+03/

DATA 38 / 1.02652821625751D+030y 9.29753107520368C+33,
1 6.53348923630220D+06, 2.895432959923390+33, 5.163364569531L561C0+03,

2 4.122376563643590+046/



2

1¢
11

20

21

25

26

EY-}

26
27

22

3z

35
ag

1 2.419444686844450+12,
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DATA cC / 4.30952856710482D0+05,
4.217228732360080+05,

DATA SLOG/-160.000/

DATA CONl4 / 3.32361913CL9L4&50+1/
DATA SCALE /1.0=-60/
DATA ASCL /l.D0=16/

[F(REL.LE.J.) GO TQ 91
IF(N.T.l) GO TO 92
IF(ALPHA.LE.0.0) GO
NZ=Q

IF(X) 94,10,20

00 11 I=1.N

Y{I)=0.

RETURN

TO 93

IF X.GE.XLIMUALPHA+N=1), THEN YI(Kl=l.,
Nih=N

RX=1./X

NBAR=0

APN=ALPHA+OFLOATIN]I-1.

APTEST=APN

AM1=ALPHA-L1.

[FIAPN.LE.l.) GO TO 22

[F{XJ.LE.APTEST) GG TO 40
[F{APTEST.GT.200.) GO TO 25

8.279882567433620+CS,
T.5659380274T7L160+059/

K=L;2,-..,N

SI=((AA(]1 }*APTEST+AA(2) ) =APTEST+AA(3))*APTEST+AA (4]

S2=(APTEST+AA(S) ) *APTEST+AA(S)
GC TO 226

IF{APTEST.GT.10000.) GO TC 36

S1=((BB(1)*APTEST+B83( 2) ) *=APTEST+BB(3) ) *APTEST+83(4])

S2={APTEST+B8B(5) J*APTEST+£E58(6]
XLIM=51/52

IF{X.GE.XLIM} GO
GO TC 35

TO 26

S1={{APTEST+CCIL))®APTEST+CCI2))*APTEST+C(3)

S2=(APTEST+LC (4} )*APTEST+CLIS)
GO TO 226

0O 27 TI=1,N

Yill=l.

RETURN

[F{ALPHA.NE.ls) GO TO 32
[FIX.GT.CCN14) GG TO 26
IFIX.LT.0.1) GO TG 40
Y{NN)=1l.-0EXP(=X)

RETURN

NBAR=1

APTEST=APN+l.

GO TO 21

NBAR=X—-APTEST +5.+0FLGATI{NBAR)
ABAR=APN+DFLUAT(NEAR)
XLOG=DLCGIX)

Al=1l.

SuM=1,

ABK=A3AR+]1.

Al = Al*®X/A3K

SUM = SUM + Al
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IF{Al.LT.REL) GO TO 100¢
ABK=ABK+l.
GO TC 80
10C YY=SUM®SCALE
D=ABAR :
IF{NBARLEQ.J) GO TO L10
105 CONTINUE
00 106 K=1,N3AR
Xg00=x/0
[F{XCD.LT.ASCL) GO TO 106
YY=X0O0*YY+SCALE
106 0=D-1.

IFINZ.NE.O) GO TO 114
110 E= =X+0*XLOG~DLGAMA(D+L.)
114 [FIE.GE.SLOG) GO TO 120
Y{NNI=0.
NZ=NI+1
NN=hN=L1
[F{NN.EQ.0l RETURN
NBdR=1
APN=APN-l.
E=E+DLOGI(D*RX}
GC TC 105
120 EXE = DEXPIE]}
YINN)=[EXE/SCALE] *YY
NML=ANN=1
IF(NML.EQ2.31 RETURN
F=EXE*APN*RX
KK = NN
AK=DFLOAT (NN} #AML
DC 125 K=l.hM1
YIKK=L])=Y{KK)+F
KK=KK-1
AK=AK=1.
F=F#AK*RX
125 CCNTINUE
RETURN

91 WRITE(&4191)
191 FORMAT{'IN GAMIC, IMPROPER INPUT FOR REL.']
RETURN
$2 WRITE(&,192]
192 FORMATI'IN GAMIC, [MPROPER INPUT FCR N.')
RETURN
93 WRITEL64193)
193 FORMATI{*IN GAMIC, [MPROPER I[NPUT FQR ALPHA.']
RETURN
94 HRITE(6,194]
164 FORMATI'IN GAMIC, IMPROPER [NPUT FCR X.')
RETURN
ENG
SRS s TR AR E R E R S R AR IR A AR I EFSFERTFE TSR IR XTR TSR R I I SIS
c* OXP FUNCTION
(B R IR TS A A E ISR IEAIFTF FF AR TR EIF RS TEFFEFIILIX I35 83
C*
C* ThIS FUNCTICN ERACR CHECKS THEN EVALATES DEaPUX).
Cc*
[ ]
c*

&
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REAL FUNCTION DXP*3(X)
REAL*3 DEXP.X,DABS
IF [DABSI[X).0T.L70.000) GCTO 10
DXP=CEXP(X)
RETURN
10 IF (Xx) 20,20,30
20 DxP=0.000
RETURN
30 CAP=1.0070
RETURN
END

oy

C‘*"tt*t*ttttt*t#3"****#******#*ttt*****##‘*********‘*I*‘*'t***“‘t**‘
cx

t* SGN

Cs

CEEE XXX EIXTFITERSIXFRFIFA A IIXXFRET I LIS IIZIIFIFIFTIFFIREXXEIXFEITIFTTH R RERR

THIS FUNCTICN RETURNS A NEGATIVE 1.0C0 FOR NEGATIVE X, OR A POSITIVE
l.JCO FCR VALUES OF X GREATER TrAM CR EQUAL TC 2.0D0.

OO0 nnD

REAL FUNCTION SGN=8 (X)
REAL#3 X
IF (x) 100,200,200
100 S5GN=-1.0D0
RETURN
200 3SGM=1.000
RETURN
END
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The following is a program for generating power curves for several
methods of detecting a single outlier in (Fi,T) data by simulation with
the parameters alpha and beta calculated by the prior matching moments
method (PMMM).

In the driving program:

NDATA

NSETS

number of data points per data set less one

number of data sets analyzed

PRSIM(J,L) = points in the power curve

The subroutine 'RANDU' is for generating a random number between 0
and 1, and comes from IBM Manual C20-8011.

The subroutine 'RF' is for generating a random Fi from a random number
between 0 and 1.

The subroutine '"HCUM' is for calculating the cumulative distribution

of the compound model (See Eq. 3.19).
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IMPLICIT REAL*8 {A-H,0-11

REAL®4 SNGL

COMMON /CUMH/ A,B,T,NCATA

COMMCN /FGEN/S ALPHI(25),3ETI25),TL,IXsIY

DIMENSICN F(1000+50) PRSIMI5,25)+AL{LCCCY,8L11000),A2(1000),

i 8211000) +RLANIZ25) ,NFATL{25])

et

&%

Lt 2 ]

TEE
Fax

13

INITIALIZE MAIN PROGRAM

NDATA=19
NDATAL=NCATA+l
NSETS5=2&3
T=10000.000
TL=T

INITIALIZE SUBPROGRAM 'RANCU?

[X=3847&8237

D0 1 I=1.+3

CALL RANDUILIXsI1Y,YFL)
IX=1Y

SET YALUES OF THE GAMMA PARAMETERS ALPHA AND BETA

CO0 100 IA=1,S

IF{1A.EQLL)ALPHA=L.00D
IF{IA.EQ.2)ALPHA=1.25000
IF(IAEQ31ALPHA=1,5000
IFIIAEQ.4)ALPHA=2.000Q

IF(IA.EC.5)ALPHA=4,.0Q0CO

co 190 18=l,5
BETA=ALPHA*1Q0.J00%*(3.5000+0FLOAT(IB)*0.5000)

REAC ANC CUTPUT DATA

REAC(S,300) [((FlJy[)s =1, ,NDATA) ;J=1,NSETE}
REAC(S,3CQ) DuMMY

WRITE(E,201)

RRITE(6:302) (JolFlJy 1) [SLoaNCATAL+J=1G.NSETS, 13!

SET VALUE OF LAMBDA AND CCRRESPONDING VALLES OF GAMMA PARAMETERS

ALPHAI AND B8ETAI

09 18 L=i,15
NFAIL{LI=C
VAR=ALPHA/RETA®=Z
CO 2 L=1.15

RLAM{L)=DEXP{{DLCG{BETA} +OLOG(5.0C0~ALPFA)=6.3000)/1.4000)*(1.300
1 +{ALPEA=4.J00) ®*(BETA-ALPPA*1.004)/(BETA*{—-6.C0G} 1) *0OFLOATIL)

2 /15.C0C
[FIIBEQ2IRLAMILI=RLAM{L]/11.000+({4.COC~-ALFHAI®0.10CO]
[FIIB.EC3)RLAMILI=RLAMIL)/(1.000+{4.C0C-ALPHA}*C.15000)
IF(IB.CQea)RLAMILI=RLAMIL) /11 .000+{4.0C0—-ALPRA}*0.5000]
AVG=RLAM (L }*ALPRHA/BETA
ALPHIL)=AYG3%2/VAR



OoOOO0n

[a N e Nl

OO0

OO0

**%
E2 2 ]

k= 2

XX
R

S E
XX

154

BEI(L)=4VG/VAR

INITIALIZE PROBABILITIES, GENERATE QUTLIER, AND FIND MaxiMUM
NUMBER CF FAILURES

80 3 I=1l,5
PRSIM(I,L)=0.0D0

00 4 J=1,NSETS
FS=RFIL)

FMC=0.0C0

DO 5 I=1,NDATA
IF{FlJ+I)GT . FMDIFMD=F(J,])
CONTINUE

FM=FMD
[FI{FS.GT.FMIFM=FS

IF (FM.EQ.J.0001GC T4 4

TRY TO CETECT QUTLIER WITH GAMMA PARAMETERS ALPHA AND BETA XNOAN

A= ALPEA

B=BETA i

PHCUM=HCUM(FM)*=NDATAL
IF{PFCUM.GE.Q.5S0C0IPRSIM(L,L)=PRSIM{1,L)+L.CDC/CFLUATINSETS)

TRY TO DETECT OQUTLIER WITH GAMMA PARAMETERS ALPHA AND 3ETA
CALCULATED USING PCTENTIAL QUTLIER

SUM=FS/T

DO & I=1,NDATA
SUM=SUM+F(JL[I/T
AVGl=SUM/DFLCATINCATAL)
VARL={FS/T-AyGl)*=2

00 7 I=1,NCATA
VARI=VARL+(F{Jy 11 /T=AVGL ) *%2
VARL=VARL/CFLOAT(NCATAI
AL{J)=AVGl*%2 /VAR]
Bl({J)=AVGL/YAR]

A=AlLLJ)

3=81(4J)
PHCUM=FCUM I FM) #3NCATAL
[FI{PHRCUMGET.550D0) PRSIM(2,L)=PRSIM(2,L)+1.300/CFLCAT(NSETS)

TRY TC CETECT CUTLIER wiITH GAMMA PARANMETERS ALPRA ANC BETA
CALCULATED wITHOUT USING PCTENTIAL CUTLIER

AVG2={DFLOAT(NCATAL)*AVGL1-FM/T) /OFLCATIANCATA}
YARZ=0.0CO

CO 8 [=1.,ANDATA

VAARZ=VARZ*IFI1J, 1) /T=AYG2)*%2
IF(FMoGTFSIVARZ=VARZ~-(FM/T=AVG2)**2+(FS/T=AVGZ]) =2
VARZ=VARZ/OFLCATINDATA=])

IF{VAR2.EC.0.000)GC TC 15

A21J)=AVG2*=2/VARZ

B2(J1=AVC2/VARZ

A=AZ214)

8=32(4)

IF(8.LE.Q.000)G0 TC 15

PHCUM=FLUM[FM) *=NDATAL
[F{PrCUM.GE.O.950COIPRSIMI3,LI=PRSIM{2,L)+#1.00C/CFLCAT(NSETS]
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GO TC le

15 A2(Jd)=C.CDQ
821(J)=0.000
NFATLIL)=NFAIL(L)*L

C #=x TRY TO CETECT QUTLIER USING BINGMIAL METHOD ANC CCMPCUND MODEL

16 NDP=NDATA
NF1=IFIX{SNGLIFMD+Ll.000))
IF(FS.GT.FMDIGC TC 9
FMCl=0.0C0
NOP=0
Fl=0.00C
CO 10 I=1,NCATA
IF{F{Js 1oL T.FMINDP=NDP+L
[FIF{Js[)aGTaFLoAND.FlJy [)LTFMIF1=F{J.1)
10 CONTINUE
[F(FS LT .FHMINDP=NDP+1
[FIFS.GT .FlL.ANC.FS.LT.FM]FLl=FS
NF1=IFIX(SNGLI(FLl+*1.0DQ))
9 P=0.0C0
CC L1 I[=1.NFL
FP=DFLCAT(I-1)
HAM=0LGANMA{FP+AL{J) )+FP*CLCGIT)+AL(J)=*CLCGIBL(J}I-OLGAMAIAL(J))
1 —CLGAMA(FP+1.0D0)={FP+AL(J) }*CLCG(T+BL(J)}]
11 P=P+DEXP(HM)
COZ=CFLCATINCATA+2)
PXF=0.3C0
CO 12 [=NCP,NCATAL
X=CFLCATI(I)
R=CLGAMA(CD2)-DLGAMA{ X+ 000 )-OLGAMA(CC2-x) +X*DLCG(P )
1 +{C02-x-1.000)*0LCG(1.00C-P)
12 PXF=PXF+CEXP(R)
IFIPXF.LE,0.J5000)PRSIM(4,L)=PRSIM(4,L)+L.0CQ/0FLCAT (NSETS)
C
C #=x TRY TO CETECT QUTLIER USING SINOMIAL MEFTCD ANC HOMCGEMEOLS MODEL
c
P=C.000C
0C 13 [=1,NFl
FP=0FLCAT(I-1)
POI=FP2DLOGIAVGL*T)-AVGL*T-DLGAMA(FP+1.CCC)
13 P=P+CEXP(PCI)
PXF=Q.3CC
CO 14 [=ACP.NDATAL
X=CFLCATI(I)
R=CLGAMA(CD2)-DLGAMA(X+1.000)=DLGAMA(CCZ-x) +x*=DLOGI(P)
1 +{C02-X-1.00C)*0LCG(1l.0CC~P]
14 PXF=PXF+CEXPIR)
IF(PXF.LT.0.05000)PRSIM(5,L)=PRSIMIS,L)+1.0C0/0FLOAT(NSETS)

4 CCNTINUE

2 COATINUE
c
C *sx QUTPUT RESULTS
c

WRITE(&,303) ALPHA,3ETA
WRITEL&,304)
WRITE(6+305) (RLAN[L)ALPHIL),BETIL)IPRSIMIISL)J=1s3514L=1415)
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WRITE(&,306]
CO 17 L=1,15
IF(NFAILIL).EQ.QIGD TO L7
WRITE{&,3C7) RLAMIL) JAFAILIL)
17 CONTINUE
100 CONTINUE

2% FORMATS

300 FORMATI1CO{1GOF3.03/))

301 FORMAT("L1',4X,"DATA *%,/,5X, "SET #*,51X,'0ATA', /y4X,6(°'="),
1 txi,130('=7})

302 FORMATI(Y 4 ,4K250(13,2X, "%, 1SF5.Gy/p1Cx,'*1,/,5X)]

303 FORMAT{'L1l",4X,"SIMULATED PROEABILITY THAT A CATA PCINT GENERATED F
LROM THE GAMMA DISTRIBUTICN wlTH PARAMETERS®,/5X,"ALPHA ANC BETA =w
2ILL BE DETECTED AS AN CUTLIER IN ThE GAMMA DISTRIBUTION WITH PARANM
3ETERS"v/s5Xs "ALPHA ="' ,F6.3+12%4"ANC BETA =1,0114%)

304 FORMAT('—! ,8X,"*",2(12X,"'*?), 11X, "INTEGRATION METHAG',12X,'*',

EXVBINCMIAL METHOD? o/ y9X,"%', 12X, %' ,12X,"'% PARAMETERS !,
21*'* PARMS CALC '"),'s CCMPOUND * HOMOGENEOLSY,/,' LAMBDA =
ALPHA * BETA * KNOWN * wf CUTLIER # Ww/0 QUTLIER

1,211% MODEL Vel elX 81 =0) & L2(1=0) 0 F,L2(0=1),5("=1,

13('=2)})}

305 FORMATIL' 1 ,25(FT7«3+4' #*7,D1l1l.4," *',011.4,1X,5("'"*",FL0.5,3X),/,1X})

306 FORMAT{'=']

307 FORMAT{' ®','FOR LAMBCA =',F8.3,'THE INTEGRATION METHCD (PARMS CALC
1l w/C CUTLIER) FAILED*,I5,' TIMES']

STCP
END

Ul ob N e

REAL FUACTILCN HCUM*Z (FM)
IMPLICIT REAL#*8 (A-H.C-Z)
REAL#*4 SAGL
COMMON /CUMHS A,B,T,NDATA
NFMI=IFIX{SNGL(FM])}
HCUM={.CCO
CO 1 I=1,NFML
F=CFLOAT(I-1}
H=CLGAMA(F+A) +F#DLOG(T)+A*DLCGIB)-DLGA#A (A} -DLGANA(F+1.JCD]
L -(F+A)*0LOGIT+3)
L RCLM=HCLM+DEXP(H]}
RETURN
ENC
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REAL FUNCTIGN RF=81L)

IMPLICIT REAL#*8 (A-H,C-1)

COMMCON /FGENS ALPF{25),8ETI{25)sT4IX%, 1Y

ODIMENSICN XC{100L)

XC[1)=0.C00

A=ALPHI{L)

B=BETIL)

J=2

20 1 I=1.,1000

F=0FLCATI{I-1)

P=DLGAMA{F+A)+F+*CLOG{T) +A>DLCGIB )-CLGAMA[A)I-DLGAMA(F+1.0D01
={F+A ] *DLCG(T+8)

XCiIl+1)=xXC{I)+DEXPIP])

IF(XC(I+#1l).GE.D.3959000)JGC TC 2

J=J+1

CALL RANDUIIX,IY,YFL)

IX=1y

IFIYFL.GT.0.9999000)GC TQ 3

IFIYFL.GT.XC{J)IGC TC 3

D0 4 1=2.J

IF{YFL.LESXCIIJIRF=DFLLCATI(I-2)

[F{YFL.LE.XCII}IGO TO §

CONTINUE

GO 70 5

RF=DFLCATIJ=1)

RETURN

ENC

SUBRCUTINE RANDUILIX,LY,YFL]
REAL*3 YFL

IY=1x*£223S

IF{IY)5,¢&.8
I¥Y=1Y+214748364T+1

YFL=1Y

YFL=YFL*,4856613E-9

RETURN

ENC
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The following is a program for generating power curves for several
methods of detecting a single outlier in (Fi,T) data by simulation with
the parameters alpha and beta calculated by the marginal matching moments
method (QMMM).

In the driving program:

NDATA

NSETS = number of data sets analyzed

number of data points per data set less one

[}

PRSIM(J,L) = points in the power curve
The subroutine 'RANDU' is for generating a random number between 0
and 1, and comes from IBM Manual C20-8011.

The subroutine 'RF' is for generating a random Fi from a random number

between 0 and 1.

The subroutine 'HCUM' is for calculating the cumulative distribution

of the compound model (See Ep. 3.19).
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IMFLICIT REAL#*8 (A-n,C-1)

REAL#®4 SAGL

COMMCN /CUMH/ A,B,T,NCATA

COMMON /FGENJS ALPH(251,3ET(251,T1,14,1Y

OIMENSICN FL100Q0s50),PRSIMIS,25) yAL0L1CCC),BL11C33),421(10Q0),
i 832(1000) yRLAME2S5 ) ,NFATL (25) »NFLR (5,25}

INITIALIZE MAIN PRCGRAM

NDATA=1S
NDATAL=NCATA~]
NSETS=2¢€3
T=10000.302
T1=T

INITIALIZE SUBPROGRAM {RANCU®

IX=354746237

00 1 I=1.43

CALL RANDU(IX,IY,YFL}
[x=1Y

SET VALUES OF THE GAMMA PARAMETERS ALPHA ANLC ZSETA

CoO 1lGQ [4=1,5

[F{IA.EQ.LlALPRA=1.200Q
IFILALEQL2)ALPHA=1.,25000
IFIIA.EQ.3)ALPHA=1,5C0C
IFITALEQ.41ALPHA=2.000

IF(TAEQ.5)ALPHA=4.000

CO L20 1B8=1,5
BETA=ALPHA#] )., JDO**13,5000+0CFLOATLI3})#0.5000)

REAQ ANC CUTPUT CATA

REAC(S303) ((F{J, 11, I=1,NCATA), J=1,NSETE
AEAD(S,3G0C) DuMMY

WRITE(&,2C1)

AR ITE(6+302) [Je(Fids I1)s[=1eNCATA) ,J=1CyNSET3,13})

SET YALUE CF LAMSDA AND CCRRESPONCING YALLES CF GAMMA PARAMETERS
ALPHAI AND BETAI

30 22 J=1,5

50 22 L=1.15
NFLRIJWLI=0

CO 13 L=1,15
NFAILIL)I=O
YAR=BLPFA/BETA#*2
06 2 L=1,15
RUAM{L }=0EXP({(OLOG(B3ETA) +ELOG(5.CDC—-ALPHA)-5.3CC01 /L .40C0)*(1.eCd
1 +{ALPHA=4.JCO)¥(BETA-ALPrA®[,J304)/(2ETAS (-0, 320 )} *QFLCATIL]
2 /15.0C0

[FIIB.EQe2 JRLAMILI=RLAM{L)/(1.,203+{4.000—ALPRA)*C.1300)
[FIIB.EQe3JRLAM{L)=RLAM(L)}/{1.003*(wecDC~ALPHA)*C,15323)
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IF{IB.EQe4)RLAMIL)=RLAMI{L)/(1.0D00+(4.CCO0-ALPHA)*C.5000!
AVG=RLAM{L)*ALPHA/BETA

ALPHI{L)=AVG**2/VAR

BETILI=AVG/VAR

INITIALIZE PROBABILITIESy GENERATE QUTLIER, ANC FIND MAXIMUM
NUMBER CF FAILURES

0C 3 I=1,5
PRSIM(I,L)=0.000

D0 4 J4=1.NSETS

FS=RF (L)

FMD=0.000

D0 5 I=1,NDATA
IF(F(Jel)eGT <FMDIFHD=F(Jy )
CONTINUE

FM=FMD
[F(FS.GTFMIFN=FS
IF(FM.EQ.0.000160 TQ 4

TRY TO DETECT CUTLIER wITH GAMMA PARAMETERS ALPHA AND BETA XNOWN

A=ALPFA

3=8ETA

PHCUM=HCUM{FM}s*NDATAL
[F{PHCUM.GEL.0.95000)PRSIM(1,L)=PRSIM{1,L)+Ll.00C/0OFLOATINSETS)

TRY TC CETECT GUTLIER WITH GAMMA PARAMETERS ALPHA AND BETA
CALCULATED USING POTENTIAL OQUTLIER

SUM=FS/T

CO & I=1.NDATA
SUM=SUN+F{J,1)/T
AVGLl=SUM/DFLOAT{NDATAL)
VARL={FS/T=4VGl)*=2

CO 7 I=1,NDATA
VARLI=VARL+{F(J, 1) /T-AVGLl }**2
VARL=VARL/OFLOAT{ NCATA)
C=VARL=-AVGL/T
[F{C.LE.1.90-53)G0 70 21
AL(J)=AVGLl®*2/(VARL-AVGL/T)
Bl(J)=AVGL/(VARL-AVGL/T]
A=A1(J)

g=81(J)

PHCUM=HCUM{FM) #=NCATAL

IF (PHCUM.GEQ0.95000)PRSIM(2,L)=PRIIMI2,L)+1.000/0FLOATINSETS)
GC TG 1%

AllJ)=C.C0Q

81(J)=0.000
NFLRI2,LI=NFLR(2,L])+1

NFLR 4y L)=NFLRI4,L])+]

TRY TO CETECT QUTLIER WITH GAMMA PARAMETERS ALPHA AND BETA
CALCULATED wITHOUT USING POTENTIAL QUTLIER

AVG2=(CFLCATINCATAL ) *AVGL-FM/T)/OFLCATINCATA)
VAR2=0.CCC
CO 3 I=1,NDATA
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3 VARZ=VARZ+(F{J,[)/T-AVG2)=*32
IF(FM.GT.FSIVAR2=VARZ-(FM/T-AVG2 | #32 + (F5/T-AVC2) *=2
VARZ=VARZ/DFLOATINDATA-L)
[F(YAR2.EQ.0.0001GC TC 15
C=VARZ-AVG2/T
[FIC.LE.1.00-501G0 TO 20
A2(J)=AVG2**2/(VARZ-AVG2/T}
B2(J)=AVG2/(VAR2-AVG2/T]
A=421(J)
8=82(J}

[FIB.LE.Q.ODQ)GO TO L5
PHCUM=HCLM(FM) **NDATAL
[F{PHCUM.GE,0.55000)PRSIM(3,L )=PRSIM{2,LI+1.0DC/OFLOATINSETS)
GO TO 16

15 a2{J)}=0.000
821(J)=0.000
NFATL(LI=NFAIL(L)+]L
30 TO 1lé

20 A2{J1=0.30Q
32(J1=30.000
NFLR(3,L)=NFLR(3,L]+1

C »xx TRY TC CETECT OUTLIER USING BINOMIAL METHCD AMD CCMPCUND MODEL

1& NDP=NCATA
IF{AL(J).EQ.D0.000)1G0D TG 4
NF 1=[FIX{SNGL{FMO#1.000))
[FIFS.GT.FM0)GA TO 9
FMO1=0.3C0
NOP=¢
F1=0.000
0O 10 [=1.,NCATA
IF{F(Jy I).LT.FMINCP=NCP+1
[F(FIJol)aGTaFleANDF{Jy [ el TFHIFL=F{d,s1)
10 COATINUE
[IF[FS«LTFMINCP=NCP+1
IF(FSeGToFloANDFS.LT.FMIF1=F3
NFL=IFIX{SNGL(FL#+1.0C00))
9 P=C.00¢C
CO 11 I=1,4NF1
FP=CFLCAT(I-1)
HM=DLGAMA(FP+ALIJ) ) +FP*OLCGITI+AL{(J)*CLCG(3L(J))-0LuaMa{allJl}}
i ~CLGAMA(FP+]1 ,000)-(FP+A1(J))*CLOG(T+B1(J))
Ll P=P+DEXP(HM)
CD2=CFLCATINCATA+2)
PXF=Q.3C0C
00 12 [=AhOP,NDATAL
X=CFLOATI(I)
R=CLGAMA(CD21-0LGAMA(X+#1.000)=DLGAMA{COZ-X) +X*CLCG(P)
1l +{CL2=-X=1.000)*DLCG(1.2CC?)
12 PXF=PXF+DCXPI(R]
IF(PXF.LE.J.J5CD0IPRSIM(4,L}=PRSIM{4,L)+1.CO0C/OFLCATI(NSETS)
=
C *== TRY TC CETECT CUTLIER L3ING BINOMIAL YERTCD AMNC RCMCGENECULS MCCEL
c
P=C.CCC
00 13 [=1l,NFl
FP=DFLCATI(I-1)
PCI=FP=CLCGIAVGL*T)-AVGL*T-DLCAMA(FP+1.0CO)
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13 P=P+0EXP(POI)

PXF=Q.CCC

CO 14 [=ACP,NDATAL

X=0FLCATI(I)

R=0LGAMA (CD2)-CLGAMAIX+1.,0C0 }-0OLGAMA(CO2-X) +X30LCG(P)

1 +(CD2-X-1.0D00)*DLCG{1.00C~P)
l4 PXF=PXF+CEXP(R]

[F(PXFalLT«0-050D0)PRSIM(S5,LI=PRSIM(5,L)+1.000/DFLCATI(NSETS)
4 CONTINUE
2 CONTINLUE

C »%%x CUTPUT RESULTS

[aNalal

N=0
26 WRITE(6,3C3] ALPHA,BETA
IF{N.EG.1)WRITE{6,308)
WRITE(4,304)
WRITE(64305) (RLANM(L) JALPH(L) JBETIL), (PRSIM(J L) J=1,5],L=1,15)
WRITE(£,306)
00 17 L=1,15
IF INFAIL{L).EQ.0IGO TQ L7
WRITE[6,307) RLAMiL) AFAILIL)
17 CONTINGE
IFIN.GT.0)GO TO 100
N=1
o 23 J=1,5
00 23 L=1,15
IF(J.ES.31G0 TO 25
[FINFLR(JsL).EQ.NSETSICO TO 23
PRSIM{J,L)=PRSIM{J,LI*0OFLCAT(ASETSI/CFLCAT(NSETS=NFLRIJ, L))
co TC 23
25 NL=NFLR{J,LI+NFAILIL)
IF (N1 .EQ.NSETSIGO T 23
PRSIM(J,L)=PRSIMIJ,L)*CFLCATINSETS)/CFLOATINSETS-N1)
23 CONTINUE
G0 TC 24
100 CONTINUE

s¥x FORMATS

300 FORMAT(LCCUILOOF3.C/))

301 FORMAT("17,4X,"DATA *4,/,54,"SET  *' ,S1X,'0ATA'y/s4Xs5(0"'="],
L T30, 10C('-1)

302 FORMAT{? *,4X,2500[3s2Xs 724, |GF5,.0+/+1CX,1=1,/,5%))

303 FCRMAT('1',4X,'SIMULATED PROBABILITY THAT A CATA PCINT GENERATED F
130N THE GAMMA DISTRIBLUTIGN wITH PARAMETERS',/,5X,"ALPHA AND BETA =
2ILL BE CETECTED A3 AN CUTLIER [N TRE CAMMA CISTRIBULTICSN milTh PARAM
3ETERSY+ /5%, YALPHA =!,F8.3,12,"'AND BETA =',D11.4)

304 FORMAT('=7,8X,'=9,2(12X,'=*),]11X,"INTEGRATION METHCD',12X,*=",

1 6X:'BINCMIAL METHOD' /19X, 78", 12X, "% ,12X,'* PARAMETERS ',
2 2('® PARMS CALC ') ,'=* CCMPOUND %= hCMOGENEOLS', /! LAMBDA =

3 ALPHA = BETA * KNCnN * w/ CUTLIER * W/0 GUTLIER
Gla2(* MODEL T e/ alXp8L0=2) 0wt 12 (V=) 0,12 (=) 50",
5 13('=-"1}))

305 FORMATI(' ',2S(FT7e3+* *',01l1.4%," *",D11.4,1X,5(*%",F13.5,3X),/.:1X)]

306 FORMAT({*-1)

307 FGRMAT(® ','FCR LAMBDA ='",F8.3,'TRE INTEGRATICN METRCD (PARMS CALC
L W/0 CUTLIER) FA[LEC',I5," TIKES')

308 FORMAT(' ' ,'EXCLJCING CATA SETS aHICH GAVE NCGATIVE PARAMETER wvall
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1E5')
WRITE(€&,309)
309 FORMAT('L')
sTCP
END

REAL FUANCTICN RF*8(L)
IMPLICIT REAL*B (A-H,C-1)
COMMGN /FGENS ALPHIZ251,3ET(25),T.0X,1Y
CIMENSICN xC(13C1)
XC(l)=0.0D0
A=ALPHI(L)
8=8ET(L)
=2
L0 1 1=1.,10G0
F=CFLCAT(I-1]
P=CLGAMA(F+A) +F*DLOGIT)+A¥CLOGIS )~0LGAMA(A)=DLGAMA (F+1.C00!
1 = (F+A)*0LCG(T+B)
XC(I+1)=XxClI)+DEXPLP)
IF(XCII+1).GE-Q.59990C0)GC TC 2
1 J=J+1
2 CALL RANCU(IX,IY,YFL]
Ix=1Yy
IF(YFL.GT.0.9999000)GC TC 3
IF{YFL.GT.XC(J1)eC TC 3
CO & [=2,J
IF{YFL.LE.XC{I)IRF=DFLCATI(I=-2)
IFIYFLL.LE.XCII))IGG TO 5
4 CONTINUE
GO TC 5
3 RF=0FLCAT{J-1]
5 RETURN
ENC
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REAL FUNCTICN HCUM*B(FM)
IMPLICIT REAL*8 (A-H,C-1)
REAL®4 SMGL
COMMON /CUMH/ A,3,T,NDATA
NFML=IFIX{SNGLI(F™))
HCUM=0.000
CO L I=1,NFML
F=CFLCAT(I-1)
H=CLGAMA(F+A)+F*DLCGITI+A®CLCGI{BI-OLGAMA(A}-DLCGAMA([F+1.200)
1 ={F+A)*#0LOG(T+81

1 FCUM=hCUR+DEXP(H)
RETURN
END

SUBRCGLTINE RANOUUIX,IY,YFL)
REAL=*38 YFL
IYy=[X*£5539
IFLIY)S,6.6
5 IY=1Y+2147483647+1
& YFL=IY
YFL=YFL*,4£58813E-S
RETURN
END
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The following 1s a program for generating power curves for several methods
of detecting a single outlier in an exponential discribution by the method
described in App. A and by simulation.

In the driving program:

NDATA

number of data points per data set less one

NSETS = number of datz sets analyzed

X(J,I) = X4 of App. A for the various methods

FCUM(J,K) = F(xb) of App. A for the varicus methods

PRCUM(J,L) = points in the power curve Ior the method of App. A

PRSIM(J,L) = points in the power curve for the simulation method

The subroutine 'ORDER1' is for ordering the data of a data set,

The subroutine 'ORDER2' is for ordering the critical points at which an
outlier is detected (the values of Xy in App. A).

The subroutine 'RANDU' is for generating a random number between 0 and 1,

and comes from IBM Manual C20-8011,
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IMPLICIT REAL*8 (A-H,0-2)
REAL=*4 SNhGL
CCMMON /CROL/ JATA(L25GC,301,0(030) ,NDATA

COMMON /ORD2/ X[4,12531,XC(4%,1259),INC(%s1253)

OIMENSION XC(4,302)4FC(4,302),PRUOB(4,25),PRSIM(%,25),XS5IML(L1250)

tXSIH2(1250) J/hLAAL(25)RLAM2Z2I25),3ETLI251+3ET2125)4NINT(4)

INITIALIZE MAIN PROGRAM

NDATA=1S
NSETS=263

INITIALIZE 3U3PRUOGRAM 'RANDU!

[X=157366247

co 1

I=1,43

CALL RANCU(IX,IY,YFL]
[X=1Y

SET VALJES OF THE EXPCNENTIAL PARAMETER 2ETA

CC 130 IE=1,5
3ETA=0.1000==([3+2)

INPUT AMND CUTPUT CATA

READ

aRITE{6+302)

(9,300) ((CATA(Ly 1), [=1+NCATA),L=1,N3CTS)
READ(G,302) OUMMY
wR ITE(&,301)

(Ly{DATA(L, [ )1 =1,sNDATA) (L=15,N3ET5,15)

SET CRITICAL VALUES GF THE TEST STASTICS

S'E
IT=1

120 109 [T=1,2"

[FIIT.FI.2})GC TO 3
TFU=1.2795
TFL=C.C0CL3L7
TOU=0,.,573
TOL=9.051
CUM=0.55000**( L.JDO/IFLLUAT(NCATA+L))
G0 TG 4
TFU=2.3297
TFL=0.000025632
TDU=J.687
TDL=0.082
CUM=0.599000%*(L.0DQ/DFLCAT (NCATA+L))

TC USE 30TH 952 AND 56% CCAFISENMCE LEVELS

PREL IMINARY CALCULATICNS

0Cc 2
SUML
dCc 5

CaLL

L=1,MNSETS

=0 .JC0O

I=1,824TA

SUML=SUML+CATA(L,I)

CAROERL (L)
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CALCULATE MINIMUM UPPER CUTLIER VIA FISCERER'S METHCD
X(1yL)=TFU*SUML/(1.3C0-TFU)

CALCULATE MINIMUM UPPER CUTLIER VIA CIXCN'S METHCD
X(2,L)={D(MNDATA)=-TDU*D(1))/(1.303=-TOL)

CALCULATE HAXIMUM OQUTLIER VIA FISCHER'S METHCO
X{3,L)=TFL*SUML/(1.300-TFL)

CALCULATE MAXIMUM LOWER CGUTLIER vIA CIXCN'S METHCD
X{a,L)={C(L}-TOL=D(NDATA )}/ L.0OC-TDL)
[FIX{44L)oLlT0.300)X(4,L)=0.3C2

CONT [NUE

CALCULATE THE TRUE CRITICAL CUTLIER vALJES
XL==DLGCG(CUM)/BETA

XU==0L0G(1.000-CUM) /3ETA

CRGER AnC CUTPUT CRITICAL CUTLIER VALUES
aRITE(5,303)

WRITE(46,304%)

wRITE(6,305) (L, i&(JsL)sd=Lra)sL=13,NSETS,15]
WRITE({&,308) XL,XU

CALL OROER2IMSETS)

aR ITEL5,303)

WRITE{6,307)

L1=0

OC & L=1,N3ETS

LLI=L1l+1

WRITE(6+303) ([NDUJs L}, X0lJdel)sd=1ls4)
[FILL.LT.50130 TG &

L1=2

sRITE(5,306) XL,XU

wRITEL&,303)

wR [TE(6,307)

CONTINUE

ar [TE(54338) KL.XJ

SET INTERVALS FGR AMD CALCULATE THE CUMULATIVE PRZIBAZILITY TmaT A
5IVEM VALUE IS DETECTED AS AN CUTLIER [N THE EXPONENTIAL
JISTRIIUTICN WITH PARAMETER 3ETA (F=-CUM)

00 7 J=1,4

DX={ AG(J yNSETS)=%31J, 1)) /130.300

9G 8 [=1,29

P=5.003/10.3D0*=( [~-13)
2=3.40C0=P

A=C.2000*P
[FIDXaLT.P)IELX=Q
[F{DX.LT.QIDELX=F
[F(3XLTLRIJELX=P /10,303
IF(LUX 43T .RICO TC 9
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4 CCNT INUE
9 NINT(JI=IFIXUISNGLI(XD(JyNSETSI=-XO(J,1))/CELX))+2
IFININT(J).EQ.2)G0 TC 7
NT=TFIX({SNGL({XC(J,1) /DELX)]
XClJy Ll )=DFLCATINT)*DELX
NIN=NINT (J)
00 13 [=1,NIN
1) XC(J,I#1)=XC(J,])+0ELX
IF(J.GT.2)G0 TC L1
NFL=1
FC(J,1)=C.000
30 12 I=1,NIN
NF=D
M=(XC[J,[+L)+XC{J,[))/2.0C0
[FINFL.GT.NSETSIGO 70 12
0O 13 K=MNFL,MNSETS
[FIXC{JyK)LE XM INF=NF+L
IFIXC(JsK)GT.XMIGC TC L4
L3 CONTINUE
L4 ANFL=NFL+NF
12 FClJs1#1)=FC(J, 1) +DFLCAT (NF)/TFLCAT(ASETS)
GC 10 7
L1 NFL=NSETS
FClJ,NIN+1)=2,300
2N 15 I=1,NIN
NF=D
XM=(XC{J JNIN#2-[J+XCLJ NINFL=-1)) /2,000
IF(NFL.LT.L}GO TG 15
00 16 K=1,NSETS
IFIXO(JyNFLPL=K] oGECAMINF=NF+1
IF{XGlJyNFL#L=K) LT .AMIGU TJ 17
16 CCNT[NUE
L7 NFL=NFL=MNF
15 FCUJyNIN+L=1)=FClJ NIN#Z=])+CFLCATINF)/OFLOATINSETS)
7 CCATINUE
o0 138 J=1,4
[F(NINT(J).EQ.2)530 TO 18
NIN=NINT (J) 2
S0 1a I=NIN,3U0
FClJd,1)=C.300
13 XC(J,[}=0.300
C *== CUT2UT F=-CuM
ZC L5 J=1,4
IF(MINT(J).E2.2)50 TO 19
AR [TE(6,339)
IF{JEQ.1)WRITE(S,310)
IF(J.EQ.2)ARITE(G,311)
IF{JaEQe3ImAITE(Os3L2)
[FIJ .ES4)ARITE(E,313)
WRITE(E&,314])
CC 290 [=1.,50
=1
[FJLT.3IK=1+1
Nl=1
N2=[+5C
N3=[+1320
ARITE(6,315) NLyAC(Je D) ACHI T+ ) 4FCHdsk) 2o XCLda1+3D)
1 XC{Js[+51),FClUsKe30) N3, XCUIp 1 #100) 4 XC{Jy #1310, FCldsR+1l3T)
27 CONT INUE
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IFININT{J).LEL.L5Q)G0 TQO L9

WRITE(&,3C9)

[FIJ<Ec«LlImRITE{S,310)

[FIJLEC.2)wWRITE(6,311L)

IF{JEQ2IWRITE(G6,312)

IF{JEQ.4)WRITE(&,313)

aR[TE(&,3214])

CC 21 I=151,200

=1

[F{J.LT.3)K=[+1

NL=1]

N2=[+573

N3=[+100

WRITE(643L5) ileACUI s [) o AC I I+1) b FOUUWR) N2+ AC (e I¥52)
U XCUJoI+5L ) sFClJsK#SGI o N3y XC o I+L20) yXClJsi+L0L)yFOUJsKeLIT)
CCNTINUE

CCATINUE

CALCULATE THE PRCBABILITY THAT 4w CUTLIER CCMING rFACH TrE
EXPONENTIAL DISTRIBUTICN wlTH PARAMETER 25TAI IS CSETECTED

AS AM QJTLIER [N DATA COMING FROM THE EXPCNENTIAL DISTRIBUTION
wWITH 2ARAMETER BETA

00 22 L=L.,15
ALAMLIL)=L.300%)FL3AT{L)

RLAM2 (L) =0.21000-CFLCATIL=L)=0.300678:202
3ETLIL)I=BETA/RLAMLIL)
3ET2(L)=8ETA/RLAMZ(L)

D0 23 J=l.2

[FIL.EQ.LIG] TG 2%
[FIPROIIJIoL=1).0GT4J.999)G0 T2 25
PRC3(J+LI=2.2300

NIN=NINT (D)

0C 26 I=1l,~IN
SAMSDEAP(=XC(Jy[)=BETLIL))I=-DEXP(=£Cl U, I+ Li=3ETLILI)
PRCB{J L )=PHIBIJLI+FCLI, [+1 1354
CAM=DEXP(=XC(J NIN+#LI*BETL(L))
PRCB(JoL)=PRCBIJLI*GAN

30 TC 23

PRCB(JyL)=1.200

CCNTINUE

3C 27 J=2,4%

IFININT(J).E2.2)GC TO 33
IF(L.ETLLIGT TO 23
[F(PRCB(JsL=1)453T4J3.399)G0 TT 29
2PC3(J,LI=3.0D0C

NINENINT (D)

JC 23 [=1,NIN
SAM=DEXP({=XC(J 1) #BET2(L)I-DEXP(=aC(J,[+L)=3ET2(L)])
SRCEB(J,L)=PROB{J,LI+FClJ, [ )=GAA
GAM=1.00C-DEXP(=AC{J L) =*3ET2Z{L)]
PRC3({J,L)I=PA0B(J,LI+CAM

Gu TG 27

PRGB{J L I=1.200

GC TO 27

PEC31JL)=3,3030

CONT [NUE

COCNTINUE
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*3% CALCULATE ThE SIMULATED PROSABILITY THAT AN QULTLIER CCMING FRUM
#*3 THE EXPONENTIAL OISTRIBUTICN «ITH PARAMETER g8€TAl [S DETECTEY
*#2 A5 AN GQUTLIER [N DATA COMING FRCHM THE EXPCNENTIAL DISTRIBUTICN
*3% JITH PARAMETER BETA

a6 31 L=1.15
q0 32 [=1.NSETS
CALL RANDU{IX IY,YFL)
[X=1Y
XSIMLII)=-DLOGI1.300-YFL)/3ETL(L)
32 XS[HM2(1)=-0LCG{1.000-YFL) /3ET2(L!
0O 31 Jd=1.2
PRSIM{J,LI=0.002
ORSIM{J*2,L)=0.020
OC 31 [=1,.,NSETS
TFIASIMIIT) woT Xl de ) IPRSIMJ,L)=PRSIM(I,L)+1.30G/DFLCATINSETS)
TF{XSI"2{T)alTax{J*2, 11IPRS[MIJ+2,L)=PRS[MA(J+2,L)+1.002
l JIFLDATINSETS)
31 CUATINUE

sx2 CUTPUT ThE ABOVE CALCULATED PROBASILITIES

WwRITE(&,216) 8ETA

ARITE{6,3LT)

wRITE(6+318) (ALAMLIL),BETL{L)}PRCBI1.L),PRCB(2,L1,RLAMZIL),
1 BET2(LJ,PRCB(3,L),PROB14,4L)sL=L,13)

ARITE(6,319) 3ETA

ARITE{6,+21T7)

ARITE{6,318) (RLAMLI{L)},BETLIL)PRSI4{L,L)»PRSIM{2:L)yRLAMZIL)
l BET2(L) 4PRSIM(3,L)+PRSIM(44L),L=Ls15)

103 CONTIMUE

sax FCRMAT STATEMENTS

300 FCRMAT(1CI11J0012.47))

301 FCRMAT(*LY,oX,'OATAY,1X, 137, /,3X,"SET  *®1,50LX,"3ATA' )/ =X,
1L s{'=1],'=,103(=1]))

¥%3% CHANGE FCRMAT 302 TC ACCOMGDATE *NdATA!

302 FCRMATI(' ',4X,100003,2X,'*?, 1001043+ /»10Xy"%1,5313.3,/,13K%,

11 =1, /,54])
303 FORMAT('L',4X,'CRITICAL JUTLIER vaALucS')
334 FORMAT('=? ,5X,'DATA" ) 1X,2('* FISCHER''S = DIXOH* 'S ) el
I BX.'SET',2X42("'= UPPER Y),2('s LCwER Yia/a3X5 1=,

2 a(r=r,13{'=1)))

105 FCAMATIY 1 ,5X,100113,2%,4 (=1 42X,09.3,2X) ¢/ s0K})

336 FORMAT('G',4X4,7ThE TRUE CRITICAL UPOPER AND LUWER SUTLIER VALUES AR
LE? y0L12.%+2K4e "AND' ,012 .4)

307 FORMAT['=1,5X,'0ATA * FISCHER''S =* CATA = CIXONT'S * JATA',
I * = FI[SCHER*'S & [ATA = DIXUN''S', /00X, 'SET ',
2 2('# UPPER = SET V], '= LCwWEPR ¥ ST = LCwER*Yy 7,
3 OSKe (=) 3 EN LT[yt 0( =) ), T, 130 =1) )

308 FCRHYATI' ' ,5X,13,2X,3('%*,DL1.3," =*',[4,2X),'=',01l.3)

339 FORMAT('1',4X,'CUMULATIVE PSAOBAZILITY THAT A GIveh YALUEe [5 DETECT
12D AS AN JQUTLIER'")

310 FORMATI!' ',&X,'UPPER CUTLIER LSING FISCHER''S FETHCO')

211 FORMAT (' V,4X,'UPPEI CUTLIE® USING CIxONn''3S “ETHCU')

L2 FGAMAT(' ',4X,'LCwER CUTLIZR LSIANG FISCRER''S METhCIO')

313 CORMAT(? *,4X,'LiwER SULTLIER LSING D[XSM''S METnCa')

Ile FORMAT (P =1 ,2(5X,'=* LCaER * UP2ER Fhy Ll r=h ), 54,
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‘= LCwWEP. * UPPER BV Sy lae2(" IAT #1,2¢(0 LIAIT ®t),

! F=CUM V)4t INT v, 2('x —IMIT Yigt» F=CUM', /01X,

2U50 =) o7& ) LL[*=1 ), '8t L L{'=0), .k, L1 0=t ], 280 ),5(8=0),0%1,

Ll{t=t),txt, 1 (V=0 020,11 ("=1))

315 FORMAT(Y ',2{[&y" #*1,010.3," #,010.3," *4,F10.34" #1),14,' =1,

L Dl2.3,' #',310.3,' *4,012.3)

316 FORMAT{'1",4X,'PROBABILITY THAT A JATA POINT CCHAING FRCM TAE EXPCA
LENTTAL DISTRIBUTION wiTH PARAMETER ',/,5%,'BETA sILL 3E CEFTECTED A
25 AN OQUTLIER IN THE EXPCNENTIAL OISTRIBUTICN wITH PARAMETZR 3ETA =
3¢,010.4)

217 FGRMAT(?=2,4X,2038X%X,"*",12X,'® FISCHER'"'3 = DIXONTIS", L3R)./,

1 6X,'LANBDA = BETA' ,4X,2("'= UPPER "ol lX,?PLAMBOA = ,54,
2 'BETAY 4X,2('= LCWER Pled e SX2(8( =t d, 12000 ) V=0,
3 130t ="),t®t, 130 0=1),10x]))
318 FCRMAT(' *,4X,25(F7.3,"' #4,Cll.%,' #',FL3.5," #1,FlJ.5,134,
1 F7.5," =7, Dl1l.4," #!,F13.5," BLFLd5 /0540 )

319 FORMAT{'17,4X,'SIMULATED PROBABILITY THAT A JATA PCINT COMING FauM
1 ThE EXPCONENTIAL JISTRIBUTICH AITH PARAMETER',/,5X,'BETA &ILL 3E 2
2ETECTED AS AN GUTLIER IN THE EXPONENTIAL OISTRIZUTICN w~ITH PARAMET
3ZR BETA =',013.4]

STCP

END

W -

SUSRCLUTINE ORDERIL({L)
IMFLICTT REAL®*3 (A-H,C-Z)
CCMMCH /CROL/ DJATA(L253+30),0{3J),N0ATA
CIMENSICN [159)
(1=l
SC 1 J=2,NDaTa
Jil=J-1
o0 2 K=Ll.J1
[F(CATA(L s Jd) LT OATAILL IIKI}IGS TC 2
2 CONTINUE
3 JR=J-=K
[FlJdaS2.€)50 TC L
CC & K=l,JK
4 [(J=K+1l)=1(4=K)
L [tJ=JK)=J
ca s J=I|HDATA
5 S0J)=DATA(L,I(J))
AETURN

=hi
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SUBRCUTINE ORCERZ2{NSETS!)
[MPLICIT REAL*8 (A-AH,C-2)
COMMCON /CRD2/ X(4,125C),XC({%,1253),INC(4,1252)
30 1 I=1,4
INO(T.1)=1
00 1 L=2,NSETS
Ll=L-1
ZC 2 J=1,LL
[FIACTsL)elT XUI,IND(Ted))IGC TS 3
CONTIMUE
Ld=L=J
[FILLEQ.JIGT TS 1
2 3 «£=1,LJ
NO{ I L=K+i)=IND(T,L-K)
INOUIJL=-LJ)=L
270 & J=1,4
3G 4 L=L,NSETS
XC{JdsLI)=XUJ, INDLJWLY)
RETURN
END

SUBRCLTINE RANGULIX,IY,YFL)
PEAL*5 YFL

[Y=1xX%55535

IFIIY)3,8,5
IY=1Y+214T7453047+1

YFL=[Y

YFL=YFL*.,4655613E~3

2E TURN

NG
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ABSTRACT

The objective of this work was to investigate and determine the
best ways to detect outliers in failure rate data for continuously oper-
ating nuclear power plant components. Three specific types of data were
investigated: 1) data which were distributed according to a gamma dis-
tribution; 2) data which were of the form (Fi,Ti), where Fi and Ti were
the number of failures and test time, respectively, of compomnent i; and
3) time-to-failure data, i.e., data which were distributed according to
an exponential distribution.

Three methods of outlier detection in gamma samples were investi-
gated; 1) Fisher's method; 2) a normal conversion method; and 3) an inte-
tration method. The normal conversion method was found to be the most
powerful method of single outlier detection for all cases investigated.
Two methods of outlier detecticon in (Fi,Ti) data were studied: 1) the
cumulative marginal method and 2) the binomial method (which could only
be used when all T, were the same). For larger failure rates, A > 5 x 1C
hr_l, the cumulative marginal mehtod using the prior matching moment me-
thod (PMMM) of parameter estimation without including the potential out-
lier was found to be the most powerful method of single outlier detection
For smaller failure rates, §-> 5% 10-5 hr_l, and all Ti the same, the
most powerful method of single outlier detection was found to be the bi-
nomial method used in conjunction with the homogeneous failure model.
When all Ti are not the same, the most powerful method for detecting an
outlier is the same method used for A > 5x 10-5 hr_l. Two methods of
outlier detection in time-to-failure data were investigated: 1) Fisher's

method and 2) Dixon's method. Fisher's method was found to be superior

to Dixon's method of single outlier detection for every case investigatec



All of the above results were obtained at a theoretical confidence level
of 95%. However, the actual confidence levels varied, and this fact

could have compromized the "fairness" of the comparisons made between

the various tests.



