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Abstract

This work studies the two subjects of design of experiments and data analysis for
accelerated reliability testing, where the response follows a Weibull distribution,
with an exponential regression model for the scale parameter consisting of fixed
and random effects. Three different possible cases for the data have been
considered in the study, that are: exact data, Type-I censored data, and random
censored data.

For the case of exact data, the maximum likelihood estimation method has
been used to derive the estimation equations of the unknown model parameters for
the fixed and random effects, the conditional and marginal mean, and variance of
the response. Foe Type-I and random censored data, the maximum likelihood
estimates may not exist, so the Bayesian approach and Markov Chains Monte-
Carlo simulation method have been used to find these estimates.

For the design of experiment subject, and to find the D-optimal design,
analytical expression of the expected information matrix has been developed for
each of the three considered types of the data. The obtained results have then been
verified by simulation. We show that for the case of exact data, the information
matrix is not related to the unknown model parameters, and consequently the
D-optimal  design  in  this  case  is  the  same  for  normal-linear  models.  For  the  two
cases of Type-I and random censored data, we show that the information matrix in
these cases is related to the unknown model parameters, and to the censoring times
also. An algorithm has been developed to find the optimal designs for these cases,
based on the Bayesian D-optimality criterion, which combines the exchange
algorithm and the Monte-Carlo simulation method.

The research results have then been applied on a case study of  phase locked
loop communication system, to find the levels of the controlled factors that give
the maximum mean and minimum variance of the response, so that a reliable
design that is also robust against noise factors, has been found.
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 (2.6) = (X V X) X V Y
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(2.7) Var = (X V X)

(2.7) .

.
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(2.1)

 .
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(predictive values) .

.Y| ,
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(2.8)     Y| ,  ~ MVN(X  + I (1)X (1) + I (2)X (2) + I (1)X (1) + I (2)X (2), S)
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L( ; Y) |S |exp { I( ) ( ) I( ) ( )

                       I( ) ( ) I( ) ( ) S I( ) ( )

(2.9)                                                                I( ) ( ) I( ) ( ) I( ) ( ) }

SS.

V(1)

(2):

(2.10) L( ( ) |V |exp { ( ) V ( )}

(2.11) L( ( ) |V |exp { ( ) V ( )}

DV .

V
(1)(2) :

(2.12) L( ( ) |V |exp { ( ) V ( )}

(2.13) L( ( ) |V |exp { ( ) V ( )}

GV.

                                                      

Cov( , ) = 0Cov( , ) = 0Cov( , ) =0

(2.9)-(2.13) .
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(2.14)   ln ( ) ( ) ( ) ( ) {ln| | +

I( ) ( ) I( ) ( ) I( ) ( ) I( ) ( ) S

                 X I( ) ( )  I( ) ( ) I( ) ( ) I( ) ( ) + ln| | +

                 ( ) V ( ) + ln| | ( ) V ( ) + ln +

                 ( ) V ( ) + ln ( ) V ( )}

(1)(2)(1)(2)

(2.14)
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(2.15)              ) = V X I( )(I( )XV X I( ) + S) [Y  X I( ) ( )

                                  I( ) ( ) I( ) ( )]

(2.16) ) = V X I( )(I( )XV X I( ) + S) [Y  X I( ) ( )

                                  I( ) ( ) I( ) ( )]

 (2.17) ) = V X I( )(I( )XV X I( ) + S) [Y  X I( ) ( )

                                  I( ) ( ) I( ) ( )]

(2.18) ) = V X I( )(I( )XV X I( ) + S) [Y  X I( ) ( )

                                  I( ) ( ) I( ) ( )]

 .:

1-V(2.3)

REML.
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E(Y| ) = X + I( ) ( ) + I( ) ( )

(2.19) + I( ) ( ) + I( ) ( )

(1- )100%:

(2.20) ± z se )

se )

S .
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(2.21) E(Y) = X

(1- )100%:

(2.22) ± z se )
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(2.23) f Y|  ,  , = f (Y| ) × f ( ) × f )

f (. )Y| ,  , ,f (. )

f (. )

f (. ).

:

(2.24) f (Y) = f (Y| ) × f ( ) × f )d

.

 .

 .

 .

Bayesian.PQL (Pseudo Likelihood)

MQL (Marginal Quasi Likelihood)

BayesianMCMCI

.

(GLMM)[10].

1.2.2-

PQLMQL(2.24)
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(average)

.

(PQL)
PQL

 .

:

E(Y| ) 1 +
1

g ( )

E(Y| ) 1 + exp + I( ) ( ) + I( ) ( ) + I( ) ( ) +

(2.25)                                                                                                  I( ) ( )

Sweib:

Var(Y| ) = S = [ 1 + 1 + ]
e 0

0 e

 (2.26)

:

 (2.27) g ( ) g ( ) +  )

n nii):
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(2.28) = ) | = | = e

=
0

(2.27)]:

g-1
]-1[g-1( )-g-1( )]+X +I(1) (1)+I(2) (2)+I(1) (1)+I(2) (2)

 X +I(1) (1)+I(2) (2)+I(1) (1)+I(2) (2)

(2.29)

g-1( )(2.29)
)

:

Y = [ ]
)

g ( ) + X + I( ) ( ) + I( ) ( ) +

(2.30)                                                       I( ) ( ) + I( ) ( )

E(Y)

(2.30)(2.29).Y

:

Var Y =
)

Var(Y| )[ ]

(2.31)                                               =
)

S

Sweib(2.26).

:
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(2.32) Y = X + I( ) ( ) + I( ) ( ) + I( ) ( ) + I( ) ( )

Y(2.30)Var( ) = Var Y.

:

V =  I( )XV X I( ) + I( )XV X I( ) + I( )XV X I( ) + I( )XV X I( )

+
1

(1 + )
S

(2.33)

(2.32)(2.1)

)1.2(Y
(1)(2)(1)(2).

(2.32)

)
Y1 + 1 + ISweib

REML

VV(2.33)

V

:

(2.34) = (X V X) X V Y

:

(2.35) Var = (X V X)
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)1.1.2 (

:

) = V X I( ){I( )XV X I( ) + S } [Y

(2.36)                                                    X I( ) ( ) I( ) ( ) I( ) ( )]

) = V X I( ){I( )XV X I( ) + S } [Y

(2.37)                                                   X I( ) ( ) I( ) ( ) I( ) ( )]

) = V X I( ){I( )XV X I( ) + S } [Y

(2.38)                                                    X I( ) ( ) I( ) ( ) I( ) ( )]

) = V X I( ){I( )XV X I( ) + S } [Y

(2.39)                                                   X I( ) ( ) I( ) ( ) I( ) ( )]

(2-30)S = SV(2.33)

(2-34)-(2-39).

.(2.34)

(2-36)-(2-39)(2.25):

1 + exp + I( ) ( ) + I( ) ( ) + I( ) ( ) +

(2.40)                                                                              I( ) ( )
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 .

(MQL)
)(

.)1.2(

E(Y| , ) = X  + I (1)X (1) + I (2)X (2) + I (1)X (1) + I (2)X (2)

:

E(Y) = E[E(Y| , )] = X

(2.24) .

(2.25)

E( ) = X .

.E(Y| , )E( ) = X:

E(Y| ) (1 +
1

)g (1 +
1

)[g ( ) ( )]

(2.41)

n nii  )X:

=
g )

| =
e

| = e

(2.42) =
0

0
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(2.41):

(2.43) E(Y) = E[E(Y| )] (1 + )g (X )

Y:

(2.44) Var(Y) = Var[E(Y| )] + E[Var(Y| )]

 .(2.44)

:

Var(Y) 1 + I( )XV X I( ) + I( )XV X I( ) +

(2.45)                                  I( )XV X I( ) + I( )XV X I( ) + S

Var[E(Y| )]

(2.41) .

E[Var(Y| )]

(2.26).0 = X 00.

MQLPQL

MQL

= X .:

(2.46) g ( ) g ( ) + )



29

n nii)= X .

(2.46):

(2.47) [g ( ) g ( )] + X

+ I( ) ( ) + I( ) ( ) +  I( ) ( ) + I( ) ( )

Y:

(2.48) Y = g ( ) + X

:

(2.49) Y = X + I( ) ( ) + I( ) ( ) + I( ) ( ) + I( ) ( )

(2.46)-(2.49)

.

(2.49).

.

:

(2.50) = (X V X) X V Y
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V .

 .

:

 (2.51) Var = (X V X)

V = I( )XV X I( ) + I( )XV X I( ) + I( )XV X I( ) + I( )XV X I( ) +

(2.52)
)

S

 .

VMQL:

(2.53) = g = exp (X )

(2.50).
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2.2.2-I

.(2.2)

(2.24)Bayesian .

Bayesian

 .Bayesian  

 .

(uncertainty)

.

Bayes .

Bayes:

(2.54) P( |Y) = ( | ) )
)

m(Y) = f(Y| )P( )

P( |Y)P( )m(Y)

f(Y| ) .

.

 .(diffuse)

(non-informative)(vague).(informative) .

 .

.

(conjugate).
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Bayes

Posterior Likelihood Prior.

m(Y)(2.54):

(2.55) P( |Y) f(Y| ) P( )

Bayesian.

(maximum a posteriori estimate) MAP .

 .

E( |Y) = P( |Y) .

P( |Y) = 0.5.

(posterior credible intervals) .

100(1- )%( /2) 100%

 .

(Predictive Probability)Z

Y:

(2.56) P(Z|Y) = f(Z| )P( |Y)

 ..

P( |Y)

 .

 .

(nuisance parameters) .Bayesian

P( |Y) .
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.

Markov Chain Monte Carlo.

.

Gamerman(1997)[23], Gilks et al. (1996)[24], Casella and George (1992)[25],

Chib and Greenberg (1995)[26])[16].(

MCMC

 .

 .

MCMC .

(burn-in).MCMC

.

.

 .

(trace plots)

.

(lag)

.

.

(MC error).

 .

.
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 .

i.

i
(1), ……, i

(M)bvM = bv

, … … ,.
[14]:

(2.57) S = )

5%
MCMC[27].

Bayesian
24

x1, x2, x3z1, z2

:

)2-1(24
Yz2z1x3x2x1

401110-1
100*1-1-11-1
3011110
50110-10
20-1-1-1-1-1
80-1-1-111
7011-1-1-1
601-11-1-1
20-1-1-100
101101-1
20-111-1-1
30-1-11-11
40-11-11-1

100*11001
50-1-111-1
401-1111
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*I**

T=[ 0 1 2 3 11 12 13 22 23 33]  
(-1)T = [ 0

(-1)
1
(-1)

2
(-1)

3
(-1)]z1

(1)T =  [ 0
(1)

1
(1)

2
(1)

3
(1)]z1

(-1)T =  [ 0
(-1)

1
(-1)

2
(-1)

3
(-1)]z2

(1)T =  [ 0
(1)

1
(1)

2
(1)

3
(1)]

z2

k
2

k
(-1) , k

(1)  N(0, k
2), k = 0,1,2,3

k
(-1), k

(1)  N(0, k
2), k = 0,1,2,3

xi =  [1  x1i x2i x3i x1i
2 x1ix2i x1ix3i x2i

2 x2ix3i x3i
2]

i(i = 1…n=24)

:

(2.58) f(y | ) = y exp ,             i = 1. . n

i.i

 .

 :

20-11111
501-1-1-11
20-1-1011
40-11-1-11
20-1-10-1-1
1011-111

50**-1-1100
50**111-11
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(2.59) = exp ( )

i:

= ( ) )) + ( ) ))x + ( ) +

     ))x + ) ) x x x x +
(2.60)                                                        x x x x x x

)2 -1(I

 .pdf

(2.56).I

:

(2.61) ( ) = 1 ( ) = exp

ICi = Cens

Ci ~ Unif(0, Cens).

Bayesian

:

0, 1, ……, 33 ~ Norm(0,0.001)

~Gamma(1,0.01)       k = 0,1,2,3

~Gamma(1,0.01)       k = 0,1,2,3

 ~ Gamma(1,0.2)

Bayesian.

WinBUGS 1.4 .
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.

Gamma(a,b):

p(x) =
b
(a) x e           0

a > 0b > 0.

E(x) = a/bVar(x) = a/b2 .

InverseGamma

 .

.

Gamma(1,0.2).)2 -2(

:

)2-2(Gamma(1,0.2)

(%)15102540507599
0.050.260.531.42.63.56.923

 .(1-1)

Gamma(1,0.2). = 1

 > 1 .
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)2 -1(Gamma(1,0.2)

yitpiRi(T)i(i = 1..24)

MCMC .MCMC

.WinBUGS 1.4[27,28]

MCMC .MCMC

- -.1000,000

100,000100

.9000

 .

yitpip = 0.01

Ri(T = 150)i(i = 1..24)

 .95%

.

  .
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-D

 .

 .-DFisher

.

 .GLM

-D . .

.

.-D

I .

(1.3) .(2.3)

.(3.3)

Monte Carlo

 .(4.3)

  .
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1.3--D

-DFisher.

Fisher

( )li

xi .

I.

1.1.3 -

ti (i = 1..n)i

:

(3.1) = ( ) = exp

:

(3.2) = + ( 1) ( ) ]

xi:

+ ( 1) ( )

 (3.3) + ( 1)

=  .

:

 (3.4) ( )
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Ti ~ Weibull( I, )

i( ) (1 +

1 + ]Fisherxi:

 (3.5) ( ) 1 + ]

Fisher

-D   .

2.1.3 -I

Ici

ici .

yimin(Ti, ci):

(3.6) ( ) = exp [ ] ( )

= 1 +:

exp

(3.7) = exp ( ) ( )

           Or exp

(3.8) = 1 + , 1 +

( ) =
)

exp( ).

( ) = exp [ ]:
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 (3.9) ( ) = 1 + , 1 + +   exp [

[84](1 + )

:

( ) = = +

( ) =
1

) = 1
(1 + )

)

  = = 1 +:

(3.10) ( ) = 1 + + { e [1 + ] } exp [ ]

(  = 1)   ( )

(3.10)E(Yi)

Fisher .I:

( ) = ) exp exp

(3.11)    = ) exp

iyi

 .:

(3.12)                    = [ + ( 1) ]

xi:
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(3.13)                        [ + ( 1) ]

:

(3.14)
e

yi(3.10))

Fisherxi:

(3.15)                                             ( ) ( )

(3.16)         Q( i) 2 E(yi)
e i

                                 = 2 1+
1

+
ci

e i
- 1+

ci

e i

1

exp -
yi

e i

Fisher

Ici .

-D-DBayesian(1.8).

.)3.3(

Monte Carlo.

3.1.3 -

ji

Zij  [0, ci] (i= 1..n, j = 1..m)Zij

Tij.  Cij = ci – Zij .

Zij[0, ci]Cij  [0, ci]
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= .yij = min(Tij,  Cij)

E(yij|Cij=cij)cijCij

I(3.10)cicij:

(3.17)              = 1 + + { e 1 +

} exp [ ]

        =

  =:

(3.18) ( ) = 1 + + 1 +

 1 > 1

 .:

 = 0.25

( ) = (5) + 1 +

(3.19)                   = (5) + 4 + 30 +

                         617 + 154 + 1851 +

3702 + 3702 14808

 = 0.5
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( ) = (3) + 1 +

(3.20)      = (3) + 2 + 5 + 5 10

 = 1

( ) =  + 1 +  

(3.21)                                        = + 1

.

 = 2

( ) = (1.5) 1 +

(3.22)                                   = [ (1.5) 0.515871] 0.37

 = 2= 1.5

( ) = (1.5) + 1.5 1 +

(3.23)                               = (1.5) 0.51574

 = 2= 2

( ) = (1.5) + 2 1 +
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(3.24)                              = (1.5) 0.605

     :=
)

exp

=
1

:

=
1

) exp

:

( ) =
1

)
exp exp

(3.25)     =
1

) exp

iyi

:

(3.26)       = + ( 1)

jxi:

(3.27)                + ( 1)

:
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(3.28) (e )

yijE(yi)(3.19) ~ (3.24)

)

Fisherxi:

(3.29)                                  ( ) ( )

IFisher

ci .E(yi)Q( i)

FisherM(xi, )

ci.-D-DBayesian

(1.8) .)3.3(

Monte Carlo.

Q( i)

-DBayesian

-D .

 .ci

t.75i) = [ ln (1 0.75)] ( )

 .(4.3)

-DBayesian---D

.
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2.3-Monte Carlo

E(yi)

 .Monte Carlo

.

i .6 1

= [1, ]x1,  x2(i = 1..6)

= [ 1, 1,1,1,0,0],   = [ 1,1, 1,1,0,0].

1.2.3 -I

I100,000ti

ti ~ Weibull[ , exp( i)]yi = min(ti,ci)cii

(i = 1..6)ti

 .)yi.

= )
)

)(3.10)I

(1.1.3).(1-3)

i:

)3-1(I
5 4 3 2 1

R1 = 0.9967
R2 = 0.9859
R3 = 0.9862
R4 = 0.9877
R5 = 0.9985
R6 = 0.9860

R1 = 0.9959
R2 = 0.9922
R3 = 0.9945
R4 = 0.9919
R5 = 0.9967
R6 = 0.9948

R1 = 1.0010
R2 = 0.9965
R3 = 0.9988
R4 = 0.9980
R5 = 1.0010
R6 = 1.0010

R1 = 1.008
R2 = 1.004
R3 = 1.006
R4 = 1.008
R5 = 1.003
R6 = 1.003

R1 = 1.005
R2 = 1.002
R3 = 1.003
R4 = 1.005
R5 = 1.001
R6 = 1.001

)1 :( = 2= 1 +ci
T =[10,10,10,500,5,5].

)2:( =1.5= 1 +ci
T =[10,10,10,500,5,5].
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)3:(=1= 0.5 + + 0.5 + 0.25 + 0.25ci
T =[3,5,10,45,2,2].

)4 :(=0.75= 1 + 2 + 0.5 + 0.25 + 2 + 0.25ci
T =[10,20,450,1500,10,10].

)5 :(=0.5= 0.25 + + 0.5 + 0.5 + 0.5ci
T =[15,35,35,650,25,25].

2.2.3 -

100,000cijcij ~ uniform(0, ci)

E(yij|Cij = cij)(2.1.3)

(3.17)cii(i = 1..6)

exp ( ) .)

E(yij|Cij = cij) .= )
)

E(y )

(3.19) ~ (3.24) .

(2-3)i:

)3-2   (
7 6 5 4 3 2 1

R1 = 0.9986
R2 = 1.0020
R3 = 1.0010
R4 = 1.0010
R5 = 0.9984
R6 = 0.9990

R1 = 0.9989
R2 = 1.0030
R3 = 1.0010
R4 = 1.0010
R5 = 0.9986
R6 = 0.9989

R1 = 0.9999
R2 = 1.0040
R3 = 1.0020
R4 = 1.0030
R5 = 0.9995
R6 = 0.9993

R1 = 0.9992
R2 = 1.0020
R3 = 1.0010
R4 = 1.0010
R5 = 0.9990
R6 = 0.9991

R1 = 0.9999
R2 = 1.0000
R3 = 1.0000
R4 = 1.0000
R5 = 0.9999
R6 = 0.9995

R1 = 1.0000
R2 = 0.9998
R3 = 0.9999
R4 = 0.9999
R5 = 1.0000
R6 = 1.0000

R1 = 1.0000
R2 = 0.9998
R3 = 0.9999
R4 = 0.9998
R5 = 1.0000
R6 = 1.0000

)1 :( = 0.25= 1 += 3.7.

)2:( = 0.25= 0.25 + 0.5 + 0.5 + 0.25 + 0.25= 2.

)3 :( = 0.5= 0.5 + + 0.25 + 0.5 + 0.5= 1.9.

)4:( = 1= 1 + + 0.25 + 0.5 + 0.5= 1.4.

)5 :( = 2= 1 + + 0.25 + 0.5 + 0.5=  .

)6 :( = 2= 1 + 2 + 0.25 + 0.5 + 0.5= 1.5.

)7 :( = 2= 1 + 2 + 2 + 0.25 + 0.5 + 0.5= 2.

I

R100,000.

(MC error)10-3 .(1-3)(2-3)
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R= 1 ± .

)yi

 .

(1.3)

Monte Carlo .

3.3--DBayesian

-DBayesian

 .Fisher

ci’s .-DBayeian

(1.8) .

Monte Carlo .

 . .

n .t

xix*

-DBayesian

(1.8)Monte Carlo .

 . .

 .ci’s

Monte Carlo .:

1-0.

2-t  = 0m

 .ci’s
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Monte Carlo, i = 1..n .

j( ) .Monte Carlo

-DBayesian( t)t

( ) =.

3-xi (i = 1..n)

 .t(i,x) .

x*

[ ( )] = [ ( )].

4-t = t+1t.

5-34.

( ) ( )
( )

):

xi
T = [1, xi1, xi2, xi1xi2, xi1

2, xi2
2], i = 1..6T = [ 0, 1, 2, 12, 11, 22]

I

’s .-D

xT
1 = [-1 1 -1 -1 0 1]xT

2 = [-1 1 1 0 1 -1]

(xi1,  xi2)xi1 xi2

[-1,1]0.1 .matlabm10,000.

1.3.3 -I

Ici

t.75i  = [ ln (1 0.75)] .

0.75, 1, 2
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unif(-3,3), unif(-1,1), and Norm(0,1)’s(1-3).

(3-3) .

-1 -0.8 -0.6 -0.4 -0.2 0 0.2 0.4 0.6 0.8 1
-1

-0.8

-0.6

-0.4

-0.2

0

0.2

0.4

0.6

0.8

1

x1

x2

D-optimal design

beta = 0.75

unif(-1,1)

Type-1
c1 = 4.063
c2 = 4.097
c3 = 4.117
c4 = 2.52
c5 = 2.511
c6 = 4.094

eff = 1

-1 -0.8 -0.6 -0.4 -0.2 0 0.2 0.4 0.6 0.8 1
-1

-0.8

-0.6

-0.4

-0.2

0

0.2

0.4

0.6

0.8

1

x1

x2

D-optimal design

beta = 0.75

unif(-3,3)

Type-I censoring
c1 = 2103
c2 = 1958
c3 = 2384
c4 = 59.09
c5 = 57.3
c6 = 2175

eff = 98.5%

-1 -0.8 -0.6 -0.4 -0.2 0 0.2 0.4 0.6 0.8 1
-1

-0.8

-0.6

-0.4

-0.2

0

0.2

0.4

0.6

0.8

1

x1

x2

D-optimal design

beta = 1

Norm(0,1

Type-I censoring
c1 = 27.77
c2 = 26.19
c3 = 54.31
c4 = 6.139
c5 = 6.302
c6 = 26.87

eff = 1

-1 -0.8 -0.6 -0.4 -0.2 0 0.2 0.4 0.6 0.8 1
-1

-0.8

-0.6

-0.4

-0.2

0

0.2

0.4

0.6

0.8

1

x1

x2

D-optimal design

beta = 1

unif(-1,1)

Type-I censoring
c1 = 3.62
c2 = 3.65
c3 = 3.67
c4 = 1.93
c5 = 2.24
c6 = 3.65

eff = 1

-1 -0.8 -0.6 -0.4 -0.2 0 0.2 0.4 0.6 0.8 1
-1

-0.8

-0.6

-0.4

-0.2

0

0.2

0.4

0.6

0.8

1

x1

x2

D-optimal design

beta = 1

unif(-3,3)

Type-I
censoring
c1 = 1872
c2 = 1743
c3 = 2122
c4 = 51.57
c5 = 51.02
c6 = 1936

eff =98.97%

-1 -0.8 -0.6 -0.4 -0.2 0 0.2 0.4 0.6 0.8 1
-1

-0.8

-0.6

-0.4

-0.2

0

0.2

0.4

0.6

0.8

1

x1

x2

D-optimal design

beta = 2

Norm(0,1

Type-I censoring
c1 = 23.69
c2 = 22.33
c3 = 46.32
c4 = 5.296
c5 = 5.258
c6 = 22.91

eff = 98.99%

-1 -0.8 -0.6 -0.4 -0.2 0 0.2 0.4 0.6 0.8 1
-1

-0.8

-0.6

-0.4

-0.2

0

0.2

0.4

0.6

0.8

1

x1

x2

D-optimal design

beta = 2

unif(-1,1)

Type-I censoring
c1 = 3.08
c2 = 3.11
c3 = 3.13
c4 = 1.91
c5 = 1.91
c6 = 3.11

eff = 99.51%

-1 -0.8 -0.6 -0.4 -0.2 0 0.2 0.4 0.6 0.8 1
-1

-0.8

-0.6

-0.4

-0.2

0

0.2

0.4

0.6

0.8

1

x1

x2

D-optimal design

beta = 2

unif(-3,3)

Type-I censoring
c1 = 1597
c2 = 1487
c3 = 1810
c4 = 44.87
c5 = 43.51
c6 = 1651

eff = 98.78 %
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(1-3)-DBayesian

I

)3 -3(-DI

0.75 1 2
Unif (-3,3) 0.9878 0.9897 0.9850
Norm (0.1) 0.9899 1 1
Unif (-1,1) 0.9951 1 1

2.3.3 -

(2.1.3) > 1E(yi)

-D

Bayesian .

 . 1I

cit.75i  = [ ln (1 0.75)] .

0.5, 1

unif(-3,3), unif(-1,1), Norm(0,1)’s(2-3) .

(4-3) .

-1 -0.8 -0.6 -0.4 -0.2 0 0.2 0.4 0.6 0.8 1
-1

-0.8

-0.6

-0.4

-0.2

0

0.2

0.4

0.6

0.8

1

x1

x2

D-optimal design

beta = 0.75

norm(0,1)

Type-I censoring
c1 = 31.19
c2 = 29.41
c3 = 61
c4 = 6.896
c5 = 7.078
c6 = 30.18

eff = 1
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(2-3)-DBayesian

)4-3(-D

0.5 1
Unif (-3,3) 0.9942 0.9970
Norm (0.1) 0.9992 0.9980
Unif (-1,1) 1 1

=
]

]

-1 -0.8 -0.6 -0.4 -0.2 0 0.2 0.4 0.6 0.8 1
-1

-0.8

-0.6

-0.4

-0.2

0

0.2

0.4

0.6

0.8

1

x1

x2

D-optimal design

beta = 1

Norm(0,1

Random censoring
c1 = 27.77
c2 = 26.19
c3 = 54.31
c4 = 6.21
c5 = 6.165
c6 = 26.87

eff = 99.8%

-1 -0.8 -0.6 -0.4 -0.2 0 0.2 0.4 0.6 0.8 1
-1

-0.8

-0.6

-0.4

-0.2

0

0.2

0.4

0.6

0.8

1

x1

x2

D-optimal design

beta = 1

unif(-1,1)

Random censoring
c1 = 3.617
c2 = 3.647
c3 = 3.666
c4 = 2.243
c5 = 2.236
c6 = 3.645

eff = 1

-1 -0.8 -0.6 -0.4 -0.2 0 0.2 0.4 0.6 0.8 1
-1

-0.8

-0.6

-0.4

-0.2

0

0.2

0.4

0.6

0.8

1

x1

x2

D-optimal design

beta = 1

Unif(-3,3)

Random censoring
c1 =
c2 =
c3 =

c4 = 52.6
c5 = 51.02

c6 =

eff = 99.7%

-1 -0.8 -0.6 -0.4 -0.2 0 0.2 0.4 0.6 0.8 1
-1

-0.8

-0.6

-0.4

-0.2

0

0.2

0.4

0.6

0.8

1

x1

x2

D-optimal design

beta = 0.5

Norm(0,1

Random censoring
c1 = 38.64
c2 = 36.43
c3 = 75.56
c4 = 8.542
c5 = 8.768
c6 = 37.38

eff = = 99.92%

-1 -0.8 -0.6 -0.4 -0.2 0 0.2 0.4 0.6 0.8 1
-1

-0.8

-0.6

-0.4

-0.2

0

0.2

0.4

0.6

0.8

1

x1

x2

D-optimal design

beta = 0.5

unif(-1,1)

Random censoring
c1 = 5.033
c2 = 5.075
c3 = 5.1
c4 = 3.121
c5 = 3.11
c6 = 5.071

eff = 1

-1 -0.8 -0.6 -0.4 -0.2 0 0.2 0.4 0.6 0.8 1
-1

-0.8

-0.6

-0.4

-0.2

0

0.2

0.4

0.6

0.8

1

x1

x2

D-optimal design

beta = 0.5

unif(-3,3)

Random censoring
c1 = 2605
c2 = 2426
c3 = 2953
c4 = 71.75
c5 = 70.98
c6 = 2694

eff = 99.42%
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-D(D-efficiency))3 -3()3-4(

)1.3 (( )

-DBayesian--

-D .

.

-DBayesian-D.

4.3-

-DBayesian

= exp ( ) .

32-D

 .i

 =  2

 = [1.5, 2, -2, -1, 0.5, 0.25] .

It0.75i

= [ ln (1 0.75)]-DBayesian

I = 2unif(-3,3)

(1.3.3) .32

-D .

 .

 .(5-3)(6-3)(7-3)

 *.
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(5-3)32

X1 X2
-1 -1 3 2.8 4.1* 1 3.7
-1 0 1.2* 0.2 1.2* 0.6 0.6
-1 1 0.1 0.5 0.5 0.3 0.2
0 -1 18.4 36.3 39 47.3 20
0 0 4.8 4.4 3.8 3.4 1.4
0 1 0.03 0.14 0.9* 0.9* 0.34
1 -1 337.5 1340 1614 783.8 430.3
1 0 51 29.4 44.4 8.1 51.7
1 1 2.5 1.9 3.2 3.1 1.8

(6-3)-D

X1 X2
-1 -1 4.1* 3 0.8 3 4.1*
1 1 4.1* 4.1* 3.3 3.5 4.1*
-1 1 0.4 0.07 0.3 0.08 0.5
-1 0 1.2* 0.4 0.8 1 0.9
0 1 0.5 0.8 0.2 0.4 0.7
1 -1 1250 49.9 1471 779.2 1658*

(7-3)-DBayesian
I = 2

Unif(-3,3)
X1 X2
-1 -0.8 3.1* 3.1* 2.98 1.65 1.53
0 -0.8 30.7* 17.21 7.65 30.7* 22.6
1 -0.8 627.8 560.9 524 831.6* 831.6*
-1 0.2 1* 0.44 0.7 0.85 0.63
-1 1.2 0.3 0.21 0.17 0.77 0.18
1 1.2 1.9 2.49 1.5 2 0.44
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BayesianMCMC

Unif(-3,3)10,000

100,000 .

95%

WinBUGS(8-3).

(8-3)95%

32

2.5% 97.5%

0 1.5 1.411 0.1814 1.076 1.788
1 2 1.88 0.09957 1.682 2.074
11 0.5 0.4738 0.1729 0.1252 0.8042
12 -1 -0.9314 0.1213 -1.169 -0.6915
2 -2 -2.017 0.09992 -2.214 -1.82
22 0.25 0.2025 0.1727 -0.147 0.5329

-D

0 1.5 1.305 0.4183 0.5214 2.155
1 2 2.192 0.1561 1.895 2.51
11 0.5 0.9548 0.3278 0.3094 1.604
12 -1 -0.679 0.1552 -0.969 -0.3563
2 -2 -1.981 0.1551 -2.279 -1.668
22 0.25 0.1477 0.3298 -0.532 0.7641

-D
Bayesian

0 1.5 1.51 0.4612 0.6475 2.46
1 2 1.981 0.1492 1.69 2.277
11 0.5 0.59 0.3814 -0.206 1.309
12 -1 -1.02 0.1389 -1.294 -0.7451
2 -2 -2.227 0.2007 -2.635 -1.843
22 0.25 0.3166 0.3275 -0.358 0.9347

32

 .-D

Bayesian

 .
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-D

.

-DBayesian.
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(PLL)

 .

:(Bandwidth)(Phase Margin)N.

 .

3 dBc/Hzt  =  0(Offse-Frequency)500

KHz.-DBayesian

 .

Bayesian MCMC

 .

 .
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1.4-

)4-1 (

PLL

FXTAL.RFcomp

 .(Phase Frequency Detector)

PFD

N .

K .

22

(Voltage Controlled Oscillator)VCO

KmA/(2  radians).

DCZ(s)

 .

KVCO .

 . .

VCON

.

:

N
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(4.1) =

PLL

PLL .R

N .RN

PLLFcomp.

. .

PLLN

 .

.

R

PLL .PLL .Fc

Hzc .

:180-R

VCO ..

PLL.

PLL.

PLL .N

N.

. .

PLLN.

.

 .PLL

 .FM .FM
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88 MHz108 MHz

0.1 MHz .PLL10.7 MHz

PLLIF

(Intermediate Frequency)10.7 MHz.PLL

77.3 MHz97.3 MHz .100

KHz.10 MHzR100

100 KHzN773973PLL.

99.3 MHz103.4 MHz

R100N886927 .

PLLPLL.

2.4-[32]

 .RFdBc

(Clock-Jitter)

UI(Unit Interval) .

 .

.

 .

Markov

SNR(signal to noise ratio).

SNR .SNR

AWGN(Additive White Gaussian Nois):
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(4.2)                                    r(t) = s(t) + n(t)

s(t) = Acos( 0t + ) .

PLLAWGN .

AWGN

(stochastic) .pdf:

(4.3)      ( , )

=
exp ( )

1

cos( ) exp[ ( )] [1 + erf( cos( ))]}

SNR .)4 -2(

SNR.

)4-2(PDFAWGN -

PLLI-S

Markov .

(tracking error phase variance)PLL

 .MarkovPLLI

(- , + ]N)4 -3( .
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)4 -3( .N-1.

)4-3(MarkovPLLI

1N(cycle slip)

 .pk + qk = 1

.

) (Markov

(steady-state))4 -3(:

(4.4)                                 S1 = q1S1 + q2S2

(4.5)                                 SN = pNSN + pN-1SN-1

(4.6)                                 Sk = pk-1Sk-1 + qk+1Sk+1

Skkk = 1 …. N .

Sk .:

(4.7)                               ( )          = 2 …

(4.8)                              = {1 + [ ]}

Sk:
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(4.9)                                                      =

(4.10)                                                = )

pk:

(4.11)           =
( )         0

( ) + ( )        > 0

p( , 2)(4.3) .qk1-pk.

)qk((4-3)

-S)4 -4(N = 65 .

SNR-S

.

)4-4 (-SAWGNN = 65
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)Sk((4-7)(4-8))4 -5(

SNR .)4 -2( .

SNR .)4 -6(SNR.

)4-5 ((N=65)-S)4-4 (

Markov)4-3(

)4-6 (SNR)Markov65

-S)4-3((
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 .

.

1.2.4 -(MMSE)

 .(4-2)n(t)

s(t):

(4.12)                                       s(t) = Aexp[-j 0t -j ]

(tk = kTs)tk

^:

(4.13)                          = ( ) exp ( )

 .:

(4.14)           = + | ( )| ( )exp ( )}]

0 .

( , A)2

:

(4.15) = 2 2 )exp ( )}

(4.16) = 2 exp ( )}

:



68

(4.17) z exp ( )} = 0

(4.18)                               =
1

z exp ( )}

K= exp ( ) .A

A(4-17)

.(4-17)

)4 -7( .(4-17)

.

)4-7 (

2.2.4 -(ML)

 .AWGN

:

 (4.19) ( ) = (2 ) | | exp { [ ] [ ]}

KRK K

) .

 .exp(.)

(4.19):
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 (4.20) ( ) log (2 log (| | [ ] [ ]

I

K K .(4.20)

:

(4.21) = [ ( )] = 0

                        = 2 [ ( )] ( ) = 0

:

(4.22) n ( ) = 0

(4.22) .

(4.17) .

.

3.2.4 -(MAP)

 .Bayesz

:

(4.23)                                                  ( | ) =
( | ) )

)

:

(4.24)         log [ ( | )] = log ( | )] + log )] log )]
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:

(4.25) {log ( | )] + log )]} = 0

p( )(4.25)

:

(4.26) {log ( | )]} = 0

(MAP)

.

 .

.
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3.4-

  

 .x1

x2Nx3 .z1z2

(electro-migration)

(gate oxide break down)

HCI(hot carrier injection)

(NBTI)(negative bias temperature instability)[36,37,38].

PLLADF4350Analog Device .

[39].

i(i = 1…n)

ADISIMPLL 3.5Analog Device.

PLL2.4 GHz

WLANBluetoothIEEE 802.15.4[40].

3 dBc/Hz

t = 0500 KHz.)4 -8(

.

)4-8 (ff0

3dBc/Hz
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 .
T=[ 0 1 2 3 11 12 13 22 23 33]

(-1)T =  [ 0
(-1)

1
(-1)

2
(-1)

3
(-1)]z1

(1)T =  [ 0
(1)

1
(1)

2
(1)

3
(1)]z1

(-1)T =  [ 0
(-1)

1
(-1)

2
(-1)

3
(-1)]z2

(1)T = [ 0
(1)

1
(1)

2
(1)

3
(1)]z2

k
2

k
(-1) , k

(1)  N(0, k
2), k = 0,1,2,3  

k
(-1), k

(2) N(0, k
2), k = 0,1,2,3.

xi =  [1  x1i x2i x3i x1i
2 x1ix2i x1ix3i x2i

2 x2ix3i x3i
2]

i(i = 1…n)

:

(4.27) f(y | ) = y exp ,             i = 1. . n

i.i

 .

:

(4.28) = exp ( )

i:

(4.29)       = ( ) )) + ( ) ))x + ( +

                             ) ))x + ) ) x x +
                             x x x x x x x x
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1.3.4 -

-DBayesiann = 24

I

c62.(n = 24)

18.

33 22

x1, x2, x3(-1,0,1)z1, z2(-1,1).

)4 -1( .

Norm(0,1).

-DBayesian-D

 .)4 -2(i

(i = 1..24).

)4-1 (

z2

(V)
z1

( C)
x3

N
x2

( )
x1

(KHz)
3.05012040200-1

240506000
3.6804806010001

)4-2 (

x1x2x3z1z2(min)
1-10111120
2-11-1-11235
301111130
40-1011140
5-1-1-1-1-1360*
611-1-1-1360*
7-1-1-111155
8-1-11-11300
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900-1-1-1360*
10-11011150
11-1-111-1185
121-11-1-1308
13-11-11-1200
1410011102
15-111-1-1360*
16111-11210
171111-1230
181-1-1-11200
19110-1-1300
201-1-11-1110
21-1-10-1-195
2211-111145
23001-1-1160
241-1111165

*

 .)4 -9(

 .)4 -3(

i(i = 1..n).

)4-9 (

C2

R1

R2
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)4-3 (

C1 (PF)R1 (K )C2 (PF)R2 (K )C3 (PF)
1188.2330226.8
2562.22200156.8
32.715821000.47
44.71547202.7
5822.28203.347
63.36.8100510.47
7822.28203.347
8228.62201212
97.56.8150202.2
10274.71000334.7
11228.62201512
121.22715510.56
13562.22200156.8
142.21539390.68
15158.2470512.2
160.472727330.68
170.472727330.68
183.312338.22.2
191151001000.47
203.312338.22.2
21394.74707.522
223.36.8100390.47
233.31547331
2412715560.68
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2.3.4 -

Bayesian

MCMC.)4 -2(I .

pdf(4.27).

I:

(4.30) ( ) = 1 ( ) = exp

ICi = 360 min(i = 1..24).

Bayesian

:

0, 1, ……, 33 ~ Norm(0,0.001)

~Gamma(1,0.01)       k = 0,1,2,3

~Gamma(1,0.01)       k = 0,1,2,3

 ~ Gamma(1,0.2)

Bayesian.

WinBUGS 1.4 .

 .

.

yitpiRi(T)i(i = 1..24)

MCMC1000,000

100,000100

.9000
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 .

yit0.1iRi(T = 360 min)i(i = 1..24)

 .

95%.

  .

node  mean  sd  MC error 2.5% median 97.5% start sample
theta0 5.196 0.4981 0.007395 4.279 5.171 6.262 100000 9000
theta1 -0.05657 0.2115 0.002733 -0.474 -0.05465 0.3625 100000 9000
theta11 -0.08636 0.3692 0.004188 -0.928 -0.06087 0.5806 100000 9000
theta12 0.03279 0.138 0.001416 -0.2399 0.03184 0.3176 100000 9000
theta13 0.002629 0.1566 0.001655 -0.322 0.009013 0.3048 100000 9000
theta2 0.09574 0.2317 0.002943 -0.3271 0.09677 0.536 100000 9000
theta22 0.1721 0.3578 0.004451 -0.5811 0.1916 0.8577 100000 9000
theta23 -0.02239 0.1541 0.001715 -0.325 -0.02569 0.2956 100000 9000
theta3 -0.08948 0.2257 0.002481 -0.5467 -0.08544 0.3427 100000 9000
theta33 0.3945 0.3014 0.003152 -0.1644 0.3782 1.047 100000 9000

node  mean  sd  MC error 2.5% median 97.5% start sample
beta 2.535 0.8219 0.009179 1.218 2.429 4.42 100000 9000

node  mean  sd  MC error 2.5% median 97.5% start sample
taudelta0 45.68 65.33 0.6611 1.561 21.47 240.1 100000 9000
taudelta1 117.4 104.6 1.16 6.723 87.97 391.7 100000 9000
taudelta2 115.8 102.4 1.07 6.979 86.93 387.9 100000 9000
taudelta3 111.9 103.1 1.058 6.037 81.15 378.0 100000 9000
taugamma0 84.89 89.79 0.8551 3.508 54.77 339.8 100000 9000
taugamma1 118.3 106.4 1.136 6.51 88.89 397.6 100000 9000
taugamma2 104.5 96.44 1.019 5.462 75.21 364.2 100000 9000
taugamma3 113.7 104.4 1.08 6.42 82.74 398.3 100000 9000
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R(T= 360 min)i(i = 1..24)

 node  mean  sd  MC error 2.5% median 97.5% start sample
RTother[1] 0.2245 0.2916 0.00363 0.0 0.06239 0.9336 100000 9000
RTother[2] 0.4112 0.3517 0.004024 5.253E-36 0.377 0.9878 100000 9000
RTother[3] 0.3327 0.3303 0.00392 4.204E-45 0.2302 0.9659 100000 9000
RTother[4] 0.1512 0.2462 0.002728 0.0 0.01202 0.8747 100000 9000
RTother[5] 0.3327 0.3322 0.003544 0.0 0.2275 0.9714 100000 9000
RTother[6] 0.3912 0.3473 0.003941 0.0 0.339 0.9822 100000 9000
RTother[7] 0.337 0.3342 0.003535 0.0 0.2352 0.9728 100000 9000
RTother[8] 0.2771 0.3144 0.003566 0.0 0.1359 0.9619 100000 9000
RTother[9] 0.2915 0.3088 0.003773 0.0 0.1768 0.9479 100000 9000
RTother[10] 0.1967 0.2774 0.003142 0.0 0.041 0.9228 100000 9000
RTother[11] 0.2819 0.316 0.003549 0.0 0.1411 0.9623 100000 9000
RTother[12] 0.2154 0.2907 0.00312 0.0 0.05113 0.9369 100000 9000
RTother[13] 0.4061 0.3497 0.003607 4.026E-39 0.3646 0.9855 100000 9000
RTother[14] 0.09843 0.2055 0.002532 0.0 5.563E-4 0.7936 100000 9000
RTother[15] 0.315 0.3288 0.00385 0.0 0.1934 0.971 100000 9000
RTother[16] 0.2983 0.3228 0.003119 0.0 0.1659 0.9616 100000 9000
RTother[17] 0.2941 0.3202 0.003313 0.0 0.1595 0.9644 100000 9000
RTother[18] 0.2655 0.3226 0.003748 0.0 0.08609 0.9672 100000 9000
RTother[19] 0.1765 0.2595 0.003146 0.0 0.02883 0.8892 100000 9000
RTother[20] 0.2719 0.3261 0.004082 0.0 0.09601 0.9694 100000 9000
RTother[21] 0.1597 0.2556 0.00253 0.0 0.01314 0.8975 100000 9000
RTother[22] 0.383 0.3457 0.003922 1.401E-44 0.3205 0.9816 100000 9000
RTother[23] 0.2229 0.2849 0.00336 0.0 0.07418 0.9211 100000 9000
RTother[24] 0.2146 0.2891 0.003307 0.0 0.05296 0.9401 100000 9000

t0.1i(i = 1..24)

node                      mean sd  MC error 2.5% median 97.5% start sample
quantilePother[1] 126.0 241.8 2.652 16.34 89.84 427.7 100000 9000
quantilePother[2] 216.6 731.3 8.065 23.17 138.7 780.4 100000 9000
quantilePother[3] 163.6 234.4 2.342 21.22 117.3 553.6 100000 9000
quantilePother[4] 102.4 239.8 2.495 14.42 74.63 327.1 100000 9000
quantilePother[5] 1319.0 109600.0 1160.0 20.98 117.1 590.0 100000 9000
quantilePother[6] 207.2 1088.0 11.27 23.45 134.1 705.7 100000 9000
quantilePother[7] 169.4 296.6 3.741 21.19 116.6 576.4 100000 9000
quantilePother[8] 151.2 525.4 5.782 18.5 101.7 522.3 100000 9000
quantilePother[9] 149.8 313.4 3.405 23.86 110.3 472.4 100000 9000
quantilePother[10] 117.6 196.8 2.266 14.92 83.31 396.4 100000 9000
quantilePother[11] 158.4 900.6 9.548 19.17 103.1 512.9 100000 9000
quantilePother[12] 128.0 327.4 3.536 14.52 85.67 425.5 100000 9000
quantilePother[13] 815.9 57970.0 607.2 23.98 137.6 745.9 100000 9000
quantilePother[14] 80.08 96.94 1.114 10.94 60.2 265.0 100000 9000
quantilePother[15] 200.1 3538.0 37.02 19.72 112.1 576.3 100000 9000
quantilePother[16] 153.6 353.4 4.057 19.58 106.0 515.7 100000 9000
quantilePother[17] 166.2 1181.0 12.17 18.47 106.7 533.3 100000 9000
quantilePother[18] 173.1 2158.0 23.8 16.22 95.64 563.8 100000 9000
quantilePother[19] 113.2 642.9 6.732 15.02 80.64 344.5 100000 9000
quantilePother[20] 378.3 21610.0 229.1 16.92 96.77 567.2 100000 9000
quantilePother[21] 104.7 188.7 2.074 13.6 74.21 354.7 100000 9000
quantilePother[22] 197.2 568.1 6.634 23.84 131.2 697.1 100000 9000
quantilePother[23] 133.9 934.2 9.728 19.02 92.36 399.9 100000 9000
quantilePother[24] 136.1 839.1 8.434 15.09 86.25 432.1 100000 9000
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  i(i = 1..24)

node  mean  sd  MC error 2.5% median 97.5% start sample
yother[1] 306.2 1295.0 13.63 22.48 187.3 1153.0 100000 9000
yother[2] 511.9 1543.0 17.27 34.61 292.5 2061.0 100000 9000
yother[3] 394.4 622.2 6.838 26.84 244.8 1553.0 100000 9000
yother[4] 239.4 557.4 5.955 21.19 159.3 891.0 100000 9000
yother[5] 3809.0 324300.0 3431.0 30.54 245.0 1610.0 100000 9000
yother[6] 508.5 2465.0 25.0 36.0 278.5 2020.0 100000 9000
yother[7] 426.6 2319.0 26.43 29.88 246.9 1611.0 100000 9000
yother[8] 356.0 1505.0 21.78 24.68 217.3 1317.0 100000 9000
yother[9] 360.6 750.3 8.013 33.16 231.1 1420.0 100000 9000
yother[10] 271.4 456.4 5.526 22.58 177.6 1039.0 100000 9000
yother[11] 357.9 1421.0 15.18 26.56 217.7 1373.0 100000 9000
yother[12] 294.0 970.3 10.23 22.34 179.9 1100.0 100000 9000
yother[13] 2774.0 216600.0 2272.0 34.57 287.7 2070.0 100000 9000
yother[14] 192.1 351.8 3.797 15.62 128.5 697.2 100000 9000
yother[15] 530.0 13860.0 144.9 26.88 232.4 1557.0 100000 9000
yother[16] 372.4 2067.0 22.45 27.16 226.5 1399.0 100000 9000
yother[17] 387.5 2263.0 22.88 28.21 223.1 1472.0 100000 9000
yother[18] 425.1 4691.0 52.49 23.45 197.7 1624.0 100000 9000
yother[19] 258.4 1135.0 11.85 20.74 172.1 893.8 100000 9000
yother[20] 844.9 44610.0 473.7 25.13 204.6 1595.0 100000 9000
yother[21] 239.9 520.9 6.049 19.45 158.6 901.8 100000 9000
yother[22] 469.5 1198.0 14.93 33.79 274.8 1965.0 100000 9000
yother[23] 347.0 5216.0 54.06 25.81 196.3 1080.0 100000 9000
yother[24] 303.2 1473.0 14.61 21.95 185.9 1110.0 100000 9000

3.3.4 -

yi

Ri(T = 360 min)t0.1ii(i = 1..24)

.yii(i = 1..24)

yi.Ri(T = 360 min)
t0.1ii(i = 1..24)

 .
t0.1ii(i = 1..24)

.

t0.1(Desirability Function)[7].
d1, d2

0 dj  1 (j = 1,2)dj = 1
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dj = 0 .
:

(4.31) = ( )

r1r2 .
r1 = 1, r2 = 2t0.1

(i = 1..24)
.

d1, d2:

(4.32) =

0                                                                   = 80.08

(
80.08

1319 80.08)            = 80.08 < = 1319
1                                                                      = 1319

(4.33) =
1                                                                   = 96.94

( )         = 96.94 < = 109600
0                                                              = 109600

Design-Expert 7.0
State-Ease0.5, 1, 2w1,  w2.

)4 -4( .)4 -5(
.

)4 -4 (
x1x2x3

N
.

(min)
.

(min)
-1 (200 KHz)1 (60 )-1 (120)503285220.572

)4-5 (
C1 (PF)R1 (K )C2 (PF)R2 (K )C3 (PF)

2562.22200156.8
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t0.1 .)4 -10()4 -11(
.
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Design-Expert® Software

mean(t0.1)

Design Points

X1 = C: x3

Actual Factors
A: x1 = 0.00
B: x2 = 0.00

-1.00 -0.50 0.00 0.50 1.00

-200

200

600

1000

1400

C: x3

m
ea

n(
t0

.1
)

One Factor
Warning! Factor involved in an interaction.

Design-Expert® Software

mean(t0.1)

Design Points

B- -1.000
B+ 1.000

X1 = A: x1
X2 = B: x2

Actual Factor
C: x3 = 0.00

B: x2

-1.00 -0.50 0.00 0.50 1.00

Interaction

A: A

m
ea

n(
t0

.1
)

-300

125

550

975

1400

Design-Expert® Software

mean(t0.1)

Design Points

C- -1.000
C+ 1.000

X1 = A: x1
X2 = C: x3

Actual Factor
B: x2 = 0.00

C: x3

-1.00 -0.50 0.00 0.50 1.00

Interaction

A: A

m
ea

n(
t0

.1
)

-200

200

600

1000

1400



83

)4-10 (
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Design-Expert® Software
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–-

{

Beta ~ dgamma(1,0.2)

for( j in 1 : 2 ) {
      delta0[j] ~ dnorm( 0.0,taudelta0)
      delta1[j] ~ dnorm( 0.0,taudelta1)
      delta2[j] ~ dnorm( 0.0,taudelta2)
      delta3[j] ~ dnorm( 0.0,taudelta3)
   }
taudelta0 ~ dgamma(1,0.01)
taudelta1 ~ dgamma(1,0.01)
taudelta2 ~ dgamma(1,0.01)
taudelta3 ~ dgamma(1,0.01)

for( j in 1 : 2 ) {
      gamma0[j] ~ dnorm( 0.0,taugamma0)
      gamma1[j] ~ dnorm( 0.0,taugamma1)
      gamma2[j] ~ dnorm( 0.0,taugamma2)
      gamma3[j] ~ dnorm( 0.0,taugamma3)
   }
taugamma0 ~ dgamma(1,0.01)
taugamma1~ dgamma(1,0.01)
taugamma2 ~ dgamma(1,0.01)
taugamma3 ~ dgamma(1,0.01)

theta0 ~ dnorm( 0.0,0.001)
theta1 ~ dnorm( 0.0,0.001)
theta2 ~ dnorm( 0.0,0.001)
theta3 ~ dnorm( 0.0,0.001)
theta11 ~ dnorm( 0.0,0.001)
theta12 ~ dnorm( 0.0,0.001)
theta13 ~ dnorm( 0.0,0.001)
theta22 ~ dnorm( 0.0,0.001)
theta23 ~ dnorm( 0.0,0.001)
theta33 ~ dnorm( 0.0,0.001)
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I    

for( i in 1 : 24 ) {
eta1[i] <- theta0 + (theta1*x1[i]) + (theta2*x2[i]) + (theta3*x3[i]) + (theta11*x1[i]*x1[i]) +
(theta12*x1[i]*x2[i]) + (theta13*x1[i]*x3[i]) + (theta22*x2[i]*x2[i]) + (theta23*x2[i]*x3[i])  +
(theta33*x3[i]*x3[i])

eta2[i] <- delta0[z1[i]] + (delta1[z1[i]]*x1[i]) + (delta2[z1[i]]*x2[i]) + (delta3[z1[i]]*x3[i])

eta3[i] <- gamma0[z2[i]] + (gamma1[z2[i]]*x1[i]) + (gamma2[z2[i]]*x2[i]) + (gamma3[z2[i]]*x3[i])

eta[i] <- eta1[i] + eta2[i] + eta3[i]
alpha[i] <- exp(eta[i])
 lambda[i] <- 1/pow(alpha[i],beta)
}

  y[1] ~ dweib(beta,lambda[1])
  y[2] ~ dweib(beta,lambda[2])I(100,)
for( i in 3 : 13) {
   y[i] ~ dweib(beta,lambda[i])
   }
y[14] ~ dweib(beta,lambda[14])I(100,)

for( i in 15 : 22) {
   y[i] ~ dweib(beta,lambda[i])
   }

cens23 ~ dunif(0,100)
y[23] ~ dweib(beta,lambda[23])I(cens23,)

cens24 ~ dunif(0,100)
y[24] ~ dweib(beta,lambda[24])I(cens24,)



89

tpR(T)T  

for (i in 1:24) {

delta0other[i] ~ dnorm( 0.0,taudelta0)
delta1other[i] ~ dnorm( 0.0,taudelta1)
delta2other[i] ~ dnorm( 0.0,taudelta2)
delta3other[i] ~ dnorm( 0.0,taudelta3)

gamma0other[i] ~ dnorm( 0.0,taugamma0)
gamma1other[i] ~ dnorm( 0.0,taugamma1)
gamma2other[i] ~ dnorm( 0.0,taugamma2)
gamma3other[i] ~ dnorm( 0.0,taugamma3)

eta1other[i] <- theta0 + (theta1*x1[i]) + (theta2*x2[i]) + (theta3*x3[i]) + (theta11*x1[i]*x1[i]) +
(theta12*x1[i]*x2[i]) + (theta13*x1[i]*x3[i]) + (theta22*x2[i]*x2[i]) + (theta23*x2[i]*x3[i])  +
(theta33*x3[i]*x3[i])

eta2other[i] <- delta0other[i] + (delta1other[i]*x1[i]) + (delta2other[i]*x2[i]) + (delta3other[i]*x3[i])

eta3other[i] <- gamma0other[i] + (gamma1other[i]*x1[i]) + (gamma2other[i]*x2[i]) +
(gamma3other[i]*x3[i])

etaother[i] <- eta1other[i] + eta2other[i] + eta3other[i]
alphaother[i] <- exp(etaother[i])
lambdaother[i] <- 1/pow(alphaother[i],beta)

yother[i] ~ dweib(beta,lambdaother[i])

quantilePother[i] <- alphaother[i]*(pow((-log(1- P)),(1/beta)))

RTother[i] <- exp(-(pow((T/alphaother[i]),beta)))

}
}
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list(y = c(40,NA,30,50,20,80,70,60,20,10,20,30,40,NA,50,40,20,50,20,40,20,10,NA,NA), x1 = c(-
1,-1,0,0,-1,1,-1,-1,0,-1,-1,1,-1,1,-1,1,1,1,1,1,-1,1,0,1), x2 = c(0,1,1,-1,-1,1,-1,-1,0,1,-1,-1,1,0,1,1,1,-
1,1,-1,-1,1,0,-1), x3 = c(1,-1,1,0,-1,-1,-1,1,-1,0,1,1,-1,0,1,1,1,-1,0,-1,0,-1,1,1), z1 =
c(2,1,2,2,1,1,2,1,1,2,2,1,2,2,1,1,2,1,1,2,1,2,1,2), z2 =
c(2,2,2,2,1,1,2,2,1,2,1,1,1,2,1,2,1,2,1,1,1,2,1,2), T = 150, P = 0.25, cens23 = 50, cens24 = 50)

list(beta = 1, theta0 = 0, theta1 = 0, theta2 = 0, theta3 = 0, theta11 = 0, theta12 = 0, theta13 = 0,
theta22 = 0, theta23 = 0, theta33 = 0,  taudelta0 = 1, taudelta1 = 1, taudelta2 = 1, taudelta3 = 1,
taugamma0 = 1, taugamma1 = 1, taugamma2 = 1, taugamma3 = 1)

node  mean sd  MC error 2.5% median 97.5% start sample
theta0 4.703 0.9168 0.01375 3.189 4.603 6.821 100000 9000
theta1 0.1056 0.3121 0.002947 -0.4951 0.09361 0.7508 100000 9000
theta11 0.05224 0.614 0.007741 -1.255 0.0712 1.227 100000 9000
theta12 -0.2704 0.2624 0.002763 -0.8517 -0.2474 0.1905 100000 9000
theta13 0.2302 0.2718 0.003247 -0.2535 0.2098 0.8229 100000 9000
theta2 -0.1029 0.3441 0.004363 -0.812 -0.09431 0.5274 100000 9000
theta22 -1.004 0.7517 0.01015 -2.764 -0.9179 0.2479 100000 9000
theta23 -0.2681 0.2551 0.002709 -0.815 -0.2559 0.2112 100000 9000
theta3 -0.03838 0.3133 0.003759 -0.6217 -0.04506 0.6015 100000 9000
theta33 0.3502 0.5396 0.006063 -0.7836 0.3844 1.345 100000 9000

node  mean sd  MC error 2.5% median 97.5% start sample
beta 1.4 0.4019 0.004014 0.7378 1.36 2.291 100000 9000
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 node  mean sd  MC error 2.5% median 97.5% start sample
taudelta0 104.5 98.97 1.045 4.356 75.1 380.7 100000 9000
taudelta1 102.0 99.61 1.132 4.443 71.4 364.6 100000 9000
taudelta2 80.83 92.07 0.9843 2.078 48.53 337.9 100000 9000
taudelta3 105.8 97.99 1.047 5.094 77.7 366.4 100000 9000
taugamma0 94.84 97.38 0.9836 3.543 62.92 358.7 100000 9000
taugamma1 107.1 98.37 0.9738 4.745 79.44 361.9 100000 9000
taugamma2 96.25 101.1 1.075 3.381 63.16 359.0 100000 9000
taugamma3 107.1 100.7 1.069 4.852 76.93 379.0 100000 9000

R(T=150)i(i = 1..24)

node  mean sd  MC error 2.5% median 97.5% start sample
RTother[1] 0.2927 0.2872 0.00327 2.489E-10 0.2019 0.9054 100000 9000
RTother[2] 0.2864 0.2849 0.003069 6.328E-14 0.1975 0.9005 100000 9000
RTother[3] 0.07126 0.1538 0.001598 0.0 0.001574 0.5823 100000 9000
RTother[4] 0.08906 0.1716 0.002044 4.764E-44 0.004629 0.6367 100000 9000
RTother[5] 0.09635 0.1765 0.002014 1.317E-43 0.007574 0.6551 100000 9000
RTother[6] 0.1127 0.1962 0.001923 3.913E-40 0.01206 0.7257 100000 9000
RTother[7] 0.09395 0.1748 0.002065 0.0 0.007157 0.6425 100000 9000
RTother[8] 0.09723 0.1816 0.002016 0.0 0.007315 0.6773 100000 9000
RTother[9] 0.3984 0.3163 0.004449 2.396E-6 0.3645 0.9514 100000 9000
RTother[10] 0.1049 0.1925 0.002504 0.0 0.005348 0.7096 100000 9000
RTother[11] 0.09698 0.1787 0.002042 0.0 0.006319 0.6634 100000 9000
RTother[12] 0.3853 0.3291 0.003615 1.228E-13 0.3404 0.9667 100000 9000
RTother[13] 0.2893 0.2878 0.003298 2.488E-13 0.1948 0.9075 100000 9000
RTother[14] 0.3145 0.2829 0.003708 2.267E-7 0.2466 0.9018 100000 9000
RTother[15] 0.07724 0.1631 0.001792 0.0 0.001444 0.6251 100000 9000
RTother[16] 0.09149 0.1753 0.001987 0.0 0.003968 0.6529 100000 9000
RTother[17] 0.09257 0.1793 0.001934 0.0 0.003906 0.6716 100000 9000
RTother[18] 0.1491 0.2218 0.002219 7.293E-30 0.03033 0.7799 100000 9000
RTother[19] 0.05706 0.1368 0.00153 0.0 4.48E-4 0.508 100000 9000
RTother[20] 0.1523 0.2239 0.002421 3.69E-28 0.03237 0.7891 100000 9000
RTother[21] 0.05189 0.1285 0.00166 0.0 4.292E-4 0.4745 100000 9000
RTother[22] 0.112 0.1922 0.002036 7.726E-38 0.01206 0.7132 100000 9000
RTother[23] 0.3688 0.3035 0.003734 1.654E-6 0.3233 0.9341 100000 9000
RTother[24] 0.3821 0.3286 0.003449 2.365E-13 0.3308 0.9638 100000 9000
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t0.01i(i = 1..24)

node mean sd  MC error 2.5% median 97.5% start sample
quantilePother[1]11.9 381.8 4.057 0.1401 3.684 32.63 100000 9000
quantilePother[2]7.785 58.16 0.613 0.1405 3.455 32.28 100000 9000
quantilePother[3]3.026 39.29 0.434 0.04102 1.259 10.92 100000 9000
quantilePother[4]4.901 147.4 1.533 0.05766 1.466 12.13 100000 9000
quantilePother[5]11.84 707.9 7.862 0.04731 1.504 14.03 100000 9000
quantilePother[6]4.858 82.38 0.8715 0.04366 1.586 17.74 100000 9000
quantilePother[7]4.669 148.0 1.548 0.04868 1.461 14.52 100000 9000
quantilePother[8]18.49 1404.0 14.7 0.04473 1.481 15.05 100000 9000
quantilePother[9]7808.0 587900.0 6137.0 0.1818 5.272 53.19 100000 9000
quantilePother[10]3.285 22.87 0.2624 0.05012 1.48 14.15 100000 9000
quantilePother[11]3.465 33.72 0.3642 0.04646 1.467 14.3 100000 9000
quantilePother[12]32.34 1908.0 20.05 0.1864 4.74 59.61 100000 9000
quantilePother[13]7.276 21.56 0.2454 0.1426 3.489 34.51 100000 9000
quantilePother[14]28.03 1312.0 14.61 0.2106 4.094 28.84 100000 9000
quantilePother[15]2.785 13.78 0.16 0.03688 1.222 11.93 100000 9000
quantilePother[16]3.04 19.67 0.2287 0.04922 1.368 13.02 100000 9000
quantilePother[17]5.577 165.3 2.123 0.05243 1.367 12.9 100000 9000
quantilePother[18]29.05 2352.0 24.63 0.06328 1.95 18.37 100000 9000
quantilePother[19]2.704 46.18 0.5065 0.0377 1.058 9.573 100000 9000
quantilePother[20]4.294 19.45 0.1964 0.07056 1.988 19.41 100000 9000
quantilePother[21]9.134 652.6 6.831 0.04122 1.041 9.015 100000 9000
quantilePother[22]3.859 37.53 0.4066 0.04244 1.615 16.87 100000 9000
quantilePother[23]11.86 202.0 3.053 0.2133 4.822 42.1 100000 9000
quantilePother[24]969.0 90810.0 950.8 0.1964 4.73 59.75 100000 9000

  i(i = 1..24)

node  mean sd  MC error 2.5% median 97.5% start sample
yother[1] 268.4 3871.0 40.62 3.166 75.97 1135.0 100000 9000
yother[2] 350.5 9948.0 103.9 2.82 75.35 1094.0 100000 9000
yother[3] 65.32 446.2 4.848 1.2 26.86 281.5 100000 9000
yother[4] 99.28 1495.0 15.33 1.482 31.11 349.8 100000 9000
yother[5] 360.1 24160.0 261.9 1.477 33.09 359.9 100000 9000
yother[6] 97.84 1181.0 12.27 1.285 36.07 431.3 100000 9000
yother[7] 709.1 60480.0 633.1 1.4 31.58 352.3 100000 9000
yother[8] 289.0 19870.0 208.0 1.533 32.35 380.8 100000 9000
yother[9] 572600.0 4.759E+7 497500.0 4.695 106.7 2155.0 100000 9000
yother[10] 92.57 561.5 6.831 1.293 31.77 435.2 100000 9000
yother[11] 74.03 281.1 2.89 1.184 31.86 360.5 100000 9000
yother[12] 1121.0 40210.0 424.2 3.572 98.7 2681.0 100000 9000
yother[13] 492.7 24920.0 261.1 2.95 75.69 1162.0 100000 9000
yother[14] 2208.0 152100.0 1601.0 4.849 85.81 1369.0 100000 9000
yother[15] 71.41 388.2 4.534 0.8668 26.34 332.9 100000 9000
yother[16] 75.2 363.7 4.048 1.194 29.79 361.0 100000 9000
yother[17] 538.5 40540.0 441.5 1.113 30.14 396.7 100000 9000
yother[18] 360.4 23020.0 240.7 1.715 42.34 554.8 100000 9000
yother[19] 123.1 3848.0 41.11 0.9446 22.95 257.2 100000 9000
yother[20] 110.9 419.9 3.924 1.719 43.05 561.4 100000 9000
yother[21] 117.3 5117.0 53.43 1.043 23.24 239.3 100000 9000
yother[22] 101.1 1562.0 16.39 1.156 35.37 405.1 100000 9000
yother[23] 696.9 24550.0 272.6 4.696 99.1 1694.0 100000 9000
yother[24] 41940.0 3.917E+6 41010.0 4.032 97.37 2795.0 100000 9000
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