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Abstract

This paper derives noninformative priors for scale parameter of exponential distri-
bution when the data are collected in multiple step stress accelerated life tests.
We find the objective priors for this model and show that the reference prior satisfies
first order matching criterion. Also, we show that there exists no second order matching
prior. Some simulation results are given and using artificial data, we perform Bayesian
analysis for proposed priors.

Keywords: Bayesian analysis, Jeffreys’ prior, multiple step accelerated life test, proba-
bility matching prior, reference prior.

1. Introduction

In many reliability studies, the life tests were made under various environmental condi-
tions. But for extremely reliable units it is in general impossible to make life tests under the
usual conditions because the life times of units under the usual conditions may tend to be
large and then the testing time may be very long. As a common approach to overcome this
problem, the accelerated life tests (ALTs) are widely used, in which samples of units are
subjected to conditions of greater stress than the usual conditions. For example, accelerated
test conditions involve higher than usual temperature, voltage, pressure, vibration, cycling
rate, load, etc., or some combination of them.

The step stress ALT is commonly used in engineering practice. We interest the step stress
ALT wherein the stress on unfailed units is allowed to change at preassigned times until
they fail.

The existing literature on analysis of step-stress ALT centered around three types of
models.

1 Professor, Department of Statistics, College of Nature Science, Kyungpook National University, Daegu
702-701, korea.

2 Associate Professor, Department of Applied Statistics, College of Science and Engineering, Sangji
University, Wonju 220-702, Korea.

3 Corresponding author: Department of Asset Management, Daegu Haany University, Kyungsan 712-
715, Korea. E-mail: wdlee@dhu.ac.kr



602 Dal Ho Kim - Sang Gil Kang - Woo Dong Lee

DeGroot and Goel (1979) proposed tampered random variables (TRV) model which the
effect of changing the stress from s; to s3 ( $1 < s2) is to multiply the remaining life of the
unit at changing time 7 (which they called it as tampering point) by some unknown factor,
called tampering coefficient, o (0 < o < 1). The proposed model is

X X <7,
Y_{T+a(X—T) X > (1.1)

There is an another model for analyzing the accelerated life test data, which was proposed
by Bhattacharyya and Soejoeti (1989). They assumed that the effect of changing the stress
is to multiply the initial failure rate function A\;(y) by an unknown factor « subsequent to
the change point 7. Denoting the failure rate function of the step stress life length by \*(y),
the tampered failure rate (TFR) model is defined as

* Al(y) Yy <7

A = ’ 1.2

) { ar(y) y>T. (1.2)

Nelson (1980) proposed cumulative exposure (CE) model as follows: Let F™* be the cu-

mulative distribution function of the step stress data which can be specified by F;(y) =

F(y|s;),i = 1,2, where F(yls;) is the cumulative distribution function of life length under
the constant stress setting s;. The CE model is defined by

* — F() ST’
F(y){ Bnty-7) yor (13)

where v is defined to be the solution of the equation Fy(v1) = Fi(7).

Bhattacharyya and Soejoeti (1989) indicated that the TRV, CE and TFR models are
identical in the sense that TRV can be expressed by the other models through reparameter-
ization, when distribution under use stress is exponential.

For applications of ALT model to the real data, multiple ( a model with more than two
tampering points) step stress ALT model will be applicable to the extremely reliable items.
There have been several works extending two step stress (or simple step stress) ALT model
to multiple step stress model. Typical examples are Shaked and Singpurwalla (1983) and
Madi (1993).

The papers mentioned above except Degroot and Geol (1976) solved the estimation prob-
lem in step stress ALT models using the classical or nonparametric methods. From a
Bayesian point of view, DeGroot and Goel (1979) studied the Bayesian estimation of param-
eters and optimal design of the model (1.1) when the lifetime under use stress is exponential
distribution. They considered two independent gamma priors for parameter estimation.

Owing to the lack of prior knowledge about parameters or lack of time to accumulate the
information about the model, there may be an inevitable situation to use noninformative
priors. The most commonly used noninformative prior is Jeffreys’ (1961) prior, which is
proportional to the positive square root of the determinant of the Fisher information matrix.
Jeffreys’ prior plays a major role in many one parameter models, but Jeffreys’ prior frequently
runs into serious difficulties in the presence of nuisance parameters. Jeffreys’ prior does not
hold invariant property under reparameterization and does not match frequentist coverage
probability.
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In recent years, many efforts have been done for finding noninformative priors such as
reference or probability matching prior in Bayesian analysis. There has been a great deal of
studies for finding noninformative priors.

Welch and Peers (1963), Peers (1965) and Stein (1985) found a prior which requires the
frequentist coverage probability of the posterior region of a real-valued parametric function
to match the normal level with a remainder of o(n™2), where n is the sample size. Tibshirani
(1989) reconsidered the case when the real valued parameter of interest is orthogonal to the
nuisance parameter vector. These priors, as usually referred to as ‘first order’ matching
priors, were further studied in Datta and Ghosh (1995a, 1995b, 1996).

Recently, Ghosh and Mukerjee (1997) developed a ‘second order’, that is, o(n~1), matching
prior. They extend the finding in Mukerjee and Dey (1993) to the case of multiple nuisance
parameters based on quantiles, and also develop a second order matching prior based on
distribution function.

On the other hand, Ghosh and Mukerjee (1992), and Berger and Bernardo (1989, 1992)
extended Bernardo’s (1979) reference prior approach, giving a general algorithm to derive
a reference prior by splitting the parameters into several groups according to their order
of inferential importance. This approach is very successful in various practical problems.
Quite often reference priors satisfy the matching criterion described earlier.

In this paper, we will generalize two step stress TRV model (1.1) to multiple step stress
TRV model.

For the Bayesian analysis, we derive the reference prior and matching prior for the scale
parameter when the lifetime distribution under normal stress is exponential. Through the
orthogonal transformation in the sense of Cox and Reid (1987), we first find the orthogonal
reparameterization for scale parameter and then find reference prior and matching prior.
We show that the proposed matching prior is the first order matching prior and that there
exists no second order matching for multiple step stress ALT model. We show that, under
the proposed noninformative priors, the joint posterior for the parameters is proper. And
some simulation results and example are given.

2. Multiple step stress accelerated life test model

Consider the realistic situation of accelerated life testing where we continue increasing
the stress level on the unfailed items over a preassigned number k(> 1) of times. And we
assume that the lifetime distribution under normal stress follows exponential distribution
with parameter 8 of which the probability density function (pdf) is given by

fi(x]0) = Gexp{—02},0 < < 00,0 < 0 < 0. (2.1)

When k > 2, we call it as a multiple step stress ALT model. Now, we generalize the simple
step stress TRV model (1.1) to a multiple step stress TRV model. Let

0< << <71 <00

be the k’s tampering points. Starting to the normal stress level s, at the tampering point 7,
we raise stress level to s1(> sp), and so on. According to the stress level s;, i =1,2,--- |k,
there is tampering coefficient «; which represents the effect of stress change. Let Y be the
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lifetime under multiple step stress pattern, then, the multiple step stress TRV model can be
described as follows.

X, if X <7y,
X — S (ri—Tio)

7—1
Pl i Balmene) ooy < Ralnonon,
Y = Hj:oaj j=0 Y 10y (2-2>
=2, ,k,
X — Zk (T' — T )Hifl a,_l
e Shaono)
k 1 + 71, if X > AT ’
HjZO O[; =0
where ap =1, 70 =0,0 < a; < 1,i=1,--- ,k and X is exponentially distributed random

variable with density (2.1).
If we denote Fi(y|@) as the distribution function of X, then the distribution function F'
of Y is given by

Fi(yo), y <1,
L(mi—Ticy) (y—71-1)
F = _ < =92 ...
Fylo,0) = P F JO%"” K N )
e R O
=0 %j H7 0%
where o = (ag, a1, -, ).

The probability density function f(y|f,«) of Y is given by

Oexp{—0y}, y <71,
-1 .
PR L cnimn
flo,a) = o, ¢ " s <y s l=2000k 9y
ok (rimmis) .
b= ot =]
Hk Oaje ’ Y y > Tk?
|
where 0 < <ocand 0 < a; <1,1=1,2,--- , k.

Let 0y =I(y<m), o =I(m1<y<m),l=2,---,k and dp41 = I(y > 71), where I is
indicator function. Then ZkH
given by,

fe— 0o = =T —
L(0,aly) = kewexp{ 625 2= 1 (7 ~ 7i-1) + y ljl-l ) . (2.5)
7 +1

1=1% HJ =0 % Hj:O a;

0; = 1. And the likelihood function per one observation y is

The log-likelihood function for one observation is

- . [ Zhim-ne) | o)
L0, aly) =logh— Zlogal > b 0y51—925l T o + T o | (2.6)
i=l+1 j=0%J j=0%J

Usually, one purpose of the ALT's is the information about the parameter under the normal
stress level. In our multiple step stress TRV model, 8, which is the failure rate at the normal
stress, is more important parameter than the others.
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Now, we consider the reparameterization of the original parameters to accomplish the
parameter orthogonality in the sense of Cox and Reid (1987). To do this, let w; = 6 and

w = 0/T]'Z = 1on, 1 =2,---,k+1. Then the log-likelihood function under reparameterization
is given by

k+1 k+1 -1

L(w|y) = Zél logw; — wyydy — Z o Z T — Ti—1)wi + (y — Ti—1)wi | (2.7)
=1

where w = (w1, ,wWk+1) € O, Op = {W|0 < w) <ws <ws < -+ < wWp1 < 00}

From the above reparameterized log-likelihood function (2.7), one can find the Fisher
information matrix for the w.

Let I, be the Fisher information matrix of w. Then the information matrix I, is a diagonal
matrix with elements I;,4 =1,2,--- ,k + 1. The elements are given by

1
Il =3 (1 — exp{—wlﬁ}) s
w1

-1
I = 2exp( Z Ti — Tie1) )(l—exp{ (m—m—1)wi}),l=2,3,-- ,k,

=1
k
exp( Z '—’7'21 >

i=1

and

Iy =
Wit

3. Noninformative priors

In this section, we will derive the noninformative priors in multiple step stress TRV model.
From the information matrix I, one can find Jeffrey’s prior for w as follows.

k k41 1/2
(H(l—exp{ (11— T—1 wl}> (H exp{— Z Ti — Tio1)Wi )] , (3.1)

=1

where w € ©,,. Using the identity

E4+11—1 k
ZZ(T Ti—1) Z — 14+ 1) (r — 11—1)wi,
1=2 i=1 =1

Jeffrey’s prior can be rewritten as

[T, (1 = exp{—(n = miwr )2 exp { =4 (X, (b = 1+ D(r =)o) |

]
[[= @

77 (w)
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It is well known that the prior (3.1) does not meet the nominal level coverage probability in
case of the presence of nuisance parameters. Also, the prior does not satisfy the invariance
property under transformation. To remedy these problems, we will find a reference prior
and a matching prior when w; is a parameter of interest.

We introduce the brief concept of a matching prior. For a prior 7, let 87 %(m;Y) be a
percentile of the posterior distribution of 1, that is,

P, <01 *(mY)|Y}=1—-a. (3.2)
We want to find priors which satisfy
P™{0; <07 (m;Y)|0,a} =1 —a+o(n %) (3.3)

for some u > 0, as n goes to co. Priors 7 satisfying (3.3) are called matching priors. If u = 1,
then 7 is called a first order matching prior, if u = 2, 7 is called a second order matching

prior.
Now, we want to find a matching prior when the parameter of interest is w;. Denote
w® = (wy,--- ,wis1) as a nuisance parameters. Based on the work of Tibshirani (1989),

the first order probability priors, when the parameter of interest is wy, is given by,
(@) ocwp ! (1= expf{—wimi }) ! d(w®), (34)

where d(+) is an arbitrary differentiable function in its arguments. Clearly, the Jeffrey’s prior
(3.1) is not the first order matching prior.

The class of priors given in (3.4) is large, and it may be necessary to narrow down this
class of priors. Mukerjee and Ghosh (1997) suggested the second order matching prior which
give more accurate frequentist coverage probability than first order matching prior. They
showed that a second order probability matching prior is of the form (3.4), and d(w®) must
satisfy the following differential equation,

k+1k+1
1d(W 2 )i |:(I_%>L1 1 1} + ii 0 {I_%Lll (Isu)d(W(Q))} =0 (3.5)
6 ( ) 86«)1 1 o 9 s—2 8wy 1 s ’
where X
oL
Liga=FE (;:jjy)) ] )
L [9PL(wly)
Llls - E {&uf@ws] 9

and I°¥ is the (s,v)-th element of the inverse of Fisher information matrix.
It can be easily verified that , for s =2,3,--- [k + 1,

0*L(wly)

Z==E
Ow?dws ’

and I*” =0, s # v. Hence the second term in equation (3.5) is 0.
The only way which the prior (3.4) satisfies the second order matching condition (3.5)
Z3
is that (I; *)L1 1. is a function of w® or a constant. To verify that whether the second
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order matching criterion is satisfied or not, we compute L; 1 1 in equation (3.5). From the

log-likelihood function (2.7),

OL(wly) _ 01
T{Ul = Jl 7y51 77‘1(1751).

Then,
Liaa=E (il —y) = (1= 6))’]

=B |0t =)’ - EL -6l
The second term in the above equation is

E [1—01] = 3 exp{—Tiw1 },
and the first term can be expanded as the following equation :

E [(5l(w;1 - y))?’} = w3E[8)] — E[6,Y?] - 3wy 2E[5,Y] + 3wy 'E[5,Y2).
The expectations in the above equation are calculated to be
E[6 Y] = /OT1 yws exp{—w1y}dy

= —m exp{—wiTi} + wl_l(l — exp{—wim1}),

E[51Y2]:/ y2wy exp{—wiy}dy
0

= —rexp{—wim} + 2w 3(1 — exp{—wiT1}) — 2wy ' exp{—wiT1}

and
E[5,Y?] =/ yPwy exp{—wiy}dy
0
= —Tf exp{—wiT } + 6wf3(1 —exp{—wiT1}) — 6wf27'1 exp{—w17 }

—3wf1712 exp{—w17 }.

Hence,
Lijg= 3wf27'1 exp{—wiT } — 2wf3(1 —exp{—wim1}).

So,

_3
Il 2 x L17171 = 3(4)17‘1 exp{fwlﬁ}(l — exp{fwlﬁ})*% — 2(1 — eXp{fwlTl})%.

(3.6)

The equation (3.6) is not a function of w(® or a constant. The second order matching prior

does not exist in this case.

Berger and Bernardo (1992a) developed the algorithm to find a reference prior. And Datta
and Ghosh (1995) proposed the method of developing reference priors when the orthogonality
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of the parameters is satisfied. In our case, w; is of more inferential importance than w(®,
the one at a time reference prior is given by

k1 1 1/2
o <H wi> [H(l —exp{—w;(1i — 1i—1)}) , (3.7

i=1
where w € ©,,. One can find the fact that this prior is also the first order matching prior.
4. Posterior analysis

Suppose that y1,y2,- -, yn is random sample from pdf (2.4). Then the likelihood function
of (0, ) is given by

10,0l = T ol = 0 Ty 555507
v=1

=1

n n k+1 -1 i—1 -1
xexp | =03 ofye =03 > {3 (=) [Ty + (o —m-) [T o5}
v=1 v=1 =2 i=1 j=0 j=0

where 67 = I(y, < 71), ) = I(11-1 < yo < 1), 1 =2,3,--- ,kand 6}, = I(yy > 7%).
Let m; = >_'_, 8y be the number of observations failed until 71, let m; = Y_.'_, 67 be the
number of observations failed between 7,_1 and 7, { = 2,--- |k, and let myq = Zv 10041
be the number of observations failed beyond 7. Then,

n k+1 k+1
IIDIIEDD mz—n—Zmz
v=14¢=[+1 i=l+1

Let i
v = Z(Sfyva
v=1
and, for [ =2,3,--- ,k+1,

V(l 25 v — Ti— 1

Under the reparametrization, the above hkehhood function is

k+1 k+1 1-1 k+1
L(wly) = le exp{— —w VO — Zmlz —Ti1) Zle(l)} (4.1)
=1 i=1

Combining the above likelihood (4.1) and the Jeffrey’s prior (3.1), one can obtain the joint
posterior pdf of w as follows:

k+1 k
y) (Hw{"’”) (H(l —exp{—(7 Tz—l)w})l/2>
=1

=1

k k41
—l 1
X exp {—Zwl ( VO 4+ (r—11) Z m; + * ))> - Wk+1V(k+1)} (4.2)

=141
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The propriety of the above joint posterior is proved in the next theorem.

Theorem 4.1 The joint posterior (4.2) is proper, if m; > 0,1 =1,2,--- k+ 1.
Proof:

oo
1 k+1
_ / WL (1 = e emen Bhn VD bn Sl o)
0

oo - .
X wgm—l(l _ e*b}g(Tszl))%67&)2(%(]()71)(7'27T1)+V(2)+(T277'1) Zfisl ml)
w1
> ms—1 —ws(t3—72)\ % —ws (3 (k=2) (13— 72)+V P (r3—72) T my)
X w1 —e )2e 2 i=a i
wo
X

X
8

w;nf{l_l(l _ e_wk—l(Tk—l_Tk—Z))%efwk—l((Tk—l*Tk—2)+v(k_1)+(7'k_177')6_2) Zf:]cl mi)

k—2
o0

X

N

w;nk*1<1 _ e*wk(ﬁc*‘l’kfl))%e*wk(%(Tk*Tk—1)+V(k)+(7’k*71«—1)mk+1)

k—1
o0

M1 =1 g VD
X Wet1 e Wkt dwg1dwy, - - - dwsdwadw; .

k

€

Since, for [ =1,--- ,k, (1 — e*wz(nfn_l))% <1,
oo
/ m (wly)dw < / Wi lemwr (Ghn AVt i m)
O - 0

%)
k
> / wglzfle—WQ(%(k—l)(‘l’z—Tl)+V(2)+(7'2—7'1) Zl;rgl mi)
0

o0
3 k+1
X / w;,ni*—le_%(%(7‘9—2)(7'3—72)4"/“)+(7'3—T2)Ei;; mi)
0

wzq_kl_lflefwk—l ((Tk—l —Th—2) +VET D (rp =T _2) Z?ikl mi)

(=) +VE +(re =Tk _1)mpt1)

-1 _ (k+1)
w,inffl e~ w1V dwir1dwy; - - - dwsdwadw

X
c\ﬁc\f
&
=3
i
mb—‘
|
5
o

< 00,
ifm;>0,1=1,2,--- ,k+ 1. This completes the proof. O

Using the first order matching prior given in (3.4), the joint posterior is given by
w;nl_l exp {7 Zf:l wi |:(Tl — Tl_l) Zfill-i-l my —+ V(l)} — wk+1V(k+1)}

I (1 _ e—wﬂ'l)*% ( ;fz-‘rQl wl—mz)

(4.3)
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The propriety of (4.3) can be proved similarly.

Theorem 4.2 The joint posterior (4.3) is proper, if my > 0andm; > 0,1 =2,3,--- ,k+1.
The joint posterior under reference prior (3.7) is given by

k+1
(JJIy H wml 1
k+1

Xexp{ sz[ﬁ—ﬂ 1) Z m; + VO

i=l+1

1
—wz‘Fz §)

E:r

l:l

— Wt v<k+1>} (4.4)

Theorem 4.3 The joint posterior (4.4) is proper, if m; > 0,1 =1,2,--- [k + 1.

Now, we find the marginal posterior pdf’s of the interest parameter w;, under noninfor-
mative priors.

Theorem 4.4
1. The marginal posterior of w; under Jeffrey’s prior is given by

W (1 — ey hemnbhn VO S m

J
T (wily) =
(k+1
N
oo oo oo oo k
% [ wml—l(l7e*wz(‘rl*‘n—1))%
/wl /0;2 /wk—z /ch—l l:H2 :
X e*wz(%(k*“rl)(ﬂ*Tt—l)JrV”)Hﬂ*Tl—l)Zf:lilmi)]
x [1 = IG(wi|mp i1, VEFD) dwpdwy 1 - - - dwsdws, (4.5)

where Ngkﬂ) is the normalizing constant given by

k
(k+1) / / / / wmz*l(l _e—wl(TZ—Tl—l))%
w1 W _—2 w H !

k=1 =1
% e—wz(§<k—z+1><n—n71>+v<”+(n—nfl)z;j:,;lmi)]
X [1 — IG(wk|mk+1, V(k'*'l))]dwkdwk,l s duJdel
and IG(x|y1,72) is an incomplete gamma function with parameters v; and 7s.

2. The marginal posterior of w; under matching prior is given by

" (,()1”1_1(1 _ e—wlrl)%eﬁul (VO 4 SF L my)
7 (wily) = )
N]V[
k
o0 o0 o0 o0
1 k1
X / / - / / [H wlmlefwz(v( ) p(m—Ti—1) it mL)}
wi Jwz wi—2 Jwk—1 ]_g

x [1 = IG(wk|mg4+1 + 1, V(kH))]dwkdwk_l -+ dwsdwa, (4.6)
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where N J(\IZH) is the normalizing constant given by

oo o0 o0 oo Pt
NZ(V’IC+1) - / / o / / w;m*l(l — e_wlﬁ)%e_wl(v(l)"'ﬁ ZL:2 mi)
0 w1 wr—2 Jwi—1
k

% [H wlfnlefwl(v(l)«k('rli'rl_l) Z?;rllﬁ»l mi)]
1=2
x [1 = IG(wg|mgs1 + 1, V(kﬂ))]dwkdwk,l <o dwadwy .

3. The marginal posterior of w; under reference prior is given by

winlfl(l _ e—wln)%e—wl(v(l)_i.n 21::21 m;)

R _
™ (Wl@ = N}(%kJrl)
o0 o0 o0 o0 k
w1 w2 Wr—2 YWE—1 =9
X efwl(v(l){»('rlf‘rl,l)Z?ilarl ml)}
X [1 = IG(wi|mps1, VEFN) dwpdwy—1 - - - dwsdws, (4.7

where N gﬁ_l) is the normalizing constant given by

oo oo oo oo k myp— —wi(T—171_ py

o [ [ [y

f 0 w1 wk—2 Jwk—1 |j—1 ewl(vmﬂnfnfl)Zi:rzlﬂmi)
x [1 — IG(wk|mg+1, V(kH))]dwkdwk_l - dwadwy .

5. Numerical examples

We will show some simulation results and example based on artificial data set. We will
compare the coverage probability of the priors when n is small and moderate.

Let 67(m;Y) be the posterior y-quantile of 6 given Y under the prior 7. So, (0,67 (7;Y))
is the one-sided y posterior confidence interval. Let Q,4)(7;0) be a frequentist coverage
probability of this posterior confidence interval.

Quo,a)(1:0) =P{0<0 <07 (m;Y)} = 1.

Similarly, we can define o”(7;Y) and Qg,q)(7; @) to be the posterior v quantile of o and
the corresponding frequentist coverage probability, respectively. In Table 5.1, the estimated
Q0,0)(7;0) and Qg0 (7; ) are shown, when v = 0.05(0.95). To obtain the table, we
generate 10,000 independent random samples for fixed 6, 7 and « from simple step stress ALT
model. Note that under the prior 7 and given Y, the event § < 07(;Y) is equivalent to the
event Fy(07(m;Y)|[Y) <~. So, we calculate the relative frequency of Fy(07(m;Y)|Y) <~.
Table 5.1 shows the frequentist coverage probability of w;. For sample sizes 5 to 60, the
simulation is repeated 10000 times. In this simulation, we assume that § = 2, a; = 0.5

and as = 0.5. The tampering points 71 and 75 are determined to satisfy P{Y < 7} = %,
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Table 5.1 Coverage probability for 8 in three-step model

sample size w7 M i
T T n 0.05 0.95 0.05 0.95 0.05 0.95
5 0.000  0.990 0.000 1.000 0.000 1.000
10 0.006 0.888 0.022 0.920 0.015 0.910
15 0.013  0.909 0.029 0.925 0.022 0.921
20 0.014 0.917 0.029 0.934 0.024 0.930
25 0.019 0924 0.032 0.948 0.028 0.946
30 0.021 0.920 0.034 0.943 0.031 0.941
0.2027  0.3760 35 0.024 0.929 0.037 0.939 0.034 0.938
40 0.026 0.933 0.040 0.948 0.036 0.946
45 0.026 0.928 0.037 0.944 0.036 0.943
50 0.031 0.939 0.042 0.948 0.040 0.947
55 0.033 0.936 0.044 0.950 0.041 0.950
60 0.032 0935 0.044 0946 0.042 0.945
5 0.000 0.756  0.000 0.990 0.000 0.935
10 0.001 0.862 0.017 0.929 0.012 0.916
15 0.009 0.890 0.028 0.932 0.022 0.925
20 0.016 0.901 0.035 0.936 0.030 0.931
25 0.016 0.906 0.034 0.938 0.030 0.933
30 0.022 0.919 0.038 0.944 0.035 0.941
0.3466  0.4479 35 0.020 0.920 0.037 0.944 0.034 0.941
40 0.028 0.921 0.043 0.941 0.040 0.939
45 0.025 0.917 0.040 0.941 0.037 0.939
50 0.024 0928 0.037 0.949 0.035 0.947
55 0.029 0.932 0.044 0.948 0.041 0.947
60 0.030 0.931 0.043 0.948 0.041 0.947

Table 5.2 Estimates of parameters
MLE e M Pl
0 1.182x 1072 8.010 x 10~3 8.014 x 10~3 8.013 x 103
ar 2159x1071 1917 x 1071 1454 x 10~! 1.693 x 10~!
az  5.732x1072 7921 x1072 6.793x 1072 8.877 x 1072

P{Y >} =% and P{Y <7} = 5, P{Y > 72} = 1. The points are given by 71 = 0.2027,
79 = 0.3760 and 71 = 0.3466, 70 = 0.4479, respectively.

From this simulation, we can find the fact that matching prior and reference prior achieve
the frequentist coverage probability relatively well. And the tampering point does not affect
the coverage probability.

Example. The following 15 data, given by Proschan (1963), are a part of time intervals
of successive failures of the air conditioning system in Boeing jet airplanes.

74 57 48 29 502 12 70 21 29 386 59 27 153 26 326

We apply the data to the model (2.2) with & = 2. We assume that the acceleration factors
a1 = 0.1 and ap = 0.1. And the tempering point 71 = 50 and 75 = 75. Here, we choose 7
such that 7 + (12 — Tl)afl = 300. The data are given in Table 5.3.

Using the above data, we compute the MLE and various Bayes estimates for the parame-
ters. The estimates are given in Table 5.2. The estimated values are not quite different. All
the estimates give overestimated values for 6 and oy, but as is underestimated.
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Table 5.3 Accelerated data with two tempering points

X 01 b2 03 Y
74 0 1 0 52.40
57 0 1 0 50.70
48 1 0 0 48.00
29 1 0 0 29.00
502 0 0 1 77.02
12 1 0 0 12.00
70 0 1 0 52.00
21 1 0 0 21.00
29 1 0 0 29.00
386 0 0 1 75.86
59 0 1 0 50.90
27 1 0 0 27.00
153 0 1 0 60.30
26 1 0 0 26.00
326 0 0 1 75.26

From Table 5.2, we see that Bayes estimates give better estimates than MLE. For pa-
rameter o, the Bayes estimate under 7 is the closest to 0.1 whereas for as, the Bayes
estimate under 7% is the closest to 0.1. And we can conclude that the overall performance
of the Bayes estimates are superior to MLE.

From this example, one can find the fact that three step stress ALT shorten the original
life time remarkably. This can save more money and time than two step stress ALT. But
the estimate of parameter of interest are close to the estimate based on original life time.

6. Concluding remarks

There has been done a little work for Bayesian analysis of ALTs data. Almost all the
Bayesian inferences related to ALTs data were based on the conjugate priors.

In this paper, we developed the noninformative priors such as probability matching and
reference prior for the parameter of interest in the presence of nuisance parameters. And
simulations and examples were given to verify our proposed Bayesian analysis performed
well.

Finally, we recommend the use of probability matching prior or reference prior to analyze
multiple step stress ALTs data.
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