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Robust Weighted Likelihood Estimation of
Exponential Parameters

Ejaz S. Ahmed, Andrei I. Volodin, and Abdulkadir. A. Hussein

Abstract—The problem of estimating the parameter of an ex-
ponential distribution when a proportion of the observations are
outliers is quite important to reliability applications. The method
of weighted likelihood is applied to this problem, and a robust
estimator of the exponential parameter is proposed. Interestingly,
the proposed estimator is an a-trimmed mean type estimator.
The large-sample robustness properties of the new estimator are
examined. Further, a Monte Carlo simulation study is conducted
showing that the proposed estimator is, under a wide range of
contaminated exponential models, more efficient than the usual
maximum likelihood estimator in the sense of having a smaller
risk, a measure combining bias & variability. An application of the
method to a data set on the failure times of throttles is presented.

Index Terms—Exponential distribution, maximum likelihood es-
timation, robust estimation, weighted likelihood method.

ACRONYMS!

* a.s. almost surely
*  WLE weighted likelihood estimator
e MLE maximum likelihood estimator

NOTATION

« X = (X,,...,X,) random sample size n

* @ parameter of interest

* O parametric space

o {F(z:0); § € O} a parametric family of cumulative
distribution functions

o {f(z;0); §# € O} a parametric family of probability
density functions

. b, = én(X <")) the usual maximum likelihood estimator
of parameter 6

* @7 the proposed estimator of the parameter £

¢ In(-) the natural logarithm function

o t; = t;(X™) special weights that we use for the esti-
mation method

* ¢ an obstructing parameter

o G={G(z)=(1-¢e)F(x;0)+cF(x;01),0<
the set of obstructing distributions where 6; €
0, # 6

A, ), o fixed positive constants

e <1}
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IThe singular and plural of an acronym are always spelled the same.

* X sample mean

*  Yo-trimmed sample mean

*  R(-) quadratic risk of a statistics

* Of(a), o(a) Convergence as fast as a, convergence faster
than a

1. INTRODUCTION

HE EXPONENTIAL distribution is the most commonly

used model in reliability & life-testing analysis [1], [2].
We propose a method of weighted likelihood for robust estima-
tion of the exponential distribution parameter. We establish that
the suggested weighted likelihood method provides a-trimmed
mean type estimators. Further, we investigate the robustness
properties of the weighted likelihood estimator (WLE) in com-
parison with the usual maximum likelihood estimator (MLE).
This can be viewed as an application of the classical likelihood
that was introduced by [3] as the relevance weighted likelihood
to problems of robust estimation of parameters. The weighted
likelihood method was introduced as a generalization of the
local likelihood method. For further discussion of the local like-
lihood method in the context of nonparametric regression, see
[4]-[6]. In contrast to the local likelihood, the weighted likeli-
hood method can be global, as demonstrated by one of the ap-
plications in [7] where the James-Stein estimator is found to
be a maximum weighted likelihood estimator with weights es-
timated from the data.

The theory of weighted likelihood enables a bias-precision
trade of to be made without relying on a Bayesian approach.
The latter permits the bias-variance trade of to be made in a
conceptually straightforward manner. However, the reliance on
empirical Bayes methods softens the demands for realistic prior
modeling in complex problems. The weighted likelihood theory
offers a simple alternative to the empirical Bayesian approach
for many complex problems. At the same time, it links within
a single formal framework a diverse collection of statistical do-
mains, such as weighted least squares, nonparametric regres-
sion, meta-analysis, and shrinkage estimation. The weighted
likelihood principle comes with an underlying general theory
that extends Wald’s theory for maximum likelihood estimators,
as shown in [8].

We propose applying the method of weighted likelihood to
the problem of the robust estimation of the parameter of an
exponential distribution by assigning zero weights to observa-
tions with small likelihood. Interestingly, the weighted likeli-
hood method yields a-trimmed mean type estimators of the
parameter of interest. The statistical asymptotic properties of
the WLE is developed, and a simulation study is conducted to
appraise the behavior of the proposed estimators for moderate
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sample sizes in comparison with the usual maximum likelihood
estimator.

An analogous idea appears in [9]. However, these authors
use a different type of likelihood equation in which they do not
weigh the likelihood of each observation, but rather the loga-
rithmic derivatives. Hence, the proposed estimation strategy is
a completely different approach.

II. THE PROPOSED WEIGHTED LIKELIHOOD ESTIMATOR

Letin general { F'(x;6); 6 € ©} be a parametric family of cu-
mulative distribution functions with corresponding probability
density functions f(z;6).

Estimators of ¢ obtained by maximizing the weighted log-
likelihood function

L(ﬂxw)zﬁimmﬂxﬁm
1=l

where t; depends on the sample ¢; = t;(X <")); are called
Weighted Likelihood Estimators (WLE) of 6. If all the weights
are equal to unity, then the resulting estimator is the usual
maximum likelihood estimator.

In this paper, we suggest a special choice of weights ¢;; con-
nected with the theory of robust estimation, and based on the
maximum likelihood method with rejection of spurious obser-
vations. Let 6,, = 6,,(X (™)) be the usual maximum likelihood
estimator of the parameter §. The weight ¢; that corresponds to
the observation X; is assumed to be 1, if its estimated likelihood
is suffciently large, and O elsewhere; that is

h:{1 if £(X;;0,)>C
0 elsewhere.
Consequently, we delete all improbable observations from the
sample (the choice of C' is discussed in the next paragraph). Not
surprisingly, it can be seen that in the case of a uni-modal proba-
bility density function f we reject only extreme order statistics.
However, this may not be the case for multi-modal probability
density functions.

The proposed estimator 6 of the parameter 6 is defined as
the solution of the equation

" Oln f(X;,; 0
3 ( )

=0
a0

k=1
where Xj1,...,X;,, are the remaining observations in the
sample after the rejection procedure.

In the case of the exponential distribution, these estimators
are obtained by using in the above equations the appropriate
distribution, and density functions given by, respectively

—x

F(x; 0) = 1—6XP{_7$}, f(x; 0) :H_Iexp{T}

where z > 0,6 > 0.

Regarding the issue of the choice of C', we suggest C' = a/én;
where a can be chosen as in the selection of the critical constant
in the criterion of elimination of outliers. Therefore, in the ex-
ponential case, a is chosen from the condition of a small proba-
bility of rejection of an observation assuming that the observa-
tion has come from the above exponential cumulative distribu-
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tion function F(z;6). That is, a is defined by the given small
probability « in the equation

P(max X; > —énlna> zl—HP(Xi < —6lna)

1<i<n
- = =1
=l1-(1-a)"=a.

From this equation, we obtain a = 1 — (1 — a)'/" ~ a/n. This
approximation of a is reasonable because in our calculations we
will replace O, by the limit in probability (even almost surely)
of this estimator, i.e., by §: So, we choose the value of C' as
c=—".
nb,,

Hence, we reject an observation from the sample if
X, > —XIn(CX) = Xln(n/a). The probability « is
user-dependent as in [9], and can be considered as a measure
of the level of desired robustness.

Example: Here we consider a data set from [1] (also used
by [10]) on the failure times of throttles. The data reports the
failure times of 25 units where time is measured in Kilome-
ters driven prior to failure. According to exponential model fit,
the estimated rate of failure for this data is 1/ é25 = .0002. We
added 5% contamination from a different exponential with rate
.00005. That is equivalent to augmenting the data by one ob-
servation. The estimate of @ after contamination is X ~ 7327.
At a = .05 level of robustness, the rejection criteria is X; >
50634.85. Thus, only the one extra observation will be Re-
moved, and now X = 49009.

Furthermore, to illustrate that the proposed procedure & the
a-trimmed estimators do not necessarily coincide, we notice
that a .01-trimming procedure would not reject the contaminant
observation, whereas our robust procedure with @ = 0.01 would
reject it.

In the following section, we study the robustness properties of
the 0,, & 0 by using contaminated (obstructing) distributions.

III. ROBUSTNESS OF THE PROPOSED ESTIMATOR
In general, define a set of obstructing distributions as

G={G.(v)=(1—¢e)F(x;0)+eF(z;01), 0<e <1}
ey
where F' denotes the cumulative distribution function with den-
sity function f, 61 € ©, and #; # 6: As it is commonly done
in the classical robustness studies (c.f., [11]), under the assump-
tion that the sample is taken from the distribution G, with fixed
¢ one would find the limits in probability of the estimates b, &
6 forn — 1, and compare their biases. The values of 6 for
which |6% — 6| is less than |#,, — 6|, indicate the regions in the
parameter space where the estimate 0}, is to be favored over the
estimate 6,,. Along the same lines, we shall also compare the
quadratic risks of these estimates. The quadratic risk of an es-
timator is the expected (average) squared distance between the
estimator, and the parameter being estimated. In other words,
the quadratic risk is an omnibus measure of the performance of
an estimator which takes into consideration the bias & the pre-
cision (variance) of the estimator.
Letf > 0; A > 0,and 0 < a < 1 be any positive Numbers,
and put 6; = (1 + A). Although in practice « depends on the
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sample size, n, here for the sake of brevity we assume that it is
a constant.

In the exponential distribution case, and in virtu of (1), we
assume that the sample (X7, -, X,,) is taken from the distri-
bution

G(z) = Go(z) = 1 — exp {7”3}

(e {arrm ) - {7

Under this contaminated model, note that
n
b =X=n"") X,
i=1

and by the strong law of large numbers
O — 0= E(X)=(1—e)f +e0(1+A) =0(1 +eA) as.

On the other hand, the estimate £} converges in proba-
bility (even almost surely) to some value #. which can be
calculated as the limit of the expected values truncated at the
point A = —0.In(CH.) = 6.In(n/a) of the distribution
G(r) = G(x)/G(A),0 < z < A. That is

A
.= i ot [ -}

T
X exp{ — m} dzx. (2)

Indeed, these integrals can be evaluated in closed form. How-
ever the solution is cumbersome, thus rendering the comparison
of the relative biases (6. — 0)/0 & (0. — 6)/6 = A quite dif-
ficult. In fact

—A —A —A
GA)=1—e7 —¢ (e”<1+A> - eT)
and the integral in the numerator of (2) equals
B, — (1—e)(A+0)eT — E(A +0(1+ A))e——ou‘im .

Therefore, an exact calculation of the gain in bias, and reduction
in risk of the proposed estimator as compared to the usual MLE,
may not be possible. Here we shall give only approximate anal-
ysis concerning these quantities under convenient assumptions,
such as

A
c=2
n
for some A > 0, or equivalently, e = O(1/n). This requirement
is not restrictive at all, as can be seen from the simulation re-
sults in Section I'V. In fact, in practice, € is a constant, and ne is
bounded for all reasonable sample sizes.

Recall that we reject observations satisfying X >

X In(n/a), and note that

XIn (ﬁ) ~6(1+eA)ln (E) = A, almost surely.

(87 a

The probability of rejecting an observation in the obstructed
model is asymptotically equal to

P(X;>A) =(1-¢)e 7 + e THD
1+eA liea
Cama(2) " e ()

n

n
Zg-I-O(n*ﬁ_ﬁ).
n

Hence, the asymptotic distribution of ¢, equals the distribution
of the a-trimmed sample mean

of a random sample of size n(1 — «) from the distribution con-
centrated on the interval (0, A). The probability density of this
distribution is positive only on this interval, and has the form

1 [1—¢ = € <

) = — -% e
fawit) = o [ e e }
where G, = 1 — a/n+ o(1/n).

Denote by E,(X), and Var, (X) the mathematical expecta-
tion, and variance, respectively, of a random variable X relative
to the distribution with probability density function f4(z;6).
With the preliminaries accounted for, the first result can now be
presented. .

Theorem 1: The maximum likelihood estimator 6,, under the
obstructing model has the relative bias

AA

eA = —
n

and the estimator 6, has the relative bias

EA—glnﬁ+O<€lnn> :E—Eln@“)(dn”).
n n « n

(0% n n

The above relation reveals that the relative bias of the pro-
posed estimator # in comparison with relative bias of the MLE
f,, decreases in the value by the order (a/n)In(n/a). There-
fore, it is apparent that the value of o must be chosen as a
quantity of order O(1/1Inn); otherwise the values of # will be
under-estimated (negative bias). A possibility is to choose «
from the relation AA ~ «aln(n/a), if the A & € can be ap-
propriately guessed. On the other hand, the difference between
the relative bias of 9n, and that of 6 is positive, meaning there
is always some gain in terms of bias reduction, as long as e« is
not too small compared to a In(n/a).

Next, we provide approximate expressions for the quadratic
risks of the proposed estimator.

Theorem 2: The maximum likelihood estimator én has the
quadratic risk

R 2
R(f,) = % [142eA(1+ A)] 3)

and the estimator £ has the asymptotic representation of the
quadratic risk

2 n
RO~ —w a)’

n

14+ 2eA(1+A) — L1 (4)
n

(0]
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Fig. 1. The approximate relative risk £, = R(f,,)/R(6:) as function of a.
The line through y = 1 is the benchmark.

The relative efficiency of the estimator 6, in comparison with
maximum likelihood estimator #,, has the asymptotic represen-
tation

R(0n)

En = 5~

RO N(l—a)(l—l—ganﬁ).

n «

In passing, we note that more precise results can be obtained
based on the joint distribution of the extreme terms of the
sample, and the sample mean.

By examining the formula for &, , one notes that most of the
risk reduction will be achieved for small samples, and for small
« as compared to the size of the sample. The following Fig. 1
shows such a pathology for n = 30, 60, and for small « values.
From the graph, apparently, the gain in risk will decrease as « in-
creases, or as n increases, for fixed a. However, the simulations
reported in the next section show a richer set of the parameters

A, €, a over which the proposed estimator has lesser risk than
the MLE.

IV. MONTE-CARLO SIMULATIONS

For the purposes of simulation, we fix § > 0,0 < ¢ < 1,
and A > 0. Recall that, if a random variable U has the uniform
distribution on the interval [0, 1], then X = —6 In(U) will have
the exponential distribution with parameter 6. We need this re-
sult for generating random numbers from the exponential distri-
bution.

We generate random numbers from the obstructed distribu-
tion

Glz)=G.(z)=1—eT —¢ <em —exp{%}) .

This procedure is organized in the following way. The main idea
is that, with probability 1 — ¢, we need to generate a random
number from the exponential distribution with parameter 6, =
#; and with probability e, generate a random number from the
exponential distribution with parameter §; = 6(1 + A).
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TABLE 1 N
SIMULATED & ASYMPTOTIC BIAS FOR ESTIMATORS 6 & 6*, FOR
n=200&A =1.0

e =.01 e =.03 € =.05 e =.07 e =.09

Sim | Asy | Sim [ Asy | Sim | Asy | Sim | Asy | Sim | Asy

0 .0194 | .0100 | .0282 | .0300 | .0422 | .0500 | .0670 | .0700 | .0821 | .0900

a =.011.0188 | .0095 | .0266 | .0295 | .0391 | .0495 | .0656 | .0695 | .0795 | .0895
a =.03|.0076 | .0087 | .0183 | .0287 | .0507 | .0487 | .0609 | .0687 | .0839 | .0887
a =.05].0059 | .0079 | .0289 | .0279 | .0479 | .0409 | .0567 | .0679 | .0774 | .0879
o =.07].0128 | .0072 | .0256 | .0272 | .0445 | .0472 | .0667 | .0672 | .0825 | .0872
a=.09|.0054 | .0065 | .0341 | .0265 | .0442 | .0465 | .0630 | .0665 | .0809 | .0865

TABLE 1I )
SIMULATED & ASYMPTOTIC RISK FOR ESTIMATORS 6 & 6*, FOR
n=200&A =10
e =.01 € =.03 € =.05 e =.07 e =.09

Sim | Asy | Sim | Asy | Sim | Asy | Sim | Asy | Sim | Asy

(4 .0057 | .0052 | .0060 | .0056 | .0077 | .0060 | .0114 | .0064 | .0129 | .0068

a =.01|.0057 | .0052 | .0058 | .0056 | .0072 | .0060 | .0113 | .0064 | .0125 | .0068
a =.03 | .0062 | .0053 | .0054 | .0057 | .0083 | .0061 | .0160 | .0070 | .0056 | .0058
a =.05 | .0056 | .0054 | .0078 | .0058 | .0074 | .0062 | .0106 | .0066 | .0135 | .0071
a =.07 | .0057 | .0055 | .0059 | .0059 | .0078 | .0063 | .0113 | .0068 | .0135 | .0072
a =.09 | .0052 | .0056 | .0066 | .0060 | .0067 | .0064 | ..0117 | .0069 | .0138 | .0073

TABLE III

DIFFERENCES BETWEEN BIASES Bias(8) — Bias(6*) & Risks R(6) — R(6*)
FORn =30& A =1.0

g =.01 e=.03 e =.05 e =.07 e =.09
Bias | Risk | Bias | Risk | Bias | Risk | Bias | Risk | Bias | Risk
a =.01].0000 | .0000 | .0034 | -.0008 | .0000 | .0000 | .0060 | -.0001 | .0000 | .0000
« =.03 | .0000 | .0000 | .0035 | .0001 |.0023 | -.0014 | .0051 | .0051 | .0249 | .0035
a=.05|.0076 | .0040 | .0022 | -.0009 | .0109 | .0016 | .0084 | .0002 | .0208 | .0006
a=.07 | .0059 | -.0006 | .0089 | .0018 | .0301 | .0022 | .0126 | .0005 | .0184 | .0095
o =.09 | .0037 | .0008 | .0034 | .0008 | .0079 | .0009 | .0387 | .0007 | .0124 | -.0003
TABLE 1V

DIFFERENCES BETWEEN BIASES Bias(§) — Bias(6*) & Risks R(6) — R(6*)
FORn = 30 & A = 3.0

e=.01 e=.03 e=.05 e =.07 e=.09
Bias | Risk | Bias | Risk | Bias | Risk | Bias | Risk | Bias | Risk
a=.01|.0007 | -.003 |.0282 | .0240 | .0601 | .0213 | .0588 | .0319 | .0598 | .0458
a=.03 | .0084 | .0108 | .0572 | .0191 | .0870 | .0413 | .0391 | .0208 | .0822 | .0490
a=.05|.0321 | .0084 | .0134 [ -.0002 | .0516 | .0167 | .0729 | .0381 | .0984 | .0719
a=.07|.0217 | .0049 | .0589 | .0248 | .0940 | .0560 | .0991 | .0364 | .1176 | .0760
a=.09 |.0279 | -.0021 | .0709 | .0219 | .0731 | .0364 | .0802 | .0480 | .1136 | .0653

To achieve this, we generate a random number u from the uni-
form distribution on the interval [0, 1], and compare u with €.
If u > ¢, then take #; = 6. Otherwise §; = 6(1 + A). Next,
generate a random number x from the exponential distribution
with the parameter ;. The random number z has the cumulative
distribution function G(z). All the following simulation results
are based on 5000 replicates.

Tables I and II show for n = 200 the extent to which the
simulated & the asymptotic biases, and risks of the proposed
estimator & the MLE agree. The asymptotic biases & risks are
calculated using the relations in Theorems 1 & 2. Note that the
risk of the estimator 6 does not depend on «. From the tables,
we see that the asymptotic results are accurate to the second
decimal digit except for small o & € in the case of bias, and for
large a & ¢ in the case of risk.

To examine the performance of the proposed estimator in
terms of bias & risk, we reported in Tables III-XI the differ-

ences between the biases Bias(f) — Bias(#*), and the risks

R(6) — R(6*) of the two estimators for different values of 1, A,
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TABLE V R
DIFFERENCES BETWEEN BIASES Bias(6) — Bias(8*) & Risks R(6) — R(6*)
FORn = 30 & A = 5.0

393

TABLE X R
DIFFERENCES BETWEEN BIASES Bias(6) — Bias(9*) & Risks R(6) — R(8*)
FOR n = 200 & A = 3.0

e =.01 e =.03 e =.05 e =.07 e =.09 e =.01 e =.03 e =.05 e =.07 e =.09
Bias | Risk | Bias | Risk | Bias | Risk | Bias | Risk | Bias | Risk Bias | Risk | Bias | Risk | Bias | Risk | Bias | Risk | Bias | Risk
a =.01].0215 | .0087 | .0477 | .0231 | .0838 | .0396 | .1496 | .1344 | .1770 | .1197 o« =.01 | .0113 | .0014 | .0249 | .0048 | .0438 | .0137 | .0481 | .0204 | .0617 | .0315
a=.03].0334 | .0161 | .0966 | .0641 | .1717 | .1334 | .2675 | .3158 | .1661 | .1403  «a =.03 | .0107 | .0010 | .0351 | .0069 | .0419 | .0119 | .0641 | .0235 | .0692 | .0369
a =.05 | .0258 | .0089 | .0898 | .0432 | .1254 | .0718 | .1686 | .1293 | .2009 | .1569 a=.05].0117 | .0012 | .0462 | .0094 | .0510 | .0144 | .0664 | .0238 | .0785 | .0387
a=.071.0272 | .0042 | 01369 | .0899 | .1719 | .1257 | .1913 | .1679 | .2497 | .2106  « =.07 | .0162 | .0018 | .0412 | .0092 | .0575 | .0185 | .0738 | .0265 | .0852 | .0474
a =.09 | .0292 | .0083 | .0963 | .0745 | .1768 | .0832 | .2070 | .1603 | .2761 | .2070 a=.09|.0166 | .0018 | .0378 | .0067 | .0540 | .0129 | .0852 | .0340 | .0885 | .0421
TABLE VI TABLE XI

DIFFERENCES BETWEEN BIASES Bias(6) — Bias(6*) & Risks R(6) — R(6)
FORn = 100 & A = 1.0

DIFFERENCES BETWEEN BIASES Bias(8) — Bias(6*) & Risks R(6) — R(6*)
FORN = 200 & A = 5.0

e =.01 €=.03 € =.05 € =.07 £ =.09 e =.01 €=.03 € =.05 e =.07 €=.09
Bias | Risk | Bias | Risk | Bias | Risk | Bias | Risk | Bias | Risk Bias | Risk | Bias | Risk | Bias | Risk | Bias | Risk | Bias | Risk

a =.01|.0024 | .0000 | .0047 | .0003 | .0013 | .0003 | .0039 | .0010 | .0033 [ 0001  a=.01.0233 | .0028 | .0696 | .0212 | .1014 | .0498 | .1255 | .0787 | .1535 | .1299

a =.03{.0025 | .0001 | .0083 | -.0001 | .0032 | .0001 | .0083 | .0007 [ .0049 | .0001 «=.03].0304 | .0038 | .0743 | .0218 | .1200 | .0564 | .1536 | .0927 | .1765 | .1637

a =.05 | .0049 | .0002 | .0056 | -.0001 | .0098 [ .0000 | .0143 .0020 | .0174 | .0024 « =.05.0358 | .0058 | .0903 | .0218 | .1363 | .0641 | .1677 | .1017 | .2034 | .1596

a =.07 | .0085 | .0003 | .0065 | .0001 |.0134 [.0024 [.0165 |[.0026 | .0187 | .0035  a =.07 | .0420 | .0058 | .0931 | .0257 | .1376 | .0617 | .1912 | .1017 | .2045 | .1584

a =.09].0068 | .0000 | .0065 | .0005 | .0110 [.0009 | .0130 | .0018 | .0129 [.0022 a =.09 | .0326 | .0042 | .0871 | .0216 | .1465 | .0588 | .1684 | .0916 | .2159 | .1677

TABLE VII V. CONCLUSION

DIFFERENCES BETWEEN BIASES Bias(8) — Bias(6*) & Risks R(6) — R(6*)
FOR n = 100 & A = 3.0

e =.01 £ =.03 € =.05 e =.07 € =.09
Bias | Risk | Bias | Risk | Bias | Risk | Bias | Risk | Bias | Risk
a =.01].0148 | .0033 | .0341 | .0094 | .0521 | .0190 | .0722 | .0348 | .0551 | .0308
a =.03].0272 | .0032 | .0419 | .0112 | .0593 | .0196 | .0693 | .0327 | .0764 | .0468
a =.05 | .0177 | .0014 | .0560 | .0064 | .0592 | .0230 | .0654 | .0307 | .0930 | .0505
o =.07 | .0122 | .0000 | .0560 | .0131 | .0592 | .0231 | .0654 | .0326 | .0930 | .0503
a=.09 | .0117 [ -.0004 | .0475 | .0111 | .0664 | .0190 | .0817 | .0324 | .1043 | .0483
TABLE VIII

DIFFERENCES BETWEEN BIASES Bias(f) — Bias(6*) & Risks R(#) — R(6*)
FOR n = 100 & A = 5.0

e =.01 e =.03 e =.0b e =.07 e =.09
Bias | Risk | Bias | Risk | Bias | Risk | Bias | Risk | Bias | Risk
a =.011].0229 | .0028 | .0880 | .0373 | .0865 | .0404 | .1565 | .1089 | .1337 | .1153
a =.03 | .0237 | .0056 | .0939 | .0374 | .1559 | .1105 | .1646 | .1193 | .2179 | .1929
a =.051.0404 | .0065 | .1052 | .0405 | .1584 | .0796 | .1760 | .1146 | .2240 | .1928
a=.07{.0291 | .0078 | .0888 | .0297 | .1503 | .0752 | .1786 | .1074 | .2354 | .2013
a=.09 | .0391 | .0033 | .1085 | .0379 | .1388 | .0572 | .1999 | .1267 | .2285 | .1808
TABLE IX

DIFFERENCES BETWEEN BIASES Bias(§) — Bias(6*) & Risks R(6) — R(6*)
FOR n = 200 & A = 1.0

e=.01 e =.03 e =.05 e =.07 € =.09
Bias | Risk | Bias | Risk | Bias | Risk | Bias | Risk | Bias | Risk
a=.01 | .0000 | .0000 | .0013 | .0000 | .0031 | .0004 | .0012 | .0001 | .0033 | .0004
a=.03 | .0016 | .0000 | .0048 | .0003 | .0048 | .0011 | .0075 | .0015 | .0070 | .0009
a=.05|.0015 | .0001 | .0041 | .0002 | .0105 | .0018 | .0081 | .0012 | .0100 | .0020
a =.07 | .0030 | -.0002 | .0065 | .0003 | .0076 | .0005 | .0139 | .0016 | .0151 | .0027
a =.09 | .0031 | -.0001 | .0082 | .0005 | .0111 | .0002 | .0112 | .0011 | .0123 | .0018

e, and «. These tables show the advantage of the estimator 6*
in the majority of the cases considered. The pathology pointed
out in the previous section is clearly seen in these tables. For
instance, the gain in terms of risk reduction in favor of 4 de-
creases as « gets larger while fixing all the remaining param-
eters. Similar behavior can be observed for increasing n while
keeping all other parameters fixed. Also, as intuitively expected,
the gain in terms of bias & risk in favor of the proposed esti-
mator increases as the parameter of the contaminating observa-
tions gets farther away from that of the main stream observations
(i.e., as A becomes larger).

The estimation of the parameter of an exponential distribution
under contamination (i.e., in the presence of outliers) is quite rel-
evant to reliability, and various robust estimation strategies have
been suggested in the recent past. However, there is no one best
estimation strategy for all situations. In this paper we suggested
a robust weighted likelihood estimator (WLE) for this problem.
We examined the risk (a measure combining bias & variability)
of the estimator as compared to the usual maximum likelihood
estimator (MLE), and illustrated through approximate formulae
& simulations that WLE performs better than the MLE under
various contamination scenario.

The methodology of the paper, and the estimator proposed,
can be extended to the case of censored reliability data. Suppose
that the observed data is subject to independent Type I right-cen-
soring. Therefore the observed data comes in the form of pairs
(X;,6:), where X; = min(T;, C;), T; is the failure time, C;
is the censoring time, and §; = 1 if X; = T; or zero other-
wise. Here, the MLE of @ is 0,,. = nX/d, where d = > 6
X = >-; Xi/n are, respectively, the number of failed items,
and average of the observed times.

Defining C' = a/ éiic , and following the arguments in Sec-
tion II, the criteria for rejection of extreme observations would
be X; > Bpcln(e/n). Although the proof may be more in-
volving, it is very plausible that the optimality & robustness
properties noticed for the estimator of this paper will also be
true for its counterpart for the censored failure data. Other types
of censoring can be handled in a similar way.

A further interesting generalization of the suggested method-
ology can be made to the case of the two-parameter Weibull
distribution. See [2] for detailed treatment of the Weibull distri-
bution & related issues. The criteria for a Weibull (3, §) would
be to reject any observation such that logz(®=Y — (z/6)° >
(1/C)3 /6. One may expand this expression, and isolate x or
neglect either the term log z(*~") or (z/3)® depending on the
values of 6 — 1, and then proceed as in the paper to obtain
the robustness level, and finally replace § & [ by their MLE.
The robust estimators so obtained should then be compared to
other estimators of the Weibull parameters such as moment,
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least squares, probability weighted moment, and maximum like-
lihood estimators (see for example [12]-[14]. Models that are
modifications of the Weibull distribution, and their censored
versions, are also fertile areas to which the methods of the paper
can be extended [15]-[17].

APPENDIX A
PROOF OF THEOREM 1

For the asymptotic bias of the estimator 6§}, we have

1+£A—(1—6)<%+1)exp{—§}

A A
—e(14A) <m+1> exp{ - m}

~ |14 eA - (1—a)n<(1+5A)1n— )

1+A) 14+eA n
_5(1+A)(n> <1+A1na+1>

EO: ~E,Y

" Ga

with the remainder term O(n~(2+2)/(1+2) I )
The MLE 6,, has mathematical expectation §(1+cA), and the
weighted likelihood estimator 4 has mathematical expectation

Hence, the gain in bias has the order («/n) ln(n/«).

E&;:9<1+5A——1n—+0<

APPENDIX B
PROOF OF THEOREM 2

The proof is based on the following two elementary integrals

1
/:ce”da: = e <f - —2> +c
a a
2
2 2
/x2e‘“”dx =™ <x_ — —Z + —3> +c.
a a a

We mainly use the case a = —1.
The quadratic risk of 8, is

and

S
E(Xl - 9(1+5A))2 + (0 — 901 +5A))2

n

2
= 9— (Var<£> + 52A2> .
n 0
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Direct computations show that the second moment of the nor-
malized random variable X /6 with distribution G equals 2(1 +
eA(2 + A)). Hence

Var (%) =1+2A(1+A) —2A%

Finally,

R(6,) = an—z [1+2eA(1+ A))

which proves (3).

We have
[ e 2
R ~Ea | ooy ,;1 (Y = 6)
— ' e+ (-0
n(l — «)
where

u:EaY:0(1+sA—%lng).

Further, Var, (Y) = Eq(Y?) — u?, so

1

~ o= [Ea(YQ) - MZ} +(n—6)%

With some algebra, one can show that

Eo(Y?) = 2—2{2(1 FeA2+ A))}

«

62 [
/a:z (I1—¢)e "+ ° e T | dg
 Ga (1+A4)
A
0
NHZ[ (1+eA2+A)) - 2?2 22 1n”}
n (0% (6]

with a remainder term of the order O(n~(3+2)/(1+2) 1n? ),

Hence we have established that

2
R(%) ~ —0 [1+ 2eA(1+ A) — = In? f}
n

n(l — a) a

which completes the proof of (4).
The asymptotic relative efficiency of the estimator 6, to the
estimator 6,, is

R(b.)

R(67,)
1+2eA(1+ A
~(1-a) .
I1+2eA(1+A)—-SIn" 2

~(1 - a) [1+2€A(1—|—A)] )
]

~(1_a)<1+91n2ﬁ).
n «

ARE, =

X [1 —2eA(1+A)+
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