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Abstract

If posterior means are used to estimate nonlinear functionals of an ensemble of parameters, biased estimates
of those functionals typically result. Posterior means are optimal under sum-of-squared-error loss (SSEL);
introducing weighting and at the same time discarding SSEL optimality may lead to better estimates of these
functionals. Constraining the 2rst two sample moments (weighted and unweighted) of the estimates is an
attractive approach that is explored in this paper.
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1. Introduction

Bayesian techniques can be used to estimate, simultaneously, multiple parameters in a decision
problem. This is accomplished by determining a loss function and choosing the ensemble of parameter
estimators that minimizes the posterior expected loss. Henceforth, we assume that there are a 2nite
number of parameters in the ensemble. One way of determining a loss function is to specify an
individual loss function for each parameter and then sum these individual loss functions. In this
case, the optimal ensemble of estimators is obtained by estimating each parameter to be the value
that minimizes the posterior expected loss with respect to the individual loss function corresponding
to that parameter. For example, if squared error loss is used for each of the univariate loss functions,
then the resulting loss function is called sum-of-squared-error loss (SSEL), and the optimal ensemble
of estimators consists of the posterior means for the individual parameters.
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However, if interest lies in properties of the ensemble of estimators, as opposed to the individual
parameter estimators, posterior means can lead to highly biased estimators. (In this article, references
to unbiasedness should be understood in a Bayesian sense, with an estimator being unbiased for
a parameter if the expectation of that estimator is equal to the expectation of the corresponding
parameter.) For example, Louis (1984) showed that in a speci2c case with both data and prior
distributions normal, the sample variance of the ensemble of posterior means is less than the posterior
expected sample variance. Upon taking expectations on both sides of this inequality, we 2nd that the
sample variance of the ensemble of posterior means is negatively biased for the sample variance of
the ensemble of parameters. Since the posterior means lead to a biased estimator of the variance of
the ensemble of parameters, it is not surprising that posterior means are also biased for tasks such
as estimating extreme values, determining the number of parameter values exceeding a given cut-oG
value, or estimating the histogram of parameter values.
Louis (1984) suggested that problems with using posterior means might be dealt with by con-

structing a constrained Bayes estimator, in which the sample mean and the sample variance of the
ensemble of estimators are constrained to equal the posterior expected sample mean and the posterior
expected sample variance of the ensemble of parameters, respectively. For the speci2c case of normal
data model and prior model of independent and identically distributed normals, he found the optimal
estimator that minimizes posterior expected SSEL subject to the sample-mean and sample-variance
constraints (hereafter called the Louis constraints). Cressie (1989) extended Louis’ results to the case
where parameters are weighted in both the loss function and the constraints. Ghosh (1992) general-
ized the work of Louis by 2nding, for an arbitrary collection of posterior distributions, the estimator
that minimizes posterior expected SSEL among estimators that meet the Louis constraints. We show
in this paper that if we use a weighted loss function and weighted versions of the Louis constraints,
then there is an optimal estimator analogous to the Ghosh estimator that minimizes posterior expected
weighted SSEL (WSEL) among all estimators meeting the weighted Louis constraints.
There can be drawbacks to insisting upon SSEL (and WSEL) optimality. In particular, Ghosh’s

estimator (and our weighted generalization) may not lie in the parameter space, and the histogram
of the ensemble of estimators may be a highly biased estimator of the true histogram. However,
we show that for certain problems, we are able to write down in compact form an entire collection
of estimators, each of which meets the Louis (weighted Louis) constraints. We then demonstrate
that by sacri2cing a certain degree of SSEL (WSEL) optimality, we can produce an estimator that
meets the Louis (weighted Louis) constraints, almost always lies in the parameter space, and whose
histogram is more accurate than that of the Ghosh (weighted Ghosh) estimator.
A natural area of application for these methods is disease mapping. Suppose that we have k

regions labeled with the indices 1; 2; : : : ; k, and suppose that the population-at-risk sizes and observed
disease counts are n1; : : : ; nk and x1; : : : ; xk , respectively. Christiansen and Morris (1997) propose a
hierarchical model for disease counts in which, at the highest level, the {xi} have conditionally
independent Poisson distributions,

xi | �i ∼ Poisson(ni�i); i = 1; : : : ; k;

where {�i; i = 1; : : : ; k} are the underlying true disease rates. The {�i}, in turn, have gamma
distributions,

�i | (�i; 	) ∼ gamma(	; �i=	); i = 1; : : : ; k;
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where {�i; i=1; : : : ; k} are region-speci2c prior means determined by loglinear regression on a set of
covariates, and 	 is a prior scaling parameter that must be determined. The mean and variance for �i
are thus �i and �2i =	, respectively, and the squared coe?cient of variation for �i is 1=	, independent
of i. In the simulations given in Section 4 of this paper, we also use a Poisson–gamma framework,
but we choose a model similar to one used by Manton et al. (1989). One important feature of our
model is that the variance of the gamma distribution above is inversely proportional to ni; i=1; : : : ; k.
The remainder of the paper is organized as follows. In Section 2, we present a weighted gen-

eralization of the Louis–Ghosh approach to constrained estimation, and we introduce an estimator
that sacri2ces WSEL-optimality for superior performance in estimating histograms. In Section 3, we
describe our model for disease mapping. In Section 4, we use this model to carry out simulations,
through which we compare the performance of the Ghosh estimator, the weighted Ghosh estimator,
and the adjusted Bayes constrained (ABC) estimator we propose in Section 2. Section 5 contains
conclusions.

2. Weighted constrained Bayes estimation

Let �1; : : : ; �k be the parameters about which we wish to make inference based on data x, where
we assume that the distribution [x | �1; : : : ; �k] is known. We also assume that the vector (�1; : : : ; �k)
has a known prior distribution. Let n1; : : : ; nk be weights assigned to the parameters �1; : : : ; �k , and let
M�=
∑

i ni�i=
∑

i ni be the weighted average of the {�i}. Given data x, let e1(x); : : : ; ek(x) denote the
posterior means E[�1 | x]; : : : ; E[�k | x], and let Me(x) denote the weighted average

∑
i niei(x)=

∑
j nj

of the posterior means. Finally, de2ne the WSEL function of estimates {ti} and true values {�i} as∑
i ni(�i − ti)2.

2.1. Weighted Ghosh estimator

Given a collection {ti} of estimators for the parameters {�i}, we may de2ne the weighted sample
variance to be

∑
i ni(ti − Mt)2=

∑
i ni, where Mt is the weighted average of the {ti}. We can then

generalize a calculation of Ghosh (1992) to obtain the following result.

Theorem 1. The weighted sample variance,
∑

i ni(ei− Me(x))2=
∑

i ni, of the posterior means {ei(x)}
is less than or equal to the posterior expected weighted sample variance, E[

∑
i ni(�i− M�)2 | x]=∑i ni,

with equality holding if and only if all the di;erences {�i − �j; i �= j} have degenerate posterior
distributions.

Proof. We have that

E

[∑
i

ni(�i − M�)2 | x
]
=E


∑

i

ni

(
�i −

∑
j nj�j∑
j nj

)2∣∣∣∣∣∣ x



=
∑
i

niE[�2i | x]−
∑

i

∑
j ni njE[�i�j | x]∑

j nj
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=
∑
i

ni(var(�i | x) + E[�i | x]2)

−
∑

i

∑
j ninj cov(�i; �j | x) +

(∑
i niE[�i | x]

)2∑
j nj

=
∑
i

ni var(�i | x)−
∑

i

∑
j ninj cov(�i; �j | x)∑

j nj

+
∑
i

niE[�i | x]2 −
∑
i

ni

(∑
i niE[�i | x]∑

j nj

)2

=
∑
i

(
ni var(�i | x)− ni∑

j nj

∑
j

nj cov(�i; �j | x)
)

+
∑
i

ni(ei(x)− Me(x))2

=
1∑
j nj

∑
i

∑
j

ninj(var(�i | x)− cov(�i; �j | x))

+
∑
i

ni(ei(x)− Me(x))2

=
1∑
j nj

∑
i

∑
j¿i

ninj var(�i − �j | x) +
∑
i

ni(ei(x)− Me(x))2

≡H1(x) + H2(x): (1)

It is clear that H1(x)¿ 0, with H1(x) = 0 if and only if all the diGerences {�i − �j; i �= j}
have degenerate posterior distributions. Dividing through by

∑
i ni completes the proof of the

theorem, and it is clear that when all of the weights {ni} are equal, this result reduces to that of
Ghosh (1992).

We show below how to obtain in analytic form the estimator that minimizes posterior
expected WSEL among estimators satisfying weighted versions of the Louis constraints; see also
Stern and Cressie (1999).

Theorem 2. Let H1(x) and H2(x) be as de<ned in (1), and set

a(x) =
[
1 +

H1(x)
H2(x)

]1=2
:

Then the parameter estimators

tGi (x) = aei(x) + (1− a) Me(x); i = 1; : : : ; k
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minimize the posterior expected WSEL,

E

[∑
i

ni(�i − ti)2 | x
]
;

over all estimators {t1(x); : : : ; tk(x)} that satisfy the (weighted Louis) constraints,

E

[∑
i

ni�i | x
]
=
∑
i

niti(x) (2)

and

E

[∑
i

ni(�i − M�)2 | x
]
=
∑
i

ni(ti(x)− Mt(x))2; (3)

where M� and Mt(x) are the appropriate weighted averages.

Proof. Straightforward calculations show that

E

[∑
i

ni(�i − ti)2 | x
]
=E

[∑
i

ni(�i − ei(x) + ei(x)− ti)2 | x
]

=E

[∑
i

ni(�i − ei(x))2 | x
]
+ E

[∑
i

ni(ti − ei(x))2 | x
]

+2E

[∑
i

ni(�i − ei(x))(ei(x)− ti) | x
]
:

The 2rst term does not depend on {ti}, and the third term is 0, since E[�i | x]=ei(x). Thus, it su?ces
to minimize

∑
i ni(ti − ei(x))2 with respect to {ti}, subject to constraints (2) and (3). Now,∑

i

ni(ti − ei(x))2 =
∑
i

ni(ti − Me(x) + Me(x)− ei(x))2

=
∑
i

ni(ti − Me(x))2 +
∑
i

ni( Me(x)− ei(x))2

−2
∑
i

ni(ti − Me(x))(ei(x)− Me(x)):

But this expression is just(∑
i

ni

)
[var(Z1) + var(Z2)− 2 cov(Z1; Z2)];

where Z1 and Z2 are discrete random variables with joint distribution given by

Pr(Z1 = ti; Z2 = ej(x)) =



0; i �= j;
ni=
∑
l

nl; i = j:
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The term var(Z1) is 2xed by (3), and the term var(Z2) does not depend on {ti}. Thus, the entire
expression is minimized precisely when corr(Z1; Z2) = 1, or in other words when ti = aei(x) + b, for
some constants a and b. In this case, the weighted averages Mt and Me(x) satisfy Mt=a Me(x)+b, meaning
that b= Mt − a Me(x) = (1− a) Me, since Mt = Me(x) by (2). Then, since ti = aei(x) + (1− a) Me(x),∑

i

ni(ti − Mt)2 =
∑
i

ni(a(ei(x)− Me(x)))2

= a2
∑
i

ni(ei(x)− Me(x))2 = E

[∑
i

ni(�i − M�)2 | x
]
;

where the last equality follows from (3). Thus,

a=

(
E
[∑

i ni(�i − M�)2 | x]∑
i ni(ei(x)− Me(x))2

)1=2
=
(
H1(x) + H2(x)

H2(x)

)1=2

=
(
1 +

H1(x)
H2(x)

)1=2
:

This completes the proof of the theorem, and it is clear that when all of the weights {ni} are equal,
this result reduces to that of Ghosh (1992).

Some less-desirable features of the Ghosh estimator are evident from the formula for {tGi (x)} in
Theorem 2, if one notes that each estimate in the ensemble is obtained from the associated posterior
mean by pushing it farther away from the overall mean Me by a factor of a¿ 1. Thus, if the parameter
to be estimated is a probability and posterior means are near 0 or 1, it can happen that the Ghosh
estimates are negative or bigger than unity. Although the Ghosh estimates are unbiased on average,
because E[MtG(x)] = E[ M�], they are individually biased as we show below.
Suppose that the prior mean for �i is Pi; i = 1; : : : ; k, and let MP =

∑
i niPi=

∑
i ni be the weighted

average of the prior means. Suppose further that the number k of parameters is large and no weight
dominates; then, to 2rst order, the covariances between a, ei(x), and Me(x) are negligible. Then we
have that

E[tGi (x)] =E[aei(x) + (1− a) Me(x)]
≈E[a]E[ei(x)] + (1− E[a])E[ Me(x)]
=E[a]Pi + (1− E[a]) MP = Pi + (1− E[a])( MP − Pi):

Whenever E[a]¿ 1 asymptotically, the expected value of tGi (x) will be smaller than Pi if Pi ¡ MP
and larger than Pi if Pi ¡ MP. To see that E[a]¿ 1 can indeed happen asymptotically, suppose that
ni = 1 for each i, that �1; : : : ; �k are iid N(0; 1), and that Xi | �i ∼ N(�i; 1) independently for each i.
Then �i | xi ∼ N(xi=2; 1=2) independently for each i. Hence var(�i−�j | x)=1 for each i �= j, meaning
that H1(x) = (1=k)

∑
i

∑
j¿i 1 = (k − 1)=2, while H2(x) =

∑
i

(
1
2 xi − 1

2 Mx
)2 ∼ 1

2 �
2(k − 1). Then the

ratio H1(x)=H2(x) → 1 in probability, meaning that a→ √
2 in probability.
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2.2. Adjusted Bayes constrained (ABC) estimator

In what follows, we look for an alternative to the constrained WSEL-optimal estimates. One
situation where results seem to be promising is that of posterior linearity, in which the posterior
mean is a convex combination of the prior mean and an unbiased estimate based entirely on the
data. Suppose that there exists a constant W ∈ (0; 1) such that for i = 1; : : : ; k, each posterior mean,
ei(x) = E[�i | x], can be expressed as a convex combination, ei(x) =WMi(x) + (1−W )Pi, where Pi
is the prior mean for �i and Mi(x) is an unbiased estimate of �i that is a function only of the data
x. Then it is possible to write down an entire collection of estimates that meet the weighted Louis
constraints (2) and (3).
De2ne ti(x) = Me(x) + �(Mi(x) − MM (x)) + �(Pi − MP) for real constants � and �. Then the mean

constraint (2) is immediately met by {ti(x)}, and the variance constraint (3) will be met as long as∑
i ni(ti(x)− Mt(x))2 = H1(x) + H2(x): But∑

i

ni(ti(x)− Mt(x))2 =
∑
i

ni(�(Mi(x)− MM (x)) + �(Pi − MP))2

= �2
∑
i

ni(Mi(x)− MM (x))2 + 2��
∑
i

ni(Mi(x)− MM (x))(Pi − MP)

+�2
∑
i

ni(Pi − MP)2

≡ �2SMM + 2��SMP + �2SPP:

Since both SMM and SPP are positive, except in degenerate cases, the set of ordered pairs (�; �) that
lead to ensembles satisfying the variance constraint (3) constitutes an ellipse in (�; �)-space.
One pair of particular interest is the pair (�; �) for which � + � = 1, which leads to a convex

combination of departures of {Mi(x)} and {Pi} about Me(x). That is,

t∗i (x) = Me(x) + �(Mi(x)− MM (x)) + (1− �)(Pi − MP); i = 1; : : : ; k: (4)

In order to meet constraint (3), we need

�2SMM + 2�(1− �)SMP + (1− �)2SPP = H1(x) + H2(x):

Upon solving for � and taking the larger solution, the value

�=
−2SMP + 2SPP +

√
4(SMP − SPP)2 − 4(SMM − 2SMP + SPP)(SPP − H1(x)− H2(x))

2(SMM − 2SMP + SPP)
(5)

ensures that (4) satis2es the Louis constraint (3).
We call the estimator {t∗i (x); i = 1; : : : ; k} given by (4) and (5) the adjusted Bayes constrained

(ABC) estimator, where the motivation for this name can be seen from the expression,

t∗i (x) = ei(x) + (�−W )(Mi(x)− MM (x)) + (W − �)(Pi − MP)

with � given by (5). The ABC estimator is in general not optimal with respect to the loss function
WSEL. However, our simulations in Section 4 suggest that the ABC estimators are superior in
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histogram estimation, and the ABC estimator is approximately unbiased for individual �is, in contrast
to the weighted Ghosh estimator. To see this, suppose that the number k of parameters is large
and that no weight dominates; then, to 2rst order, the covariances between �, ei(x), and Me(x) are
negligible. Hence we have that

E[t∗i (x)] ≈ Pi + E[�−W ]E[Mi(x)− MM (x)] + E[W − �](Pi − MP) = Pi:

Thus, there is no systematic tendency for the ABC estimators of parameters with small or large
prior means to be smaller or larger than those prior means.

3. A model for disease rates

The model we use for disease rates is a simpli2ed version of a model used by Manton et al.
(1989) to model age and region-speci2c cancer rates. We assume the existence of k small regions;
the ith region has a population ni, and there is an observed long-term disease rate �i. Given the
long-term disease rate �i, we assume that the true disease rate �i is distributed according to

�i | �i ∼ gamma(ni�i; 1=ni); i = 1; : : : ; k; (6)

where {�i} are independent given {�i}. Thus, the mean for �i | �i is �i, and the variance for �i | �i is
�i=ni, inversely proportional to the population ni. We choose the variance of the prior distribution to
be inversely proportional to the population size since we can be more precise (based on long-term
experience) about true disease rates in those regions with higher populations. This choice may be
contrasted to that of Christiansen and Morris (1997), who choose their prior distributions in such
a way that the variance is proportional to the square of the mean. We assume that, conditional on
the true underlying disease rate �i in region i, the observed number of disease cases xi is distributed
according to

xi | �i ∼ Poisson(ni�i); i = 1; : : : ; k; (7)

where {xi} are independent given {�i}.
Standard Bayesian calculations then show that the posterior distribution of �i given xi is

�i | (xi; �i) ∼ gamma(xi + ni�i; 1=2ni); i = 1; : : : ; k; (8)

independently. The posterior mean is (1=2)(xi=ni) + (1=2)�i, a convex combination of Mi(x) = xi=ni
and Pi=�i, and hence the ABC estimator can be de2ned. Based on this model and its properties, we
shall investigate, through a simulation study, the comparative performance of the estimators given
in Section 2.

4. A simulation study

To compare the performance of the ABC estimator given by (4) and (5) to the unweighted
Ghosh estimator and our weighted version of it, we carried out a simulation study based on the
disease-mapping model (6) and (7) of Section 3. In our simulations, we took the number k of
regions to be 100, and we divided the regions into two groups of 50. We then examined three
situations that were chosen to illustrate the properties of the estimators.



J. Frey, N. Cressie / Statistics & Probability Letters 65 (2003) 389–399 397

Table 1
Entries show relative-variability measures obtained from average SSEL, WSEL, and QSEL over 1000 simulations for each
situation. Small entries are preferred.

Loss Raw Weighted Unweighted
Situation function rates Ghosh ABC Ghosh

A SSEL 199.7 116.8 116.8 117.8
WSEL 200.0 117.3 117.3 125.5
QSEL 199.1 67.1 67.1 65.9

B SSEL 200.0 100.7 130.9 100.7
WSEL 200.0 100.7 130.9 100.7
QSEL 199.4 98.5 74.3 98.5

C SSEL 199.5 120.6 117.2 110.2
WSEL 200.3 111.6 117.2 194.1
QSEL 204.6 106.5 73.1 81.1

Situation A: Regions in the 2rst group have a population size of 100, and regions in the second
group have a population size of 10,000. All regions have the same prior mean 0.01.
Situation B: All regions have the same population size of 10,000. Regions in the 2rst group have

prior mean 0.01, and regions in the second group have prior mean 0.02.
Situation C: Regions in the 2rst group have a population size of 100 and a prior mean 0.01,

while regions in the second group have a population size of 10,000 and prior mean 0.02.
Each situation was run 1000 times, and we compared the performance of the estimators via criteria

SSEL, WSEL, and a quantile-based squared-error-loss (QSEL) criterion de2ned by

QSEL =
100∑
i=1

(�(i) − t(i))2;

where the {�(i)} are the ordered true parameter values and the {t(i)} are the ordered parameter
estimates. One may think of QSEL as a quantile-by-quantile comparison of the histograms of the
{�i} and of the {ti}.
Numerical results from the simulation are given in Table 1. The average squared errors over 1000

runs are divided by the average squared errors for the posterior means, and expressed as a percentage.
That is, the entries in the tables are the relative variabilities of the estimators with respect to that
of the posterior-mean estimator, and hence smaller entries are preferred.
In Situation A, the weighted Ghosh estimator and the ABC estimator coincide, as can be shown

under the condition that all the regions have the same prior mean. They are slightly superior to the
unweighted Ghosh estimator in terms of SSEL and slightly inferior in terms of QSEL, but they have
an advantage in terms of WSEL. In Situation B, the weighted Ghosh estimator and the unweighted
Ghosh estimator coincide, since weighting is not an issue. They have a substantial advantage over the
ABC estimator in terms of SSEL (which in this case is the same as WSEL), but the ABC estimator
has an equally substantial advantage in terms of QSEL. Finally, in Situation C, the estimators are



398 J. Frey, N. Cressie / Statistics & Probability Letters 65 (2003) 389–399

••••••••••
•••••••••
••••• •••••

••
• •••••

••••
•••••••••••••••••
•••••••••••••••••••••
••••••

••
• •

•

(a) 0.0 0.02 0.04 0.06

0.0

0.02

0.04

0.06

••••••••••
•••••••••
••••• •••••

••
• •••••

••••
•••••••••••••••••••
••••••••••••••••
••••••
••
• •

•

(b) 0.0 0.02 0.04 0.06

••••••••••
•••••••••
••••• •••••

••
• •••••

••••
•••••••••••••••••••
••••••••••••••••••
••••••
••
• •

•

(c) 0.0 0.02 0.04 0.06

••••••••••
•••••••••
••••• •••••

••
• •••••

••••
•••••••••••••••••••
•••••••••••••••••••
••••••
••
• •

•

(d) 0.0 0.02 0.04 0.06

0.0

0.02

0.04

0.06

0.0

0.02

0.04

0.06

0.0

0.02

0.04

0.06

Fig. 1. Q–Q plots of true � (vertical axis) versus (a) raw rates; (b) posterior means; (c) weighted Ghosh estimates; and
(d) ABC estimates for one run of Situation C.

all distinct. The weighted Ghosh estimator has a slight advantage over the ABC estimator in terms
of WSEL and a slight disadvantage in terms of SSEL, but the ABC estimator has a substantial
advantage in terms of QSEL. The unweighted Ghosh estimator is by far the worst of the three
estimators in terms of WSEL and comparable to the ABC estimator in terms of SSEL and QSEL.
We conclude from the simulation study that the ABC estimator performs reasonably well in terms

of SSEL and WSEL; however, it is clearly superior in terms of QSEL. This is con2rmed by the
histogram estimation that follows.
The relative performance of the associated histogram estimators is suggested by Fig. 1, which

gives Q–Q plots from one-run of Situation C. The overdispersion of the raw rates is evident in
(a), as is the underdispersion of the posterior means in (b). Some improvement is evident for the
weighted Ghosh estimator in (c), but it is the ABC estimator in (d) that leads to the best Q–Q plot.
Note, in particular, the quality of the 2t of the ABC estimator for the clump of regions with true
parameter values near 0.02.
The performance of the histogram estimators has also been assessed numerically. The empirical

distribution function for each estimator {ti} was compared to the true discrete distribution function of
the {�i} via a Kolmogorov–Smirnov, a Cramer–von Mises, and an Anderson–Darling type criterion.
For each criterion in each of Situations A, B, and C, the ABC estimator performed best. For example,
in Situation C, the Cramer–von Mises type criterion gave values of 61.1 (ABC), 126.4 (weighted
Ghosh), 182.6 (unweighted Ghosh), and 342.6 (raw rates), relative to a standardized value of 100
for the histogram estimator based on the posterior mean. Similar performances, the details of which
are not included to save space, were obtained in the other situations and for the other criteria.
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5. Conclusions

Posterior means for estimating an ensemble of parameters, though optimal under SSEL, usually
lead to biased estimators of ensemble properties. Constrained Bayes estimates typically eliminate the
sort of bias due to the arti2cially small sample variance of the posterior means, but the bias can
still be substantial for estimation of quantiles. This is still true even when weighting is accounted
for by using WSEL and weighted constraints. In the case of posterior linearity, one can construct
estimators (ABC estimators) that meet the 2rst- and second-moment constraints and intuitively will
have superior properties for histogram (i.e., estimation of quantiles) estimation. From the simulations
described in Section 4, we conclude that the ABC estimators perform reasonably well in terms of
SSEL and WSEL, while far outdoing the WSEL- and SSEL-optimal estimators in terms of histogram
estimation.

Acknowledgements

The authors would like to thank the referee for helpful comments.

References

Christiansen, C., Morris, C., 1997. Hierarchical Poisson regression modeling. J. Amer. Statist. Assoc. 92, 618–632.
Cressie, N., 1989. Empirical Bayes estimation of undercount in the decennial census. J. Amer. Statist. Assoc. 84,

1033–1044.
Ghosh, M., 1992. Constrained Bayes estimation with applications. J. Amer. Statist. Assoc. 87, 533–540.
Louis, T.A., 1984. Estimating a population of parameter values using Bayes and empirical Bayes methods. J. Amer. Statist.

Assoc. 79, 393–398.
Manton, K.G., Woodbury, M.A., Stallard, E., Riggan, W.B., Creason, J.P., Pellom, A.C., 1989. Empirical Bayes procedures

for stabilizing maps of U.S. cancer mortality rates. J. Amer. Statist. Assoc. 84, 637–650.
Stern, H., Cressie, N., 1999. Inference for extremes in disease mapping. In: Lawson, A., Biggeri, A., Bohning, D.,

LesaGre, E., Viel, J.-F., Bertollini, R. (Eds.), Disease Mapping and Risk Assessment for Public Health. Wiley,
Chichester, pp. 63–84.


	RefBib-2003-FreCre-StaProLet
	RefBib-2003-FreCre- StaProLet
	Some results on constrained Bayes estimators
	Introduction
	Weighted constrained Bayes estimation
	Weighted Ghosh estimator
	Adjusted Bayes constrained (ABC) estimator

	A model for disease rates
	A simulation study
	Conclusions
	Acknowledgements
	References





