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We would like to congratulate the authors for providing an excellent critical review
of the growing body of literature on benchmarking in small area estimation and illus-
trating how two-stage benchmarking procedure works for a hierarchical time series
model to estimate monthly unemployment rates for the US Census Divisions and
states. Although we generally agree with them, we feel that a few points need further
explanation and discussion.

As authors explain, benchmarking is an exact property that is relevant to a large
area covering a group of small areas and ensures small area estimates, when appro-
priately aggregated, to yield a specified reliable estimate or a known quantity for the
corresponding large area. The authors also discuss the issue of retaining the impor-
tant design-consistency property for benchmarked small area estimators. Design-
consistency is an asymptotic property of a survey estimator under which the estimator
approaches to the finite population parameter of interest as the sample size grows.

One could naturally question the relevance of design-consistency for estimators
in small areas because within area sample sizes are rarely large. Without the in-built
design-consistency property, small area estimators contain an undesirable character-
istic that they will not be close to the corresponding parameters of interest for areas
for which additional large samples become available. Standard direct area estimators
are generally design-consistent under certain regularity conditions and are internally
benchmarked. However, it is now widely accepted that direct estimators should not be
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used for estimating small area parameters because of their instability in terms of high
variability. Thus, implicit or explicit models along with sophisticated model-based
statistical estimation procedures must be used to link primary source of data with
various supplementary information from administrative and census records to reduce
variability in small area estimators. However, such an approach may not necessarily
yield estimators that are design-consistent and/or benchmarked. This has generated
a large number of papers, especially in the last few years, which the authors have
critically reviewed in this paper.

We would like to further discuss about raking or ratio benchmarking. Raking is a
commonly used benchmarking technique among survey samplers and it is possibly
the first method used to benchmark small area model-based estimates; see Fay and
Herriot (1979). Authors have discussed differences between raked estimator, given
by (2), and additive benchmarked estimator, given by (3). The additive benchmarked
small area estimators are expected to be design-consistent for self-weighing design
under certain regularity conditions. They are also expected to perform better than the
corresponding raked estimator in terms of the mean squared error (MSE) criterion since
they can generated by minimizing the MSE subject to the benchmarking constraint.
In contrast, the authors have rightly argued that the ratio benchmarking (2) is not a
special case of their constrained optimization method.

We first demonstrate that a commonly used raked estimator can be obtained using
a different loss function in the following constrained optimization process:

Suppose our objective is to minimize E
[∑D

k=1 bk

{
Ŷk(ln Ŷk− ln Yk)−(Ŷk − Yk)

}]

with respect to Ŷ = (Ŷ1, . . . , ŶD)′ subject to the benchmarking constraint∑D
k=1 bkŶk = ∑D

k=1 bk yk . Note the connection between the loss function used in this
constrained minimization problem and one of the distance functions given in Deville
and Sarndal (1992) in the context of generating calibration estimators for large areas.
It can be easily seen that this constrained minimization procedure yields the following

estimator: Ŷd;R = exp(ad)

∑D
k=1 bk yk∑D

k=1 bk exp(ak )
, where ad = E(ln Yd |data) under an appro-

priate mixed small area model. This estimator is essentially a variation of the estimator
proposed in Fay and Herriot (1979). While this particular raked small area estimator
and (2) of the paper are expected to be design-consistent when sample sizes for all areas
grow under certain regularity conditions, they cease to possess the design-consistency
property in some important cases, such as when sample sizes of some of the areas are
bounded. But the problem can be rectified if bk in the loss function is replaced by the
weight φk used to generate the additive benchmarked estimator (3). It can be shown
that the resulting generalized raked estimator is obtained as Ŷd;G R = exp(ad)Rd ,
where Rd is an area-specific general raking factor given by Rd = exp(−γ bd/φd)

with γ obtained by solving
∑D

k=1 bk exp(ak) exp(−γ bk/φk) = ∑D
k=1 bk yk .

As mentioned before, the benchmarked estimator given by (3) is design-consistent
for self-weighing designs. Then a follow-up question is: how do we obtain bench-
marked small area model-based estimators that are also design-consistent for a gen-
eral design? The self-benchmarked estimator of You and Rao (2002) mentioned in the
paper provides a partial solution to the problem, but their working model is a nested
error regression model, which may not be applicable for other small area situations.
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How does one extend the self-benchmarking idea for complex mixed small area mod-
els? One possibility is to extend the idea of self-benchmarking by suitably estimating
parameters of the mixed model used in the general design-consistent estimator pro-
posed by Jiang and Lahiri (2006a). Another possibility is to replace the BLUP in (3) of
the paper or the best predictor ak in the generalized raked estimator above by a design-
consistent estimator such as the ones proposed by Jiang and Lahiri (2006a, b), Lahiri
and Mukherjee (2007). The suggested approaches need a thorough investigation.

While benchmarking has been traditionally employed by survey organizations pri-
marily to achieve data consistency, there is a lingering question if this also reduces
systematic area-specific biases of model-based small area estimators, especially when
the model is grossly misspecified. In this respect we find Remark 4 of the paper inter-
esting and would like to elaborate further on the points raised by the authors. The ratio
benchmarking, as described by (2), multiplies model-based estimates of all small areas
by the same factor; thus, unless there is no systematic area-specific bias in the model-
based estimators, it is highly unlikely that the single multiplicative factor will reduce
any area-specific systematic bias. The adjustments proposed in the additive bench-
marking (3) and the generalized raking described earlier are area-specific. However,
unless the area-specific systematic biases and the overall bias are in the same direction
and area-specific bias is captured by the adjustment factors such as λd in (3), these
kinds of cross-sectional benchmarking will hardy reduce the systematic area-specific
bias.

The time series benchmarking seems to be more effective in reducing area-specific
biases of model-based estimators since it attempts to capture the area-specific bias by
exploiting long time series data. Having said that, if it is possible to identify some
factors that could explain area-specific systematic bias, it may be possible to reduce
it using cross-section benchmarking. In fact, in some applications, this has been tried.
For example, Fay and Herriot (1979) considered a two-way benchmarking to make
small area estimates to agree with the reliable direct estimates of the margins in a two-
way contingency table. In the US Small Area Income and Poverty Estimates (SAIPE)
program, hierarchical cross-sectional benchmarking is employed to make small area
estimates for counties benchmarked to their corresponding state estimates and the
state estimates benchmarked to the national level direct estimate. Similar strategy has
been employed in implementing poverty mapping problem in Chile; see Cordero et al.
(2014). Suitable cross-sectional benchmarking along with time series benchmarking
is yet another option to be explored. These are all indeed complex benchmarking
problems and a simple method to achieve this goal is warranted. Recently proposed
general benchmarking method of Ha (2013) may be explored in this respect. As the
authors note, the important problem of mean squared estimation of benchmarked small
area estimators has received less attention. The recently proposed parametric bootstrap
method of Chatterjee and Lahiri (2013) is promising in this respect, but needs further
investigation.

The authors have nicely tied the recent benchmarking papers dealing with quadratic
benchmarking constraints with the adjusted Bayes empirical Bayes idea of Lahiri
(1990). We would like to comment that the basic idea of quadratic benchmarking in
small area estimation can be attributed to Louis (1984) who proposed constrained
Bayes and empirical Bayes estimators to solve the overshrinking problem associated
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with the standard Bayes and empirical Bayes estimators. He used the Lagrange’s
method of undermined multipliers that minimizes the posterior Bayes risk subject to
match the first two moments of the ensemble of small area estimates with those of the
Bayes estimate of the histogram of true small area means. Ghosh (1992) extended this
idea in a general setting. To make such constrained Bayes or empirical Bayes method
robust, one may choose a design-based estimate of the variability of the small area
parameters since this continues to be reliable as long as there are enough number of
small areas.

We would like to say that benchmarking, if properly done, is desirable. It maintains
data consistency and, in addition, has the potential to reduce the biases in small area
estimators. We feel that it is always a good practice to examine both unbenchmarked
and benchmarked estimates for any unnatural behavior (e.g., estimates going out of
admissible ranges). In case of any peculiar pattern in the estimates, one may consider
revising the working model and/or the statistical estimation method used.

To summarize, benchmarking has been a very active area of research in small area
estimation for the last couple of decades. The elegant exposition given by the authors
will definitely stimulate further research in this important research area.
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