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Small area estimation methodologies used in poverty estimation usually
entail significant data requirements and sophisticated modeling techniques.
However, there is a growing need for simpler small area estimation tools which
can be easily institutionalized by national statistical offices of developing
countries. Using a survey reweighting method, the paper demonstrates a
more straightforward approach of estimating poverty statistics at the sub-
domain level.
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1 Introduction

A great deal of socio-economic surveys conducted by national statistical offices are de-
signed to provide reliable estimates only at the national and/or state/territory geo-
graphic levels. The level at which reliable estimates can be drawn is usually referred to
as the survey domain. Analysis at the sub-domain level warrants caution on interpreting
summary statistics at face value. In particular, researchers are encouraged to examine
the behavior of sampling variance of direct survey estimators at the sub-domain level.

Statistical agencies especially from developing countries confront the challenge of se-
curing both financial and administrative resources needed to implement surveys that
would be able to yield reliable estimates at finer levels of disaggregation. Instead of im-
plementing full-blown surveys with large sample sizes, small area estimation techniques
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provide an alternative approach in producing reliable estimates beyond the survey do-
main. Over the years, the literature on small area estimation strategies has flourished
and among the list of popular techniques include Elbers, Lanjouw and Lanjouw method-
ology (Elbers et.al., 2003) which incorporates area-specific effects in the estimation of
the model errors, the family of generalized regression (GREG) estimators (e.g., model-
assisted design-based estimators) and estimated best linear unbiased prediction (e.g.,
model-dependent techniques) which are both useful in estimating means and totals for
small areas (Estevao and Srndal, 2004, 1999; Srndal et.al, 1992). Although these ap-
proaches share a common advantage of allowing for local variation through complex error
structures in the model (Rao, 2003), the use of these techniques often require a good
grasp on advanced statistical modeling. In addition, these strategies require the avail-
ability of other data sources such as census data or administrative data which are not
prone to sampling errors. However, these types of data are not always available. Further-
more, Martinez (2009) argues that national statistical agencies even among developed
countries still avail of simpler techniques which are relatively easy to institutionalize
and goes on to propose survey weight-reallocation method wherein sampled units from
other neighboring sub-domains can be used to estimate characteristics for a particular
sub-domain, thus ”synthetically increasing” the sample size. Although Martinez (2009)
has demonstrated the improvements in the reliability of survey estimates due to sur-
vey reweighting, the author did not examine the property of the reweighted estimator.
This study contributes to this gap in the literature by examining the properties of the
reweighted estimator.

The rest of the paper is structured following this outline - the second section discusses
survey reweighting focused on a simple Poisson reallocation model proposed by Schirm
and Zaslavsky (1997). The third section examines the statistical properties of the survey
reweighted estimator and how it fairs against a simple random sample estimator. The
fourth section draws most of the discussions from the work of Martinez (2009) by demon-
strating how survey reweighting can be used in small area estimation of poverty-related
indices. The last section draws conclusion and recommendations.

2 Survey Reweighting

In general, survey weight can be expressed as a product of three components: (i) basic
weight, (ii) adjustments for non-response, and (iii) adjustments for non-coverage. Basic
weight is fixed by the survey design since it refers to the inverse of the probability of
selection of a particular unit (Martinez, 2009). Adjustments for non-response are im-
plemented by using indicators that are related to the probability of response and key
characteristics of interest in the survey (Kalton and Maligalig, 1991). Further, using rak-
ing ratio method, adjustments for non-coverage may be introduced to make the resulting
survey weights sum up to known (control) totals. The following equation expresses the
survey weight ωi attached to the ith sampled unit, as a product of these three compo-
nents:
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ωi = ωbiω
nr
i ω

nc
i (1)

where ωbi is the inverse of selection probability, ωnri is the adjustment for non-response
and ωnci is adjustment for non-coverage. To reallocate weights, it is arguably ideal to
work only with ωnci (Martinez, 2009). While there are myriad of ways to reallocate the
survey weights, Schirm and Zaslavsky (1997) proposed a weight reallocation procedure
following the Poisson model,

lnwid = βidxi + δi (2)

where wid is the allocated survey weight for the ith sampled unit to be used in es-
timating characteristics of interest for sub-domain d within the neighborhood, where
Xd =

∑
i∈d xiis a p x 1 column vector of control totals for sub-domain d. Note that

under this framework, it would not matter whether we reallocate ωi or ωnci since δi will
just absorb the other components of (1). Schirm and Zaslavsky (1997) imposed two
constraints in estimating βd and δi:

Constraint 1:
∑

dwid = ωi for each i,

Constraint 2:
∑

dwidxil = Xdl

Consequently, weight reallocation alters the contribution of every sampled unit to sub-
domain estimates but the first constraint assures that its corresponding contribution
to the overall estimate for any characteristic of interest remains the same. The second
constraint imposes that all sub-domain control totals are satisfied by the reallocated
weights. Schirm and Zaslavsky (1997) also proposed an iterative Newton-Raphson pro-
cedure in estimating the Poisson model parameters that will satisfy the two constraints.
Following similar notations as that of Schirm and Zaslavsky (1997), if βd(k) and δi(k)
are the values for the unknown parameters of the reallocation model, the iterative ap-
proach consists of the following steps:

At the kth iteration:

Step 1: δh(k) = ln( ωi∑
exp(β

′
d(k−1)

xi
)

Step 2: βd(k) = βd(k−1) +D−1d dd for each d,

where, Dd =
∑

iwidxix
′
i , dd = Xd −

∑
iwidxi

It is easy to show that the first step in the iterative procedure satisfies the constraint
that the contribution of every sampled unit to the overall estimate for a particular char-
acteristic of interest remains the same, by substituting the expression for δh(k) in (2).
Similarly, Step 2 is geared to satisfy the second constraint that all sub-domain control
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totals are satisfied by the reallocated weights. Estimates converge if ddis sufficiently
small. Note that the procedure assumes some initial values, βd(0) and δi(0).

3 Evaluating Weight-reallocated Estimator

Without loss of generality, suppose the parameter of interest for the kth small area is a
population proportion V (k) such that

V (k) =

∑N(k)

ij=1 Vij(k)

N(k)

Vij(k) =

{
1 if Yij(k) < z

0, otherwise

where Yij is the characteristic of interest for unit i in cluster j (belonging in the kth

small area) and z is a pre-identified fixed threshold. Many of the existing model-based
small area estimation techniques entail borrowing strength from other data sources that
are less prone to large sampling error at finer levels of disaggregation. For example,
consider the model depicted in the following equation.

Yij(k) = βXij + εij

εij = hi + eij

where Xij is the corresponding correlate of the characteristic of interest and εij is the
stochastic error term. Note that the model specification above allows for a heteroge-
neous error variance structure to accommodate the possibility that the characteristics of
interest are clustered, and hence, are not independent across space (Ghosh et.al., 1998).
To estimate this model, it is often required for Xij to be free from sampling error. In
this context, census is one of most commonly used data source to serve this purpose.
However, there are limitations to using census data. First, it is not commonly avail-
able especially in many developing countries. On the other hand, if it is available, it
is ideal for the time gap between the survey and census to be minimal. If this is not
met, one has to assume that the covariates to be used are time-invariant for the con-
ventional SAE model-based approaches to work (Martinez, 2009). Another limitation
of the conventional model-based SAE strategies is that they depend on the parameter
to be estimated. Such approach becomes very complicated when there are numerous
characteristics of interest.

Survey reweighting is an alternative to the conventional SAE model-based approach.
In particular, consider the direct estimator for V (k) denoted by vk such that

vk =

∑nk

ij(k)wij(k)vij(k)

nk
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Because nk is usually small, the estimator vk usually have high sampling error. Never-
theless, as described in the previous section, we can re-estimate the survey weight to be
able to synthetically increase the effective sample size. In other words, reweighting can
be used as a small area estimation technique. Martinez (2009) points out that survey
reweighting addresses the two limitations of conventional model-based procedure. First,
reweighting is not heavily dependent on the characteristic of interest Yij(k) unlike most
of the other sophisticated modelling approaches in SAE.

Hence, reweighting’s key advantage over other conventional SAE techniques is its
weak reliance on which population parameter will be estimated. In addition, aside
from the control totals, there is no need for covariates that will explain the variation of
the underlying characteristic of interest. The application of reweighting is particularly
attractive during intercensal years wherein there are limited covariates that have time
invariant distribution commonly required by traditional small area estimation (SAE)
approaches.

On the other hand, a disadvantage of this procedure is the potential bias that it may
induce especially when the characteristic of interest is very different among the defined
neighbors. Since reweighting borrows strength from pre-defined neighbors, when the
true value of the characteristic of interest for a specific sub-domain is very different from
the values of its pre-defined neighbors, then the reweighted estimator may be biased.
Thus, it is important to identify on which instances would the reweighted estimator
perform satisfactorily or not. To investigate this issue, we turn to a simple simulation
experiment. In particular, we examine the properties of the survey reweighted estimator
under different scenarios.

First, consider a population consisting of 10,000 units distributed among four sub-
domains A, B, C and D. Without loss of generality, our parameter of interest is a
population proportion (of a characteristic of interest). To estimate this proportion, a
simple random sample (SRS) of size 382 is expected to yield an estimator satisfying α =
0.05 and 0.05 margin of error at the domain level. To provide a snapshot of the behavior
of Poisson- reweighted estimators, we can do sampling iteratively.

The table below characterizes the behavior of Poisson-reweighted survey estimators
under different scenarios. To serve as a point of comparison, the behavior of an SRS es-
timator is also summarized. The motivation for comparing the results from the Poisson-
reweighting approach with that of SRS is that the latter usually provides the lowest
standard error for a fixed sample size. The first scenario depicts estimation of a pop-
ulation proportion that is uniformly sparse across all sub-domains (considering three
cases P= 0.01, 0.05 and 0.1). In terms of the deviation from the sub-domain population
proportions, both SRS and Poisson- reweighted estimator seem to provide satisfactory
results in terms of the difference between the actual population proportion and the
mean of the survey estimates, although there may be a minimal advantage for Poisson-
reweighted estimator for very sparse characteristics of interest (i.e., P=0.01 ). In terms
of the variability of the estimator, the Poisson-reweighted estimator outperforms the
SRS estimator. This observation is generally true for all other scenarios explored in this
simple experiment and is intuitive in the sense that the Poisson reweighted estimator
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borrows strength from neighboring sub-domains, thus increasing its “effective sample
size.” Similarly, if the characteristic of interest is uniformly prevalent across all sub-
domains, the Poisson-reweighted estimator notes a relative advantage compared to SRS
only in terms of variability.
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Next, we turn our attention when the characteristic of interest significantly varies
from one sub-domain to another (within the same neighborhood / domain). Recall the
framework described in Equation 2. The weight reallocation is explicitly dependent
on explanatory factors X which serve as control totals that must be satisfied. In all
cases, the comparative advantage of SRS in terms of deviation from the population
proportions far outweighs the benefit of using Poisson weight reallocation with respect
to the variability of estimators. But, SRS’s advantage over Poisson weight reallocation
becomes smaller as the correlation of X with the population characteristic of interest
becomes higher. For example, in the last four rows of the preceding table, practically,
X cannot contribute significantly in the estimation process. Consequently, reweighting
will just tend to the overall mean within the domain.

Although this simple experiment does not provide conclusive results to facilitate sta-
tistical inference for the estimator derived using the proposed reweighting approach, it
still validates its feasibility as a statistical tool in small area estimation. The results also
provide directions for future work with respect to improving the estimation procedure.

When there is sufficient reason to believe that the characteristic of interest significantly
varies across the sub-domains, there are two possible options which we may consider.
First, like other SAE techniques, we can borrow strength from variables that are not
prone to large sampling error and are significantly correlated with the characteristic of
interest. But, if there are numerous characteristics of interest, the performance of X
may vary from one to the other, unless we use different sets of X per characteristic of
interest (perhaps not the ideal case). Alternatively, as Martinez (2009) proposed, we can
ensure the efficiency of constructing a neighborhood system by using prior information
to minimize the variability of the unknown population characteristic of interest among
defined neighbors. Operationally, we can adopt restrictive borrowing where neighbors
are defined with respect to spatial distance functions so that more strength will be
borrowed from “nearer” neighbors.

In the next section, we turn for an empirical example of how the methodology can
be used for small area estimation of poverty-related indices. Most of the discussions are
extension from the work of Martinez (2009).

4 Empirical Application

The multidimensionality of the economic paradigm eludes many in the sense that both
development miracles altering the economic landscape of some countries that were once
considered among the very poor co-exist with development mirages in which despite
economic growth, other indicators of development suggest otherwise. This prompted
to the rise of the concept of pro-poor growth. Martinez (2009) briefly surveyed the
existing literature which discussed the different methodologies in assessing pro-poorness
of growth – (Kakwani and Pernia, 2000; Lopez, 2004; McCulloch and Baulch, 1999;
Ravallion, 2004; White and Anderson, 2000). Among these are two schools of thought;
Kakwani and Pernia (2000) characterized pro-poor growth corresponds to the type which
produces greater poverty reduction than it would have been if all incomes had grown at
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the same rate, while Ravallion and Chen (2003) referred pro-poor growth to growth that
reduces poverty. This paper adopts the measure developed by Kakwani et.al. (2004).
The poverty equivalent growth rate is an index to measure the degree to which the poor
benefit from growth. Kakwani et.al. (2004) expressed the elasticity of a poverty measure
measure K(.) with respect to mean income (or expenditure). We use a subset of the
Family Income and Expenditure Survey conducted triennially by the Philippine National
Statistics Office. The survey collects detailed data on household demographics, income
sources and consumption. Starting 2003, FIES has been designed to provide reliable
estimates at the regional level.

Consisting the provinces of Basilan, Lanao del Sur, Maguindanao, Sulu and Tawi- tawi,
the Autonomous Region of Muslim Mindanao is among the less developed regions in the
Philippines. Its per capita gross regional domestic product at Php 18,924 (at constant
1985 prices) based from 2009 official estimates of the National Statistical Coordination
Board (NSCB)1. This is equivalent to 0.90 percent contribution to total national output
for the same year. More than half of its 4.1 million population are living below the
poverty line and 0.8 million are subsistence / food poor based from NSCB estimates. In
addition, approximately two thirds of the poorest 40 percent of its population has little
education (Schelzig, 2005).

Treating the geographic provinces as small areas, Martinez (2009) used Poisson reweight-
ing and estimated parametric Lorenz curves to reduce the high coefficient of variation
associated to the direct survey estimates for FGT measures2. After computing poverty
equivalent growth rates, Martinez (2009) hinted that while the poor, in general, did
not suffer more than their counterparts living above the poverty line during this period
(2000-2006) of decreasing average real income as is indicated by the higher PEGRs for
the percentage of poor, the ultra-poor in Lanao del Sur, Sulu and Tawi-tawi appeared
to be more disadvantaged as indicated by lower PEGRs with respect to the poverty gap
ratio3.

This section extends the illustration of the estimation procedure by computing food
poverty using a constant food poverty line of Php 8,313. In other words, relative to the

1The National Statistical Coordination Board is the government agency mandated to compute official
economic (e.g., national accounts) and poverty statistics in the Philippines.

2For convenience, Martinez (2009) used a simple definition of neighborhood system (i.e., provinces
within the same region are considered neighbors) in the reallocation of survey weights. In particular,
the following variables were used as control totals: (i) population size, (ii) total number of male-
headed households, (iii) total number of households whose head finished at most primary education,
(iv) total number of households whose head finished at most secondary education, and (v) total
number of households whose head finished college education.

3Martinez (2009) used a constant poverty line of Php 11,375 in computing provincial poverty indices for
the years 2000, 2003 and 2006. The value Php 11,375 is the regional poverty threshold computed by
NSCB for the year 2000. In particular, this is the weighted mean of the provincial poverty thresholds
used in the computation of official provincial poverty statistics in the Philippines. Moreover, these
menu-based provincial poverty thresholds are updated annually. During FIES years, the nominal
income from the survey data is compared with the updated provincial poverty thresholds to derive
the official poverty estimates. Per capita household real income was computed at 2000 prices using
provincial consumer price index. Similar approach was implemented in this paper, the only difference
is here, food poverty is the characteristic of interest
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Martinez (2009) study, this study estimates subsistence poverty, a more extreme form
of economic deprivation.

The following table provides the provincial average per capita (nominal) income as
computed from the FIES data. In particular, the numerical figures were computed using
the original and the allocated survey weights. The overlapping confidence intervals
for the estimated mean per capita household income using the original survey weights
suggest that up to some extent, the provincial population means tend are more or less
the same among the five provinces. As noted in Section 3, when the characteristics
of interest are uniform within the domain, estimates using reallocated weights perform
satisfactorily (over SRS) with respect to bias and sampling error. This is validated in
the following table.

Table 2: Provincial Mean Per Capita Household Income and its Coefficient of Variations
(CVs)

Province (Using Original Survey Weights)

2000 2003 2006

Ave. Inc. CV Ave. Inc. CV Ave. Inc. CV

Basilan 13,391.46 9.33 15,931.85 9.82 23,678.28 14.58

Lanao del Sur 16,684.17 3.04 23,552.07 11.12 19,937.52 8.11

Maguindanao 17,759.85 25.72 14,947.53 8.17 16,922.50 6.47

Sulu 13,104.66 9.05 16,276.10 6.70 17,863.20 4.49

Tawi-tawi 15,421.29 11.39 16,573.07 7.96 12,783.44 13.22

Basilan 13,391.46 9.33 15,931.85 9.82 23,678.28 14.58

Province (using Poisson-allocated survey weights)

2000 2003 2006

Ave. Income CV Ave. Inc. CV Ave. Inc. CV

Basilan 15,706.96 8.73 18,631.42 4.75 19,427.46 4.24

Lanao del Sur 17,295.60 9.63 19,502.76 5.58 18,713.28 4.24

Maguindanao 16,302.59 9.27 17,235.18 4.43 18,621.97 4.40

Sulu 13,908.28 8.32 15,888.50 4.13 16,614.18 3.68

Tawi-tawi 15,404.33 8.89 17,618.17 4.78 16,632.46 4.09

Source: Author’s computations using FIES data.

Using the reallocated survey weights, real per capita income quintiles were computed.
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In turn, these were used to fit Beta Lorenz curves4. Martinez (2009) noted that except
for the province of Basilan between 2000 and 2003, real income seemed to decline in
the region over the recent years. Consequently, sharp increase both in terms of poverty
and inequality were observed for the provinces of Sulu and Tawi-tawi. Santos (2008)
identified high inflation of food and non-food basic needs and oil prices to be among
the reasons for the worsened poverty situation. On the other hand, Table 3 shows the
estimates for the parametric poverty indices and inequality with respect to food poverty
threshold.

Table 3: Indices of Poverty and Inequality

Province 2000 2003 2006

Share
of
food
poor

Food
poverty
gap
ratio

Gini Share
of
food
poor

Food
poverty
gap
ratio

Gini Share
of
food
poor

Food
poverty
gap
ratio

Gini

Basilan 25.66 4.89 27.74 27.38 5.16 29.89 35.83 7.6 27.28

Lanao del Sur 25.43 4.66 29.35 30.24 6.19 32.56 40.85 8.89 26.98

Maguindanao 25.68 4.8 27.98 32.17 6.51 29.46 38.09 8.04 26.15

Sulu 33.18 6.63 25.63 37.36 7.95 28.19 44.18 9.79 24.54

Tawi-tawi 28.16 5.36 27 33.03 6.9 30.29 48.88 11.27 25.31

Source: Author’s computations using FIES data; all estimates are based from Beta
parameterization.

Between 2000 and 2003, the poverty equivalent growth rates (PEGRs) for percentage
of food poor and food poverty gap ratio provide diverging observations. While the
poor, in general, did not suffer more than their counterparts living above the poverty
line during this period of decreasing average real income as is indicated by the higher
PEGRs for the percentage of food poor, the ultra-poor in Basilan, Lanao del Sur, Sulu
and Tawi-tawi appeared to be more disadvantaged as indicated by lower PEGRs with
respect to the food poverty gap ratio between 2000 and 2003.

On the other hand, between 2003 and 2006, the computed PEGRs for both percentage
of food poor and food poverty gap ratio are both higher than the actual rate of decline
in per capita household real income. This is similar to what Martinez (forthcoming) has
observed, suggesting some degree of pro-poorness such that for the same proportional
poverty increase, the real income should have contracted at a slower rate if there had
been no change in inequality. In other words, fixing the share of each individual to total

4Estimation of Beta or GQ parameterization may yield invalid Lorenz curves. In this case, GQ Lorenz
curves were invalid for the income data. In general, when both Beta and GQ parameterization
produced invalid Lorenz curves, different parameterization such as Log Normal, Gupta or Pareto
Lorenz functions may be considered.
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Table 4: Poverty Equivalent Growth Rates

Province 2000-2003 2003-2006

Actual
Growth
Rate

Poverty Equiv.
Growth Rate

Actual
Growth
Rate

Poverty Equiv.
Growth Rate

Percentage
of Food
Poor

Food
Pov.
Gap
Ratio

Percentage
of Food
Poor

Food
Pov.
Gap
Ratio

Basilan 3.33 3.97 2.02 -17.57 -13.78 -15.19

Lanao del Sur -1.82 -1.7 -4.09 -26.16 -14.75 -14.58

Maguindanao -8.2 -2.28 -4.81 -14.16 -9.8 -10.01

Sulu -0.49 -0.89 -3.07 -17.6 -9.91 -9.36

Tawi-tawi -0.37 -1.28 -3.96 -28.11 -19.82 -17.84

income, a smaller contraction of average income would have caused the same increase in
poverty as that of what was actually observed.

On the whole, the entire region of ARMM has remained among the poorest in the
country both with respect to official poverty and food thresholds. During the episodes
of decreasing real income, there were some indications that the ultra food poor were
bearing the grunt of the episode of decreasing real income especially between 2000 and
2003. In particular, more than half of the food poor in 2003 were still poor in 2006.
Although there were hints that the food poor did not suffer more than those above the
food poverty line from 2003 to 2006, whether poverty situation in ARMM will experience
significant improvement in the coming years is still open to question.

5 Conclusion and Recommendation

The use of the proposed reweighting procedure is attractive in the sense that it provides
a simpler methodology in improving the reliability of direct survey estimators compared
to existing SAE techniques. In particular, unlike the usual SAE techniques which entail
sophisticated modeling procedures, survey reweighting is relatively simpler; requiring
only a set of indicators which can be used to group the observations under different
neighborhoods. To be able to maximize the performance of this type of estimator, it
is operationally useful to examine its statistical properties. Using a simple simulation
experiment, this paper briefly investigates the properties of reweighted survey estimators
under different scenarios. Our findings suggest that the simplicity of the reweighting
as a small area estimation tool has a potential trade-off. When the characteristics of
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interest tend to be uniform across the sub-domains, it performs satisfactorily compared
to SRS. Otherwise, when the characteristic of interest significantly differ from one sub-
domain to another; and the indicators used as control totals are weakly related with
the characteristic of interest, a restrictive borrowing may be adopted such that more
strength will be borrowed from “nearer” neighbors (with respect to some defined spatial
distance functions). Although the paper only provided a snapshot on the estimator’s
behavior under different scenarios and its relative performance over SRS, the results
may be used to provide direction for future work. In addition, future studies must also
take into account how issues of missing values and outliers could affect the accuracy of
reweighted survey estimators. Furthermore, another important task that remains for
future research is to provide a quantitative assessment comparing the Poisson-weight
reallocation method with more conventional SAE approaches in terms of accuracy of
parameter estimates.

To demonstrate the feasibility of survey reweighting as an SAE technique using em-
pirical data, the study extended the illustration of Martinez (2009) with respect to the
practical applications of the proposed procedure. In particular, the concepts of Poisson
reweighting and Lorenz curve parameterization may be combined to come up with an
alternative tool for small area food poverty estimation. Although, it would have been
instructive to compare the reweighted estimators with the performance of other conven-
tional model-based estimators, this has not been implemented in this study due to the
lack of access to appropriate census data. This is reserved for future research.

References

Elbers, C., Lanjouw, J., and Lanjouw, P. (2003). Micro-level estimation of poverty and
inequality. Econometrica 71(1) pp. 355-364.

Estevao, V. and Srndal, C. (2004). Borrowing strength is not the best technique within
a wide class of design-consistent domain estimators. Journal of Official Statistics 20
pp. 645-669.

Estevao, V. and Srndal, C. (1999). The use of auxiliary information in design-based
estimation for domains. Survey Methodology 25, pp. 213-221.

Ghosh, M., Natarajan, K., Stroud, T., and Carlin, B. (1998). Generalized linear models
for small area estimation. Journal of the American Statistical Association 93 (441)
pp. 273-282.

Kakwani, N., Khandker, S., and Son, H. (2004). Pro-poor growth: concepts and mea-
surement with country case studies. Working paper number 1, International Poverty
Centre, United Nations Development Programme.

Kakwani, N. and Pernia, E. (2000). What is pro-poor growth?. Asian Development
Review 18(1) pp. 1-16.

Kalton, G. and Maligalig, D. (1991). A comparison of methods of weighting adjustment
for non-response. Proceedings of the 1991 Annual Research Conference. Washington,
DC: US Bureau of the Census, pp. 409-428.



Electronic Journal of Applied Statistical Analysis 431

Lopez, H. (2004). Pro-poor-pro-growth: is there a trade off? Policy Research Working
Paper No. 3378, World Bank.

Martinez, A. (2009). Small Area Estimation using Survey Reweighting and Lorenz
Parameterization. The Philippine Statistician Vol. 58

McCulloch, N. and Baulch, B. (1999). Tracking pro-poor growth: new ways to spot the
biases and benefits. ID21 Insights No. 31, Institute of Development Studies.

Minoiu, C. and Reddy, J. G. (2007). The assessment of poverty and inequality through
parametric estimation of Lorenz curves. Institute for Social and Economic Research
Policy, Columbia University.

Pernia, E. (2002). Is growth good enough for the poor? Policy Brief Number 1, Economic
Research Department, Asian Development Bank.

Rao, J. (2003). Small Area Estimation. New Jersey: John Wiley and Sons, Inc.

Ravallion, M. (2004). Pro-poor growth: a primer. Policy Research Working Paper 3242,
World Bank.

Ravallion, M. and Chen, S. (2003). Measuring pro-poor growth. Economics Letters
78(1) pp. 93-99.

Santos, A. (2008). Press Statement on the Release of 2006 Official Poverty Statistics,
National Economic Development Authority Secretary.

Srndal, C., Swensson, B. and Wretman, J. (1992). Model Assisted Survey Sampling,
New York: Springer-Verlag

Schirm, A. and Zaslavsky, A. (1997). Reweighting Households to Develop Microsim-
ulation Estimates for States. Proceedings of the Survey Research Methods Section,
American Statistical Association

Schelzig, K. (2005). Poverty in the Philippines: income, assets, and access. ADB Report.
http://www.adb.org/Documents/Books/Poverty-in-the-Philippines/default.asp

White, H. and Anderson, A. (2000). Growth vs. redistribution: does the pattern of
growth matter? mimeo, Institute of Development Studies. University of Sussex.


