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Abstract:

The major goal of social policy in most developing countries is poverty
alleviation. The ultimate challenge for policymakers is to use the available
resources of the Government in order to provide the greatest possible
assistance to those who need it most. Geographical targeting has emerged as
one of the more feasible and efficient targeting methods. However, its full
utilization is seriously hampered by the lack of the needed data sets. On the
other hand, new computational approaches have great potential in providing
spatially-disaggregate information. The paper explores the application of small
area estimation and spatial microsimulation methods in geographical targeting.

1.

INTRODUCTION

The major goal of social policy in most developing countries is poverty
alleviation. The ultimate challenge for policymakers is to use the available
resources of the Government in order to provide the greatest possible
assistance to those who need it most. In the past, since most developing
countries did not have reliable information on household income, many
chose social programs with universal coverage. However, governments had
to drastically reduce or even terminate these programs due to growing
budget constraints. Eventually, some countries replaced universal coverage
programs with means testing. However, the need for reliable household
income information implied higher administrative costs. Moreover, the
absence of reliable income data has led to massive leakage.
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This situation has made targeting by means of indirect or proxy
indicators the only viable alternative for most developing countries.
Geographical targeting requires knowledge of the geographical distribution
of the incidence, depth or severity of poverty (or other desired indicator).
This targeting method has been pursued in developing countries and is often
used in conjunction with additional targeting criteria to narrow the
beneficiary population and thus reduce costs. However, the utilization of
such targeting method is seriously hampered by the lack of needed data sets.
The paper reviews the rationale of geographical targeting in improving
the efficiency of social programs vis a vis other targeting methods. It
presents emerging computational methods that can improve geographical
targeting. The paper is organized as follows: Chapter 2 explains the rationale
of geographical targeting. Chapter 3 presents the application of small area
estimation in estimating mean household incomes for the City of Manila.
Chapter 4 discusses the development of a spatial microsimulation model for
informal households. Finally, Chapter 4 presents the conclusion.

2.

GEOGRAPHICAL TARGETING

Geographical targeting of welfare programs is common in developing
countries and is often used in conjunction with additional targeting criteria to
narrow the beneficiary population and thus reduce costs (Baker and Grosh,
1994). The indicators used to determine eligibility could include the
household’s size, the number of children in the household, the size of the
household’s landholdings or other assets, and the region in which the
household was located (Bigman and Fofack, 2000; Bigman and Deichmann,
2000).
The optimum solution in welfare programs, from a theoretical point of
view, is to identify the target population and design the most effective
program for this group. In most cases, however, it is not possible to identify
the target population since this requires information that is not observable
and thus difficult to verify. In poverty alleviation programs, the target
population is the group of households with incomes below a certain
minimum level necessary to provide basic needs. Household income is often
difficult to observe, however, and efforts to assess its value and thus identify
the target group may involve prohibitive costs. These costs consist not only
of direct administrative expenses for collecting the necessary information on
income, but also of indirect costs due to incentives that the program may
give individuals either to modify their behavior or to falsify information on
their income in order to qualify for the program’s benefits. Poverty
alleviation programs such as income transfers or food subsidies to the poor,
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for example, may provide incentives to work less, cut earnings, or
underreport income in order to quality. Even in countries that have an
accurate income reporting system, frequent means testing is necessary to
verify that only households that meet the criteria remain on the eligibility
lists.
The difficulties and expenses involved in identifying eligible households
leave two options: either to implement universal programs that cover the
entire population, or to use observable indicators that are highly correlated
with the relevant unobserved variables, such as income, in order to
determine eligibility. Universal programs are too expensive for most
developing countries, and even many industrial countries find the rising
welfare costs daunting. The only viable option, therefore, is to use some
form of targeting. This, however, requires a careful choice of the targeting
criteria1, the observable indicators that will determine eligibility, and the
programs that fit the specific conditions of the country.
Many socio-economic indicators are only available in a highlyaggregated form, such as for provinces or countries. Yet one would like to
know how they vary between socio-economic groups. For estimating
behavioral models, we clearly need a wide range of data for the same
households, including community characteristics. This outlines the need for
better micro data sets. Clearly research on dynamics of poverty and
inequality should work along three fronts, namely measurement, modeling
and data. One clear indication that suggests the greater appreciation of the
role of spatial information in policy analysis is the increasing use of poverty
maps (Henninger and Snel, 2002).

3.

SMALL AREA ESTIMATION

Ghosh and Rhao (1994) and Rao (1999) present a comprehensive review of
small area estimation models. Small area estimation has received a lot of
attention in recent years due to growing demand for reliable small area
estimators. Traditional area-specific direct estimators do not provide
adequate precision because sample sizes in small areas are seldom large
enough. Sample surveys are used to provide estimates not only for the total
population but also for a variety of subpopulations (domains). “Direct”
estimators, based only on the domain-specific sample data, are typically used
to estimate parameters for large domains. But sample sizes in small domains,
1

Aside from geographic targeting, there are other targeting options available to developing
countries. These options fall into three categories, namely, self-targeted programs,
programs targeted on the basis of household characteristics and programs targeted on the
household’s place of residence.
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particularly small geographic areas, are rarely large enough to provide direct
estimates for specific small domains.
In making estimates for small areas, it is necessary to “borrow strength”
from related areas to form “indirect” estimators that increase the effective
sample size and thus increase the precision. Such indirect estimators area
based on either implicit or explicit models that provide a link to related small
areas through supplementary data such as recent census counts and current
administrative records. Indirect estimators based on implicit models include
synthetic and composite estimators, while those based on explicit models
incorporating area-specific effects include methods such as the so-called
empirical best linear unbiased prediction (EBLUP).

3.1

Types of Small Area Models

It is now generally accepted that when indirect estimators are to be used they
should be based on explicit models that relate the small areas of interest
through supplementary data such as last census data and current
administrative data. An advantage of the model approach is that it permits
validation of models from the sample data. Small area models may be
broadly classified into two types, namely the area level and unit level.
A basic area level model assumes that the population small area mean Yi
or some suitable function θi = g(Yi ) , such as θi = log(Yi ) , is related to xi
through a linear model with random area effects υi :
θi = xi β + ui ,

i = 1,…, m

where β is the p-vector regression parameters and the υ ’s are uncorrelated
with mean zero and variance συ2 . Normality of the υi is also often assumed.
The above models also holds for non-sampled areas. It is also possible to
partition the areas into groups and assume separate models of the same form
across groups.
We assume that direct estimators Yˆi of Yi are available whenever the
area sample size ni ≥ 1 . It is also customary to assume that

θˆi = θi + ei
ˆ
ˆ
where θi = g(Yi ) and the sampling errors ei are independent N (0, ψi ) with
known ψi . Combining this sampling model with the “linking” model, we get

the well-known area level mixed model of Fay and Herriot (1979)
θˆi = xi β + υi + ei

Note that under the above formulation, both design-based random
variables ei and model-based random variable υi are involved. In practice,
sampling variances ψi are seldom known, but smoothing of estimated
variances ψˆi is often done to get stable estimates ψi∗ which are then treated
as the true ψi . An advantage of the area-level model is that the survey
weights are accounted for through the direct estimators θˆi .
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A basic unit level population model assumes that the unit y-values yij ,
associated with the units j in the areas i , are related to the auxiliary
variables xij through a one-way nested error regression model
yij = xij′ β + υi + eij ,

j = 1, …, N i , i = 1, …, m

where υi ∼ IID N (0, συ2 ) are independent of eij ∼ IID N (0, σe2 ) and N i is the
number of population units in the i-th area. The parameters of interest are
the total Yi or the means Yi . The above model is appropriate for continuous
variables y. Battese et. al (1988) used a similar model in the context of
estimating mean hectares of corn and soybeans for 12 counties in NorthCentral Iowa using LANDSAT satellite data in conjunction with survey data.
In their model, the reported crop hectares for corn and soybeans In the
sample segments within counties are expressed as a function of the satellite
data for those sample segments, such that the reported crop hectares are
positively correlated within the given countries but uncorrelated from
different counties.

3.2

Small Area Estimation of Mean Household Incomes
in the City of Manila

A nested error linear regression framework is used in order to derive
estimates of mean household incomes of each barangay, which is the
smallest administration unit in the Philippines. First, we estimate the
parameters using best linear unbiased prediction and apply the model to
barangay-level covariates to produced the desired estimates. In the model,
we let yij be the mean household income for traffic zone j in city (or
municipality) i. We can write
yij = xij′ β + uij
uij = υi + eij

where the random error uij associated with the mean household income value
yij is composed of two components, namely, υi as the ith city effect and eij as
the random effects associated with zone j in city i. We assume that random
errors, zi (i=1,…,m) and eij (j=1,…,ni; i=1,…,m) are independent, identically
distributed random variables with mean 0 and variances συ2 and σe2,
respectively. The assumptions imply that the covariance structure of the
random errors, uij, is given by
⎧⎪συ2 + σe2 ,
⎪
⎪
⎪ 2
E (uij u pq ) = ⎪
⎨συ ,
⎪
⎪
⎪
⎪0,
⎪
⎩

i = p, j = q
i = p, j ≠ q
i≠p

Basic in the estimation of the mean household income for the ith city is
the prediction of the city effect υi. If the random errors uij are known, then
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the best predictor of υi is the conditional expectation of υi given the sample
mean u i • where
ui • ≡ ni−1 ∑ j =i 1 uij
n

Under the assumptions of the model, the random variable υi and u i • have a
bivariate normal distribution with zero mean vector and covariance matrix
If the variances συ2 and σe2 are known, the β parameters of the model can
⎛συ2
⎜⎜
⎜⎜ 2
⎝⎜συ

be

estimated

by

the

⎞⎟
⎟⎟
⎟
συ2 + ni−1σe2 ⎠⎟⎟
συ2

generalized

least-squares

estimator

β = (X TV -1X )-1 X TV -1Y . Then, a possible predictor for the ith city effect, υi,
is υi = ui • δi where
ui • = ni−1 ∑ j =i 1 uij
n

and

uij = yij - x ij β

The corresponding predictor yi for the city household income is
yi = xi ( p )β + ui , this is the best linear unbiased predictor of yi . Thus,
yi = xi ( p )β + (yi • − xi • β ) δi
δi =

συ2
συ2 + σe2 / ni

where β is the generalized least-squares estimator.
We obtain the model estimates from EBLUP using the following general
steps:
1) Estimate σe2 and συ2 by method-of-fitting-constants;
2) Estimate δi by replacing the unknown variance by their respective
estimators;
3) Estimate β by fitting a generalized least-squares regression;
4) Using the estimators, estimate mean household incomes;
5) Calculate variance of errors in prediction; and
6) Perform tests for model assumptions.
The mean household income for each zone is taken as the average of
household incomes using the class medians as the original data set contains
income categories. Income data comes from the Household Interview Survey
(HIS) under the 1996-1999 Metro Manila Urban Transportation Integration
Study (MMUTIS). Several candidate variables that are expected to have a
high correlation with the mean household income of the zone were
considered, namely, population density, percentage of car-owning
households, percentage of workers with gainful employment and average
dwelling unit sizes. The model requires that these covariates be available in
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both the unit (in this case, traffic zone) and area level (in this case,
city/municipality).
From the covariates tested, the percentage of car-owning households and
average dwelling unit size showed high correlation with mean incomes.
However, data on car-ownership is not readily available at finer areas. On
the other hand, dwelling unit size data can be readily obtained using highresolution geographic data from GIS. Figure 1 below shows the ‘building
footprint’ data used in calculating the sizes of dwelling units.

Figure 1. Building footprint data in GIS (1996).

The estimated parameters of the model with the dwelling unit size as
covariate are 8.89960 and 0.0046 with t-statistics as 186.19 and 16.211 for
the intercept and slope parameters, respectively. Table 1 shows the
computed mean incomes and sample means for each city/ municipality in
Metro Manila. The table shows that EBLUP estimates strike a trade-off
between the large variances in some areas and precision for other areas. The
usefulness of small area models lies in the fact that once calibrated, the
models can be used to derive estimates for small area units using available
covariates at that level. These estimates provide benchmark values of ‘true
estimates’.

76

Noriel Christopher C. Tiglao

Table 1. Standard error of estimates.
EBLUP
City
No. of
zones2
Manila
54
0.039
Pasay
11
0.069
Makati
18
0.060
Mandaluyong
8
0.070
San Juan
4
0.089
Quezon City
57
0.038
Caloocan
17
0.061
Valenzuela
9
0.072
Malabon
7
0.077
Navotas
5
0.082
Marikina
8
0.074
Pasig
11
0.069
Parañaque
15
0.063
Muntinlupa
7
0.077
Las Piñas
8
0.074

4.

Survey
regression
0.035
0.031
0.162
0.185
0.390
0.034
0.026
0.034
0.048
0.032
0.046
0.054
0.130
0.215
0.083

Direct
estimates
0.031
0.029
0.242
0.304
0.560
0.042
0.036
0.028
0.097
0.560
0.050
0.051
0.122
0.141
0.056

SPATIAL MICROSIMULATION

Microanalytic simulation or microsimulation models have been increasingly
applied in the quantitative analyses of economic and social policy problems
in recent years. Merz (1991) provides a comprehensive review of the
principles, development and application of microsimulation found in
economics. Clarke and Holm (1987) provides a through presentation on how
microsimulation methods can be applied in regional science and planning
analysis.
Microsimulation models are directly concerned with microunits, or the
individual units such as persons, households or firms. It is considered a
forecasting instrument because policy effects can be tested and estimated
within a microsimulation model system. The microunits are identified by
characteristics such as age of an individual, number of children in a family,
income and transfers of a household, employment structure of a firm, etc.
The characteristics of the individual units are then modified depending on
their individual behavior and the institutional relationship in which they
operate. The individual impact of economic and social policies can thus be
analyzed in a differentiated manner on the microunits concerned. It is noted
that a large number of microsimulation models in existence are inherently
aspatial. This means that existing microsimulation models does not
incorporate sufficient geographic detail so as to allow richer analysis at fine

2

Zoning unit refers to Traffic Analysis Zones (TAZ).
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spatial levels. Spatial microsimulation models3 are extremely useful for
policy simulations at neighborhood levels, and even voting and school
districts.

4.1

Microsimulation Process

Clarke (1996) points out that there are two major works involved in applying
microsimulation methods in spatial analysis. The first involves the
construction of a microdata set. This procedure usually involves the use of
contingency tables or conditional probability analysis to estimate chain
conditional probabilities. In particular, conditional probabilities are
calculated from available known data and then they are used to reconstruct
detailed micro-level populations (Ballas and Clarke, 1996). The use of
conditional probabilities allows the incorporation of the widest range of
available known data. As most small-area population data are provided as
predetermined tabulations, converting them into probabilities conditional on
the attributes from another table allows separate tables to be linked together.
There are a number of ways to generate probability relationships, such as
linear programming models, discrete choice models, balancing factor
methods in spatial interaction models and iterative proportional fitting (IPF)
techniques. There are also other approaches to microdata generation such as
reweighing of a parent sample of microdata, which are available at a
different spatial scale.
The next step involves the creation of a sample of individuals or
households based on the set of probabilities. Computational constraints in
the past are quickly being overcome by computer technologies in both
hardware and software that now offers considerable opportunities and
flexibility for large-scale simulations. Moreover, the lack of microdata sets
to calibrate or test results of simulations are quickly being addressed as more
and better data sets are becoming available.

4.2

Spatial Microsimulation of Informal Households

Tiglao (2002, 2004) presents an application of spatial microsimulation
approach to model informal households in the City of Manila in 1990.
Manila consists of 54 traffic analysis zones, 900 barangays and around 1.65
million persons in 1990. Table 1 shows the data sets used in developing the
spatial microsimulation model. Each data set is available under a specified
zoning system as depicted in Figure 2. The challenge is how to integrate
disparate data and produce a richer data set.
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Table 2. Data sets used in the model.
Zone level
City/
Municipality

Traffic Zone

Barangay

GIS

Data set
1997 Family Income
and Expenditure
Survey (FIES)
1996 Metro Manila
Urban Transportation
Integration Study
(MMUTIS)
1990 Census of
Population and
Housing (CPH)
1996 Land Use/
Building Footprint Data

Description
Household demographics; Detailed
household incomes and expenditures;
4,030 samples for Metro Manila
Selected household demographic data;
Member and household income; 50,000
samples for Metro Manila
Detailed household and housing
characteristics; All households in 1990
Urban land use zoning map; Building
footprints

The main source of household income and expenditure data is the Family
Income and Expenditure Survey (FIES). The FIES has been conducted every
three years since 1988. It contains very detailed information of sources of
household income and expenditure, however, only for a very limited sample.
The next major source of household income data is the 1996 Metro Manila
Urban Transportation Integration Study (MMUTIS). The primary source of
detailed socio-demographic data used in the study is the 1990 Census of
Housing and Population (CPH).

Manila

Traffic Zones

Cities/ Municipalities

Barangays

Figure 2. Different zoning systems.
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Figure 3 shows the spatial microsimulation process for estimating
household characteristics.
Initialize base households
using 1990 CPH data
(age, sex, marital status,
and education of household
head, household size)
Compute occupation
probabilities from
Occupation Choice Model

Compute economic activity
rate of household head
Assign occupation of
household head based
on Monte Carlo sampling

Compute employment
probabilities from
Employment Choice Model
Assign employment sector
of household head based
on Monte Carlo sampling
Compute employment
status probabilities and
assign employment status
by Monte Carlo sampling
Compute bias-adjusted
household income function
based on employment status
Estimate household income
based on characteristics
of household head

Estimate permanent
Income of household
Compute housing tenure
status probabilities and
assign housing tenure status
by Monte Carlo sampling
Compute bias-adjusted
housing value function
based on tenure status
Estimate housing tenure
and housing value

Figure 3. Spatial microsimulation of informal households.

The model initializes a baseline population consisting of all households
in the 1990 CPH. The economic activity participation, as well as occupation
and employment sector of the household head is estimated using Monte
Carlo sampling. The next stage involves the estimation of household
incomes based on the characteristics of the household head. To achieve this,
the employment status of the household head is first determined using a
probit model, specifically, a binary choice model of being a wage earner (i.e.
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formal sector) or self-employed (i.e. informal sector). Then, conditional on
employment status, the household income is computed using a regression
model with correction for selectivity.
The next step involves the estimation of permanent income of the
household. Permanent income is needed to estimate the value. Housing
values is estimated using in two steps. First, housing tenure choice is
estimated using a probit model of whether the household is under formal or
informal housing. Formal housing consists of owner-occupiers and renters.
On the other hand, informal housing are attributed to households who own
the house but rents (with or without consent of owner) the land. Then,
housing value is computed using a regression model conditional on the
tenure status with the appropriate correction for selectivity bias in the lines
of Lee and Trost (1978). Simulated values can then be visualized using GIS
and the output can be analyzed in a ‘complete-data’ setting.
MEMBER

Baseline
Characteristics

Unobserved
Characteristics

Computational
Objects/ Models

Variables
Province-ID
District-ID
Barangay-ID
Household-ID
Member-ID
Relation to hh head
Age
Sex
Marital status
Education
(Occupation)
(Employment sector)
(Income)
Methods
GetEconomictActivity
GetOccupation
GetEmploymentSector
GetIncome
...

HOUSEHOLD
Variables
Province-ID
District-ID
Barangay-ID
Household-ID
Household size
Age of hh head
Sex of hh head
Marital status of hh head
Education of hh head
(Economic activity of hh head)
(Occupation of hh head)
(Employment sector of hh head)
(Employment status of hh head)
Members [Vector]
Building type
Roof type
Wall type
State of repair
Year built
(Household income)
(Housing status)
(Housing value)
Methods
GetEconomicActivityofHead
GetOccupationofHead
GetEmploymentSectorofHead
GetEmploymentStatusofHead
GetHouseholdIncome
GetHousingStatus
GetHousingValue
...

Figure 4. Object representation of household microdata,

Figure 4 presents the object representation of the household microdata.
The object-oriented approach to spatial microsimulation modeling was
proposed by Ballas et al. (1999). Object-oriented programming offers a very

Improving Social Policy through Spatial Information

81

flexible platform for estimation and handling of very large data sets.
InformalSim is implemented in Java.
There are two major objects in InformalSim, namely, the member object
and the household object. These two objects contain variables and methods.
Variables correspond to the actual characteristics of the respective objects.
Variables are of two types-baseline (i.e. observed) and unobserved. Methods
contain computational codes or models that operate on the variables. Each
household object contains a vector (or collection) of member objects as
would be true in the physical sense. This representation is completely
convenient as the characteristics of the household are entirely dependent on
the members that comprise it. Moreover, the approach allows limitless
flexibility as future implementations may be conveniently incorporated into
the structure.
The current implementation of InformalSim consists of 10 modules. The
modules are executed sequentially as outlined in the microsimulation
process. The modules are as follows: 1) Economic activity, 2) Occupational
choice, 3) Employment sector choice, 4) Employment status, 5) Household
income, 6) Permanent income, 7) Housing tenure status, 8) Housing value,
9) Inequality measures and 10) Mapping and visualization. Figures 4 through
7 depict some of the results of the spatial microsimulation model.

Figure 4. Mean household incomes.

Figure 5. Informal housing tenure (% hh).

Figure 6. Mean housing values.

Figure 7. Informal employment (% hh).
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Validation was conducted in order to gain confidence on the simulated
values. The validation process generally makes use of reliable estimates of
parameters of interest using results from small area estimation. In this
particular case, the average household income of each traffic analysis zone
was used as the parameter for the validation work. Small area estimation
provides more reliable estimates since it incorporates the use of auxiliary
variables to estimate mean incomes for each traffic zone. The validation
process is depicted in Figure 8. There is generally good agreement between
simulated and benchmark values as show in Figure 9.
Survey data of
household incomes

Reliable estimates of
mean household incomes
at traffic zone level

Estimation of mean
household incomes
at the traffic zone level

STATISTICAL
SMALL AREA
ESTIMATION

VALIDATION
Estimation of household
characteristics including
household income

SPATIAL
MICROSIMULATION

Calculate mean
household incomes at
traffic zone level

Figure 8. Validation of spatial microsimulation output.

Validation of Microsimulation Results
EBLUP-DWELLING Benchmark
30000

Simulated Values

25000
20000
15000
10000
5000
0
0

5000

10000

15000

20000

25000

30000

Estimated True Values

Figure 9. Comparison of microsimulated and true values.
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CONCLUSION

The paper has reviewed the social policy-making context in developing
countries. The pressing challenges to the policy- and decision-makers
necessitate the greater use of spatial information in improving policy
analysis and program design. While literature on social policy presents a
continuing debate between universalism and targeting of program, it is
argued that a combination of universal coverage programs with some degree
of targeting may bring the highest potential in improving the performance of
social programs. Improvements in social programs should be measured in
terms of reducing Type I (exclusion of intended households) and Type II
(inclusion of unintended households) errors.
This paper has demonstrated the potential of new computational methods,
particularly, small area estimation and spatial microsimulation in
overcoming data problems in ‘data-poor’ environments. These two methods
enable the analyst to make full use of existing disparate data sets and
produce reliable and spatially-disaggregate information. The resulting
information can be utilized in various innovative ways to assess the
effectiveness of existing poverty alleviation programs. More importantly, the
resulting microdata sets can also be utilized in geographical targeting in in
combination with other criteria.
Finally, it is recommended that further research work be pursued in the
development of small area estimation and spatial microsimulation
approaches as practical tools for improving social policy.
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