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ABSTRACT 

The objective of this essay is to utilize a model of small area estimation in the Philip-

pines. Because of direct estimates are subject to be unreliable, some of the model in prac-

tice have been proposed, in particular the EBLUP model. The variables utilized are the 

following: head count ratio, income gap, poverty gap, severity of poverty, average annual 

income and expenditure, and food threshold. EBLUP estimates will be computed for each 

of these indicators with their relative MSE. After the analysis has been taken place, the 

EBLUP estimates are very close to the direct one. The reason could rely on larger sample 

size utilized on each region, even though it is not calculated in this analysis. Gamma coef-

ficients are smaller than unity so that the EBLUP estimates is showing a good model. How-

ever, the MSE gain is very small, only some regions in particular can be excluded but their 

interpretation change in which indicator is utilized. Only the Food threshold had some 

adjustment using the EBLUP model, meaning that the covariates used on the model have 

a strong relationship to this indicator. To obtain much gain in the MSE, the EBLUP model 

works much better if the sub-domains are extended to provincial and municipal level. 

However, it could not be implemented in this analysis as some information are not avail-

able. 

Key words: Poverty, Small Area Estimation, EBLUP model, head count ratio, income 

gap, poverty gap, severity of poverty, average annual income, average annual expendi-

ture, food threshold. 
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1.  INTRODUCTION 

 
The objective of this essay is to utilize a model of small area estimation in order to estimate the 
poverty indicators. Philippines is the location of study. Because of direct estimates are subject 
to be unreliable, some of the model in practice have been proposed. The poverty indicators are 
the following: head count ratio, income gap, poverty gap and severity of poverty. Other estima-
tions have been also used: average annual income and expenditure, and food threshold. Each 
of these indicators will be computed a new estimates with their relative MSE. In the end, the 
results will be the comparison between the direct estimates and that of EBLUP.  
 
Poverty is one of the most important issues and it is often discussed how to eradicate it. In order 
to do that, it is necessary to give a definition of poverty. In the literature, there are so many 
concepts that can be attributed to it. Therefore, the first chapter concerns its general definition 
to identify who are “poor” to have better results on policy-decision. Because of that, we need 
to quantify it firstly and take into consideration some factors, which are the unit of measure, the 
equivalence of scale, the poverty line and the poverty indicators. We begin to the unit of analy-
sis, which will be counted on the sample. It can be a singular person, family or household. Then 
it is necessary to define the equivalence of scale and the poverty line. Each country has its own 
definition so that it can be difficult to make comparison among them. The equivalence of scale 
is introduced by Engel, namely also as food ratio method. Another kind of this subject is the 
OECD scale, describing a certain weight of real income or consumption for each member of the 
family The poverty line is the quantification of income or expenditure to verify if a certain family 
can sustain its main necessity. It is divided on absolute, relative or subjective poverty. The abso-
lute poverty is based on basic food, while the relative one relies on income or consumption and 
the subjective one depends on the minimum income question. Their advantages and downside 
will be also illustrated. We go ahead by defining the axioms, which consist of desirable proper-
ties of the poverty indexes: monotonicity, transferability, subgroup consistency, symmetry and 
so on. They will be described better further. After these steps that have done, it will be discussed 
the poverty indicators: headcount ratio, income gap, poverty gap, severity poverty and other 
indexes. Each of them has a different meaning and we can have a more detailed poverty infor-
mation by putting them together. In addition, the unidimensional and multidimensional poverty 
will be presented, and which problems appear by using one of this definition. The unidimen-
sional utilizes only monetary variables, income or expenditure. However, this latter cannot give 
an exhaustive explanation of poverty. Therefore, the multidimensional poverty is relevant be-
cause it is based on social and non-economic variables such as the general health, education and 
infant mortality. Finally, the inequality measures are introduced. They are computed using dif-
ferent methods. It can be income percentiles and Gini index as shown in the last paragraph of 
this section. 
 
  
In the next chapter, the small area estimation (SAE) will be discussed and its relevance on meas-
uring poverty because a national indicator may summarize too restrictive. Therefore, it is used 
the sub domain level in order to estimates the spatial heterogeneity among regions, provincials 
or municipalities. We can find different methods to estimate SAE, either by the direct or the 
indirect one. However, the direct estimates are not efficient as the indirect one. It is possible to 
find small domains in which the sample size is very little so that the direct estimates has a high 
standard error. We start by describing the dataset sources: CENSUS, surveys and auxiliary data. 
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Then, it is introduced the general model to construct SAE: design-based model, model linking 
and linear mixed model. The last model will be described extensively because it allows us to 
derive EBLUP. The following paragraph will be described how to derive the Empirical Best Linear 
Unbiased Predictor (EBLUP). From the linear mixed model, Henderson has developed a BLUP 
estimator, in which the BLUP estimator of θi is obtained. Then, the nested-error model will be al
so presented. Moreover, MSE will be estimated and the procedure of the parametric bootstrap 
will be shown.  The second model that is considered here is the Empirical Bayes (EB) or Empiric
al Best Predictor (EBP). Its MSE is also estimated. The last model is the poverty mapping using 
data from a survey, which is combined together to the CENSUS. Once the erratic term and the 
household level effects are calculated with the estimation of household specific variance, we can 
go on to the simulated values of the consumption expenditure for each household. Then, the 
loss in precision using census aggregate is presented. Finally, the measurement of poverty is 
computed after the simulation.  
  
The third chapter introduced a general situation of poverty in the Philippines. 
 
The forth chapter concerns about the poverty analysis in the Philippines. The direct estimates 
are headcount ratio, income gap, poverty gap, severity of poverty. Food threshold, average an-
nual income and expenditure are added to the analysis. Then, we collect covariates from the 
macroeconomic indicators. The model utilized is the EBLUP to obtain more efficient estimates. 
Using R program, gamma coefficient will be computed. It allows us to find the EBLUP estimates 
and to compare it to the direct one by calculating their relationship. The ratio of MSE will show 
us if there is any gain of efficiency and how many percentage it is. 
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2. POVERTY 

 

2.1.  GENERAL DEFINITION OF POVERTY 

Poverty can be defined as somebody who is homeless, cannot afford basic food and clothing. 
Similarly, if a person who is retired and cannot make ends meet or does not have money to buy 
goods or services that are commonly necessary to sustainability. However, which is exactly the 
correct concept? 
In practice, many definitions can be attributed to poverty. It is important to choose a specific one 
in order to compute the level of poverty and to know how to address the policy-maker. Different 
treatments of these arguments bring various results, so that it may change the poverty effects 
on the population considered. Therefore, to divert to these problems, it is important to analyze 
some factors, which are listed below: 
 

1. Unit of analysis; 
2. Choice of equivalence scales; 
3. Poverty lines; 
4. Poverty indicators; 
5. Unidimensional and multidimensional approach. 

 
It is important to add the advantages and critical points of view of each definition. Every country 
has its own concept, determinants and methodology to compute poverty, so that there are some 
difficulties regarding the comparison between the results. Another element that causes this rel-
ative problem, is the cost of living of each nation. The last one can be partly resolved using the 
Purchasing Power Parity (PPP) and transform it into the current U.S. dollars. Besides, more con-
cern must be given to who lives on less than USD 2 per day and to a smaller account, which 
implies that their expenses is completely for survival needs. In the end, the main purpose is to 
show the trend of that relative country to address the right policy to deprive poverty.  
Another issue to take in consideration is the inequality. If we analyzed all the changes of absolute 
poverty, we can say that the percentage has decreased, even if it remains a considerable number. 
The disparities between countries is getting larger due to many factors over time, which brings 
us to our situation nowadays. These factors are mainly political, social, cultural and economic 
causes. Inequalities measure are determined by Lorenz Curve, Gini equation and Income per-
centile. 
 
 

2.2.  UNIT OF ANALYSIS 

It is common to utilize the household units, which is a group of people who are living in the same 
dwelling and share their expenses. For instance, an income family distribution can indicate the 
well-being of the population considered. On the other hand, individual units are used in other 
types of research and it is a singular person who has specific requirements to be included in the 
sampling. It expresses the generic character of a nation, such as population’s average number 
and gender. Mostly, the family size is more convenient because the income is extended to all the 
members. Then, this latter will be supplemented using equivalence scale. 

 



K. Mauro Small Area Estimation of Poverty in the Philippines 2016 

 

5 

 

 

2.3.  CHOICE OF EQUIVALENCE SCALE 

The equivalence scale is relevant because every family member has a different share in the over-
all expenses, given a certain income distribution. Adults have a higher quota than children do, 
so by defining it, then it is possible to see each average of their contribution. It changes in every 
country and until now, it is the subject of numerous studies to be more appropriate and apply 
then to their relative nation. Its definition to transfer into computation may be quite difficult 
because of the differences of characteristics concerning the number of family’s composition, 
their ages and preferences. Moreover, many surveys are using household units, so that a vector 
of coefficients reflecting the income’s individuals is necessary. Hence, it is possible to obtain the 
equivalised disposable income by the ratio of the family’s income and the coefficients deter-
mined before. 
The first studies were based on the food ratio method, in which Engel argued that as the family 
size increases, so the expenditure for food, in order to maintain the same level of well-being. He 
also said that the function of the expenses would tend to increase less proportionally in case of 
higher income. Therefore, he defined the equivalent scale as the ratio between two household 
incomes, given the same amount of food expenditure. 
Engel’s method of iso-prop, in which he considers the relevance of clothing and house’s utilities 
as well as foods to define the utility level, is also relevant. 
Another description is made by Rothbarth, who considers adult goods as a factor of well-being. 
In this case, the equalized income is computed by comparing one’s household expenses to the 
general one. 
Other types of concepts can be based on consumer theory. 
 
There is not only one measure, but household’s size and other factors relative to the specific 
population must be taken into consideration.  
For instance, OECD scale-modified is applied in some countries: 
 

 

OECD 
scale 

OECD scale-modified 

first adult 1 1 

additional 
adults 0.7 0.5 

children 0.5 0.3 
 

 
 

2.4.  POVERTY LINE 

The poverty line is a boundary in which the value of the poverty’s level is set. Given the principal 
elements to identify who are poor, e.g. the variables and the units of analysis, it is then possible 
to determinate this quantity. After measuring it, a household or a family is said to be poor if they 
do not across this boundary. 
In practice, it is relative to a certain income’s level or expense function. 
Mostly, it is possible to aggregate it into three groups, which are widely used: 

1. Absolute poverty 

2. Relative poverty 
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3. Subjective poverty 

 

Absolute poverty considers the importance of the basic needs and sustenance of each family. 
Therefore, it is necessary to determine which goods and services are highly important, which will 
be part of the basket of basic needs. At this point, there will be a list by Province or by Region 
with each value and updated every year, considering the changes in expense cost. This relies on 
many factors like the region they are living, economic and social group, and their different group 
characteristics. In the end, the poverty line is set to whom are not capable to provide the mini-
mum value. This method is called Cost of Basic Needs, which is computed as the sum of survival 
food needs, basic non-food needs and basic food needs for economic and social activity. 
An alternative method is the Food-Energy Intake, which aims to find the monetary value of a 
certain predetermined food bundle for the maintenance human body energy and to set the pov-
erty line. Factors such as individual character, time relative to the observation and food energy 
are the reason of different result to this latter. It is not necessary to adjust the price index.  
To sum up, the definition of this part can be distinguished as a concept of sustenance or as a 
minimum acceptable level of life. The former influences life itself due to lack of resources, 
whereas the latter is somebody who cannot manage to pay for goods and services to have a life’s 
level acceptable in the area considered.  
Hence, absolute poverty is an economic condition of incapability to purchase basic needs, irre-
spectively of the mean standard life of the overall population considered.  
 

Relative poverty, however, is based on income or consumption. By doing so, poverty is measured 
through the comparison of the overall of these variables considering a certain group of 
population. Hence, here the relevance is on the mean living standard and every country has a 
fixed percentage of media or median of the income/consumption in order to determine the pov-
erty line. It relies on choosing the variable to estimate and to construct its distribution every year. 
It is important to take note that this involving only that specific country as the others have 
different distribution of income/expenditure. Problems may appear about the comparability be-
tween time and space. While the latter has been argued before, the former is due to the real 
representation of income distribution. For instance, it is possible to have a period of positive 
economic cycle, where everybody benefits from its results. In these cases, the consequence on 
poverty does not changed if these benefits have been equally distributed among the entire 
household. This effect is also attributed during a recession period, where the family’s income 
become lesser.  
Thus, the relative poverty line is correlated to the standards of predominant life of that relative 
group and it is dependent to that social, economic and cultural characteristic. Because of the 
problems showed above and the effects on the changes of distribution, it is preferable to com-
pare it with the definition of absolute poverty.  
 
The subjective poverty is based on personal family’s judgment of their actual situation. It is 
based on minimum income question (MIQ), whether they have enough income to meet the basic 
needs. By these answers, it is possible to set the subjective poverty line, where if a family is 
satisfied with their condition of income level, then they will set above the poverty line; otherwise, 
they will set below. 
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2.5.  POVERTY INDICATORS 

Before going ahead, it is well to define the axioms that provide good properties to the indexes 
and choose among them which are preferable. 
 
Monotonicity Axiom – If there is a reduction in the income for those below the poverty line, the 

index measurement should go up. 

Transfer Axiom – If there is some transfer of income from the individual considered poor to who 

is rich, the poverty measure should increase. 

Subgroup Consistency Axiom – the overall level of poverty must decrease if the poverty of some 

within a subgroup of a population goes down whereas the between group remain unchanged. 

Symmetry Axiom – the index remains unchanged even if the poor’s income is inverted to the 

rich one. 

Mean Independence Axiom – it is irrelevant to the index if the overall income is multiplied at 

the same constant. 

Population Size Independence Axiom – if the population has changed, the poverty measure-

ment will be at the same level as initially. 

Decomposability Axiom – the index can be decomposed in different population groups. 

 
 
After describing the axioms, the main indexes are presented in order to quantify poverty and 
how severe it is.  
 
 
 
 

Headcount Ratio 

The index most used is the headcount ratio for its simple comprehension and because of the way 
it is computed. It represents the percentage of family or households who are below the poverty 
line.  
 

H =
q

N
 

 
It is the ratio between the households who do not cross the poverty line (q) and the total popu-
lation (N). 
However, there are weaknesses to be considered because some desirable properties are not 
satisfied: monotonicity, transfer and subgroup consistency axioms. Another limit is the dichoto-
mization between poor and non-poor, without considering how severe the poverty is. Conse-
quently, it may cause some problems because every poor has the same weight, even to those 
who are closer to the poverty line. Lastly, it must be noted that this index is mostly expressed in 
household units. On the other hand, using individual units has a better result, without consider-
ing whether if it has a smaller or a larger household. 
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Income Gap 

It indicates how the percentage of poor’s income is below to the poverty line. It satisfies the 
monotonicity and the transfer axiom, where the last one must be under constrained to those 
who change their status by becoming non-poor.  

I =  
1

q
∑ (

z − yi

z
)

q

i=1

 

In this formulae, yi is the consumption or income of the ith family and z is the poverty line. How-
ever, it does not reflect the real results in case of somebody that jump the limit defined. This is 
because it is an indicator which considers only the mean income of poor. Therefore, it has an 
opposite result due to that relative person that is not counted anymore.  
 

Poverty Gap 

To deviate to this last problem, we must take in consideration the index with respect to the total 
population. This indicator is the poverty gap, expressed as a proportion of the poverty line. 
 

P =  
1

N
∑ (

z − yi

z
)

q

i=1

 

 
It satisfies the monotonicity, but not the transfer axiom. 
 

Severity Poverty (Foster-Greer-Thorbecke) 

It expresses the mean distance from the poverty line and it is calculated to the total population. 
It also represents the mean value to transfer to the poor people in order to have the same in-
come as the limit defined. It satisfies the main properties of poverty index. 
 

FGT =  
1

N
∑ (

z −  yi

z
)

α
q

i=1

 

 

When α = 0, then it is the headcount ratio; if α = 1, then it represents the poverty gap ratio. 
Greater α means a better understanding on how severe the poverty is, giving a higher value to 
the poorest people. In this case, α is a measure of adversity to the poverty. It is called Poverty 
Severity when α = 2. It also has an advantage in that these three results can be compared to each 
other and give a wide knowledge of the poor’s average and poverty gap together. For instance, 
it is possible to analyze if some groups are numerously poor but not deeply so and vice versa.  
 
 

Sen Index 

Sen has proposed a combination among indexes studied above and the Gini coefficient. 

S = HGq + P(1 − Gq) 

Every factor on this formula varies between 0 and 1. Therefore, if each of them is equal to 0, 
then the whole household is not considered poor. Otherwise, if nobody of them do not across 
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the poverty line, then Sen index is equal to 1. Another result is the case of income distributed 
equally (Gq = 0), so that S = P. 

 
 

 

Watt’s Measure 

An additional preferable index is Watt’s measure. Although it satisfies the monotonicity and 
transfer axioms, it is not widely used on the practical computation.  

W =  
1

N
∑[ln(z) − ln (yi)]

q

i=1

 

 
Using measure, in which it is then divided to growth rate (g), it is possible to obtain how many 
years is needed to exit from the poor area. 
 

t ≈
ln(z) − ln(yi)

g
=  

W

g
 

 
 

Critical points of view 
These measurements are very important to see the trend of poverty of each country. However, 
as mentioned before, the poverty cannot be dichotomized between poor and non-poor. 
In addition, the determinants of income or expenditure shows partly the real situation of pov-
erty. It must be supplemented with other variables such as health, life expectancy and educa-
tion. This analysis is about the multidimensional approach and it will be discussed at the next par-
agraph.  
 

 

2.6.  UNIDIMENSIONAL AND MULTIDIMENSIONAL APPROACH 

The unidimensional approach is based on monetary variables: income is frequently used as well 
as expenditure. Income is the total revenue from different types of jobs, land or capital busi-
nesses. In many cases, the real amount is difficult to compute because of the taxes on it. The 
disposable income, on the other hand, is the means by which a family satisfy their needs. 
Expenditure is a measure of poverty that can be considered more reliable than income, since it 
represents permanent income that reflects their life standard in long terms. However, it must be 
pointed out that expenditure is relative to a particular social life, basic needs and other geo-
graphical characters.  
Therefore, by using one or more of these variables, it is possible to identify poverty, given the 
definition of absolute or relative showed before. It is called “poor” who cannot across the value 
of the poverty line and has not enough resources to the basic expenses, relatively to the overall 
population. 
 
In practice, poverty can be measured using other definitions, which consist of the multidimen-
sional and the subjective one. The former relies on many factors, such as longevity, health, oc-
cupation, education, housing, accessibility on water and electricity, and many main types of 
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amenities to be considered well-being or not. This definition came after Sen’s theories of capa-
bilities and functionings1. Whereas the subjective one is based on personal judgment of respond-
ents and different variables that a researcher include on the questionnaire. This latter can follow 
either the statistical method, so that the results are efficient and reliable, or not, because of 
problems due to time, data collection or space. 
 
It can be proved that the unidimensional approach can be useful. For instance, an analysis in 
Luxemburg is taken, where the poverty line is set at 19,400 € and the overall population on the 
sampling is 13,423. It is shown how poverty is getting worse without the social transfers and it is 
quite close to the half percentage of the population that will be deemed “poor” if it is not 
counted any transfer payments and retirement benefits on the disposable income. 

 

    
Headcount Ratio

 (HCR) 

case 1 disposable income 14.50% 

case 2 
disposable income, without transfer payments 

29.06% 

case 3 

disposable income, without transfer payments an
d retirement benefits 45.02% 

Source: Essay on poverty’s analysis in Luxembourg based on monetary variable (in-
come), a group elaboration with Jessica Solari and Lucia Cafaro. 

 

Mostly, in high-income countries, these services are guaranteed and its data are available, 
whereas in other nations they there may be fewer of these services or none of them. If this 
method is then applied to a middle or low-income country, it does not show the social effects 
effectively and HCR has a unique meaning. Hence, this measure and this approach are not 
enough. To sum up, there are two problems concerning the unidimensional approach: the use 
of monetary variables and how to determine the poverty line. 
To resolve these problems, a multidimensional approach is used, which is based on many deter-
minants for a better and exhaustive explanation of poverty.  It describes a wide concept of pov-
erty because it uses social and non-economic monetary factors. And finally, there is no dichoto-
mization between poor and non-poor. 
Because of the numerous variables, some of which have been mentioned before, it is necessary 
to verify if they are measurable. Moreover, it introduces the problem of a complex analysis as 
the number of determinants are getting larger. Therefore, it is possible to attribute a relative 
weight to each of them or to use a cluster analysis. Nonetheless the latter cuts off some of the 
variables. We can tolerate some loss of information because some of it will be overlapped. Ei-
genvalue, cumulative portion or scree plot are the methods to use in order to choose which 
factors will be analyzed. For example, the cumulative ratio will express the share of total varia-
bility that is explained by the principal components. In the end, it is possible to interpret the 
output of the Factor Model, on which the main variables that describe it better are associated. 
 
"Development is the desired change from a life with many sufferings and few choices to a life 
with satisfied basic needs and many choices, made available through the sustainable use of nat-
ural resources." 
In some aspects, it is similar to the definition of poverty, except that its development is a concept 

                                                      
1 Commodities are the means to satisfy the essential needs. He argued that the main components is not itself the mon-
etary variable, but how to obtain our life’s purposes (functionings), by the commodities and the capabilities. 
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more huge, in which include the poverty and how to eradicate it.  
Nowadays, Sen’s method is applied to Human Development Index (HDI), which indicates that 
poverty is measured by longevity, education and standard of living. Each of them has an equal 
weight to the total indicator. However, it must be noted that a higher income is not always asso-
ciated with a better social and developed life. In fact, some of the determinants may be ineffi-
cient because of the government system or lack of investment, despite their increasing GNP. 
Moreover, the different characteristics among countries must be consider, so that it is possible 
to add further adjustment indicators.   
An additional study is attributed to John Rawls, who defines well-being as based on “justice”. 
This latter is expressed by liberty, equality and reward for services contributions. 
Other international measurements can be found in Multidimensional Poverty Index, Gender De-
velopment Index and Inequality-adjusted Human Development Index (IHDI), apart from HDI. 
Some authors, like Rosling, argued that the division between two different groups of poor and 
non-poor is not possible anymore. A new taxonomy is provided also by the World Bank, which 
divides them according to the gross national income: family in a high-income country (from 9,076 
USD), middle income-country (2,936 – 9,075 USD), low-income country (lower to 736 USD) and 
collapsed country. 
The development indexes do not to substitute the poverty indicators based on monetary variable 
that have been proposed above, but to give a wider interpretation of poverty as a whole and to 
address the right policies for that relative determinant which is deprived towards a targeted 
group.  
 
 

2.7.  INEQUALITY MEASURE 

To go deeper into poverty, the inequality measure should also be taken into account. It is the 
disparities of resources on the entire population. 
To represents this indicators, the income’s variable as well as the expenditure is used. The in-
come percentile and the Gini coefficient is most widely used. 
Income percentile divides the population into fifth (quintiles) or into tenth (deciles) ranks from 
the poorest to the richest income, in which it is shown the proportion or the cumulative at each 
level. As a result, it is possible to see how much the income is distributed among the whole 
population.  
Another measurement is the Gini Index (G). Graphically, it is derived from Lorenz curve, in which 
the income inequalities are presented and how much larger it is. Firstly, it is necessary to draw a 
graph, where on the abscissa axis there will be the cumulative income’s percentage, while on 
the other there will be the cumulative population’s percentage. Then, the curve is traced, which 
indicates the association of the cumulative population who holds correspondingly the cumula-
tive income. Special cases are the perfect equality income distribution and the maximum con-
centration of the total income to a singular person. In the former case, the curve is on the diag-
onal line, whereas on the latter there is a flat line as the population has no income up until the 
highest point, denoting the total income distribution for that person. However, real situation is 
an intermediate between them. Gini Index provides how much divergence there is between the 
perfect equality and to the Lorenz curve. If G is equal to zero, then there is perfect equality, while 
if G is equal to unity, it represents the second special case mentioned before. It satisfies the mean 
independence, population size independence and symmetry properties, but not decomposabil-
ity. 
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In conclusion, a vast definition of poverty has been discussed. Many indicators measure different 
aspects of poverty. One of the problems is the comparison in space, so that the relevance of the 
absolute definition is then applied, although the local descriptive analysis and the differences 
among Regions and Provinces must be also added. Inequalities measure describe the income’s 
distributions to the whole population. Other social indicators show human development as a 
wider vision of poverty. Hence, it is possible to analyze poverty by using this information and to 
address equal policies among the population. 

 

 
3.  SMALL AREA ESTIMATION 

 
3.1. DEFINITION OF SMALL AREA ESTIMATION (SAE) 
 

After a general description of poverty and inequality, the next topic is the small area estimation. 
It is necessary to take into account the spatial heterogeneity because a national indicator may 
summarize too restrictive. Therefore, a disaggregation of different levels within the country is 
needed, which is also named as “domain”. The small area estimation provides precise estimates 
of a relative variable of interest for any domain and of which are neither available in any surveys 
nor censuses. Domains can be either geographical (e.g. regional, provincial, municipal) or sec-
toral. The aim of this analysis is to point out how much poverty is distributed geographically. The 
other reasons for this use in practice are to identify the poverty’s geographic factors and to ad-
dress effective transfer payments to who are considered poor. On the other hand, the sectoral 
one concerns about demographic characteristics such as age, gender or race, and about the anal-
ysis of different sector activities and businesses. As we go deeper on the subdivision of adminis-
trative units, it shows how poverty and inequalities are getting wider among them. Many tech-
niques have been applied in this issue. Precision and efficiency rely on the collection of the data 
sources, to their quality itself, to the sample size and to the minimum mean squared error among 
different methods. 
The main procedure to the computation can be either the direct or the indirect estimator. How-
ever, it will be shown that it is more convenient the latter one in the practice. In fact, the small 
area estimation is a combination of survey and census data, with a more detailed variability on 
it. 
Within the model-based estimation, it will be analyzed deeply the EBLUP estimator. In addition, 
the Empirical Best Predictor will be presented. The last method is the poverty mapping, in which 
will be included all the steps to construct it. These tools are important to analyze better the 
domains’ disaggregation and to offer a simple comprehension of a relative indicator, e.g. poverty, 
undernourished children and other social indexes. Moreover, it will be described the loss in pre-
cision of the second method defined before, whereas the first one concerns about a re-estima-
tion of the direct indicator and gives more accurate results, in which the main purpose is to 

lessen the poverty’s standard error where it is necessary. 
 
 

3.2. DATA SOURCES 
  

The principal data sources are the censuses, surveys and auxiliary data, on which Geographic 
Information Systems (GIS) is well used. A census is carried out on the whole population, but it 
takes too much time and it is very expensive if done every year. Other disadvantages are that 
many indicators are missing and it becomes outdated. This latter can be partly resolved by using 
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postcensal estimates. But much information is needed. Surveys, however, are collected more 
often than the first one. They are focused on specific analyses like the income or consumption 
and give wider information for subpopulation. It uses a large sampling size in order to give relia-
ble results. It is possible to extract more information by combining them together and generate 
the small area estimation. 
 
The relevance of GIS in practice are listed below: 
- to simplify the PSU stages; 
- measure accessibility, like the public infrastructure and the distance towards to the public san-
itary; 
- to extract data on climatic vulnerability, which influence some sectors and the poverty itself. 
 
It is also important which variables are selected to insert on the analysis, which depends on the 
well-being and poverty line definition chosen and whether to use the monetary or non-monetary 
variables. This point must be clear in order to collect the factors to the final computation of unit 
administrative levels.  

 
 
 

3.3. GENERAL MODELS TO CONSTRUCT SAE  

 
Before going ahead, there are three kinds of models that can be applied to estimate the small 
area: 
- Design-based approach 
- Model linking 
- Linear mixed model 
 
The design-based approach analyzes a representative sample area in order to describe a certain 
quantity and it holds to the whole population. It is based on inclusion probabilities, which is then 
used to compute to each of observations in the sample. This model leads to the Horvitz-Thomp-
son estimator. Statistical properties such as the unbiasedness and consistency are satisfied. The 
former means that the estimator is correct, while the latter consist of that its variance tends to 
zero if the sample size increases. As the estimator, with its mean and variance, are determined, 
it is possible to construct the interval confidence, where the real value lies at a significant level, 
α. The model linking, on the other hand, is based on the stochastic relationship between the 
variable independent and the dependent one. Therefore, random effects are on the parameter 
and it considers an additional erratic term on it. It is useful in the practice because it can interpret 
which determinants are more significant, the factors that influence a relative analysis. By bor-
rowing the strength to both of them, it is constructed the combined model. The purpose of this 
last model is to obtain an unbiased estimator, applying a model and, at the same time, using a 
design-based approach. This last model will be discussed in the subsequent paragraph. 
 
Another classification can be the direct and the indirect estimators, either. Direct estimators are 
the censuses and the surveys. Because of the incompleteness in data sources and the unplanned 
surveys for any domains, it is necessary to use also the indirect estimators. However, some res-
olutions can lead towards an optimal direct estimator, relying on many factors. Most of the sur-
veys and censuses are based on large area. Therefore, by providing many small strata, it is pos-
sible to draw sample on each of them. Another solution is minimizing the clustering effects be-
cause it reduces the effectiveness of the sample size. A different resolution is based also on the 
sample allocation, integration of surveys, dual frame surveys and repeated surveys (Rao, 2003).  
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The indirect estimator is more utilized in practice because of the higher reliability. This latter may 
be split into the implicit and explicit model. The implicit models are synthetic and composite 
estimators. Their minimum standard error is smaller than the direct estimators. Examples of ex-
plicit models are EBLUP, Empirical Bayes and Hierarchical Bayes.  

 
 
3.4.  LINEAR MIXED MODELS 
 
Given a vector of p auxiliary variables, xi, we are interested in estimating a parameter, 𝜃𝑖. 

𝜃𝑖 = 𝑥𝑖𝛽 + 𝑧𝑖𝑣𝑖 
It is assumed that the direct estimators are available at sub-domain levels and an unbiased frame 

sampling is defined as:  𝜃𝑖 = 𝜃𝑖 + 𝑒𝑖 
 
In this paragraph, it is presented the general linear mixed models with more details and its ap-
plication, following up on: 
- Unit-Level Population Model 

- Area-Level Population Model 

- Synthetic and Empirical BLUP 

- Contextual Model 

 
 
The properties of the BLUP estimator are: 
- Best: minimizes the prediction error 
- Linear: linear mixed model from Fay-Herriot 
- Unbiased: the expected value of the estimator is zero 
 
Ordinary Least Square: 

�̂� = 𝑎𝑟𝑔𝑚𝑖𝑛𝛽(𝑒∗′𝑒∗) 

 

By the derivative respect to 𝛽, it is then obtained the solution of the estimates of �̂�. 
 

�̂� =
𝑋′𝑉−1𝑌′

𝑋′𝑉𝑋
 

 
 
 
Unit-Level Population Model 
It computes the population values and it is based on the auxiliary variable, including fixed and 
random effects. Both of these latter are assumed to be identically and independently distributed 
and with a Normal distribution. 

𝒀 = 𝑿𝛽 + 𝒁𝒖 + 𝒆 
 
where Y is a vector of the unit population values considered on the whole small area, X is a vector 
of all the auxiliary variables, with the random effects, σu, and the random errors, σe. By the Max-
imum Likelihood and its log-likelihood function, it is possible to estimate β, given that σu and σe 
are known. Whether it is unknown, Fisher scoring algorithm is utilized to determine all the pa-
rameters: β, σu and σe.  
An example of this model is the nested-error model, where 𝑦𝑖𝑗  is the value of target variable for 

unit j within area I and 𝑣𝑖 is the random effect of area i: 
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𝑦𝑖𝑗 = 𝑥𝑖𝑗
𝑇 𝛽 + 𝑣𝑖 + 𝑒𝑖𝑗 ,      𝑗 = 1, … , 𝑁𝑖 ,      𝑖 = 1, … , 𝑚 

 
𝑣𝑖~𝑖𝑖𝑑 𝑁(0, 𝜎𝑣

2),      𝑒𝑖𝑗~𝑖𝑖𝑑 𝑁(0, 𝜎𝑒
2) 

 
 
 

Area-Level Population Model  
It is possible to obtain the area-level model by aggregating the unit-level model to area levels. 
Here it is presented the population area means:  
 

�̅� = �̅�𝛽 + 𝒖 + �̅� 
 
The notation is similar to the first model, apart from that it considers mean vectors of each area 
on it.  
 
 
An application of this model is the Fay and Herriot model, which includes: 

 Area effects, vi 

 Sampling errors, ei 
 It is also characterized by these elements: 
- Fixed effects, the expected value of the independent variable, y. 
- Random effects, which influence the variance-covariance. 
This model leads on Empirical Best and Linear Predictor. It is a combination of a model linking 
area relative to a parameter of interest 𝑦�̅� and a sampling model. 
 

𝜃𝑖 = 𝑔(�̅�𝑖) = 𝑥𝑖
𝑇𝛽 + 𝑣𝑖,      𝑖 = 1, … , 𝑚 

𝑣𝑖~𝑖𝑖𝑑 𝑁(0, 𝜎𝑣
2),    𝜎𝑣

2 𝑢𝑛𝑘𝑛𝑜𝑤𝑛 
where vi is the variation between areas. 
 
 

𝜃𝑖
𝐷𝐼𝑅 = 𝜃𝑖 + 𝑒𝑖,      𝑖 = 1, … , 𝑚 

𝑒𝑖|𝜃𝑖~𝑖𝑛𝑑(0, 𝜓𝑖),         𝜓𝑖 𝑢𝑛𝑘𝑛𝑜𝑤𝑛 
where ei is the random effects 
  
Combining them together, we obtain: 
 

𝜃𝑖
𝐷𝐼𝑅 = 𝑥𝑖

𝑇𝛽 + 𝑣𝑖 + 𝑒𝑖 ,        𝑖 = 1, … , 𝑚 
  
 
Given this model: 

�̅�𝑑 = 𝑥𝑑𝛽𝑑 + 𝜇𝑑 + 𝑒𝑑 
The BLUP estimator: 

�̂̅�𝑑
𝐵𝐿𝑈𝑃 = �̃�𝑑 = 𝑥𝑑�̃� + �̃�𝑑 = 𝑥𝑑�̃� +

𝜎𝑢
2

𝜎𝑢
2 + 𝜎𝑑

2 (�̅�𝑑 − 𝑥𝑑�̃�) 

The EBLUP estimator, by substituting �̂�𝑑
2 to 𝜎𝑢

2: 

�̂̅�𝑑
𝐵𝐿𝑈𝑃 =

�̂�𝑑
2

�̂�𝑢
2 + �̂�𝑑

2 �̅�𝑑 +
�̂�𝑢

2

�̂�𝑢
2 + �̂�𝑑

2 (�̅�𝑑 − 𝑥𝑑�̃�) 
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Random effect variance estimation of this model could be defined by different methods de-
scribed below. 
 
 
 
1. Method of moments 
 

�̂�𝑢
2 =

1

𝐷 − 𝑝
[∑ �̃�𝑑

2

𝐷

𝑑=1

− ∑ �̂�𝑑
2

𝐷

𝑑=1

(1 − 𝑥 (∑ 𝑥𝑑
′ 𝑥𝑑

𝐷

𝑑=1

)

−1

𝑥𝑑
′ )] 

 
 
 
2. Maximum likelihood method: 
 

𝑙(𝜎𝑢
2, 𝛽; 𝑦) = −

𝐷

2
ln 2𝜋 −

1

2
ln|𝑉| −

1

2
(𝑦 − 𝑋𝛽)′𝑉−1(𝑦 − 𝑋𝛽) 

3. REML method: 
 
  

𝑙𝑅(𝜎𝑢
2; 𝑦) = −

𝐷 − 𝑝

2
log 2𝜋 +

1

2
log|𝑋′𝑋| −

1

2
log|𝑉|

−
1

2
𝑋′𝑉−1𝑋 −

1

2
𝑦′𝑃𝑦 

 
  
 
Synthetic and Empirical BLUP (regression coefficients are available) 

From the estimates of regression parameters, which are �̂�𝑈and �̂�𝐴, it is possible to introduce 
the synthetic techniques, which consist of linking the variable of interest to the auxiliary variables: 
 

�̂̅�𝑆𝑈 = �̅�𝑘
′ �̂�𝑈 

 

�̂̅�𝑆𝐴 = �̅�𝑘
′ �̂�𝐴 

  
The derivation of EBLUP is discussed in the subsequent paragraph.  
 
 
Contextual Model 
This model is a combination of the covariates individual and area level. It is useful in practice as 
in some cases it is necessary to add the latter to the individual level model. It also allows 
analyzing the ecological fallacy’s effect, which is a divergent result of the regression coefficient 
estimates from the expectations.  
It includes the area-level covariates, called as “contextual effects”: 
 

𝑌𝑖𝑘 = 𝑿𝒊𝒌
∗′ 𝛽∗ + 𝑢𝑘

∗ + 𝑒𝑖𝑘
∗  
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3.5. EMPIRICAL BEST LINEAR UNBIASED PREDICTOR (EBLUP) 
 

After a general description of different models of small area estimation, in this paragraph is pre-
sented the EBLUP. Its properties are: 
- Linear because it derives from mixed linear model 
- Unbiased as the estimate is correct and it is equal to the expected value. 
- Best because it has the smallest MSE within the overall linear unbiased estimators 
 
BLUP ESTIMATOR 
Given a general linear mixed model: 

𝒚 = 𝑿𝜷 + 𝒁𝒗 + 𝒆 (3.5.1) 
 
where y is the output and it is a vector of n x 1, while X and Z are full rank matrices. 
It is then analyzed its linear combination: 

𝜇 =  1𝑇𝛽 + 𝑚𝑇𝑣 (3.5.2) 
 
Henderson had proposed the following BLUP estimator, for known 𝛿: 
 

�̃�𝐻 = 𝑡(𝛿, 𝑦) =  1𝑇�̃� + 𝑚𝑇�̃� = 1𝑇�̃� + 𝑚𝑇𝐺𝑧𝑇𝑣−1(𝑦 − 𝑋�̃�)  (3.5.3) 

where: 

�̃� is obtained using BLUE of β: �̃� = �̃�(𝛿); (3.5.4) 
 

�̃� =  �̃�(𝛿) = 𝐺𝑧𝑇𝑣−1(𝑦 − 𝑋�̃�). (3.5.5) 

 
 
BLUP ESTIMATOR OF μI 

From the combined model: 

𝜃𝑖
𝐷𝐼𝑅 = 𝑥𝑖

𝑇𝛽 + 𝑏𝑖𝑣𝑖 + 𝑒𝑖,     𝑖 = 1, … , 𝑚 (3.5.6) 
 
and by substituting some parameters of (3.5.3) on it, we obtain: 
 

𝜇𝑖 = 𝜃𝑖 = 𝑥𝑖
𝑇𝛽 + 𝑏𝑖𝑣𝑖 (3.5.7) 

 
where 1𝑖 = 𝑥𝑖  and 𝑚𝑖 = 𝑏𝑖. At the end, the BLUP estimator of θi is the following: 
 

�̃�𝑖
𝐻 = 𝑥𝑖

𝑇�̃� + 𝛾𝑖(𝜃𝑖 − 𝑥𝑖
𝑇�̃�) =  𝛾𝑖𝜃𝑖 + (1 − 𝛾𝑖)𝑥𝑖

𝑇�̃� (3.5.8) 

 
 
EBLUP ESTIMATOR 
Here is considered the δ unknown. Therefore, it is necessary a two stage estimator because of 

the estimation of the variance parameter δ: δ̂ =  δ̂(y), so that it becomes μH = t(δ̂, y). 

It remains an estimator unbiased under certain condition (Rao, 2003). 
 

 
3.5.1.  BLUP under the Fay-Herriot model 
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To sum up, the combination of a direct estimator and a model linked gives us the Fay-Herriot 
mixed model. Then, it is presented the linear and unbiased estimator of θi: 
 

θi
BLUP =  xi

Tβ̃ +  vĩ (3.5.9) 
 
In some cases, micro data could not be obtained and here is the importance of this method. It 
has been shown before the derivation of EBLUP, which is a model that estimates small area for 
each θi. It represents the weighted mean of the direct estimator and the regression synthetic 

estimator xi
Tβ̃, in which β̃ has properties of BLUE.  

 

θ̂i
EBLUP =  γiθ̂i

DIR + (1 − γi)xi
Tβ̃ (3.5.10) 

 
The relevance of weight is given to the former element, the direct estimator, in the case of small 
sampling variance. Otherwise, it weighted more the synthetic estimator. This latter is based on 
the coefficient β, using the linear regression. However, the synthetic estimator does not count 
the area-based random effects, so that this estimator cannot be precise alone. The larger is the 
sample size, the more reliable the direct estimator. Combining both of these components, we 
obtain a composite estimator and a more accurate indicator’s result. 
The other elements of the model are computed as: 
 

β̃ = (∑ γi𝐱𝐢𝐱𝐢
𝐓m

i=1 )
−1

∑ γi𝐱𝐢θ̂i
DIRm

i=1  (3.5.11) 

 

vĩ =  γi(θ̂i
DIR − 𝐱𝐢

𝐓β̃) (3.5.12) 

 

γi =  
σv

2

σv
2+ψi

 (3.5.13) 

 
  
The gamma coefficient is called as shrinkage factor. It measures the relationship between the 
model and the total variance. The lesser is the shrinkage factor, the better is the estimate, which 
will gain more accuracy than the direct one. 
This methodology is useful when there is the availability of auxiliary variables within domains, 
and not concerning to the individual or familiar level. The drawback of this analysis will be limited 
only to that relative disaggregation and cannot go further of this domain levels. 
 
 
ESTIMATION OF MSE: 

MSE(θ̂i
EBLUP) ≈ E(θ̂i

EBLUP − θi)
2 

 
 
 
Approximation of MSE by Taylor linearization method:  
 

MSE(θ̂i
EBLUP) = g1(σv

2) + g2(σv
2) + g3(σv

2) 

mse(θ̂i
EBLUP) = g1(σ̂v

2) + g2(σ̂v
2) + g3(σ̂v

2) 

 
-  𝑔1(�̂�𝑣

2) is due to prediction of random effects: 
𝑔1(�̂�𝑣

2) = 𝛾𝑖𝜓𝑖  
- 𝑔2(�̂�𝑣

2) is due to estimation of 𝛽: 
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𝑔2(�̂�𝑣
2) = 𝜎𝑣

2(1 − 𝛾𝑖)2𝒙𝑖
𝑇 (∑ 𝛾𝑖𝒙𝒊𝒙𝑖

𝑇

𝑚

𝑖=1

)

−1

𝒙𝑖 

- 𝑔3(�̂�𝑣
2) is due to estimation of �̂�𝑣

2: 
 

𝑔3(�̂�𝑣
2) = (1 − 𝛾𝑖)2𝛾𝑖𝜎𝑣

−2�̅�(�̂�𝑣
2) 

 

The 𝜃𝑖
𝐸𝐵𝐿𝑈𝑃 gains more efficiency when 𝛾𝑖  is small, meaning that the model error is small rela-

tive to the total variability. The expected value of this MSE is nearly unbiased, where a negligi-
ble value is added to the true MSE estimates: 
 

 𝐸{𝑚𝑠𝑒(𝜃𝑖
𝐸𝐵𝐿𝑈𝑃)} = 𝑀𝑆𝐸(𝜃𝑖

𝐸𝐵𝐿𝑈𝑃) + 𝑜(1/𝑚) 

 
 
PARAMETRIC BOOTSTRAP ESTIMATION OF MSE 

Once the model fitting of �̂�𝑣
2 and �̂� are estimated, the next step is to generate bootstrap rela-

tive to the area effects and to the sampling errors, where they are independently to each 
other. Then, a bootstrap of direct estimators from the sampling model is generated. These in-
formation enable us to fit the model to new bootstrap data and calculate the bootstrap EB es-
timator. The previous steps before is repeated a large numbers, B. Therefore, it is possible to 
calculate the bootstrap MSE estimator: 

𝑚𝑠𝑒(𝜃𝑑
𝐸𝐵) =  

1

𝐵
∑(𝜃𝑖

𝐸𝐵∗(𝑏)
− 𝜃𝑖

∗(𝑏)
 )2

𝐵

𝑖=1

 

 
 
The estimation of �̂�𝑣

2 can be obtained by: 
 Moment estimator: �̂�𝑣𝑠

2  

 Maximum Likelihood estimation: �̂�𝑣𝑀𝐿
2  

 Residual Maximum Likelihood: �̂�𝑣𝑅𝐸
2  

 
They are unbiased models, provided that vi and ei are symmetrically distrusted around zero 
and normally distributed. The relative efficiency of estimators of �̂�𝑣

2 is: 
 

�̅�(�̂�𝑣𝑅𝐸
2 ) = �̅�(�̂�𝑣𝑀𝐿

2 ) ≤ �̅�(�̂�𝑣𝑚
2 ) ≤ �̅�(�̂�𝑣𝑠

2 ) 
 
where s stands for simple moment estimator and m is for Fay-Herriot moment estimator. 
 

 

 
 
 
 

3.5.2.  NESTED-ERROR MODEL (BLUP and BP under a finite population) 
  

�̃̅�𝑖
𝐵𝐿𝑈𝑃 ≈ 𝛾𝑖{�̅�𝑖 + (�̅�𝒊 − �̅�𝑖)𝑇�̃�} + (1 − 𝛾𝑖)�̅�𝑖�̃� 

 
  
Variance components: 𝑤 = (𝜎2, 𝜌)′ 
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Estimation MSE: 

𝑀𝑆𝐸[�̃�𝑑(�̂�)] = 𝑔1𝑑(𝑤) + 𝑔2𝑑(𝑤) + 𝑔3𝑑(𝑤) 
𝑀𝑆𝐸[�̃�𝑑(�̂�)] = 𝑔1𝑑(𝑤) + 𝑔2𝑑(𝑤) + 𝑔𝑃𝑅

3𝑑(𝑤) 

where: 
 

𝑔1(𝜎) = (1 − 𝛾𝑘)�̂�𝑢
2 

𝑔2(𝜎) = (𝑿𝑘 − 𝛾𝑘�̅�𝑘)′[𝑀𝑆�̂�𝜉(𝛽)](𝑿𝑘 − 𝛾𝑘�̅�𝑘) 

𝑔3(𝜎) = (
�̂�𝑒

2

𝑛𝑘
) (�̂�𝑢

2 +
�̂�𝑒

2

𝑛𝑘
)

+ [𝑉𝑎𝑟(�̂�𝑢
2) +

�̂�𝑢
2

�̂�𝑒
2 𝑉𝑎𝑟(�̂�𝑒

2)

− 2
�̂�𝑢

2

�̂�𝑒
2 𝐶𝑜𝑣(�̂�𝑢

2, �̂�𝑒
2)] 

 
 

𝛾𝑘 =
�̂�𝑢

2

�̂�𝑢
2 +

�̂�𝑒
2

𝑛𝑘

 

 
 
Parametric Bootstrap Estimation of MSE 

Firstly, the model fitting of �̂�𝑣
2,  �̂�𝑒

2 and �̂� are estimated, using Maximum Likelihood, Residual 
Maximum Likelihood or Henderson method 3. The next step is to generate bootstrap relative 
to the area effects and to the sampling errors, where they are independently to each other. 
Then, a bootstrap of direct estimators from the sampling model is generated. It follows the cal-
culation of the target quantities for the bootstrap population: 

𝐹𝛼𝑖
∗ =

1

𝑁𝑖
∑ 𝐹𝛼𝑖𝑗

∗

𝑁𝑖

𝑖=1

,    𝐹𝛼𝑖
∗ = ℎ𝛼(𝑦𝑖𝑗

∗ ),      𝑖 = 1, … , 𝑚 

From the bootstrap population, it must be taken only the indices sampled. After this latter 
step, it is fitted the model to bootstrap sampled and obtained the bootstrap EBP. The previous 
steps before is repeated for large numbers, B. Therefore, it is possible to calculate the boot-
strap MSE estimator: 
 

𝑚𝑠𝑒(�̂�𝛼𝑖
𝐸𝐵) =  

1

𝐵
∑{�̂�𝛼𝑖

𝐸𝐵(𝑏) − 𝐹𝛼𝑖
∗ (𝑏)}

2
𝐵

𝑖=1

 

 

 
 
3.6.  Empirical Best Prediction of non-linear domain parameters with unit-level models 
 

Empirical Best (EB) is another methodology to obtain an empirical best domain both linear and 
non-linear estimators, using regression models with unit level. This method is used to estimate 
indicators such as HCR, Fuzzy monetary, Fuzzy supplementary. It is also useful for binary data, 
count data and linear mixed model. 
 
The procedures are the following: 
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1. Obtain the posterior density of the small area parameter of interest, μ: f(μ|y,λ) 
 
2. Estimate the model parameters, λ, from the marginal density: f(y|λ) 
 
3. Use the estimated conditional density for making inferences about μ 
Optimal estimator of 𝜃𝑖 is derived from the conditional expectation of 𝜃𝑖: 
 

𝐸(𝜃𝑖|𝜃𝑖, 𝛽, 𝜎𝑣
2) = 𝜃𝑖

𝐵 = 𝛾𝑖𝜃𝑖 + (1 − 𝛾)𝑧𝑖
𝑇𝛽 

 

where: 𝛾 =
𝑏𝑖

2𝜎𝑣
2

𝑏𝑖
2𝜎𝑣

2+𝜓𝑖
 

 
It is optimal because the MSE is the smallest among the other estimator of 𝜃𝑖 and it is also called 
as Best prediction (BP) estimator of 𝜃𝑖 because it is obtained from conditional distribution with-
out the prior distribution. 
 
 

EB or EBP estimator of 𝜽𝒊 from �̂�𝒊
𝑩 

 

𝜃𝑖
𝐸𝐵 = 𝜃𝑖

𝐵(�̂�, 𝜎𝑣
2) =  𝛾𝑖𝜃𝑖 + (1 − 𝛾)𝑧𝑖

𝑇�̂� 

 
The EB estimator is equal to the EBLUP estimator, under normality.  
 
EB or EBP is applied also to find the EB estimator of any function: 𝜙𝑖 = ℎ(𝜃𝑖) 

The EB estimator is obtained from the Bayes estimator: �̂�𝑖
𝐵 = 𝐸(𝜙𝑖| 𝜃𝑖, 𝛽, 𝜎𝑣

2) 
Its computation requires Monte Carlo approximation: 
 

�̂�𝑖
𝐸𝐵 ≈

1

𝑅
∑ ℎ(𝜃𝑖

(𝑟)
)

𝑅

𝑟=1

 

This latter can be simplified by: 

�̂�𝑖
𝐸𝐵 ≈

1

𝑅
∑ ℎ(𝜃𝑖

𝐸𝐵 + 𝑧𝑖
(𝑟)

√𝛾𝑖𝜓𝑖

𝑅

𝑟=1

) 

where r=1,…,R. The higher is r, the more accurate will be the approximation. 
 
 
MSE estimation 
Because of the equality between the EB and EBLUP, it is also applied to the mean squared error 
estimation: 
 

𝑀𝑆𝐸(𝜃𝑖
𝐸𝐵) = 𝑀𝑆𝐸(𝜃𝑖

𝐸𝐵𝐿𝑈𝑃) = 𝑔1(𝜎𝑣
2) + 𝑔2(𝜎𝑣

2) + 𝑔3(𝜎𝑣
2) 

 
where each factor of the right-hand has been defined before. 
 
Another method is the Jackknife method, proposed by Jiang, Lahiri and Wan. 

Decomposition of MSE(𝜃𝑖
𝐸𝐵): 

MSE(�̂�𝑖
𝐸𝐵) = 𝑀2𝑖 + 𝑀1𝑖 

 
Here are presented the steps to calculate it: 
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1. From the full data set {(𝜃𝑖, zi); i = 1,…,m}, an lth area of data set (𝜃𝑙, zl) is deleted in order to 

calculate the m estimators of β and 𝜎𝑣
2. The estimators of 𝜃𝑖:  𝜃𝑖,−𝑙

𝐸𝐵 = 𝑘𝑖(𝜃𝑖, �̂�−𝑙 , �̂�𝑣,−𝑙
2 ) 

 
 

2. The estimators of �̂�2𝑖 is the variability for estimating the parameters: 
 

�̂�2𝑖 =
𝑚 − 1

𝑚
∑(𝜃𝑖,−𝑙

𝐸𝐵 − 𝜃𝑖
𝐸𝐵)2

𝑚

𝑙=1

 

 

3. The estimators of �̂�1𝑖 is the MSE when the model is known: 
 

�̂�1𝑖 = 𝑔1𝑖(�̂�𝑣
2) −

𝑚 − 1

𝑚
∑[𝑔1𝑖(𝜎𝑣,−𝑙

2 ) − 𝑔1𝑖(𝜎𝑣
2)]

𝑚

𝑙=1

 

 

4. Jackknife estimator of 𝑀𝑆𝐸(𝜃𝑖
𝐸𝐵): 

𝑚𝑠𝑒(𝜃𝑖
𝐸𝐵) = �̂�1𝑖 + �̂�2𝑖 

 
It is applicable to ML, REML, moment estimators and EB estimator of any function. 
A more complex model is HB approach, which is also used to handle small area models and 
avoids underestimation of the mean standard of error. 
 
 
Linear mixed model 
 
The best predictor estimator of 𝜇𝑖  is given by the conditional expectation of 𝜇𝑖, given the param-
eters:  

�̂�𝑖
𝐵 = �̂�𝑖

𝐵(𝛽, 𝛿) = 𝐸(𝜇𝑖|𝑦𝑖 , 𝛽, 𝛿) = 1𝑖
𝑇𝛽 + 𝑚𝑖

𝑇�̂�𝑖
𝐵 

 

The �̂�𝑖
𝐵 depends on 𝛽 and 𝛿, which are estimated using ML or REML. After we obtain the esti-

mators of �̂� and 𝛿, we determined the empirical BP estimator of 𝜇𝑖: 
 

�̂�𝑖
𝐸𝐵 = �̂�𝑖

𝐸𝐵(�̂�, 𝛿) = 1𝑖
𝑇�̂� + 𝑚𝑖

𝑇�̂�𝑖
𝐵(�̂�, 𝛿) 

 
 
 
Estimation of the MSE 
 

𝑚𝑠𝑒(�̂�𝑖
𝐵) = �̂�1𝑖 + �̂�2𝑖 

 

�̂�2𝑖 =
𝑚 − 1

𝑚
∑(�̂�𝑖,−𝑙

𝐸𝐵 − �̂�𝑖
𝐸𝐵)2

𝑚

𝑙=1

 

 

�̂�1𝑖 = 𝑔1𝑖(𝛿) −
𝑚 − 1

𝑚
∑[𝑔1𝑖(𝛿−𝑙) − 𝑔1𝑖(𝛿)]

𝑚

𝑙=1

 

where 𝑔1𝑖(𝛿) is from the MSE of BLUP estimator. 
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3.7. POVERTY MAPPING 

 
"The Poverty Mapping is a methodology for providing a detailed description of the spatial distri-
bution of poverty and inequality within a country. It combines individual and household survey 
data and population census data with the objective of estimating welfare indicators for specific 
geographic area as small as village or hamlet." (Wikipedia definition) 
 
Another method to provide poverty’s level among domains is the poverty mapping. The meth-
odology described for this SAE’s technique is contributed by Elbers, Lanjouw and Lanjouw (2003) 
and it is a combined model. The first step is the collection of data from Census at micro level and 
surveys. Then, comparison and harmonization of the data sources are necessary. This latter con-
sist of examining the coherence on definitions, measurement, procedures and with reference 
periods close as possible to the poverty mapping’s analysis. The Census will give the number of 
the population relative to a certain year, with detailed data concerning of the household average. 
The survey is conducted using Enumeration Areas (EAs) and Primary Selection Units (PSUs), on 
which will be taken the sample size, and give an estimation of the consumption or expenditure 
level. The next step is to define the variables to insert on the regression, which will be the main 
element to the computation of the poverty measurement at the end. Common variables will be 
gathered together from both of the sources. If there are some missing values on the variables 
selected, it is used the imputation procedure.  
The level of disaggregation must be decided in order to compute poverty or inequalities within 
the country. This method allows a much deeper study on the sub-administrative level. However, 
the precision relies on many factors and will be discussed further the aggregating data. 
 
 
3.7.1. Estimation of the model 

The following stage is the prediction model for consumption, in which the covariates variables 
for whole the population are selected from the comparison of Census and survey. The dependent 
variable of the model is a monetary indicator, e.g. disposable income. Then it is added an error 
component, to a better estimation of the model due to the within-cluster correlation in the dis-
turbances and the heterogeneity.  
 
Therefore, here is presented a linear approximation to the conditional distribution of the loga-
rithm consumption expenditure of household h in cluster c: 
 

ln yc,h = E[yc,h | xc,h
T ] + uc,h =  xc,h

T β +  uc,h (3.7.1.1) 

 
where y is expenditure consumption, x are the main regressors that influence significantly the 
consumption and that may base on basic foods, utilities and other variables chosen before. The 
erratic term u is composed by the cluster level effects (ηc) and the household level effects (εc,h): 

 
uc,h =  ηc +  εc,h (3.7.1.2) 

 
Its estimation is the following: 
 

ûc,h =  η̂c +  ec,h (3.7.1.3) 
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The estimation of household specific variance: 
 

σ̂c,h
2 = [

AB

1+B
] +

1

2
var(r) [

AB(1−B)

(1+B)3 ] (3.7.1.4) 

where: 
 

A = (1.05) ∗ max (ec,h) (3.7.1.5) 
 

ln [
ec,h

A−ec,h
] =  z′c,hα + rc,h (3.7.1.6) 

 
B = z′c,hα (3.7.1.7) 

 
 
3.7.2. Simulation 

The distribution of this model is important to generate expenditure for each household, using 
the Census’ data. It is taken a considerable number of simulations. For each of them, the param-

eter β̃ of the regression model are drawn, whereas the disturbance term (uc,h̃) are determined 

by bootstrap procedure.  

ŷc,h = exp(xc,h
T β̃ +  uc,h̃) (3.7.2.1) 

where ŷc,h is the simulated values of the consumption expenditure of each household. 

 
 
 
3.7.3. Level of aggregation of the census data: the loss in precision 
 
In this paragraph the loss in precision using census aggregate data is analyzed. The result is that 
there will be always an underestimation (overestimation) whenever the poverty’s rate is below 
(above) 50%. The further is the aggregation of census data, the wider the trade-off between the 
household data to the other domain selected. In this case, the EAs (figure 3.1) and the provincial 
level (figure 3.2) are presented. Special cases are presented when poverty is equal to 50%, to 0% 
or to 100%, where they have the same results at different aggregate census data. This means 
that it is better to use household level census data. In practice, however, it may not possible to 
obtain this information so that it is important to concern about the loss of the precision. For 
instance, errors in poverty’s estimates in EAs census level is lower than the provincial or regional 
aggregating census data.  
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Figure 3.1: Comparison of provincial poverty estimates using household-level census data and using enumeration area 
means  
Source: International Food Policy Research Institute 

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 3.2: Comparison of provincial poverty estimates using household-level census data and using provincial means  
Source: International Food Policy Research Institute  
 
 
 

3.7.4. Poverty Measurement 
 

Once the stage of simulation is done, it is possible to compute the poverty indexes. The principal 
indicators are headcount ratio, poverty gap and severity poverty. To summarize all these formu-
lae, Foster-Greer-Thorbecke had proposed: 
 

FGT =  
1

n
∑ (

yq −  yi

yq
)

αq

i=1

 

where yq is the poverty line and α is the elasticity of poverty’s adversity. 

 
Within inequalities, it can be calculated the Gini coefficient: 
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Gini =  
2

n2
∑ (

yi −  y̅

y̅
)

n

i=1

 

 
Their interpretation is explained in the previous chapter. These indexes are then drawn in each 
sub-administrative level and it shows the poverty’s differences among domains, giving a better 
comprehension of a targeted strategy to deprive poverty. 
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4. GENERAL POVERTY IN THE PHILIPPINES 
 
 
4.1. General poverty 
 
The general economy in the Philippines are showing an increase of Gross National Product (GNP) 
in these last years. However, it does not exist a truly correlation between this increase and the 
poverty reduction. Therefore, in this chapter, some causes of poverty will be analyzed further. If 
we compare this nation to the Association of Southeast Asian Nations (Asean) member, the trend 
of improvements is very little, even though it was initially better than them. The main products 
of the Philippines are rice, corn, sugar, coconut and other crops. But the income gained from this 
sector did not contribute a lot to the general growth for three reasons: 

 No access to irrigation water 

 New technologies are less effective 

 A little percent of land can be irrigated 
Because of this limits, the income gained in this sector cannot sustain the growth of the general 
economy and, thus, to reduce poverty. 
 
 
4.2. Targeting by government 
 
To eradicate poverty, the government has experienced its intervention by poverty targeting. Tar-
geting measures can be classified as: 

 Targeting by activity, in which the benefits are distributed progressively based on the 
activity that can receive the benefits; 

 Targeting by indicator is based on income or other factors that identify who is poor; 

 Targeting by location sets the benefits relying on the area of residence; 

 Targeting by self-selection or self-targeting, finally, is designed only for the poor. 
 
In this argument, it should better to include also two forms of error, which are consisted by un-
dercoverage and leakage. The former is verified when the benefits do not reach the target group, 
while the latter occurs when it is addressed to somebody who does not belong to that relative 
group. 
The benefits that poor should receive is determined by the poverty line, z, in order to bring their 
level to the boundary: z-y is the total amount that should be transferred. 
The more targeting ratio is close to unity, the lesser efficient is the poverty targeting, because it 
means that the benefits are being received to non-target group (B), who does not have the ne-
cessity as those who are in the target group: 
 

𝑡𝑎𝑟𝑔𝑒𝑡𝑖𝑛𝑔 𝑟𝑎𝑡𝑖𝑜 =
𝐵

(𝐶 + 𝑦)
 

 
where, 
y - target group receiving benefit 
B - non-target group receiving benefit 
C - target group not receiving benefit 
 
However, other factors that causes difficulty to the poverty targeting can be also the lack of in-
formation, the costs of individual participation, the incentive effects, high administrative costs 
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and unavailability of benefit terms in the end. 
  
Targeting in the Philippines can be categorized into the broad targeting, the type of interventions, 
and narrow targeting, which makes the separation between the inclusion and the exclusion area 
in order to qualified the beneficiaries. Some on government interventions are the following: 
 

 Aquino administration: Tulong sa Tao – a provision of subsidized credit; 
 

 Ramos administration: Comprehensive and Integrated Delivery of Social Services (CIDSS) 
– a project dependind on 33 indicators to meet the minimum basic needs, to maintain 
security and to enable the fundamental environment such as basic education and peo-
ple’s participation; 
 

 Estrada administration: Care for Poor identifies the 100 poorest families in each province 
and city. It has also the purpose to meet the basic needs and it provides benefits like 
food supports and medical assistance; 
 

 Macapagal-Arroyo administration: KALAHI (Kapi-Bisig Laban sa Kahirapan) – it is com-
bined to the CIDSS and it is based in two stages. The first stage is based on ranking the 
top 40 poverty’s indicator and the second one consists on selecting the poorest quarter 
of municipalities; 

 

 National Food Authority (NFA) – rice redistribution of the government to give subsidy to 
the farmers as it is bought at higher price than in the market place and subsidy to the 
consumer because it is sold for sales; 

 

 Aquino’s government has also introduced Conditional Cash Transfer (CCT) program. 
NSCB argued that this program did not improve the income inequality because only ¼ of 
budget is accounted from the total amount, which is not enough to fight poverty; 

 

 Pantawid Pamilyang Pilipino Program 4Ps ha the purposes to invest to children’s future, 
keep them in school and heathier. 

 
  
From a simulation study of Balicasan and Pernia (2003) of longitudinal provincial data for the 
1980s and 1990s, it is analyzed the average per capita expenditure per quantile. 
The explanatory variables are: 

- Initial condition variables – human capital endowment, farm and land characteristics, 
social capital, geographic attributes, political economy characters. 

- Time-varying variables – relative price incentives, road access, electricity, agrarian re-
form, overall average per capita income. 

 
The simulation’s results are that the irrigation and local dynasty is significant from 1st to 3rd 
quantile. The typhoon causes negative effects to the all income percentile. Farm size benefits 
only the richest quantile. Among the time-varying variables, per capita income and the terms of 
trade are significant. The roads are also substantial to the regression, but it increase more when 
it is interacted to the schooling. 
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4.3. Main causes of Poverty and Vulnerability 
 
 
Poverty is when a household or family are defined poor for a certain period of time. Vulnerability 
happens when there is high probability of poverty even they do not experience it every year. 
There are two main classification of vulnerability: the chronic poverty is a household that expe-
rienced once or twice poor, while the transient one fell into poverty more than two times.  
 
An analysis of vulnerability is presented by Bayudan-Dacuycuy Coonie and Lim Joseph Anthony 
(2014). They utilized panel data, in which is determined how many times the household fall into 
poverty. By merging datasets from Annual Poverty Indicator Survey (APIS) and Family Income 
Expenditure Survey (FIES) from 2003 to 2008, it is obtained the information necessary to make 
the analysis concerning the poverty’s frequency and who is vulnerable to poverty. The method 
utilized are Multinomial Logit Regressions to identify the reasons of poverty’s frequency and 
Probit regressions for panel data. The measure of vulnerability is calculated in order to obtain 
the transient and the chronic poor, and which variables have impacts to this analysis. 
 
At national level 59% of household has experienced the poverty per capita expenditure against 
poverty threshold, while per capita food expenditure against food threshold is 75%. In both per 
capita expenditure against poverty threshold and per capita food expenditure against food 
threshold the poverty has more impact on the rural than the urban. At level regions, the pov-
erty’s frequency is found in Cordillera Administrative Region (CAR), CARAGA and ARMM while, 
in Metro Manila it is less than the other regions. Another consideration to take into account is 
that per capita food expenditure against food threshold has a more incidence to be at least once 
poor than per capita expenditure against poverty threshold does. 
 
The main significant socioeconomic variables to be among “never poor households” are: 

 Higher education 
 Older people and for the age of the spouse of the household head 
 Service makers 
 Mean family size 
 Lowest mean number young members 0-15 years old 
 Higher mean number household members aged over 25 

 
Marginal effects based on the estimates of the Multinomial Logit regressions per capita expendi-
ture against poverty threshold shows that a household headed by a higher education contributes 
to be less effective to the poverty’s frequency. Between household younger (0-15 years old) and 
elder people (16-25 years old), the first case has a more incidence to poverty than the second 
case. Positive shocks are less likely to be always poor, while negative shocks have more effects 
on the vulnerability of poverty. 
Using Probit regressions, a comparison between the transient and chronic poor to the never 
poor per capita expenditure against poverty threshold has been examined, the results are: 

- As the education reached the higher level, it has effects to be less transient or chronically 
poor; 

- Household with older heads are less likely to be poor; 
- On occupation, those that belonged to primary sector are more likely to experience both 

type of vulnerability. This consequence is the similar to who works in trade, but less than 
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the first category. Professionals, technician are less likely to be transient poor; 
- Age level of the members of the household, in which the older than 25 years old is less 

likely to the vulnerability, which is more pronounce as the age are getting smaller than 
them; 

- Positive shocks and negative shocks have similar effects as the previous results, but rel-
ative to be likely transient and chronic poor.  

- Armed conflict regions is also one of the weakness causing more poverty.  
Using Probit regressions, a comparison between chronic poor and the transient poor are studied. 
Education with higher level, age members in the household and region with armed conflict are 
more likely to be chronic poverty and chronic food poor in the same manner to the descriptions 
above. Among all the occupations, farmers, forestry workers, fishermen, laborers and unskilled 
workers are likely to experience both poverty. Positive shocks, like new job with higher salary, 
are determinant to be less chronic and chronic food poor. Negative shocks such as natural disas-
ter are more likely to be chronic food poor. 
 
Policy makers should introduce some interventions direct in specific sectors in order to diminish 
chronic poverty and the vulnerability of households: 

- Education attainment, which will lead to a better job qualification and an adequate 
wages;  

- Development of infrastructures, very important to improve the education and sanitary 
level; 

- Employment stability and market promotion; 
- Better health care and allowing health insurance; 
- Intervention to different level of poverty defined by the multidimensional approach, 

even the government has introduced some programs to mitigate poverty, such as CCT; 
- And finally, a program in case of natural disasters. 

 
 
4.4. Sample size determination 
 
Basing on the CENSUS of 2000, the sub domains of the Philippines are divided in 16 regions, 83 
provinces, 1,623 municipalities and 41,926 barangay. The next CENSUS (2010) has made a little 
change, moving into 17 regions and 85 provinces, considering also the other alteration due to 
new positions of municipalities and barangays.  
The construction of the poverty line is based on cost-basic-needs approach, where it is the sum 
of food expenditure and non-food allowance. Non food expenditure- clothing, housing, trans-
portation, health, and education expenses, and others - is determined by the ratio between food 
expenditure and total basic expenditure. Household is the unit utilized to estimate the poverty 
indicators. 
The administrative units are the barangay, which the total number is 41,952. In the formation of 
PSUs, least accessible barangays (LABs), barangays with peace and order problem (POPs) and the 
number of households are considered on it. Because LABs represents a little proportion of the 
whole barangay, it is excluded from the frame. On the other hand, POPs has a significant number 
and it is assumed as a temporary situation, therefore it is included with the non-POPs barangay. 
Lastly, if the administrative unit is more than 500, then it is certainly be part of PSU; otherwise, 
it is necessary to merge more than a barangay to obtain 500 households. 
Because of the presence of 350 LABs, therefore only 41,592 barangays are counted. The total 
number of PSUs formed is 16,582 to master sample frame (MS). The total sample size are deter-
mined from the poverty incidence by region. This sub-domain level allow us a little coefficient of 
variation (5%) and therefore more precise estimates, apart from NCR, which has 10%. The result 
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is counted as 44,000 households. 
The sample allocation has two different methods. It can be proportional to the total number of 
households in the domain when precise estimates at national level is preferred; otherwise, the 
total sample size is allocated equally across domains to obtain precise estimates at domain level. 
The Kish allocation scheme is utilized in order to calculate the sample size per region. 
Once the MS PSUs are determined, they  are selected by systematic sampling with probabilities 
proportional to measure of sizes based on their number of households in the 2000 CPH. Large 
probabilities are excluded because they can be counted more than once. Then, the number of 
PSUs to be sampled per region is computed by the ratio within the sample allocated sample size 
and the desired subsample size per PSU. 
  
 
4.5. Poverty trend of the Philippines 
 
The poverty indicators computed and analyzed in this section are: 
- Poverty incidence among families 

- Income gap 

- Poverty gap 

- Severity of poverty 

In the small area estimation, the poverty mapping or ELL method is applied, one of the method 
discussed on the second chapter. Using survey and household CENSUS together, it will be esti-
mated the poverty of sub-population. The auxiliary variables utilized can be either income or 
expenditure. After the identification of auxiliary variables, X, the first stage regressions is imple-
mented, in which consist of the problem of multicollinearity and the search for significant rela-
tionship. Then, in order to estimate the poverty sub-population, survey and household CENSUS 
are merged. We would like that the auxiliary variables have a large variability for each domain 
because it cause also a reliable estimates, in which the erratic terms are very small. Another 
factor to be considered is the number of sample size at each level in order to minimize the stand-
ard error. By the log transformation of expenditure/income, the averaged for each small area to 
produce a point estimate is found. Then, the bootstrapping simulation is applied. In the end, 
there is the production of final estimates, where the predicted values is transformed in expo-
nential. By doing so, the predicted expenditure/income at sub-domain level is computed. Once 
we have chosen the poverty indicator, it is calculated using these values that have just found. We 
can compute the point estimates by taking the mean and standard deviation from the 100 boot-
strap estimates.  
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In all the poverty indicators, both region XII and ARMM has increased their poverty, while Caraga 
is showing a better off change. In the poverty inceidence among families, the situation in ARMM 
has worsen by 8.2%, following the Region XII by 5.9%. On the other hand, there are also some 
improvements in Region I (5.9%), in Region IVB (8.8%), Region VII (5%), Region IX (6.3%) and 
Region XIII (9.8%). 
By making the analysis in the income gap, generally, there has been an improvement, in which 
the better results to the whole region are region XI (6%) and Caraga (4.5%). In area of Region III, 
Region XII and ARMM, there have had a worse situation than of three years ago and they are 
0.5%, 3.3% and 3% respectively.  
The of region VIII has increased of 0.5% relative to the poverty gap, whereas region IX has re-
duced by 4.2%. Similar trends follows also here the region XII, Caraga and ARMM in both of the 
poverty gap and severity of poverty. 
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Poverty incidence among families 

Region 
Poverty Incidence among families 

(%) 
Increase/Decrease 

  2006 2009 2012 20006-2009 2009-2012 2006-2012 

PHILIPPINES 21,0 20,5 19,7 -0,5 -0,8 -1,3 

NCR 2,9 2,4 2,6 -0,5  0,2 -0,3 

CAR 21,1 19,2 17,5 -1,9 -1,7 -3,6 

Region I 19,9 16,8 14,0 -3,1 -2,8 -5,9 

Region II 21,7 20,2 17,0 -1,5 -3,2 -4,7 

Region III 10,3 10,7 10,1  0,4 -0,6 -0,2 

Region IV-A 7,8 8,8 8,3  1,0 -0,5  0,5 

Region IV-B 32,4 27,2 23,6 -5,2 -3,6 -8,8 

Region V 35,4 35,3 32,3 -0,1 -3,0 -3,1 

Region VI 22,7 23,6 22,8  0,9 -0,8  0,1 

Region VII 30,7 26,0 25,7 -4,7 -0,3 -5,0 

Region VIII 33,7 34,5 37,4  0,8  2,9  3,7 

Region IX 40,0 39,5 33,7 -0,5 -5,8 -6,3 

Region X 32,1 33,3 32,8  1,2 -0,5  0,7 

Region XI 25,4 25,5 25,0  0,1 -0,5 -0,4 

Region XII 31,2 30,8 37,1 -0,4  6,3  5,9 

Caraga 41,7 46,0 31,9  4,3 -14,1 -9,8 

ARMM 40,5 39,9 48,7 -0,6  8,8  8,2 
 Source: National Statistical Coordination Board  
 

Income gap 

Region Income Gap Increase/Decrease 

  2006 2009 2012 20006-2009 2009-2012 2006-2012 

PHILIPPINES 27,5 26,2 26,2 -1,3   0,0 -1,3 

NCR 17,9 16,6 17,2 -1,3   0,5 -0,7 

CAR 29,2 28,6 26,9 -0,7 -1,7 -2,3 

Region I 23,3 22,8 21,9 -0,5 -0,9 -1,4 

Region II 23,1 23,4 21,5  0,3 -1,9 -1,6 

Region III 20,9 21,6 21,4  0,7 -0,2  0,5 

Region IV-A 22,7 19,4 22,1 -3,3  2,7 -0,6 

Region IV-B 28,5 25,3 26,0 -3,2  0,7 -2,5 

Region V 28,0 25,1 25,0 -2,9 -0,1 -3,0 

Region VI 24,4 23,7 23,7 -0,6 -0,1 -0,7 

Region VII 30,8 27,7 28,1 -3,1  0,4 -2,7 

Region VIII 28,7 27,7 27,2 -1,0 -0,5 -1,5 

Region IX 34,4 32,7 28,4 -1,7 -4,3 -6,0 

Region X 31,0 30,6 30,3 -0,4 -0,2 -0,7 

Region XI 28,4 27,9 27,1 -0,5 -0,8 -1,3 

Region XII 27,8 27,5 31,1 -0,3  3,6  3,3 

Caraga 31,9 32,4 27,4  0,5 -5,0 -4,5 

ARMM 23,9 22,1 26,9 -1,8  4,9  3,0 

 Source: National Statistical Coordination Board  
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Poverty gap 

Region Poverty Gap Increase/Decrease 

  2006 2009 2012 20006-2009 2009-2012 2006-2012 

PHILIPPINES 5,8 5,4 5,1 -0,4 -0,2 -0,7 

NCR 0,5 0,4 0,5 -0,1  0,1  0,0 

CAR 6,2 5,5 4,7 -0,7 -0,8 -1,5 

Region I 4,6 3,8 3,1 -0,8 -0,8 -1,5 

Region II 5,0 4,7 3,6 -0,3 -1,1 -1,4 

Region III 2,2 2,3 2,2  0,1 -0,1  0,0 

Region IV-A 1,8 1,7 1,8 -0,1  0,1  0,0 

Region IV-B 9,3 6,9 6,1 -2,4 -0,8 -3,2 

Region V 9,9 8,9 8,1 -1,0 -0,8 -1,8 

Region VI 5,5 5,6 5,4  0,1 -0,2 -0,1 

Region VII 9,4 7,2 7,2 -2,2  0,0 -2,2 

Region VIII 9,7 9,5 10,2 -0,1  0,6  0,5 

Region IX 13,8 12,9 9,6 -0,8 -3,4 -4,2 

Region X 9,9 10,2 9,9  0,2 -0,2  0,0 

Region XI 7,2 7,1 6,8 -0,1 -0,4 -0,4 

Region XII 8,7 8,5 11,5 -0,2  3,0  2,8 

Caraga 13,3 14,9 8,7  1,6 -6,2 -4,6 

ARMM 9,7 8,8 13,1 -0,9  4,3  3,4 

 Source: National Statistical Coordination Board  
 

Severity of poverty 

Region Severity of Poverty Increase/Decrease 

  2006 2009 2012 20006-2009 2009-2012 2006-2012 

PHILIPPINES 2,2 2,0 1,9 -0,2 -0,1 -0,3 

NCR 0,2 0,1 0,1 -0,1  0,0 -0,1 

CAR 2,5 2,2 1,8 -0,3 -0,4 -0,7 

Region I 1,6 1,3 1,0 -0,3 -0,3 -0,6 

Region II 1,7 1,6 1,2 -0,1 -0,4 -0,5 

Region III 0,7 0,8 0,7 0,1 -0,1  0,0 

Region IV-A 0,6 0,5 0,6 -0,1  0,1  0,0 

Region IV-B 3,7 2,6 2,3 -1,1 -0,3 -1,4 

Region V 3,8 3,2 2,9 -0,6 -0,3 -0,9 

Region VI 1,9 1,9 1,9  0,0  0,0   0,0 

Region VII 4,0 2,8 2,9 -1,1  0,0 -1,1 

Region VIII 3,9 3,7 3,9 -0,3  0,2  0,0 

Region IX 6,5 5,7 3,8 -0,7 -1,9 -2,7 

Region X 4,1 4,3 4,1  0,2 -0,3  0,0 

Region XI 2,8 2,9 2,6  0,1 -0,3 -0,2 

Region XII 3,3 3,2 4,9 -0,1  1,7  1,6 

Caraga 5,8 6,5 3,4  0,7 -3,1 -2,4 

ARMM 3,2 2,8 5,0 -0,4  2,2  1,8 

 Source: National Statistical Coordination Board   
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5. SMALL AREA ESTIMATION OF POVERTY AND INEQUALITY  
IN THE PHILIPPINES 

 
 

This chapter is relative to the analysis of small area estimation. Firstly, we take the main direct 
measures concerning the main poverty indicators. They are the head count ratio, poverty gap, 
severity gap and income gap. The food threshold, income and expenditure are added to this 
analysis. Then, the EBLUP model is used to obtain estimates that are more efficient. In order to 
do that, it is necessary to collect covariates of macroeconomic indexes. Most of these variables 
are carried out from National Statistical Office (NSO), Census of Population and Housing (CPH), 
while the others rely on the nature of their data. 
This study is presented into subdivisions of 17 regions in the Philippines and they are introduced 
to the table 5.1. National Capital Region (NCR) has an important role to the overall economic 
because it is the commerce and industry center of the country. For more information, all the 
regions should be divided between urban and rural area because there is a significant change in 
poverty measure and economic development. The EBLUP estimates are calculated by region, 
after that the coefficient gamma has been computed. It goes on the calculation of their standards 
errors, the ratio of the estimates and the ratio of their mean squares error. Finally, some figures 
will be shown to give the outcome’s interpretation. 
 
 
 

5.1.  COVARIATES 
The covariates used in this analysis are in totally nine. Each source of them is listed below. 

 GDP at current prices is conducted by National Statistical Coordination Board in 2012 and it is 

expressed in thousand Pesos, by Region. 

 

 Activity Rate (AR) and Unemployment Rate (UR): National Statistics Office, October 2012 Labor 

Force Survey. 

AR =
Labor force

Working age population
∗ 100 

UR =
Unemployed persons

Labor Force
∗ 100 

where: 
- working age population are the household members who have at least 15 years old. 

- labor force is somebody who is economically active and it includes employed and unemployed 

people. 

- unemployed persons are characterized by these three factors: somebody who has any job, look-

ing for it and available to start to work. 

Activity rate is the proportion of the population in the active labor force over the working age 
people, whereas unemployment rate represents the proportion of unemployed persons over the 
labor force. 

 Urbanization: Census of Population and Housing, 2010. 

 

 Population density: National Statistics Office, 2000 and 2010 Census of Population and Housing; 
Land Management Bureau, 2010 and 2007 Masterlist Land Area of the Philippines. 
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 Infant Mortality Rate (IMR): Philippine Health Statistics (PHS), number and rate/1000 live births, 

2012 

     Total no. of deaths under 1 year of age 
      registered in a given calendar year 

IMR = ------------------------------------------------------------ x 1,000 
     Total no. of registered live births of same 
     calendar year 

 

 HH size: Based on the 2010 Census of Population and Housing 
 

 Youths and Elderly people: NSO, Census of Population and Housing, 2010 
The age of youths is within 0-14 years old, while the elder is over than 64 years old. 

 
 
 
5.2. Sub-domain of the Philippines by Region 
 
Philippine Standard Geographic Codes of 17 regions are the following: 

1 National Capital Region 

2 Cordillera Administrative Region 

3 Region I – Ilocos 

4 Region II - Cagayan Valley 

5 Region III- Central Luzon 

6 Region IVA - CALABARZON 

7 Region IVB- MIMAROPA 

8 Region V – Bicol 

9 Region VI - Western Visayas 

10 Region VII - Central Visayas 

11 Region VIII - Eastern Visayas 

12 Region IX - Zamboanga Peninsula 

13 Region X - Northern Mindanao 

14 Region XI - Davao 

15 Region XII - SOCCSKSARGEN 

16 Region XIII - CARAGA 

17 ARMM 

Table 5.1: Region classification of the Philippines 
 

There have been changes nowadays because it becomes 18 regions, including in 2015 Negros Is
land Region (NIR). 
 
 
 

5.3. DIRECT ESTIMATORS 
 

Poverty Incidence among Families is the proportion of the overall family’s poverty, based on the 
absolute poverty’s definition and poverty line defined by region. 
Income Gap indicates how much percentage of poor’s income is below to the poverty line. Its 
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dominator is the number of poor families or individuals. 
Poverty Gap is the proportion of poor’s income respect to the total population. 
Severity Poverty expresses the mean distance from the poverty line and it is calculated to the 
total population. 
Average annual income is based on the revenue of all kind of jobs. 
Average annual expenditure is the amount in order to meet the basic needs. From this infor-
mation, it is possible to make an analysis of which goods are bought and see whether a person 
is well off or not. 
Food threshold is the basic food needs to have enough nutrition. 

 
 
5.4.  EBLUP ESTIMATOR 
 
Estimator EBLUP is the new estimates from the combination of the covariates defined before 
and the direct one in order to have more efficient estimates and to lessen the original MSE. 
The next step is to verify whether there is some collinearity among covariates and to precede to 
the calculation of the coefficient gamma, which is needed to the EBLUP estimation. This latter 
coefficient varies between 0 and 1. The smaller it is, the more efficient is the EBLUP estimator. 
Ratio estimator is computed by the Estimator of EBLUP over the direct estimator 
Ratio MSE is calculated by the s.e.  of Estimator EBLUP over the s.e. of direct estimator 

 
 
5.5.  Analysis of the direct and EBLUP estimates 

 
Poverty Incidence among Families 

Region 
Poverty Incidence a

mong Families 
Standard 

Error 
Estimator  

Eblup s.e. gamma 
Ratio  

estimator Ratio MSE 

1 2.6 0.315 2.61 0.314 0.997 1.002 1.000 

2 17.5 2.188 18.40 2.111 0.876 1.051 0.965 

3 14 1.218 14.06 1.209 0.958 1.004 0.993 

4 17 1.598 17.89 1.579 0.929 1.052 0.988 

5 10.1 0.859 10.12 0.855 0.979 1.002 0.996 

6 8.3 0.730 8.35 0.728 0.984 1.005 0.997 

7 23.6 2.478 24.05 2.356 0.846 1.019 0.951 

8 32.3 1.809 32.29 1.766 0.911 1.000 0.976 

9 22.8 1.459 22.70 1.434 0.941 0.995 0.982 

10 25.7 1.619 25.42 1.583 0.928 0.989 0.978 

11 37.4 1.907 36.34 1.851 0.902 0.972 0.971 

12 33.7 2.123 33.55 2.049 0.882 0.995 0.965 

13 32.8 2.427 32.31 2.354 0.851 0.985 0.970 

14 25 2.300 24.59 2.219 0.864 0.984 0.965 

15 37.1 2.412 35.73 2.305 0.853 0.963 0.956 

16 31.9 1.850 31.85 1.798 0.908 0.998 0.972 

17 48.7 3.166 49.57 3.192 0.771 1.018 1.008 

Table 5.2: Poverty Incidence among Families and EBLUP estimates 
Source: The first and second column are derived from direct estimates, while the others has been com-
puted personally. 
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In the poverty incidence among families, only the Region IVB (MIMAROPA) has gained in terms 
of MSE of 4.9%. The other regions have maintained nearly the same of the direct value and it is 
also confirmed by the subsequent graphics below (figure 5.1 and 5.2). The first graphic shows 
the distance between the direct estimates and the EBLUP one, where they are very similar. The 
second graphic consists of the efficiency of the estimates and there are very little adjustments 
from the original data. The area, which is divided by region, is sorted by decreasing number of 
households. Given this information, we would like to compare all the poverty indicators, without 
using the sample size. Because this latter data is proportional to the increase of households, it is 
supposed that the MSE will be decreasing when it goes up. Consequently, the second figure 
shows this trend and it decreases on the initial areas where the number of households is high.  

 
Figure 5.1: The trend of the direct and EBLUP estimates in the poverty incidence among families 
Source: Personal elaboration 
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Figure 5.2: The trend of direct and EBLUP MSE in the poverty incidence among families 
Source: Personal elaboration 
 
 
Income Gap 

Region Income Gap 
Standard  

Error 
Estimator  

Eblup s.e. gamma 
Ratio  

estimator Ratio MSE 

1 17.2 1.5 18.25 1.439 0.716 1.061 0.959 

2 26.9 1.6 26.95 1.502 0.689 1.002 0.939 

3 21.9 1.2 21.89 1.160 0.798 1.000 0.967 

4 21.5 1.6 23.50 1.488 0.689 1.093 0.930 

5 21.4 0.8 21.34 0.788 0.899 0.997 0.985 

6 22.1 1.2 22.16 1.153 0.798 1.003 0.961 

7 26 1.3 26.27 1.216 0.771 1.010 0.935 

8 25 0.8 25.24 0.787 0.899 1.010 0.984 

9 23.7 0.9 23.71 0.883 0.875 1.000 0.981 

10 28.1 1 27.59 0.964 0.850 0.982 0.964 

11 27.2 1 26.91 0.960 0.850 0.989 0.960 

12 28.4 1.1 28.33 1.049 0.824 0.998 0.954 

13 30.3 1.1 29.98 1.071 0.824 0.990 0.974 

14 27.1 1.2 26.68 1.148 0.798 0.985 0.957 

15 31.1 1.4 30.25 1.293 0.743 0.973 0.924 

16 27.4 1 27.37 0.962 0.850 0.999 0.962 

17 26.9 1.7 27.23 1.725 0.663 1.012 1.014 

Table 5.3: Income Gap and EBLUP estimates 
Source: The first and second column are derived from direct estimates, while the others has been com-
puted personally. 
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The gain in terms of MSE are located in the table shown below.  

Region Ratio MSE 

National Capital Region  4.1% 

Cordillera Administrative Region 6.15% 

Region IX - Zamboanga Peninsula 6.98% 

Region XI - Davao 6.45% 

Region XII - SOCCSKSARGEN 7.64% 
 

As illustrated at the first result of poverty indicator, here the gain of efficiency is a little higher 
than the former. Nonetheless, it remains little adjustments from the initial data. The trend in 
figure 5.3 shows how these two estimates are quite near to each other and so the results to the 
trend of ratio MSE. 

 
Figure 5.3: The trend of the direct and EBLUP estimates in the income gap 
Source: Personal elaboration 
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Figure 5.4: The trend of direct and EBLUP MSE in the income gap 
Source: Personal elaboration 

 
Poverty Gap 

Region Poverty Gap 
Standard 

Error 
Estimator  

Eblup s.e. gamma 
Ratio  

estimator Ratio MSE 

1 0.5 0.1 0.50 0.100 0.998 1.000 1.000 

2 4.7 0.7 4.91 0.697 0.907 1.045 0.995 

3 3.1 0.4 3.11 0.399 0.968 1.004 0.997 

4 3.6 0.5 3.81 0.498 0.950 1.058 0.996 

5 2.2 0.2 2.20 0.200 0.992 1.001 0.999 

6 1.8 0.2 1.81 0.200 0.992 1.006 0.999 

7 6.1 0.8 6.22 0.776 0.882 1.020 0.970 

8 8.1 0.5 8.15 0.496 0.950 1.006 0.992 

9 5.4 0.5 5.40 0.496 0.950 1.001 0.992 

10 7.2 0.6 7.11 0.590 0.930 0.987 0.983 

11 10.2 0.8 9.81 0.773 0.882 0.961 0.967 

12 9.6 0.8 9.51 0.775 0.882 0.990 0.969 

13 9.9 0.9 9.71 0.878 0.855 0.981 0.976 

14 6.8 0.8 6.64 0.780 0.882 0.977 0.975 

15 11.5 1 10.83 0.950 0.827 0.942 0.950 

16 8.7 0.7 8.68 0.683 0.907 0.997 0.976 

17 13.1 1.5 13.41 1.515 0.680 1.024 1.010 

Table 5.4: Poverty Gap and EBLUP estimates 
Source: The first and second column are derived from direct estimates, while the others has been com-
puted personally. 
 

Among all regions, only the Region XII (SOCCSKSARGEN) has gained efficiency of 5% while the 
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others are similar to the direct estimates. These results are shown in the figure 5.5. Again, the 
trend of MSE is very similar between these two estimates. 

  
Figure 5.5: The trend of the direct and EBLUP estimates in the poverty gap 
Source: Personal elaboration 
 

 
Figure 5.6: The trend of direct and EBLUP MSE in the poverty gap 
Source: Personal elaboration 
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Severity Poverty 

Region 
Severity  
Poverty 

Standard  
Error 

Estimator  
Eblup s.e. gamma 

Ratio  
estimator Ratio MSE 

1 0.1 0 0.10 0.000 1.000 1.000 - 

2 1.8 0.3 1.90 0.293 0.895 1.055 0.976 

3 1 0.2 1.01 0.199 0.951 1.008 0.993 

4 1.2 0.3 1.39 0.296 0.895 1.156 0.986 

5 0.7 0.1 0.70 0.100 0.987 1.002 0.999 

6 0.6 0.1 0.61 0.100 0.987 1.011 0.999 

7 2.3 0.3 2.35 0.292 0.895 1.021 0.972 

8 2.9 0.2 2.93 0.198 0.951 1.010 0.989 

9 1.9 0.2 1.91 0.197 0.951 1.003 0.987 

10 2.9 0.3 2.83 0.291 0.895 0.975 0.970 

11 3.9 0.4 3.67 0.379 0.828 0.941 0.947 

12 3.8 0.4 3.73 0.380 0.828 0.982 0.950 

13 4.1 0.5 3.93 0.473 0.755 0.959 0.946 

14 2.6 0.4 2.50 0.383 0.828 0.961 0.957 

15 4.9 0.6 4.28 0.531 0.681 0.874 0.886 

16 3.4 0.3 3.38 0.291 0.895 0.995 0.971 

17 5 0.8 5.18 0.793 0.546 1.037 0.991 

Table 5.5: Severity of poverty and EBLUP estimates 
Source: The first and second column are derived from direct estimates, while the others has been com-
puted personally. 
 

In the severity of poverty, similar low increase results are obtained: Region VIII (Eastern Visayas) 
has gained of 5.30%, Region IX (Zamboanga Peninsula) of 5% and Region X (Northern Mindanao) 
of 5.39%. Interestingly, the Region XI (Davao) has gained of 11.43%. They are shown in figure 5.7, 
while the subsequent figure illustrates the trend of their MSE, which are also very close between 
the two estimates. 
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Figure 5.7: The trend of the direct and EBLUP estimates in the severity of poverty 
Source: Personal elaboration 

  
Figure 5.8: The trend of direct and EBLUP MSE in the severity of poverty 
Source: Personal elaboration 
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Average annual income 

Region 
Average annual  

income 
Standard 

Error 
Estimator 

Eblup s.e. gamma 
Ratio  

estimator Ratio MSE 

1 379,195 9,107 374,625.6 9,008.498 0.887 0.988 0.989 

2 256,893 15,029 253,852.7 14,206.868 0.742 0.988 0.945 

3 203,707 70,28 206,010.6 6,958.577 0.929 1.011 0.990 

4 194,650 5,802 191,882.2 5,763.706 0.951 0.986 0.993 

5 259,400 7,909 260,239.4 7,775.197 0.912 1.003 0.983 

6 284,189 15,402 282,018.1 14,291.068 0.733 0.992 0.928 

7 178,847 8,528 180,367.8 8,304.904 0.899 1.009 0.974 

8 162,376 5,643 163,038.7 5,595.980 0.953 1.004 0.992 

9 201,978 7,344 201,684.2 7,248.056 0.923 0.999 0.987 

10 208,846 7,255 209,092.3 7,121.614 0.925 1.001 0.982 

11 165,754 8,320 167,493.8 8,091.716 0.904 1.010 0.973 

12 161,861 6,205 161,728.6 6,117.712 0.944 0.999 0.986 

13 189,525 9,307 192,114.7 9,125.251 0.882 1.014 0.980 

14 194,298 8,010 194,195.4 7,862.300 0.910 0.999 0.982 

15 162,632 8,367 164,914.4 8,155.292 0.903 1.014 0.975 

16 180,115 7,084 180,199.1 6,949.333 0.928 1.000 0.981 

17 129,576 4,661 129,025.1 4,681.731 0.968 0.996 1.004 

Table 5.6: Average annual income and EBLUP estimates 
Source: The first and second column are derived from direct estimates, while the others has been com-
puted personally. 
 

In the average annual income, the gain in terms of MSE is obtained in the Cordillera Administra-
tive Region of 5.47% and in the Region IVA (CALABARZON) of 7.21%. Figure 5.9 illustrates the 
estimates of the direct and EBLUP while figure 5.10 shows the trend of their MSE. The result is 
that the direct estimates are very close to EBLUP and their MSE is similar to the initial data.  
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Figure 5.9: The trend of the direct and EBLUP estimates in the average annual income 
Source: Personal elaboration 

 

 
Figure 5.10: The trend of direct and EBLUP MSE in the average annual income 
Source: Personal elaboration 
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Average annual expenditure 

Region 
Average annual  

expenditure 
Standard

 Error 
Estimator 

Eblup s.e. gamma 
Ratio  

estimator Ratio MSE 

1 324,837 8,180 318,616.6 8,006.497 0.880 0.981 0.979 

2 188,323 8,091 186,689.4 7,966.465 0.882 0.991 0.985 

3 158,603 4,499 159,535.7 4,472.220 0.960 1.006 0.994 

4 139,914 3,752 138,972.8 3,729.079 0.972 0.993 0.994 

5 211,242 5,108 212,079.8 5,052.984 0.949 1.004 0.989 

6 242,704 9,246 242,719.4 9,029.486 0.851 1.000 0.977 

7 138,252 5,920 138,532.5 5,805.089 0.933 1.002 0.981 

8 143,554 4,494 144,002.8 4,445.880 0.960 1.003 0.989 

9 162,672 5,090 163,402.2 5,012.629 0.950 1.004 0.985 

10 163,972 5,392 165,020.3 5,298.367 0.944 1.006 0.983 

11 131,942 5,900 132,929.5 5,779.150 0.934 1.007 0.980 

12 121,592 4,341 121,677.2 4,297.587 0.963 1.001 0.990 

13 142,750 6,451 144,789.6 6,324.335 0.922 1.014 0.980 

14 155,556 5,720 154,833.1 5,607.792 0.937 0.995 0.980 

15 139,772 5,450 139,884.9 5,366.499 0.943 1.001 0.985 

16 141,658 4,901 141,351.7 4,837.114 0.953 0.998 0.987 

17 113,980 3,163 113,590.6 3,161.547 0.980 0.997 1.000 

Table 5.7: Average annual expenditure and EBLUP estimates 
Source: The first and second column are derived from direct estimates, while the others has been com-
puted personally. 
 
 

In the average annual expenditure, the gain in MSE is very little. All the region have reached less 
than 4%. Consequently, the trend of the direct estimates and the EBLUP one is very close to each 
other and it is shown in figure 5.11. Their MSE tendency is illustrated in figure 5.12, where a little  
gain of efficiency is obtained. 
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Figure 5.11: The trend of the direct and EBLUP estimates in the average annual expenditure 
Source: Personal elaboration 

 
Figure 5.12: The trend of direct and EBLUP MSE in the average annual expenditure 
Source: Personal elaboration 
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Food threshold 

Region Food 
Standard 

Error 
Estimator 

Eblup s.e. gamma 
Ratio esti

mator Ratio MSE 

1 36.5 0.57 36.49 0.576 0.773 0.999 1.010 

2 40.9 0.89 41.62 0.838 0.583 1.019 0.941 

3 45.3 0.65 45.35 0.642 0.724 1.001 0.988 

4 49.4 0.56 49.34 0.560 0.779 0.998 1.001 

5 43.7 0.55 43.44 0.544 0.785 0.994 0.989 

6 40.7 0.87 40.40 0.801 0.594 0.994 0.921 

7 46.5 1.01 46.21 0.852 0.521 0.995 0.843 

8 49.0 0.94 48.54 0.841 0.556 0.990 0.894 

9 44.4 0.78 45.16 0.738 0.645 1.017 0.946 

10 44.5 0.85 44.74 0.762 0.605 1.006 0.897 

11 45.8 1.14 47.15 0.892 0.460 1.030 0.782 

12 49.0 1.03 48.90 0.855 0.511 0.998 0.830 

13 43.8 1.09 43.92 0.946 0.482 1.002 0.868 

14 47.6 0.96 47.24 0.847 0.546 0.992 0.882 

15 48.2 1.07 47.07 0.880 0.492 0.976 0.822 

16 47.5 1.02 47.90 0.849 0.516 1.008 0.832 

17 59.8 1.08 59.40 1.104 0.487 0.994 1.022 

Table 5.8: Food threshold and EBLUP estimates 
Source: The first and second column are derived from direct estimates, while the others has been com-
puted personally. 
 

The last indicator, food threshold, has more improvements than the others do. In the table be-
low, the gain of MSE is shown below: 

Region Ratio MSE 

Cordillera Administrative Region 5.88% 

Region IVA - CALABARZON 7.91% 

Region IVB- MIMAROPA 15.66% 

Region V – Bicol 10.58% 

Region VI - Western Visayas  5.44% 

Region VII - Central Visayas 10.33% 

Region VIII - Eastern Visayas  21.75% 

Region IX - Zamboanga Peninsula 17.03% 

Region X - Northern Mindanao 13.21% 

Region XI - Davao 11.76% 

Region XII - SOCCSKSARGEN 17.79% 

Region XIII - CARAGA 16.81% 
  

Many regions are more efficient than the direct estimates. Even the trend of their estimates are 
similar to each other, which is shown in figure 5.13, the MSE tendency shows better results of 
efficiency. In fact, the line of the EBLUP MSE on the figure 5.14 is almost below to the direct MSE. 



K. Mauro Small Area Estimation of Poverty in the Philippines 2016 

 

52 

 

 
Figure 5.13: The trend of the direct and EBLUP estimates in the Food threshold 
Source: Personal elaboration 

 
Figure 5.14: The trend of direct and EBLUP MSE in the Food threshold 
Source: Personal elaboration 

 
The gamma coefficient is generally less than one so that it produces some adjustments to the 
direct estimates, even it is a little variation. The Food estimates have some improvements, while 
the others are very little. It must be also considered that both expenditure and income estimates 
have initially a big standard error so that any kind of estimation will be not sufficient to reduce 
it. Nonetheless, it is possible to notice that where the EBLUP tendency in MSE is below to the 
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direct MSE estimates, it shows that the former estimates are always better than the latter one. 
  
 
 
 

6. CONCLUSION 
 

After the analysis has been taken place, we can notice that the EBLUP estimates are very close 
to that of the direct. The reason could rely on larger sample size utilized on each region, even 
though it is not calculated in this analysis. Gamma coefficients are smaller than unity so that the 
EBLUP estimates is showing a good mode. However, the MSE gain is very small, only some re-
gions in particular can be excluded but their interpretation change in which poverty indicator is 
utilized. Only the Food threshold had some adjustment using the EBLUP model. Because of the 
importance of this index, we can presume that approximately half of the population has difficulty 
to meet the basic food needs. Instead of using the sample size, the decreasing size of household 
is utilized in this analysis in order to see the MSE trend. As a rule of thumb, it decreases as the 
households are increasing, apart from the average annual expenditure and income indicators. 
In some cases it also remains constant: Income gap and Food threshold. 

To obtain much gain in the MSE, the EBLUP model works much better if the sub-domains are 
extended to provincial and municipal level. However, it could not be implemented in this analy-
sis as some information are not available. 
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