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Abstract: Small area estimation based on area level models, particularly the EBLUP method, typically assumes that 

sampling error variances of the direct survey small area estimates are known. In practice, the sampling error variances are 

unknown. This paper generates EBLUP estimates of poverty incidence when the sampling error variances are estimated using 

the generalized variance function (GVF) approach. The precision of the EBLUP estimates is determined using a modified 

version of the Prasad-Rao MSPE estimator. The modification is made by adding an extra term that would account the 

uncertainty associated with estimating the sampling error variances. The performance of the modified Prasad-Rao estimator 

relative to the commonly used Prasad-Rao estimator is evaluated through a simulation study. Results have shown that the 

modified Prasad-Rao MSPE estimator has relatively greater bias than the commonly used Prasad-Rao MSPE estimator, 

particularly for small samples. A slight gain in precision is observed when using the modified PR MSPE estimator, especially 

for large samples. Moreover, the findings imply that estimating sampling error variances using GVF models can be a very 

useful strategy in the application of EBLUP small area estimation, most particularly in poverty incidence estimation. 
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1. Introduction 

In the Philippines, nationwide surveys such as the Family 

Income and Expenditure Survey (FIES), Labor Force Survey 

(LFS), and the National Nutrition Survey (NNS) are the 

principal sources of official statistics of the country. These 

surveys contain regions as sampling domains since it is time-

consuming and expensive to conduct the surveys with 

domains at the provincial or city levels. Consequently, 

official statistics with an acceptable level of reliability are 

produced only for the national and regional levels with 

urban-rural disaggregation. Since these official statistics are 

used by the government agencies in the articulation, 

implementation, and evaluation of their programs, it is then 

important to derive statistics at levels of disaggregation lower 

than the region, say provincial or even municipal and city 

level. 

Aside from purely computing these statistics at levels 

smaller than the domain of the survey, say, at the provincial 

level, it is equally important to ascertain that these statistics 

are precise so that proper targeting of the right beneficiaries 

of these programs is achieved. In this way, government laws 

and programs can efficiently be delivered to those localities 

or even households that are really in greatest need. 

Consequently, government programs can have a greater 

impact on the people in solving problems efficiently and 

effectively. However, these alleviation programs can only be 

successful and effective if the “poor” are properly identified 

or properly located. For example, official poverty statistics, 

which are usually derived from the FIES, is being used by the 

Department of Social Works and Development (DSWD) and 

the National Anti-Poverty Commission (NAPC) to allocate 

funds for their respective poverty alleviation programs. The 

DSWD used the 2003 Small Area Estimates of poverty 

incidence generated by the National Statistical Coordination 

Board (NSCB) as one of the criteria for identifying eligible 

households for its Conditional Cash Transfer Program, 

otherwise known as Pantawid Pamilyang Pilipino Program 

(4Ps). 

Haslett, et al., [5] expressed that small area estimation is a 

mathematical and statistical method that models data 

gathered from one or more data sources to produce estimates, 
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like poverty, that is more accurate at small area level than 

using data collected from each small area. Moreover, the 

additional accuracy is achieved in many such models by 

"borrowing strength" for the estimate of a particular small 

area by using information from areas to which it is similar. 

For some small area estimation techniques combine data 

taken from different sources. For instance, census and 

information from new survey can be combined to update 

estimates from the original census. Alternatively, and this is 

more usually the case for malnutrition estimates, a statistical 

model is fitted to survey data gathered around the same time 

as the census. In addition, this model is useful to predict a 

variable not collected in the census, but based on variables 

that were collected in both survey and census. 

However, they stressed further that survey based poverty 

statistics from smaller geographical areas or lower 

administrative level were usually less reliable because it has 

higher standard errors due to smaller sample sizes. This is 

why small area estimation comes into play (Haslett, et al., 

[5]). One way to generate more reliable small area statistics 

without increasing the cost of conducting a nationwide 

survey is by the use of small area estimation techniques. 

Recent developments in this field made use of the model-

based approach in which a predicting model was formulated 

using nationwide survey and census data sets and the 

resulting model was used to get the estimates of the small 

area. According to Albacea [1], the model-based estimates 

and the design-based estimates were then combined to 

produce estimates, commonly referred to as empirical best 

linear unbiased prediction (EBLUP) estimates. The EBLUP 

estimates were said to have the good properties of both the 

design-and model-based estimates. 

The EBLUP approach which is oftentimes based on the 

Fay and Herriot (FH) model (Fay and Herriot, [6]) required 

that the sampling error variance of the direct estimates is 

available or known. But this may not be the case in practice 

since sampling error variances were most of the time 

unknown and have to be estimated based on sample data. The 

direct estimates of the sampling variances were based on the 

survey data and, as such, they were also subject to errors. 

Since the sampling variances play an important role in the 

construction of the EBLUP, the uncertainty involved in their 

estimation must be quantified and incorporated in the 

estimation of the MSPE of the EBLUP. 

A modification of the EBLUP approach is studied and the 

commonly used measure of the precision of EBLUP 

estimates is correspondingly modified in this paper. 

2. Methodology 

2.1. Data Sets 

The data sets used in the study are from the 2000 FIES and 

the 2000 Census of Population and Housing (CPH). In the 

Philippines, poverty statistics, such as poverty incidence, are 

generated from the FIES data set. Bogin, et al., [3] defined 

poverty incidence as the ratio of the total number of poor 

households to the total number of households. These were the 

data sets used since, in general, small area estimation works 

best if the sources of primary and auxiliary data are 

conducted in the same year. In this paper, the source of 

primary data is the FIES (2000) and the source of auxiliary 

data is the CPH (2000). 

The FIES of the Philippines from 1957 to 1975 was 

religiously gathered every five years. Nevertheless, in 1985, 

a new series of FIES had begun and the gap of conducting 

the survey was reduced to three years. Consequently, the 

nationwide survey of households is undertaken by the 

Philippine Statistics Authority (PSA). It provides essential 

data on family income and expenditure which include among 

other levels of consumption by an item of expenditure as well 

sources of income in cash and in kind. Specifically, it 

discusses the levels of living and disparities in income and 

spending patterns of families belonging to different income 

groups. Also includes related information such as a number 

of family members employed for pay or profit (or as wage, 

salary, or own-account workers); occupation, age, and 

educational attainment of household head; and other housing 

characteristics (PSA, [8]). 

The 2000 Census of Population and Housing is also known 

as Census 2000 is the 11
th

 census of population and the 5th 

census of Housing undertaken in the Philippines since 1903. 

Census 2000 was designed to take an inventory of the total 

population and housing units in the Philippines and to collect 

information about their characteristics. The census of 

population is the source of information on the size and 

distribution of the population as well as information about 

the demographic, social, economic and cultural 

characteristics. On the other hand, the census of housing 

provides data on the supply of housing units, their structural 

characteristics, and facilities which have bearing on the 

maintenance of privacy, health and the development of 

normal family living conditions. These information are vital 

for making rational plans and programs for national and local 

development (PSA, [9]). 

2.2. Modeling the Sampling Error Variances 

The Fay-Herriot (FH) model (Fay and Herriot, [6]) 

assumed that the sampling variances are known in the model. 

In practice, however, sampling variances are unknown and 

are estimated directly from the survey data. This being the 

case, just like the direct estimates of the parameter of interest, 

the direct estimates of the sampling variances are also subject 

to errors. If in fact, direct estimates ɵ iθ are very imprecise due 

to small sample sizes for some or all areas, the corresponding 

sampling variance estimates ˆ
i

ψ  are also expected to be very 

imprecise due to the same sample size limitations (Bell, [2]). 

There is a limited number of studies have attempted to find 

solutions to this problem. 

Bell [2] argued that one such solution is modeling ˆ
i

ψ  to 

develop improved estimates of the i
ψ  and to quantify their 

estimation error. Modeling the estimated sampling variances 

may result in improved measures of the MSPE. In addition, 
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Wolter [14] introduced the method of generalized variance 

function (GVF), which is commonly used to obtain smoothed 

estimates of sampling variances. It is a mathematical model 

describing the relationship between the variance or relative 

variance of a survey estimator and its expectation. Likewise, 

Valiant [13] stressed that the principal advantage of this 

method is having quick estimates of sampling variances. In 

addition, these estimates are more stable and precise than the 

direct ones. 

The common GVF model specification is 

( ), ,
pj j j j j

V f X qθ γ= +                           (1) 

where Xj is a vector of predictor variables potentially 

relevant to estimators of Vpj, qj is a univariate “equation error” 

with mean zero and γj is a vector of variance function 

parameters which needs to be estimated (Cho, et al., [4]). 

2.3. Estimating Poverty Incidence 

Using the FIES (2000) data, estimates of poverty incidence 

at the provincial level are generated based on the sampling 

design it provides. These estimates are referred to as the 

designed-based or direct estimates of poverty incidence. 

Generalized variance function method is then applied to 

model the sampling error variances of the direct estimates 

where the data from the 2000 CPH is used as the source of 

auxiliary variables. Again using the 2000 CPH as a source of 

predictors, regression-based estimates of poverty incidence 

are generated. The method of moments is used to estimate 

the model variance. Finally, the direct and the regression-

based estimates are combined to come up with EBLUP 

estimates of poverty incidence. 

Two EBLUP estimation methods were employed in this 

study. Method 1 assumes the sampling error variances are 

known and are equal to the approximate mean square error of 

the design-based poverty incidence estimates, while Method 

2 uses GVF estimates of the sampling error variances. The 

precision of the EBLUP estimates using Method 1 is 

measured using the Prasad-Rao MSPE estimator; while, a 

modified version of the Prasad-Rao MSPE estimator is used 

to measure the precision of the EBLUP estimates using 

Method 2. The EBLUP estimators, together with their 

corresponding MSPE estimators, are given below. 

Method 1 (Known sampling error variances) 

Under the basic area-level model of Fay and Herriot [6], 

the EBLUP estimator of the poverty incidence of the ith 

province ( i
p ) is 

( )ˆ ˆˆ ˆ 1H T

i i i i ip pγ γ= + − x βɶ                           (2) 

where 
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is the method of moments estimate of the model variance, iψ
is the known sampling error variance, ˆ

ip  is the design-based 

estimator of ip , and ix is a set of auxiliary variables which 

are linearly related to ˆ
ip . 

Prasad-Rao [10] proposed an estimator of the precision of 

the EBLUP estimator in (2) as follows: 
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Method 2 (Sampling error variances modeled by GVF) 

The EBLUP estimator of ip
 when sampling error 

variances were estimated using GVF method is 

( )* * * *ˆ ˆˆ ˆ 1H T
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where 

1

*

2 2
1 1

ˆ

ˆ ˆˆ ˆ

Tm m
i i i i

i iv i v i

p

σ ψ σ ψ

−

= =

   
=    + +   
∑ ∑

x x x
βɶ , 

2

*

2

ˆ
ˆ

ˆˆ
v

i

v i

σγ
σ ψ

=
+

, and 

ˆ
iψ is the GVF estimate of the sampling error variance. 

Consequently, the Prasad-Rao MSPE estimator in (3) is 

modified to account for the uncertainty involved in 

estimating iψ using ˆ
iψ . Rivest and Vandal [12] proposed the 

following estimator of the MSPE of the EBLUP 

( ) ( ) ( ) ( ) ( )2 2 2 2

1 2 3 4
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2.4. Simulation Study 

A simulation study is conducted to evaluate the 

performance of the modified Prasad-Rao MSPE estimator 

relative to the commonly used Prasad-Rao MSPE estimator. 

Treating the sample of 77 provinces as a pseudo-population, 

1000 simple random samples of sizes 20 and 60 are drawn. 
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The performances of the two MSPE estimators are compared 

in terms of the following criteria: bias, absolute relative bias, 

and mean square error. 

3. Results and Discussion 

3.1. GVF models of Sampling Error Variances 

Generalized variance function (GVF) method, as 

suggested by Wolter [14], is applied to come up with a model 

to estimate the sampling error variances of the direct 

estimates of poverty incidence. This approach addresses the 

issue on unknown sampling error variances. Several 

variations of the GVF models given in Wolter [14] are tried 

in the model-building process. Since the researcher is also 

interested in coming up with estimates of sampling error 

variances even in the absence of survey data for a particular 

small area, predictor variables from auxiliary data sources, 

such as the 2000 CPH, are also considered. To identify the 

variables to be included in the models, stepwise and 

backward elimination procedures are used. 

The summary of the goodness-of-fit statistics for the 

models considered in the study is shown in Table 1. In 

Models 1, 2, and 3, 1
X  is the reciprocal of the provincial 

total number of households headed by a female person 

having no spouse and is at least high school undergraduate, 

2
X  is the reciprocal of the average household size in a 

province, and 3
X  is the reciprocal of the total number of 

barangays with postal service. Model 1 essentially follows 

the model of Wolter [14]. Although the properties of Model 1 

are quite acceptable, the drawback with Model 1 is that it 

produces negative estimates of the relative variance, hence, 

negative estimates of the mean square error. To correct this 

problem, Model 2 is considered. The values of R2 and 

adjusted R2 substantially increase but there is still one 

province with negative predicted relative variance. Upon 

thorough inspection of the residuals, two outlying 

observations are detected. Deleting these two observations 

and refitting the same model, the R2 and adjusted R2 values 

increase slightly and the root mean square error (RMSE) and 

the Akaike Information Criterion (AIC) decreased 

substantially. Furthermore, the predicted values of the 

relative variance using Model 3 are all positive. 

Estimates generated using Model 3 are plugged into (4) 

and (5) to generate the modified EBLUP estimates and their 

associated coefficients of variation (according to Method 2). 

Table 1. Goodness-of-fit statistics of the GVF models used to estimate sampling error variances. 

Model Variables in the model R2 (%) Adj. R2 (%) RMSE AIC 

1 1 2 3, ,X X X
 

87.81 87.31 0.01807 0-614.21 

2 
2 2 2

1 2 3
, ,X X X

 
95.70 95.52 0.01073 0-694.40 

3 
2 2 2

1 2 3
, ,X X X

 (outliers corrected) 
97.43 97.32 0.00838 -1033.17 

 

3.2. EBLUP Estimates of Province-Level Poverty Incidence 

and Their Coefficients of Variation 

Two sets of EBLUP estimates of poverty incidence of the 

77 provinces (excluding cities) of the Philippines are 

generated. The distribution of the EBLUP estimates of 

poverty incidence is shown in Table 2. Most of the provinces, 

30 and 29 out of 77, respectively for Method 1 and Method 2, 

have poverty incidence between 40% to 50% while 27.27% 

and 24.68% of the provinces have poverty incidence greater 

that 50%, respectively, for Method 1 and Method 2. It is 

shown in Table 1 that there are only two (2) provinces with 

poverty incidence as high as 10% using both methods of 

estimation. From Appendix Table 1, the Province of Batanes 

has the lowest poverty incidence estimate (4.17% for Method 

1 and 4.16% for Method 2), while the highest poverty 

incidence estimate is that of the Province of Sulu (70.92% 

and 68.29%, respectively for Methods 1 and 2). These results 

are in conjunction with that of Albacea [1] which indicates, 

among others, that Sulu is the poorest province in the 

Philippines in 2000. 

On the average, provincial poverty incidence is estimated 

at 41.93% and 41.07%, respectively for Method 1 and 

Method 2. Wilcoxon signed rank test indicated that, on the 

average, the estimates generated using Method 1 is 

statistically higher than the estimates generated using Method 

2 (Wz=4.64, p<0.01). 

Table 2. Distribution of the EBLUP estimates of province-level poverty 

incidence. 

Poverty 

incidence (%) 

Method 1 Method 2 

Count Percent Count Percent 

<=10 2 2.60 2 2.60 

10.01 – 20.00 6 7.79 7 9.09 

20.01 – 30.00 6 7.79 5 6.49 

30.01 – 40.00 12 15.58 15 19.48 

40.01 – 50.00 30 38.96 29 37.66 

>50.00 21 27.27 19 24.68 

The distribution of the coefficients of variation of the 

EBLUP estimates of poverty incidence is presented in Table 

3. About 65% and 69% of the provinces have very reliable 

estimates of poverty incidence (CV≤10%), respectively for 

Methods 1 and 2. This shows that Method 2 produced more 

reliable estimates than Method 1. On the average, the 

coefficients of variation of the EBLUP estimates produced 

using Method 2 (9.84%) are higher, but less dispersed, than 

the coefficients of variation of the EBLUP estimates 

generated using Method 1 (9.69%). On the other hand, a test 

of significance indicates that there is no significant difference 

in the coefficients of variation of the EBLUP estimates 

generated using the two methods (Wz=0.78, p>0.05). 
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From Appendix Table 1, the Province of Batanes has the 

least reliable estimate of poverty incidence with a coefficient 

of variation of 62.21% and 62.26%, respectively for Methods 

1 and 2; while, the provinces of Masbate and Guimaras have 

the most reliable estimates with coefficients of variation of 

4.44% and 4.85%, respectively for Methods 1 and 2. 

Table 3. Distribution of the coefficients of variation of the EBLUP estimates 

of province-level poverty incidence. 

Coefficient of 

Variation (%) 

Method 1 Method 2 

Count Percent Count Percent 

<=10 50 64.94 53 68.83 

10.01 – 20.00 26 33.77 23 29.87 

>20.00 1 1.30 1 1.30 

Based on EBLUP estimates, the eight poorest provinces 

are listed in Table 4. For both methods of estimation, half of 

the eight poorest provinces are from Region 15 and the rest 

are from Regions 4B, 5, 13, and 14. For Method 1, all of the 

8 poorest provinces have very reliable poverty incidence 

estimates (CV<10%). Meanwhile, for Method 2, only 6 out 

of the 8 poorest provinces have very reliable estimates of 

poverty incidence. It can be gleaned in Table 4 that the 

composition of the eight poorest provinces is the same for 

Methods 1 and 2. For both methods of estimation, Sulu, 

Romblon, and Agusan del Sur are consistently the first, 

fourth, and eighth poorest provinces, respectively; but there 

is a repositioning of the other provinces from Method 1 to 

Method 2. 

Table 4. Eight poorest provinces based on EBLUP estimates of poverty incidence. 

Method 1 Method 2 

Province (Region) 
Poverty 

Incidence (%) 

Coefficient of 

Variation (%) 
Province (Region) 

Poverty 

Incidence (%) 

Coefficient of 

Variation (%) 

Sulu (15) 70.92 7.46 Sulu (15) 68.29 6.71 

Masbate (5) 68.30 9.47 Maguindanao (15) 65.84 7.73 

Maguindanao (15) 67.51 7.97 Masbate (5) 63.14 10.18 

Romblon (4B) 66.99 6.05 Romblon (4B) 61.85 7.97 

Ifugao (14) 63.00 4.57 Tawi-Tawi (15) 59.02 6.65 

Tawi-Tawi (15) 62.03 8.44 Lanao del Sur (15) 58.94 8.81 

Lanao del Sur (15) 58.27 7.79 Ifugao (14) 57.77 9.64 

Agusan del Sur (13) 54.86 9.5 Agusan del Sur (13) 55.17 11.49 

 

3.3. Results of the Simulation Study 

The statistical properties of the two MSPE estimators (3) 

and (5) are compared through a simulation study. The results 

are shown in Table 5. In terms of bias, on the average, the 

modified Prasad-Rao (M-PR) estimator is significantly more 

biased than the Prasad-Rao [10] (PR) estimator (Wz=5.146, 

p<0.01). Likewise, in terms of absolute relative bias, on the 

average, the M-PR estimator is significantly more biased 

than the PR estimator (Wz=6.66, p<0.01). 

For small samples, on the average, the M-PR estimator is 

significantly less precise than the PR estimator (Wz=4.83, 

p<0.01). However, for large samples, on the average, there is 

no significant difference in the level of precision of the two 

estimators (Wz=1.52, p>0.05). 

Finally, increased sample size leads to decrease in the 

values of the three evaluation criteria. 

Table 5. Bias, absolute relative bias and mean square error of the MSPE 

estimators. 

Sample size 
MSPE 

Estimator 
BIAS 

ARB 

(%) 
MSE 

Small (m=20) 
PR 0.00014 9.2624 4.86x10-8 

M-PR 0.00022 19.1307 3.17x10-7 

Large (m=60) 
PR 1.38x10-5 0.8803 3.74x10-9 

M-PR 2.37x10-5 1.3198 8.54x10-9 

4. Conclusions and Recommendation 

Modeling sampling error variances using GVF approach 

has been shown to be a potential technique for use in EBLUP 

estimation of poverty incidence. The technique has produced 

EBLUP estimates which are statistically lower than the 

EBLUP estimates obtained assuming known sampling error 

variances. Further, the GVF approach has led to a slight, 

though not statistically significant, increase in the number of 

provinces with very reliable estimates. 

The results of the simulation study suggest that the 

modified version of the Prasad-Rao MSPE estimator did not 

perform well relative to the commonly used Prasad-Rao 

estimator in terms of bias and absolute relative bias. However, 

in terms of the MSE, there is a slight gain in precision using 

the GVF estimated sampling error variances, especially for 

large samples. These imply that estimating sampling error 

variances using GVF models can be a very useful strategy in 

the application of EBLUP small area estimation, most 

particularly in poverty incidence estimation. However, it is 

suggested that a thorough study should be made to further 

modify and improve the Prasad-Rao estimator to completely 

capture the variability associated with modeling the sampling 

error variances using the GVF approach. 
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Appendix 

Table A1. EBLUP estimates of provincial poverty incidence and their associated coefficients of variation. 

Region Province 
Method 1 Method 2 

Poverty Incidence CV (%) Poverty Incidence CV (%) 

1 Ilocos Norte 0.2482 12.68 0.2459 11.77 

1 Ilocos Sur 0.3563 7.19 0.3463 10.17 

1 La Union 0.3874 10.16 0.3906 8.74 

1 Pangasinan 0.3939 5.49 0.3882 8.72 

2 Batanes 0.0417 62.21 0.0416 62.26 

2 Cagayan 0.3420 12.16 0.3122 7.67 

2 Isabela 0.3325 9.57 0.3311 9.09 

2 Nueva Viscaya 0.2274 17.74 0.2066 11.26 

2 Quirino 0.3656 12.51 0.3638 13.10 

3 Bataan 0.1827 11.59 0.1823 11.68 

3 Bulacan 0.0991 11.76 0.0995 12.05 

3 Nueva Ecija 0.2265 10.80 0.2268 10.83 

3 Pampanga 0.1550 12.50 0.1513 7.80 

3 Tarlac 0.2996 14.17 0.2975 10.10 

3 Zambales 0.2864 9.82 0.2838 12.26 

3 Aurora 0.4181 7.42 0.4114 10.61 

4A Batangas 0.1912 10.39 0.1906 9.12 

4A Cavite 0.1312 12.35 0.1311 12.66 

4A Laguna 0.1452 10.01 0.1434 13.57 

4A Quezon 0.4134 9.93 0.4107 9.46 

4A Rizal 0.1004 16.13 0.1010 12.74 

4B Marinduque 0.5359 5.96 0.5122 9.33 

4B Occidental Mindoro 0.5376 5.11 0.4884 10.11 

4B Oriental Mindoro 0.4779 11.03 0.4630 8.26 

4B Palawan 0.4048 8.97 0.4042 9.24 

4B Romblon 0.6699 4.92 0.6185 8.60 

5 Albay 0.4399 9.19 0.4338 7.38 

5 Camarines Norte 0.5205 9.36 0.5229 8.64 

5 Camarines Sur 0.4960 7.94 0.4946 6.00 

5 Catanduanes 0.4805 7.81 0.4794 8.85 

5 Masbate 0.6830 4.44 0.6314 7.85 

5 Sorsogon 0.5033 6.06 0.5041 7.45 

6 Aklan 0.4049 11.36 0.3933 8.51 

6 Antique 0.4378 7.16 0.4392 8.50 

6 Capiz 0.5129 7.23 0.5002 8.51 

6 Iloilo 0.3271 6.67 0.3290 7.47 

6 Negros Occidental 0.4987 4.51 0.4893 7.95 

6 Guimaras 0.3740 10.91 0.3324 4.85 

7 Bohol 0.5131 7.69 0.5195 5.70 

7 Cebu 0.3354 7.47 0.3418 9.06 

7 Negros Oriental 0.4293 8.60 0.4270 9.07 

7 Siquijor 0.4080 10.28 0.3988 11.69 

8 Eastern Samar 0.5320 6.41 0.5281 8.17 

8 Leyte 0.4286 8.47 0.4287 9.22 

8 Northern Samar 0.5347 8.44 0.5200 6.80 

8 Samar 0.4858 8.19 0.4840 7.83 

8 Southern Leyte 0.3950 10.98 0.3807 9.49 

8 Biliran 0.4528 10.04 0.4267 8.31 

9 Zamboanga del Norte 0.4750 10.08 0.4815 8.62 

9 Zamboanga del Sur 0.4619 7.21 0.4616 7.44 

10 Bukidnon 0.4718 7.76 0.4713 7.12 

10 Camiguin 0.4681 10.47 0.4593 10.74 
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Region Province 
Method 1 Method 2 

Poverty Incidence CV (%) Poverty Incidence CV (%) 

10 Lanao del Norte 0.5164 6.02 0.5125 7.37 

10 Misamis Occidental 0.5022 8.21 0.4566 10.93 

10 Misamis Oriental 0.3411 7.28 0.3445 9.24 

11 Davao del Norte 0.4007 11.24 0.4019 10.41 

11 Davao del Sur 0.3310 8.63 0.3386 9.82 

11 Davao Oriental 0.4382 9.91 0.4311 7.88 

12 North Cotabato 0.4883 7.54 0.4842 8.33 

12 South Cotabato 0.4026 9.41 0.3992 10.01 

12 Sultan Kudarat 0.5224 9.14 0.5249 8.30 

12 Sarangani 0.5302 10.78 0.5259 9.29 

13 Agusan del Norte 0.4604 6.13 0.4591 6.81 

13 Agusan del Sur 0.5486 7.63 0.5517 6.45 

14 Abra 0.4994 5.69 0.4486 10.43 

14 Benguet 0.2064 13.67 0.1979 9.26 

14 Ifugao 0.6300 6.94 0.5777 10.00 

14 Kalinga 0.4752 10.65 0.4895 7.76 

14 Mountain Province 0.4627 9.50 0.4510 11.45 

14 Apayao 0.4487 8.83 0.4255 13.67 

15 Basilan 0.5102 7.79 0.5302 9.60 

15 Lanao del Sur 0.5827 8.44 0.5894 8.78 

15 Maguindanao 0.6751 4.57 0.6584 6.63 

15 Sulu 0.7092 6.05 0.6829 7.94 

15 Tawi-Tawi 0.6203 7.97 0.5902 10.15 

16 Surigao del Norte 0.4613 9.47 0.4582 7.71 

16 Surigao del Sur 0.4796 7.46 0.4769 6.69 
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