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Summary

Experience shows that locating the target for poverty reduction programs is one of the most crucial and difficult problems in the implementation of these programs. In Indonesia, a country which is very large in size, has a large number of population, and where poverty statistics are reliable only up to the provincial-urban/rural level, geographic targeting of the poor is even more difficult. Significant efforts to map poverty at small administrative areas in Indonesia only started in mid 1990s.

More recently, an effort to create poverty maps in Indonesia using a newly developed ‘simulated-welfare mapping’ method has been initiated. This effort is divided into two phases. In the first phase, through a grant from the World Bank, the SMERU Research Institute has recently completed a pilot study to apply this method using data from three provinces: East Kalimantan, Jakarta, and East Java. In the second phase, Statistics Indonesia (BPS) is currently carrying out a larger-scale application of the method to Indonesia’s remaining 27 provinces, building on the experience gained during the pilot phase. 

The results of the pilot study have shown that, given the available data, the simulated-welfare mapping method can be successfully applied in Indonesia. Using data from the three pilot provinces, the study has successfully calculated various poverty and inequality indicators at the provincial, district, subdistrict, and village levels. In particular, the standard errors at the provincial, district, and subdistrict levels are reasonably acceptable. At the village level, however, there are great variations in the precision of poverty headcount estimates across villages within a province, implying that the poverty mapping results for the village level need to be used with caution. For villages with high standard errors, other information is required to verify the estimates. 


The main problem in the development of poverty mapping in Indonesia is limited technical expertise available in the country. The short supply of human resources with capability in this area hampers a speedy process of creating poverty maps for the whole country. 

I.  Background on Poverty Mapping Efforts

Although the majority of Indonesians were poor in the 1960s and 1970s, poverty reduction was never explicitly set as a development goal in the first five rounds of the ‘Five Year Development Plan’ (Pelita I to V) between 1969 and 1994.  Only in 1994, at the start of Pelita VI, for the first time did the government identify explicitly the target for reduction and eventual elimination of poverty.

In the effort to achieve this target, direct and indirect approaches were utilized. Among the direct poverty reduction efforts launched, four of the major programs were: (i) The Presidential Instruction on Disadvantaged Villages (IDT); (ii) Family Welfare Development Program (Takesra/Kukesra); (iii) Income Generating Project for Marginal Farmers (P4K); and (iv) the twin Urban Poverty Reduction Program (P2KP) and Kecamatan Development Program (PPK).
 

As part of the programs’ designs to identify the target groups of the programs, some efforts to map poverty in Indonesia were also initiated. In particular, the IDT and Family Welfare Development Program undertook the first two major efforts to map poverty at small areas. The IDT program was run from 1994 to 1997. The targeting approach used in the IDT program was to classify all villages in Indonesia into poor (backward) villages and non-poor villages. This means that the IDT program targeted poor areas rather than poor people. 

The classification of villages into poor and non-poor was based on the Podes (Village Potential) database. Podes is a census of villages all over the country, collected by BPS (Statistics Indonesia). This village census mainly collects information on the presence or absence of infrastructure and facilities such as: types of road, health facilities, schools, market facilities, water supplies, electricity, telephone links, public toilets, etc.

In the IDT village classification method, village characteristics measured in Podes were given scores ranged from 0 (undesirable) to 5 (most desirable).  Based on a correlation analysis, then a set of 25 relevant variables for urban areas and 27 variables for rural areas was used as the determining indicators. The determination of whether a village was poor or not was based on the range and standard deviation of village score of those indicators within provinces, complemented by personal evaluation and perception from the subdistrict head (Camat).

Based on the 1993 Podes, BPS determined that 20,622 villages or 31 percent of all villages in Indonesia were classified as poor or backward villages. Of these poor villages, 19,615 were in rural areas and 1,007 were in urban areas.  However, when the distribution of these poor villages was compared with the distribution of poor people according to BPS own definition from the same time period, there were striking differences.

First, the percentage of villages classified as poor (31 percent) was much higher than the percentage of population classified as poor (13.7 percent). Second, the geographic distributions of poor villages and poor people were markedly different. Whereas more than half of the poor people were found in Java, more than 70 percent of poor villages were located off Java. It is clear that poor areas do not perfectly identify the location of poor people. As commonly found in other countries, a large number of the poor live outside poor areas and, on the other hand, a significant number of people who live in poor areas are not poor.

Meanwhile, the Family Welfare Development Program, which was managed by the Family Planning Coordinating Board (BKKBN), tried to target poor households directly. The BKKBN classified all households in Indonesia into five welfare status: (i) Pre-Prosperous Households (Keluarga Pra Sejahtera or KPS), (ii) Prosperous Households Level I (Keluarga Sejahtera I or KS I), (iii) KS II, (iv) KS III, and (v) KS III+.
 Poor households are often equated as the KPS households, but sometimes they are defined to include the KPS and KS I households. 

A household is classified as a KPS household if it fails on any of the following five conditions: (i) all household members practice their religious obligations; (ii) all household members eat at least twice a day; (iii) all household members have different set of clothing for work, school, visit;  (iv) the largest part of house floor is not made of earth; and (v) sick household members and contraceptive users use modern medical service. To reach the highest welfare status of KS III+, a household has to pass a total of 22 indicators. 

BKKBN claims to have data on these indicators for all Indonesian households, collected by its cadres all over the country. Even though the cadres are supposed to collect the data through direct household visits and interviews, in many cases they collect the information from neighborhood or commodity chiefs (RTs and RWs). This has led some to doubt the accuracy and reliability of the data. 

When the economic crisis hit Indonesia starting in mid 1997, and led to worsening and chaotic situation during much of 1998, the government responded by establishing several social safety net programs. The majority of these programs – sale of subsidized rice, scholarships for school children, free medical services – use the BKKBN data to target their beneficiaries. It was realized that the static nature of the BKKBN indicators may not be able to capture shocks suffered by households, but there was simply no other alternative of household database available in the country.
 

The use of this data for targeting of the social safety net programs partially contributes to the problems of undercoverage and leakage in the implementation of these programs.
 This has led to the thinking of the need to conduct a ‘poverty census’. The main idea was that in this poverty census, households were assessed their poverty status. The purpose was to have a household database which was more suitable for targeting of poverty reduction programs than the existing BKKBN database. 


The main obstacle to implement this idea was, however, that a poverty census was judged to be too expensive.  The idea was then promoted to the provincial governments.  Out of 30 provinces in Indonesia, three provinces – Jakarta, East Java, and South Kalimantan – implemented the idea.  To facilitate the implementation and reduce costs, the poverty census in these three provinces were conducted at the same time and in conjunction with the Population Census 2000. 


Although the original idea of a poverty census is to assess the poverty status of each household in the country, so that a very detail poverty map down to the household level can be created, in practice the poverty status reported in the data was measured indirectly. Instead of directly measuring household income or expenditure, the poverty census used several indicators which represent the characteristics of the poor. In the poverty census in Jakarta, for example, seven indicators of poor households were used. Every household which matched any three out of the seven indicators was classified as a poor household. 

These indicators of poverty were obtained from the National Socio-Economic Survey (SUSENAS) data. Based on very detailed household consumption data from the three-yearly Consumption Module of SUSENAS, and using a standard poverty measurement method, poverty statistics in Indonesia are regularly calculated. The main limitation of these poverty statistics is, however, they are representative only at a large area, which is province-urban/rural. Therefore, they are deemed less useful for practical program targeting or budget allocation purposes. 

To overcome this limitation of too broad area of representation, BPS has also calculated district level poverty statistics based on the yearly-collected Core SUSENAS. The main weakness of these district poverty statistics, however, lies in the data itself. The Core SUSENAS only collects data on the value of household consumption of several aggregated consumption items.
 This means that district level poverty lines cannot be directly calculated from the data as there is no information on prices and quantities of consumed items. BPS approximates the district level poverty lines from the province level poverty lines adjusted by food-share of average district level consumption. Despite the apparent weaknesses, this district level poverty map is widely used by government agencies for both program targeting and budget allocation purposes.
 

II.  A New Poverty Mapping Initiative: Simulated-Welfare Mapping

In the implementation of various poverty reduction and social protection programs, experience shows that locating the target for these programs – the poor and vulnerable groups – is one of the most crucial and difficult problems.
 In Indonesia, a country which is very large in size, has a large number of population, and where reliable poverty statistics are representative only down to the provincial-urban/rural level, geographic targeting of the poor is even more difficult. For example, Figure 1 shows the poverty map of Indonesia based on the available estimates of poverty rates at the provincial level.
 While this map is useful for identifying poverty differential across broad regions – it shows that the provinces at the eastern part of Indonesia are the poorest regions in the country – it is less useful for the purposes of practical budget allocation or program targeting. 

Figure 1.  Poverty Map of Indonesia

Based on Provincial Poverty Rates, 1999
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It is estimated that more than 15 percent out of a total population of 206 million was considered absolute poor in 2000.
 In addition, 30 to 50 percent of the population was considered vulnerable to poverty, meaning that they could easily fall into poverty when negative shocks occur.
 This implies that poverty reduction efforts have to continue to be an important endeavor in Indonesia, even long into the future. Therefore, there is clearly a need to develop tools for more effective geographic targeting of the poor than those that have been used in the past. 

Ideally, geographic targeting would be based on a description of poverty incidence and other indicators of economic welfare at small areas or low administrative levels. In the context of Indonesia, administrative levels start from the national level, go down to provincial (propinsi), districts/cities (kabupaten/kota), subdistricts (kecamatan), and village (desa/kelurahan) levels.
 

One could of course obtain village level information on the distribution of economic welfare by carrying out a household survey which is representative at the village level. However, with almost 70,000 of total number of villages in Indonesia, such a household survey is prohibitively too large and too expensive to carry out. For comparison, the Consumption Module of SUSENAS has a sample size of only around 65,000 households.

Fortunately, as a result of recent methodological advances in this area, a new method has been developed to estimate small area distribution of economic welfare from statistical data collections that are normally available in a country.
 The core of the method is to combine the information obtained from a household survey and a population census.
 

This method has been successfully implemented in other countries, in particular in South Africa and Ecuador. These early applications of the method have shown that the method can be implemented given the required data sources are available. The results indicate that standard error of the estimation for small area statistics are reasonably acceptable. Finally, the maps resulted have been found to be very useful for various purposes.
 Therefore, these successful examples have encouraged more applications of the method to other countries, including Indonesia. 

2.1.  The Pilot Study

In Indonesia, the new poverty mapping method – which here is called ‘simulated-welfare mapping’ – was introduced to a large audience consisting of policy makers, statisticians, academics, researchers, and the general public in a seminar held in BPS in June 2001. The speaker at the seminar was Peter Lanjouw from the World Bank, who highlighted the features of the method and provided examples of the applications of the method in other countries as well as illustrated some uses of the poverty maps that had been produced. 

The seminar sparked interest, at least among some participants of the seminar, to utilize the method and apply it in Indonesia.  In a follow up meeting, three institutions – BPS, the SMERU Research Institute, and the World Bank – got together and agreed to collaborate in an effort to apply the method and develop a poverty map of Indonesia. The ultimate purpose was to create high resolution poverty maps down to district, subdistrict, and village levels. 

Until then, the method had never been applied in a large country. Therefore, it was decided that the effort would be divided into two phases. The first phase would be a pilot study, where the method would be learned and then applied to data from only three provinces out of the total 30 provinces in Indonesia. The purpose of the pilot study was to test the feasibility of applying the method, given the available data in Indonesia. When the pilot study was started in mid 2001, the 2000 Population Census data was not yet available. Hence, it was decided that the three pilot provinces would be selected simply on the basis of data availability.  Chronologically, the provinces for which the data was first available and hence included in the pilot study were East Kalimantan, Jakarta, and East Java.
 

In the pilot phase, SMERU took a leading role as the implementing agency.  Meanwhile BPS supported by providing all the data and the World Bank provided the funding and technical assistance for the study.  The pilot phase commenced in July 2001 and was accomplished two years later in May 2003.  The total cost of the pilot study was around US$ 100,000 excluding the cost of technical assistance.

In the second phase, which commenced as soon as the pilot phase ended in May 2003, is currently underway.  In this phase, BPS plays a leading role as the implementing agency with the main task to complete the poverty maps of the rests of the provinces. The World Bank continues to provide funding and technical assistance. Meanwhile, with technical expertise gained during the pilot phase, SMERU now plays a supervisory role in this phase. This phase is planned to be accomplished by the end of 2003 so that Indonesia will have a complete poverty map by then. 

2.2.  Methodology and Data

2.2.1.  The Basic Methodology

A household survey usually collects very detailed information on household characteristics, including its consumption level, but the coverage is generally limited and only representative at a relatively large geographical unit. On the other hand, a population census has a complete coverage of all households, but usually collects very limited information on household characteristics. The developed methodology tries to combine the advantage of detailed information on household characteristics obtained from a household survey with the complete coverage of a population census.

By combining the respective strengths of survey and census data, the simulated-welfare mapping method aims to estimate welfare indicators for small administrative areas. The approach uses household survey data to estimate a model of per capita consumption expenditure (or any other household or individual-level indicator of wellbeing) as a function of variables that are available in both the household survey and the population census. 

The resulting parameter estimates from this estimation procedure are then used in a simulation to predict per capita consumption for each household in the census. Using the predicted per capita consumption, household level measures of poverty and inequality are then calculated and aggregated for small areas, such as districts, sub-districts, or villages. This explains the origin of the name ‘simulated simulated-welfare mapping’ for the method. 

Importantly, the method allows for calculation of standard errors for whichever welfare measure is estimated. This feature is critical in that it offers a means to assess the statistical reliability of the estimates as well as of comparisons across estimates for different communities. 

2.2.2.  The Consumption Model

Following Elbers et al. (2001, 2002), the empirical model of household consumption is defined as:
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where 
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With these assumptions, equation (1) reduces to
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Estimation of the parameters underlying this equation, in particular the vector of parameters 
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 and the distributional characteristics of the error terms, can be done by using standard tools from econometric analysis (Elbers et al., 2002).

2.2.3.  The Implementation Procedure

As a result of the pilot study, a standard procedure to implement the simulated-welfare mapping method for creating a poverty map has been formulated. This procedure is consisted of five steps:

Step 1:  Matching Variables in the Survey and the Census

In order to obtain rigorous estimates of consumption levels of the households in the census, the explanatory variables selected in the consumption determination model have to exist and are measured in the same way in both the household survey and in the census. If the sample of the household survey was randomly selected and nationally representative, the distribution of each explanatory variable in the household survey can be expected to be the same as its distribution in the census. 

Step 2:  Selecting Explanatory Variables for the Consumption Model

The selection of the explanatory variables in the consumption model starts by running a regression of log per capita consumption on the matched variables identified in the Step 1, plus some variables that can be created from those variables such as the square and cube of household size. In order to obtain a robust specification, variables are only selected for inclusion in the model if they contribute significantly to the explanation of per capita consumption. Hence variables with low statistical significance are dropped from the model. 

After a promising set of variables has been selected in this way, the regression is run again and the residuals of this regression are saved. These residuals need to be scrutinized to check if there are some outliers in the observation. If indeed there are some residual values which are far out of the range of most residual values, then these observations must be checked for coding or other errors. Ultimately it may be necessary to delete them from the data. 

The next step is to select village-level independent variables to complete the consumption model specification. The village level variables are obtained from either the population census data aggregated at the village level (for example the total population or means of age of household heads in each village) or from the village census (PODES) data. These variables are then grouped into several sets such as demographic variables, village infrastructure variables, and village economic variables. 

The residuals of the last regression are then aggregated at the village level to calculate the mean of these residuals for each village. The variable selection is then done by running separate regressions of the village-level mean of residuals on each set of the village-level variables. The variables with significant t-values are selected as the candidates for inclusion in the consumption model. 

The feasibility of including these candidate village-level variables in the consumption model is tested by running regressions of village dummy variable on these variables. One regression is run for each village dummy variable. If the coefficient of a certain variable in a regression is one, it shows that there is a perfect multicollinearity between this variable and the village dummy variable. This will happen if, for example, a village has a certain infrastructure while no other villages have, or on the other hand, all villages except one have a certain infrastructure. Such variables are necessarily excluded from the model. This test may explain why for example electricity is included in the model for rural areas but necessarily excluded from the model for urban areas. 

Step 3:  Estimating the Consumption Model

The result of step 2 is a complete specification of the consumption model, incorporating both household-level and village-level independent variables of the model. The next step is to test whether there is heteroscedascity in the data. This will determine the method to be employed to estimate the model. The first step to do this is to estimate the model of equation (3) using Ordinary Least Squares (OLS) and save the residuals as a variable 
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Based on equation (2) the residuals 
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To investigate the presence of heteroscedasticity in the data, a set of potential variables that best explain the variations in 
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 are used to estimate the following logistic model:



[image: image20.wmf]vh

T

vh

vh

vh

r

z

e

A

e

+

=

ú

û

ù

ê

ë

é

-

Ù

a

2

2

ln




(5)

where we take A equal to 
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 as in Elbers et al., (2002). This specification puts bounds on the predicted variance of 
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In the case where homoscedasticity is rejected, a household specific variance estimator for 
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where 
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. The consumption model is then re-estimated using Generalized Least Squares (GLS) method, utilizing the estimated variance-covariance matrix, 
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Step 4:  Simulations on Census Data

The purpose of this step is to apply the parameters estimated in the previous step to the census data. However, since the values of these parameters are obtained through estimations, they are not the precise values of these parameters and subject to sampling error. This needs to be taken into account in applying the parameters to the census data by taking into account the sampling error of the coefficient estimates. To start, recall that the purpose is to calculate the simulated version of equation (3): 
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where the superscript s refers to simulated version of each parameter or variable and now 
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 refers to characteristics of the households in the population census data.

Simulation of (.  The simulated value of ( is obtained through a random draw, assuming 
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 requires two steps of simulations. This is because the variance of ( itself is estimated with error. Hence, the first step is to obtain the simulated variance of (, 
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Simulation of 
[image: image43.wmf]vh

e

.  The process of obtaining the simulated value of 
[image: image44.wmf]vh

e

 requires the use of the results of estimation of equation (5). Assuming 
[image: image45.wmf]÷

ø

ö

ç

è

æ

÷

ø

ö

ç

è

æ

Ù

Ù

a

a

a

Var

,

~

N

, a random draw of ( is made and defined as 
[image: image46.wmf]s

a

. Like in the case of (, the draw has to take into account the covariance across (’s. The simulated parameter is then used to simulate the household specific variance estimator for 
[image: image47.wmf]vh

e

 as defined in equation (6) for each household in the census data. Finally, the simulated value of household specific idiosyncratic shock, 
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Collecting.  Now all the three components of equation (7) have been simulated, the value of 
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 that have been obtained. The whole set of simulations is then repeated a number (100) of times, so that in the end a database of 100 simulated values of (log) per capita household expenditure of all the households in the census data is created.

Step 5:  Calculation of Poverty and Inequality Indicators 

The final output of Step 4 is a database of 100 simulated values of household expenditure of all households in the census data. This database is used as the basis for calculating point estimates and standard errors of various poverty and inequality measures at the provincial, district, sub-district, and village levels. The point estimate of each measure is the mean of the calculated measure over the 100 simulated household expenditure. Meanwhile, the standard error of this estimate is equal to the standard deviation of the calculated measure over the 100 simulated household expenditure. The welfare indicators of a region – at any level – is calculated directly from the data of all individual households residing in that region.
 

2.2.4.  Data Sources

Four sources of data were used in the pilot study: (i) Consumption Module SUSENAS 1999, (ii) Core SUSENAS 1999, (iii) Population Census 2000, and (iv) PODES (Village Census) 1999. All of them were collected by BPS. In the consumption model estimation, the data on household consumption is obtained from the Consumption Module SUSENAS, the data on household characteristics is obtained from the Core SUSENAS, and the data on village-level characteristics is obtained from the PODES and village means of the population census. 

SUSENAS, the National Socio-Economic Survey, is a nationally representative household survey, covering all areas of the country. A part of the SUSENAS is conducted every year in the month of February, collecting information on the characteristics of over 200,000 households and over 800,000 individuals. This part of the SUSENAS is known as the ‘Core’ SUSENAS. Another part of the SUSENAS is conducted every three years, specifically collecting information on very detailed consumption expenditure from around 65,000 households. These households are a randomly selected subset of the 200,000 households in the Core SUSENAS sample of the same year. This consumption module part of the SUSENAS is popularly known as the ‘Module’ SUSENAS. 

Population census 2000 is the fifth population census conducted in Indonesia after independence. The previous censuses were conducted in 1961, 1971, 1980, and 1990. The 2000 population census was conducted in the month of June, covering all population living in the territory of Indonesia and including foreigners. Data on 15 demographic, social, and economic variables at both individual and household levels were collected in the census. 

PODES, meanwhile, is a complete enumeration of villages throughout Indonesia. The information collected through this survey only includes village characteristics such as size of area, population, infrastructure, and local industries characteristics. The questionnaires are filled out by the local sub-district officials who are responsible for collecting statistical data (mantri statistik). The information is obtained from official village documents as well as interviews with village officials. The PODES survey is usually conducted three times in every ten years, usually prior to and as a preparation for an agricultural census, an economic census, or a population census. A PODES survey was conducted in the months of September and October 1999 as a preparation for the population census in 2000. In total, the 1999 PODES enumerates 68,783 villages.
 

2.3.  Results

2.3.1.  Poverty Estimates and Their Standard Errors

The poverty measures calculated in the pilot study were the poverty headcount index (P0), poverty gap index (P1), and poverty severity index (P2) from the FGT family of poverty measures.
 Meanwhile, the inequality measure calculated was the Gini ratio. In addition to the estimates of poverty and inequality indicators as usually presented, the results of the simulated-welfare mapping exercise also provide the standard errors of these estimates as a measure of their precision. 

Table 1 compares the estimated headcount poverty rate for East Kalimantan, Jakarta, and East Java as calculated directly from the SUSENAS data and those estimated from the Population Census data through the simulated-welfare mapping method. Note the increase in precision of the census-based simulated-welfare estimates compared to the SUSENAS-based estimates. This is a well-known phenomenon, employed extensively in the statistical technique of ‘small area estimation’.
 

Table 1 shows the advantage of using the simulated-welfare mapping method to increase the precision of poverty estimates. However, the real advantage of the method is its ability to produce poverty estimates and other welfare indicators at smaller areas – district, subdistrict, and village levels – than the provincial level presented in Table 1. 

The first time availability of accurate welfare indicators at district, subdistrict, and village levels is already an achievement.
 But the real power of poverty mapping is in presenting the outcomes in a geographical map, making it possible to overlay the poverty data with all kinds of spatial characteristics. Figure 2a shows the distribution of poverty in the province of East Kalimantan by district. Figure 2b provides the same information but calculated at subdistrict level. Comparing the two figures clearly indicates that the heterogeneity of poverty within districts is quite large, making the information on the distribution of poverty in this province conveyed by the two figures differ markedly. Figure 2c provides the information at an even finer village level, which differs even more markedly from Figure 2a. Figure 3a – 3c show the same maps for the province of Jakarta, while Figure 4a – 4c provide the poverty maps of East Java. 

	Table 1.  Estimates of Headcount Poverty Rates in Jakarta, 

East Java, and East Kalimantan Based on SUSENAS and 

Simulated-Welfare Mapping Method



	Area
	Poverty Rate (%)
	Standard Error (%)
	Sample Size

	
	
	Points
	Proportion
	Household
	Individual

	Jakarta:

	SUSENAS 1999
	2.82
	0.62
	21.99
	2,959
	12,460

	Simulated-Welfare Mapping
	2.98
	0.53
	17.78
	2,204,219
	8,246,736

	
	
	
	
	
	

	East Java:

	SUSENAS 1999:
	
	
	
	
	

	- Urban
	19.51
	1.73
	8.87
	3,250
	12,535

	- Rural
	40.94
	1.55
	3.79
	5,285
	19,593

	- Total
	33.34
	1.24
	3.72
	8,535
	32,128

	
	
	
	
	
	

	Simulated-Welfare Mapping:
	
	
	
	
	

	- Urban
	20.32
	1.33
	6.55
	3,703,652
	13,761,133

	- Rural
	40.07
	1.29
	3.22
	5,655,930
	20,730,848

	- Total
	32.10
	1.31
	4.08
	9,359,582
	34,131,981

	
	
	
	
	
	

	East Kalimantan:

	SUSENAS 1999:
	
	
	
	
	

	- Urban
	9.09
	3.38
	37.18
	442
	1,882

	- Rural
	33.33
	4.61
	13.83
	561
	2,409

	- Total
	21.05
	3.38
	15.94
	1,003
	4,291

	
	
	
	
	
	

	Simulated-Welfare Mapping:
	
	
	
	
	

	- Urban
	10.50
	1.26
	12.00
	349,323
	1,399,814

	- Rural
	33.72
	3.28
	9.73
	271,593
	1,062,777

	- Total
	20.52
	2.35
	11.47
	620,916
	2,462,591

	Source: Authors’ computations. The standard errors on the SUSENAS-based headcounts are calculated by bootstrapping.


Figure 2a.  Poverty Map of East Kalimantan – District Level
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Figure 2b.  Poverty Map of East Kalimantan – Subdistrict Level
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Figure 2c.  Poverty Map of East Kalimantan – Village Level

Figure 3a.  Poverty Map of Jakarta – District Level
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Figure 3b.  Poverty Map of Jakarta – Subdistrict Level
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Figure 3c.  Poverty Map of Jakarta – Village Level

Figure 4a.  Poverty Map of East Java – District Level
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Figure 4b.  Poverty Map of East Java – Subdistrict Level
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Figure 4c.  Poverty Map of East Java – Village Level
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When inspecting these maps it should be kept in mind that they have been created using the expected headcount. The true headcount for a location will differ from the expected headcount because of sampling and modeling errors. The maps do not take the errors into account. To show an example of what precision can be achieved at the subdistrict level, Figure 5 shows the subdistrict level predicted poverty headcount in urban East Kalimantan along with brackets giving a 70 percent confidence interval from one standard error below to one standard error above the point estimate. For reference, the provincial (urban) headcount has been included as a vertical line in the graph. Clearly, on the basis of this graph there is a large group of subdistricts for which one cannot tell with reasonable confidence that they have below or above average poverty headcount.

Table 2 provides the summary of the precision of poverty headcount estimates at various levels of areas. The numbers in this table show summary statistics of the standard errors as a proportion of the point estimates. For example, the table shows that the mean of standard errors across districts within a province ranges from 11 percents of the point estimates for East Java to 27 percent for Jakarta. For the subdistrict level, the mean of standard errors ranges from 23 percent for East Java to 63 percent for Jakarta. Meanwhile, for the village level, the mean of standard errors ranges from 53 percent for East Kalimantan to 128 percent for Jakarta. 

Table 2 indicates that the standard errors at the provincial, district, and subdistrict levels are reasonably acceptable. At the village level, however, there are great variations in the precision of poverty headcount estimates across villages within a province. In East Java, the standard errors at the village level range from 9 percent of the point estimates to 169 percent. In East Kalimatan, they range from 11 percent to 441 percent, while in Jakarta the range is from 75 percent to 223 percent. This implies that the poverty mapping results for the village level need to be used with caution. For villages with high standard errors, other information is required to verify the estimates. 

Figure 5.  The Precision of Sudistrict Level Poverty Estimates in Urban East Kalimantan
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In interpreting the statistics in Table 2, a word of caution is warranted. The proportion of standard error from point estimate can be high due to two different reasons: large magnitude of the standard error or small magnitude of the point estimate. A good example of the latter is the statistics for Jakarta. It appears that the estimates for Jakarta at various levels always have higher proportional standard errors compared to the other two provinces. This, however, is due to the fact that Jakarta has much smaller poverty headcount point estimates than the other two provinces. In such cases, it is better to examine the absolute magnitudes of the standard errors rather than their proportions from the point estimates. 

The absolute magnitudes of the standard errors are clearly related to the population size. Figure 6 shows the plots between the magnitude of standard error with the population size at the village level in the five estimation areas. The figure clearly indicates that the two variables have a negative relationship, implying that the larger the population size of a village the smaller the standard error of the estimate. This also suggests that where the standard error of poverty estimate for a village is considered too large, the standard error can be made smaller by lumping that village with its adjacent neighbors in one estimation. 

	Table 2. Summary Statistics of Standard Error as a Proportion of Point Estimate for the Poverty Headcount Measure



	Region
	Mean
	Std. Dev.
	Minimum
	Maximum
	N

	Jakarta:
	
	
	
	
	

	- Province
	0.1765
	-
	0.1765
	0.1765
	1

	- District
	0.2678
	0.0169
	0.2489
	0.2885
	5

	- Subdistrict
	0.6298
	0.1471
	0.4376
	1.2109
	43

	- Village
	1.2796
	0.2489
	0.7472
	2.2276
	265

	
	
	
	
	
	

	East Java:
	
	
	
	
	

	- Province
	0.0408
	-
	0.0408
	0.0408
	1

	- District
	0.1165
	0.0515
	0.0531
	0.2063
	37

	- Subdistrict
	0.2267
	0.0887
	0.0620
	0.5624
	621

	- Village
	0.5501
	0.2029
	0.0893
	1.6867
	8,412

	
	
	
	
	
	

	East Kalimantan:
	
	
	
	
	

	- Province
	0.1147
	-
	0.1147
	0.1147
	1

	- District
	0.1873
	0.1040
	0.0995
	0.4572
	12

	- Subdistrict
	0.2552
	0.1108
	0.1300
	0.6618
	87

	- Village
	0.5282
	0.3586
	0.1052
	4.4104
	1,102


2.3.3.  Comparison with Other Measures

The indicator most widely used in Indonesia to rank regions by poverty levels for targeting purposes is based on the classification of family welfare status created by the Family Planning Coordinating Agency (BKKBN). For example, this BKKBN indicator was used extensively in the targeting for various Social Safety Net (SSN) Programs during the recent economic crisis. Another large scale program, the Kecamatan Development Program (KDP), also uses this indicator along with a composite of various education, health, infrastructure, and economic indicators to rank subdistricts all over the country.

The subdistrict rank correlations of the poverty mapping results with the BKKBN and KDP measures are shown in Table 3. Since the data are only for subdistricts within districts (kabupaten), and do not include subdistrict within cities (kota), the correlation tests can be implemented only for the provinces of East Java and East Kalimantan.

Table 3 shows that all the correlation coefficients are relatively low, i.e. less than 50 percent, although most of them are statistically significant. The correlation with BKKBN indicator in East Kalimantan is particularly low at around 21 percent and statistically insignificant. This indicates that there is a wide scope to improve targeting of regions by incorporating the results of poverty mapping into the targeting decision. 

Figure 6.  Standard Error and Population Size – Village Level
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	Table 3. Rank Correlations of Subdistricts Based on Poverty Mapping Results with BKKBN and KDP Indicators



	Province
	Indicator

	
	BKKBN
	KDP

	East Java
	0.4610**

n = 571
	0.4737**

n = 571

	East Kalimantan
	0.2140

n = 70
	0.4136**

n = 70

	Notes:   ** significant at 1 percent level

* significant at 5 percent level


III.  Uses of Poverty MAP

Poverty analysis is often based on national level indicators that are compared over time or across countries. The broad trends that can be identified using aggregate information are useful for evaluating and monitoring the overall performance of a country. For many policy and research applications, however, the information that can be extracted from aggregate indicators is not sufficient, since they hide significant local variation in living conditions within countries. 

3.1.  Expected Uses and Users of Poverty Maps

The detailed poverty maps at small administrative areas that are the ultimate output of the simulated-welfare mapping method provide benefits to help address the shortcoming of aggregate poverty analysis in the following ways: 

(i)  Poverty maps capture the heterogeneity of poverty within a country. 

Almost all countries in the world have regions that are better off and others that are left behind. Such differences often get washed out in national level statistics – a problem that is particularly critical in very large and heterogeneous countries such as Indonesia. Poverty map can reveal the variation in local poverty levels when small area information is available. As the results of the pilot study have shown, seemingly homogeneous regions can actually have a large degree of local heterogeneity. 

(ii)  Poverty maps improve targeting of interventions. 

In designing poverty reduction programs, resources will be used more effectively if the most needy groups can be better targeted. This reduces the leakage of benefits from a poverty reduction program to non-poor households and, on the other hand, reduces the risk that poor households will be missed by a program. 

(iii)  Poverty maps can help governments – national and local – to articulate their policy objectives. 

Basing allocation decisions on observed geographic poverty data, rather than subjective rankings of regions, increases the transparency of government decision making. Such data can thus help limit the influence of special interests in allocation decisions. There is a related role for well-defined poverty maps to lend credibility to government and donor decision making. This is particularly relevant in the context of currently decentralized Indonesia. By increasing transparency, poverty maps can help prevent the regional autonomy policy from being hijacked by the local elite capture.

(iv)  Poverty maps have an important role in communicating information on distribution of welfare to the civic population within a country. 

Poverty maps are useful not only to governments and decision makers, but also to local communities. Compiling disaggregated information on human welfare generates locally relevant information. This provides local stakeholders with the facts that are required for local decision making and for negotiation with government agencies. Poverty maps thus become an important tool for local empowerment and decentralization.

(v)  Poverty maps are useful to evaluate the impact of various programs. 

Poverty maps offer opportunities to undertake detailed empirical research on the causal relationships between local poverty, income inequality, and various other social outcomes, both at the individual and at the community level. Until now, scarcity of welfare indicators for small areas has prevented researchers from studying the relationship between various programs, poverty, inequality, and various outcomes, such as health, education, crime, and the environment. Poverty maps open up more opportunities for researchers to examine these relationships.

(vi) Estimation of small area indicators of poverty allows their incorporation into geographical information systems (GIS). 

This feature of poverty maps facilitates the combination of poverty information with other indicators from policy-relevant subject areas. Examples are geographic databases of transport infrastructure, public service centers, access to input and output markets, or information on natural resources quality and vulnerability. Using geographic overlay techniques and spatial analysis methods, the newly constructed databases on poverty can thus be used to address a range of multidisciplinary questions. The databases can also be used by the private sector to guide them in determining the locations for new investment opportunities. 

3.2.  Benefit of the Simulated-Welfare Mapping Relative to Other Methods

· Poverty maps obtained through the simulated-welfare mapping method can provide poverty estimates down to sub-district and village levels. These are much higher resolution maps compared to the SUSENAS-based provincial and district level poverty maps. 

· Poverty maps obtained through the simulated-welfare mapping method are calculated based on household income or expenditure, which are direct measures of household welfare. This is different from BKKBN and poverty census data which both use indirect welfare measures in the forms of indicators of poverty. 

· Poverty maps obtained through the simulated-welfare mapping method also provide the standard errors of the estimates, which are the measure of precision of the poverty estimates calculated. 

· Poverty maps obtained through the simulated-welfare mapping method use existing data. Hence, it does not require new effort to collect data. On the other hand, this increases the utilization of existing data.

3.3.  Strategies to Promote the Use of Poverty Maps

· The poverty maps should be easily accessible to the public, both through conventional dissemination efforts as well as using the internet. 

· Seminars and workshops to increase awareness of policy makers and the public on the availability and usefulness of the poverty maps.

· Use the same method to produce maps of other welfare indicators such as the prevalence of stunting or underweight children.

3.4.  Sustainability of Poverty Maps Production

Currently the production of poverty maps using the simulated-welfare mapping method is driven by external organizations, in particular the World Bank. The World Food Program (WFP) has also stated an interest to produce maps of other welfare indicators – in particular the prevalence of stunting and underweight children – in Indonesia. To ensure the sustainability of the poverty map production, some efforts to internalize the needs to use poverty maps for government programs targeting are required. 

IV.  Key Problems and Challenges in Poverty Map Development

The main problem and challenge in poverty map development in Indonesia is very limited technical expertise that is available within the country. The short supply of human resources with capability in this area has hampered a speedy process of creating poverty maps for the whole country. 

Improving the quality of poverty maps produced is a challenge that needs to be addressed in the future. This is directly related to the need to improve the quality of data used in the exercise. In addition, one prospective avenue for improving the quality of maps produced is to add GIS type data such as land use, land quality, rainfall, etc. in the model. However, this requires an integration of BPS data with data produced by other institutions, which currently is very difficult to implement. 

Another challenge is to change the perception from some key stakeholders that poverty maps produced through this method is less useful because they cannot be used to target households. They argue that only such household level data that is relevant for the implementation of programs to help the poor, such as for the distribution of rice in the ‘Rice for the Poor’ program. Targeting usually involves two steps: geographic and household/individual targeting. Poverty mapping can only be used for geographic targeting, while for household/individual targeting it is better to use local knowledge. 

V.  Recommendations


Poverty map is a targeting tool that potentially can make poverty reduction programs and government intervention more effective. However, this requires the availability of high quality high resolutions poverty maps, which are easily accessible by the stakeholders. To facilitate the production, distribution, and use of such maps, the following actions are recommended: 

· Training and workshops on poverty map production and uses for staffs of government departments, universities, research institutions, and non-governmental organizations to build up the capacity on poverty map production and use in the region.

· Developing a network of poverty map experts and users in the region as a forum for sharing information and experience in the production and use of poverty map.

· Facilitating efforts to integrate data produced by various institutions within a country to improve the quality of poverty maps produced. For example, in the case of Indonesia, data from BPS needs to be integrated with data produced by the Meteorology and Geophysics Agency (BMG), Department of Forestry, and Department of Agriculture. 

· Supporting upstream and downstream research on poverty mapping in the region.  On upstream research, the topics that need emphasis are efforts to improve the quality of maps produced, software development to make poverty map production user friendly, and developing methods to update the map between censuses, which usually take as long as 10 years. On downstream research, maps produced should be used to examine the covariates of poverty, which will be useful for establishing the causes and impacts of poverty.
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� Sumarto et al. (1997). 


� BKKBN (1994). 


� Sumarto et al. (2003). 


� Sumarto et al. (2002). 


� This results in lower estimates of household consumption than the estimates from SUSENAS Consumption Module by around 15 percent. See Sumarto et al. (2002). 


� Recently, this Core SUSENAS-based district level poverty map and other district level statistics have been published by the National Development Planning Agency (Bappenas, 2003). 


� See Bigman and Fofack (2000), van de Walle (1998).


� The estimates of provincial poverty rates are taken from Pradhan et al. (2001). 


� Suryahadi et al. (2002).


� Pritchett et al. (2000), Suryahadi and Sumarto (2003).


� A village which is located in a rural area is called a desa, while a village which is located in an urban area is called a kelurahan. 


� See Elbers et al. (2001, 2002) and Hentschel et al. (2000).


� For a review on methods to produce poverty map, see Henninger (1998).


� Elbers et al. (2001).


� The report of the pilot study can be found in Suryahadi et al. (2003a). 


� Elbers et al. (2002) mention alternatives for the assumption that the error component terms follow normal distributions. In separate sets of simulations we have experimented with these alternative assumptions. In no case did this lead to significantly different results.


� The application of this poverty mapping exercise from step 3 to 5 is implemented using a computer program called PovMap (Version 1.0 Beta), which runs on the SAS computer software with at least BASE, STAT, ETS, and IML modules installed. The program is developed by Qinghua Zhao at the World Bank. 


� Officially it is called PODES 2000. 


� Foster et al. (1984).


� However, when the sample size in the SUSENAS is sufficiently large, such as in the case of East Java, the increase in the precision of the estimates is not large. 


� The estimates are available in Suryahadi et al. (2003b). 


� This is because KDP is implemented only in kabupatens. The data were used for the implementation of the second stage of KDP (KDP 2) starting in 2002 and provided by the World Bank Jakarta office.
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