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Poverty incidence tends to be concentrated in particular locations, suggesting the 
importance of neighbourhood influence. However, this spatial pattern has been 
ignored when estimating the growth elasticity of poverty of a regionally diverse 
country like Indonesia. In fact, no study has ever undertaken the spatial analysis of 
growth-poverty elasticity at a sub-national level in any developing country. This 
study aims to fill this gap by incorporating spatial effects in the estimation model 
using sub-national data. The main objective is to test the existence of any spatial 
pattern of regional growth elasticity of poverty in the case of Sumatra. The estimation 
is conducted at the district level and includes 80 districts during 2000 to 2004. The 
analysis begins with standard OLS specifications in order to test for the presence of 
spatial structure in the error terms. The estimation then proceeds to simple spatial 
econometric models as the empirical results confirm the presence of spatial structure 
in the error components. The significance of the spatial pattern, both spatial 
dependence and spatial heterogeneity, is also confirmed. 

JEL Classification: O18; R11; Q18 

INTRODUCTION 

There has long been concern about determining the extent to which economic growth 

affects poverty in developing countries, technically called the (economic) growth 

elasticity of poverty. Many studies on the growth elasticity of poverty have been 

conducted across countries and within countries or across sub-national regions 

(Bidani and Ravallion, 1993; Balisacan et al., 2003; Adam, 2004).  Existing studies, 

however, ignore spatial correlation in this regard; i.e. the correlation between growth 

elasticity of poverty in one region and that of neighbouring regions. Often studies 

remove it along with the unobserved heterogeneity.  In many cases, fixed effect 
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models can be used to control for spatial components.  In fact, there has never been 

any study undertaking spatial analysis at a sub-national level in any developing 

country. 

 

There are some cases where a spatial modelling framework, which explicitly takes 

into account the correlation of an outcome in a region and that of neighbouring 

regions, may be more appropriate.  Poverty incidence tends to be concentrated in 

particular locations, suggesting the importance of neighbourhood influence.  If 

spatial correlation among regions is significant, a poverty alleviation program should 

be developed targeting larger regional bases, rather than concentrating on various 

small areas.  

 

This chapter is one of the first attempts to draw attention to spatial or geographic 

issues when estimating the growth elasticity of poverty using a sub-national data set. 

This chapter aims to fill this gap by extending the standard model widely used in 

previous studies to incorporate spatial effects. 

 

The analysis in this chapter focuses on the island of Sumatra in Indonesia and is 

conducted at the district level.  Sumatra is chosen as a case study because it is one of 

the most populous islands and poverty incidence is well observed. The region is also 

diverse in natural resources, political situations, physical infrastructure and 

economic structure. For example, some areas are exposed to natural disasters while 

others are well endowed with natural resources. Some areas often experience 

political unrest while others do not. Some cities benefit from the spillover effect of 

being near major harbours (Hill, 2000; Miranti and Resosudarmo, 2005; Hill et al., 

2008). It is likely that poverty incidence tends to concentrate in particular locations. 

That is, poverty in one district may be associated with poverty in nearby districts.  If 

this is so, neighbourhood influences should be captured in the growth elasticity of 

poverty model. This chapter is to test the existence of any spatial pattern of regional 

growth elasticity of poverty in the island of Sumatra at a district level during 2000 to 

2004.  
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The paper consists of six sections. This section provides an introduction and the 

motivation for the study. A literature review then briefly describes how previous 

studies conducted their analyses on the growth elasticity of poverty including the 

concerns over spatial issues. Section 3 specifies the models, estimation techniques 

and testing strategies, and begins with the standard specifications in order to 

perform the diagnostic tests for the presence of spatial pattern followed by the spatial 

specifications. Section 4 describes the sources and definitions of data and variables 

used in the estimation models. The regression results are interpreted in the fifth 

section with emphasis on whether any spatial pattern exists and the implications for 

poverty.  Finally, a conclusion is drawn. 

 

LITERATURE REVIEW 

This section reviews previous studies in terms of their methodologies and findings 

relating to the growth elasticity of poverty and also the concern over the 

appropriateness of the spatial modelling framework. 

 

There have been a number of studies analysing the extent to which economic growth 

affects poverty, both at national and sub-national levels, employing various standard 

econometric techniques. Main findings agree that economic growth reduces poverty 

but the estimates of growth elasticity of poverty vary according to models, data sets 

and estimation methods.  

 

Ravallion (1997 and 2001) conducted cross-country regressions using Ordinary Least 

Squares (OLS) for developing countries during the 1990s and confirmed growth in 

average incomes reduces absolute income poverty. However, it is the distribution-

corrected rate of growth that matters more for poverty reduction. The main 

assumption behind Ravallion’s model is that as income inequality increases, the rate 

of poverty reduction becomes less responsive to growth in average income and 

reaches zero at sufficiently high inequality. 
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Several years later, Adams (2004) used a newer cross-country data set of 60 

developing countries to analyse the growth elasticity of poverty. His data set is both 

broader in coverage and more selective in terms of quality controls than past studies. 

His estimation equation is that the log of poverty level is a function of the log of 

growth and log of inequality, and he then uses the first differencing method to 

remove the country-level fixed effects.  The main finding is that while economic 

growth reduces poverty, the rate of poverty reduction depends on how economic 

growth is defined.  When growth is measured by changes in survey mean income, 

the growth elasticity of poverty is statistically significant.  But when growth is 

measured by changes in gross domestic product (GDP) per capita, the elasticity is 

insignificant.  

 

In terms of sub-national data analysis, Balisacan et al. (2003) applied OLS, 

Instrumental variable (IV) and panel data estimation techniques to a district level 

data set in Indonesia during the 1990s.  The panel estimation results pointed out that 

the unobserved district-specific effects are significant and the fixed effect model is 

more appropriate while the assumption of the random effect model is not supported 

by the data. The results in terms of growth elasticity of poverty is about 7 percent 

and tested to be robust regardless of different models and estimation methods. In 

particular, the elasticities are roughly the same no matter how many explanatory 

variables are included. Besides growth, other factors, namely infrastructure, human 

capital, agricultural price incentives and access to technology are also proved to be 

important determinants of poverty.  

 

Riyana and Resosudarmo (2005) conducted similar studies by applying both cross-

sectional and panel data techniques to a provincial level data set in Indonesia for 

1993 to 1996.  The estimates of the elasticity turned out significant for both 

techniques, absolute values ranging from 0.1 to 2.6 percent. The fixed effect 

estimation also proved to be the correct specification.  In addition, their results 

pointed out that regional income inequality is the crucial factor determining regional 

poverty. 
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In relation to spatial or geographic effects, there are a few studies addressing 

particular concerns over spatial issues in the case of Indonesia (Islam and Khan, 1986; 

Bidani and Ravallion, 1993). Islam and Khan (1986) drew attention to the significance 

of the spatial patterns of poverty and inequality in a large and diversified country 

like Indonesia.  They showed Indonesia is an attractive case for spatial analysis, 

mainly because of its regional economies with differing economic structure and data 

available at the regional level.  They did not conduct the spatial analysis but 

advocated a need to increase the volume of research in this particular area.  

 

Bidani and Ravallion (1993) also mentioned the significance of regional differentials 

which affect purchasing power over basic consumption needs and hence poverty 

measures in different locations or regions.  Such spatial correlations should be 

treated with caution as they may influence how poverty measures respond to 

differences in mean consumption (growth) and the Gini index (inequality).  They 

then constructed a new regional poverty profile for Indonesia in 1990 to assure the 

poverty lines used for different regions reflect the same purchasing power over basic 

consumption needs.  

 

Nonetheless, Case (1991) incorporated spatial effects in the modelling framework for 

the case of Indonesia, but not in the growth and poverty area.  She clearly explained 

how economic processes give rise to spatial patterns in data.  And when data are 

spatially correlated, a spatial modelling framework may be more appropriate than 

the fixed effect models that control for spatial components.  Case (1991) presents an 

example of spatial modelling using information from a household survey to test for 

spatial relationships in the Indonesian demand for rice.  The empirical results 

suggest modelling a spatial component to demand is appropriate. 

 

MODELS AND ESTIMATION TECHNIQUES 

This section specifies the estimation models by starting with the standard OLS 

specifications before their extension to incorporate the spatial effects.  The testing 
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strategies for the presence of spatial effects also apply to each specification.  All 

estimations and testings are conducted using STATA software. 

 

Standard OLS specifications 

When it comes to estimating the growth elasticity of poverty, there is no specific 

model. The literature often begins the estimation using a simple model that has 

poverty as a function of economic growth and then extends this to include other 

determinants of poverty.  This chapter follows the standard model employed in the 

previous study of Riyana and Resosudarmo (2005), except that regional GDP per 

capita is used instead of regional total GDP.  It is also based on the model developed 

by Balisacan et al. (2003).  

 

The model in this chapter observes the growth elasticity of poverty on a yearly basis.  

The determinants of poverty are categorised into three main groups, comprising 

economic factors, social factors and quality of public services.  However, due to the 

limitation of data availability at a district level, the determinants of poverty included 

in this study are (1) regional gross domestic product per person as the only measure 

of economic growth; (2) the Gini coefficient as the social indicator of income 

inequality; (3) educational attainment as the social or human development factor; 

and (4) life expectancy as the health indicator.  Despite the limited number of 

explanatory variables, testing for the existence of a spatial pattern is still applicable. 

The estimation equation is as follows: 

 

                                                  εXβP  ti                                          (1) 

 

where P is a vector of the log of the dependent variable (i.e. level of poverty at 

district level), X is a matrix of the log of explanatory variables including growth, αi is 

district-specific fixed effect and t is the time dummy. 

Equation (1) is first estimated by pooled OLS and lumping the fixed effect in the 

error term.  Without considering the spatial effects, the pooled OLS is inconsistent 

when the omitted variable bias is a problem, but it is unbiased though inefficient 
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otherwise.  The model is then estimated using panel data techniques, fixed effect and 

random effect models.  The Hausman test is used to determine whether fixed effects 

(FE) or random effects (RE) is more suitable.  The null hypothesis under the 

Hausman test is that the coefficient of the FE model is the same as the coefficient of 

the RE model.  If the null hypothesis is rejected, then we conclude that the fixed effect 

is correlated with the explanatory variables.  Hence, the omitted variable bias is a 

problem and the FE model is preferred.  However, the interest of this chapter does 

not focus on the estimation results of the OLS specifications.  The purpose here is to 

perform the diagnostic tests for the presence of spatial dependence in the error terms 

of OLS regressions.  If there is a sign of spatial dependence in the OLS residuals, then 

OLS is inappropriate.  

 

Spatial specifications 

This section extends the equation (1) to incorporate neighbourhood influence or 

spatial effects.  Note that for the pooled OLS, extending to include spatial effects is 

not a problem with the available software, as the spatial regression command in 

STATA can be directly applied.  However, for the FE, when extending to incorporate 

spatial effects, the command for spatial regression cannot be combined with the FE 

command.  Therefore, this chapter assumes the unobserved district-specific fixed 

effect is captured by spatial effects and so there is no need to demean each variable 

across time to remove the fixed effect. In this context, the model is the same as if it 

were extended to include the spatial effects and the spatial regression commands can 

be applied.  

 

In the standard linear regression model, there are two types of spatial effects: spatial 

dependence and spatial heterogeneity, which can be incorporated in two ways 

(Anselin, 1999).  First, spatial effect or spatial dependence is included as an 

additional regressor in the form of a spatially lagged dependent variable and so is 

called a spatial lag model.  It is appropriate when the focus of interest is the 

assessment of the existence and strength of spatial interaction.  Second, spatial effect 

or spatial heterogeneity is incorporated in the error structure, called a spatial error 
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model.  This model is appropriate when the concern is to correct for the potential bias 

of spatial autocorrelation due to the use of spatial data that varies according to 

location and are not homogeneous throughout the data set.  It is typical to undertake 

spatial analysis using both models since they are actually related.  Spatial 

heterogeneity in the error structure can be considered an underlying reason fix the 

spatial lag model, although the spatial dependence can be observed more clearly.  

This chapter employs both spatial models. 

 

In the spatial lag model, poverty in one district is assumed to interact spatially or be 

dependent on poverty in neighbouring districts. In other word, the model captures 

the neighbourhood spillover effects and hence takes the following form: 

 εXβWPP    (2) 

 

where P and X are dependent and explanatory variables in the OLS specifications,  

is  the spatial dependence parameter and W is a n n standardised spatial weight 

matrix (where n is the number of observations)1.  Note that time dummies are also 

included in the explanatory variables. 

 

Spatial weight matrix, W, is taken to represent the pattern of potential spatial 

interaction or dependence.  It reveals whether any pair of observations is of 

neighbours.  For example, if district i and district j are neighbours then, wij = 1 or 

otherwise zero.  In this chapter, any pair of districts is considered neighbouring if 

they share common borders (contiguity basis).  Nonetheless, as some districts are 

isolated islands, the closest land areas are considered to be neighbours.  

 

For ease of interpretation, the spatial weight matrix is typically standardised so that 

every row of the matrix is summed to 1 (i.e. 1ijj
w  ).  That is, all neighbours of a 

district are given equal weight and hence all districts are equally influenced by their 

neighbours.  It is also important to note the elements of the weight matrix are non-

stochastic and exogenous to the model. 

                                                 
1 In this study, W is 400×400 symmetric matrix created in Excel and standardized in STATA.  
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In the spatial error model, the data collected for each district is assumed to be 

heterogeneous as every location has some degree of uniqueness relative to other 

locations.  That is the nature of spatial data can influence the spatial dependency and 

hence the error term is spatially correlated.  The model takes the following form: 

 

 εXβP  ; uWεε    (3) 

 

where P and X are dependent and explanatory variables in the OLS specifications,  

is the spatial error parameter and u is an error term that satisfies the classical 

assumptions of independent identical distribution (i.i.d) with constant variance 2.  

W is the spatial weight matrix and time dummies are also included in the 

explanatory variables. 

 

For the estimation technique, the maximum likelihood estimation (MLE) is used2.  

The reason for this is that in the spatial lag model, OLS is biased and inconsistent due 

to the endogeneity problem; whereas, in the spatial error model, OLS is unbiased but 

inefficient due to the spatial autocorrelation in the error term. 

 

Spatial Testing 

Two tests are conducted to test for the existence of a spatial pattern (Anselin, 1988).  

A diagnostic test for the presence of spatial dependence in OLS residuals is 

conducted first using Moran’s I statistics (MI)3.  The null hypothesis under this test is 

the absence of spatial dependence.  If the null hypothesis is rejected, this is a sign of 

spatial pattern which necessitates further investigation using the spatial regression 

models.  Note that the software also requires the symmetric and standardised spatial 

weight matrix to be constructed in order to undertake the MI test on the OLS 

regression.  This is because the MI test basically diagnoses whether the error terms 

between neighbouring districts are correlated or not. 

 

                                                 
2 See Anselin (1988) for details. 
3 For a weight matrix that is standardised such that the row elements sum to one MI = e’We/e’e, e is 
vector of OLS residuals. For more details see Anselin (1988, p.101). 
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However, due to the software’s limitations, this test can only be conducted on a 

model that uses a simple OLS regression command.  This can directly apply to the 

pooled OLS model and this is why the pooled OLS estimation has been included 

from the outset.  However, it can not directly apply to the FE or RE model estimated 

by the panel data command in STATA. If the Hausman test confirms the expectation 

and supports previous results in the literature that the FE is a suitable model, then it 

is necessary to manually demean each variable over time and run an OLS regression.  

After that Moran’s I test can be performed on the FE model.  If the test suggests 

spatial dependence exists, then the spatial specifications would be more appropriate.   

 

The second test is then conducted on the spatial models using the Lagrange 

multiplier (LM) test.  This is the test for significances of spatial parameters.  The null 

hypotheses are ρ = 0 under the spatial lag model and  = 0 under the spatial error 

model.  Under the null hypothesis, the test statistics have a chi-squared distribution 

with one degree of freedom.  If the test statistics are greater than the critical value, 

the null hypothesis is rejected.  The significances of spatial parameters confirm the 

existence of spatial effects or neighbourhood influence in the growth-poverty 

elasticity model. 

 

DATA DESCRIPTION 

The data are taken from various publications of the Indonesian Central Bureau of 

Statistics (BPS), covering the period of 2000–2004.  The data set consists of 80 districts 

of 8 provinces in Sumatra Island.  The 8 provinces are North Sumatra, West Sumatra, 

Riau, Jambi, South Sumatra, Bengkulu, Lampung and Bangka Belitung.  The districts 

in Aceh province are excluded due to the lack of data.  All variables are transformed 

to logarithmic form.  

 

For the dependent variable, the poverty data is calculated by BPS based on the 

national socioeconomic survey, SUSENAS.  There are three measures of poverty, 

namely P0, P1 and P2.  The poverty measure used in this paper is the P0 or head-

count index.  The P0 is defined as the fraction of poor people in the total population 
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of a district in a certain year.  A person is poor when his or her consumption is less 

than a certain threshold, referred to as the poverty line.  In defining the poverty line 

for this period, the BPS adopted the basic needs approach, which is 2,100 calories  per 

person per day plus a non-food requirement (BPS-Statistics Indonesia et al., 2004)4.  

The P0 is most often used in analysis due to data availability; however, while it 

reveals the extent of poverty it ignores the differences among the poor.  The other 

two measures of poverty, that is, the poverty gap index (P1) and the severity index 

(P2) offer useful additional indicators5. Unfortunately, because the data for P1 and P2 

are not complete, they are dropped from the analysis in this paper.  

 

The choice of independent variables in the estimation equations is selected based on 

standard variables used in growth elasticity of poverty analysis and also depend on 

data availability.  As most of the data are not available at the district level, the 

variables are limited to growth, Gini coefficient, education and life expectancy. All 

the data are at the district level except for the Gini coefficient which is at provincial 

level (Table 5.1).  

 

TABLE 5.1  Summary statistics of variables in the growth elasticity of poverty model 

Variables Mean Std. 

Deviation 

Unit 

Poverty incidence (po) 16.799 8.202 % 

Regional GDP per capita (grdp) 7,907,595 8,218,973 rupiahs 

Gini coefficient (gini) 0.276 0.022 % 

Education (edu) 7.671  1.413  years 

Life expectancy (life) 66.737 2.37 years 

 

Growth is calculated using data on annual regional gross domestic product, with oil 

and gas, at 2000 prices divided by total population in each district (regional GDP or 

RGDP).  The reason that regional GDP with oil and gas is used is that the mining 

                                                 
4 BPS revised the methodology to take account of non-food consumption since 1996. 
5 See Bidani and Ravallion (1993) for further discussions on poverty measures. 
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sector is one of the major economic activities in Sumatra and so growth in regional 

GDP with oil and gas could be expected to have a significant impact on poverty 

incidence.  The regional GDP data sets, with and without oil and gas, are actually not 

significantly different,  since only Aceh and Riau provinces have oil and gas as a 

major component in regional GDP and Aceh has already been dropped.  The rest of 

the provinces have the same regional GDP with or without oil and gas.  Economic 

intuition and previous studies predict economic growth will reduce poverty.  Note 

that in this chapter economic growth is assumed to be exogenous since incorporating 

both spatial analysis and the two-stage least square (2SLS) estimation is rather 

complicated.  While this assumption may ignore the potential endogeneity of the 

growth variable, in the previous study by Riyana and Resosudarmo (2005) they 

proved that growth is exogenous and there is no need to have the 2SLS estimation in 

the case of Indonesia. 

 

The Gini coefficient is included to capture income inequality, which is an 

impediment to economic growth.  Its value varies from 0 (absolute equality) to 1 (one 

person owns everything).  In term of poverty reduction, economic growth is a 

necessary but not sufficient condition.  The growth will be of no value to the poor if it 

is accompanied by a steep increase in inequality.  Hence, inequality is expected to 

increase poverty.  However, Gini coefficient data are not available at the district level 

and hence provincial data are used as a proxy.  

 

Education or mean years of schooling is defined as the estimated average years of 

completed schooling for the total population aged 15 or over who have any status of 

educational attainment.  A higher level of education is expected to reduce poverty.  

 

Life expectancy is defined as the average years newly-born infants would live if the 

mortality patterns at their time of birth prevailed throughout their lives.  This 

variable is included as a health indicator that will affect the welfare of the poor as 

well as poverty incidence and is expected to reduce poverty. 
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RESULTS AND DISCUSSION  

This section reports the estimation results focusing on the main question of whether 

any spatial pattern exists when estimating the regional growth elasticity of poverty.  

The question is divided into two parts.  The first part considers the existence of 

spatial pattern in the standard growth-poverty elasticity model using an OLS 

estimation.  The second part considers the same question in the spatial models.  The 

results are summarised in Table 2.  

 

Does a spatial pattern exist? 

The growth elasticity of poverty in equation (1) is first estimated by pooled OLS.  The 

estimates of every coefficient from pooled OLS conform to prior expectations.  

However, it is more likely the estimates are inconsistent since the unobserved fixed 

effect is expected to correlate with the explanatory variables.  Accordingly, the 

coefficients from this estimation cannot yet be interpreted.  The correlation between 

the unobserved heterogeneity and the explanatory variables is confirmed when the 

Hausman test suggests the fixed effect (FE) model is suitable.  This means the 

coefficients of FE are statistically different from those of the random effect (RE) 

model, and hence the omitted variable bias is an important problem.  However, if 

any spatial pattern or spatial interaction exists in the dependent variable, the FE 

estimates are also inconsistent.  Recall that the FE estimation is applying OLS 

regression on the demeaned equation to wipe out the district-specific fixed effect and 

to avoid the omitted variable bias.  However, if there are spatial effects then the OLS 

estimation is inappropriate due to the endogeneity problem that results from the 

autocorrelation of the poverty incidence. 

 

Therefore, the diagnostic test for the presence of spatial dependence in OLS residuals 

is conducted on both the pooled OLS and FE estimations.  Moran’s I statistics is used 

to test the null hypothesis of the absence of spatial dependence.  The null hypothesis 

is rejected at the 5% level of significance and hence the presence of spatial 

dependence is confirmed for both standard OLS specifications.  The OLS estimations 

are inappropriate and their estimates are only reported in Table 2 but not interpreted.  
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As a result, spatial specifications are more appropriate and the spatial lag and spatial 

error models, specified in equations (2) and (3), respectively, are estimated by the 

maximum likelihood method.  

 

TABLE 5.2  Growth elasticity of poverty using standard and spatial models 
(Dependent variable is annual poverty incidence level: lnP0) 

 Pooled OLS 

 

FE Spatial Lag Spatial Error 

lnRGDP -0.1487*** 

(0.0313) 

-0.0394 

(0.0761) 

-0.1088*** 

(0.0314) 

-0.1030*** 

(0.0365) 

lnGini 1.8880*** 

(0.3824) 

1.0657*** 

(0.2655) 

1.7052*** 

(0.3700) 

1.4438*** 

(0.4146) 

lnEducation -1.6103*** 

(0.1367) 

0.7862** 

(0.3421) 

-1.5455*** 

(0.1323) 

-1.5227*** 

(0.1357) 

lnLife expectancy -2.6739*** 

(0.6799) 

3.8764 

(3.2437) 

-2.5114*** 

(0.6550) 

-2.8161*** 

(0.7120) 

Spatial lag parameter: ρ   0.2567*** 

(0.0559) 

 

Spatial error parameter:     0.3906*** 

(0.0883) 

R-squared 0.55    

Log likelihood   -160.802 -162.386 

Moran’s I statistics 

(p-value) 

6.639 

(0.000) 

32.77 

(0.000) 

  

LM test of ρ: chi2(1)   27.133  

LM test of : chi2(1)    48.404 

Observations 400 400 400 400 

Notes: standard errors of estimated coefficients are in parenthesis, except Moran’s I statistics where 
the p-value is reported in parenthesis. ***means significant at 1%, ** means significant at 5%. 
Coefficients on time dummies are not reported. 

 

 

Interpretation of the coefficient estimates from the spatial models 

The growth elasticity of poverty is statistically significant at 1 percent in both the 

spatial lag and spatial error models.  The extent that growth reduces poverty is also 

roughly the same for both models, i.e., 0.11 percent and 0.10 percent, respectively.  
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This means a 1 percent increase in the growth of regional GDP per capita reduces 

poverty incidence by 0.1 percent, holding other factors constant. Despite the small 

magnitude of the elasticity, it conforms to economic intuition and supports the 

results of previous studies that economic growth can reduce poverty incidence. The 

estimate of growth elasticity of poverty is not negligible when considering that the 

effect of growth on poverty is observed on a yearly basis and the trickle down 

process may take time. That the extent to which this growth can reduce poverty 

incidence is small may also be due to the uneven distribution of income and other 

social factors that hinder the poor from sharing in the growth. In addition, regional 

GDP per capita is used as a measure of growth, which the previous empirical 

evidence shows often results in an insignificant elasticity (Adam, 2004). Moreover, 

due to data limitations this study does not take into account 20 districts in Aceh 

province, which is the poorest province in Sumatra Island. If they were to have been 

included, the extent of the elasticity might perhaps have been even larger.  

 

The coefficient estimates of other variables are also significant at 1 percent.  The 

results are similar for both the spatial lag and spatial error models and so only the 

results of the spatial lag model are interpreted.  The estimate of the Gini coefficient is 

consistent with the prior expectation that the higher the inequality the larger the 

poverty incidence.  The result shows a 1 percent increase in income inequality raises 

poverty incidence in Sumatra by 1.7 percent, holding other things constant.  This in 

part explains why the extent to which the poor can share in the benefits of higher 

growth is quite small.  For another social indicator, a higher level of education or 

mean years of schooling results in lower poverty incidence.  This also makes 

economic sense since a higher level of education typically enhances human capacity 

to share in economic growth.  When people are able to read and write or spend more 

years in education, they tend to have more opportunities to find better jobs and gain 

higher income which in part reduces the fraction of poor people in the total 

population.  Longer life expectancy implies better health or better public health 

services, which allows people to work and hence earn enough income to keep them 
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from falling below the poverty line.  Keeping other factors constant, a 1 percent 

increase in life expectancy reduces poverty incidence by 2.5 percent.  

 

Does a spatial pattern exist in spatial models? 

To further test the significance of the spatial lag (ρ) and the spatial error () 

parameters, the Lagrange multiplier test is conducted.  The null hypotheses are =0 

and =0 and the test statistics follow chi-squared distribution with one degree of 

freedom.  The p-values of both parameters are nearly zero; the null hypothesis is 

then rejected at the 1% level of significance and it is concluded that the spatial lag 

and spatial error parameters are statistically significant.  The significance of spatial 

parameters confirms that the neighbourhood influence is important; or there is a 

spatial correlation between growth elasticity of poverty in one district and that of 

neighbouring districts.  In particular, there exists spatial dependence between 

poverty incidence in a district and that of neighbouring districts and spatial 

heterogeneity across district growth elasticity of poverty. Therefore, now that the 

main objective of this study has been addressed, further economic meaning can be 

extracted from the spatial effects. 

 

In fact, the spatial lag and the spatial error models are related in the sense that the 

spatial error affects spatial dependency relations in the spatial lag model and 

therefore the neighbourhood influence.  It is more obvious to observe the spatial 

dependence between the poverty incidence in one district and its neighbours, as 

shown by the slightly higher maximised log-likelihood function.  But the underlying 

reasons are better reflected in the spatial structure represented in the spatial error 

model.  

 

In terms of the spatial dependence represented in the spatial lag model, it can be 

directly interpreted that the poverty incidence in one district is significantly 

associated with the poverty incidence in neighbouring districts, given that the spatial 

relationship is as specified by the weight matrix.  It is typical to observe that if one 

district has a certain level of poverty incidence its neighbours are highly likely to 
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have a similar level. Therefore, neighbourhood influence is significant. For example, 

a district located near a harbour such as Bandar Lampung which is near the largest 

port in Lampung province, benefits from trading along the port.  This benefit may 

spill over to neighbouring districts and may also affect real expenditure per person 

and lower poverty incidence.  The poverty incidence in a district located near a major 

port is thus associated with the poverty incidence in nearby districts.  

 

The spatial dependence is also related to the locational factors captured in the spatial 

error model.  That is poverty typically occurs in certain similar conditions.  Examples 

of these conditions are the same sort of land or soil, poor transportation and low 

levels of other infrastructure.  It is typical that when the quality of land or soil 

conditions are not suitable for agriculture, a higher level of poverty incidence can be 

observed in that area.  This is because the majority of the poor still make their living 

in the agricultural sector.  When people reside in an area where transportation or 

physical infrastructure is poor they cannot access the market and so cannot share in 

the benefits of growth in other areas.  For example, inadequate roads increase 

transportation costs and hence limit the poor in making use of local markets to sell 

their products, buy consumer goods or seek opportunities for non-farm employment.  

These locational factors are shared by certain groups of districts in Sumatra and 

poverty incidence is concentrated in those same areas.  Some distant districts have 

different locational factors making their level of poverty distinct.  In sum, the results 

reveal that poverty in those districts relates to their location.  Accordingly, in 

estimating the growth elasticity of poverty, these underlying locational factors 

should be taken into account.  

 

CONCLUSION 

This chapter is one of the first efforts to conduct spatial analysis of regional growth 

elasticity of poverty at a sub-national level in developing countries.  It attempts to 

find out whether there is any significant spatial pattern when estimating the regional 

growth elasticity of poverty in the case of Sumatra.  There are, however, limitations 

to the results of the spatial analysis in this chapter. First, the main constraint is the 
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data availability at the district level. The data at the sub-national level is always 

limited for any developing countries.  For the dependent variable, the poverty data 

on P0 is not available for most districts in Aceh which is the poorest province in 

Sumatra, and so the results may be underestimated.  The data P1 and P2, two 

meaningful measures of poverty, are also unavailable and hence the implications on 

poverty are limited.  Where the explanatory variables are concerned, there are in fact 

more variables that could be included as important determinants of poverty6.  The 

inclusion of this limited number of independent variables can affect the significance 

of spatial lag and spatial error parameters or, at worst, may even result in an omitted 

variable bias.  Concerning the Gini coefficient, which is an important factor 

determining poverty, the provincial data are used as a proxy of the district data. This 

means it is assumed that every district in the same province has the same level of 

inequality, which is more likely to counter the fact and may affect the accuracy of the 

estimation.  

 

Second, the standard command for spatial analysis in STATA is also limited.  The 

spatial regression command can only be applied to a simple regression.  It cannot be 

easily applied to the spatial model that extends the FE model, in which each variable 

is demeaned over time to remove the unobserved fixed effect.  When proceeding 

from OLS to spatial models, the fixed effects are assumed to be the same as the 

spatial effects and so there is no need to demean each variable.  However, there may 

be some other district-specific fixed effects that are omitted such as cultural or 

attitudinal factors.  This study thereby does not properly combine the fixed and 

spatial effects. In STATA, the panel data model requires further programming to 

extend it to incorporate the spatial effects to improve the quality of results.  Spatial 

panel models can control for both unobserved heterogeneity or district-specific 

effects and spatial correlations. 

 

Third, there are also limited testing commands for the spatial analysis.  There is no 

further test besides significance testing for spatial effects.  The spatial models may 

                                                 
6 See Balisacan et al. (2002) and Riyana and Resosudarmo (2005) for the determinants of poverty. 
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still be subjected to the endogeneity problem due to the possible omitted variables 

bias.  In addition, because the spatial weight matrix is constructed manually there 

may also be errors.  It is also possible that the spatial relationship captured in the 

standardised weight matrix does not represent the actual pattern of spatial 

interaction.  In particular, every district may not be equally influenced by its 

neighbours. 

 

Taking into account the limitations mentioned above, the empirical results in this 

chapter do confirm the existence of spatial pattern in both standard OLS and spatial 

models.  The results also prove the spatial specifications are more appropriate than 

standard OLS specifications.  

 

The estimation results found the growth elasticity of poverty to be statistically 

significant though small in magnitude.  This is consistent with prior economic 

intuition and the results of previous studies.  More importantly, the existence of 

spatial pattern confirms poverty typically occurs in areas with similar conditions and 

that such conditions are related to specific locations.  The spatial data that is collected 

with reference to these location-specific factors is represented in the spatial error 

model.  It also influences the spatial interaction of poverty in neighbouring areas, 

which is represented in the spatial lag model.  Given that the pattern of spatial 

interaction is as specified in the weight matrix, in which each district is equally 

influenced by its neighbours, the poverty incidence is significantly associated with 

the poverty incidence in neighbouring districts.  Overall, the spatial estimation 

results confirm the poverty incidence in Sumatra tends to concentrate in particular 

areas where neighbourhood influence plays an important role. 

 

Therefore, when estimating the growth elasticity of poverty for the case of Sumatra 

or any other case where regional differentials are evident, the poverty in one area 

tends to be related to the poverty in neighbouring areas and this pattern should be 

incorporated in the estimation model.  The spatial modelling framework is more 

appropriate in the presence of any spatial pattern.  
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