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INTRODUCTION 

 

Human development is a central objective of economic activity and forms the main 

purpose of social investment in any country. The Human Development Index (HDI) 

defined by the UNDP 
1
 is based on three dimensions: namely, opportunity to lead a long 

and healthy life, ability to acquire knowledge and learning, and power to access adequate 

resources. Sri Lanka’s HDI is by far the highest in South Asia 
2
 and exceeds that of some 

developed countries. This high level of achievement is due to provisions made for 

accessing health and education, and continued investment in the social sectors. Country’s 

economic development on the other hand is lagging consistently behind, and appears to 

have bypassed the rural sector where nearly 80% of the population live.  

 

Human poverty 
1
 is a result of inability to meet the three social dimensions mentioned 

above. Sri Lanka’s level of poverty is moderately high, with a high proportion (56%) 

having no electricity, a moderate proportion (28%) without access to safe drinking water, 

and a considerable proportion (24%) without adequate sanitation facilities.
3
 The country 

has gone through several poverty-alleviation programs in the past. However, the success 

of any such program would largely depend on the availability of up-to-date  and reliable 

poverty related information at small geographic levels. According to latest information 
4
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88% of the poor resides in the rural areas compared to 8% in urban, and 4% in the estate.  

Another study 
2
 concluded that,  this 4%  is among the poorest in Sri Lanka. These 

figures tell us that more work is involved in getting reliable information from the rural 

sector, if these programs are to be effective.  

 

“Samurdhi” is the largest single welfare program, which accounts for nearly 1% of the 

GDP, aimed at poverty alleviation in Sri Lanka.
2
 Southern Province is reported to have a 

high percentage of  Samurdhi recipients and therefore, this study is focused on the  

Southern Province.  The effectiveness  of any such program would largely depend on the 

reliability of systems that provide information at the smallest geographic levels that need 

food assistance. Censuses conducted every ten years and surveys conducted more often 

than that, are the only sources of information on poverty variables. Even though censuses 

provide reliable information on the smallest of geographic areas such as Divisional 

Secretariat (DS) or Grama Niladari (GN) levels, the information at these levels is updated 

only once in a  decade. Surveys   do not bridge this gap either, as information is available 

only at larger administrative units such as provincial or at most district, due to budgetary 

constraints. 

 

The present work is motivated by the fact that in Sri Lanka no attempt has been made in 

the past to come up with reliable and up-to-date estimates of poverty related variables at 

small geographic levels. Therefore, in this paper we demonstrate how small area statistics 

could be generated by a method  called small area estimation 
5, 6, 7, ..

 which has been 

successfully used elsewhere. The method combines information from censuses and 

surveys through a statistical approach. We have focused on an important variable, 

household income. 

 

 

METHODS AND MATERIALS 

 

Small Area Estimation 

There is no unique methodology recommended for obtaining small area statistics for a 

given situation, and relevant theories are being developed constantly 
6,7

. Many terms such 
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as “local area”
7
, “small domain”

7
, “sub-domain”

7
, “small group”

7
, “indirect”

7
, and 

“synthetic”
6,7

 are  also  found in literature as alternatives to “small area”. What ever the 

name used, the objective is to generate statistics for small domains for which up-to-date 

and precise information is not available through censuses or surveys. 

 

Consider for example an island-wide Household Income and Expenditure Survey (HIES). 

Suppose a sample of  ni households from the i
th

 district, i = 1, 2, …, 17 (excluding North 

and East) is contained in a total sample of size n = ∑ in . Let si be the  number of DS 

divisions per i
th

 district where DS is the level at which reliable estimates are needed. It 

may happen that nij ( ≥ 0) households from the j
th

 DS unit in i
th

 district are included in the 

sample. However, the number nij may be insufficient to represent the j
th

 DS unit. As a 

result, any direct estimate for the j
th

 DS unit based on this sample may have a large 

variance. In this paper, we use the composite estimator that is a combination of the two 

broad types of estimators, direct  (or sample-based), and indirect (or model-based)
6,7

 as 

given below.  

 

1. Direct estimator 

A direct estimator uses  values of the variable of interest only from the time period of 

interest and only from the units in the domain of interest.
6,7

 For example, in the HIES 

carried out in 2002, a direct estimate of household income for the j
th

 DS unit in i
th

 district 

is given by the mean (or the median) of the nij income values. Direct estimates are usually 

unbiased but suffer from large variances. 

 

2. Indirect estimator 

Indirect estimators use values of the variable of interest from a domain and/or time period 

other than the domain and time of interest. 
6,7

 A common type is the regression estimator. 

Regression estimates are obtained subject to several conditions. 
5,7, 8

 Suppose average 

household income for j
th

 DS unit in i
th

 district is needed for year 2005. As there is no up-

to-date estimate available, the information available from the last School Census (2002) 

and the last sample survey (2002) could be combined to get a reasonably good estimate. 

In particular, a multiple regression model of the form   
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ikikiii XXXY εββββ +++++= ...22110 , would be fitted after checking all diagnostics, 

where iY  is the average household income for i
th

 district  (i= 1, 2, …, 17) computed from 

the survey and X ’s are the related k independent variables computed from the census; iε  

is a random error. 
6,7

 Now the equation i

k

i XbbY A
A

A∑
=

+=
1

0
ˆ  with the estimated parameters 

can be used to obtain an up-to-date estimate of household income, by plugging in the X 

values from the census corresponding to j
th

 DS unit. One basic assumption used here is 

that the relationship between Y and X ’s at district level, holds true for DS levels as well. 

This may be a reasonable assumption, but in case it is violated the method has to be 

modified accordingly. These regression estimators are usually unbiased.   

    

3. Composite estimator 

A composite estimator combines direct and indirect estimates to obtain a more precise 

estimate.
7
 For  two independent small area estimators T1 and T2 for estimating an 

unknown parameter θ, a composite estimator is a weighted average of the two, given by 

21 )1( TTTc ωω −+= , with weights ω  and ω−1 . The result that Tc too is unbiased when 

both T1 and T2 are unbiased, is straight forward. Further it can be easily shown that Tc is 

better than both T1 and T2 in the sense of mean square error. 
6,7,8,9

This follows from the 

fact that variance, which is the same as mean square error in this case, of Tc , is 

minimized when ω = 
21

2

VV

V

+
, and that V(Tc) =

21

21

VV

VV

+
, where V1 and V2 are the 

variances of  T1 and T2, respectively. In our work, we use a composite estimate based on 

the direct and regression estimates discussed above, to generate small area statistics, 

average household income in particular, at DS level.  
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RESULTS AND DISCUSSION 

 

The nine variables from the School Census (2002) used in the regression  model, are 

described in Table 1.  

Table 1 : Selected School Census Variables as Explanatory Variables at District Level 

 
Description Variable Name  

1. Percentage of schools with electricity facility Electric 

2. Percentage of students who failed their classes Failpct 

3. Percentage of schools with telephone facility Telepho 

4. Percentage of schools with  safe drinking water facility Water 

5. Percentage of schools of type 1AB and 1C Bettersc 

6. Percentage of primary students who went to pre-schools Prepct 

7. Percentage of schools having photocopy machine Photo 

8. Percentage of schools having computer facility Comp 

9. Percentage of schools having library facility Plib 

 

This section summarizes the results of modeling the nine explanatory variables given in 

Table 1 with mean monthly household income from the Household Income and 

Expenditure Survey (2002) as dependent variable. Using all possible regression models
10

, 

best model was selected by examining criteria such as residual mean square, coefficient 

of determination and Mallows Cp Statistics
10

 and other residual plots.  

 

The estimated model was found to be 

 

Income = 9618 + 8854 electric + 4188 water - 9579 prepct + 34408 comp, with an R
2
 of 

92.5%. Further, all coefficients of the model were significant at 5% level. 

 

Model Adequacy Checking 

 

Normal probability plot of residuals (Figure 1) was used to check the assumption of 

normality for the regression model. It was observed that normality assumption is not 

violated.  Further, it was found that the explanatory variables were moderately correlated. 

One major assumption in a multiple regression model is that, there is no linear 

dependency among the explanatory variables. When such dependency  exists, we say that 

there is multicollinearity present. Most statistical packages automatically test for 
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multicollinearity using the Variance Inflation Factor (VIF). For our data, no significant 

presence of multicollinearity was found. 

 

The two measures Leverage
10,11

  and  DIFITS
10,11

 were calculated to check the goodness 

of fit of the estimated model. These values showed no evidence of any extreme cases 

according to the definitions. All diagnostics suggested that the final fitted model using the 

four explanatory variables, electric, water, prepct, and comp, was adequate. 

 

Figure (1) : Normal probability plot of residuals 
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 Efficiency of the composite estimator 

 

In our study, T1 is the regression estimate of the mean income and T2 is the direct 

estimate  obtained by sample values. Tables 1(a), 1(b) and 1(c) of the Annex 1  show  

standard errors of both direct and composite estimates and the corresponding values of 

Coefficient of Variation (CV) 
12

 . 
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As expected, the composite estimate had a mean square error that is smaller than that of 

the direct estimate. It is also evident that CV values of composite estimate is less than 

that of direct estimate’s. Annex 2 shows both direct (T
1
) and composite (Tc)  estimates of 

household income for the small areas, DS-divisions, in the Southern province of Sri 

Lanka. 

 

This technique may provide the best alternative for small area estimation in the absence 

of any sophisticated method. In Sri Lanka, the approach discussed above has not been 

attempted before. Therefore, this work is expected to be important and helpful for 

generating statistics for the population at domains smaller than what is provided by 

different surveys conducted in Sri Lanka. We hope that the methods discussed above can 

be easily extended to obtain estimates for the entire country for poverty related variables. 
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Annex 1 

 

Standard Errors and Respective CV Values of Direct and Composite Estimates 

 

Table 1(a):  Galle District 

'6�GLYLVLRQ� 6WDQGDUG�(UURU� &9�����
*DOOH�'LVWULFW�

�'LUHFW�
�(VWLPDWH��7���

&RPSRVLWH�
(VWLPDWH��7F��

�'LUHFW�
�(VWLPDWH��7���

&RPSRVLWH�
(VWLPDWH��7F��

$NPHHPDQD� ������� ������ ����� ����
$PEODQJRGD� ������� ������ ���� ����
%DGGHJDPD� ������� ������ ����� ����
%DODSLWL\D� ������� ������ ����� ����
%HQWRWD� ������� ������ ����� �����
%RSH�SRGGDOD� ������� ������ ���� ����
(OSLWL\D� ������ ������ ���� ����
*DOOH� ������� ������� ����� �����
+DEDUDGXZD� ������ ������ ���� ����
+LNNDGXZD� ������� ������ ���� ����
,PDGXZD� ������ ������ ���� ����
.DUDQGHQL\D� ������� ������ ����� ����
1DJRGD� ������ ������ ����� ����
1HOXZD� ������ ������ ���� ����
1L\DJDPD� ������� ������� ����� ����
7KDZDODPD� ������� ������ ����� �����
:HOYLWL\D�'LYLWKXUD� ������ ������ ���� ����
<DNNDODPXOOD� ������� ������ ����� ����
 

 

 

 

Table 1(b):  Hambantota District 

�
'6�GLYLVLRQ� Standard Error� &9�����
+DPEDQWRWD�'LVWULFW�

�'LUHFW�
�(VWLPDWH��7���

&RPSRVLWH�
(VWLPDWH��7F��

'LUHFW�
HVWLPDWH�7���

&RPSRVLWH�
HVWLPDWH�7F��

$PEDODQWRWD� ������� ������ ����� ����
$QJXQXNRODSDOODVVD� ������� ������ ����� ����
%HOLDWWH� ������� ������ ����� ����
+DPEDQWRWD� ������� ������ ����� ����
.DWXZDQD� ������� ������ ����� �����
/XQXJDPYHKHUD� ������� ������ ����� �����
2NHZHOD� ������� ������ ����� ����
VRRUL\DZHYD� ������� ������ ���� ����
7DQJDOOH� ������� ������ ����� ����
7KLVVDPDKDUDPD� ������� ������ ����� ����
:HHUDNHWL\D� ������� ������ ����� ����
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Table 1 (c):  Matara District 
�
'6�'LYLVLRQ� Standard Error� &9�����
0DWDUD�'LVWULFW�

�'LUHFW�
�(VWLPDWH��7���

&RPSRVLWH�
(VWLPDWH��7F��

'LUHFW�
HVWLPDWH�7���

&RPSRVLWH�
HVWLPDWH�7F��

$NXUHVVD� ������ ������ ���� ����
$WKXUDOL\D� ������� ������� ����� ����
'HYLQXZDUD� ������� ������ ����� ����
'LFNZHOOOD� ������� ������ ���� ����
+DNPDQD� ������� ������ ����� ����
.DPEXUXSLWL\D� ������� ������ ����� ����
.LULQGD� ������� ������ ����� �����
.RWDSROD� ������� ������ ����� ����
0DOLPERGD� ������� ������ ����� ����
0DWDUD� ������� ������ ����� ����
0XODWL\DQD� ������� ������ ����� ����
3DVJRGD� ������� ������ ����� ����
3LWDEHGGDUD� ������� ������ ���� ����
7KLKDJRGD� ������� ������ ����� ����
:HOLJDPD� ������� ������ ����� ����
:HOLSLWL\D� ������� ������ ����� ����
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Annex 2 

Direct and composite estimates of household income 

Table 2(a):  Galle District�
� � � � � � �������������������������5XSHHV�� � �

'6�GLYLVLRQ�
�'LUHFW�

�(VWLPDWH��7���
&RPSRVLWH�
(VWLPDWH��7F��

*DOOH�'LVWULFW� � �
$NPHHPDQD� ������ ������
$PEODQJRGD� ������ ������
%DGGHJDPD� ������ ������
%DODSLWL\D� ������ ������
%HQWRWD� ������ ������
%RSH�SRGGDOD� ������ ������
(OSLWL\D� ������ �����
*DOOH� ������ ������
+DEDUDGXZD� ������ ������
+LNNDGXZD� ����� ������
,PDGXZD� ������ ������
.DUDQGHQL\D� ������ ������
1DJRGD� ����� ������
1HOXZD� ������ ������
1L\DJDPD� ������ �����
7KDZDODPD� ����� �����
:HOYLWL\D��'LYLWKXUD� ������ �����
<DNNDODPXOOD� ������ ������
�
�
�
�
7DEOH����E��� Hambantota District�
���������������������������������������������������������������������������������������������������5XSHHV��

'6�GLYLVLRQ�
�'LUHFW�

�(VWLPDWH��7���
&RPSRVLWH�
(VWLPDWH��7F��

+DPEDQWRWD�'LVWULFW� � �
$PEDODQWRWD� ����� �����
$QJXQXNRODSDOODVVD� ����� �����
%HOLDWWH� ����� �����
+DPEDQWRWD� ������ �����
.DWXZDQD� ����� ������
/XQXJDPYHKHUD� ������ �����
2NHZHOD� ����� ������
6RRL\DZHYD� ����� �����
7DQJDOOH� ����� ������
7KLVVDPDKDUDPD� ����� ������
:HHUDNHWL\D� ������ �����
� � �
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�
7DEOH����F��� Matara District�
���������������������������������������������������������������������������������������������������5XSHHV��
�

'6�GLYLVLRQ�
'LUHFW��

(VWLPDWH��7���
&RPSRVLWH�
(VWLPDWH��7F��

0DWDUD�'LVWULFW� � �
$NXUHVVD� ����� ������
$WKXUDOL\D� ������ ������
'HYLQXZDUD� ������ ������
'LFNZHOOOD� ����� ������
+DNPDQD� ����� ������
.DPEXUXSLWL\D� ������ ������
.LULQGD� ����� �����
.RWDSROD� ������ �����
0DOLPERGD� ������ ������
0DWDUD� ������ ������
0XODWL\DQD� ������ �����
3DVJRGD� ����� ������
3LWDEHGGDUD� ����� �����
7KLKDJRGD� ����� ������
:HOLJDPD� ������ �����
:HOLSLWL\D� ����� ������

 

 

 


