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I. INTRODUCTION 

In the analysis of non-spatial data, the standard linear 

(OLS) model of analysis is the general choice for regression 

and prediction. Spatial data, however, present a series of 

problems to the standard OLS regression model. These 

problems are typically seen as various representations of 

spatial structure within the data. By structure, we are 

referring to the ideas of autocorrelation and non-stationarity 

of the distributional parameters (mainly mean and variance) 

or heteroscedasticity of the model residuals. 

Autocorrelation can be defined as, the co-occurrence of 

similar values at closely spaced spatial locations. This can 

be observed as neighbouring observations, both with high 

(or low) values (positive autocorrelation). 

For about two centuries, Bayesian demography remained 

largely dormant. Only in recent decades there has been a 

revival of demographers interest in Bayesian methods. In 

this paper some new Bayesian population estimation 

methods that help with both the problems: the construction 

of socio and demographic estimates and there prediction 

have been dealt with. Fienberg (2011) and Little (2012) 

argue that Bayesian methods deserve a larger place in the 

production of official statistics. Both draw their examples 

mainly from surveys. Statistical methodologies for 

administrative data, Bayesian or otherwise, are still at an 

infancy stage. 

Spatial data analysis is playing an increasingly important 

role in health services research, enabling policy makers to 

better understand the health needs of communities, to 

identify barriers to health care, and to allocate health 

resources in a cost-effective manner. Childhood is a 

significant stage of life and deprivation during this period 

can have a long-term adverse impact on the wellbeing of 

children. Reduction in infant and child mortality is likely 

the most important of the millennium development goals, as 

children are the valuable assets of a nation. Infant and child 

survival depend on a host of socioeconomic, environmental, 

and contextual factors. It is also widely accepted that infant 

mortality is an indicator of both economic and social 

wellbeing and represents multiple social determinants of 

health (Rodwin and Neuberg, 2005). Although infant 

mortality is declining worldwide, the rate of decline has 

been rather slow in India. A further concern is that it is 

uneven across regions and socioeconomic groups. There is 

a cluster of states, namely Uttar Pradesh, Bihar, Jharkhand, 

Chhattisgarh, Odisha, Madhya Pradesh, Rajasthan, and 

Assam that has higher infant mortality than national 

average. More significantly, these states have 48.5% of 

India‟s population and thus shape national targets related to 

infant and child mortality. According to SRS (Registrar 

General of India, 2014), the four states Madhya Pradesh, 

Assam, Uttar Pradesh, and Odisha have infant mortality rate 

(IMR) above 50,the highest in the country. The slow 

decline of IMR has been the concern of policy makers and 

researchers equally. The National Rural Health Mission 

(NRHM) of the Government of India is regarded as the 

flagship public health program for improving infant and 

child health. Although significant progress has been 

achieved in this direction, the improvement is not uniform 

across regions/sub-groups of population in the high-focus 

states (Hussain, 2011; Programme Evaluation Organization 

2011). The high-focus states were designated as such by the 

Indian government because of their persistently high IMRs. 

Data for analysis was drawn from 20 high-focus states. Out 

of these 20 states Uttar Pradesh, Bihar, Rajasthan, Madhya 

Pradesh, Odisha, Jharkhand, Chhattisgarh, Uttarakhand, 

and Assam are hot spot for this. The unit of analysis is the 

states. The computation of spatial autocorrelation requires 

construction of a matrix known as spatial weight matrix 

(W) to quantify the spatial proximity between each possible 

pair of observational units. 
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In general five type of scenarios may emerge and measured 

according to the situation. 

1.  Locations with high values, with similar 

neighbors (high-high). Such locations arealso 

known as “hot spots.” 

2.  Location with low values, with similar 

neighbors (low-low). These are also known as 

“cold spots.” 

3.  Locations with high values, but with 

low-value neighbors (high-low). These locations 

are referred to as potential “spatial outliers.” 

4.   Locations with low values, but with 

high-value neighbors (low-high). These 

arereferred to as potential “spatial outliers.” 

5.   Locations with no significant local 

autocorrelation. 

These are demographically important states since more than 

one third of infant deaths occur in these states (Registrar 

General of India 2014). Many hypotheses have been 

proposed for the mechanism through which increased 

education could lead to reduction in infant and child 

mortality rates, through timely use of healthcare services, 

economic advantages, high autonomy and improved status 

in family and society (Levine and Rowe 2009).This finding 

also supports the hypothesis that female education is one of 

the driving forces for reducing IMR and it is particularly 

imperative for these nine high focus states in the wake of 

the fact that nearly three in five women in these states had 

no or below primary level education. 

The TFR is a synthetic rate, neither based on the fertility of 

any real group of women since this would involve waiting 

until they had completed child bearing, nor is it based on 

counting up the total number of children actually born over 

their lifetime. Instead, the TFR is based on the age-specific 

fertility rates of women in their "child-bearing years", 

which in conventional international statistical usage in ages 

15–44 or 15–49. 

The TFR is, therefore, a measure of the fertility of an 

imaginary woman who passes through her reproductive life 

subject to all the age-specific fertility rates for ages 15–49 

that were recorded for a given population in a given year. 

The TFR represents the average number of children a 

woman would potentially have, were she to fast-forward 

through all her childbearing years in a single year, under all 

the age-specific fertility rates for that year. In other words, 

this rate is the number of children a woman would have if 

she was subject to prevailing fertility rates at all ages from a 

single given year, and survives throughout all her 

childbearing years. 

Below poverty line is an economic benchmark used by the 

government of India to indicate economic disadvantage and 

to identify individuals and households in need of 

government assistance and aid. It is determined using 

various parameters which vary from state to state and 

within states. The Asian Development Bank estimates 

India's population to be at 1.28 billion with an average 

growth rate, from 2010-2015, at 1.3%. In 2014, 49.9% of 

the population aged 15 years and above were employed. 

However, there are still 21.9% of the population who live 

below the national poverty line. The World Poverty Clock 

shows real-time poverty trends in India based on the latest 

data. 

In this paper we discuss the three indicators related to socio 

and demographic structure of the Indian subcontinent i.e. 

population under poverty line, infant mortality rate (IMR) 

and total fertility rate (TFR).This paper shows that, the 

generalized Bayes estimator which we discuss in this paper 

performs better than FLS and Stein Rule estimator in the 

presence of Autocorrelation in the data. 

II. THE SPATIAL AUTOREGRESSIVE MODEL 

AND ESTIMATORS 

This model says that levels of the dependent variable y 

depend on the levels of y in the neighbouring regions. It is 

thus a formulation of the idea of spatial spillovers. 

A general spatial autoregressive model which is well known 

as spatial lag model is labelled as SAR in this paper and has 

been introduced to model cross-sectional data, is described 

in Anselin (1988) and is given by 

           ,     

   (      )                 (1) 

where 

y     represents an (   ) vector of the sample observations 

on a dependent variable collected at each of n locations. 

X     contains a (   ) matrix of exogenous variables; 

 is a (   ) vector of parameters associated with 

exogenous variable X, which reflects the influence of the 

explanatory variables on variation in the variable y; 

  is the coefficient on the spatially lagged dependent 

variable Wy; 

W is regarded as spatial weight matrix that indicates the 

potential intersection between contiguous positions and is 

known as (   ) matrix with positive elements, which are 

associated with spatially lagged dependent variable. Spatial 

weight matrix usually contains first order contiguity 

relations and has been standardized to have row sum of 

unity (Lesage, 1998). This model is a special version of 

spatial model that only contains the spatial lagged term. It is 

labelled as a „mixed regressive- Spatial Autoregressive 

Model‟ in Anselin (1988), because it combines the standard 

regression model with a spatially lagged dependent 

variable. 

When   is known the OLS estimator of   is 
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In order to utilize all the available information gained from 

the sample data set, we will employ all the variables 

defined in the model that is a SAR model.  

We consider the following feasible version of Generalized 

Bayes estimator: 
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Feasible generalized least squares estimator  

 ( ̂)  (   )    (   ̂  )  (8) 

III. SPATIAL CONTIGUITY MATRIX 

Quantifying spatial matrix is a crucial operational issue in 

spatial econometrics. In this paper, spatial contiguity matrix 

is used in the spatial autoregressive models. The first task 

we must undertake before we can introduce the matrix to 

describe what is the meaning of contiguity. As the name 

implies, contiguity reflects such geographical locational 

information that one regional unit of the sample observation 

is close to other such units in space. Measuring contiguities 

relies on the information of the outlines of spatial units 

offered by a map. Intuitively, it is not difficult to 

distinguish which units are contiguous or not from the map. 

That is, if units share the same borders, these units are 

considered to be contiguous or neighboring. About spatial 

dependence neighboring units should display a higher 

degree of spatial dependence than units located far apart 

(Lesage, 1998). Below, there is a map that consists of five 

regional units. We set up a (5 x 5) binary matrix V 

including 25 elements evaluating 0 or 1 to obtain the 

contiguity relationships between the five units on the map. 

We then use the rook contiguity between regions to define a 

first-order contiguity matrix for the five regions on the map. 

Figure. 1:  A quantifying spatial contiguity 

 

Rook Contiguity: Define Vij =1 for two spatial units that 

own a common border of non-zero length and are 

considered to be contiguous, else equal zero (Anselin, 

1988). In the matrix, each spatial unit is represented both as 

a row and as a column. By convention, an element is not 

contiguous or neighboring to itself. As a result, the matrix 

always has zero on the main diagonal. For instance, for row 

2, namely region 2‟s relations, V21 = 1 with all other row 

elements equal to zero.  

Therefore, the matrix V, first – order binary rook contiguity 

relations, is expressed by 
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   (9) 

As explained above, the first- order contiguity matrix V, 

contains zeros on the main diagonal and rows that have 

ones in locations associated with bordering spatial units and 

zeros in locations referred to non-bordering units. The rook 

definition of a first-order contiguity matrix is often used in 

empirical applications, perhaps because we simply need to 

locate all regions on a map that have common borders with 

positive length (Lesage, 1998). In applied work, the matrix 

V is usually scaled such that the sum of the row element is 

equal to one. After such row standardization, the weight is 

asymmetric and positive with elements less than or equal to 

one. Such a matrix is regarded as a standardized first order 

contiguity matrix which is indicated as follows:  
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   (10)  

In general, the standardized first order contiguity matrix can 

be written as  
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Equivalently W is a row standardized ( n  n ) matrix with 

elements 

    
   

 

∑    
  

   

    

    (12) 

where, 

   
   if i linked to j 

 0  otherwise 

that is, the elements of the weight matrix are derived from 

information on contiguity, which is defined as two sample 

observations sharing a common border. 

IV. MORAN’S I AND MEASURES OF SPATIAL 

AUTOCORRELATION 

For an     row-standardized weights matrix W with 

elements    , the Moran‟s I statistic is 

         ⁄ ,    (13) 

where z is a     vector of variables expressed as 

deviations from the mean. When the weights are not row-

standardized, a scaling factor of    ⁄  is applied, where 

   ∑ ∑      . 

We use global Moran‟s I statistic to examine the variables 

in our data set for global autocorrelation. The interpretation 

of the Moran‟s I statistic proceeds much like the 

interpretation of a standard correlation. If the observed 

value of I is greater than its expected value, E[I], then an 

observation tends to be surrounded by neighbours with 

similar values, while if I<E[I], the observation tends to be 

surrounded by dissimilar values (Schabenberger and 

Gotway, 2005). Testing of the Moran statistic is carried out 

via randomisation methodology (Schabenberger and 

Gotway, 2005) and assumes a Gaussian distribution for the 

randomised observation of I. While the global estimate of 

the Moran statistic provides a single summary spatial 

correlation measure, the assumption of constant variance 

and homogeneity of the mean of the spatial process 

generating the data is often a weak one. 

V. APPLICATION TO POPULATION UNDER 

POVERTY LINE DATA 

In the previous sections, the study has revolved around the 

fundamental knowledge of spatial econometrics and spatial 

autoregressive models. The purposes of this work are 

twofold. In the first part, on a theoretical level, we look at 

the exiting econometrics literature about spatial 

autoregressive models. In the second part of the work the 

spatial autoregressive models employed in the empirical 

investigation are brought up and as well as the Indian rural 

poverty data for 14 major states in India for 1993 are used 

to attempt to explore and examine what determines regional 

rural poverty difference, and to investigate spatial effects 

and the other variables that influence rural poverty in India.  

Since 1970‟s, economists have investigated the effect of 

geography on the labour markets and poverty outcomes. 

Recently, it has become more and more popular to explore 

spatial econometrics. However, most of the existing 

literature is theoretical and little of the work in this field is 

empirical. A good application of spatial econometric 

techniques is to test regional disparity.  

The subject of regional difference has recently received a 

great attention in literature of regional economic growth. 

Romer (1986) and Lucas (1988) are the pioneers of this 

field, who address the issue of long term growth of average 

income in regions and with comparisons among regional 

long term growth tracks. Hence we will investigate spatial 

effect in the analysis of regional difference of rural poverty 

in India in this section. 

Spatial Data Under Study 

According to Anselin (1988), spatial data are the data 

collected in space or in both space and time. For instance, 

our familiar data such as cross-sectional data and panel data 

are spatial data. This kind of data is available in many areas 

such as local finance, crime and policing, as well as 

education policy. However, as applying spatial data, we 

must consider the issue regarding the presence of self-

correlation or autoregression. To avoid these problems, 

spatial autoregressive models should be employed in such a 

situation.  

The source of the data used for the analysis is from IFPRI 

research report 110(1999). From this data 14 major states in 

India have been selected. The reason why data are chosen 

from 1993 is that not only this year‟s data provide the 

necessary information that is used in the analysis, but also 

the sample data of this year is available to obtain.  

We have explored the influence of space on population 

under poverty line. In this paper, the data from World Bank 

has been used to investigate regional inequality that is 

measured by a difference of rural population under poverty 

line in space. In other words, we attempt to examine 

whether there is an interaction between rural poverty and 

spatial effects. The analysis is not only focused on spatial 

influence, but also interested in exploring how rural poverty 

is affected by other variables such as rural work-

employment status, literacy rate, irrigation facilities and so 

on. The data under study is shown in Tab. 1 as under. 

At the state level, World Bank contains information on 

demography, including:  
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Rural population under poverty line, the variable of interest 

denoted by PUPL; 

Total rural employment, which includes both agricultural 

and non-agricultural employment symbolized as REMP; 

Total rural population, marked by TRP; 

Rural agricultural population includes agricultural labourers 

and rural non-agricultural population that are doing non- 

agricultural economic activities, marked by RAE and 

RNAE, respectively; 

Production Growth is agricultural production growth index 

which is calculated by the authors of the source report 

stated above = P-G; 

Percentage of villages electrified, villages having the 

facility of electrification indicated by PVE; 

Changes in rural wages include the percentage change in 

the existing wage rates, revealed by CRW; 

Total factor productivity growth index is also given in 

IFPRI Research Report 110, data source, signified as TFP; 

Percentage of rural population that is literate, the rural 

literacy rate = LR; 

Development expenditure which includes total government 

spending on various rural development facilities = DEV; 

Percentage of cropped area irrigated that is area having 

irrigation facilities represented as IRR; 

Percentage of cropped area sown with high-yielding 

varieties denotes as HYV. 

The general information such as the mean, standard 

deviation and range of sample data set for all observations 

without missing values is summarized in Tab. 2. These 

variables will be examined in the empirical models in the 

next section as well. 

Table 1:DATA ONPOPULATION UNDER POVERTY LINE AND RELATED VARIABLES 

State 

Population 

under poverty 

line (PUPL), in 

1000 

Total rural 

employment 

(REMP), in 1000 

Total rural 

population 

(TRP) 

Rural agricultural 

employment 

(RAE), in 1000 

Rural Non-

agricultural 

employment 

(RANE), in 1000 

Production 

growth in 

agriculture 

(P_G) 

Andhra Pradesh 15003 27594 48620882 20861 6733 162.4 

Bihar 51551 25990 75021453 21311 4678 133 

Gujarat  13365 11692 27063521 8313 3379 117.44 

Haryana 3762 3460 12408904 2107 1353 139.05 

Karnataka 13548 14863 31069413 11691 3145 180.81 

M.P. 24898 23411 50842333 20415 2997 194.56 

Maharastra 24729 23926 48395601 18016 5910 236.53 

Odisha 11764 10977 27424753 8639 2338 210.37 

Punjab 3836 4549 14288744 3098 1451 234.19 

Rajshthan 17584 15128 33938877 10529 4599 149.9 

Tamil Nadu 14175 18864 36781354 12073 6791 150.36 

U.P. 50132 38628 111506372 29473 9155 190 

W.B. 14570 16544 49370364 10704 5840 277.82 

Kerala 6744 7052 21418224 3752 3300 109.78 

 

State 

Percentage of 

villages 

electrified (PVE) 

Changes in 

rural wages, 

by state 

(CRW) 

Total factor 

productivity 

growth in 

Indian 

agriculture, by 

state (TFP) 

Percentage of 

rural 

population 

that is literate 

(LR) 

Development 

expenditures 

(DEV), in 

million 

percentage of 

cropped area 

irrigated 

(IRR) 

Percentage of 

cropped area 

sown with 

high-yielding 

varieties 

(HYV) 

Andhra Pradesh 95.89 2.56 127.27 30.91 8003 41.59 83.29 

Bihar 67.3 2.07 137.71 26.03 4341 39.99 47.42 

Gujarat  97.16 2.21 49.86 46.85 5749 27 33.86 

Haryana 100 4.16 158.78 32.92 1781 75.92 68.9 

Karnataka 100 1.92 130.69 35.98 5253 24.37 47.48 

M.P. 91.88 3.1 149.19 29.88 5327 18.34 43.6 
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Maharastra 92.67 2.66 167.91 40.43 10580 11.16 68.6 

Odisha 78.1 2.04 210.58 36.61 2540 19.23 47.01 

Punjab 100 4.22 187.73 45.92 2201 93.02 93.27 

Rajshthan 81.35 2.73 113.27 25.71 4146 27.2 20.48 

Tamil Nadu 99.92 2.83 136.13 47.15 6689 46.19 55.44 

U.P. 74.55 2.35 150.26 30.88 7351 56.97 46.94 

W.B. 78.77 3.24 236.36 45.59 4539 33.27 48.02 

Kerala 100 4.18 109.78 78.6 111 12.5 35.1 

 

Results 

The motivation for estimating different estimates of 

regression coefficients is to see which variables 

significantly influence the outcomes for population under 

poverty line and to find the final estimates to add in spatial 

effects. Therefore, we will now present a set of two spatial 

autoregressive models to analyze the sample data. There are 

14 states in the sample dataset. Our interest is to calculate 

the proportion of the total variation in the population under 

poverty line that is explained by the spatial dependence. In 

the model  the dependent response variable (Y) is the 

logarithm of population under poverty line and denoted as 

log (PUPL), as well as 11 variables X ( constant, X2, 

X3,….,X10) which contain 10 independent variables that 

are from the sample data shown in Tab. 1 and a constant 

term. This relies on estimating the spatial lag model (SAR) 

that is brought up in Sec. 2. The SAR model can be written 

as: 

    (    )       (    )            

 (      ) 

where,Log(PUPL)= [Log (PUPL)1,…,Log(PUPL)14]  

is a 14 dimensional vector of deviations from the mean of 

population under poverty line for 14 states, denotes a 

estimated regression parameter, which reflects the spatial 

dependence characteristic in the sample data set, and 

measure the average influence of states on states in 

population under poverty line or the vector Log(PUPL) W 

is 14×14 spatial weight matrix that is row-standardized and 

each row sum to one , and X represents a (11 × 14) matrix 

containing explanatory variables, which are used in model. 

β is the parameters that reflect the influence of the 

exogenous variables on variation in the dependent variable 

population under poverty line.  

We assume that the error terms u are independent and 

identically distributed. So far, one important task is to 

construct the standardized first-order contiguity matrix W 

mentioned in Sec. 3. touse in our SAR model. In addition, 

the estimates of the OLS are shown in Tab. 4. 

 

 

 

Table 2: Descriptive statistics of the sample data 

  MEAN Std. Dev. Maximum Minimum 

OUTCOME         

LOG(PUPL) 4.161 0.3405 4.7122 3.5754 

VARIABLE         

REMP/TRP 0.03707 0.00374 0.04358 0.03076 

RAE 2.05 4.94 19.22 0.61 

RANE 0.249 0.1009 0.391 0.0096 

P-G 177.6 49.4 277.8 109.8 

PVE 89.83 11.41 100 67.3 

CRW 2.876 0.808 4.22 1.92 

TFP 147.5 45.7 236.4 49.9 

LR 39.53 13.58 78.6 25.71 

DEV/TRP 0.00013 0.00006 0.00022 0.00001 

IRR/HYV 0.7263 0.3499 1.3281 0.1627 

Table 3: Predicted PUPL 

State OBSERVED EFLS EGB 

Andhra Pradesh 15003 19564.92 17905.4 

Bihar 51551 75588.55 68343.47 

Gujarat  13365 13391.12 12297.05 

Haryana 3762 2616.935 2438.58 

Karnataka 13548 16806.3 15401.78 

M.P. 24898 16470.89 15097.12 

Maharastra 24729 15165.06 13910.48 

Odisha 11764 31437.72 28649.04 

Punjab 3836 3558.57 2449.42 

Rajshthan 17584 9649.349 8887.058 

Tamil Nadu 14175 14382.02 13198.51 

U.P. 50132 43009.26 39084.18 

W.B. 14570 13053.77 11989.97 

Kerala 6744 7337.059 6774.059 

EFLS: Predicted PUPL using FLS; EGB: Predicted PUPL 

using GB 

 



International Journal for Research in Engineering Application & Management (IJREAM) 

ISSN : 2454-9150    Vol-05,  Issue-02, May 2019 

432 | IJREAMV05I0250089                          DOI : 10.35291/2454-9150.2019.0068                     © 2019, IJREAM All Rights Reserved. 

 

Table 4: Results of OLS estimation 

Variable  ̂  ̂     ̂    ̂   

REMP/TRP 1.62E+03 4.33E+03 4.29E+03 -3.49E+03 

RAE -7.00E+01 -3.69E+02 -3.66E+02 2.97E+02 

RANE -7.10E+01 -3.71E+02 -3.68E+02 2.99E+02 

P-G 1.43E-03 -4.44E-03 -4.40E-03 3.58E-03 

PVE -3.02E-02 -8.07E-02 -7.99E-02 6.50E-02 

CRW 9.12E-02 6.42E-01 6.36E-01 -5.17E-01 

TFP -3.73E-03 -4.30E-04 -4.27E-04 3.47E-04 

LR 4.20E-03 2.47E-02 2.45E-02 -1.99E-02 

DEV/TRP 1.14E+02 5.65E+03 5.60E+03 -4.56E+03 

IRR/HYV -2.57E-02 3.25E+00 3.22E-01 -2.62E-01 

Constant 7.63E+01 3.71E+02 3.67E+02 -2.99E+02 

N 14 14 14 14 

 

Table 5: The correlation matrix of the variables in SAR model 

PUPL

REMP

/TRP RAE RANE P-G PVE CRW TFP LR DEV/TRP

IRR/

HYV

PUPL 1

REMP/TR

P 0.32 1

RAE 0.65 0.395 1

RANE -0.65 -0.4 -1 1

P-G 0.04 -0.03 0.23 -0.2 1

PVE -0.69 0.245 -0.4 0.42 -0.2 1

CRW -0.72 -0.53 -0.7 0.69 0.03 0.47 1

TFP -0.1 -0.31 0.05 -0.1 0.83 -0.32 0.2 1

LR -0.47 -0.23 -0.7 0.72 -0.1 0.47 0.5 -0.11 1

DEV/TRP -0.15 0.566 0.13 -0.1 0.12 0.5 -0.21 -0.2 -0.222 1

IRR/HYV -0.03 -0.4 -0.2 0.19 -0.2 -0.24 0.12 -0.13 -0.358 -0.0732 1

Table 6: Global Moran‟s I values  

Variable Observed I E[I] 

PUPL 0.03061882 -0.07692308 

REMP/TRP -0.02795552 -0.07692308 

RAE 0.1509238 -0.07692308 

RANE 0.1538456 -0.07692308 

P-G 0.3493082 -0.07692308 

PVE -0.190977 -0.07692308 

CRW 0.1813731 -0.07692308 

TFP -0.2285791 -0.07692308 

LR -0.08018295 -0.07692308 

DEV/TRP 0.165869 -0.07692308 

IRR/HYV -0.00881871 -0.07692308 

We first present the result of the global Spatial 

autocorrelation analysis for each variable in this analysis. 

Tab 6 gives the observed and expected value of the Moran‟s 

I for each of the 11 variables in the analysis. We see the 

varying level of global autocorrelation, with P-G showing 

the highest degree of spatial correlation, followed by the 

CRW while the TFP showing the lowest and degree of 

spatial autocorrelation among the independent variable in 

this analysis. Since from the above analysis it is shows that 

spatial autocorrelation with the help of SAR model is 

fruitful and generalized Bayes estimator gives the better 

result. 

From the above data and results we estimate   

        , gain in efficiency due to generalized Bayes over 

FLS= 5.530019 and gain in efficiency due to generalized 

Bayes estimator over Stein Rule= 99.96051, which shows 

that when autocorrelation is present in the data the 

generalized Bayes estimator performs better than FLS and 

Stein Rule estimator. 

VI. APPLICATION TO IMR AND TFR 

Infant mortality and total fertility rates in India tend to be 

associated with social and economic resources of states and 

the unequal distribution of these resources across space. 

The processes that generate these social and economic 

inequalities are often tied to geographic allocation. Here, 

we present an application of spatially autoregressive models 

of Indian states infant mortality and total fertility rates that 

control for social and economic conditions that often 

influence IMR and TFR and the effects of spatial structure 

of states in India. We suggest that arguments are missing 

from the social science and demographic literatures to offer 

possible explanations for the spatial patterning of states 

IMR and TFR and ecological correlates of these rates at the 

county level. We find that, after controlling for spatial 

structure in the data. We suggest that spatial statistical 

models are valuable tools in the social and behavioral 

sciences but that the use of these methods needs to be well 

grounded in considerations about the spatial process 

inherent to the outcome studied. 

 



International Journal for Research in Engineering Application & Management (IJREAM) 

ISSN : 2454-9150    Vol-05,  Issue-02, May 2019 

433 | IJREAMV05I0250089                          DOI : 10.35291/2454-9150.2019.0068                     © 2019, IJREAM All Rights Reserved. 

 

Spatial Data Under Study 

Table 7: Infant mortality rate, Female literacy rate, 

Percentage of immunized children, and Per capita net state 

domestic product in major states of India 

STATE IMR FLIT CIMMU PCNSDP 

A.P. 49 59.7 46 51025 

ASSAM 61 67.3 31.4 27197 

BIHAR 52 53.3 32.8 16119 

CHHATTISGARH 54 60.6 48.7 38059 

DELHI 33 80.9 63.2 116886 

GUJARAT 48 70.7 45.2 63961 

HARYANA 51 66.8 65.3 78781 

H.P. 45 76.6 74.2 50365 

J&K 45 58 66.7 30582 

JHARKHAND 44 56.2 34.2 30719 

KARNATAKA 41 68.1 55 50676 

KERALA 12 92 75.3 59179 

M.P. 67 60 40.3 27250 

MAHARASTRA 31 75.5 58.8 74027 

ODISHA 65 64.4 51.8 33226 

PUNJAB 38 71.3 60.1 62153 

RAJASTHAN 59 52.7 26.5 34189 

TAMIL NADU 28 73.9 80.9 62499 

U.P. 63 59.3 23 23132 

W.B. 33 71.2 64.3 41469 

Sources of IMR: (i) IMR from SRS Bulletin, January, 

2011(ii) FLIT from Census of India, 2011 (iii) CIMMU 

from NFHS-3 Survey 2005-06 and (iv) PCNSDP from RBI, 

Handbook of Statistics on Indian Economy 2010-11. 

Table 8: Total fertility rate, Female literacy rate, 

Headcount poverty ratio, and Percentage of urban 

population in major states of India 

STATE TFR FLIT URBAN POV 

A.P. 1.8 50.4 27.3 15.8 

ASSAM 2.4 54.6 12.9 19.7 

BIHAR 4 33.1 10.5 41.4 

CHHATTISGARH 2.6 51.9 20.1 40.9 

GUJARAT 2.4 57.8 37.4 16.8 

HARYANA 2.7 55.7 28.9 10 

H.P. 1.9 67.4 9.8 14 

J&K 2.4 43 24.8 5.4 

JHARKHAND 3.3 38.9 22.2 40.3 

KARNATAKA 2.1 56.9 34 25 

KERALA 1.9 87.7 26 15 

M.P. 3.1 50.3 26.5 38.3 

MAHARASTRA 2.1 67 42.4 30.7 

ODISHA 2.4 50.5 15 46.4 

PUNJAB 2 63.4 33.9 8.4 

RAJASTHAN 3.2 43.9 23.4 22.1 

TAMIL NADU 1.8 64.4 44 22.5 

U.P. 3.8 42.2 20.8 32.8 

UTTARAKHAND 2.6 59.6 25.7 39.6 

W.B. 2.3 59.6 28 24.7 

Sources: (i) TFR from EPWRF (2010-11) (ii) URBAN and 

FLIT from Census of India (2001) and (iii) POV from 

Planning Commission (2011) 

Results  

Table 9: Predicted IMR 

States OBSERVED EFLS EGB 

A.P. 49 52.2047 51.7785 

ASSAM 61 52.28089 51.85407 

BIHAR 52 61.79156 61.2871 

CHHATTISGARH 54 51.65472 51.23301 

DELHI 33 31.56968 31.31195 

GUJARAT 48 45.26053 44.89103 

HARYANA 51 41.13025 40.79447 

H.P. 45 33.18252 32.91162 

J&K 45 47.65143 47.26241 

JHARKHAND 44 58.99321 58.51159 

KARANATAKA 41 43.87764 43.51942 

KERALA 12 22.25014 22.06849 

M.P. 67 54.82442 54.37683 

MAHARASTRA 31 37.72825 37.4202 

ODISHA 65 48.362 47.967 

PUNJAB 38 40.326 39.997 

RAJASTHAN 59 63.247 62.731 

TAMIL NADU 28 32.242 31.979 

U.P. 63 60.424 59.931 

W.B. 33 40.193 39.865 

 

Table 10: Predicted TFR 

State OBSERVED EFLS EGB 

A.P. 1.8 2.49576 2.47243 

ASSAM 2.4 2.68139 2.65632 

BIHAR 4 3.60914 3.5754 

CHHATTISGARH 2.6 2.94126 2.91376 

GUJARAT 2.4 2.37845 2.35621 

HARYANA 2.7 2.3918 2.36944 

H.P. 1.9 2.17028 2.14999 
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J&K 2.4 2.47091 2.44781 

JHARKHAND 3.3 3.39959 3.36781 

KARNATAKA 2.1 2.07161 2.05225 

KERALA 1.9 1.22177 1.21034 

M.P. 3.1 2.81993 2.79356 

MAHARASTRA 2.1 2.17079 2.1505 

ODISHA 2.4 3.04555 3.01708 

PUNJAB 2 2.10204 2.08239 

RAJASTHAN 3.2 2.81922 2.79286 

TAMIL NADU 1.8 1.81505 1.79808 

U.P. 3.8 3.11339 3.08428 

UTTARAKHAND 2.6 2.55796 2.53404 

W.B. 2.3 2.76707 2.7412 

Table 11: Results of OLS estimation for IMR 

 Variable  ̂  ̂     ̂    ̂   

Constants 1.07E+02 1.04E+02 1.03E+02 9.24E+01 

FLIT -6.59E-01 -6.46E-01 -6.41E-01 -5.72E-01 

CIMMU -3.00E-01 -2.94E-01 -2.92E-01 -2.61E-01 

PCNSDP -2.55E-05 -3.32E-05 -3.29E-05 -2.93E-05 

Table 12: Results of OLS estimation for TFR 

Variable  ̂  ̂     ̂    ̂   

Constants 4.1796 2.42061 2.39798 2.1286 

FLIT -0.0319 -0.0268 -0.0265 -0.0235 

URBAN -0.0087 -0.0041 -0.0041 -0.0036 

POV 0.01311 0.00688 0.00682 0.00605 

Table 13: Correlation matrix for IMR 

 Variable IMR FLIT CIMMU PCNSDP 

IMR 1       

FLIT -0.757171 1     

CIMMU -0.724021 0.722823 1   

PCNSDP -0.568125 0.6780208 0.5767828 1 

Table 14: Correlation Matrix TFR 

Variable TFR FLIT URBAN POV 

TFR 1 

   
FLIT -0.756321 1 

  
URBAN -0.436192 0.389227 1 

 
POV 0.5274416 -0.387501 -0.276047 1 

Table 15: Global Moran‟s I values  

Variable Observed I E[I] 

IMR 0.1144808 -0.0526316 

FLIT 0.0753695 -0.0526316 

CIMMU 0.2066957 -0.0526316 

PCNSDP 0.1619785 -0.0526316 

Here, the result of the global Spatial autocorrelation 

analysis for each variable of the IMR which we consider is 

represented. Table 15 shows the observed and expected 

value of the Moran‟s I for each of the 4 variables in the 

analysis. Again, we see the varying level of global 

autocorrelation, with CIMMU showing the highest degree 

of spatial correlation, followed by the PCNDP while the 

FLIT showing the lowest and degree of spatial 

autocorrelation among the independent variable in this 

analysis.  

Table 16: Global Moran‟s I values  

Variable Observed I E[I] 

TFR 0.4339011 -0.05263158 

FLIT 0.1637386 -0.05263158 

URBAN 0.1379433 -0.05263158 

POV 0.3973285 -0.05263158 

Now, as was done above, Tab 16 gives the observed and 

expected value of the Moran‟s I for each of the all the 

variables in the analysis. For this case, it is seen that POV 

showing the highest degree of spatial correlation, followed 

by the FLIT while the URBAN showing the lowest and 

degree of spatial autocorrelation among the independent 

variable in this analysis.  

Table 17: Estimates of IMR and TFR 

Estimates IMR TFR 

  0.3906 0.5923263 

GE over FLS 0.2625 0.2765 

GE over Stein Rule 30.13622 38.11659 

Tab 17 shows that, when Autocorrelation is present in the 

data the generalized Bayes estimator performs better than 

FLS and Stein Rule estimator.  

VII. CONCLUSION 

Our purpose of this study is to focus on the theoretical 

study of spatial econometrics and to explore an empirical 

application of spatial autoregressive models used on Indian 

rural poverty cross-sectional data.  

Recently, spatial econometric techniques have grown 

rapidly and have increasingly been applied in empirical 

researches. In general, spatial econometrics is related to 

spatial statistics and is a subfield of econometrics that deals 

with the combination of spatial dependence and spatial 

heterogeneity in regression analysis. Spatial dependence 

relates to the fact that observations in the sample data set 

display correlation with regard to location in space. Spatial 

heterogeneity relates to the fact that the regression models 

that we estimate may vary systematically over space. 
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The results from the empirical investigation indicate that 

there are many variables that influence the rural population 

under poverty line, IMR and TFR with respect to our major 

interest, spatial effects. We find that in the SAR model, 

there is a positive sign on the generalized Bayes estimator 

over the FLS and Stein Rule estimator, which shows that 

the generalized Bayes estimator is better than other 

estimators of regression coefficients. 
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