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Abstract: The aim of this paper is to analyze the disparities of fertility by the 591 

Indian districts, according the population census in 2001. We seek to detect the 

spatial autocorrelation and heterogeneity of fertility rates relying on methods 

developed by the Exploratory Spatial Data Analysis and Spatial Econometrics. 

Factors such as the female literacy rate, the number of secondary schools, the urban 

or rural character appear largely explain the fertility rate disparity among Indian 

districts. 
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1. INTRODUCTION 

During one century, India has seen a multiplication by 4.5 of 

its population and it is expected that it will increase by 50 percent 

in the next fifty years. The United Nations estimate that India could 

exceed 1.5 billion in 2050 (Hazem, 2021a). This is a country that 

illustrates the paradox of global demographic: the population is 

increasing rapidly; although the birth control is largely widespread 

and some states have a fertility rate below the level of replacement 

generations (Véron, 2006, Hazem, 2021a). 

 Population growth is explained by the structure of population 

relatively young by age and by an average fertility rate of 3.1 

children per woman. The relative decline in Indian fertility in the 

past twenty-five years is mainly attributable to the reduction in 

number of the births of three or more children, indicating that the 

model of the family with two children begins to spread throughout 

the country (Spoorenberg, 2001, Hazem, 2021). The Indian 

population is now significantly urbanizing even if the rural 

population still above 65 percent. Kerala, one of the most 

developed state in the south of the country, has made an exception 

by the precocity and speed of its demographic transition: the crude 

birth rate declined from 44 per thousand in the 1950’s to 17 per 

thousand in 2002 and the fertility which was 5.6 children per 

woman in the 1950s, is now below that of France (1.8 against 1.9). 

(Veron, 2006; Hazem, 2021a; Hazem, 2021b). Our purpose in this 

work is to analyze the disparities of fertility by 591 Indian districts 

in 2001; date of last census, and to reveal the relationship between 

the location of districts and their situations in terms of fertility. In 

this sense, we seek to detect the forms of spatial autocorrelation 

and heterogeneity basing on the newly developed methods of 

Exploratory Spatial Data Analysis as well as on the models of 

spatial econometrics. We seek to reveal the factors that may 

explain the differences in fertility rates among districts.  

The article is organized as follows: section 2 suggests a study 

of the geographic disparity in the fertility rate in the Indian districts 

in 2001 using methods of Exploratory Spatial Data Analysis. In 

this context, we propose in section 3, a spatial econometric model 

to determine the socioeconomic factors that explain the 

geographical disparities of fertility in India districts. 

2. GEOGRAPHICAL DISPARITIES OF 

FERTILITY RATE 
We use data of fertility rate of the last census (2001) for the 591 

Indian districts1. Figure (1) clearly shows the inequality in 

demographic regime in Indian districts.  Districts with a fertility 

level below the national Indian average2, 3.31 children per woman, 

are more widely observed in the southern part of the country 

(particularly, in the states of Kerala and Karnataka, the district 

Chennai in Tamil Nadu state). In these states, couples use 

contraception for spacing and limiting births and therefore the 

fertility rate revolves around the replacement level (two children 

per women) (Hazem, 2021a)). The poors are particularly affected 

by this practice. When they apply for job or request a credit, they 

are explained that they would have more chance of accepting their 

applications if they had a certificate of sterilization (Oyarzun, 

2010).  The coastal regions often stand out from the inside (ancient 

Christianization and Islamization, fishermen caste). Trades with 

the rest of the world, especially during the colonization, were the 

most intense and the progress of education was much faster 

(Guilmoto, 2007, Hazem, 2021a; Hazem, 2021b). The highest 

fertility rates are recorded mainly in the districts located in the 

northern half of the country (except in Jammu Kashmir state, 

particularly in the Leh district): districts in the states of Rajasthan, 

Uttar Pradesh Meghalaya, Madhya Pradesh, Bihar and especially in 

the Jaisalmer’s district (5.79) in the state of Rajasthan, where the 

major campaigns of birth control, beginning in the late 1960s3, had 

little influence on demographic behavior in India (Hazem, 2021). 

                                                           
1 Source: Register General & Census Commissioner, New Delhi, 

India. 
2 By taking the arithmetic mean of all sample observations. 
3 In an attempt to curb population growth, India has held numerous 

political birth since the mid-twentieth century, starting with the 

famous slogan "Hum do Hamare Do " ("We're two, we do have 

two" ) in 1960 (Oyarzun, 2010).   

https://isarpublisher.com/journal/isarjebm
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    The social and cultural diversity that characterize the Indian 

population explain that the introduction of new policies on birth 

(spacing and birth control) cannot be done uniformly by the states. 

For example, Hindus hardly conceive a family without at least two 

sons, and Muslims are opposed to the family planning. Besides, 

their beliefs are rejected and insulted to further reduce their 

minority. The values of fertility are almost homogenous in some 

states like Uttar Pradesh (it has the largest number of districts, 70 

districts in 2001), Bihar, Kerala, and Tamil Nadu. Conversely, 

states as Jammu and Kashmir, Orissa, Andhra Pradesh, and 

Maharashtra are particularly heterogeneous. Generally, the 

distribution of fertility shows that 17 districts have below 50 

percent of the national average (3.30), 136 have a level between 50 

percent and 75 percent, 159 between 75 percent and 100 percent. 

Finally, 279 districts have levels above the national rate. Note that 

the highest fertility rate (1.75) is 4.36 times higher than the lowest 

one (0.40) (Hazem, 2021a).  

Figure 1: The fertility rate in India by district in 2001 

 

The highest fertility rates are recorded mainly in the districts 

located in the northern half of the country (except in Jammu 

Kashmir state, particularly in the Leh district): districts in the states 

of Rajasthan, Uttar Pradesh Meghalaya, Madhya Pradesh, Bihar 

and especially in the Jaisalmer’s district (5.79) in the state of 

Rajasthan, where the major campaigns of birth control, beginning 

in the late 1960s4, had little influence on demographic behavior in 

India. 

The social and cultural diversity that characterize the Indian 

population explain that the introduction of new policies on birth 

(spacing and birth control) can not be done uniformly by the states. 

For example, Hindus hardly conceive a family without at least two 

sons, and Muslims are opposed to the family planning. Besides, 

their beliefs are rejected and insulted to further reduce their 

                                                           
4 In an attempt to curb population growth, India has held numerous 

political birth since the mid-twentieth century, starting with the 

famous slogan "Hum do Hamare Do " ("We're two, we do have 

two" ) in 1960 (Oyarzun, 2010). 

minority5.  The values of fertility are almost homogenous in some 

states like Uttar Pradesh (it has the largest number of districts, 70 

districts in 2001), Bihar, Kerala, and Tamil Nadu. Conversely, 

states as Jammu and Kashmir, Orissa, Andhra Pradesh, and 

Maharashtra are particularly heterogeneous. Generally, the 

distribution of fertility shows that 17 districts have below 50 

percent of the national average (3.30), 136 have a level between 50 

percent and 75 percent, 159 between 75 percent and 100 percent. 

Finally, 279 districts have levels above the national rate. Note that 

the highest fertility rate (1.75) is 4.36 times higher than the lowest 

one (0.40) (Hazem, 2021a). Conversely, modernization” explained 

by the progress of education and urbanization, can directly affect 

the fertility of the regions. This can create new forms of regional 

disparities since the access to education; the improvement of 

infrastructures and the degree of urbanization are related to the 

economic development of regions. 

The map in figure 1 reveals a demographic diversity among the 

states of North and South of India, but sometimes within states. 

The values of fertility are almost homogenous in some states like 

Uttar Pradesh (it has the largest number of districts, 70 districts in 

2001), Bihar, Kerala, and Tamil Nadu. Conversely, states as 

Jammu and Kashmir, Orissa, Andhra Pradesh, and Maharashtra are 

particularly heterogeneous. Generally, the distribution of fertility 

shows that 17 districts have below 50 percent of the national 

average (3.30), 136 have a level between 50 percent and 75 

percent, 159 between 75 percent and 100 percent. Finally, 279 

districts have levels above the national rate. Note that the highest 

fertility rate (1.75) is 4.36 times higher than the lowest one (0.40). 

The map in figure (1) leads to the question of the existence of 

spatial interdependences between districts (Veron, 2006; Hazem, 

2021a). 

2.1 AN EXPLORATORY SPATIAL DATA ANALYSIS 

Exploratory Spatial Data Analysis brings together a body of 

techniques that enables the visualization of spatial distributions, 

identifies atypical localizations, detects the extreme observations 

and reveals configurations of spatial association (Bailey and 

Gatrell, 1995; Anselin, 1998; Boumont & al, 2000; Le Gallo, 2002;  

Ertur and Koch, 2004, Hazem, 2021a). These methods are 

frequently used for measuring both local and global spatial 

autocorrelation. 

Spatial autocorrelation can be broadly defined as the 

correspondence between the similarity values of variables and 

proximity spatial units where these values are observed. In this 

sense, the evaluation of the global spatial autocorrelation is still the 

preliminary stage of exploratory spatial data analysis (Anselin and 

Bera,1998; Ertur and Thiaw, 2005; Catin and Hazem, Catin and al., 

2013, Hazem, 2021a).  It is said to be positive if the values of the 

variable (low or high) form a concentration in space. By contrast, it 

is called negative if the variable takes different values around each 

different location. Finally, spatial autocorrelation is said to be null 

if the observations are randomly distributed in space.  

 Formally, for two regional units i and j, the presence of spatial 

autocorrelation is determined by the non-zero values covariance 

taken by the variable of interest. The structural form is defined as:  

                                                           
5 See Richard Meury: 

http://www.infoinde.com/inde_demographie.html 
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i j i j i j i jcov(x ,x )= E(x x ) - E(x )E(x ) 0       x x    

where 𝑥𝑖 and 𝑥𝑗  are the values of the study variable recorded in the 

two regional units i and j. However, it should be noted that this 

covariance doesn’t show a spatial character only if when the 

distribution of units considered can be interpreted in terms of 

structure, of interaction or of spatial arrangement of observation 

(Ertur and Thiaw, 2005; Catin and Hazem 2012, Hazem, 2021a, 

Hazem, 2021b).  

Observations distributed in space are frequently 

interdependent: what happens in a particular location depends on 

what happens in others. The “Spatial Weight Matrix” is the 

commonly used tool in modeling spatial phenomena taking into 

account the regional proximity. It is a square matrix having many 

rows and columns as there are regional units. For the two region i 

and j, the term 𝑤𝑖𝑗reveals the degree of interaction and reflects the 

accessibility of region i to region j. In this sense, the application of 

Exploratory Spatial Data Analysis techniques requires a priori 

specification of the spatial weight matrix. In this work, we still 

seek a spatial weight matrix based on inverse distance as well as on 

the number (expressed by k) of the nearest districts6.  

The Moran statistic is the most robust test for the presence of 

global spatial autocorrelation (Cliff and Ord, 1981; Upton and 

Fingleton, 1985; Anselin, 1992; Catin and Hazem, 2012; Hazem, 

2021). Moran statistic ((𝐼𝑀) is defined by: 

2

( )( )

( )

ij i ji j

M

ii

w x x x xN
I

K x x

 




 

                      (2)

 

where, 𝑥𝑖  is the value of the fertility rate in the district 𝑖, 𝑥̅ is the 

general average, N is the number of districts within the space of 

India, 𝑤𝑖𝑗 measures the intensity of spatial interaction between the 

two districts 𝑖 and 𝑗 , and  
ij

K w  is the sum of interaction 

coefficients. 

Table (1) shows that all Moran statistics are significant and the 

standardized values appear to be very high. This could indicate a 

problem of spatial levels in our sample: a part of the detected 

autocorrelation could be a result of administrative subdivision (Le 

Gallo, 2002; Catin and al, 2013, Hazem, 2021a) or the result of the 

presence of extreme observations that could affect the value of the 

global spatial autocorrelation. Through the presentation of two 

techniques for detecting extreme observation (Figure 2 and 3), we 

can say that the strong positive spatial autocorrelation is not the 

result of a non -spatial distribution since no extreme point is 

recorded. So, there is a real spatial interaction of Indian districts in 

terms of fertility rate. 

 

 

                                                           
6
 There are some remote districts which have no borders 

with other districts. Isolated observations must be eliminated 

in calculating the global and local autocorrelation since the 

corresponding lines in the spatial weight matrix will contain 

null values. For this reason, we cannot use the contiguity 

matrices. 

Table 1: Moran statistics: fertility rates in India in 2001 

Matrix I-Moran 
Standardized 

Value 
Cr-Prob 

k=4 0,8094 23,197 10⁻⁴ 

k=6 0,7791 26,823 10⁻⁴ 

k=8 0,7548 29,644 10⁻⁴ 

Distance 0,4786 53,287 10⁻⁴ 

However, there is evidence that global spatial analysis can 

sometimes hide local particularities. To determine the significant 

spatial clusters around each district and to analyze the local 

instability in the form of atypical locations, it is common to use 

both the Moran Scatter Plot and LISA statistic (Anselin, 1995). 

Indeed, using these two techniques provides more information on 

the state of regional unity as well as on the interactions which can 

have with the surrounding neighborhoods. Moran scatter plots are 

established and represented in figure (4) using the matrices used in 

the previous analysis. In abscissa, the value of the standardized 

fertility rate (FER) appears and in ordinate the standardized lagged 

value appears (WFER)7. This diagram has four different quadrants. 

Each quadrant corresponds to a specific spatial affiliation that may 

exist between a district and its neighbors.  

Table (2) shows that 72.5%, 429 districts (respectively 27.41% or 

162 districts) are characterized by a positive spatial association 

(respectively negative). For the positive spatial clusters, 37.23% of 

the districts are located in a quadrant HH and 

35.36% located in quadrant LL.  Whereas the negative spatial 

associations that include outliers, 9.81% are districts with high 

fertility in an environment with low fertility rates and 17.56% 

present the opposite case. 

Figure 2: Box plot: Detection of outliers 

 

                                                           
7
 The i

th
 element of this variable is defined by the weighted 

mean of the observations for the neighboring districts of the 

district i. Also, since W is standardized, the statistics of 

Moran the slope of the linear regression of WFER with 

respect to FER. This relationship is frequently represented in 

Moran's diagram. 
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Figure 3: Boxmap: Detection of outliers 

 

Table 2:  Moran scatter plot: spatial associations in Indian districts 

Matrix Quadrant HH Quadrant HL Quadrant LH Quadrant LL 

Distances 37,225% 9,813% 17,597% 35,363% 

Notes: The quadrant HH includes the districts which are associated with a high value of fertility rate, surrounded by districts which also have 

high values. Similarly, the quadrant LL contains only the districts that are associated with low fertility rate surrounded by districts that also 

have low values. Whereas, the quadrant HL contains districts that are associated with high values surrounded by districts associated with low 

values. Finally, the quadrant LH corresponds to districts associated with low values surrounded by districts s associated with high values.      

 Figure 4: Moran scatter plot: matrix of (4, 6, 8) nearest neighbor and inverse distances matrix 

 

After determining the distributions of spatial associations using inverse distances matrix, we specify those that are significant by means of 

LISA statistics. For the district i, this statistic is defined as8:

                                                                             

 

                                                           
8
 Where the spatial weight matrix is standardized such that K = N, we have the following equation: i

i

M

LISA

I
N



  
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  Table (3) shows two patterns of significant local spatial concentration, especially localized in both quadrants HH and LL. Respectively, 

the percentages are equal to 94.1 %( 207 districts from 220) and 97.4% (166 districts from 209). The percentage of significant clusters is equal to 

69.2% in quadrant LH and to 60.3% in quadrant HL. This shows the intensity of the positive global spatial autocorrelation found previously 

using the Moran test. 

Table 3: Significant LISA statistics 

Matrix LISA HH LISA HL LISA LH LISA LL 

Distances 94,090% 60,344% 69,230% 79,425% 

Figure (5) shows the significant clusters of quadrant HH located in districts of the northern part of the country. In addition, significant 

associations of type LL are located in the districts of the southern part of the country and some northern districts. These results are consistent 

with the intuitions of Dyson and Moore (1983) who first reported the fertility differentials in India at the social and cultural structure of the 

country and they pointed out the crucial role of the north-south virtual border separating sanscritized and Islamic north India from north 

Dravidian India with based specific cultural traditions (Guilomoto, 1997). Similarly, districts that are associated with HL significant LISA 

statistics are located in the north and south of country. Finally, the most significant LH clusters concern districts that surrounded significant 

spatial HH associations.  

Figure 5: LISA  map 

 

2. 2. LINEAR AND QUADRATIC DYNAMIC 

The “Trend-surface” is a representation in which the exploratory variables consist of polynomials of geographical coordinates of districts. 

An expression with three dimensions is generally used, the abscissa (x) and ordinate (y) are respectively represented by the geographical 

coordinates of the observations and the value of the variable represents the side (z).  Linear (x and y) and quadratic (x, y, x², y², xy) forms are the 

most frequently used. Both models are estimated using the method of the ordinary least square (OLS). Table (4) shows that the coordinates (x 

and y) are positively significant. This proves that there is a growing trend in the level of fertility from West to East and from South to North.  

Table 4: Linear trend 

Variable Coefficient T-statistic Critical-Prob 

cste -0,3097 -0,6590 0,5101034 

x 0,0200 3,4642 0,0005703 

y 0,0856 3,7277 0,0000000 

Table (5) indicates that the introduction of quadratic variables (x², y² et xy) clearly improves the model fit (R² goes from 0.27 to 0.43). 

Excepting the variable y, all variables are statistically significant: the two variables x and y are positively significant while both variables x² and 

y² are negatively significant. This means that the model reveals a “bowl-like Shaped” for the trend surface, where the level of fertility is high in 

the middle and decays by approaching to the borders. This result is to be compared with results from Exploratory Spatial Data Analysis 

previously made.  
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Table 5: Quadratic trend 

Variable Coefficient T-statistic Critical-Prob 

cste -34,3720 -6,1576 0,0000000 

x 0,8822 6,6480 0,0000000 

Y 0,0448 0,3585 0,7200000 

xy -0,0059 -7,1256 0,0000000 

x² -0,0078 -9,5594 0,0000000 

y² 0,0048 3,2916 0,0010559 

To go further in the analysis, a spatial econometric model can be specified, basing, in first type, on the Moran test and in the second step, on 

the Lagrange multiplier test. This work is detailed in section 3.  

3. THE DETERMINANTS OF FERTILITY IN INDIA 
In this section, the goal is to show the determinants of fertility in India districts with socioeconomic nature.  Due to the constraints of 

statistical information at this geographical level, we have identified four possible exploratory variables:  the female literacy rate, the number of 

secondary school, the density of transport infrastructure in bus which describes urban space and the number of cooperatives banks. So, the model 

is defined by:    

𝐹𝐸𝑅 = 𝛼𝑆 + 𝛽1𝐿𝐼𝑇𝐹 + 𝛽2𝑆𝑆 + 𝛽3𝐵𝑆 + 𝛽4𝐶𝑂𝑃𝐵 + 𝜀                                                           (1)               𝜀𝑁 (0, 𝜎2) 

where, FER is the fertility rate in 2001, LITF is the female literacy rate, SS is the number of secondary schools, BS is the number of bus divided 

by the area district, COPB is the number of cooperative banks, S is the sum vector, and  𝛼 and β are parameters to be estimated.  

 “Modernization” explained by the progress of education and urbanization, can directly affect the fertility of the regions. This can create new 

forms of regional disparities since the access to education; the improvement of infrastructures and the degree of urbanization are related to the 

economic development of regions.   

The estimation results of equation (1) adopting the method of ordinary least squares (OLS) are reported in table (6). We note that the 

parameters   β₁ and β2 are significant with the confidence level of 95%. The parameter that corresponds to the density of transport infrastructure 

is not statistical significant while the parameter β4 is significant with an error risk of 10%. However, the estimation of this model rejects the 

assumptions of normality and heteroskedasticity of error terms: the Jarque-Bera and Brush Pagan statistics are respectively equal to 25.650 

(P=0.0000027) and 11.964 (P=0.017166). According to the table (6), using the inverse distance matrix, we recorded a high value of the Moran’s 

statistics (IM = 0.211) with a critical probability p=0.0000000. So there is a strong spatial autocorrelation among the error terms derived from the 

OLS estimation, which partly explain the value of the Jarque- Bera statistics. Estimations of the model (1) are biased and non-convergent and 

statistical inference based on OLS is unreliable. Therefore, this estimation method is released and it is necessary to be replaced by maximum 

likelihood method or generalized moments method. 

Table 6: Estimation Results of the classical model for 2001 with spatial weight matrix of the inverse distances 

Estimation results Tests 

𝜶̂ 
6,31 

(0,0000000) 
JB 23,1327        (0,0000095) 

𝜷̂𝟏 
-0,049 

(0,0000000) 
PBP 2,845644        (0,5839797) 

𝜷̂𝟐 
-0,002 

(0,0000000) 
KB 1,848962        (0,7635133) 

𝜷̂𝟑 
-0,07673574      

(0,1105304) 
WH 

19,02485 

(0,1640018) 

𝜷̂𝟒 
0,0015 

(0,0855877) 
IM 

0,216416 

(0,0000000) 

R2 0,654824 LM-Lag 296,23559       (0,0000000) 

LogL -369,215 RLM-Lag 112,605958      (0,0000000) 

AIC 748,431 LM-Err 244,361779       (0,0000000) 

SC 768,425 RLM-Err 102,7321422      (0,0000000) 
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Notes: we use the following notations: LogL is the value of the log likelihood function. AIC is the Akaike Information Criterion (1974). SC is the 

Schwarz information criterion (1978). J is the test of normality of residuals of Jarque-Bera. BP, KB, WH, are the tests of heteroskedasticity of 

error terms respectively Breush-Pagan (1979), Koenker-Basset (1982) and White (1980). IM is the Moran (Cliff and Ord, 1981). LM-Lag RLM-

Lag denotes respectively the Lagrange multiplier test applied on the lagged endogenous variable and its robust version. LM-Err is the Lagrange 

multiplier applied on the error terms and RLM-Err denotes its robust version. The critical values are in parentheses.   

Using the Lagrange multiplier test and its robust version could give a good specification model. In fact, the two most commonly models used 

to describe the spatial dependence are the model with error spatial autocorrelation and the lag endogenous variable model. A table (6) shows that 

the spatial lag model is the most appropriate specification to describe data-generating processes. So, the model (1) suffers from misspecification 

due to the existence of spatial autocorrelation between districts in terms of fertility rates.   

The next step is to estimate the new model defined by:  

{
𝐹𝐸𝑅 = 𝛼𝑆 + 𝜌𝑊𝐹𝐸𝑅 + 𝛽1𝐿𝐼𝑇𝐹 + 𝛽2𝑆𝑆 + 𝛽3𝐵𝑆 + 𝛽4𝐶𝑂𝑃𝐵 + 𝜀                          

ε~N(0, σ2)
             (2) 

where 𝜌 is the spatial autoregressive parameter that measures the intensity of spatial interaction that exists between each district and its 

neighbors in terms of fertility and 𝑊 is the spatial weight matrix9.  

The model (2) can be written as the following10: 

𝐹𝐸𝑅 = (𝐼 − 𝜌𝑊)−1(𝛼𝑆+𝛽1𝐿𝐼𝑇𝐹 + 𝛽2𝑆𝑆 + 𝛽3𝐵𝑆 + 𝛽4𝐶𝑂𝑃𝐵) + (𝐼 − 𝜌𝑊)−1𝜀                           (3) 

or:  

2 2 3 3 4 4

1 2 3 4

2 2 3 3 4 4

( )( )

( )

FER I W W W W S LITF SS BS COPB

I W W W W

        

    

          

    

        (4) 

This expression indicates that the fertility rate recorded in a district is not only explained by the values of the female literacy rate, the number 

of secondary schools, the number of buses per km2 and the number of cooperative banks recorded in this district, but also by the values 

associated with all districts (neighboring or not) through the inverse spatial transformation  (𝐼 − 𝜌𝑊)−1. This is a spatial multiplier effect that 

affects spatial variables. The effect of spatial diffusion indicates that if a random shock in one district i affects the value of fertility rate in this 

district, it will have also an impact on fertility rates in other districts (neighboring or not). Obviously, these two effects weaken with distance, 

with the order of the contiguity or with the number of closets neighborhoods.   

The results of the estimation of model (2) by the maximum likelihood method are reported in table (7)11. The coefficient of determination is 

not appropriate to compare the OLS classical regression model and the spatial model or even spatial models themselves12. In contrast, when we 

compare the value of Log-Likelihood (LogL) with that drawn from the OLS estimation, we find an increase (from -369.215 to -289.346) using 

the matrix of inverse distance (respectively, 247.275 and -269.554 for the case of 10 and 20 nearest neighbors’ matrices). Compensating the 

improved fit for the added variable (the spatially lagged dependent variable), the AIC and SC both decrease relative to OLS, again suggesting an 

improvement of fit for the spatial lag specification. The estimation of the new model shows a significant positive spatial autocorrelation: the 

parameter 𝜌 is estimated to 0.632 (respectively 0,628 and 0,615) with a very high critical probability (p = 0. 0000000). These results are 

confirmed by the significance of the likelihood ratio test (LRT) and justify the magnitude of spatial interactions that exist between the values of 

fertility rates in neighboring districts. This reflects the idea that the fertility rate decline proceeds typically by contagion, by the spatial diffusion 

of new behaviors. Note that the problem of heteroskedasticity of error terms has been deleted after this new modeling, which justifies the best 

specification of spatial model. 

Fundamentally, it appears that the four used variables combine themselves to explain the fertility rate in 2001 in the Indian districts.  

 

 

 

 

 

 

                                                           
9
 The standardization of the spatial weight matrix facilitates the comparison of the magnitude of the parameter when the model is 

estimated by several spatial weight matrices. 
10

 In this case (𝐼 − 𝜌𝑊)−1 must be non-singular,  𝜌 is nonzero and the inverse is not an eigenvalue of 𝑊. 
11

 In this estimate, the inverse distance matrix and those of k-neighbors (k = 10, 20) are used. 
12

 The value listed in the spatial lag output is not a real R
2
, but a so-called pseudo-R

2
, which is not directly comparable with the 

measure given for OLS results. 



Mohamed HAZEM; ISAR J Econ Bus Manag; Vol-1, Iss-3 (Sep - 2023): 6-15 

 

13 
 

Table 7: Estimation Results of the spatial lag model for the year 2001 

 W(dist) W(k=10) W(k=20) 

𝜶̂ 
3,345461 

(0,0000000) 

2,907001 

(0,0000000) 

3,09977 

(0,0000000) 

𝜷̂𝟏 -0,03593514     (0,0000000) 
-0,0276998 

(0,0000000) 

-0,03057605 

(0,0000000) 

𝜷̂𝟐 -0,001734427   (0,0000000) 
-0,001359905 

(0,0000000) 

-0,001430823 

(0,0000000) 

𝜷̂𝟑 
-0,1195452   

   (0,0021821) 

-0,0658061 

(0,0152860) 

-0,09526523 

0,0095196 

𝜷̂𝟒 
0,002082081 

(0,0027493) 

0,00155128 

(0,0110593) 

0,001551949 

0,0176993 

𝝆̂ 
0,6318247 

(0,0000000) 

0,6285336 

(0,0000000) 

0,6149714 

(0,0000000) 

R2 0,770573 0,821771 0,795095 

LogL -289,346 -247,275 -269,554 

AIC 590,693 506,55 551,108 

SC 614,687 530,544 575,101 

BP 
5,088335 

(0,2783533) 

5,122247 

(0,2749826) 

4,695524 

(0,3199886) 

LRT 
159,7378 

(0.0000000) 

243,8803 

(0.0000000) 

199,3229 

(0,0000000) 

 

The female literacy rate and the number of secondary schools tend 

to reduce the fertility rate, the parameters β₁ and β₂, are negatively 

significant. Becker (1981), shows that female literacy is considered 

a key factor in fertility and child health, the idea is that the woman 

maximizes her choice of child number (McCray et Royer, 2005). 

Education improves recourse of care behaviors, such a consulting 

screening cancer service, prenatal supervision services or sexual 

transmitted diseases services (OMS, 2008). It is a factor that 

greatly contributes to the emancipation and empowerment of 

women about their daily live in general and the child nutrition in 

particular (Roser, 2003; Hazem, 2021a).  Women who have 

finished at least primary education easily resort to a medical 

monitoring and access to echography during pregnancy than 

illiterate mothers. Educated mothers are aware that this 

contraceptive use has important implications for reproductive and 

maternal health for which the unwanted pregnancy can cause an 

unsafe abortion, and lack of contraception and lead to more 

pregnancies that may have a negative effect on the mother health 

(OMS, 2008). In fact, in addition to the economic repercussions 

linked to the level of education (employment and income 

opportunities), the education of women contributes to changing 

attitudes towards the sociological and psychological conditions that 

perpetuate poverty (UNDP, 1997, Hazem, 2021a). It is a factor that 

strongly contributes to emancipation and women's empowerment 

(Roser, 2003). In the majority of Indian regions, a high level of 

education of women has a direct impact on fertility. In fact, the 

heterogeneity of Indian states and their individual autonomy 

translates into a diversity of statistics. In 1956, the scalar 

curriculum reform was enacted to promote gender equity (Roser, 

2003). Literate women are better able to make responsible 

decisions in matters that affect themselves, their families, and 

children, including health practices, household income, education 

and household well-being. their children 15. Thus, the research 

results demonstrate that a child's ability to develop properly is 

closely related to the educational level of its mother (UNESCO, 

2006; Hazem, 2021a). 

Otherwise, large regional disparities exist in India in terms of 

basic infrastructures. The presence of secondary school can be 

considered as an indicator of “offer education”. If we calculate the 

distance to school for the entire population, we obtain important 

values. Thus, Kerala, which is illustrated with a highly populated 

cities but relatively few, is characterized by an average distance 

often less than 1km and there are few cities that have not a school 

(Oliveau and Chasles, 2005). Conversely, the number of primary 

schools is closely correlated with the size of the population. This 

follows the policy of the state: make schools where there is 

population. 

 There is a very negative significant correlation between the 

number of buses per km2 and the fertility rate of district 
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(parameter β3). The density of public transport reflects the urban 

character of the districts. The level of urbanization in India can be 

characterized as relatively low, 29% in 2007, despite a very 

demanding definition of the city in terms of minimum population, 

more than 5000 people gathered in one city (Dupon, 2008). Three 

big cities currently have 12 to 17 million people (New Delhi, 

Calcuta and Bombay), and 35 cities with over one million 

inhabitants. For major part of the population, urbanization has 

increased the number and length of daily displacement, including 

those made using public transport (Pucher and al, 2007). The 

highest densities of buses number are registered in urban districts 

where the fertility rate recorded its lowest values, even if there is a 

high rural migration with high fertility rate of district.  

In India, the banking sector is substantially controlled by the 

government and the cooperative banks. The number of cooperative 

banks is presented as a criterion of large rural population and is 

associated with higher fertility rates: the parameter β4 is positively 

significant. To finance rural development, cooperatives credit 

institutions have issued large amounts of credit (Sawai, 2005). 

Their visibility is very important and their cooperative nature is 

widely promoted in their communication strategies (Boucher, 

2011).  According to a study done by the federation of Indian 

cooperative banks, a total of their loans and deposits are more 

important than that of the private sector. Currently, the cooperative 

credit provides 43% of total rural credit. Some studies made in 

India revealed that microcredit which’s provided by the mechanism 

of self-assistance groups linked to bank credit is associated with a 

higher level of loan repayment and also helps the small farmers 

and marginal farmers to receive loans for the development of their 

activities and consumption needs (Boucher, 2001). 

4. CONCLUSION 
In this work, we studied the disparities in fertility rates between 

the Indian districts based on the latest census conducted in 2001. 

The application of Exploratory Spatial Data Analysis techniques 

has allowed us to reveal the geography of fertility level in these 

districts. Despite the cleavage north (high fertility) / south (lower 

fertility) of the country, the results show that there is a strong 

global and local spatial autocorrelation; no outlier in fertility rates 

is detected. 

Then, we tried to explain the regional disparity of the fertility 

depending on education and infrastructure conditions. Estimation 

of the model by OLS method has shown that there is a strong 

spatial autocorrelation among the error terms. By using the 

Lagrange multiplier and its robust version and processing by the 

estimation method of maximum likelihood, we conclude that the 

spatial lag model specification is the most appropriate to describe 

the disparity and spatial interactions of fertility rates.  

Fertility in India is lower in the districts where the female 

literacy rates and the number of the secondary schools are high. 

Similarly, the number of buses per km2, which is considered as a 

criterion of urbanization is negatively correlated with the level of 

fertility. Conversely, the number of cooperative banks is very high 

in districts with high fertility rates. It is the effect of population 

size which encourages banks to expand their branches in rural 

districts.   

This work deserves to be extended by a dynamic analysis of 

fertility based on the last two censuses, 1991 and 2001. 

Analytically, the determination of steady state of fertility in Indian 

districts is an idea to explore. 
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