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Abstract

Child malnutrition is often the most common factor that causes child mortality rate. In the study of child
malnutrition, there is limited evidence on spatial analysis to identify spatial trends and hotspots of indicators
and contextual factors contributing to geographical inequalities in child malnutrition. This study aims to
investigate the spatial distribution and heterogeneity of Malnutrition across districts and states of India and
examine the influence of determinants on wasting, stunting, and underweight children under five-year-of age.
The spatial variation in Malnutrition and the influencing determinants were determined across India at district
levels using the National Family Health Survey 3 and 4 (2006-16) data. Results show that out of the 640 districts
in India, a very high prevalence of stunting, wasting, and underweight occurs in 236, 472, and 370 districts,
respectively. The spatial error regression model showed that maternal health, such as low mother BMI, anemia
during pregnancy, absence of antenatal care, early marriage and pregnancy, and lack of improved sanitation
facilities in the household, were the most significant factors influencing Malnutrition in India. Furthermore,
the Bivariate LISA analysis revealed that malnutrition prevalence was higher in the geographical pockets where
maternal care is low and mainly clustered in the country's western, central, and eastern districts. The
influencing factors in every malnutrition indicator vary in different districts. A notable observation was that the
factors influencing a larger spatial scale (state level) might not necessarily be the attributing factors to the
prevalence and occurrence of Malnutrition at a smaller spatial scale (district level). The geocoded data is more
detailed using household level was used to show the chronic areas of Malnutrition and develop a strategy/policy
to reduce Malnutrition efficiently.
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1. Introduction

Malnutrition is one of the most critical conditions and
is responsible for higher mortality levels; children
under five years are vulnerable to Malnutrition.
Malnutrition is the primary cause of a child's death as
it lowers infection resistance and is a socio-economic
problem restricting development worldwide [1].
Child malnutrition manifests as being underweight,
stunting, and wasting, a clinical sign of nutrient
deficiency [2]. The World Health Organization [3]
established an  anthropometric  measurement
guideline for Malnutrition as wasting or low weight-
for-height, which indicates inadequate food intake
causing the child to lose weight; stunting or low
height-for-age,  which  indicates  long-term
insufficient nutrient intake (chronic Malnutrition);
and underweight or low weight-for-age which is a
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composite index of wasting and stunting. Child
malnutrition is not just about the lack of nutritious
food; it is a combination of multiple causes, such as
the frequent occurrence of disease, poor healthcare
practices, accessibility, and other social services.
More than two decades ago, The United Nations
International Children’s Emergency Fund [4] created
a conceptual framework that outlines the
multifactorial determinants of child malnutrition.
That includes economic and employment situations,
access to food, good sanitation, awareness, social and
institutional practices, program implementation, and
data availability. This framework evolved as it
continuously incorporated new knowledge and
evidence on the impacts, consequences, and causes

of Malnutrition.


https://doi.org/10.52939/ijg.v19i6.2699

Several experts identified ancillary factors
potentially responsible for Malnutrition, such as
incidence of diarrhoea or acute respiratory infection
(ARI) for the child, food insecurity, low maternal
education and lack of vitamin supplements or
fortified food, access to clean drinking water,
sanitation  infrastructure  facilities,  hygiene
knowledge and practices, lack of access to health
services, inadequate child feeding practices and
unavailability of food [5]. Food insecurity is a
persistent problem in most countries. According to
the 2020 Global Report on Food Crises (GRCF), as
mentioned by [6], ~ 135 million people in 55
countries and territories were experiencing acute
food insecurity in 2019. Household sanitation
reduces the risk of infection and positively associates
with linear growth in children [7].

Adequate nutrition is requisite for human
development. Poor nutrition in the first 1000 days of
a child's life can lead to stunted growth, which is
associated with impaired cognitive ability and
reduced school and work performance [8].
Malnourished children fail to attain optimal growth
and development, physical ability to work, and
economic productivity in a later phase of life [1].
Despite the improving economy and largest anti-
malnutrition program, India is among the countries
with the worst child malnutrition level [9].
Malnutrition is a chronic problem and a longstanding
challenge for India. Despite decades of investment to
tackle this problem, India's child malnutrition rates
are still one of the most alarming worldwide, where
the bane of child and maternal Malnutrition is
responsible for 15% of India's total disease [10].
However, malnutrition prevalence is not equally
distributed across India, where vast spatial
heterogeneity in social, cultural, demography, and
economy [11]. With these considerations, a different
approach should be adopted to plan policies and
interventions to reduce Malnutrition that will suit a
particular geographical location.

It is evident from the existing literature that there
is a need to examine the spatial distribution of
childhood malnutrition in India to help improve
programs by allocating limited resources to priority
districts.  Therefore, this study focuses on
understanding  the spatial  distribution and
heterogeneity of Malnutrition across the districts and
states of India and examines the determinants of
wasting, stunting, and underweight in children under
the age of five. Spatial analysis using GIS brings a
new approach in understanding priority problems at
a broad scale, thus identifying actual need-based
problems and formulating solutions for the
malnutrition crisis in India.
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2. Data Source

This study used the secondary data from the National
Family Health Survey (NFHS) of India from 2005-
2006 (NFHS-3) and 2015-16 (NFHS-4) at the state
and district level, respectively. The details about the
sampling procedure of the survey can be found in
Survey (DHS) under USAID (https://dhsprogram.
com/data/dataset/India_Standard-DHS_2015.cfm?fl
ag=1).

The data factsheets provide comprehensive
information on fertility, mortality, maternal and child
health, including child nutrition status and factors
influencing it, such as immediate, intermediate, and
underlying determinants were adopted from the
UNICEF conceptual framework for the states and
districts of India. Earlier data of NFHS-3 was limited
to state representation covering 29 states with a
household sample size of 109,000 and a sample
representing 230,000 women aged 15-49 years and
200,000 below aged five children were tested on
health and nutrition indicators, whereas for NFHS-4
data covered states (29 + 7 union territories) and
districts of 640 according to 2011 national census
with a sample size of 566,200 households
representing 625,104 women aged 15-49 years and
265,653 below age five children in India).

This study was conducted at the state and the
district level covering two different survey periods,
2005-2006 (NFHS-3) and 2015-16 (NFHS-4).
Comparison between state and district levels is a
limitation due to an unequal number of states and
districts from the earlier data set compared to the
latest data of NFHS-4. The digital administrative
shapefile of the state and district of 2005 and 2016
was obtained from GitHub (https://github.com/
datameet/maps/tree/master/Districts), ~ which s
shared under Creative Commons Attribution 2.5
India license. The maps were re-projected in WGS
1984 UTM zone 43N for conducting spatial analysis.
This study did not include parts of Jammu &
Kashmir, as the survey estimates were unavailable
for these areas.

2.1 Data Management

This study classified Malnutrition based on the
factors of immediate determinants, nutrition-specific
interventions, and underlying determinants. The
critical determinants of Malnutrition were chosen
based on the conceptual frameworks from previous
studies, particularly UNICEF (1990). Of the many
influencing factors from UNICEF Framework, this
study selected specific factors associated with
malnutrition indicators.
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- The immediate determinants of child
malnutrition are related to the child's diet and
mother's breastfeeding practice, maternal health
condition (e.g. low mother BMI and anemia
during pregnancy), and prevalence of non-
communicable diseases (diarrhoea and acute
respiratory infection causing high fever) in a
child.

- The nutrition-specific interventions are the
programs by the government [8]. These are
classified under maternal healthcare and
supplementation support, such as antenatal care
services during pregnancy and provision of iron
and folic acid supplementation in the first 100
days of pregnancy. Childcare is also another
component that includes immunization and
vitamin A supplementation. Government
assistance schemes such as food supplementation
to registered pregnancies in rural areas and
financial assistance for institutional delivery
under the JSY program [9]
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- The underlying determinants included
household conditions such as sanitation, drinking
water sources, access to total electricity and clean
cooking fuel, and early marriage and pregnancy
[11].

3. Method

To analyze the spatial clustering and dependency of
child nutrition outcomes and predictors at the state
and district level. A series of thematic maps were also
developed using ArcMap and Geoda using
Geostatistical tools such as Local Indicator Spatial
Autocorrelation for (Univariate Moran's 1), and a set
of Spatial regression models were adopted to analyze
the factor spatial and child nutrition outcomes.
Finally, the fit model was chosen based on R-Square
and AIC (Akaike information criterion) value.
Bivariate LISA is adopted to understand the spatial
relation and dependency between malnutrition
indicators and predictors, illustrated in Figure 2. State
and District level thematic maps were generated to
examine the geographical variation of Malnutrition
based on WHO standard classification [12] for
assessing the severity of Malnutrition by percentage
prevalence ranges of three indicators among children
less than five years of age were followed.

Immediate

Nutrition Specific

Underlying

Adequate Diet

Low BMI of mother
Pregnant women anemic
Prevalence of Diarrhoea
Prevalence of ARI
Exclusive Breast feeding

Independent Variables

Child PNC care

Mother full ANC care
Child full Immunization
Vitamin A supplementation
Mother Consumed IFA
100+ during Pregnancy
Government support food
supplementation (MCP)
Govt. financial assistance
institutional delivery (JSY)

Access to electricity

Access to clean cooking fuel
Improved Sanitation
Improved Drinking water
Early pregnancy 15-19 years

Women with10 or more
years of education

[ Child Malnutrition ]

Dependent
Variables

Stunting

Wasting Underweight

Figure 1: Overall research analysis of relationships of various variables with dependent
variables for child malnutrition
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Figure 2: Geospatial data analysis and mapping of malnutrition in India

To examine spatial clustering of child nutrition
outcomes- Spatial Autocorrelation was performed by
Moran's | statistic. The results can range from-1to 1,
where positive results indicate a positive spatial
correlation while negative results indicate a negative
correlation. Zero result means no spatial
autocorrelation or no linear correlation. The basic
formula of Moran's | is as below [15]:

Yiz1 Xjeq Wij (x; — xm)(xj - JCm) [ T X Wi

Moran's ] = TG =P
Equation 1
Where:
xi is the value at i district, x; is the value at j™
district, which is the neighbour of xi, Xm is the
mean value of the variable x, wj; is the weighted
coefficient value at (i,j) districts of the weight
matrix, and n, m is the spatial units of x.

Local Indicators of Spatial Autocorrelation (LISA)
measure the extent of autocorrelation among the
neighbourhood districts. To perform LISA, a spatial
weight matrix was adopted for which a spatial weight
matrix was devised. (w) of first-order using the
Queen's contiguity method (neighbours sharing a
common boundary of non-zero length). After spatial
dependency was analyzed, LISA maps are helpful in
identifying the local hotspot and cold spot of a
univariate and bivariate variable over a space. The
LISA values allow the computation of its similarity
with its neighbourhood districts and test each

location's significance. In this analysis, five scenarios
may take place cluster with high values - hot spots
(districts with high values, with similar neighbours),
cluster with low values — cold spots (districts with
low values, with similar neighbours), and a spatial
outlier in  which (districts with high values
surrounded by low-value neighbours and vice-versa)
and no significant local autocorrelation [15].

The special choropleth map is a cluster map
showing the locations with a significant local
Moran's | statistic classified by the type of spatial
autocorrelation where hotspots are represented by red
colour, blue represents the cold spots, and the light
blue and light red colour is the spatial outliers. State
and District level thematic maps were generated to
examine the geographical variation of Malnutrition
based on WHO standard classification [14] for
assessing the severity of Malnutrition by percentage
prevalence ranges of three indicators among children
less than five years of age were followed. To examine
spatial clustering of child nutrition outcomes- Spatial
Autocorrelation was performed by Moran's | statistic.
The results can range from -1 to 1, where positive
results indicate a positive spatial correlation while
negative results indicate a negative correlation. Zero
result means no spatial autocorrelation or no linear
correlation. The basic formula of Moran's | is as
below [15]. The study confirms the significant
spatial autocorrelation in child nutrition outcomes
across districts of India.

International Journal of Geoinformatics, VVol.19, No. 6, June, 2023
ISSN: 1686-6576 (Printed) | ISSN 2673-0014 (Online) | © Geoinformatics International



Spatial regression models were adopted (“Spatial
Lag" and "Spatial Error" Models) to analyze the
spatial influence and relation between child nutrition
indicators and factors influencing. The spatial lag
model assumes that the dependent variable in one
area is affected by the dependent variable nearby.
Figure 3 shows the spatial lag model.

> < — ¢
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Figure 3: Basic concept for spatial lag model [17]

J#1
Equation 2

Where:

Yiis a dependent variable denoting the
malnutrition prevalence for the i district, p is
the spatial autoregressive coefficient, Wjis a
spatial weight matrix and proximity between
district i and j, Yjis the prevalence of
Malnutrition in the it" district, p is a vector of
regression model coefficients X is the predictor
variable, and ¢; is a vector of independent and
identically distributed error terms [18].

The Spatial Error Model measures the spatial
dependency in error terms and is referred to as
nuisance dependence. It assumes that the residuals
correlate in the neighbourhoods of the spatial units
(Figure 4).

Xj X
v v
Yj Yi
T T
& t+——Pp g

Figure 4: Basic concept for spatial error model [17]
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j#1
Equation 3

Where:

Yi denotes the prevalence of Malnutrition for the
i" district, A is the spatial autoregressive
coefficient,  Yjis the  prevalence  of
Malnutrition in the j* district, and W is a spatial
weight matrix used to compute spatial lagged
error terms We, B means regression coefficients of
the explanatory variable and X; are the predictor
variable, and &; is the residual [18].

4. Results

4.1 Malnutrition Prevalence at State Level

The levels of child malnutrition prevalence map at
the state level from NFHS-3 (2005-06) and NFHS-4
(2015-16) showed all-around improvement over the
last decade. The stunting of children in India was
gradually reduced by 10% in the last few years.
However, a striking geographical disparity was
observed where 17 states with an extremely high
(>40%) stunting prevalence in the NFHS-3 survey
was reduced to 5 states at NFHS-4. The states such
as Uttar Pradesh, Madhya Pradesh, Jharkhand, Bihar,
and Meghalaya remained with a very high stunting
prevalence which is above the national average of
25% even in NFHS-4. Two states remained stunted
below the national standards of 25% or less stunting
prevalence even after a decade. On the other hand,
there was an improvement in 2 states in 2005-2006 to
14 states in 2015-2016 which are below the national
average.

Wasting, an acute form of Malnutrition, has
witnessed an uptick in the past decade from 2006 to
2016 by 9%. In the last NFHS-4 survey, 28 states
suffered from very high wasting (>15%) compared to
the previous 19 states in NFHS-3. With this, child
wasting was more pronounced across India, as shown
in Figure 5. According to NFHS-4, out of 36 states,
only Mizoram and Manipur show a low prevalence
of child wasting. States such as Punjab, Andhra
Pradesh, Uttar Pradesh, Sikkim, and Assam are worse
in child wasting. The prevalence of children
underweight in India from 2006-2016 remained at a
higher scale. Even after a decade, underweight and an
enormous geographical area of India remained high,
as shown in Figure 6. The distribution of
Malnutrition is significantly uneven across the large
geographical area of India. Most states attributing to
very high stunting prevalence are clustered in the
country's central (99) and eastern regions (69).
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Figure 5: Stunting prevalence of malnutrition in the last decade (a) 2005-2006 (b) 2015-2016
at the state level in India
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The cluster of very high prevalence is observed in
Madhya Pradesh, Uttar Pradesh, Bihar, and
Jharkhand. On the other hand, very high wasting
prevalence is more or less equally occurring in a large
geographic area of India. Districts suffering from a
very high waste are the districts located in the central,

east, and south region. This is particularly the same
in the analysis of the state-level stunting prevalence.
Moreover, the underweight prevalence distribution is
all over India and mainly concentrated in the districts
of central (139) and east (91) regions of India.
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However, this very high prevalence in states was
reduced by 5% from the NFHS-3 survey to the recent
NFHS-4 survey, but medium to high prevalence
doubled over a decade. The situation in Kerala,
Northeastern, and newly formed Telangana states has
improved, but Andhra Pradesh's state has shown
degradation to a wvery high percentage of
underweight.

4.2 Malnutrition Prevalence at District Level
District-level malnutrition prevalence in Figure 7
shows high interstate variation. Child wasting and
underweight prevail across a vast region in India with
a clustering distribution. The states that are not
categorized with very high malnutrition prevalence
appear to have districts with very high malnutrition
prevalence (Figure 7). Of the 640 districts in India,
237 districts have a very high prevalence of stunting
(>40%), 482 districts with high wasting prevalence
(>15%) and 373 districts are with high underweight
prevalence (>30%). Compared to the developing
country's national average for stunting of 25%, India
has 100 districts above the mentioned average, while
34 districts are above the wasting national average
(8.9%). The established result shows a pattern of
concentration and clustering of districts where
Malnutrition is prevalent. The malnutrition indicators
of stunting, wasting, and underweight were noted to
consistently occur in India's central, east, and south
zones (Figure 8).
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4.3 Spatial Heterogeneity of Malnutrition

The univariate LISA analysis for child malnutrition
indicators such as stunting, wasting, and underweight
is represented in Figure 8. The LISA cluster maps
yielded four types of geographical clustering. As
described by [19], the LISA cluster map represents
four classifications of geographical clustering of
interest variables. In this study, "high-high" or
hotspots means that areas with above-average child
malnutrition rates also share boundaries with
neighbouring regions with above-average values of
the same variables. Whereas "low-low" or cold spots
are the regions with below-average malnutrition rates
that share boundaries with neighbouring regions that
have below-average of the same variable. However,
a "high-low" means regions with below-average
values surround the region with above-average
malnutrition indicator rates. Moreover, "low-high"
means areas with above-average values surround
below-average malnutrition indicator values. The
three malnutrition indicators show a positive spatial
autocorrelation, among which underweight shows
the highest Moran' | value of 0.712, and 165 districts
were found to be hotspots Figure 9 (On the other
hand, the Moran's | value for stunting was 0.62,
which showed 138 districts as hotspots. Wasting, too,
had a positive but low spatial autocorrelation
(Moran's | value of 0.461), with 105 districts as
hotspot areas.

ladara &

e
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Figure 7: Underweight prevalence of Malnutrition in the last decade (a) 2005-2006 (b) 2015-2016
at the state level in India
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Table 1 presents the relationship between the
outcome indicators and the specific influencing
factors. Since there is significant geospatial
clustering in the three outcome variables of
Malnutrition, an SEM was used to understand the
spatial relation and strength between child
malnutrition indicators (stunted, wasting, and
underweight) and influencing factors. Furthermore, a
spatial correlation analysis was performed using
bivariate LISA to check the geospatial clustering in
the exposure and outcome variable. It is observed that
under the immediate cause, the three forms of
Malnutrition (stunting, wasting, and underweight)
are significantly influenced by low mother BMI
(<18.5 kg/m?) and anemia in the mother during
pregnancy. In contrast, the prevalence of diarrhoea
and pregnant women having anemia shows a positive
relationship but low influence on the three
malnutrition indicators. On the other hand, children
who received an adequate diet show a significant and
negative relation between stunting and being

underweight. Under the nutrient-specific
intervention, a mother receiving complete antenatal
care shows a significant negative relation with
stunting and underweight. Whereas both children
fully immunized and receiving vitamin A
supplementation shows a low significant influence
with the three malnutrition indicators, while postnatal
care received child shows a low significant influence
with stunting and underweight. Both factors of
improved household sanitation and households using
clean cooking fuel are seen to have a negative
relation to child malnutrition. On the other hand,
early pregnancy (15-19 years) shows a positive and
significant relation with stunting and being
underweight. The bivariate LISA examined the
spatial relationship between the factors and the
outcome variable for the different geographic areas
of India and was used to answer a pertinent question
— is the prevalence of Malnutrition across India
constantly influenced by the identified factors.
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Table 1: Spatial Error Model between influencing factors and outcome indicators
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Immediate Causes — SEM
Influencing Factors Stunting Wasting Underweight
Coefficient Coefficient Coefficient
1. Exclusive breastfeeding (6 months) 0.102 0.033 0.123
2. Adequate diet (6-23 months) -0.18* -0.015 -0.209**
3. Mother with low BMI (<18.5 0.563*** 0.281*** 0.702%**
kg/m?)
4. Pregnant women anemia 0.068*** 0.051*** 0.088***
5. Prevalence of ARI -0.017** -0.030*** -0.024***
6. Prevalence of Diarrhea 0.024*** 0.010 0.018**
Nutrition Specific Intervention - SEM
1. Mother consumed IFA 100+
pregnancy 0.07 0.044 0.730
2. Mother had full ANC -0.192*** -0.079 -0.167***
3. Child received PNC 0.058** -0.001 0.057**
4. The child received Vit A — for 6 0.095*** 0.068*** 0.083***
months
5. Child fully immunized 0.075*** 0.055*** 0.085***
Underlying Causes - SEM
1. Households improved sanitation -0.155*** -0.070*** -0.173***
2. Households using clean cooking -0.086*** -0.044** -0.080***
fuel
3. Households with electricity 0.093*** 0.148*** 0.136***
4. Households with improved 0.243*** 0.068*** 0.194***
drinking water
5. A mother who did not have 10 or -0.035 -0.039 -0.039
more years of schooling
6. Early pregnancy (15-19 years) 0.22*** -0.062 0.135*
***n<().01, **p<0.05, *p<0.10
Table 2: Status of malnutrition indicators using Bivariate LISA Moran's | Values
Malnutrition | Bivariate | Hotspots
Immediate
Stunting - Low BMI 0.508 127
Wasting - Low BMI 0.410 113
Underweight - Low BMI 0.642 139
Nutrition Specific Intervention
Stunting- Antenatal care to Mother -0.458 142
Underweight — Antenatal care for Mother -0.317 128
Underlying Causes
Stunting — Improved Sanitation -0.508 146
Underweight — Improved Sanitation -0.538 147
Stunting — Early Pregnancy (15-19 years) 0.186 76

Table 2 shows the Bivariate Moran's | statistics for
stunting, wasting, and underweight against the
correlates. Results show that the spatial
autocorrelation of underweight, stunting, and wasting
with low mother BMI was 0.64, 0.50, and 0.41,
respectively (Table 2). This indicates a strong
association between women's BMI with all three
nutritional indicators.

These findings are consistent with previous studies
that mentioned the influence of women's low BMI
would likely have greater malnutrition prevalence
among children [3]. In fact, low mother nutrition is a
significant risk factor for poor fetal development, and
undernourished mothers cannot provide adequate
milk during breastfeeding, which results in
Malnutrition in children.
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underweight (e) early pregnancy vs stunting (f) sanitation vs underweight (g) sanitation vs stunting (h) sanitation
vs underweight across districts of India, 2015-16
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Generally, the low BMI of the mother showed a high
positive spatial autocorrelation in all three measures
of Malnutrition, while antenatal mother care and
improved sanitation are negatively correlated with
stunting and underweight. Moreover, the spatial
autocorrelation of stunting and underweight with
improved sanitation was -0.508 and -0.538,
respectively (Table 2).

The bivariate LISA cluster map shows that 127
and 113 districts constitute hot spots - a high
proportion of low mother BMI and a high prevalence
of stunting and wasting, respectively. On the other
hand, 122 and 110 districts are observed as cold spots
(low proportion of low mother BMI and low
prevalence of stunting and wasting). Similarly,
mother antenatal care showed a negative spatial
autocorrelation with stunting and underweight.
Improved sanitation showed high and negative
autocorrelation with stunting and underweight, while
early pregnancy indicated a low but positive relation
with stunting. There are 142 out of 640 districts
(22%) with the highest prevalence of stunting in
relation to the influencing factor of antenatal care.
Similarly, 20% of the districts in India (128)
constitute the hotspots for underweight antenatal
care. These are primarily observed in Bihar, Uttar
Pradesh, and parts of the borders of Madhya Pradesh.
In comparison, the state-level analysis did not capture
this point which is very important for the strategy to
improve the situation. Figure 10(a-c) show the
district-level clustering and prevalence of stunting,
wasting, and underweight with a common association
with mothers with low BMI (<18.5 kg/m?). Similarly,
hotspots for stunting and underweight are influenced
by mother antenatal care, early pregnancy, and
sanitation (Figure 10 (d-e)). The light pink colour on
the map represents the hotspots. Meanwhile, hotspot
districts for stunting in relation to early pregnancy
(15-19 years) in Figure 10 f are observed in 78
districts (12%). Figures 10(g-h) represent the hotspot
districts of stunting and underweight associated with
sanitation, indicated in light pink. There are 146 and
147 hotspot districts for stunting and underweight as
influenced by low sanitation. A total of 132 (low-
high) hotspot districts are observed where Uttar
Pradesh, Bihar, and parts of the borders of Madhya
Pradesh are among the few. Cold spots (high-low), as
represented by the pink colour, occur in fifty-nine
districts and are mainly seen in Kerala, Punjab,
Himachal Pradesh, and a few districts in the
northeastern region. At the same time, 403 districts
do not have any significant spatial autocorrelation
with the neighbouring districts.

The analysis of prevalence coverage of antenatal
care (ANC) to mothers and underweight (Figure
10(e)) gives a negative spatial autocorrelation, thus,
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giving importance to outliers. The light blue colour
(low-high) is considered the hotspot, meaning that
districts with mothers not consuming IFA have high
child stunting prevalence. A total of 140 (low-high)
hotspot districts were distributed in central, east, and
west regions as well as in Uttar Pradesh, Bihar, and
Madhya Pradesh. The pink colour represents cold
spot areas (high-low) in sixty-seven districts, mainly
in Kerala, Punjab, Himachal Pradesh, and a few
districts in the northeastern region. On the other hand,
335 districts have no significant spatial
autocorrelation with their neighbouring districts. The
bivariate LISA result of underweight and improved
sanitation facilities (f) shows a negative spatial
autocorrelation and low Moran's | value (-0.383);
thus, outliers are considered more important. The
light blue colour (low-high) is considered the hotspot,
which means that there is a higher prevalence of
underweight if there are poor sanitation facilities. In
relation to this, there are 147 (low-high) hotspot
districts distributed in Rajasthan, Madhya Pradesh,
Gujarat, Maharashtra, Chhattisgarh, Odisha, Uttar
Pradesh, Bihar, West Bengal, Karnataka, and
Jharkhand. Meanwhile, there are 86 cold spots (high-
low) districts that are indicated in light pink colour
which are clustered in the southern region like
Kerala, northeastern region — Nagaland, Mizoram,
Manipur, Assam, and Tripura, in the northern region
— Himachal Pradesh, Punjab, Uttarakhand. On the
other hand, stunting and improved sanitation
facilities (g) give a negative spatial autocorrelation,
thus, giving importance to outliers. The light blue
colour (low-high) is considered the hotspot, which
means that poor sanitation facilities would result in
high stunting. There are 125 (low-high) hotspot
districts that are observed in Uttar Pradesh, Bihar,
and parts of the borders of Madhya Pradesh, Gujarat,
and Maharashtra. The pink colour represents cold
spots (high-low). It was encouraging to find 60
districts in a cold spot which is mainly seen in Kerala,
Punjab, Himachal Pradesh, and a few districts in the
northeastern region.

5. Discussion
Child malnutrition in India continues to be high, and
the crisis seems challenging to solve [1] This study
determined the pattern and prevalence of
Malnutrition among children across states and
districts of India. Factors influencing the prevalence
of Malnutrition and their geographical distribution
were also examined to determine the high-risk
district clusters. Below are the notable findings from
the study.

The analysis results revealed a spatial pattern of
stunting, wasting, and underweight across the states
and districts of India. Moreover, based on the data of
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NFHS-4, stunting and underweight prevalence across
India witnessed a lower rate of 47% and 28%,
respectively, over the last decade, while wasting
prevalence increased by 10%. Of the 640 districts of
India, wasting was highly observed in 75% of the
states, followed by underweight (58%) and stunting
(37%). This implies that the most dominant form of
Malnutrition in India is wasting. According to
(International Food Policy Research Institute, 2016),
India ranks as the top country in child waste globally,
where 90 per cent of children aged between 6 and 23
months do not even get the minimum required food.

In addition, a series of spatial clustering maps
were developed to find out the different malnutrition
indicators among districts and to determine if there is
a relationship to the malnutrition levels of the
neighbouring districts. Moran's | statistics suggest
that there is spatial dependence and was found
highest for underweight (0.71), followed by stunting
(0.62) and wasting (0.46), proving the geographical
gradient of Malnutrition in India. The same
observation was obtained by Khan and Mohanty [5]
indicating that malnutrition prevalence among
children in India is not distributed uniformly across
districts but instead occurs in clusters. Though there
is a high level of Malnutrition in selected states and
regions, a more significant clustering was observed
in the districts of Uttar Pradesh, Madhya Pradesh,
Bihar, and Jharkhand. According to [9], Malnutrition
is scattered across states and the nation as a whole,
but it is highly concentrated among districts in the
central regions, particularly in the rural parts along
with the so-called "tribal belt", while the districts in
the southern region are with improved nutritional
status. This result can be linked to the conclusion of
[20] that attention needs to be paid to building
neighbourhood health and nutrition profiles and
carrying out interventions based on identified needs.

The spatial analysis suggests a statistically high
significant association of different forms of
Malnutrition (stunting, wasting, and underweight)
with the factors such as maternal (status of mother
BMI, anemia during pregnancy, mother antenatal
care) and child health (prevalence of Acute
Respiratory Infection (ARI) and diarrhoea, a child
receiving Vitamin A and full immunization) and
access to needed household services (improved
sanitation, clean cooking fuel, electricity and
improved drinking water). These factors correlate
well with areas where high Malnutrition is prevailing
(central regions), as these are the areas where access
to medical facilities is complicated and limited. The
majority of the mentioned influencing factors on
Malnutrition in this study were also proven by other
researchers. According to pieces of literature,
poverty, low women's education, low body-mass-
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index of mothers, poor sanitation and drinking water
supply, high fertility, increased prevalence of teenage
pregnancies, and lack of immunization are among the
influencing factors of Malnutrition in India [8]; [21].
Studies indicate that there is a significant relationship
between maternal nutritional status with the well-
being of a child [22]. This conclusion supports our
findings that the lack of supplementation of iron and
folic acid and non-access to antenatal care of the
mother is the significant influencing factors in child
stunting and being underweight. Failure to supply an
adequate amount of nutrients to meet fetal demand
can lead to fetal Malnutrition. The fight against
persistent underweight, stunting, and wasting among
children in developing countries is based on the
appropriate maternal nutrition and preventing micro-
nutrient deficiency as their deficiency leads to severe
problems during the gestation period in the mother
and stunting in a child after pregnancy [23].

The spatial relationship between factors and
outcome variables indicated that the hotspots were
influenced by the low BMI of the mother, antenatal
care, sanitation, and early pregnancy. These are
primarily found in the districts located in the central
regions. This information highlighted the need for
access to the necessities to proceed towards a healthy
pregnancy. At the same time, the child's growth
pattern was found to be at lower levels in most places.

5. Conclusion

This study was based on the notions of the
geostatistical pattern analysis to understand the
prevalence of Malnutrition at the state and district
levels in India. The study disclosed that some of the
indicators and contextual factors which cause
Malnutrition in an area might be divergent when
viewed at state and district levels. With these results,
the government can focus on addressing other
influencing factors on Malnutrition, such as early
pregnancy and antenatal care support. Therefore, the
result of this study would be helpful in further
planning malnutrition interventions as hotspot areas
can be identified straight away. This will eliminate
the old practice of implementing a generic solution to
Malnutrition that is often ineffective. Study results
suggested that a district-level strategy should be in
place for effective results. With the influencing
factors that have improved along with malnutrition
indicators, the government can strengthen the
programs on sanitation, child immunization, and
maternal and childcare support programs. Further,
the annual malnutrition status in India will present a
reliable basis for determining changes in the
malnutrition status of children in India. The study
helps the government and NGOs to focus on areas
that need attention to support Malnutrition. Prime
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Ministers' "Nutrition Mission" initiated in the year
2017 may also reveal astonishing benefits once the
results are analyzed using the methodology proposed
in this study. Malnutrition status can be better
monitored if the government can improve the data
collection process and data analysis using the
"mobile app" at village levels and make them GIS-
ready for spatial analysis.
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