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Abstract: The United Nations Sustainable Development Goals (SDGs) include 17 interlinked goals
designed to be a blueprint for the world’s nations to achieve a better and more sustainable future, and
the specific SDG 3 is a public health–related goal to ensure healthy living and promote well-being for
all population groups. To facilitate SDG planning, implementation, and progress monitoring, many
SDG indicators have been developed. Based on the United Nations General Assembly resolutions,
SDG indicators need to be disaggregated by geographic locations and thematic environmental and
socioeconomic characteristics for achieving the most accurate planning and progress assessment.
High-resolution data such as those captured at the village level can provide comparatively more
precise insights into the different socioeconomic and environmental factors relevant to SDGs, therefore
enabling more effective sustainable development decision-making. Using India as our study area and
the child malnutrition indicators stunting, underweight, and wasting as examples of public health–
related SDG indicators, we have demonstrated a process to effectively derive environmental variables
at the village level from satellite big datasets on a cloud platform for SDG research and applications.
Spatial analysis of environmental variables regarding vegetation, climate, and terrain have shown
spatial grouping patterns across the entire study area, with each village group having different
statistics. Correlation analysis between these environmental variables and stunting, underweight,
and wasting indicators show a meaningful relationship between these indicators and vegetation
index, land surface temperature, rainfall, elevation, and slope. Identifying the spatial variation
patterns of environmental variables at the village level and their correlations with child malnutrition
indicators can be an invaluable tool to facilitate a clearer understanding of the causes of child
malnutrition and to improve area-specific SDG 3 implementation planning. This analysis can also
provide meaningful support in assessing and monitoring SDG implementation progress at the
village level by spatially predicting SDG indicators using available socioeconomic and environmental
independent variables. The methodology used in this study has the potential to be applied to other
similar regions, especially low-to-middle income countries where a high number of children are
severely affected by malnutrition, as well as to other environmentally related SDGs, such as Goal 1
(No Poverty) and Goal 2 (Zero Hunger).

Keywords: public health; child malnutrition; sustainable development goals (SDGs); SDG 3; environment
variables; satellite big data; spatial variations; correlation analysis

1. Introduction

The United Nations Sustainable Development Goals (SDGs), set up in 2015 with a
target deadline of 2030, include 17 interlinked goals designed to be a blueprint framework
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for the world’s nations to achieve a better and more sustainable future [1]. Among these
goals, the specific SDG 3 is a public health–related goal “to ensure healthy lives and
promote well-being for all at all ages”. The United Nations Global Indicator Framework has
been developed to facilitate countries in the three SDG implementation phases: planning,
implementation, and progress monitoring. Based on the Fundamental Principles of Official
Statistics from the United Nations General Assembly resolutions, SDG indicators should
be disaggregated by geographic locations and thematic environmental and socioeconomic
characteristics in order to achieve the most accurate planning and progress assessment [2].

Geospatial data, including data collected by Earth observation satellites, are
among the most important types of data for supporting the three SDG implemen-
tation phases [3–5]. Village-level data represents the highest resolution of all levels of
administration and can provide more specific details about the different socioeconomic
and environmental factors affecting SDGs, thus enabling more precise sustainable
development decision making [6–14]. While village-level socioeconomic data such as
census-based demographics are available for some nations, important environmen-
tal variables, including vegetation, climate, and terrain, are not yet readily available
at such a fine-grained level, hindering sustainable development research and appli-
cations [6]. Earth observation satellites collect environmental data with geographic
locations referenced, providing the most valuable geospatial datasets about environ-
mental factors for the SDGs [15–23]. In addition, the questions of how environmental
variables differ spatially at the village level, and whether such variations correlate with
SDG indicators, have not yet been reported in the literature.

Focusing on three child malnutrition indicators in India (stunting, underweight, and
wasting), this study developed a process to derive village-level environmental variables
from a large volume of satellite images, analyzed their spatial variations and relationships
with the SDG indicators, and discussed the implications for relevant SDG planning and
progress assessment.

2. Materials and Methods
2.1. Study Area

India is the second most populous country in the world as well as one of the largest
developing countries. Based on the SDG Index and Dashboard global report 2017, India
was ranked No. 110 and 116 out of 157 nations in 2016 and 2017, respectively, for progress
on SDGs [3], spotlighting a critical need for improvement in SDG implementation. Addi-
tionally, India falls among the nations currently contending with severe child malnutrition.

2.2. Data
2.2.1. Village Data

All the administrative boundary data layers, including the processed village polygon
data layer, are provided by the Geographic Insights Lab of the Harvard Center for Popu-
lation and Development Studies. The village polygon data include 605,652 village units,
and the village boundaries have been examined and corrected to align with higher level
administrative boundaries, such as district, state, and national boundaries (Figure 1).

The original village data from ML Infomap includes three types of shapefiles: points
only, polygons only, and a mix of points and polygons. There are 6 states with points-only
shapefiles: the Andaman and Nicobar Islands, Arunachal Pradesh, Meghalaya, Mizoram,
Nagaland, and Lakshadweep. There are 6 states where some villages are in points and
some are in polygons: Andhra Pradesh, Assam, Chhattisgarh, Himachal, Jammu and
Kashmir, and Manipur. All villages in the remaining 23 states have boundaries presented
in polygons. Thiessen polygons were created for villages that were presented in point
locations only. The Thiessen polygons were constrained by subdistrict boundaries. In the
end, all the village polygons were merged together.
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Figure 1. Village boundary data illustrated relative to district boundaries. All administrative bound-
ary data layers are provided by the Geographic Insights Lab of the Center for Population and
Development Studies at Harvard University.

2.2.2. Satellite Environmental Data and Processing

Satellite-based remote sensing technology provides the capability to measure envi-
ronmental factors for very large areas completely, consistently, repetitively, and in greater
detail. In addition, there are many publicly available satellite image data, such as those
from MODIS, Landsat, Sentinel-1, and Sentinel-2, for environmental research and appli-
cations from various world organizations including the National Aeronautics and Space
Administration (NASA) and the European Space Agency (ESA).

An array of environmental variables, which are related to land, air, water, and other
environmental components and have proven connections to ecosystem services, agricul-
tural production, nutrition, poverty, human health, and other socioeconomic aspects can be
derived from satellite remote sensing data [16–18,21,22]. For example, vegetation condi-
tions and surface temperature changes are linked to child nutrition and diet quality [24]. In
this study, the normalized difference vegetation index (NDVI), land surface temperature
(LST), rainfall (RF), elevation, and slope, which represent vegetation conditions, climate,
and terrain, respectively, are derived for 2016, the year in which a variety of socioeconomic
data are extensively available for our study area.

The Moderate Resolution Imaging Spectroradiometer (MODIS) aboard the Terra satel-
lite has provided daily global measurements of visible and near-infrared bands since 2000,
and these can be used to generate the NDVI [25]. The NDVI data used in this study are
provided by the NASA Land Processes Distributed Active Archive Center (LP DAAC)
at the United States Geological Survey (USGS) Earth Resources Observation and Science
(EROS) Center, which are available on the Google Earth Engine (GEE) cloud platform. The
data are computed from atmospherically corrected bi-directional surface reflectance and
are already masked for water, clouds, heavy aerosols, and cloud shadows. The annual
greenest compositing procedure has been applied for the twenty-four 16-day data layers
through the GEE Javascript application programming interface.
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Two main climate variables are introduced in this study, LST and RF. MODIS LST data
are provided by the NASA LP DAAC at the USGS EROS Center [26] and are accessible
on the Google Earth Engine cloud platform and are retrieved by the generalized split-
window algorithm. The whole time series of the 8-day LST data layers for 2016 (about
48 data layers) are averaged per pixel. Daily RF data are derived from the Climate Hazards
Group InfraRed Precipitation with Station data (CHIRPS) at the University of California,
Santa Barbara (UCSB). The CHIRPS are RF estimates from satellite observations and rain
gauges [27] and are accessible through the GEE cloud platform. The CHIRPS incorporates
satellite imagery with in situ station data to create gridded rainfall time series. The total RF
at each pixel location is calculated by summing all the daily RF layers through the GEE.

Terrain, including elevation and slope, affects soil, hydrology, and agricultural pro-
ductivity. SRTM30 is the most complete 30 m resolution digital elevation model (DEM) of
the globe up to date, produced from the Shuttle Radar Topography Mission (SRTM) with
the C-band and X-band interferometric synthetic aperture radars (InSAR) on board [28].
It is provided by NASA/USGS/Jet Propulsion Laboratory and collected from the GEE
cloud platform. This data product has undergone a void-filling process using open-source
data including ASTER GDEM2, GMTED2010, and NED. Elevation and slope values are
extracted and calculated for each raster cell.

This study chose the GEE cloud platform to process these satellite data because
the huge amount of data involved poses time-consuming issues with downloading and
processing on desktop computers. For example, for the entire country of India, the 250 m
MODIS NDVI time-series data for one year involves around 1,267,074,144 pixels.

All the pixel values for NDVI, LST, RF, elevation, and slope are extracted for each
village polygon, and the average values are calculated for each of the five environmental
variables per village polygon (Figures 2 and 3).
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2.2.3. Child Malnutrition Indicators Data

Another dataset used in this study is the 2016 Indian Demographic and Health Survey
(DHS), with geographic locations of rural survey clusters that are equivalent to villages
in the Census of India. The DHS dataset includes a nationally representative sample of
children, and precision-weighted estimates of the child malnutrition indicators stunting,
underweight, and wasting are generated for 19,882 rural clusters using the same method
specified by Kim et al. [6] (Figure 4).
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2.2.4. Village-Level Spatial Analysis of Environmental Variables and Correlation Analysis

Spatial variations of environmental variables across all the villages can be identified
by the spatial variation patterns and by a statistical description for each of the village
groups [29]. Different village groups may have different environmental characteristics,
thus affecting environment-relevant SDG planning and implementation, which should be
considered in the corresponding decision-making processes.

Clustering analysis was conducted using k-means clustering, setting the number of
clusters as 10, based on testing analysis with Euclidean distance, and random seeds and
no spatial constraint. k-means clustering aims to partition the 605,652 villages, each with 5
environmental variables (vegetation index, land surface temperature, rainfall, elevation,
and slope), into 10 village groups, with each village assigned to the group with the nearest
mean. The k-means clustering method can minimize within-cluster variances using squared
Euclidean distances [30], with the villages within each group having more similarity for
the environmental conditions relative to other villages outside the specific group.

The child malnutrition indicators of stunting, underweight, and wasting estimated
from the DHS data are only available for 19,882 villages. Statistics for these indicators,
specifically the average indicator values, were calculated based on subsets of the available
indicator samples for each village group through spatial intersections.

3. Results
3.1. Environmental Characteristics of Village Groups

Figure 5 shows the spatial patterns of Indian villages based on the combined envi-
ronmental conditions regarding vegetation, climate, and terrain. The whole country has
605,652 villages, with the majority of villages in group 9 and group 10 located in the central
regions, group 1 located in the northern region, group 4 located in the southern region,
group 3 located in the eastern and southern regions, and group 7 located in the northern
and southern regions. Tables 1–10 show the statistical characteristics of each village group
for the five environmental variables, respectively. The village groups account for 20.74%
(Group 1), 4.04% (Group 2), 9.85% (Group 3), 9.49% (Group 4), 4.64% (Group 5), 6.09%
(Group 6), 13.70% (Group 7), 2.29% (Group 8), 15.35% (Group 9), and 13.81% (Group 10) of
the total number of villages in the country.
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Group 1 villages are characterized by NDVI value ranges between 0.52 and 0.97 with
an average of 0.80, LST value ranges between 0.00 ◦C and 35.26 ◦C with an average of
29.81 ◦C, annual total RF value ranges between 0.00 mm and 1566.25 mm with an average
of 1151.55 mm, elevation value ranges between 0.00 m and 932.34 m with an average of
127.92 m, and slope value ranges between 0.17 degrees and 10.64 degrees with an average
of 0.72 degrees (Table 1).

Table 1. Statistical characteristics of environmental variables in Village Group 1.

Total Number of Villages: 125,606 (20.74% of the Total Villages)

Min Max Mean Std Dev

NDVI 0.523056 0.976133 0.799311 0.041414

LST (◦C) 0.000000 35.259995 29.806765 1.387735

RF (mm) 0.000000 1566.247190 1151.551969 236.219450

Elevation (m) 0.000000 932.337288 127.924160 81.830367

Slope (degree) 0.174003 10.639114 0.725122 0.547874

Group 2 villages are characterized by NDVI value ranges between 0.02 and 0.97 with
an average of 0.83, LST value ranges between −6.09 ◦C and 30.84 ◦C with an average of
21.35 ◦C, annual total RF value ranges between 98.04 mm and 4118.89 mm with an average
of 1299.15 mm, elevation value ranges between 533.41 m and 5707.84 m with an average of
1729.28 m, and slope value ranges between 2.11 degrees and 43.03 degrees with an average
of 22.84 degrees (Table 2).

Table 2. Statistical characteristics of environmental variables in Village Group 2.

Total Number of Villages: 24,487 (4.04% of the Total Villages)

Min Max Mean Std Dev

NDVI 0.018723 0.969123 0.834752 0.101169

LST (◦C) −6.087433 30.836867 21.349769 3.700455

RF (mm) 98.04287 4118.888276 1299.147316 407.588644

Elevation (m) 533.408072 5707.835042 1729.277104 613.499489

Slope (degree) 2.110192 43.026175 22.844150 5.158610

Group 3 villages are characterized by NDVI value ranges between 0.29 and 0.99 with
an average of 0.81, LST value ranges between 0.00 ◦C and 36.66 ◦C with an average of
28.44 ◦C, annual total RF value ranges between 797.23 mm and 2608.98 mm with an average
of 1832.66 mm, elevation value ranges between 0.00 m and 848.79 m with an average of
67.45 m, and slope value ranges between 0.00 degrees and 11.48 degrees with an average of
0.98 degrees (Table 3).

Table 3. Statistical characteristics of environmental variables in Village Group 3.

Total Number of Villages: 59,640 (9.85% of the Total Villages)

Min Max Mean Std Dev

NDVI 0.293933 0.991800 0.806706 0.047967

LST (◦C) 0.000000 36.663428 28.440001 1.650479

RF (mm) 797.233636 2608.984608 1832.655345 226.825014

Elevation (m) 0.000000 848.792683 67.451846 94.647125

Slope (degree) 0.000000 11.479758 0.984767 1.052747
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Group 4 villages are characterized by NDVI value ranges between 0.42 and 0.75 with
an average of 0.61, LST value ranges between 20.47 ◦C and 44.36 ◦C with an average of
36.66 ◦C, annual total RF value ranges between 0.00 mm and 1823.07 mm with an average
of 650.12 mm, elevation value ranges between 0.76 m and 1778.38 m with an average of
433.27 m, and slope value ranges between 0.11 degrees and 20.61 degrees with an average
of 1.45 degrees (Table 4).

Table 4. Statistical characteristics of environmental variables in Village Group 4.

Total Number of Villages: 57,460 (9.49% of the Total Villages)

Min Max Mean Std Dev

NDVI 0.426382 0.758954 0.612778 0.056437

LST (◦C) 20.474048 44.363004 36.659448 2.292870

RF (mm) 0.000000 1823.074413 650.125899 216.674174

Elevation (m) 0.763254 1778.379032 433.272696 265.338206

Slope (degree) 0.112528 20.606211 1.454705 1.052747

Group 5 villages are characterized by NDVI value ranges between 0.29 and 0.99 with
an average of 0.82, LST value ranges between 0.00 ◦C and 37.25 ◦C with an average of
27.07 ◦C, annual total RF value ranges between 2062.85 mm and 4975.36 mm with an
average of 2988.49 mm, elevation value ranges between 0.01 m and 1735.62 m with an
average of 141.75 m, and slope value ranges between 0.00 degrees and 30.77 degrees with
an average of 3.31 degrees (Table 5).

Table 5. Statistical characteristics of environmental variables in Village Group 5.

Total Number of Villages: 28,070 (4.64% of the Total Villages)

Min Max Mean Std Dev

NDVI 0.290213 0.989100 0.819743 0.074932

LST (◦C) 0.000000 37.246549 27.074371 2.388734

RF (mm) 2062.848103 4975.36593 2988.492576 437.467212

Elevation (m) 0.013043 1735.623457 141.747258 206.672506

Slope (degree) 0.004442 30.769451 3.309415 3.883592

Group 6 villages are characterized by NDVI value ranges between 0.52 and 0.99 with
an average of 0.85, LST value ranges between 18.06 ◦C and 37.25 ◦C with an average of
26.41 ◦C, annual total RF value ranges between 393.01 mm and 4267.21 mm with an average
of 1613.39 mm, elevation value ranges between 69.71 m and 2003.09 m with an average of
836.06 m, and slope value ranges between 0.00 degrees and 30.65 degrees with an average
of 12.31 degrees (Table 6).

Table 6. Statistical characteristics of environmental variables in Village Group 6.

Total Number of Villages: 36,889 (6.09% of the Total Villages)

Min Max Mean Std Dev

NDVI 0.525511 0.993800 0.854617 0.047670

LST (◦C) 18.064768 37.248081 26.410655 3.099043

RF (mm) 393.013195 4267.210910 1613.386441 469.675848

Elevation (m) 69.714286 2003.092593 836.058964 347.582120

Slope (degree) 0.000000 30.647790 12.307522 5.271495
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Group 7 villages are characterized by NDVI value ranges between 0.29 and 0.76 with
an average of 0.68, LST value ranges between 0.00 ◦C and 38.16 ◦C with an average of
31.54 ◦C, annual total RF value ranges between 0.00 mm and 2911.00 mm with an average
of 1191.62 mm, elevation value ranges between 0.00 m and 1585.78 m with an average of
148.82 m, and slope value ranges between 0.00 degrees and 16.29 degrees with an average
of 0.99 degrees (Table 7).

Table 7. Statistical characteristics of environmental variables in Village Group 7.

Total Number of Villages: 82,952 (13.70% of the Total Villages)

Min Max Mean Std Dev

NDVI 0.294997 0.765602 0.677916 0.051785

LST (◦C) 0.000000 38.157872 31.545864 1.850205

RF (mm) 0.000000 2911.00578 1191.622396 287.46317

Elevation (m) 0.000000 1585.782051 148.820066 104.197068

Slope (degree) 0.000000 16.289429 0.995169 0.794141

Group 8 villages are characterized by NDVI value ranges between −0.10 and 0.51
with an average of 0.37, LST value ranges between 0.00 ◦C and 45.15 ◦C with an average of
36.63 ◦C, annual total RF value ranges between 0.00 mm and 3423.64 mm with an average
of 654.81 mm, elevation value ranges between 0.00 m and 1831.09 m with an average of
202.76 m, and slope value ranges between 0.00 degrees and 29.11 degrees with an average
of 1.23 degrees (Table 8).

Table 8. Statistical characteristics of environmental variables in Village Group 8.

Total Number of Villages: 13,893 (2.29% of the Total Villages)

Min Max Mean Std Dev

NDVI −0.097660 0.512393 0.372168 0.113446

LST (◦C) 0.000000 45.146619 36.627367 4.439418

RF (mm) 0.000000 3423.642334 654.810119 538.491456

Elevation (m) 0.000000 1831.093333 202.763915 169.987659

Slope (degree) 0.000000 29.112459 1.232729 1.191413

Group 9 villages are characterized by NDVI value ranges between 0.60 and 0.98 with
an average of 0.79, LST value ranges between 24.10 ◦C and 39.49 ◦C with an average of
32.33 ◦C, annual total RF value ranges between 550.91 mm and 2570.69 mm with an average
of 1504.18 mm, elevation value ranges between 3.80 m and 1157.98 m with an average of
352.06 m, and slope value ranges between 0.27 degrees and 15.95 degrees with an average
of 2.63 degrees (Table 9).

Table 9. Statistical characteristics of environmental variables in Village Group 9.

Total Number of Villages: 92,989 (15.35% of the Total Villages)

Min Max Mean Std Dev

NDVI 0.603046 0.982400 0.789682 0.042110

LST (◦C) 24.104033 39.491228 32.332864 1.645638

RF (mm) 550.917437 2570.689291 1504.179448 181.292221

Elevation (m) 3.805556 1157.978261 352.063712 182.009354

Slope (degree) 0.272963 15.950597 2.634149 2.314364
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Group 10 villages are characterized by NDVI value ranges between 0.58 and 0.92 with
an average of 0.75, LST value ranges between 30.22 ◦C and 43.07 ◦C with an average of
36.71 ◦C, annual total RF value ranges between 185.72 mm and 2233.93 mm with an average
of 1119.78 mm, elevation value ranges between 3.66 m and 1135.93 m with an average of
402.32 m, and slope value ranges between 0.28 degrees and 16.42 degrees with an average
of 1.69 degrees (Table 10).

Table 10. Statistical characteristics of environmental variables in Village Group 10.

Total Number of Villages: 83,666 (13.81% of the Total Villages)

Min Max Mean Std Dev

NDVI 0.581271 0.920140 0.748688 0.043622

LST (◦C) 30.216472 43.075454 36.714266 1.707098

RF (mm) 185.716055 2233.749707 1119.779193 263.945674

Elevation (m) 3.660194 1135.929412 402.325718 169.629362

Slope (degree) 0.284341 16.419946 1.692478 1.708024

The minimum values of zero for some variables in the tables are caused by a few
villages without valid satellite data, but the impacts can be neglectable based on our
analysis of the histograms. Figures 6–10 show the comparisons of environmental variables
for all 10 village groups. Villages in groups 1, 2, 3, 5, 6, 9, and 10 all have high vegetation
coverage, villages in groups 4 and 7 have moderate vegetation coverage, and villages in
group 8 have lower vegetation coverage, with small within-group variations. All villages
except those in group 2 have a higher land surface temperature, and all villages except
those in groups 4 and 8 receive higher rainfalls. Villages in groups 2, 4, 5, 6, 7, and 8 are
located in higher altitudes areas, with villages in groups 2, 5, 6, and 8 having steeper terrain.
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3.2. Relationship between Environmental Variables and Child Malnutrition Indicators

Statistics for stunting, underweight, and wasting are calculated for each of the village
groups identified through spatial analysis above, and the average values for all three child
malnutrition indicators and the corresponding five environmental variables are shown in
Table 11.
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Based on statistical data from Table 11, a correlation analysis was performed between
stunting, underweight, and wasting and the five environmental variables, and the corre-
lation coefficients are shown in Table 12. It reveals that child stunting, underweight, and
wasting all are negatively correlated to the vegetation index (NDVI), rainfall (RF), eleva-
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tion, and slope, while positively correlated to land surface temperature (LST). In addition,
while child stunting, underweight, and wasting are all correlated to all five environmental
variables, stunting and underweight are more correlated to slope, elevation, and land
surface temperature than rainfall and the vegetation index, and wasting is more correlated
to land surface temperature and slope than the vegetation index, rainfall, and elevation.
Further, the vegetation index, land surface temperature, and rainfall all are more correlated
to wasting than underweight and stunting, while elevation and slope are more correlated
to stunting and underweight than wasting.
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Table 11. Average child malnutrition indicators and corresponding environmental variables for each
of the village groups.

Village Group Stunting Underweight Wasting NDVI LST (◦C) RF (mm) Elevation (m) Slope (Degree)

1 0.398881 0.353451 0.182296 0.799311 29.806765 1151.552 127.9242 0.725122

2 0.293009 0.187949 0.150776 0.834752 21.349769 1299.147 1729.277 22.84415

3 0.352991 0.302525 0.164817 0.806706 28.440001 1832.655 67.45185 0.984767

4 0.33872 0.323085 0.214957 0.612778 36.659448 650.1259 433.2727 1.454705

5 0.315596 0.257765 0.166701 0.819743 27.074371 2988.493 141.7473 3.309415

6 0.304796 0.200943 0.133126 0.854617 26.410655 1613.386 836.059 12.307522

7 0.411925 0.378334 0.201886 0.677916 31.545864 1191.622 148.8201 0.995169

8 0.365357 0.351129 0.223573 0.372168 36.627367 654.8101 202.7639 1.232729

9 0.389933 0.412733 0.257748 0.789682 32.332864 1504.179 352.0637 2.634149

10 0.399118 0.410026 0.252229 0.748688 36.714266 1119.779 402.3257 1.692478

Table 12. Correlation between child malnutrition indicators and environmental variables.

Stunting Underweight Wasting NDVI LST (◦C) RF (mm) Elevation (m) Slope (Degree)

Stunting 1

Underweight 0.934444063 1

Wasting 0.706142180 0.895842114 1

NDVI −0.269744102 −0.382935060 −0.46849 1

LST (◦C) 0.627089279 0.792691579 0.822567 −0.7008451 1

RF (mm) −0.365031717 −0.370347674 −0.43193 0.608719 −0.551128 1

Elevation (m) −0.639507126 −0.654425393 −0.38703 0.3034617 −0.586226 −0.11738 1

Slope (degree) −0.725057292 −0.782828143 −0.56844 0.3987414 −0.752991 0.07738 0.966059 1
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4. Discussion

We have demonstrated a process to effectively derive environmental variables at the
village level from satellite big datasets on a cloud platform for SDG research and applica-
tions. Spatial analysis of the environmental variables regarding vegetation, climate, and
terrain have shown spatial grouping patterns across the entire study area, with each village
group having different statistics. Correlation analysis between environmental variables and
child stunting, underweight, and wasting show a meaningful relationship between these
indicators and the vegetation index, land surface temperature, rainfall, elevation, and slope.
The negative correlations between all three indicators and the vegetation index, rainfall,
elevation, and slope, and the positive correlation between these indicators and land sur-
face temperature are all reasonable because low vegetation index values indicate reduced
vegetation productivity or stressed vegetation growth, low rainfall relates to reduced vege-
tation productivity, areas with low elevation and slope are more likely impacted by natural
disasters such as floods, and all of these lead to less nutrition available to children and
therefore higher child stunting, underweight, and wasting values. The positive correlation
between stunting, underweight, and wasting with land surface temperature may be due to
high temperatures potentially causing drought, thus leading to less available nutrition, and
elevating these indicator values.

Identifying spatial variation patterns of environmental variables at the village level and
their correlation with child malnutrition indicators can be an invaluable tool to facilitate a
clearer understanding of the causes of child malnutrition and to improve area-specific SDG
3 implementation planning. For example, constrained by the environmental conditions of
villages in a specific region, governments might choose to focus on other socioeconomic
variables, such as improving nutrition policy for these villages. This analysis can also
provide meaningful support in assessing and monitoring public health–related SDG imple-
mentation progress by spatially predicting such SDG indicators for the villages without
indicator values estimated from surveys through incorporating environmental variables
into socioeconomic independent variables.

There are many other environmental factors affecting public health–related SDGs that
are not included in this study, such as air quality, water quality, and soil characteristics,
which should be considered in further studies. In addition, the spatial grouping of villages
should be updated when environmental variables change, especially for vegetation and
climate related variables, as they are prone to change over time. This paper is just the
first study to showcase the spatial variations of typical environmental variables related to
public health SDGs at the village level and the relationships between these variables and
the specific SDG 3 relevant indicators. The methodology has the potential to be applied to
other similar regions, especially low-to-middle income countries where a high number of
children are severely affected by malnutrition, as well as to other environmentally related
SDGs, such as Goal 1 (No Poverty) and Goal 2 (Zero Hunger).
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