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l. Introduction

The Global Gridded Relative Deprivation Index (GRDI), Version 1 (GRDIv1) characterizes the
levels of multidimensional deprivation and poverty for each 30 arc-second (~1 km) pixel in a
raster image, where a value of 100 represents the highest level of deprivation and a value of 0 the
lowest. GRDIv1 defines areas of relative deprivation using non-traditional inputs at a higher
resolution than previously possible, and for the entire world. GRDIv1 defines areas of relative
deprivation using relatively high-resolution data inputs for the entire world. The input data
represent six dimensions of deprivation—child dependency ratios, infant mortality rates, a
subnational human development index, building footprints per square kilometer, and nighttime
lights (both current and recent changes). The resulting index value characterizes relative
multidimensional deprivation across national and subnational boundaries. The GRDIv1 utilized
the spatial indexing method Vulnerability Hotspot Mapping approach developed by CIESIN
(CIESIN, 2015), where harmonized gridded data representing different facets of vulnerability are
normalized into indicators and then combined into a final index. Similarly, the input components
of GRDIv1 were converted into individual indicators on a 0-100 score, then aggregated and
combined into the final index.

The first Sustainable Development Goal (SDG) in the United Nations (UN) 2030 Agenda seeks
to end poverty of all forms everywhere by reaching the poorest of the poor, and to ensure
progress for all population groups (the Leave No One Behind agenda). The aim is to achieve this
globally at the highest disaggregated levels, including across geographic and governmental
boundaries (UNDP, 2018; UNGA, 2015). Individual economic dimensions of income and wealth
have traditionally measured poverty. For example, the World Bank defined the global extreme-
poverty line as $1.90 USD income or below per day, which is based on the national poverty lines
of the world’s 15 poorest countries (World Bank, 2020). However, these indicators do not
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entirely consider other non-financial forms of poverty that may be of equal importance. The
concept of multidimensional poverty encompasses a more holistic view because it attempts to
account for the lived experiences of people and the multiple deprivations they face in their daily
lives beyond their incomes (OPHI, 2015a, 2015b; UNDP, 2020). UNDP and OPHI (2020)
estimate that in 2018, 1.3 billion people, or 22% of the world’s population, lived in
multidimensional poverty, with half being under the age of 18.

GRDIv1 has six input components, or dimensions, that are combined to determine the degree of
relative deprivation. First, the Child Dependency Ratio (CDR) is defined as the ratio between the
populations of children (ages 0 to 14) to the working-age population (age 15 to 64) where a
higher ratio implies a higher dependency on the working population (UN DESA, 2006). CDR is
interpreted as a dimension where higher dependency ratios, generally associated with younger
age structures, imply higher relative deprivation. Second, Infant Mortality Rates (IMR), defined
as the number of deaths in children under 1 year of age per 1,000 live births in the same year, are
a common indicator of population health (Reidpath and Allotey, 2003; Schell et al., 2007).
Higher IMRs imply higher deprivation. Third, the Subnational Human Development Index
(SHDI) attempts to assess human well-being through a combination of “three dimensions:
Education, health, and standard of living® (Smits and Permanyer, 2019)”. Lower SHDIs imply
higher deprivation. Fourth, global rural populations are more likely to experience a higher degree
of multidimensional poverty when compared to urban populations, other things being equal
(Castafieda et al., 2018; Laborde Debucquet and Martin, 2018; Lee and Kind, 2021; UN DESA,
2021; UNDP and OPHI, 2020). Therefore, the ratio of built-up area to non-built up area (BUILT)
is considered as a dimension where low values imply higher deprivation. The final two
dimensions relate to the intensity of nighttime lights, which is closely associated with
anthropogenic activities, economic output, and infrastructure development (Elvidge et al., 2007;
Ghosh et al., 2013; Lu et al., 2021; Small et al., 2013). For the fifth component, the average
intensity of nighttime lights for the year 2020 (Visible Infrared Imaging Radiometer Suite
[VIIRS] Night Lights (VNL) 2020) is interpreted as a dimension where lower values imply
higher deprivation. For the sixth component, the slope of a linear regression was calculated from
annual VNL data between 2012 and 2020 (VNL slope) where higher values (increasing
brightness) imply decreasing deprivation and lower values (decreasing brightness) imply
increasing deprivation.

II. Dataand Methodology
Input data

GRDIv1 used nine input data sets to create the six components described above, along with one
ancillary data set for alignment and resolution (Table 1). This latter data set, Gridded Population
of the World, Version 4 (GPWv4): National Identifier Grid, Revision 11 (NIDv4.11) (CIESIN,
2018) provided the country ID and the spatial reference for geoprocessing tools, as well as
Environment settings, including cell size, output coordinates (WGS84), snap raster, and extent.

! standard of living is defined in the International Wealth Index (IW1) as an indicator of long-term socioeconomic
position used to measure household wealth in Gross National Income (GNI) per capita (PPP, 2011 US$), and it is based
on asset ownership, housing quality and access to public service (Smits and Steendijk, 2015).
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Table 1: Information for input data sets: source, timeframe provided, frequency at which each input data

observation was provided, format of the data set, and resolution.

Data Set Data Source Time Frame Format Resolution
Gridded Population of the World, Version 4 CIESIN, Columbia University 2010 Raster 30 arc-second
(GPWv4): National Identifier Grid, Revision 11 (~1 km)
(NIDv4.11)
Gridded Population of the World, Version 4 CIESIN, Columbia University 2010 Shapefile | Best-available
(GPWv4): Basic Demographic Characteristics, Admin unit
Revision 11 (BDCv4.11)
Global Subnational Infant Mortality Rates, CIESIN, Columbia University 2015 Raster 30 arc-second
Version 2.01 (IMRv2.01) (~1 km)
High-Resolution Settlement Layer (HRSL) Facebook Connectivity Lab and | 2015 Shapefile | 30 meters
CIESIN, Columbia University (~1 km)
CanadianBuildingFootprints, Version 1.1 (MS) Microsoft 2019 Shapefile | N/ A2
Gridded maps of building patterns throughout Dooley et al., 2021. Ecopia 2020 Raster 3 arc-second
sub-Saharan Africa, Version 2.0 (ECOP) (~100 m)
OpenStreetMap (OSM) Geofabrik, 2018 Accessed 20211 | Shapefile | N/ A2
Subnational Human Development Index (SHDI), | Global Data Lab 2018 Shapefile | Sub-national
Version 4.0 regions
Gridded global data sets for Gross Domestic Kummu, M. et al., 2020. 1990 - 2015 netCDF 5 arc-minute
Product (GDP) and Human Development Index (~9.3 km)
(HDI) over 1990-2015, Version 2.0
Annual Visible Infrared Imaging Radiometer Elvidge et al., 2021. 2012 - 2020 Raster 15 arc-second

Suite [VIIRS] Nighttime Lights (VNL),
Version 2.0

Earth Observatory Group (EOG)

(~500 m)

1 OSM data are updated regularly; as a result, no temporal frame was given.
2 Developed using satellite imagery and drawing polygon vectors that have no resolution.

The input data were harmonized into the six components using Esri ArcGIS geoprocessing and R
(R Studio) tools, and eventually aggregated them into the final GRDIv1 data set. Individual

inputs were as follows:

Component 1: The Child Dependency Ratio component (CDR) was calculated using data from
the Gridded Population of the World, Version 4 (GPWv4): Basic Demographic Characteristics,
Revision 11 (BDCv4.11) (2010) (CIESIN, 2018a). The BDCv4.11 is a gridded data set that was
developed using shapefiles at the highest-level administrative units available for each country,
which included Broad Age Group data for ages 0-14 (both sexes) and ages 15-64 (both sexes)
used to calculate CDR. The CDR is calculated at the level of administrative (or census) units,
and the result is applied to all grid cells within those units.

Component 2: Gridded Infant Mortality Rates (IMR) data came from the Global Subnational
Infant Mortality Rates, Version 2.01 (IMRv2.01) (2015) downloaded from SEDAC (CIESIN,
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2021). As with BDCv4.11, the underlying vital statistics reporting units vary in size, but are
generally at a lower spatial resolution than BDCv4.11. Further information can be found in the
data set documentation.

Component 3: The Subnational Human Development Index (SHDI), Version 4.0 shapefile from
the Global Data Lab Subnational Human Development Index (Global Data Lab, 2020) was used.
SHDIv4.0 provides data for 162 countries, or 1,779 sub-national regions. Please refer to the
SHDI documentation for a list of countries and regions.

The Gridded global data sets for Gross Domestic Product (GDP) and Human Development Index
over 1990-2015, Version 2.0 (HDIv2) were used to gap-fill grid cells that were missing SHDI
data. Specifically, the “‘HDI_1990 2015 v2.nc’, February 13, 2020 release file (Kummu et al.,
2018, 2020).

Component 4: The ratio of built-up area to non-built up area (BUILT) component was derived
from three data sets, depending on the region. The primary input was the High-Resolution
Settlement Layer (HRSL) (Facebook Connectivity Lab and CIESIN, 2016). The HRSL layer
provided shapefile polygons for 140 countries that represent the areas that have been settled at a
30 m resolution. For more information on which countries are available, please refer to the
HRSL documentation (Facebook Connectivity Lab and CIESIN, 2016). The gap-filled countries
and regions with ancillary data are listed below (Appendix 3).

Canada’s building footprints were acquired from Microsoft’s CanadianBuildingFootprints
Version 1.1 (MS), June 13, 2019 release (Microsoft, 2019). Microsoft provided GeoJSON
features that represent building footprints.

Building footprints for Ethiopia, Somalia, Sudan, Zambia, and Zimbabwe were collected from
Gridded maps of building patterns throughout sub-Saharan Africa, Version 2.0 (ECOP) (Dooley
et al., 2021) available from WorldPop,
https://data.worldpop.org/repo/wopr/_MULT/buildings/v2.0/. WorldPop provided 100 m
resolution rasters for each country. The rasters used were the

XXX _buildings_v1 1 total area.tif, where XXX is a particular country. These rasters contain a
grid-cell-level “sum of the building areas for all buildings whose centroid falls inside a grid cell
in m?”. Note: Total building area could exceed the area of a grid cell if the centroid of a large
building falls within the grid cell (Dooley et al., 2021).”

Finally, Building footprints were downloaded from Geofabrik’s OpenStreetMap (OSM) project
(Geofabrik, 2018), which provided polygons that represent building footprints for the following
countries/regions: Afghanistan, American Oceania, Australia, Azerbaijan, Brazil, China, Cuba,
Cyprus, Dominican Republic, Greenland, Hungary, Iran, Kosovo, Libya, Montenegro, Morocco,
Myanmar, North Korea, Norway (Svalbard), Poland, Russia, Serbia, Slovakia, Syria, Ukraine,
U.S. (Alaska), Venezuela, and Yemen.

Components 5 and 6: The Visible Infrared Imaging Radiometer Suite [VIIRS] Nighttime

Lights, Version 2.0 (VNLv2) data from the Earth Observatory Group (EOG) at the Payne
Institute (Elvidge et al., 2021), in particular, the “average_masked” rasters—with background,
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biomass burning, and aurora zeroed out— from 2012 to 2020 were downloaded. EOG provided
two options for the 2012 VLN due to data availability, April 2012 — December 2012 or April
2012 - March 2013, of which the latter was selected.

Methods

A global Fishnet feature class was created in Esri ArcGIS Pro using the NIDv4.11 raster as a
reference for grid cell size, output coordinates (WGS84), snap raster, and extent. Each grid cell
in the Fishnet was assigned a unique 1D, referred to as ‘gridcode’. A python multiprocessing
script was used to divide the Fishnet into 10-degree-tiled Fishnet rasters. The type of input data
provided determined the processing method in order to spatially harmonize the data (Figure 1).

Figure 1: Workflow process of GRDIv1 from top to bottom. Rasters (blue) and shapefiles (red) at the top of this
figure were processed with specific geoprocessing tools (yellow) according to the type of input data provided. The
resulting input components (green) were aggregated to create the GRDIv1 product. Note: Processing tools that used
the tiled rasters are denoted with a dagger (), and the processing tools that used the tiled Fishnet feature classes are
denoted with an asterisk (*); all processing tools used NIDv4.11 for grid cell size and spatial reference.

CDR
The CDRs were calculated using Equation 1 (UN DESA, 2006) in tandem with the broad age
groups from the BDCv4.11 rasters,

CDR = <Population_0-14_Raster > / <Population_15-64 Raster> (1)

where the dependent population of ages 0-14, is divided by the working-age population of ages
15-64. The CDR was calculated by creating a new data field in each shapefile and using the
Calculate Field and Equation 1. For instances where the CDR could not be calculated due to zero
values, it was determined that, independently of other conditions, that if there are zero children
recorded or if the total population is zero, then the CDR was set to 0. The Polygon to Raster tool
converted each shapefile to a 100m-resolution raster. The grid cell size was set to 8.3333¢*, and
the NIDv4.11 raster was set as the coordinate system and snapping environments. The Mosaic to
New Raster combined all of the country/region CDR rasters using Mean as the Mosaic Operator

6

Documentation last revised November 16, 2022.


https://www.zotero.org/google-docs/?dscFQZ

NASA Socioeconomic Data and Applications Center (SEDAC)
Documentation for the Global Gridded Relative Deprivation Index (GRDI), v1 (2010-2020)

that determines the value of overlapping areas. The CDR raster was exported as Comma
Separated Values (CSV) files using the Zonal Statistics as Table tool with the tiled Fishnet
rasters as the zone field in order to harmonize the CDR with the other GRDIv1 inputs.

IMR

The IMR raster was aligned to the Fishnet using the Resample tool in ArcGIS Pro with a Nearest
Neighbor method; the NIDv4.11 raster provided the grid cell size and spatial reference. The
Zonal Statistics as Table tool was used with the NIDv4.11 raster as the summary area so that
each grid cell was given a gridcode and an IMR value in CSV format.

SHDI

The SHDI shapefile was converted to a raster using the Polygon to Raster tool in ArcGIS Pro
with a “Maximum area” grid cell assignment type. The Zonal Statistics as Table tool was used to
export the SHDI values and the corresponding gridcode in CSV format. Again, the NIDv4.11
raster was used as a reference for grid cell size, output coordinates, and snap.

The HDIv2 NetCDF file was converted to a raster using the Make NetCDF Raster Layer tool.
The resulting raster was aligned and its resolution increased using the Resample tool with the
NIDv4.11 raster as a reference for grid cell size, output coordinates, and snap. The Zonal
Statistics tool was used as described in the SHDI section above.

The CSVs were imported into R as Data Frames. We performed a full_join of the two input data
sets using the gridcode as the joining variable and created a new dataframe. A new Data Frame
column coalesced the data sets where the row was first populated by SHDI, then, if null, by
HDIv2. The results were exported in CSV format.

BUILT

The input HSRL polygons were combined with the Fishnet using the Intersect Analysis tool,
splitting the HRSL polygons that crossed the Fishnet polygons. The Add Geometry Attributes
tool was used to calculate the areas, in km?, for each HRSL polygon. A data dictionary was
generated where each polygon was represented as a row with the overlapping gridcode and the
area of the polygon. The SearchCursor tool was used to iterate through the dictionary to sum up
the areas that had identical gridcodes. The total HRSL areas and corresponding gridcode of the
dictionary were exported as CSV files.

The MS GeoJSON features were converted to feature classes using the JSON To Features
(Conversion) tool. The Pairwise Dissolve tool was used to remove any overlap from the
polygons. The Summarize Within tool was used to summarize the areas of the polygons, in km?,
that fell within each gridcode cell of the Fishnet. This process generated tiled feature classes. The
Merge tool was used to combine the tiles into a single gridded feature class. A CSV file was
exported from the resulting MS feature class.

The Mosaic To New Raster tool in ArcGIS Pro was used to join the ECOP rasters into one with a
“Maximum” mosaic operator that chooses the maximum value if multiple values overlap. To
keep the integrity of the counts and area of ECOP while aligning with the NIDv4.11 raster, the
Aggregate tool was used on the raster using a grid cell factor of 10 and a “SUM” Aggregation
technique; the raster extent was allowed to expand if needed, and the No Data values were
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ignored; the NIDv4.11 raster was used as the snap raster. The Raster Calculator tool was then
used to convert the m? values to km? using Equation 2:

2 _ 2 L0e”®km?
xkm® = xm® . ——— 2

where x is the value of the corresponding pixel. The Zonal Statistics as Table tool produced a
CSV file with the aggregated ECOP value and corresponding gridcode of the Fishnet.

The OSM shapefiles were provided by region, which sometimes had overlaps of buildings; as a
result, the shapefiles were merged into one feature class using the Merge tool. The Pairwise
Dissolve tool was then used to create a single feature class without overlap. The Summarize
Within tool was used to summarize the areas of the polygons, in km?, that fell within each fishnet
cell. This process generated tiled feature classes. The Merge tool was used to combine the tiles
into a single gridded OSM feature class. The Table to Table tool was used to export a CSV file
from the resulting OSM feature class.

The CSVs of HRSL, ECOP, MS, and OSM were merged to make the BUILT component. R was
used to perform a full_join of the four input data sets using the gridcode as the joining variable
and created a new dataframe. A new column coalesced the four data sets where the row was first
populated by HRSL, then, if null, by ECOP, then, if null, by MS, and then, if still null, by OSM.
The rows that had No Data in the BUILT column were dropped using drop_na() in R. A
complete BUILT.CSV file was exported.

VNL 2020

The VNLv2 2012-2020 annual rasters were resampled to a 30 arc-second resolution using a
bilinear method in the ArcGIS Pro Resample tool, which averages (weighted for distance) the
values of the nearest four pixels; the NIDv4.11 raster was used as a reference for grid cell size,
output coordinates, snap raster, and extent. VNL data carries some negative values for calibration
purposes and for time series comparisons, so it is sometimes recommended to set a bottom limit
(Chen and Nordhaus, 2015; Elvidge et al., 2021); thus, VNL values that were < 0.01 were set to
0. The resampled VVNL rasters from 2012-2020 were exported as CSV files by using the Zonal
Statistics as Table tool and setting the gridcode raster as the zone field. VNL 2020 was used as a
GRDI input.

VNL Slope

The VNL 2012-2020 data in CSV format was used to calculate the VNL Slope for each Fishnet
grid cell using a linear regression function created by the Im() function in R, which returns a
summary object with statistical information of the function, including the slope for each grid cell
(Equation 3),

Im_Summary <- Im(y ~ x) 3)

VNL_slope <- Im_Summary$coefficients[2]
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where Im_Summary is the object generated by the Im() function, y is a list of the dependent
variables, in this case the VNL values, X is a list of the independent variable, in this case the
corresponding year of the VNL value, VNL_slope is the resulting slope value, and 2 is the
position of the slope value in the summary object. The output CSV contained the slope value of
the linear regression and the gridcode for each Fishnet grid cell.

Creation of the GRDI Index from the Six Components

The resulting components of GRDIV1I—BUILT, CDR, IMR, SHDI, VNL 2020, and VNL slope
were bounded—by importing the CSV files into R and performing a full_join, which matched
each row in all of the CSVs by the gridcode. The values were rounded to the 6th decimal number
to limit data artifacts of the floating-point format used. The data frame was tiled and exported
into CSVs according to the Fishnet tile number. A Python script joined the tiled CSVs to the
corresponding tiled Fishnet features by matching the gridcode. The grid cells in the resulting
tiled Fishnet features that had No Data in the BUILT field were removed. The tiled Fishnet
features were merged into a single feature class.

No Data values in all input components, except BUILT, were filled using the Fill Missing Values
tool in ArcGIS Pro, using the 8-neighbors "Average” Fill method and using the gridcode as the
unique ID. This tool outputs a separate ‘FILLED’ feature, which was joined to the GRDIv1
Fishnet using the gridcode as the joining field; the missing values for each component’s field
were selected and replaced by the ‘FILLED’ values using the Select Features and Raster
Calculator tools, respectively. A raster that counts the number of components that were filled
using this process per grid cell is available for download. Once the missing values were filled, a
raster for each of the six input components was generated.

An indexing method was applied according to the Vulnerability Hotspot Mapping method
developed by CIESIN as the following: The SearchCursor tool was used to create a list of all
values for each component. The numpy.quantile python function was used to determine the 5%
and 95% quantiles for each component. The UpdateCursor tool was used to iterate through the
Fishnet and update the values if they are below or above the quantiles, accordingly. The
winsorized input components were then indexed from 0-100 according to how the input is
interpreted, i.e. a low value in BUILT and a high value in CDR both imply high deprivation.
Each component had a weight applied according to the original data set resolution where a
coarser resolution was assigned a lower weight (Table 2).

Table 2: The resulting components of GRDIv1, how they are interpreted in the first indexing process, and the
subsequent weight that was applied once the components are aggregated.

Data BUILT | CDR | IMR SHDI | VNL 2020 | VNL Slope
Values that imply high vulnerability | Low High | High Low | Low Low
Weight 0.2 0.2 0.1 0.1 0.2 0.2

Once the weights were applied, the weighted indices of all input components were summed for
each Fishnet grid cell, divided by six (the number of components) and exported as a raster, which
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again was indexed from 0-100 into the final GRDIv1 raster using the Raster Calculator, where
100 represents the highest deprivation level and 0 the lowest (Figure 2).

Figure 2: A projection of the Global Gridded Relative Deprivation Index (GRDI), Version 1. The GRDIv1 data set
provides a global index value that seeks to characterize the levels of multidimensional deprivation and wellbeing in
each pixel, where a value of 100 represents the highest level of deprivation and a value of 0 the lowest. All insets are
indexed dynamically to show the local relativity of GRDIV1.

1. Data Set Description(s)

The GRDIv1 raster data set represents the degree of relative deprivation at a 30 arc-second (~1
km) spatial resolution. The 32-bit floating point values range from 0.00 to 100.00, with 0
representing the lowest deprivation level and 100 representing the highest. The areas with No
Data values are a result of there not being any building footprints present in the original input
data.

Data set web page:
SEDAC URL: https://sedac.ciesin.columbia.edu/data/set/povmap-grdi-v1
Permanent URL: https://doi.org/10.7927/xwf1-k532
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Data set format:

The data are available in GeoTIFF format at ~1 km resolution. The downloadables are
compressed zip files containing: 1) GeoTIFFs, 2) Readme.TXT file, and 3) PDF Documentation.
The GRDIv1 GeoTIFFs are:

povmap-grdi-v1.tif - Global Gridded Relative Deprivation Index (GRDI), Version 1

povmap-grdi-vl_BUILT.tif - BUILT Component, indexed 0 to 100

povmap-grdi-vl_CDR:.tif - Child Dependency Ratio (CDR) Component, indexed 0 to 100

povmap-grdi-vl_IMR:.tif - Infant Mortality Rates (IMR) Component, indexed 0 to 100

povmap-grdi-vl_SHDL.tif - Subnational Human Development Index (SHDI) Component,

indexed 0 to 100

e povmap-grdi-vl_VNL-2020.tif - VIIRS Nighttime Lights (VNL) 2020 Component,
indexed 0 to 100

e povmap-grdi-vl_VNL-slope.tif - VIIRS Nighttime Lights (VNL) Slope Component,
indexed 0 to 100

e povmap-grdi-vl_FilledMissingValues-Count.tif - Raster showing count of components

that were filled-in per grid cell using the Fill Missing Values tool

Data set downloads:

e povmap-grdi-v1-geotiff.zip - contains all GeoTIFFs listed above
povmap-grdi-v1-grdivl-geotiff.zip - contains the final GRDIv1 GeoTIFF only
povmap-grdi-v1-built-geotiff.zip - contains the GRDIv1 BUILT GeoTIFF only
povmap-grdi-v1-cdr-geotiff.zip - contains the GRDIv1l CDR GeoTIFF only
povmap-grdi-v1-imr-geotiff.zip - contains the GRDIv1 IMR GeoTIFF only
povmap-grdi-v1-shdi-geotiff.zip - contains the GRDIv1 SHDI GeoTIFF only.
povmap-grdi-v1-vnl-2020-geotiff.zip - contains the GRDIv1l VNL_2020 GeoTIFF
only
e povmap-grdi-v1-vnl-slope-geotiff.zip - contains the GRDIv1 VNL_slope GeoTIFF

only
e povmap-grdi-v1-filledmissingvalues-count-geotiff.zip - contains the GRDIv1

FilledMissingValues-Count GeoTIFF only

IVV. How to Use the Data

The raster data in GeoTIFF format can be used directly in mapping and geospatial analysis in
tandem with other spatial data sets.

V. Potential Use Cases

The GRDIv1 data is of use to Earth scientists, demographers, policy makers, government
planners and leaders, NGOs (including humanitarian and development actors), climate
adaptation planners, emergency responders, and the general public. GRDIv1 has several potential
uses that focus on identifying relative poverty and deprivation at a higher resolution, and with
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more inputs, than the current multidimensional poverty data sets available. One use case is the
integration with Earth observation data, including hazards and climate impacts data, to identify
hotspots of vulnerability and risk. This data set is of use to humanitarian organizations in order to
target resources locally in the aftermath of disasters. The GRDIv1 has a number of development-
related applications, including pursuit of the 2030 Agenda on Sustainable Development. Data
from SEDAC incorporates open map services for use in its own and third party online mapping
tools.

VI. Limitations

GRDIv1 uses the latest available releases of a wide range of input data sets from a variety of
sources. These input data are developed using varying methods and spatiotemporal resolutions.
As aresult, GRDIV1 is an index that represents relative levels of deprivation, rather than absolute
levels of deprivation. Furthermore, owing to the use of built-up areas and nighttime lights, the
GRDIv1 may not fully capture intra-urban differentials in deprivation.

GRDIv1 data is available in 228 countries or regions. Building footprints for twenty-two
countries and regions identified by NIDv4.11 were not available within the data sources used;
therefore, they are omitted from GRDIv1 (Appendix 4).

The BUILT layer is a composition of three different data sets with unique definitions of the
building footprint (please see above for each definition). Where data are gap-filled from
sources other than the High Resolution Settlement Layer (Appendix 3), the definitions of
"built up areas” applied in each source (described on page 5) will affect relative deprivation
layers since the assumption is that more built up areas are less deprived. Furthermore, the
relationship between built up area and deprivation is debatable in different contexts. For
example, as noted above, intra-urban poverty is heterogeneous, so rapid and unplanned
urbanization may increase the urban population that lives with high degrees of deprivation
and poverty, particularly in developing countries (Cardona et al., 2012; Ravallion et al.,
2007; Rignall and Atia, 2017). This suggests that certain kinds of built up areas (e.qg.,
informal settlements) may have high degrees of relative deprivation compared to others
(e.g., more formal settlements and central business districts). In the developed world, on
the other hand, the correlation between living in urban built up areas and wellbeing is not
so straightforward, as can be seen in the economic contrasts between wealthy suburbs and
inner-city neighborhoods with high poverty rates. Therefore, while at a global level, the
relationship between built up areas and relative deprivation may be inversely linear, in
certain contexts the relationship may break down.

Some of the processing tools used in GRDIv1 generated No Data values. For example, VNL
Slope results as No Data if all of the input data points were 0, thus, the VNL Slope in these cases
was assumed to be 0. Calculating CDR with zero value inputs returned an error and were
considered as No Data. IMR assigned some grid cells a water value despite BUILT identifying a
building in that location, thus, were considered as No Data. The SHDI polygon did not overlay
some of the grid cells, particularly along the coasts and were recorded as No Data. Any missing
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data points were filled using ancillary data mentioned in the documentation above, and if still
null, filled in using an average of the nearest eight spatial neighbors.

VIIl. Acknowledgments

These data were produced with funding from SEDAC. The production of this product was led by
Juan F. Martinez with support from Susana Adamo, Carolynne Hultquist, Kytt MacManus, Alex
de Sherbinin, Cascade Tuholske, and Greg Yetman.

Funding for development and dissemination of this data set was provided under the U.S.
National Aeronautics and Space Administration (NASA) contract 80GSFC18C0111 for the
continued operation of the Socioeconomic Data and Applications Center (SEDAC), which is
operated by the Center for International Earth Science Information Network (CIESIN) of
Columbia University.

VI1II. Disclaimer

CIESIN follows procedures designed to ensure that data disseminated by CIESIN are of
reasonable quality. If, despite these procedures, users encounter apparent errors or misstatements
in the data, they should contact SEDAC User Services at ciesin.info@ciesin.columbia.edu.
Neither CIESIN nor NASA verifies or guarantees the accuracy, reliability, or completeness of
any data provided. CIESIN provides this data without warranty of any kind whatsoever, either
expressed or implied. CIESIN shall not be liable for incidental, consequential, or special
damages arising out of the use of any data provided by CIESIN.

IX. Use Constraints

This work is licensed under the Creative Commons Attribution 4.0 International License
(https://creativecommons.org/licenses/by/4.0).

Users are free to use, copy, distribute, transmit, and adapt the work for commercial and non-
commercial purposes, without restriction, as long as clear attribution of the source is provided.

X.  Recommended Citation(s)
Data set(s):

Center for International Earth Science Information Network (CIESIN), Columbia University.
2022. Global Gridded Relative Deprivation Index (GRDI), Version 1. Palisades, New York:
NASA Socioeconomic Data and Applications Center (SEDAC). https://doi.org/10.7927/3xxe-
ap97. Accessed DAY MONTH YEAR.
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XI. Source Code

No source code is provided.
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https://sdgs.un.org/2030agenda
https://www.worldbank.org/en/research/brief/poverty-and-shared-prosperity-2020-reversals-of-fortune-frequently-asked-questions
https://www.worldbank.org/en/research/brief/poverty-and-shared-prosperity-2020-reversals-of-fortune-frequently-asked-questions
http://creativecommons.org/licenses/by/4.0/
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Appendix 3. Countries/Regions Using Ancillary Data in BUILT Component

Country/Region

Source

Afghanistan

Geofabrik, 2018

American Oceania

Geofabrik, 2018

Australia Geofabrik, 2018
Azerbaijan Geofabrik, 2018
Brazil Geofabrik, 2018
Canada Microsoft, 2019
China Geofabrik, 2018
Cuba Geofabrik, 2018
Cyprus Geofabrik, 2018

Dominican Republic

Geofabrik, 2018

Ethiopia Dooley et al., 2021
Greenland Geofabrik, 2018
Hungary Geofabrik, 2018
Iran Geofabrik, 2018
Kosovo Geofabrik, 2018
Libya Geofabrik, 2018
Montenegro Geofabrik, 2018
Morocco Geofabrik, 2018
Myanmar Geofabrik, 2018

North Korea

Geofabrik, 2018

Norway (Svalbard) Geofabrik, 2018
Poland Geofabrik, 2018
Russia Geofabrik, 2018
Serbia Geofabrik, 2018
Slovakia Geofabrik, 2018
Somalia Dooley et al., 2021
Sudan Dooley et al., 2021
Syria Geofabrik, 2018
Ukraine Geofabrik, 2018
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https://www.zotero.org/google-docs/?6437h3
https://www.zotero.org/google-docs/?aJ5tTm
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https://www.zotero.org/google-docs/?55DIql
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U.S. (Alaska) Geofabrik, 2018
Venezuela Geofabrik, 2018
Yemen Geofabrik, 2018
Zambia Dooley et al., 2021
Zimbabwe Dooley et al., 2021

Appendix 4. Countries/Regions Omitted from GRDIv1

Country/Region

Aland Islands

Andorra

Bermuda

Bonaire, Sint Eustatius and Saba

Bouvet Island (Uninhabited)

British Indian Ocean Territory (Military personnel only)

Cook Islands

Curacao

Falkland Islands

French Southern and Antarctic Lands

Gibraltar

Niue

Papahanaumokuakea Marine National Monument (Uninhabited)

Saint Barthélemy

Saint Helena, Ascension and Tristan da Cunha

Sint Maarten

South Georgia and the South Sandwich Islands

Spratly Islands (Philippines)

The Bailiwick of Jersey

The Collectivity of Saint-Martin

The Overseas Collectivity of Saint-Pierre and Miguelon

Tokelau
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https://www.zotero.org/google-docs/?AzH0ww
https://www.zotero.org/google-docs/?KP9RSC

	November 2022
	I. Introduction
	II. Data and Methodology
	III. Data Set Description(s)
	IV. How to Use the Data
	V. Potential Use Cases
	VI. Limitations
	VII. Acknowledgments
	VIII. Disclaimer
	IX. Use Constraints
	X. Recommended Citation(s)
	XI. Source Code
	XII. References
	XIII. Documentation Copyright and License
	Appendix 1.  Data Revision History
	Appendix 2. Contributing Authors & Documentation Revision History
	Appendix 3. Countries/Regions Using Ancillary Data in BUILT Component
	Appendix 4. Countries/Regions Omitted from GRDIv1

