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Abstract. Low-lying reef islands (LRIs) are among the most climate-vulnerable landforms on Earth, yet no globally consistent
and spatially comprehensive inventory of these islands has previously existed. This is especially important to underpin
assessments of future risk and resilience. To address the absence of a unified global dataset, this study develops the first Global
Reef Island Database (GRID), a detailed spatial product that identifies the global distribution of LRIs and collates their key
geomorphological, environmental and exposure characteristics. Using the UNEP-WCMC Global Island Database (GID2.1),
global coral reef distribution layers and the AW3D30 digital elevation model, all landmasses <30 km? located within 1 km of
coral reef and below a conservative mean elevation threshold of 16 m were identified. A total of 34,404 LRIs were mapped
accounting for nearly 11,000 km? of land area and over 60,000 km of shoreline. The vast majority (77%) are very small (<0.1
km?) highlighting their geomorphological sensitivity. GRID demonstrates strong agreement with observed island counts (R =
0.939; ICC = 0.984) and outperforms commonly used shoreline datasets in identifying small islands while preserving accurate
geospatial alignment. LRIs are concentrated in Asia and Oceania, with Indonesia (14%), Japan (12%) and French Polynesia
(10%) containing the largest numbers. For each island, eight intrinsic variables (including land area, elevation, shape,
population and isolation) and ten extrinsic variables (including wave and tidal climate, bathymetry, tropical storm exposure
and projected sea-level rise) were compiled to build a globally standardised dataset suited for vulnerability analysis. The GRID
demonstrates clear spatial clustering in external forcing variables: wave exposure is highest across mid-ocean atolls, tropical
storm density peaks in the northwest Pacific and Caribbean, and projected sea-level rise rates are greatest around the northern
Philippines, Japan and Central America. Finally, this study develops an island vulnerability index using the GRID.
Approximately 16% of LRIs are classified as very highly vulnerable, particularly throughout the northwest Pacific and northern
South China Sea. National-scale assessments reveal that countries such as China, Japan and the Northern Mariana Islands are
at highest risk. It is anticipated that thus far the most comprehensive yet unified database can support a variety of reef island
research including climate adaptation planning, conservation and hazard mitigation efforts and coastal erosion studies. The

final dataset has been made publicly available at https://doi.org/10.1594/PANGAEA.986811 (Dawson 2025).
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1 Introduction

Islands associated with coral reefs have been occupied or used by humans for millennia (Nunn and Britton, 2001; Kayanne et
al., 2011). The term reef island typically refers to “low islands” composed of unconsolidated biogenic carbonate sediments
derived from reef biota as opposed to “high islands” composed of consolidated continental rocks (Fig. 1). Despite representing
<1% of'the total land area within the tropics, low-lying reef islands (LRIs) are extremely important geomorphological features,
forming habitable and agricultural land that supports the livelihoods of hundreds of thousands of people, providing refuge for
endemic and/or threatened species of flora and fauna, and supporting services essential to the economy of many island nations
(Nunn et al., 2016; Kumar and Tehrany, 2017). LRIs are typically small (<0.5 km?) low-lying accumulations of calcareous
sediments derived from the detrital remains of organisms from the underlying reef (generally platform and atoll reefs). These
sediments are transported by refracted waves and currents to a focal point on the reef flat where they are deposited. Over time,
these deposits are able to build up above sea level, acquire a vegetation cover and become partially lithified. Maximum land
elevation rarely exceeds 3-4 m and is often <2 m (e.g., Maldives, Tuvalu, Marshall Islands) (Perry et al., 2011; Nunn et al.,
2020).

LRIs are widely considered one of the most vulnerable landforms on Earth to the impacts of global climate change (Perry et
al., 2011; Nurse et al., 2014; Chand, 2020; Kumar et al., 2020). Climate-driven sea-level rise is arguably the single greatest
threat to LRIs and the societies and ecosystems they support, and is expected to increase shoreline erosion, coastal inundation
and saltwater intrusion into freshwater aquifers, reservoirs and agricultural crops (Nicholls and Cazenave, 2010; Becker et al.,
2012; Albert et al., 2016; Karnauskas et al., 2016; Storlazzi et al., 2018; Falkland and White, 2020; Iese et al., 2020).
Furthermore, increases in sea surface temperature, more frequent coral bleaching events and changes in ocean chemistry are
expected to stress the calcifying reef organisms that supply sediment for island development and maintenance and/or provide
a natural barrier to increasing wave energies (Perry et al., 2011; Hughes et al., 2017; Harris et al., 2018). Meanwhile, some
LRIs have become so urbanized and densely populated (e.g., 47,400 people/km? on Male, Maldives and 8300 people/km?* on
Fongafale, Tuvalu) that local anthropogenic stresses (e.g., increased nutrients) are now a serious compounding issue (Osawa
et al., 2010; Decarlo et al., 2015). These potential threats to future environmental and socioeconomic development of reef
island nations call for a better understanding of dependent reef island vulnerabilities and provide the stimulus for this study.
There are various methods to assess coastal vulnerability including index-based methods (e.g, the Coastal Vulnerability Index),
indicator-based approaches, GIS-based decision support tools and dynamic computer modelling (e.g., Delft3D). The index-
based methods combine different parameters (physical and socio-economic) into a unitless index of vulnerability and are
popular due to their relatively simple concept. The coastal vulnerability index (CVI), first developed by Gornitz and Kanciruk
(1989) is the most widely used index and has been adopted worldwide in evaluating the risk to climate change, particularly
sea-level rise (Gornitz et al., 1994; Thieler, 2000; Ahmed et al., 2022). A CVI would provide a simple numerical basis for

ranking LRIs in terms of their potential risk to future climate change impacts. Given the perceived threats of future climate
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change to LRIs and the societies and ecosystems they support, it is ever-increasingly important to assess vulnerability using
the best available globally comprehensive spatial data.

Numerous studies have investigated the distribution of islands at local and regional scales (Hopley et al., 2007; Webb and
Kench, 2010; Kench, 2012; Sheppard et al., 2012; Ford, 2013; Nunn et al., 2016; Duvat et al., 2017b; Kumar and Tehrany,
2017; Nunn et al., 2020). However, the United Nations Environment Program (UNEP) Island Directory (Dahl, 1991) was a
first step towards a global-scale overview, despite only providing information on ~2000 islands with little focus on LRIs. This
data was improved upon and later summarised by Gillespie and Clague (2009) and a “Global Island Database” (GID) was
made publicly available by the UN Environment Programme World Conservation Monitoring Centre (UNEP-WCMC) in 2010.
Island geometries were based on the GSHHS (version 1) shoreline database of Wessel and Smith (1996) and included ~175,000
islands. UNEP-WCMC has since developed a second version of the GID with geometries based on Open Street Map® (OSM)
data (Weatherdon et al., 2015), a global shoreline product which is freely available in the public domain
(www.openstreetmap.org). The GID version 2.1 has geometric boundaries of over 400,000 islands ranging from 1 x 10" km?
to 0.78 x 10° km? (Unep-Wemc, 2015). More recently, the U.S. Geological Survey (USGS), in partnership with Esri, has
developed Global Islands Explorer (GIE), a visualisation and query tool of global islands data based on the Global Vector
Shoreline (GVS) derived from 30 m Landsat 7 data (Sayre et al., 2019) and includes over 340,000 islands of 0.036 km? and
larger (https://rmgsc.cr.usgs.gov/gie/). Despite these recent improvements in spatial datasets of global shorelines, and the
widespread perceptions of reef island vulnerability, there has surprisingly been limited focus on datasets of LRIs (Nunn et al.,
2016; Nunn et al., 2020).

From a coastal management perspective, LRIs are inherently different from continental islands and mainland coastlines and
exhibit a large variation in size, shape, elevation, geologic history, geographic isolation, and climatic conditions. Although the
major process mechanism controlling formation and stability of LRIs is wave action and its interaction with the reef surface,
several additional factors underpin the vulnerability of a particular island including island geomorphology, geographic
isolation, regional sea level history, reef platform elevation and gradient, tidal regime, antecedent morphology and the
availability of sand (Kench et al., 2009; Nunn et al., 2016; Nunn et al., 2020). However, standardised, globally-comprehensive
inventories of reef island distribution, diversity and relative vulnerability are not yet available, but are important for regional
planning on issues such as exposure to disasters, pollution and vulnerability to climate change, particularly sea-level rise.
Furthermore, LRIs are often over-generalised in large-scale datasets when compared to continental islands and mainland coasts
due to their relatively small land area, small human population size, and isolation (Nunn et al., 2016). To address these
deficiencies, the main objective of this study is to present the first ever global spatial database of LRIs and their associated
physical and environmental characteristics which can be used in local, regional or global studies that aim to assess coastal
vulnerability to natural and/or anthropogenic impacts, and better inform regional and global management directives. The
methods applied in this study utilise freely available global datasets in order to produce a global reef island database (GRID)

and associated intrinsic and extrinsic characteristics that can be utilised within a CVI1.
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2 Methods
2.1 Classification and mapping of LRIs

Historically, a distinction has been made between ‘high’ islands composed of continental rocks and ‘low’ islands composed
of biogenic carbonate sediments produced by reef organisms (Stoddart and Steers, 1977; Hopley et al., 2007; Nunn et al.,
2016) (Fig. 1). Hopley et al. (2007) and Nunn et al. (Nunn et al., 2016) provide detailed classifications of both types throughout
the Great Barrier Reef and Pacific Ocean, respectively. For the purpose of this study, LRIs are defined as low-lying islands
formed from sediments derived from the reef on which they sit and are often referred to as coral reef islands, coral cays, sand
cays or motu. When developing the GRID, LRIs are defined as landmasses <30 km? located on or within 1 km of coral reef
and with an elevation of <16 m (explained below). The size limit of 30 km? is somewhat arbitrary although it has been chosen
based on the size of Diego Garcia, Chagos (29.7 km?), one of the largest documented LRIs (Sheppard et al., 2012).
Development of the GRID required the following workflow (Fig. 2) including: 1) the creation of a global shoreline vector file
containing the geographic distribution of LRIs; and 2) the development of a comprehensive global database of LRIs including
key geomorphological and environmental characteristics.

The GRID was initially derived from version 2.1 of the UNEP-WCMC Global Island Database, a global shoreline vector file
based on geometry data from Open Street Map® (OSM) (Weatherdon et al., 2015). All post-processing was undertaken using
industry standard GIS software (ArcGIS Pro®). The initial vector file was projected using the Mollweide projection, an equal-
area pseudocylindrical map projection displaying the world as an ellipse with axes in a 2:1 ratio. Mollweide projection was
chosen for its accurate derivation of area, especially in regions close to the equator, where most LRIs are located. The projected
vector file contained a total of 465,558 island polygons of which 462,274 were less than 30 km? (excluding freshwater islands)
and extracted for further analysis (Fig. 2).

The separation of LRIs from all other island types is based on two major criteria: 1) proximity to coral reef; and 2) elevation
above mean sea level (MSL) (Fig.2). The coral reef layer that was used is the Global Distribution of Coral Reefs compiled by
UNEP-WCMC, WorldFish Centre, WRI, TNC (2021). A select by location command was used to select and extract island
polygons within a geodesic distance of 1 km from coral reef polygons. The mean elevation above MSL of each island polygon
(in metres) was extracted from the ALOS Global Digital Surface Model (AW3D30 — downloaded on 30 June 2022 from
https://www.eorc.jaxa.jp/ALOS/en/dataset/aw3d30/aw3d30_e.htm using the Zonal Statistics tool in ArcGIS Pro. The

AW3D30 is a 1 arcsecond (~30 m at equator) resolution global digital elevation model (DEM) and considered one of the most
accurate available (Caglar et al., 2018; Uuemaa et al., 2020). While the maximum elevation of most LRIs is typically less than
~4 m above MSL, a maximum mean elevation of 10 m above MSL has been chosen to account for LRIs that have developed
aeolian or storm-generated ridges (Woodroffe, 2008; Hilton et al., 2019). An additional 6 m is included to account for vertical
uncertainty in the AW3D30 DEM (Santillan et al., 2016). It should be noted that the AW3D30 model is a digital surface model
which represents the elevation of tree canopy tops and building roofs, therefore mean elevation was found to be a more reliable

classifier than maximum elevation. An assessment of derived elevations for several locations known to be exclusively
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composed of LRIs (e.g., Maldives, Marshall Islands and several atolls of the Tuamotu Archipelago) indicated that 16 m was a
suitable threshold. Islands with a mean elevation of greater than 10 m (16 m including DEM uncertainty) above MSL are
considered ‘high islands’ (volcanic, limestone, continental, composite) and are excluded from the dataset. Elevation data could
not be retrieved for 408 islands (<2% of the database) although this was on most accounts due to very small island sizes in
comparison to the 30 m cell size of the AW3D30 DEM. A further 739 islands were given negative mean and/or maximum
elevations which could be due to very low elevations combined with a negative bias exhibited by the AW3D30 model (Caglar
et al., 2018).

The attribute table (also supplied as a separate comma-separated text file — https://doi.org/10.1594/PANGAEA.986811) is

sorted by IDs (/D) unique to each LRI. Latitude (Lat) and longitude (Long) were calculated for polygon mass centroids (Paris
and Mitasova, 2014). Country/territory (Country) and sovereign (Sovereign) names as well as International Organization for
Standardization (ISO 3166) country codes (/SO3166) were based on their respective economic exclusion zone (EEZ) using

data from World EEZ v11 (www.marineregions.org) (Fig. 2). Island names were assigned using a combination of the NGA

GEOnet Names Server (GNS) (downloaded on June 22, 2022, from https://geonames.nga.mil/gns/html/index.html) for all

regions outside the United States, and the US Geological Survey Geographic Names Information System (GNIS) (downloaded

on June 22, 2022 from https://www.usgs.gov/core-science-systems/ngp/board-on-geographic-names) for the United States and

its overseas territories. Geographic names were filtered to only include those classified as singular islands. Supplementary
names were also extracted from the global shoreline vector (GSV) (downloaded on June 20, 2022, from

https://rmgsc.cr.usgs.gov/gie/). Geographic names from the GNIS, GNS and GSV were assigned to spatially intersecting island

polygons in the GRID using a spatial join, and duplicated names for a given island were eliminated. Geographic coordinates
derived from the GNS were relatively coarse for some regions resulting in a number of instances where GNS point locations
did not intersect the island polygons in the GRID to which they correctly referred to. Therefore, a 300 m radius search was
added to the intersect command during the spatial join to account for relatively small geographic disparities. This method
considerably increased the number of LRIs in the GRID that were assigned a name, but at the expense of increasing the number
of LRIs assigned the same name such as where distances between islands are very small (<300 m).

In total, 6084 LRIs were assigned single names, while in 6781 cases, more than one name was located inside an island polygon.
This was either due to multiple names included in the GNS (e.g., various European and local/vernacular names are often
assigned to a singular coordinate location), erroneously located names of closely adjacent LRIs, or on occasion, a limitation
of the underlying OSM shoreline data (e.g., many small LRIs represented by one large island polygon in some large atolls of
the Marshall Islands and French Polynesia). In these instances, all available names have been included in the GRID database
(IsName) and the choice of a single representative name is left to the user. The attribution of island names is an ongoing process
and far from completion. For example, 21,539 LRIs classified in the GRID are currently unnamed. However, it is anticipated
that the majority of these probably represent small nameless sand cays and rocky outcrops. Future versions of GRID are

planned to utilise data from the OSMNames project (https://osmnames.org/).
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Figure 1: Reef Island types (a) ‘High’ islands composed of continental rocks and (b) ‘Low’ islands composed of biogenic material
from the surrounding reef.

2.2 Intrinsic variables

Currently GRID contains eight intrinsic variables and ten extrinsic variables for each LRI. Human population estimates for

each island polygon (Popn) are calculated by summing intersecting 3-arcsecond raster cells of constrained UN-adjusted

population data for 2020 produced by WorldPop (downloaded on July 2, 2022 from https://www.worldpop.org/). WorldPop
is considered one of the most accurate gridded population distribution datasets currently available (Bai et al., 2018). To account
for geographic discrepancies or where small LRIs did not fully encompass a population raster grid cell, a 200 m buffer was
applied.

Island area (Area) and perimeter (Length) are calculated from each GRID polygon in a Mollweide equal-area projection and
given in square kilometres and kilometres, respectively. Mean elevation (Elev) of each island was determined using AW3D30
global elevation data (see above). A dimensionless shape factor of 4n* Area/Length?® is used as a measure of island shape (Circ)
with a value of one indicating a perfect circle. As a value approaches zero, it indicates an increasingly elongated and complex
shape. Shape has an important influence on sensitivity and physical resilience of LRIs to changing boundary conditions. For
example, circular LRIs are typically considered less susceptible to long-term coastal erosion than more irregular shaped LRIs
because of their greater capacity for landform adjustment (Kench and Brander, 2006; Kumar et al., 2018; Sengupta et al.,
2025).

Contemporary LRIs are geologically young having predominantly developed over the last 3-4 thousand years (Kench et al.,

2014; East et al., 2018). The reef type (Reef) was classified as either Atoll or Barrier/fringing according to the global
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distribution of coral reefs dataset compiled by UNEP World Conservation Monitoring Centre (UNEP-WCMC) and

supplemented by data collected by ReefBase (http://www.reefbase.org/main.aspx).

Global shoreline vector file (GID2.1) Global distribution of coral reefs (UNEP-WCMC, 2021) Global digital surface model (AW3D30)
- oo e 4 A by ™ . x iz th £ L4 &8
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Figure 2: Work flow followed for the development of the Global Reef Island Database (GRID).

Geographic isolation (Iso/) is calculated as the sum of the proportions of land area (including continental mainland) within
buffer distances of 100, 1000, and 10,000 km around each island’s perimeter (Diver 2008; Weigelt and Kreft, 2013; Weigelt
et al., 2013) and normalised on a scale of zero to one with values closer to zero surrounded by a greater percentage of land
(least isolated) and values closer to one surrounded by lowest proportions of land (most isolated). Unlike other measures of
isolation, such as distance to nearest mainland, the proportion of surrounding landmass accounts for coastline shape and more
accurately reflects true isolation, especially in congested island archipelagos (Diver, 2008). The distance between each LRI

and its closest neighbouring LRI (Near) was also included as a measure of inter-island isolation (Diver, 2008).
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2.3 Extrinsic variables

The mean water depth (Depth) and associated standard deviation (DepthSD) surrounding each LRI was extracted from the
General Bathymetric Chart of the Oceans (GEBCO 2023) (downloaded on August 3, 2023, from https://www.gebco.net) using

a 10 km buffer. Surrounding bathymetry can be useful in distinguishing oceanic atoll islands from continental platform/barrier
reef islands and as a proxy for relative exposure to wave energy.

Mean annual significant wave height (MAWH) and mean annual wave period (MAWP) for each island was taken from a 2-
degree global grid of monthly means between 1888-2015 (World Ocean Waves Data Archive, http://www.sail.msk.ru/wow/).
Where island polygons overlaid grid cells with no data (mostly those close to major coastlines or throughout the Indonesian
archipelago) a focal mean of the surrounding grid cells was calculated. The mean tidal range (MTR) for each LRI was calculated
using the DTU10 global ocean tide model (https://www.space.dtu.dk) at a resolution of 0.125-degree cell size.

The morphology of LRIs is not simply dependent on absolute wave height or tidal range, but on the interaction between the
two (Kench and Brander, 2006). This can be represented by the relative tidal range (R7TR) which is given as the ratio of tidal
range to mean annual wave height (MTR/MAWH) (Davis and Hayes, 1984, Masselink and Short, 1993, Stutz and Pilkey, 2011).
Large values of RTR indicate tidal dominance while small values signify wave dominance. The wave-tide regime (WTReg) for
each LRI was then classified using the relationships suggested by Davis and Hayes (1984) and used by Stutz and Pilkey (2011)
to classify barrier islands.

Coral reefs are highly efficient natural barriers surrounding LRIs. Wave energy diminishes with increasing reef width
(Sheppard et al., 2005; Kench and Brander, 2006; Ferrario et al., 2014) therefore LRIs surrounded by a larger proportion of
reef would be expected to have a relatively higher level of protection against high energy events such as storm surges.
Therefore, the proportion of coral reef within a 10 km buffer distance of each island polygon perimeter is used as a measure
of relative wave exposure (WExp): LRIs with a greater proportion of surrounding reef being less exposed to wave action.

A relative tropical storm exposure (7SExp) is calculated for each LRI based on a global 0.1° raster grid of storm density. In
this study, storm density is defined as the number of tropical storms (Saffir-Simpson Hurricane Scale > -1) per year within a
200 km search radius using the IBTrACS dataset (1851-2022, downloaded from https://www.ncdc.noaa.gov/ibtracs/ on
02/02/2022).

Finally, a year-2100 projected median sea level rise rate in mm yr! (SLRR) is assigned to each LRI in the GRID using a global
1° raster grid created from the latest iteration of the IPCC (AR6) projections using the medium-high reference Shared Socio-
economic Pathway (SSP) 3-7.0 dataset stored on the PO.DAAC Drive (https://podaac-

tools.jpl.nasa.gov/drive/files/misc/web/misc/IPCC) — see Meinshausen et al. (2020) for descriptions of SSPs.
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3 Results

A total of 34,404 individual LRIs are contained within GRID and are distributed throughout tropical regions of the world’s
oceans (Fig. 3a). Globally, LRIs amass to a total land area of 10,899 km? (0.007% of world’s total and 0.022 % of land
contained within the tropics) and 60,742 km of shoreline. The continents of Asia and Oceania account for 42% and 32% of the
total number, 43% and 34% of the total land area, and 40% and 36% of the total length of coastline, respectively (Table 1).
Approximately 80% of the world’s LRIs occur in the top 20 countries/territories by number (Fig,3b, Table S1). Of the world’s
total, 14% of LRIs (4,762) occur in Indonesia, 12% (4,203) belong to Japan and 10% (3,308) are found throughout French
Polynesia. LRIs belonging to Indonesia and Japan predominantly (> 99%) occur on barrier or fringing reefs while about 94%
of LRIs throughout French Polynesia occur on atoll reefs.

The total population of people living on LRIs is estimated to be approximately 2.6 million, although only a very small
proportion of LRIs are inhabited (~14%). Human occupation of LRIs is highest in the Philippines (~499,000), the Maldives
(~494,000) and Indonesia (~419,000) (Figs. 3¢, 4a) as well as the United States of America (USA) (~260,000) and the United
Arab Emirates (UAE) (~104,000).

Island sizes show a strongly right-skewed distribution with 32,483 LRIs (94% of the total dataset) smaller than 1 km? and
26,596 LRIs (77%) smaller than 0.1 km? (Fig. S1). The global average size of LRIs is 0.3 km? while the largest LRI in the
dataset is Diego Garcia, British Indian Ocean Territory at 30 km?. The global average length of shoreline (perimeter) of LRIs
is 1.8 km, while some mid-ocean atoll LRIs can have over 100 km of shoreline. The size and shape of LRIs is attributed to
several factors, including reef morphology, accommodation space, availability of sediment and the prevailing hydrodynamic
regime. Morphological characteristics of LRIs such as size and length show high spatial variability globally and are randomly
distributed throughout the world’s oceans (Figs. 4b, 4c, Moran’s /= 0.012 and 0.024, respectively). However, mean elevation
and shape (circularity) display a slight positive spatial dependence in comparison (Figs. 4d, 4e, Moran’s /= 0.095), although
still relatively weak.

Table 2 summarises island distribution according to latitude, reef setting and wave-tide regime. Of the total, 59% of LRIs
occur in the northern hemisphere and 41% in the southern hemisphere. Approximately three quarters of all LRIs have
developed upon barrier reefs or fringing reefs while the remaining quarter are found on Atoll reefs. LRIs of atoll origin are
primarily located throughout the central and western Pacific as well as throughout the mid-Indian Ocean atoll chains of the
Maldives and Chagos (Fig. 4f). The size of LRIs as well as their length of shoreline are significantly greater for atoll reefs in
comparison to barrier/fringing reefs (Mann-Whitney, p < 0.01).
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Table 1. Geopolitical distribution of LRIs derived from GRID showing total number of islands, total land area and total length

of coastline. Percentages are of the world’s total.

Continent Islands (n) (%) Area(km®) (%) Length(km) (%)
ASIA 14,580 42 4,663 43 22,109 36
South China Sea/Indonesia 5,992 17 2,855 26 12,298 20
Pacific Ocean 5,308 15 368 3 2,250 4
Indian Ocean 2,232 6 838 8 4,735 8
Red Sea 779 2 403 4 1,947 3
Persian Gulf 269 1 199 2 880 1
OCEANIA 10,985 32 3,699 34 24,251 40
Pacific Ocean 9,747 28 3,068 28 21,495 35
Great Barrier Reef 782 2 160 1 1,176 2
Indian Ocean 456 1 472 4 1,580 3
AFRICA 2,494 7 1,181 11 5,578 9
Indian Ocean 2,036 6 743 7 3,940 6
Red Sea 458 1 438 4 1,638 3
NORTH AMERICA 5,844 17 1,257 12 8,021 13
Caribbean Sea 4,884 14 1,154 11 7,097 12
Pacific Ocean 751 2 52 <1 477 1
Gulf of Mexico 121 <1 37 <1 336 1
Atlantic Ocean 88 <1 14 <1 111 <1
SOUTH AMERICA 501 1 98 1 783 1
Caribbean Sea 324 1 81 1 605 1
Atlantic Ocean 129 <1 14 <1 136 <1
Pacific Ocean 48 <1 3 <1 42 <1
WORLD TOTAL 34,404 10,899 60,742
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Figure 3: Top 20 countries based on total number of LRIs: (a) global spatial distribution, (b) total number of LRIs and the underlying
reef type, and (c) human population estimates.
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Figure 4: Global distribution maps for intrinsic variables (a-h) of LRIs included within GRID.

Island isolation is an important driver of species richness and is measured in this study using the proportion of surrounding

landmass (Weigelt et al., 2013; Weigelt and Kreft, 2013). The most isolated LRIs are primarily located throughout the central

and western Pacific Ocean, the East China Sea, central and western Indian Ocean and the northern Caribbean (Fig. 4g).

Conversely, the least isolated LRIs are mostly located throughout the Red Sea, the Persian Gulf, the east coast of Africa and

coastal regions of India and China. Intra-island isolation (distance to the nearest island) is spatially homogeneous and randomly

distributed throughout the world’s LR1Is (Fig. 4h, Moran’s /= 0.008).
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Table 2. Distribution of LRIs by latitude, reef setting and wave-tide regime derived from GRID.

Geographic setting Islands (n) (%) Area(km?) (%) Length (km) (%)
HEMISPHERE

Northern 20,207 59 5,612 51 30,856 51
Southern 14,197 41 5,287 49 29,887 49

REEF SETTING
Barrier/Fringing 26,105 76 8,216 75 41,390 68
Atoll 8,299 24 2,683 25 19,352 32

WAVE-TIDE REGIME

Wave-dominated 15,949 46 4813 44 30,455 50
Mixed Wave-dominated 11,416 33 2904 27 16,491 27
Mixed tide-dominated 5,815 17 2,583 24 11,379 19
Tide-dominated 1,224 4 599 5 2,417 4

LRIs are generally highly spatially clustered throughout the GRID with respect to extrinsic variables (Fig. 5). Unsurprisingly,
most LRIs located throughout the mid-ocean atolls of the Pacific have the deepest surrounding bathymetry and greatest
exposure to large swell waves (Figs. 5a-5d). Mean tidal range and relative tidal range are generally greater for LRIs in the
northern hemisphere compared to the southern hemisphere (Figs. Se, 5f). Of the islands, 80% are wave dominated, 18% are
mixed energy (wave or tide dominated) and less than 2% are tide dominated (Fig. 5g, Table 2).

LRIs surrounded by a larger proportion of reef would be expected to have a relatively higher level of protection (lower
exposure) against high energy waves (Ferrario et al., 2014; Beetham et al., 2017). Relative wave exposure displays high spatial
variability globally (Fig. 5h, Moran’s /= 0.111). Countries/territories with the greatest proportion of surrounding reef (lowest
relative wave exposure) include Bermuda, the Cocos Islands, Sudan/Egypt, Johnston Atoll, and the Glorioso Islands. LRIs that
have developed on atoll reefs have a ~30% lower mean relative wave exposure than those that have formed on barrier or
fringing reefs.

LRIs are significantly spatially clustered with respect to tropical storm exposure (Moran’s /= 0.835, p < 0.01) with greatest
exposure exhibited throughout the Caribbean and the northwest Pacific (Fig. 51), especially throughout the Paracel Islands and
Japan with a mean £+ SD tropical storm density (number of storms per year within 200 km) 0f 0.520 £ 0.036 and 0.518 £ 0.058,
respectively. For comparison, the 1,272 LRIs throughout the Maldives have a mean + SD storm density of just 0.005 + 0.003.
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Figure 5: Global distribution maps for extrinsic variables (a-j) of LRIs included within GRID.

Finally, LRIs contained within GRID are shown to exhibit year-2100 projected median rates of sea-level rise of between 8.8
mm yr'' (far northern Great Barrier Reef) and 15.1 mm yr™! (northern Philippines). LRIs are spatially clustered with respect to

future sea-level rise (Moran’s / = 0.402, p < 0.01). Projected rates are lowest for LRIs within the Persian Gulf, the northern
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Red Sea and between Australia and Papua New Guinea and highest for LRIs off the coast of central America, the northern
Philippines and south of Japan (Fig. 5j). Median projected rates for LRIs by country are greatest for Belize and Honduras

(median: 14.6 mm yr') and lowest for Kuwait (9.2 mm yr™").

4 Validation/quality assessment
4.1 Validation using published data

A set of published studies containing data on the number of LRIs occurring in twelve reef locations throughout the Atlantic,
Indian and Pacific oceans was assessed and compared to numbers derived from the GRID (Table 3). Numbers of LRIs
contained in the GRID are notably consistent with those quoted in the literature. A regression analysis performed over all of
the available studies (n=12) resulted in an R? value of 0.96 with a slope of 1.06x indicating that the GRID slightly overestimates
the number of LRIs compared to real-world observations (Fig. S2). However, the sample size is small and there is no way to
assess the consistency between methods used in the studies to determine the number of LRIs. Furthermore, it is important to
note that LRIs are dynamic landforms and may appear, split, merge, or disappear over short timescales. For example, in 2012
there were seven documented LRIs in the Dry Tortugas, Florida Keys (Bentley and Nittrouer, 2012). However, the reef has
historically supported at least eleven LRIs, of which six disappeared between 1775 and 1975 due to high energy storm events
such as hurricanes (Stoddart and Fosberg, 1981).

Table 3. A comparison between number of LRIs in GRID and numbers quoted in published studies.

Region GRID Published values  Source

Belize Barrier Reef 402 450 Murray et al. (1999)
Chagos 63 55 Dunne et al. (2012)
Cocos Keeling Islands 22 27 Lavers et al. (2019)
Cook Islands (Aitutaki and Manuae) 29 15 Summerhayes (1971)
Dry Tortugas, Florida Keys 6 7 Bentley and Nittrouer (2012)
Great Barrier Reef and Torres Strait 789 1000 Hopley et al. (2007)
Houtman Abrolhos 99 122 Evans et al. (2022)
Kwajalein Atoll, Marshall Islands 130 97 Dvorak (2018)
Maldives 1272 1190 Khan et al. (2002)
Marshall Islands 1448 1225 Baker et al. (2011)
Raroia, Tuamotus 121 280 McLean (2011)
Tuvalu 58 113 McLean (2011)
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4.2 Validation using global satellite imagery

A total of 200 reefs were randomly selected from the world’s oceans according to a criterion of having at least one LRI present.
This was undertaken by selecting LR1Is from the GRID using the Subset Features tool in ArcGIS Pro® and counting the number
of LRIs that occur on the underlying reef determined using ESRI’s World Image Basemap. Zoom level was typically held at
1:5000 for counting purposes. In 13 instances, more than one LRI were randomly selected on a given reef. Therefore, additional
reefs were randomly selected until the validation dataset included 200 separate reefs. The final validation dataset consisted of
141 barrier/finging reefs and 59 atolls reefs with a total of 4,130 observed LRIs (Fig. S3).

For a quantitative evaluation of the accuracy of the GRID-determined distribution of LRIs against locally observed (satellite-
determined) ones, various statistical parameters were calculated including the coefficient of determination R, the root mean
square error (RMSE), the mean bias error (MBE) and the intra-class correlation coefficient (ICC). The ICC is derived from a
two-way random effects, absolute agreement, multiple measurements model (ICC2k) (Koo and Li, 2016). The ICC is included
as a measure of agreement that accounts for both correlation and systematic bias in measurements that reduce reliability
(Kirtman et al., 2013). All statistical analyses were conducted using XLSTAT®.

It should be noted that there is a high probability of temporal differences between predicted and observed data because: 1) both
the GID2.1 shoreline vector file behind the GRID and ESRI’s World Image used for validation are merged products from
temporally varying datasets; and 2) LRIs are dynamic landforms and can develop or disappear in short periods of time in
response to external drivers such as tropical storms (Maragos et al., 1973; Duvat et al., 2017a; Hoeke et al., 2021). Therefore,
it is expected that part of the calculated errors is due to potential temporal incoherence.

A regression analysis performed over all validation data (n = 200) resulted in an R? value of 0.784. However, a significant
outlier was discovered in the dataset that was distorting the analysis. A visual assessment confirmed that the outlier was an
atoll reef (Midway Atoll) and that the creation of the shoreline dataset used for GRID had falsely identified breaking waves
on the reef periphery as 303 LRIs. Therefore, removal of the outlier was justified. Only one such case was found in the
validation dataset. Reperforming the regression analysis after outlier removal (7 = 199) resulted in an R? value of 0.939 (p <
0.01) and an RMSE of 12.276 (Fig. 6a) indicating that LRIs derived from GRID captured the spatial variability ground truth
data (satellite image-derived LRIs). The 95% confidence intervals of the model indicate that the true number of LRIs globally
is most likely between ~32,000-35,000. There is almost negligible bias when comparing predicted (GRID) and observed
(satellite) data (MBE = 0.181) indicating that the regression model only slightly under-predicts measured data (Fig. 6b). A
reliability analysis resulted in an ICC2k value of 0.984 (CIL: 0.979-0.988, p < 0.01) demonstrating excellent reliability
(agreement) between predicted (GRID) and observed (satellite) data. Furthermore, according to the approach of Bland and
Altman (1990), it is unlikely (<0.05 probability) that measurement pairs (predicted vs observed) of LRIs for a given reef would
differ by more than 24 (Fig. 6b).
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Figure 6: Relationship between the number of LRIs estimated within the GRID and those measured from satellite
imagery. (a) linear regression plot and (b) Bland-Altman plot of mean bias error.

4.3 Comparison to other shoreline datasets

The initial LRI filtering methods applied to GRID (size < 30km?, elevation < 16 m, located within 1 km of coral reef) were
applied to five available open access, spatially explicit shoreline datasets (Table 4). A number of interpretations can be drawn
from the assessment.

Firstly, GRID is comparable to both the GSV (Sayre et al., 2019) and recently downloaded OSM data

(https://osmdata.openstreetmap.de/data/land-polygons.html) with respect to the number of LRIs identified and their total land

coverage. In comparison, the GSHHS (Wessel and Smith, 1996), a widely used shoreline vector dataset, contains about 64%
of the total LRIs identified in GRID and appears to underestimate the number of smaller LRIs (< 1 km?) while overestimating
the number of larger islands (> 1 km?) (Table 4). A more detailed examination discovers a tendency in the GSHHS to
overestimate the size of many islands due to a coarser vector resolution in comparison to the GSV, GRID, and OSM data. The
GADM database (https://gadm.org/), also commonly used in global island studies, contains less than a third of the LRIs
identified in GRID. Although LRIs greater than 1 km? are similar in number (Table 4), many smaller islands are completely
GADM (Fig. 7). The global Earth Data

missing from the shoreline vector file available from Natural

(https://www.naturalearthdata.com/) is the least detailed of the available datasets and only suitable for relatively coarse

analyses in comparison to the others (Table 4). For example, only 1,189 LRIs are identified globally, which is less than the
number of LRIs occurring throughout the Maldives alone (Khan et al., 2002).
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Table 4. Global occurrences of LRIs derived from publicly available shoreline datasets.

LRIs<1km? LRIs>1km? Total

GADM 8,338 1,721 10,059
GRID 32,483 1,921 34,404
GSHHS 19,331 2,607 21,938
Islands (n)
GSV 26,356 1,849 28,205
Natural Earth 608 581 1,189
OSM 34,682 1,682 36,364
GADM 1,522 7,452 8,974
GRID 2,355 8,544 10,899
GSHHS 3,624 10,776 14,399
Area (km?)
GSV 2,349 8,289 10,638
Natural Earth 134 4,762 4,897
OoSM 2,329 7,200 9,529
GADM 15,666 23,567 39,233
GRID 32,092 28,651 60,742
GSHHS 31,695 29,455 61,149
Length of shoreline (km)
GSV 29,158 25,848 55,006
Natural Earth 1,248 8,673 9,922
OSM 34,245 24,486 58,731

Secondly, a visual comparison of the datasets reveals the coarse nature of the Natural Earth dataset that is noticeable even at
map scales of ~ 1: 130,000 (Fig. 8). The GSHHS and GADM perform moderately in terms of capturing the numbers of LRIs
but it is clear from the analysis that the GSHHS and the Natural Earth dataset have inconsistent georeferencing and can be
misaligned by as much as 3 km. GRID, GSV and OSM data are most accurate with respect to geospatial alignment (Fig. 8).
However, it is important to note that LRIs within the GRID can, on rare occasions, also be misaligned, which can be attributed
to errors in the original GID2.1 shoreline vector file that is based on older OSM data. It is anticipated that future versions of
GRID could utilise current OSM data to improve estimates.

At finer map scales (e.g., 1:5000), it becomes apparent that OSM and GRID outperform other shoreline datasets on many
Pacific atolls, where numerous LRIs are separated by shallow passages of reef flat (hoa). The more recent GSV was developed
using 30 m resolution Landsat satellite imagery and a semi-automated classification of land and water, and is one of the more

accurate shoreline datasets tested. However, the classification algorithm implemented for the GSV has failed to identify these
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shallow water hoa on a number of occasions and has thus led to the merging of LRIs (see Fig. S4). It is important to note that

this problem is not restricted to the GSV and can occur with any of the shoreline datasets indicating improvements are required.

— GADM — GVS
— GRID — Natural Earth
GSHHS OSM
T T T

0 02 0.4 KM Source: Esri, Maxar, Earthstar Geographics, and the GIS User Community

Figure 7: A georeferenced satellite image of a small LRI (Warraber, The Torres Strait) overlain by six shoreline datasets. Note that
the GADM and Natural Earth datasets are absent.

5 Proposed CVI approach to LRIs

Having developed the GRID as a foundation for developing LRI-specific CVls, the anticipated next step would be to decide
upon the variables with which to build the vulnerability index. Variables should represent significant driving processes
influencing the island vulnerability. In this example, the variables are selected based on scientific knowledge and include
mean elevation, area, length of coastline, circularity, tidal range, mean annual wave height, wave energy exposure, tropical
storm exposure, sea-level rise, and population (see Table S2).

Following variable selection, a normalisation procedure is required to place them on a single, unitless scale that allows direct
comparison. It is also recommended to transform data, prior to normalisation, where required. In this example, each variable
is cube root-transformed and a min-max normalisation technique applied using Eq. 1 when a variable has positive influence

and Eq. 2 when a variable has negative influence:

v Xij—Min{X;;} 1
U Maxy{xi;}-Ming(x;;y M
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.. = Maxi{Xij}=X;j
Yo Maxy{x;j}-Min(x;;¥

)

where X is the original value and X is the normalised value for LRI i and variable ;.

— GADM — GVS
~— GRID  — Natural Earth
GSHHS osMm

— GADM — GVS
== GRID  — Natural Earth
GSHHS OsM

— GADM — GVS
= GRID  — Natural Earth
GSHHS OsMm

Figure 8: A visual assessment of existing global shoreline datasets. (a) Ahe Atoll, Tuamotus, (b) Cocos Keeling Islands and (c-d)
Kwajalein Atoll, Republic of the Marshall Islands.
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A critical next step is to decide on the weighting of the normalised variables. There are various methods of weighting
variables including equal weighting (Kumar et al., 2018; Koroglu et al., 2019; Ahmed et al., 2022), expert judgement
(Halpern et al., 2008), inverse variance method (Iyengar and Sudarshan, 1982), or multivariate statistical techniques (Ablain
et al., 2017; Tanir et al., 2021; Bucherie et al., 2022). For this example, a Principal Component Analysis (PCA) is used to
assign appropriate weights using Eq. 3:

W = ¥k=1|Ljk|Ex, 3)

where W} is the weight of variable j, n is the number of & factors retained in the PCA, Lj is the loading of variable j for
principal component factor &, and Ej is the eigenvalue of factor k. Four principal components were retained in this example
based on an eigenvalue above or close to 1 (Bucherie et al., 2022).

The next step is to integrate the weighted variables into a single island vulnerability index (IVI) for each LRI using Eq. 4:

4)

where IV1; is the vulnerability index of LRI i. Final IVI will fall on a scale of between 0-1 with 0 representing no vulnerability
and 1 representing maximum vulnerability. Optionally, the vulnerability indices can be normalised again so that 0 and 1
represents the minimum and maximum vulnerability scores exhibited by LRIs in the GRID. Both /V/; and normalised /V/; are
included in the GRID under the headings V1 and IVINorm.

Fig. 9 provides an example of how the GRID can provide a spatial foundation for a globally consistent indicative index of
relative vulnerability of LRIs to climate change. Over two-thirds (23,777) of all LRIs are classified into either low (22%),
moderate (22%) or high (26%) vulnerability classes, whilst 15% (5,120) are classified as having very low vulnerability and
16% (5,506) are classified as having very high vulnerability. Most of the LRIs with the highest vulnerability occur in the
northwest Pacific including the northern Philippines, northern parts of the South China Sea and the Ryukyu Islands that extend
from Taiwan to Japan (Fig.9). These areas are consistent with the regions of highest tropical storm exposure and, to a lesser
extent, the fastest rates of projected sea-level rise (Fig. 5). Conversely, the majority of LRIs with the lowest vulnerability occur
throughout Indonesia, the Red Sea and the Persian Gulf.

The GRID provides an opportunity to assess the vulnerability of LRIs at a national scale. The distribution and median values
of the normalised IVI for 118 countries and territories are shown in Fig. 10. The results show that six countries/territories
(China, the South China Sea conflict zone, Japan, Northern Mariana Islands, Paracel Islands, and Taiwan) have at least half of
their LRIs classified as very highly vulnerable. Conversely, fourteen countries/territories have at least half of their LRIs
classified as having very low vulnerability and include Bahrain, Egypt, Eritrea, Howland Island and Baker Island, Indonesia,

Iran, Jarvis Island, Kuwait, Papua New Guinea, Qatar, Saudi Arabia, Sudan, Sudan/Egypt contested, and Yemen. There is
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large variation in vulnerability at a national scale (within countries) (Fig. 10). For example, only twelve countries/territories

fall entirely within a single vulnerability class and only two of those contain more than one LRI (Bassas da India and Wake

Island). The largest spread of LRI vulnerabilities occurs in the Philippines and Australia, indicated by their respective 5™ and

95™ percentiles (Fig. 10). Within the Philippines, normalised IVI almost covers the entire vulnerability scale (0.080-0.958),

whereas normalised IVI in Australia ranges from 0.113 to 0.875. Of the top 20 countries/territories by number of LRIs (see

Fig. 3) only Japan has a median normalised IVI of >0.699 (very high vulnerability). However, of particular concern is that 12

of the top 20 countries/territories have a median normalised IVI of >0.555 (high to very high vulnerability) (Fig. S5).

Furthermore, most vulnerable LRIs (IVI>0.699) provide land for almost half a million people worldwide, many of which may

be forced to migrate elsewhere in response to climate change impacts such as sea-level rise (Remling, 2020).

Normalised Island Vulnerability Index (IVI)

o,

" 9
i o \i. L2 % .

T
vy A

s Y

©e <

Moran’s / = 0.679

0 0.309 0.436 0.555 0.699 1
L ————— ——" I

Very low Moderately low Moderate Moderately high Very high

Figure 9: Global index of relative vulnerability of LRIs to climate change based on data contained within the GRID.

6 Data availability

The GRID database is provided as ESRI shapefiles (points and polygons in WGS84 and Mollweide projection), a tab-
delimited text file and a comma-separated value file. All associated datasets can be downloaded from the PANGAEA data

repository at https://doi.org/10.1594/PANGAEA.986811 (Dawson, 2025).

7 Conclusions

This work presents the first globally consistent, spatially comprehensive database of low-lying reef islands (LRIs), filling a
major gap in coastal and climate-vulnerability research. The Global Reef Island Database (GRID), integrated from multiple

sources, identified more than 34,404 LRIs, far exceeding previous global estimates and providing the most detailed
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quantification to date. LRIs are heavily concentrated in Asia and Oceania and the vast majority (94%) are <1 km? in size,
demonstrating high risk and geomorphological sensitivity.

The dataset captures expected high spatial variability in certain extrinsic variables such as wave exposure, tides, storm
frequency and projected sea-level rise, creating distinct regional “risk hotspots”. The northwest Pacific, northern Philippines,
South China Sea and Ryukyu Islands emerge as areas with the highest overall vulnerability, driven largely by high storm
exposure and rapid projected sea-level rise. Conversely, LRIs in Indonesia, the Red Sea and the Persian Gulf show generally
lower vulnerability scores.

Using GRID, a new globally consistent Island Vulnerability Index (IVI) was developed for LRIs with two-thirds of islands
falling into low, moderate, or high vulnerability classes, and 16% classified as very highly vulnerable. Several countries
including China and the disputed islands of the South China Sea, Japan, Northern Mariana Islands, Paracel Islands and
Taiwan have a majority of their LRIs in the highest risk category, implying significant implications for national adaptation
planning. Furthermore, the most vulnerable LRIs collectively host nearly half a million people, highlighting human exposure
to climate-driven hazards like sea-level rise and storm impacts.

Validation using both published studies and satellite observations shows high accuracy and strong agreement, confirming the
reliability of GRID. However, uncertainties remain due to variation in source datasets, DEM inaccuracies and the inherently
dynamic nature of reef islands. Future improvements could incorporate newer satellite datasets, improved machine learning
approaches, and more precise elevation models. Nevertheless, GRID provides a crucial foundation for future global, regional
and local assessments of climate risk, adaptation planning and conservation prioritisation, enabling more accurate and
equitable vulnerability assessments for small island nations, which have often been underrepresented or misrepresented in

previous global datasets.
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Figure 10: Relative vulnerability of LRIs to climate change at national scale. Dots and horizontal lines represent the median and

range of normalised island vulnerability index (IVI) for LRIs in each country, respectively. Colour gradations from blue to red
represent the five scales of island vulnerability (very low, moderately low, moderate, moderately high and very high).
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