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Islands are at the forefront of global environmental change. Biological invasions, land-use
change, and climate change are driving population declines and causing irreversible
losses in island ecosystems. Although global threat exposure maps have been developed
in recent years, they are mostly designed for coarse-grained, continental-extent analy-
ses, often overlooking islands. Here, we assessed the cumulative exposure to biological
invasion, land-use change, and climate change by 2050, for more than 16,000 islands
worldwide using multiple threat markers. Climate change emerged as a ubiquitous
threat, being the dominant threat for 65% of all islands, followed by land-use change
(22%) and biological invasions (13%). Islands with the highest cumulative exposure
were more likely to be isolated, without historical connection with the mainland. Small
and low-elevation islands at low latitudes exhibited greater exposure to climate change,
whereas larger, high-elevation islands tended to be more exposed to land-use change.
Certain countries and subdivisions, such as Seychelles, Bangladesh, China, French
Polynesia, and Micronesia, harbored statistically disproportionate numbers of highly
exposed islands, highlighting geographic hotspots of cumulative exposure where con-
servation efforts might be particularly urgent. Our study indicates that by 2050, most
islands will be simultaneously exposed to a triple threat arising from the combined
impacts of land-use change, climate change, and biological invasions. This study provides
robust quantification of island cumulative exposure to three key drivers of biodiversity
loss, making a crucial step toward assessing global biodiversity vulnerability.

biological invasions | climate change | exposure | land-use change | SSP scenarios

Islands are among the ecological systems most strongly impacted by global change. Human
settlement has driven the introduction of invasive non-native species, which, together
with land-use change, have caused widespread species losses on islands (1). As a result,
the composition of insular ecological communities has been substantially modified (2).
Additionally, island biota are directly affected by the consequences of climate change, with
the first documented extinction of a species caused by human-induced sea-level rise (3).
Due to their distinctive evolutionary history and geographic isolation, island biota have
a limited capacity to adapt or escape from anthropogenic pressure (4). Ongoing
human-induced disturbances and their future trends place island systems under increasing
pressure, making it essential to evaluate the risks these systems will face in the future.

Cumulative mapping of biodiversity threats across mainland and ocean systems has
revealed strong correlations and frequent co-occurrences among threats (5-7). For exam-
ple, high human population density increases demand for agricultural production and
transport infrastructure, both closely linked to habitat loss and fragmentation as well as
the introduction and spread of non-native species (8). In contrast, climate change has
been found to interact differently with other threats across realms: It is negatively correlated
with land-use change and pollution (including nutrients and artificial light) on land (i.e.,
climate change threats are relatively high while land-use change and pollution are relatively
low), but positively correlated with resource extraction in the oceans (i.e., both climate
change and resource extraction threats are high) (6). Yet, for islands, situated at the interface
between land and sea, whether these patterns hold remains unclear. A robust evaluation
of island cumulative exposure to multiple threats is lacking, in part because global threat
maps are too coarse to capture small islands, and because island-specific pressures (e.g.,
sea-level rise) are often omitted.

Moreover, global threat assessments often rely on indirect proxies for biological invasions
rather than directly on the presence of non-native species. For instance, metrics such as
port cargo volume (6) or a combination of agricultural expansion and airport capacity (9)
are used as proxies of exposure to biological invasions. The threat posed by biological
invasions is difficult to predict given the interplay of human, biotic, and environmental
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island ecosystems, exposing
them to sea-level rise, non-native
species, and land-use
conversions. Because islands are
small-scale systems, they are
often overlooked in global threat
assessments, despite holding
20% of worldwide biodiversity.
Here, we assess the exposure

of islands to climate change,
biological invasions, and land-use
change, identify hotspots of
cumulative exposure, and
examine the relative importance
of each threat. Our analysis
reveals that climate change is the
most ubiquitous threat but that
land-use change is the most
important threat for the 5%
islands with the highest
cumulative exposure. Our global
cumulative exposure maps
provide comprehensive
multithreat maps for insular
biota, enabling progress tracking
toward international biodiversity
targets and informing strategic
conservation actions for islands.
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factors that govern the establishment and spread of non-native
species (10). Until recently, the lack of global, spatially explicit
datasets made it difficult to include biological invasion data with-
out compromising consistency and detailed information across
other threats (11). To our knowledge, no spatial projections of
current and future exposure to non-native species richness exist
for island systems, especially for the numerous small islands,
despite their disproportionate vulnerability to biological invasions
(12). Here, we addressed this knowledge gap using a high-resolution
global dataset of current and future (by 2050) non-native species
richness for more than 16,000 islands (Data, Materials, and
Software Availability).

Quantitative estimates of future biodiversity trajectories are
needed to track progress toward global conservation goals (13, 14).
Yet, existing socio-economic scenarios and projections of direct
drivers of ecosystem change have historically underrepresented
islands, especially small islands, and overlooked key drivers such
as biological invasions (15, 16). These shortcomings limit our abil-
ity to assess the relative importance of threats to island biodiversity
and implementeffective actions aligned with the Kunming-Montreal
Global Biodiversity Framework (e.g., Target 6 on biological inva-
sions, Target 8 on climate change, and Targets 1-3 and 10 on
land-use change) (17). Moreover, regional disparities in threat
exposure may arise among islands, leading to differential imple-
mentation of national biodiversity policies. Nonetheless, knowl-
edge on the cumulative and individual exposure of islands to
multiple major threats that may inform global and national bio-
diversity targets is not comprehensively encapsulated, neither at
the global extent nor at the regional level.

In this study, we applied a unique approach to predict global
island exposure to three major biodiversity threats: biological inva-
sions, land-use change, and climate change (Fig. 1). We combined
six markers of both current and future threats at the island level,

ﬁ: Global island dataset

including non-native species richness, the proportion of anthro-
pogenic land use, trends of sea-level rise, and changes in temper-
ature and precipitation regimes. We quantified the cumulative
exposure by 2050 under two Shared Socio-economic Pathways
(SSPs1-2.6 and 3-7.0) and described its distribution across 16,578
islands. Then, we i) quantified the relative importance of each
threat on each island; ii) assessed the relationship between expo-
sure values and island geographic profile, derived from a Principal
Components Analysis (PCA) based on island geographic attributes
(i.e., area, elevation, surrounding landmass area, distance to the
nearest mainland, historical connection with mainland, and abso-
lute latitude); and iii) identified hotspots of cumulative exposure
as the 5% of islands projected to experience the greatest exposure
to global change by 2050. Finally, to inform conservation prior-
itization, we assessed the geographic attributes of islands within
hotspots of cumulative exposure to the three threats, and tested
whether they were distributed randomly across countries or clus-
tered in specific regions, thereby identifying nations or regions
that hold a disproportionate share of highly exposed islands.

Results

We found that the cumulative exposure of islands to the three
threats projected for 2050 ranged from 0 to 2.2 (max. possible
value is 3), with a median of 0.19 and a mean value of 0.29 + 0.28
(SD) under the SSP3-7.0 scenario. Cumulative exposure was low-
est for islands above the Arctic Circle, in Patagonia, and in north-
ern Australia (Fig. 2). We found relatively higher cumulative
exposure values across all oceans and seas, with particularly ele-
vated cumulative exposure values for islands in the Pacific, along
the North American coasts, Western Europe, and Southeast Asia
(Fig. 2). Cumulative exposure was higher for islands with a low
surrounding landmass proportion, not connected to the mainland
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Fig. 1. Workflow of the different methodological steps from data collection to cumulative exposure calculation. E., E,;, and Eg are the exposure values
corresponding to climate change, land-use change, and biological invasions, respectively.
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Fig. 2. Cumulative exposure of islands to climate change, land-use change, and biological invasions for 2050 under the SSP3-7.0 scenario. Point and bar color
scales with cumulative exposure, as depicted in the histogram. The histogram shows the distribution of cumulative exposure for the 16,578 islands, which are

also mapped on the Top Right Inset.

during the last glacial maximum, and more distant from the main-
land, mostly due to higher individual exposure to climate change
and land-use change (Fig. 3, Left panels). We also found that small
and low-elevation islands at low latitudes were associated with a
higher individual exposure to climate change, whereas large and
highly elevated islands tended to be more associated with exposure
to land-use change (Fig. 3, Right). Exposure to global change was
significantly higher for inhabited islands than for uninhabited
islands, for all three threats (S/ Appendix, Fig. S1).
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Opverall, most islands were dominated by climate change (n =
10,849, 65% of all islands), while 22% (n = 3,627) were dominated
by land-use change, and only 13% (n = 2,104) by biological inva-
sions (S1 Appendix, Fig. S2). When focusing on island hotspots (i.c.,
defined as the 5% most exposed islands, n = 836), we found that
land-use change was the main threat (87% were dominated by
land-use change, 9% by climate change, and 4% by biological inva-
sions). These islands were mostly concentrated in the Pacific Ocean
(e.g., Micronesia, Fiji Islands, Polynesia), Northern Europe (e.g.,
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Fig. 3. Correlations of island geographic attributes (A and B) and exposure values (C and D) with the first two principal components (PC1 and PC2) summarizing
island geographic variation. Island attributes are ordered according to their loading value with PC1 and are all numeric continuous except HCM. SLMP:
surrounding land mass proportion; HCM: historical connection with mainland (0: no; 1: yes); Latitude: absolute latitude; Elevation: maximum elevation; Area:
island area; Distance: closest distance to the mainland; E: cumulative exposure; Bl: individual exposure to biological invasions; CC: individual exposure to
climate change; LU: individual exposure to land-use change. Bar colors represent their absolute value intensity.
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Baltic Sea), the Bay of Bengal, the East China Sea, the Philippines,
and the Nusa Tenggara Islands, Indonesia (Fig. 4). At a regional
level, the pattern became markedly heterogeneous with islands expe-
riencing different threat intensities within the same broad regions.
For instance, in the Bay of Bengal, both land-use change and climate
change significantly contributed to cumulative exposure, with
higher intensity for islands in the Barishal division. In the
Philippines, the largest hotspot islands were concentrated in the
Western and Central Visayas regions (Fig. 4). A latitudinal gradient
emerged when examining the dominant threat in the hotspots:
islands for which climate change was the dominant threat were
largely tropical (e.g., islands in the Malay Archipelago), while islands
for which biological invasions dominated tended to be located at
higher latitudes, especially in Northern Europe. This latitudinal
pattern persisted when we considered hotspots for each threat sep-
arately (87 Appendix, Fig. S3): Climate-change hotspots tended to
be concentrated around tropical areas, with some notable exceptions
to this pattern (e.g., Canada). Conversely, biological-invasion hot-
spots tended to occur at higher latitudes.

Hotspots of cumulative exposure did not differ in terms of
island geographic attributes (i.c., island area and surrounding
landmasses, maximum elevation, historical connection to the
mainland or distance to the nearest mainland) from the remaining
95% islands (S Appendix, Fig. S4). However, hotspots were not
randomly distributed across countries and subdivisions. Out of
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177 regions, 31 had a significantly higher proportion of hotspot
islands than expected by chance (Fig. 5, labels in orange). These
included continental nations, mostly located in Western Europe
and East Asia (e.g., France, Denmark, Sweden, India, Bangladesh,
China), as well as many insular nations (e.g., Fiji Islands, Japan,
Kiribati, Micronesia, Northern Mariana Islands, Philippines,
Samoa, Seychelles, Singapore, Sri Lanka, Taiwan, Tuvalu, United
Kingdom). In contrast, we did not detect any overrepresentation
of hotspots in the Americas, and only two African countries (i.e.,
Ghana and Tunisia) had significantly more hotspot islands than
expected by chance alone.

Discussion

Relative Contribution of Threats to Cumulative Exposure.
Opverall, cumulative exposure (E) of islands to the three major
threats was relatively low, with a median value of 0.19, considering
that £ theoretically ranged between 0 and 3. Although no island
reached the theoretical maximum, the highest observed value
(E'=2.2) underscored that some islands are projected to experience
substantial cumulative exposure in the near future. The vast number
of uninhabited islands (8 1% of the studied islands, representing 14%
of the total island area) explains the low median value in cumulative
exposure, since they had lower exposure values for all three threats

compared with inhabited ones (S7 Appendix, Fig. S1). With a low
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Fig. 4. Relative contribution of biological invasions (BI), climate change (CC), and land-use change (LU) to the top 5% islands (i.e., hotspots, n = 836) with the
highest cumulative exposure. Point colors are defined by the triangular space in the bottom-left corner and indicate the relative contribution of each threat
(i.e., Blin green, CCin red, and LU in blue) to cumulative exposure. Zooms on the Bay of Bengal (including the Barishal division between 90°E and 91°E) and
the Philippines are shown, with darker colors showing islands from the top 5% in the triangular color space and lighter colors showing islands from the 95%

islands with the lowest cumulative exposure.
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300 islands. In the inset map, countries with no islands in the dataset are shown in light gray.

human presence, these islands are less subject to intensive land
transformations and repeated introductions of non-native species
(8). This was further supported by the fact that biological invasions
and land-use change contributed more to £ than climate change.
Such findings corroborate previous assessments of ocean health
for coastal territories (including many islands), where the Ocean
Health Index—i.e., an indicator measuring the health of ocean
socio-ecosystems—was significantly higher for the least populated
and often uninhabited, remote, unexploited, or sustainably used
islands (18).

Although the median exposure to climate change was low, val-
ues were strictly greater than zero for all islands but one, meaning
that even the most remote islands will be affected by changes in
temperature or precipitation and/or sea-level rise. This underlines
that anthropogenic climate change is a ubiquitous and omnipres-
ent threat to insular ecosystems, albeit with varying degrees of
magnitude, and consequently heterogeneous impacts on terrestrial
fauna (19). This represents an important conservation challenge,
as there are limited options for addressing the threat of climate
change in practice at the archipelago or island level. We also found
that higher levels of exposure to climate change were associated
with small and low-elevation islands at low latitudes, all of which
are features of atolls and also deltaic islands (20, 21). For example,
some islands occurring in the Ganges delta are particularly exposed

PNAS 2026 Vol.123 No.32 2534106123

to sea-level rise (22). In turn, in the Coral Triangle, a region which
contains numerous island archipelagos with atoll formations, the
observed extent of change in temperature and precipitation was
high, confirming that this region will probably face acute extinc-
tion risks for marine and terrestrial biota (23). However, since we
did not quantify any island-level biodiversity indicators (and par-
ticularly on remote and uninhabited islands), it remains unclear
to what extent the difference in threat distributions translate into
actual impacts on biodiversity. Future studies should quantify how
these threats affect local species diversity, abundance, and compo-
sition, in order to assess island biota vulnerability to global
change (24).

Islands with high elevation, and large area, often surrounded
by landmasses and typical of volcanic and land-bridge continental
fragments, were primarily affected by land-use changes. These
islands were most common in the Central Pacific, Baltic Sea,
Indian Ocean, and Southeast Asia, where many emerged as global
exposure hotspots. This pattern was not surprising as it reflects
the long-standing impacts of land-use change, habitat degrada-
tion, and fragmentation in these regions (25), even if some effects
may lag for several decades (26). Recently, Beyer et al. (2020)
demonstrated that New Guinea, Borneo, and Madagascar have
experienced extensive land-use pressures over the last decades,
resulting in significant impacts on natural ecosystems. Biological

https://doi.org/10.1073/pnas.2534106123 5 of 9
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invasions were also frequent on islands with medium to high
cumulative exposure, with a significant correlation with land-use
change. The interplay between biological invasions and land-use
change has been widely documented in the scientific literature,
which reflects two main mechanisms: Human establishment drives
both land conversion and the introduction of novel non-native
species, while anthropogenic disturbances facilitate the establish-
ment and spread of non-native species (27). Consequently, effec-
tive conservation actions will need to account for the co-occurrence
of threats and their potential synergistic interactions (28).

Spatial Patterns of Island Exposure to Global Change. Islands
projected to experience high cumulative exposure by 2050 under
the SSP3-7.0 were found across all the oceans and seas, but their
distribution was uneven, with most islands concentrated in a few
regional hotspots. We identified 31 countries or subdivisions
where hotspots of cumulative exposure to the three threats were
overrepresented relative to what would be expected by chance
alone. Considering the rich biodiversity and high degree of
endemism in some of these countries (29), our findings suggest
that cumulative exposure to global threats may have significant
consequences for insular species in the years to come. Many of these
nations are Small Island Developing States (SIDSs) in the Indian
Ocean and the Pacific, already recognized as the most vulnerable
countries under climate change (30), and we showed that they are
also disproportionately exposed to land-use change and biological
invasions. A notable exception is the Caribbean SIDS, which,
on average, showed relatively low cumulative exposure to the
three threats and did not emerge as parts of the global exposure
hotspots. Many Caribbean islands experienced major waves of
deforestation, agricultural expansion, and urbanization centuries
ago, during European colonization (31). As a result, current and
projected land-use change may appear less intense because much
of the native habitat has already been transformed. This is also
the case for the Canary islands, colonized by Berber populations
before the 4th century, and permanently transformed by burning,
deforestation, and the introduction of domesticated animals (32).

Although we found geographic and administrative relatedness
across hotspots of cumulative exposure, it is important to note that
we were unable to derive a general geographic profile for islands
projected to experience high levels of global change by 2050
(SI Appendix, Fig. S4). Hotspots of cumulative exposure emerged
across contrasting types of insular systems. For instance, continental
islands in the Bay of Bengal had a high cumulative exposure due to
land-use and climate change, where the most exposed islands in this
region (e.g., the Barishal division in Bangladesh) were also among
the least populated of the country (33). However, islands close to
the mainland can serve as resources for nearby human populations,
as the Barishal region had undergone significant land transforma-
tions due to agricultural activities to produce food for the whole
country. Pacific islands in SIDSs were also among the most exposed
to multiple threats. Their colonization history led to shattering
transformations (34), both in terms of land uses and species turnover
following biological invasions, and they will, in addition, face the
future consequences of climate change and sea-level rise.

Limitations. We acknowledge several limitations to our study.
First, some threats may have a “threshold effect”: Once a threshold
is reached, conditions become unsuitable for endemic species,
particularly those on small low-lying islands or with small range
size near the coastline and intertidal zone, regardless of other
threats. This is particularly true for sea-level rise (35). Future
analyses using the global island exposure dataset (Dataset S1) could
further explore such threshold responses, as well as interactions

https://doi.org/10.1073/pnas.2534106123

and nonlinear dynamics among threats. Second, the analysis
at a global extent implied several inevitable compromises on
data availability and quality. For instance, the temperature and
precipitation change metrics relied on global climate models
downscaled at 1-km resolution, with lower performance than
regional climate models dedicated to insular systems that account
for precise orography (36, 37). Although islands are increasingly
exposed to extreme weather and climatic events, such as droughts,
hurricanes, or storms (38), we were not able to consider such
extreme components of climate change in our study. Yet, it is
worth emphasizing that when land-use change has already led
to habitat fragmentation and thus reduced native species’ ranges,
the increased frequency of hurricanes or other extreme events can
have profound and multiplicative impacts on range dynamics (39)
especially within insular ecosystems, beyond the sum of individual
stressors (e.g., for an endemic insular bat in Puerto Rico) (40).
Third, although we incorporated a layer of non-native species
richness as an indicator of biological invasions, not all naturalized
species necessarily become ecosystem transformers. Moreover,
the introduction of specific highly transformative invasive
species (e.g., brown tree snake in Guam) can trigger extreme and
disproportionate impacts on island ecosystems (41), regardless
of the overall size of the non-native species pool. For instance,
30 species of invasive predators are collectively implicated in the
extinction of 58% of all birds, mammals, and reptiles (42). In such
cases, the main unknown is the probability of introducing one of
these highly transformative non-native species in a new island.
Yet, by using non-native species richness as a proxy for biological
invasion pressure, we can partially capture propagule pressure and
invasion potential, both of which are widely recognized to be
highly positively correlated with future invasion risk (9). Hence,
a large pool of non-native species can still represent latent risk
under changing environmental conditions.

Other major threats that we did not consider in our cumulative
exposure metric, such as pollution or overexploitation, are well
documented to impact insular biodiversity (1, 43), but were not
included due to the absence of suitable, spatially explicit datasets
at the required spatial and temporal scales. Moreover, the multi-
faceted nature of pollution poses a significant challenge for com-
prehensive assessment in ecological studies on islands. For instance,
microplastic pollution threatens seabirds, through ingestion and
entanglement (44), pesticide contamination can impair growth
and reproductive success in birds and freshwater vertebrates (45),
nitrogen depositions may affect nitrogen-fixing plant diversity
(46), and artificial light causes disorientation and mortality in
shearwaters on islands (47). Future work would greatly benefit
from the development of new datasets that include other threats,
such as pollution and wildlife exploitation, given their effects on
insular biota. This would be also relevant for freshwater systems,
vulnerable to overexploitation and water pollution. While our
analyses primarily focus on terrestrial threats, we acknowledge that
freshwater systems that home one quarter of global vertebrate
diversity, represent another critical component of island biota (48).
Finally, we focused on the exposure to threats in the future using
the current state of threat (e.g., 2015 for land-use) and trends
toward 2050, disregarding the past dynamics of land-use and bio-
logical invasions. This is a strong limitation as islands have long
been colonized by humans and experienced the arrival of
non-native species, overexploitation, and habitat degradation at
different paces (49), triggering waves of extinction dynamics for
many groups including birds and plants since the Late Pleistocene
(50, 51). Despite these limitations, we believe these metrics of
individual and cumulative exposure to global threats are helpful
for assessing the future pressures island biota will experience (24).
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Implications. By focusing on cumulative exposure, we provide
species-independent global assessment of insular systems under
multiple threats, including novel predictions for biological
invasions (52). In this study, we showed that insular systems will
be exposed to varying degrees of global change, with land-use-
related activities likely driving the most immediate impacts for
hotspots of cumulative exposure. Because islands already represent
a high percentage of threatened and endemic species (4), we might
expect a significant proportion of insular biodiversity to be at
high risk of extinction in the future. We can expect most insular
endemic species to have a limited ability to rapidly adapt to
multiple threats (49), but this will be modulated by variations in
their traits and immediate environment (50). For instance, species
able to track suitable environmental conditions are likely to be less
vulnerable than those with small populations, isolated habitats,
and nonplastic phenotypes (53). Based on our findings on global
exposure, a further step could be to study the vulnerability to
global change of any insular ecological entity (e.g., flora, fauna,
ecosystems), as already carried out for the vulnerability of bird
and mammal assemblages of 45 islands (54). Ultimately, this
global exposure assessment of islands can help prioritize regions
by 2050 and highlight areas where conservation and restoration
efforts might be particularly needed, as land-use change was
identified as a major threat in the most exposed islands. Land
restoration can help increase species habitat availability, but it also
contributes to mitigating the impacts of climate change and to
potentially limiting non-native species establishment and spread
(55). Such conservation actions align with the post-2020 Global
Biodiversity Framework of the Convention on Biological Diversity
(17), emphasizing the critical role of islands in global conservation
policy. Finally, we provide a global dataset at an unprecedented
level of details for island exposure to climate change, land-use
change, and biological invasions. This dataset can inform future
initiatives on all aspects of biodiversity exposure to these threats,
potentially advancing the study of neglected and threatened taxa
as well as understudied regions of the world.

Materials and Methods

Data Collection.

Island delineation. We used a dataset of 17,883 marine islands of various
geological origins (e.g., volcanic, continental) covering all landmasses smaller
than Greenland but larger than 1 km?, representing over 98% of the total global
island landmasses (56). This dataset includes geographic information such as
island area, maximum elevation, historical connection to the mainland, distance
to the nearest continental landmass, and surrounding landmass area, with spatial
boundaries derived from the database of Global Administrative Areas (GADM,
v1.1).

Climate change markers. \We assessed island exposure to future changes in
temperature and precipitation for 2050, as well as potential land loss undera 1-m
sea-level rise scenario (57). Temperature and precipitation data were extracted
from CHELSAv2.1(58). For the present period (1989-2018), we computed mean
annual temperature and total annual precipitation from monthly layers. Future
climate projections (2041-2070) were derived from averaged climatologies
based on five general circulation models (GCMs) from CMIP6 scenarios (i.e.,
CCSM4, HadGEM2-ES, MIROC5, MRI-CGCM3, and NorESM1-M) for two Shared
Socioeconomic Pathways (SSPs), namely SSP1-2.6 and SSP3-7.0. We quantified
climate change exposure as the standardized Euclidean distance (SED) between
present and future mean annual temperature and total annual precipitation, for
each 30-arc sec grid cell (~1 km? at the equator) and each SSP by GCM combi-
nation (n =2 x 5)(59):
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where T, and P, represent the averaged mean annual temperature and total
annual precipitation for the present period, respectively, T, and P, are the same
metrics but for the future period, and oT,; and P, are the SD of interannual
variability in the present period. High SED values indicate greater local climate
change between present and future periods. For each SSP, we averaged the SED
values obtained from the five GCMs. Finally, for each island, we considered the
median SED across all pixels intersecting the island with a surrounding buffer
of 1 km, ensuring that all islands, including small ones, were represented by a
minimum of 9 pixels.

To estimate exposure to sea-level rise (SLR), we calculated the potential land

loss undera 1-m sea-level rise scenario based on elevation data at 30-m resolu-
tion from the Shuttle Radar Topography Mission (SRTM)(60) for islands between
60.0°N and -56.0°S, the Arctic digital elevation model (ArcticDEM) (61) for islands
above 60.0°N, and the Reference Elevation Model of Antarctica (REMA) (62) for
islands below -56.0°S. For each island, we calculated the proportion of pixels
below 1-m elevation relative to all pixels with positive elevation, excluding pixels
below sea level.
Land-use change markers. We quantified the proportion of human-modified
land to capture both the current state and projected trends in land use on
islands. Most insular species suffer population declines as a result of cultivation
and urbanization (1). Accordingly, we assumed that measuring land conversion
from natural to human-modified habitats (e.g., urban areas, agricultural lands,
forestry) adequately captured these pressures.

Current(2015) and future (2050) land use were derived from the GLOBIO4

land-use model at 300-m resolution (63), considering all grid cells classified as
croplands, forestry, or urban areas as human-modified lands. For each island,
we computed the land-use state (LU ) as the proportional cover, in sur-
face area, of human-modified lands on each island. Islands without grid cells
classified as land (i.e., all islands chiefly covered by "Water," n = 439) were
excluded. Future trends (LU ,,,4) Were calculated as the change in the propor-
tion of human-modified land between 2015 and 2050 under two scenarios
(SSP1-2.6 and SSP3-7.0).
Biological invasion markers. To quantify exposure to biological invasions, we
predicted non-native species (NNS) richness for each island using a machine-
learning framework based on geographic (e.g., island area, isolation, elevation)
and anthropogenic predictors (e.g., human population density, land -use cover)
that have been identified as drivers of biological invasions (for further details, see
ref. 52).The workflow included three main steps: 1) assembling a training-testing
dataset with observed presences and absences of NNS (all taxa, including plants,
animals, and fungi) on 5,561 islands; 2)fitting and evaluating predictive models
while accounting for sampling effort; and 3) generating current and future pre-
dictions of NNS richness for the 16,578 islands using the best modeling strategy.
Observed NNS richness was compiled from the DASCO and BIVA datasets (64, 65),
with sampling effort used to define pseudoabsences. The final and best model was
a hurdle random forest model weighted by sampling effort, predicting both the
probability of NNS presence and, conditional on presence, total NNS richness for
eachisland. Model performance was high (mean absolute error = 10.99 = 0.76;
R?=0.75 = 0.03; Spearman’s p = 0.68 + 0.01). Predictions were generated for
the 16,578 islands that had a complete set of predictors for the present (2015)
and two future SSP scenarios (SSP1-2.6, SSP3-7.0). The present NNS density
(NNS/km?) represented the biological invasion state (B/ ,,,,.), and future trends
(Bl 4eng) Were calculated as the difference between future and present NNS den-
sities, under two scenarios. Here, because information on the impacts of invasive
NNS ata global extent is still lacking (11), we considered NNS density as a proxy
for exposure to biological invasions. We assumed that the proportion of NNS is
related to the number of invasive species, even if it does not directly translate
into invasive species impact.

Statistical Analyses.

Individual threat and cumulative exposure calculation. A total of 16,578
islands had a complete set of markers for all three threats (i.e., 92.7% of all con-
sidered islands). For these islands, we scaled each marker between 0 and 1 with
a min-max rescaling approach (after log-transforming the present NNS density
to decrease the effect of a few islands with very high-density values). We then
calculated, for each SSP (1-2.6 or 3-7.0), the individual threat exposure (i.e.,
Ece, Eiy and Eg for climate change, land-use change, and biological invasions,
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respectively) as the sum of all markers, for each threat separately (see Fig. 1 for
equations).

Finally, we calculated the cumulative exposure (£) as the sum of the three indi-
vidual threat exposures: £, Ey;, and Eg,. Before summing, each individual threat
exposure was rescaled to a 0 to 1 range (Fig. 1). Because many islands showed
no or very limited projected change in land use or biological invasions, a simple
sum would underrepresent the importance of the current conditions for these two
threats. To account for the current threat state while still incorporating future tra-
jectories, we introduced weighting factors for the trend components of land-use
change (LU,,,,y) and biological invasions (Bl,,,,,) and assessed the sensitivity of the
results to these weights. This weighting balances the influence of current condi-
tions with future trends, ensuring that the metric remains relevant for conservation
planning while acknowledging the greater uncertainty associated with long-term
projections. We recomputed E for three sets of weights for both LU, g,y and Blygny:
0.1,0.5,and 1.0. We observed highly correlated values among the three weighting
levels (S Appendix, Fig. S5). Moreover, we compared the final values of F obtained
from the two different future scenarios and found similar outcomes (R? = 0.991,
P <0.001; SIAppendix, Fig. S6). Therefore, the results were robust to the choice of
SSP and the weight for future trends, indicating that these factors did not drive the
main observed patterns. We thus present the results for the intermediate scenario
SSP3-7.0 for 2050, with a moderate weight of 0.5 for both LU, 4g and Blyepg-
Exposure and island characteristics. Islands have distinct evolutionary histo-
ries and biodiversity assemblages, depending on their geographic attributes;
therefore, it is crucial to examine how exposure to global threats differs between
islands’ profiles. Yet, no simple classification based on island features exists at the
global extent. We thus established island geographic profiles from a combination
of island characteristics. Specifically, we assessed whether E and individual threat
exposures were related to island geographic attributes based on six variables:
area, maximum elevation, historical connection to the mainland, distance to the
closest continent, proportion of surrounding land mass, and absolute latitude.
We built a Principal Components Analysis (PCA) with these variables and we
assessed the contribution of the six variables to the first two PCs (i.e., PC1 and
PC2, together accounting for 67% of the total variance) using the PCs' loadings.
Then, we calculated Pearson’s correlation coefficients between individual and
cumulative exposure values and the two PCs. Finally, to assess if exposure varied
with human presence, we intersected islands polygons with a 1-km-projection of
population density in 2020 to obtain the maximum present population density
of each island (66). We defined as uninhabited islands all the islands for which
the maximum population was 0 (n = 13,371).

Dominance and relative importance of each threat. For each island, we iden-
tified the individual threat, either E, £y, or Eg, with the highest exposure value
and assigned it as the dominant threat of the focal island. We also calculated
the relative contribution of each threat to cumulative exposure as the value of
individual threat exposure divided by the cumulative exposure value. One island
(i.e., Qegertaq Island, Greenland) was excluded because its cumulative exposure
value was 0, and no dominant threat could be assigned. We also built a Shiny
app to explore the results for each archipelago. It allows users to filter data by
archipelago and visualize both individual and cumulative exposure values for
each island of the focal archipelago, presented in a table and as a radar plot
(https://gabrielhoc.shinyapps.io/rivage_app/).

Characterization of exposure hotspots. Cumulative exposure hotspots were
defined as islands with cumulative exposure values exceeding the 95th percen-
tile of the distribution (n = 836 islands), also referred to as the top 5% islands
in cumulative exposure. We also defined threat-specific exposure hotspots as
islands with individual threat exposure values exceeding the 95th percentile
of the distribution. To assess the factors associated with cumulative exposure
hotspots, we plotted the islands of the two exposure groups (i.e., the top 5%
hotspots and the remaining 95% islands) on the first two PCs of island geo-
graphic profile.

Using null models, we further assessed whether the cumulative exposure hot-
spots were randomly distributed or clustered around specific regions. For each of
the 177 countries and subdivisions containing islands with cumulative exposure
values, we calculated the observed proportion of islands identified as exposure
hotspots. To generate null expectations, we randomly assigned hotspot identity
globally, designating 5% of the 16,578 islands as hotspots and recalculating the

https://doi.org/10.1073/pnas.2534106123

proportion of islands classified as hotspots within each country. We repeated the
simulations 9,999 times and compared the observed proportions per country to
the simulated proportions using a two-sided test (o = 5%). We calculated p-values
from the null distribution of simulated proportions for each country as P =
(b+ 1)/(n + 1), where b is the number of simulated proportions of hotspots that
were equal to or above the observed proportion of hotspots and n is the number
of simulations. Countries with an associated P-value < 0.025 had a significantly
higher proportion of islands identified as hotspots than expected by chance, while
countries with an associated P-value > 0.975 had a lower proportion of islands
identified as hotspots than expected by chance.

All analyses were performed using R v4.5 (67), specifically with the fol-
lowing packages: dplyr, sf, and terra for data manipulation; ggplot2, viridis,
patchwork, and Ternary for visualization (68-70). The final dataset containing
individual and cumulative exposure values for the 16,578 islands is provided
in Dataset 2.

Data, Materials, and Software Availability. The derived data that sup-
port the findings of this study are openly available from Zenodo at 10.5281/
zen0do.17708407. The island identifiers and associated geographic attributes
were obtained from ref. 44. Exposure metrics were obtained from multiple data
sources detailed in Materials and Methods. Non-native species richness per
island was obtained from a previously published dataset available at 10.5281/
zen0do.17610441. Processed data used for exposure calculation and the analyses
are provided in Dataset S1. All steps necessary to obtain the processed data for
each markerare also available in scripts on the repository. Dataset S2 is the output
dataset, comprising individual threat exposure and cumulative exposure to global
change for all 16,578 islands by 2050 under the SSP3 scenario.
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