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ABSTRACT
Aim: The potentially cascading consequences of climate changes on redistribution of habitat-forming species, like seagrasses, 
remain a major research gap. Empirical demonstrations of local population changes are increasingly reported without a globally 
integrated predictive framework as a leading testable hypothesis. Therefore, here, we aimed to estimate changes in species rich-
ness, community composition, and areas of climatic refugia under future climate scenarios.
Location: Global scale.
Time Period: Present-day conditions (from 2010 to 2020) and for three Shared Socioeconomic Pathway (SSP) scenarios of future 
climate change (from 2090 to 2100).
Major Taxa Studies: Seagrasses (plantae).
Methods: We coupled seagrass occurrences with environmental predictors (temperature, salinity, nitrate, wave energy, and ice) 
in stacked species distribution modelling.
Results: Models estimated a present global extent of 917,169 km2 with high species richness in Temperate Australasia, Indo-
Pacific, and Temperate North Pacific. Future projections predicted widespread spatial redistribution, with Arctic expansions, 
losses in lower latitudes, and deeper vertical ranges, while globally maintaining the area extent occupied worldwide by seagrass 
species (only 5% of change). Species richness increased poleward under more drastic scenarios (SSP3-7.0 and SSP5-8.5), with 
losses in tropical zones (30oN to 30oS). Local climatic refugia are retained in all scenarios but decrease under higher emissions. 
Additionally, even where seagrass species remain, widespread community composition changes were predicted.
Main Conclusions: Our findings serve as baselines to inform, anticipate, and mitigate cascading consequences of shifts in sea-
grass ecosystems that provide essential services for humanity.
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1   |   Introduction

A major global problem for the future of humanity is the change 
in the extent and distribution of structural species that create 
ecosystems upon which many other species and ecosystem ser-
vices depend. In the oceans, marine structural habitats that play 
a disproportionately large role in supporting marine biodiver-
sity tend to be very environmentally restricted and susceptible 
to change. Concomitantly, under increased carbon emissions, 
not aligned with the Paris Agreement goals (United Nations 
Framework Convention on Climate Change), future climate 
change is expected to redistribute global marine biodiversity 
through a generalised pattern of poleward range expansions 
and losses at lower, warmer latitudes (Assis et  al.  2017; Assis 
et al. 2022; Gorman et al. 2016; Hodapp et al. 2023). Distribution 
range shifts can alter patterns of species richness and commu-
nity composition (Boavida-Portugal et  al.  2018, 2022; Brown 
et  al.  2022; Garciá Molinos et  al.  2016) potentially disrupting 
the structure of marine food webs (Hillebrand et al. 2018). Such 
impacts can be amplified when changes are elicited on eco-
system structuring species (Hoegh-Guldberg and Bruno  2010; 
Monserrat et  al.  2022) that support essential habitats for nu-
merous associated species. Their loss or altered state can lead 
to the simplification and impairment of ecosystem function-
ing (Agostini et  al.  2018; Harvey et  al.  2021), even when spe-
cies are replaced by others with similar ecological roles (James 
et al. 2020; Muthukrishnan et al. 2020; Teagle and Smale 2018).

In the global ocean, essential marine ecosystem services are pro-
vided by seagrasses, as they create a habitat for mating, nursery 
(Nordlund et al. 2018), food and shelter for numerous associated 
species, including those with high commercial value. They are 
efficient in carbon sequestration, nutrient cycling, and coastal 
protection (Erzini et  al.  2022; Mtwana Nordlund et  al.  2016) 
and serve as biological and ecological indicators of the well-
being of their connected communities and ecosystems (Purvaja 
et al. 2018). Ongoing climate change, coupled with other human 
disturbances, e.g., eutrophication, has caused seagrass declines 
globally (Espel et al. 2019; Lafratta et al. 2019) impacting their 
ecological services (Macreadie et al. 2019; Pansini et al. 2021). 
Due to their high importance and vulnerability, seagrasses are 
included in several directives and legislation (e.g., European 
Water Framework Directive; European Biodiversity Strategy), 
international conventions (e.g., the Convention on Biological 
Diversity), and restoration initiatives (Da Ros et al. 2021; de los 
Santos et al. 2019; van Katwijk et al. 2016). Yet, the persistence of 
seagrass ecosystem services in the future is contingent on their 
future distributions, as the leading hypothesis is that projected 
climate change might continue or even accelerate seagrass de-
clines (Chefaoui, Duarte, and Serrão  2018). A comprehensive 
predictive assessment of future global seagrass distribution and 
diversity, including turnover by species replacements, is an im-
portant current research gap for the reasons highlighted above. 
Available projections are currently limited to a few species (e.g., 
Zostera marina, Posidonia oceanica and Cymodocea nodosa) 
and regions (e.g., the Arctic, the Mediterranean Sea, and west-
ern Africa; Assis et al. 2022; Chefaoui, Duarte, and Serrão 2018; 
Chefaoui et al. 2021). One study projected future seagrass changes 
at the global scale (Daru and Rock 2023), yet it did not consider 
identifying climatic refugia to guide prioritisation of conserva-
tion (e.g., Marine Protected Areas). Additionally, it overlooked 

key predictors for seagrass modelling, like nutrient conditions, 
wave energy, and sea ice cover. The study also neglected the 
latest-generation data of the Coupled Model Intercomparison 
Project (CMIP phase 6) that contributes to the latest IPCC 
Assessment Report on Climate Change. Importantly, these data 
include new predictor variables for modelling, better capture 
the variability (spatial and temporal) of the physical and biogeo-
chemical properties of the ocean (Kwiatkowski et al. 2020), and 
output the new Shared Socioeconomic Pathway (SSP) scenario. 
These allow to estimate future biodiversity patterns under the 
Paris Agreement expectations, aligned with international cli-
mate policies (Sanderson, O'Neill, and Tebaldi 2016), contrast-
ing with the previous RCPs scenarios.

In this study, our goal is to conduct the first systematic as-
sessment of how climate change will impact the richness and 
community composition of seagrass species under the latest-
generation Shared Socioeconomic Pathway (SSP) scenarios of 
the CMIP 6. These spanned from low carbon emissions, aligned 
with the goals of the Paris Agreement, to high emissions under 
no mitigation strategies. We hypothesised that future climate 
change will lead to significant shifts in the distribution, species 
richness, community composition, and areas of climatic refugia 
for seagrasses globally. To make projections, we used ensembles 
of species distribution modelling (Araújo and New  2007) and 
stacked modelled individual distributions to investigate patterns 
of diversity (Fragkopoulou et al. 2022) and community turnover. 
We used a suite of sophisticated machine learning algorithms 
linking the most comprehensive and quality-controlled datasets 
of seagrass occurrence records available with high-resolution, 
biologically meaningful climatic predictors. Our results provide 
quantitative estimates of future global seagrass species richness 
and community turnover and identify areas of climatic refugia 
estimated to support seagrass persistence over the long term. 
These estimates highlight the benefits of broad compliance with 
the Paris Agreement in reducing carbon emissions. They also 
serve as baselines to inform conservation, management, and 
restoration planning by flagging threatened and stable seagrass 
regions under different climate change scenarios.

2   |   Methods

The direction and magnitude of seagrass biodiversity shifts were 
explored using Species Distribution Modelling (SDM; Peterson 
and Araujo 2012) under alternative climate change scenarios to 
guide well-informed conservation and management decisions 
(Villero et al. 2017) (e.g., in the scope of the Intergovernmental 
Panel on Climate Change framework). These models were con-
structed based on widely agreed standards for biodiversity as-
sessments (Araújo et al. 2019) and were published following the 
ODMAP protocol (Supporting Information S1; Overview, Data, 
Model, Assessment and Prediction; Zurell et al. 2020) with open-
source code to ensure proper reproducibility (please refer to 
data availability statement). Three high-performance machine 
learning algorithms were chosen, namely Adaptive Boosting 
(AdaBoost; Krause-Jensen et  al.  2020), Boosted Regression 
Trees (BRT; Elith, Leathwick, and Hastie 2008; Krause-Jensen 
et  al.  2020), and Extreme Gradient Boosting (XGBoost; Chen 
and Guestrin  2016). In addition to capturing complex interac-
tions between predictor and response variables, these tools also 
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cope well when there are few data available (Barbet-Massin 
et al.  2012) and allow tuning specific hyperparameters for re-
ducing overfitting and improving model transferability (Elith, 
Leathwick, and Hastie 2008).

Environmental layers for modelling were generated at a 
0.05° resolution (approx. 5 km at the equator) based on Bio-
ORACLE computational pipelines (Assis et  al.  2018) for 
present-day conditions (from 2010 to 2020) and for three 
Shared Socioeconomic Pathway (SSP) scenarios of future cli-
mate change (from 2090 to 2100): (1) a “sustainability” sce-
nario SSP1-1.9 following the target of Paris Agreement of 
reduced greenhouse gas emissions, (2) the “regional rivalry” 
SSP3-7.0 scenario, which represents the medium-to-high end 
of the range of future forcing pathways, and (3) the “fossil-
fuelled development” SSP5-8.5 scenario of high emissions 
and low challenges to adaptation (Figures  S1–S3). Predictor 
variables reflecting seawater conditions were based on the 
biological relevance for seagrass meadows. Specifically, sea 
temperatures (long-term average of monthly maximum and 
minimum), salinity (long-term minimum), nutrient condi-
tions (long-term minimum of nitrate), sea ice cover (long-
term mean), and wave energy (Donatelli et  al.  2019; Grech 
and Coles 2010; Jayathilake and Costello 2018; Short, Coles, 
and Short  2001). The long-term values, encompassing mini-
mum, mean, and maximum, represent the average conditions 
recorded annually within the climatology. Such a subset of 
relevant predictors was designed to achieve parsimony while 
increasing the temporal transferability of the models (Araújo 
and Guisan  2006; Wenger and Olden  2012). Environmental 
predictor data for present-day conditions were acquired from 
the Copernicus Marine Service. Future projections of these 
predictor data layers were used through SSP scenarios derived 
from the ensemble (average of multiple atmosphere–ocean 
general circulation models “AOGCMs,” see Table  S1) (Assis 
et al. 2018). These models are provided as part of the 6th ver-
sion of the Coupled Model Intercomparison Project (CMIP). 
Because information on the light at the sea bottom is unavail-
able for the future, the predictor variables were restricted to 
the typical maximum depth range of seagrasses (down to 20 m 
depth; Larkum, Kendrick, and Ralph 2018).

Records of seagrass occurrences used for modelling were com-
piled from (1) the global distribution of seagrasses from the 
United Nations Environment World Conservation Monitoring 
Centre (UNEP-WCMC 2021) and (2) the fine-tuned global dis-
tribution dataset of marine forests (Assis et  al.  2020). These 
data comprised 1,547,562 records of 58 species belonging to 
13 genera and 5 families (Cymodoceaceae, Hydrocharitaceae, 
Posidoniaceae, Zosteraceae and Ruppiaceae; Table S2). Due to 
lack of absence data, pseudo-absences were randomly gener-
ated for every species. To minimise the influence of spatial au-
tocorrelation and sampling bias in distribution models (Araújo 
et al. 2005), a filtering process was applied to the occurrences 
and pseudo-absences by randomly selecting one record from 
the pool found within the minimum distance exhibiting sig-
nificant spatial autocorrelation (Di Cola et al. 2016; Segurado, 
Araújo, and Kunin 2006). This distance was estimated by eval-
uating Pearson's correlation coefficient of predictor variables 
as a function of geographical distance (Boavida et  al.  2016). 
Following the recommendations of Barbet-Massin et al. (2012), 

the number of pseudo-absences was set to a 1:1 ratio with oc-
currence records. However, to reduce the likelihood of generat-
ing redundant information for modelling, the pseudo-absences 
were climatically structured by applying to each one a unique 
membership attributed by K-means clustering performed on the 
predictors and setting the k clustering parameter to the num-
ber of occurrence records (Senay, Worner, and Ikeda 2013). This 
step further allowed removing the potential negative effect of 
class imbalance, which is particularly important for machine 
learning algorithms and provided a straightforward approach to 
isolate the potential contribution of predictor variables (Senay, 
Worner, and Ikeda 2013).

Model performance and predictive error were assessed with a 
10-fold cross-validation framework (Roberts et al. 2017; Valavi 
et  al.  2019) using spatially independent hexagons with sizes 
matching the previously determined uncorrelated distance 
(Mendoza and Araujo 2022; Valavi et al. 2019). Cross-validation 
also allowed identifying the optimal combination of hyperpa-
rameters for each algorithm (Elith, Leathwick, and Hastie 2008) 
by training competitive models in nine random folds of data, 
while one-fold was held at each run to test performance. The 
process was performed using the grid search method, which 
involved testing a span of learning rate (0.1, 0.01 and 0.001), 
tree complexity (1–4) and number of trees (50–1000, step 50) 
for BRT, number of interactions (50–250, step 50), degrees of 
freedom (1–12) and shrinkage (0.25–1, step 0.25) for AdaBoost 
(Krause-Jensen et al. 2020), and gamma (0 to 5, step 1), inter-
action depth (1 to 4), shrinkage (0.1 to 0.5, step 0.1) and number 
of rounds (10 to 100, step 10) for XGBoost (Valavi et al. 2022). 
To reduce overfitting, monotonic responses (Hofner, Muller, 
and Hothorn  2011) were forced either positively or negatively 
according to expected outcomes on species' habitat suitability. 
Maximum temperature, sea ice cover and wave energy were 
hypothesised to have a negative effect on seagrass distribution, 
while minimum temperatures, salinity and nutrient conditions 
were hypothesised to have a positive one. Pearson's correlation 
coefficient (r) and Variance Inflation Factor (VIF) were calcu-
lated among predictor pairs.

The performance of SDMs was determined with the Boyce index, 
which is an appropriate metric for presence-only models (Boyce 
et al. 2002), as well as with the area under the receiver operating 
characteristic curve (AUC) and sensitivity (Allouche, Tsoar, and 
Kadmon 2006). Boyce index varies between −1 and +1, while 
AUC and TSS are between 0 and 1. Positive Boyce index values 
above 0, or AUC and TSS above 0.5, indicate model predictions 
better than random, while values close to 1 suggest that predic-
tions agree with the observed patterns (Hirzel et al. 2006). For 
each species and algorithm, full models, including all predictor 
variables, were built using the combination of hyperparameters 
retrieving higher performance in cross-validation. The signifi-
cance of these models was inferred by determining the relative 
contribution of predictors to the performance of models and 
by developing partial dependence plots, from which hypothet-
ical physiological tolerance limits were extracted (minimum or 
maximum, depending on the predictor; Assis et al. 2017; Elith, 
Leathwick, and Hastie 2008).

Habitat suitability maps per species were produced for present-
day conditions and for the different SSP scenarios by ensembling 
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the responses of the three algorithms (i.e., weighted averaged 
ensemble modelling; Araújo, Thuiller, and Pearson 2006). These 
were then reclassified into binomial maps to represent presence 
and absence records, using the minimum training area thresh-
old, which sets the minimum predicted area while keeping sen-
sitivity higher or equal to 0.95 (Vignali et al. 2020). To reduce 
overprediction, maps were clipped by considering potential 
reachable areas through dispersal (Ballesteros-Mejia et al. 2017; 
Cooper and Soberón  2018; Fragkopoulou et  al.  2022; Mendes 
et  al.  2020), an important step when analysing species with 
low dispersal ability, such as seagrasses (Kendrick et al. 2017). 
This considered the typical maximum dispersal distance among 
seagrass populations of up to 200 km (Kendrick et al. 2012) and 
avoided regions of unsuitable habitats.

Species richness maps for present-day and SSP scenarios were 
inferred by summing species' binomial maps (i.e., stacked SDM). 
The number of species gained (G) per pixel (assuming species 
are able to reach suitable areas) was determined under the three 
future SSP scenarios considered. Species lost (L) per pixel were 
also determined and divided by estimated species richness per 
pixel for present-day conditions (SR). Community turnover was 
calculated using the familiar metric (L + G)/(SR + G) (Thuiller 
et al. 2005). For visualisation purposes, maps were aggregated 
at a 60 km resolution using Uber's hexagonal hierarchical spa-
tial index (Fragkopoulou et al. 2022). Summary tables were also 
produced to report estimates per marine realm, province, and 
ecoregion (Spalding et al. 2007a) and for the Exclusive Economic 
Zones (EEZs).

3   |   Results

The performance of the individual models was high across the 
3 algorithms, both in cross-validation and the final predictions, 
with further improvement when combined into a unique en-
semble and when considering dispersal constraints based on a 
distance threshold of 200 km (Figure 1; Table S3). The ensemble 

models had low uncertainty (based on the standard deviation of 
the algorithms; Figure S1). Multiple predictors were considered 
in the models, but minimum and maximum ocean tempera-
tures played a key role in explaining the distribution of seagrass 
species (relative combined contribution of ~71%, on average; 
Figure 1c; Table S4), followed by wave energy and nitrate (aver-
age contributions of 17.90% and 8.31%). Salinity had a residual 
contribution to the models (3.37%), and ice coverage was import-
ant for Zostera marina only (6.40%; per species estimates avail-
able in Table  S4), the unique seagrass species with an Arctic 
distribution, and no species occurring in Antarctica. These re-
sults are supported by the generally low collinearity found be-
tween predictors. Only minimum and maximum temperatures 
showed stronger collinearity (Pearson's correlation 0.84 ± 0.08, 
on average; VIF 10.70 ± 11.24, on average), yet implementing 
monotonicity in the algorithms removed potentially unreliable 
estimates of model coefficients and improved the interpretabil-
ity of the relative contribution of the two variables for the mod-
els' outcome. Overall, suitable environments for seagrasses were 
predicted in areas with temperatures ranging between 11.79°C 
and 29.14°C, wave energy equal to or below 5 (index ranging be-
tween 1 and 6, reflecting increasing energy), salinity above 25.14, 
nutrients above oligotrophic conditions (9.97 • 10−4 mol.m−3) and 
with no ice (per species estimates available in Table S5).

3.1   |   Seagrass Distribution and Biodiversity 
Patterns

Individual SDM were produced at 0.05° resolution and stacked 
into unique layers depicting the global distribution and diversity 
patterns of seagrasses (Figure 2a; Figure S2). The global extent 
of suitable habitats for seagrasses at present-day conditions was 
estimated to be 917,169 km2 (Figure 2), at an average predicted 
depth of 2.26 m (Table S6). To describe geographic patterns of 
species richness, estimates were aggregated at the marine ecore-
gion level (Table S7; Spalding et al. 2007b). Accordingly, areas of 
high species richness were predicted in Temperate Australasia, 

FIGURE 1    |    Performance of species distribution modelling inferred with (a) cross-validation and (b) the final predictive models based on 
Adaptive Boosting (AdaBoost), Boosted Regression Trees (BRT), Extreme gradient boosting (XGBoost), and the ensemble of algorithms (without and 
with dispersal constraints; Ensemb. and Ensemb. constr., respectively), estimated with AUC, Boyce, and Sensitivity (yellow, light pink, and pink, 
respectively). (c) The relative contribution of each predictor variable to the ensemble of the algorithms. For more information, refer to Tables S3, S4.
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the Indo-Pacific, and the Temperate North Pacific (Figure  2; 
Table  S7). The highest species richness was identified in the 
Leeuwin and the Houtman (16 species) ecoregions of Western 
Australia (Figure 2; Table S7). The Pacific and Atlantic Oceans 
were characterised by moderate richness (maximum 7 species), 
with regional higher diversity in the China and Mediterranean 
Seas (Figure  2; Table  S7). Conversely, species-poor areas with 
up to 4 species were mainly predicted in the higher latitudes of 
both hemispheres (e.g., Arctic and South America), and along 
the western African coastline (Figure 2; Table S7).

Future projections considering dispersal constraints estimated 
limited net changes in the global extent of seagrasses, charac-
terised by poleward expansions in the Arctic and regional losses 
at lower latitudes. The extent of suitable areas decreased by 5% 
under the low-emission SSP1-1.9 scenario and increased by 5% 
under the higher emission SSP3-7.0 (Figure 3; Figure S2a). The 
deepening of the average vertical distribution of seagrasses was 
estimated from 0.30 to 0.53 m (maximum: 9.20 m; SSP3-7.0; 
Table S6). Future projections anticipate extensive spatial redis-
tribution, encompassing both latitude and longitude, as well as 
across depth levels. According to our models, as depth increases, 
it is likely that environmental conditions will become more suit-
able for seagrasses, as estimated in the SSP5-8.5 scenario and 
observed and projected elsewhere (Chefaoui et al. 2021).

Broad changes in species richness and community composition 
were projected globally, particularly under the higher emis-
sion scenarios SSP3-7.0 (Figure  3) and SSP5-8.5 (Figure  S2a). 
Overall, a poleward shift of species richness was projected, cou-
pled with losses between 30oN to 30oS that coincided with areas 
that currently hold great numbers of species (Figures 2, 3). The 
largest changes in regional species richness were estimated in 

numerous ecoregions of the Central Indo-Pacific and Temperate 
Australasia, with losses reaching up to 13 species (e.g., Torres 
Strait Northern Great Barrier Reef), and gains up to 12 species 
(e.g., Leeuwin) under SSP3-7.0 (Table S7). Regions losing up to 
100% of their present-day seagrass species were also predicted at 
ecoregions of the Tropical Atlantic (e.g., Gulf of Guinea Islands), 
Tropical Eastern Pacific (e.g., Chiapas-Nicaragua), Indo-Pacific 
(e.g., Southeast Papua New Guinea), and Temperate Australasia 
(e.g., Three Kings-North Cape), without replacement by new 
species (Table S7).

Against this background of change, regions providing climatic 
refugia, i.e., suitable conditions for seagrass species under 
present and future conditions, were estimated in all future 
scenarios, although decreasing in extent with increasing gas 
emissions (global extent of refugia ranging between 917,169 and 
817,865 km2; Figure 4; Figure S2b). Under the SSP1-1.9 scenario, 
climatic refugia were estimated across the global distribution of 
seagrasses, in contrast to the increased emission SSP3-7.0 sce-
nario, where refugia were mostly confined to mid (e.g., Adriatic 
Sea) and high latitude ecoregions (e.g., Aleutian Islands), as 
well as in upwelling regions (e.g., Saharan upwelling; Figure 4; 
Figure S3; Table S7).

Changes in community composition caused by localised range 
losses and gains (i.e., turnover) were projected across the global 
distribution of seagrasses (Figure 5). Regardless of the climate 
scenario considered, turnover peaked across the Arctic, the 
Central Indo-Pacific, Temperate Australasia, and Northern 
Pacific, either in areas experiencing pronounced gains (e.g., 
Hudson complex, Papua and Cape Howe) or regions with se-
vere losses of species richness (e.g., Yellow and Japan Seas; 
Figure  5). Even some refugia regions showed some degree of 

FIGURE 2    |    Seagrass species richness patterns predicted at the global scale for present-day conditions. To improve visualisation, spatial 
information was aggregated to hexagon of 60 km edge length.
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community composition changes due to species gains and losses 
(Figure 5), despite the overall regional persistence of most spe-
cies (Table S7).

4   |   Discussion

We show that, despite limited net changes in the global ex-
tent of the seagrass biome, species are likely to experience 

poleward range shifts in the scenario of increased carbon 
emissions, as predicted by high-performance machine learn-
ing species distribution models for the latest-generation sce-
narios of climate change. These shifts may have profound 
consequences for regional patterns of species richness and 
community composition. The changes are particularly dras-
tic across the Central Indo-Pacific, the Temperate Australasia 
and the Tropical Atlantic, some of which (e.g., Southeast 
Papua New Guinea and Chiapas-Nicaragua) are projected to 

FIGURE 3    |    Changes in species richness (green and purple gradients indicating gains and losses richness, respectively) under the scenarios of 
climate (a) SSP1-1.9 and (b) SSP3-7.0 (for the additional scenario SSP5-8.5 refer to Figure S2a).
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lose up to 100% of their present seagrass species. By consider-
ing the new SSP scenarios of the current version of the CMIP 
(phase 6), our results are policy-relevant in the context of the 
latest IPCC Assessment Report on Climate Change and cur-
rent international climate policies (e.g., the Paris Agreement). 
Importantly, our estimates indicate that strong climate action 
in line with the Paris Agreement is extremely worthwhile, as it 
has been predicted in broader climatic refugia, enhancing the 

prospects of seagrass persistence, as well as the multiple eco-
system services provided. Furthermore, by identifying areas 
that serve as important refugia for seagrasses, as well as those 
particularly vulnerable to the impacts of climate change, we 
provide crucial information in the context of Blue Economy 
(Alongi  2018; Chanda and Ghosh  2022). These will guide 
where efforts in conservation, management, and restoration 
for seagrass ecosystems can yield a more enduring positive 

FIGURE 4    |    The proportion of species finding refugia under the scenarios of climate change (a) SSP1-1.9 and (b) SSP3-7.0 (for the additional 
scenario SSP5-8.5 refer to Figure S2b).
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impact, enhanced by the benefits to the associated biodiver-
sity reliant on seagrass habitat.

The machine learning algorithms fitting expert-verified oc-
currence data per species against biologically meaningful 
predictors retrieved high performance. Their predictions av-
eraged in a unique ensemble resulted in a robust approach, 

as expected in this line of modelling (a.k.a., ensemble mod-
elling; Araújo and New  2007). Additionally, the integration 
of dispersal constraints further improved performance. This 
often-neglected SDM approach allows for reducing overpre-
diction (Mendes et  al.  2020) without prior information on 
species' dispersal ecology (Cooper and Soberón 2018), which 
is largely unavailable and uncertain for most marine species 

FIGURE 5    |    Seagrass species' turnover projected under the scenarios of climate change (a) SSP1-1.9 and (b) SSP3-7.0 (for the additional scenario 
SSP5-8.5 refer to Figure S3).
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(Assis et al. 2021; Gouvêa et al. 2023). Overall, the models in-
dicate that the distribution of seagrasses is largely explained 
by physiological constraints (ocean temperature and nitrate) 
and disturbance (wave energy), in line with previous empir-
ical and modelling studies (Assis et al. 2022; Jayathilake and 
Costello  2018; Pereda-Briones et  al.  2018). The effect of nu-
trient conditions and sea ice is also supported by additional 
studies. While non-limiting nutrient concentrations have been 
linked to seagrass growth (Mazarrasa et al. 2018), the effect of 
ice, detected for Zostera marina, can regulate its occurrence 
by direct disturbance or by changing the light environment 
conditions (Assis et al. 2022; Krause-Jensen et al. 2020).

Stacking the individual models into a unique layer for the 
present-day conditions allowed an overview of the global 
seagrass biome, which largely matched its known distribu-
tion (Jayathilake and Costello  2018; Short et  al.  2007), with a 
total predicted extent of 917,169 km2, an estimate within the 
range of previous studies (300,000 to 1,646,788 km2; Duarte, 
Middelburg, and Caraco  2005; Duarte et  al.  2010; Jayathilake 
and Costello 2018; McKenzie et al. 2020). Similarly, the inferred 
patterns of seagrass species richness matched previous studies, 
with higher diversity estimated in Temperate Australasia and 
the Central Indo-Pacific (Larkum, Kendrick, and Ralph  2018; 
Short et al. 2007) and moderate species richness in the Pacific 
and Atlantic Oceans. These estimated biodiversity patterns re-
flect biogeographic and evolutionary expectations, supporting 
previous studies that have proposed the radiation and diver-
sification of seagrasses in the Indo-Pacific and Australian re-
gions (Larkum, Kendrick, and Ralph  2018; Short et  al.  2007). 
Moreover, such a link between stacked SDM outcomes and 
biogeographic and evolutionary hypothesis has also been 
demonstrated for additional ecosystem structuring species at 
global scale, specifically marine forests of large brown algae 
(Fragkopoulou et al. 2022).

Stacking the individual models under future conditions re-
vealed a limited degree of change in the global extent of 
seagrasses (by up to 5% globally). However, the generalised 
poleward range shifts of seagrass species may lead to changes 
in regional patterns of richness and community composition, 
aggravated under higher emission scenarios. Species like 
Phyllospadix scouleri, Phyllospadix serrulatus, Zostera caespi-
tosa and Zostera marina may expand to the high latitudes of 
the Arctic (as projected elsewhere; Assis et al. 2022; Krause-
Jensen et  al.  2020). On the other hand, range contractions 
at lower and warmer latitudes are expected, as populations 
are already living near their upper thermal tolerance limits 
(Poloczanska et al. 2016). Losses are projected to impact spe-
cies diversity in numerous countries (e.g., Australia, Vietnam, 
Japan, and Indonesia), some of which may entirely lose sea-
grass in specific areas. Such regional projections may add up 
to the losses already reported across the globe, whether by 
disease outbreaks, community structure shifts, or diebacks 
(Strydom et  al.  2020; Tang and Hadibarata  2022). Despite 
generalised range shifts, broad regions were projected as 
climate refugia where seagrasses may find favourable condi-
tions for the long-term. These areas were mainly identified 
in higher latitudes and also, interestingly, at deeper and up-
welled regions of lower latitudes, where cold-richer waters 
may safeguard populations from detrimental stressful surface 

conditions (Graham et  al.  2023), as observed for additional 
taxa (e.g., macroalgae; Lourenço et  al.  2016) and gorgonian 
coral (Pilczynska et  al.  2019). However, increased carbon 
emission scenarios projected a reduction in climate refugia 
from 917,169 to 817,865 km2, specifically in regions like the 
Yellow and Japan Seas and Northern Brazil, challenging the 
long-term persistence of the seagrass and ecosystem services.

The generalised projected pattern of range shifts may bring 
contrasting positive and negative effects. The projected pole-
ward expansions, by increasing seagrass area in previously un-
favourable regions, can boost local ecosystem services (Viana 
et  al.  2019) but also affect biotic interactions, outcompeting 
native species (Chiquillo et  al.  2023; James et  al.  2020) and 
altering the functioning of local ecosystems (Muthukrishnan 
et  al.  2020). Concomitantly, at the lower latitudes, potential 
seagrass losses should have multiple consequences resulting 
from the loss of their ecosystem services. Where complete or 
severe losses are projected, consequences in ecological services 
are expected. These include reductions in carbon sequestration 
or even extremely severe loss of long-term carbon reserves, in-
creased coastal erosion, changes in nutrient cycling, besides 
loss of essential habitat provisioning for numerous associated 
species (Dahl, Björk, and Gullström  2021; James et  al.  2023; 
Nguyen et al. 2021; Pansini et al. 2021). Where species replace-
ments preserve regional richness, consequences can be unpre-
dictable. For instance, the replacement of the large seagrass 
Thalassia testudinum by the non-native smaller-sized Halophila  
stipulacea in the Caribbean resulted in decreased food avail-
ability, altered associated assemblages, and reduced coastal 
protection (James et al. 2020; Muthukrishnan et al. 2020). In 
contrast, the replacement of Ruppia maritima by Halodule 
wrightii had no significant impacts on the observed ecosystem 
services provided in two shallow lagoons of the Florida Gulf 
coast (Christiaen et  al.  2016). The complexity of range shift 
outcomes highlights the need for additional research to under-
stand the potential impacts of community turnover and well-
informed management strategies for seagrass conservation in a 
rapidly changing world.

Despite the high performance of the models, limitations 
should be acknowledged. Potential data gaps and uneven 
sampling could have affected biodiversity estimates (Taheri 
et  al.  2021; Tessarolo et  al.  2014; Waycott et  al.  2009), espe-
cially in under-sampled regions like Africa and Northeastern 
Russia. Uncertainties could also arise when projecting climate 
change impacts on seagrass distributions in regions where fu-
ture conditions may be non-analog to those experienced by 
species anywhere in the present-day, such as in the Gulf of 
Oman and the Persian Gulf (Gouvêa et al. 2022). Additionally, 
projections did not consider additional drivers, such as anthro-
pogenic disturbances in current and future distributions (e.g., 
degradation, eutrophication) (Faurby and Araújo 2018) or bi-
otic interactions between species (e.g., competition, commen-
salism) that can further affect habitat suitability predictions 
(Araújo and Guisan 2006; Lemes et al. 2022). Integrating such 
additional drivers would be important to increase the real-
ism of projections, however, such data are not available at the 
global extent of the study. Additionally, the lack of information 
on the available substrata, typically muddy to coarse sand, and 
future light conditions could have resulted in overpredicting 
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suitable habitats (Krause-Jensen et al. 2020). To overcome this 
shortcoming, seagrass distribution was restricted to a maxi-
mum depth of 20 m, a typical maximum depth of seagrasses 
(Larkum et al. 2018). However, such conditions may change in 
the future, especially in higher latitudes, due to melting gla-
ciers and increases in river outflow. Potential consequences 
of future sea level rise altering available coastlines were also 
not considered but may affect individual estimates of suit-
able habitat (Chefaoui et  al.  2021). Concerning the nutrient 
forms assimilated by seagrasses, only one of them was consid-
ered in the models due to the strong correlation among these  
predictors (e.g., nitrate and phosphate). Some studies have 
suggested the nutrient source used for seagrass is dependent 
on species, but DIN (dissolved inorganic nitrogen) or am-
monium could be better predictors than only nitrate (Han 
et al. 2023; Short and McRoy 1984). However, at global scales 
and community level, thermal conditions were the main driv-
ers for the seagrass's distribution, and the influence of nutri-
ents was residual in the models (< 10% of relative contribution; 
Figure 1). Additionally, although this is not directly reflected 
in the model predictions, since nutrient layers might not  
capture localised gradients of eutrophication, it is important 
to highlight that these events combined with warming con-
ditions are a major stressor on seagrass and have led to de-
clines of meadows (Helber et al. 2021). Future studies should 
consider additional drivers under present-day conditions and 
future climate scenarios to better capture localised stressors 
of seagrasses.

Considering all the above, our climate change impact assess-
ment is likely to be overestimating seagrass habitat suitability. 
Nevertheless, it provides important new baseline information on 
present-day and future seagrass biodiversity patterns at global 
scales. As global change research advances, more and better 
data are being developed and made available that could be used 
to refine our results.

Our results highlight the benefits of complying with the Paris 
Agreement to reduce the magnitude of changes in seagrass bio-
diversity. Through high-resolution forecasts produced (0.05° 
resolution per species and stacked to unique layers; Supporting 
Information S2), we have provided baseline data to inform con-
servation and restoration actions. This enables the identification 
of regions with threatened species richness and stable seagrass 
ecosystems under different climate change scenarios. For exam-
ple, countries like Somalia, Kenya, Australia, Brazil and Japan 
may see seagrass ecosystems and associated services dramati-
cally reduced if broad compliance with the Paris Agreement is 
not achieved. This information supports a climate-smart con-
servation framework (Brito-Morales et al. 2022) and aligns with 
the new post-2020 Global Biodiversity Framework aiming to 
protect 30% of our seas by 2030 (CBD 2021; Leadley et al. 2022a). 
Identifying and protecting seagrass areas from additional cumu-
lative disturbances, such as pollution or degradation caused by 
fishing gear, is crucial because these factors, combined with the 
impacts of climate change, could further compromise ecosys-
tem health and resilience of meadows (Costello  2022a, 2022b; 
Leadley et al. 2022b). It could also be used to pinpoint candidate 
donor populations for restoration actions in impacted regions, in 
particular, stable seagrass in refugial areas (e.g., countries like 
Australia, New Zealand, and some islands of the South Pacific, 

Table  S8). Finally, considering that seagrass ecosystems are 
major blue carbon sinks, the information provided can allow 
countries to manage and incorporate blue carbon strategies with 
the main target of enhancing CO2 sequestration (Mazarrasa 
et al. 2018).
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