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ABSTRACT
Aim: Climate change poses a challenge to the Azores' biodiversity, with consequences that remain unexplored. To shed light on 
the potential impacts of climate change, we have developed a large ensemble of species distribution models (SDMs) for species 
found in the coastal marine environments and examined their spatiotemporal turnover and stability.
Location: The Azorean archipelago.
Taxon: Coastal marine species (mammals, fish, turtles, seabirds, kelp forest and corals).
Methods: SDMs were fitted a large ensemble comprising 10 machine learning algorithms and a fivefold cross-validation resam-
pling procedure, thus yielding a maximum number of 50 models fitted per species. These models were then utilised for projecting 
species distribution under different future scenarios. The projected distributions of the species were employed to assess changes 
in the stability of their ranges throughout the entire modelled period (2030–2100) and in their community compositions by ex-
amining changes in alpha diversity and beta diversity over 10-year periods.
Results: We show that under our model assumptions over 12% of the modelled units could lose suitable climate by the end of 
the century, with this number increasing up to 25% under a high carbon emissions scenario. Climate change refugia, which are 
areas of long-term species range stability, are expected to be mainly located in the coastal areas in the northernmost part of the 
archipelago. A substantial loss of suitable climate is anticipated for mammals and birds, which is likely to trigger a major loss 
of species on the islands of Santa Maria, São Miguel, Pico and Faial. For fish, the loss of suitable climates is less pronounced. 
However, climate change is expected to cause a major reshuffling of the pelagic fish assemblage, with important consequences 
for local fisheries on each island.
Main Conclusions: Our models provide insights into how climate change may alter the distribution of Azorean marine coastal 
species, offering important guidance for conservation and management efforts in these important North Atlantic ecosystems.
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1   |   Introduction

The Azores is a volcanic archipelago located in the North 
Atlantic Ocean. It boasts a unique biodiversity shaped by con-
vergent influences from Europe, America and Africa. Situated 
at the crossroads of these three continents, the Azores exhibit 
a blend of species that have arrived through various natural 
dispersal routes and mechanisms (Borges and Hortal  2009; 
Morton and Britton 2000). This convergence has resulted in a 
rich assemblage of plant and animal life found in a few other 
places on the planet. However, this extraordinary biodiversity 
faces a growing threat associated with climate change. While 
such effects have been examined across terrestrial ecosystems 
(Ferreira et al. 2016, 2019) and offshore marine zones (Calado 
et  al.  2011), a comprehensive assessment of the expected im-
pacts of climate change on coastal marine ecosystems is still 
missing.

The Azores' coastal marine ecosystems play a vital role in 
supporting local communities and sustaining the region's 
economy. For example, they provide crucial habitats for com-
mercially valuable fish species, which support the local fish-
ing industry (Carvalho, Edwards-Jones, and Isidro  2011). 
Additionally, the archipelago's coastal waters attract visitors 
from around the world for their exceptional biodiversity,  
offering opportunities for nature-based tourism and rec-
reational activities like fishing, snorkelling, diving, as 
well as shark and whale watching (Bentz et  al.  2014; Diogo 
and Pereira  2013; Queiroz, Guerreiro, and Ventura  2014; 
Silva 2015). The economic well-being of the Azorean commu-
nity is thus intrinsically linked to the health and vitality of its 
coastal biodiversity.

Although ongoing climate change inevitably poses new chal-
lenges to the Azores' coastal marine biodiversity, the extent 
of its impacts is still poorly studied. Rising sea temperatures, 
increased storm intensity and changing oceanic currents can 
all lead to shifts in species distributions, alter ecological inter-
actions and disrupt the delicate balance of these ecosystems 
(Poloczanska et  al.  2013; Smale et  al.  2019). Furthermore, 
ocean acidification resulting from the absorption of excess 
carbon dioxide by seawater poses a particular threat to the 
calcifying organisms and the intricate food webs within the 
Azorean marine ecosystems (Guinotte and Fabry  2008). To 
begin addressing these issues, we use the largest ensemble 
of species distribution models (SDMs) possibly developed for 
coastal marine environments to examine the potential effects 
of climate change scenarios on the persistence and potential 
redistribution of suitable environmental conditions for marine 
species of mammals, reptiles, fish (both pelagic and benthic), 
breeding birds, as well habitat suitability for corals and kelp. 
We ask the following: (1) How large is the proportion of species 
projected to lose suitable climate in the future? (2) How does 
the rate of loss of suitable climate compare across different tax-
onomic groups? (3) How will loss of climate suitability affect 
species turnover? All three questions were addressed consid-
ering Shared Socioeconomic Pathway (SSP) scenarios of future 
climate change with low (SSP1-1.9) and high (SSP5-8.5) carbon 
emissions.

2   |   Materials and Methods

2.1   |   Species Checklist and Occurrence

Our dataset was created through a three-step process. Firstly, 
we compiled a list of species inhabiting the coastal ecosystems 
of the Azores by conducting a spatial query within the coastal 
zone of each one of the nine islands of the archipelago, consider-
ing a 12-mile distance from the edge. Secondly, we verified the 
distribution of each species in coastal zones by consulting avail-
able checklists and experts. Thirdly, we removed any duplicate 
entries and filtered the list of species to retain only those with a 
minimum of 15 occurrences. The entire pipeline for creating the 
dataset was implemented using R v. 4.2.1. Each step is described 
in detail below.

In the first step, we generated the initial inventory of data for 
coastal species by querying recorded occurrences of all species 
within a 12-mile buffer along the coastlines of the seven islands 
comprising the Azorean archipelago. The buffer width was se-
lected in accordance with the review process of the Network 
of Marine Protected Areas of the Azores (RAMPA), overseen 
by the Blue Azores programme (https://​www.​bluea​zores.​org/​), 
which aims to bolster marine biodiversity protection by delin-
eating and enhancing protected areas. While the initial bound-
ary was set to differentiate between coastal and offshore zones 
based on variations in scientific data, user groups and socio-
economic factors, it was deemed appropriate to expand the buf-
fer from the originally intended 6 to 12 miles. This extension 
addressed the resolution of environmental data (3 miles), the 
presence of species near the buffer edge and potential geoloca-
tion errors, thereby providing a more robust and comprehensive 
representation of coastal marine diversity. Species occurrence 
data were compiled from various repositories, including eBird 
(2021), GBIF.​org (2023), OBIS (Halpin et  al.  2009), BioTIME 
(Dornelas et  al.  2018) and the Azores Portal of Biodiversity 
(‘AZP’; Borges et al. 2010). Data from projects conducted in the 
Azores were also considered in our inventory (Azevedo and 
Barreiros 2019; Barcelos, Azevedo, and Barreiros 2022a, 2022b; 
Barcelos and Barreiros 2022; Luz et al. 2022; Neto et al. 2021). 
Morphotypes and genus-level identifications were discarded. 
This initial inventory resulted in a preliminary checklist of 
4563 species.

In the second step, we focused on standardising taxonomic 
names and excluding species whose distribution did not encom-
pass the coastal marine areas of the Azores. Initially, taxonomic 
names were standardised using the WORMS taxonomic dictio-
nary (Horton et  al.  2017). Subsequently, the resulting list un-
derwent a comprehensive review conducted by specialists and 
cross-referenced with published taxonomic lists to ensure the 
exclusion of potentially misidentified or non-occurring species. 
To validate the accuracy of the list, algae species were reviewed 
by Andrea Zita Botelho and Manuela Parente Cardoso, marine 
invertebrates by Ana Costa and seabirds by Azucena Martin. We 
further eliminated duplicate entries based on geographic coor-
dinates to ensure the accuracy of our data. Following the revi-
sions, the final checklist comprised 2,779,112 spatial records of 
1716 species representing 26 phyla.
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Owing to extreme heterogeneity in the spatial representative-
ness of species distributions data across groups, in the final step, 
we opted to exclude species with less than 15 records within the 
12-mile buffer. The application of this criterion resulted in the 
exclusion of 1394 species, leaving a final list with 323 species 
(see Data S1). The final checklist comprised 25 species of ma-
rine mammals, 239 species of fish, 4 species of turtles, 9 species 
of breeding seabirds, 2 species of kelps and 44 species of cor-
als. Given the scarcity and incomplete nature of data for corals 
and kelps, we consolidated all coral and kelp species records, 
treating them as two distinct biogenic habitats (habitat forming 
species). That is, out of a pool of 323 species, we modelled the 
distribution for 277 species and 2 biogenic habitats.

2.2   |   Data for Fitting Species Distribution Models

We used species occurrence data as spatial points with pres-
ence records only (i.e., without absence records), specifying 
locations where species were observed. We also used a set 
of environmental and climate variables obtained from Bio-
ORACLE V3.0 (Assis et  al.  2024), which provides essential 
physical, chemical and biological GIS raster layers for surface 
and benthic marine realms with global extent and uniform 
resolution (0.05° resolution, approx. 5 km at the equator). 
The variables provided are presented as statistical summa-
ries of weather data over time slices of 10-year intervals for a 
baseline period (2010–2020) and future periods (2030–2040, 
2040–2050, 2050–2060, 2060–2070, 2070–2080, 2080–2090 
and 2090–100). Projections of future climates involved two 
shared SSP scenarios, including the SSP1-1.9 and SSP5-8.5 
corresponding to the lowest (best) and highest (worst) green-
house gas emissions scenarios, respectively (Riahi et al. 2017). 
We examined collinearity among predictor variables using 
the variance inflation factor (VIF) metric and selected a re-
duced set of uncorrelated and ecologically relevant predictors 
through a stepwise procedure (Naimi et al. 2014) to avoid mul-
ticollinearity (Dormann et al. 2013). The values of the VIF and 
the results of the stepwise procedure have been included in 
the FigShare repository (see below). Specifically, we selected 
four variables including maximum temperature, phytoplank-
ton, pH and salinity and used them as predictors in SDMs. 
The benthos raster layers were used to model benthic species, 
including corals, kelps and fish. The surface raster layers were 
used to model the distribution of all other species.

2.3   |   Species Distribution Modelling

For each one of the species considered, we fitted SDMs (Peterson 
et al. 2012). We used 10 machine learning algorithms and a five-
fold cross-validation resampling procedure, fitting a maximum 
of 50 models per species. SDMs were fitted for species with at 
least 15 presence records to avoid the effects of biases result-
ing from low sample size (Stockwell and Peterson  2002; Van 
Proosdij et al. 2016).

The extent of the study area can affect model results (Tessarolo 
et al. 2014; Thuiller et al. 2004), and this is particularly import-
ant when species–climate response curves are estimated with 
species distributions that fail to sample the full gradient where 

the species are present (Araújo et al. 2019; Pearson et al. 2006). 
To address this issue, all species present in the coastal areas 
of the Azores were modelled including their reported occur-
rences across the entire North Atlantic, spanning latitudes from 
15° to 65° N and longitudes from 4° to 54° W (see also Araújo 
et al. 2022). This broader geographical scope was crucial to bet-
ter capture the full spectrum of environmental conditions for 
each species, thereby reducing the risk of underestimating spe-
cies–environment response curves when projecting the impacts 
of environmental changes on species distributions, as suggested 
by previous research (Araújo et al. 2019; Thuiller et al. 2004).

Given that the available species distribution data contain 
presence-only records, we generated 1000 pseudo-absence 
points, which were used to represent the background set. The 
points were randomly sampled across the entire North Atlantic 
study area using the ‘background’ function from the ‘sdm’ pack-
age (Naimi and Araújo  2016). This method ensures that the 
pseudo-absence data capture the full spectrum of environmen-
tal conditions within the study area, thus better representing the 
environmental gradient for each species (Thuiller et al. 2004). 
Furthermore, the use of a consistent background dataset across 
all species reduces the risk of underestimating species–environ-
ment response curves and enhances the comparability of the 
models (Araújo et al. 2019).

The 10 machine learning algorithms used to develop SDMs were 
generalised linear model (‘GLM’, McCullagh  2019), classifica-
tion and regression trees (CART, Breiman et al. 1984), boosted 
regression trees (BRT, Elith, Leathwick, and Hastie  2008), 
random forests (RF, Breiman  2001), multiple discriminant 
analysis (MDA, Hastie, Tibshirani, and Buja  1994), support 
vector machine (SVM, Vapnik 2000), multivariate adaptive re-
gression spline (MARS, Friedman  1991), maximum entropy 
(Maxent, Phillips, Anderson, and Schapire  2006), domain 
(Carpenter, Gillison, and Winter 1993) and bioclimatic envelope 
(Busby 1991). Resampling by fivefold cross-validation was used 
to generate five replications of training and test datasets con-
taining 70% and 30% of the total records, respectively (Fielding 
and Bell 1997). We then fitted 10 SDMs for each replication and 
evaluated them for their performance. We used the area under 
the curve (AUC) of the receiver operating characteristic (ROC) 
plot (Swets  1979) and the true skill statistic (TSS, Allouche, 
Tsoar, and Kadmon  2006) to estimate the predictive perfor-
mance of models. AUC values under 0.5 indicate discrimina-
tion between observations and predictions worse than expected 
by chance; a score of 0.5 implies random discrimination; and a 
score of 1 indicates perfect discrimination. TSS is calculated as 
‘sensitivity + specificity − 1’ and ranges from −1 to +1, where +1 
indicates perfect agreement, a value of 0 implies agreement ex-
pected by chance and a value of less than 0 indicates agreement 
worse than chance.

2.4   |   Ensemble Forecasting

For each species, we combined the outcome of the different 
models within an ensemble forecasting framework (Araujo and 
New 2007). Specifically, we estimated a consensus for each spe-
cies across the baseline period by obtaining an AUC-weighted 
mean across all models (Garcia et  al.  2012). The models were 

 13652699, 0, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1111/jbi.15008 by U

niversidade D
o A

lgarve, W
iley O

nline L
ibrary on [21/10/2024]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense



4 of 10 Journal of Biogeography, 2024

used to project the distribution of species into the future periods 
and then the outcomes of different models were combined using 
the same approach, representing a consensus SDM for different 
future scenarios. The resulting maps were reclassified into bino-
mial maps indicating the presence or absence of the species using 
the ‘lowest presence threshold’ (LPT). The LPT was estimated 
for each species by selecting the lowest predicted value associ-
ated with any of the observed presence records, as described by 
Pearson et al. (2007). This approach can be interpreted ecologi-
cally as identifying pixels predicted to be at least as suitable as 
those where a species' presence has been recorded. The approach 
is conservative, identifying the smallest predicted area while 
maintaining zero omission errors in the training dataset.

All SDM and ensemble forecasting analysis was performed 
using the ‘sdm’ R package (Naimi and Araújo 2016). The large 
total number of replications and the sophisticated modelling 
workflow employed in this study made the computation ex-
pensive. Therefore, we used high-performance computing 
by adopting a parallelised procedure executed on an effi-
cient supercomputer cluster based at the University of Évora 
(OBLIVION).

2.5   |   Temporal Reshuffling of Marine Assemblages

Temporal reshuffling was assessed by monitoring changes in 
the estimated presence and absence of individual species over 
10-year periods. Specifically, two currencies were examined: 
changes in alpha diversity and beta diversity. Alpha diversity, or 
species richness, was measured as the number of estimated spe-
cies presences in the 0.05° gridded cells within each decade. This 
was calculated by stacking ensemble SDM projections for each 
species and decade, and summing the number of species present 
in each grid. The beta diversity was estimated by measuring the 
change in the estimated composition of the species within each 
grid cell over the successive decades. It was measured using the 
Sørensen index (Sorensen  1948), which calculates the similar-
ity of species composition in a grid cell at two points in time 
as the ratio of the number of common and dissimilar species 
between the two time windows. Following Cardoso, Rigal, and 
Carvalho (2015), we also disaggregated beta diversity in terms of 
replacement and species richness components to assess whether 
compositional changes are attributable to rearrangements of co-
existing species or to the local extinction of one or more species. 
Alpha and beta diversity were quantified using the ‘divraster’ R 
package (Mota et al. 2023).

Finally, we examined range stability throughout the entire mod-
elled period (2030–2100). Areas projected to sustain the presence 
of the species across the entire period were classified as range 
retention refugia (Araújo et al. 2022), signifying their critical im-
portance for species conservation in the face of climate change.

3   |   Results

Overall, ensemble models showed good predictive performance 
across all biological groups (AUC > 0.8, see all the model-
ling results at https://​doi.​org/​10.​6084/​m9.​figsh​are.​25358638). 

Ensemble models largely capture the observed patterns of spe-
cies richness in the Azores and offer predictions that extend 
beyond areas with high recorded concentrations of species 
(Figure  1). As expected, the highest number of co-occurring 
species is predicted for the coastal zones.

3.1   |   How Large Is the Proportion of Species 
Projected to Lose Suitable Climate in the Future?

Projections estimate a decrease in the number of coastal ma-
rine species throughout the 21st century due to a reduction in 
suitable climatic conditions (suitable range) compared to the 
baseline period (Figure 2). The rate of loss of suitable areas for 
species is expected to differ depending on the emissions sce-
nario (compare coloured bars in Figure 2A,B). Nevertheless, our 
projections indicate that by the year 2100, over 120 species in the 
coastal marine zones of the Azores archipelago could lose more 
than 50% of their suitable distribution areas.

FIGURE 1    |    Coastal marine diversity across the Azorean 
archipelago. (A) Observed species richness as calculated from existing 
occurrence records of sea birds, sea mammals, fishes, turtles and two 
biogenic habitats (kelps and corals). (B) Predicted species richness by 
stacking the ensemble forecasting of species distribution models. A 
coastal buffer of 12 miles is represented using dotted lines. Observed 
and predicted richness maps for each biological group considered are 
provided as Data S2 (Figures S2.1–S2.14).
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Under the low-carbon scenario (SSP1-1.9), changes in the 
retention of suitable areas would remain minimal over the 
century (Figure 2A). Climate change is projected to decrease 

more than 90% of the suitable area for 18% of the modelled spe-
cies (see purple and black bars in Figure 2A). Of this percent-
age, about 24 species are projected to lose the whole of their 

FIGURE 2    |    Projected retention of the suitable climate range for marine species in the coastal marine Azores throughout the 21st century. The 
bars display the number of species falling into different classes based on the percentage of range retention forecasted in each decade. The black bars 
represent the number of species that would undergo complete loss of climate suitability within the 12-mile coastal buffer between decades under 
scenarios of low (A) and high (B) carbon emission scenarios. Further detailed information regarding the percentage of refugia retained by species in 
each decade and island is provided in Data S3 and S4.

2090−2100

2080−2090

2070−2080

2060−2070

2050−2060

2040−2050

2030−2040

0 100 200
Number of species

A. SSP1−1.9

2090−2100

2080−2090

2070−2080

2060−2070

2050−2060

2040−2050

2030−2040

0 100 200
Number of species

B. SSP5−8.5

no retention

less than 10%

between 10% and 30%

between 30% and 50%

more than 50%

FIGURE 3    |    Projected climate retention refugia for coastal marine assemblages of birds, mammals, benthic fish, and pelagic fish (left to right), 
from the mid (two top rows) to late 21st century (two bottom rows) under two climate change scenarios. Refugia are areas (grid cells) that are 
projected to remain suitable for at least one species until the middle or end of the century. Increased number of species with retained refugia is 
indicated by increased shades of grey. A coastal buffer of 12 miles is represented using black lines.

 13652699, 0, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1111/jbi.15008 by U

niversidade D
o A

lgarve, W
iley O

nline L
ibrary on [21/10/2024]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense



6 of 10 Journal of Biogeography, 2024

suitable area in the Azores archipelago. In contrast, under the 
high emissions scenario (SSP5-8.5), the retention of suitable 
areas decreases from the beginning to the end of the century 
(Figure 2B). By the end of the century, the proportion of spe-
cies expected to retain more than the 10% of their suitable 
area decreases from 55% in 2030–2040 to 40%. Indeed, over 
80 species, including Merlucius merlucius, Labrus bergylta and 
Symphurus nigrescens, are projected to lose their suitable area 
completely within the 12-mile coastal buffers (black bars in 
Figure 2B). Refer to Data S3 and S4 for detailed information 
on the retention refugia per species, per island and per climate 
change scenario.

3.2   |   How Does the Rate of Loss of Suitable 
Climate Compare Across Different Taxonomic 
Groups?

One approach to assess the impact of climate change on species 
distributions is to measure how much of current species distri-
butions will remain climatically viable throughout a given time 
frame in the future. Such areas of range retention, or climate 
refugia, are critical for the persistence of species and for con-
servation planning. Across the Azorean archipelago, range re-
tention areas are projected to shrink across a greater area and 
faster for seabirds and marine mammals than for benthic and 
pelagic fish (compare the changes in the blue zones in Figure 3). 
By 2100, the maximum number of bird species that will remain 
climatically viable within the 12-mile coastal buffer could range 
from 7 in SSP1-1.9 to 2 in SSP5-8-5. For marine mammals, the 
number of species that will remain climatically viable could 
decrease from 18 in SSP1-1.9 to 2 in SSP5-8-5 (refer to bottom 
panels in Figure 3).

In coastal marine environments (i.e., within the 12 miles of the 
coastline), benthic and pelagic fish are expected to maintain 
their refugia by 2100 (Columns 3 and 4 in Figure 3). However, 
the number of species able to retain their ranges in these areas 
may vary depending on the climate change scenario. For in-
stance, the maximum number of benthic fish species that will 
remain climatically viable within the 12-mile coastal buffer 
could range from 133 in SSP1-1.9 to 115 in SSP5-8-5. For pelagic 
fish, the number of species that will remain climatically viable 
could decrease from 55 in SSP1-1.9 to 49 in SSP5-8-5.

3.3   |   How Will Loss of Climate Suitability Affect 
Species Turnover?

Shifts in coastal marine species distributions will likely drive 
changes at the assemblage level. One approach to investigate 
changes is through the measurement of beta diversity through 
time. Analysis of beta diversity through time indicate changes 
in species richness more so than species replacement, as 
shown by the comparison of blue and yellow colours in the 
bar plots of Figure 4. The decline in climate suitability within 
coastal marine areas could lead to local extinctions of seabirds 
and mammals, with pronounced impacts in coastal commu-
nities near the islands of Santa Maria, São Miguel, Pico, Faial 
and Sao Jorge. This outcome is especially noticeable under the 
most extreme carbon scenario (SSP585), where most of these 

species are anticipated to face local extinction by the mid-21st 
century (see Figure S2.15).

Furthermore, beta diversity calculations indicate alterations in 
species replacement rather than changes in species numbers are 
likely to be the primary drivers behind the reshuffling of fish 
communities (as illustrated by the comparison between the yel-
low and blue bars in Figure 4). The impact of distribution shifts 
on community reorganisation appears to be more pronounced 
for pelagic fish compared to benthic fish. This is indicated by the 
elevated levels of species turnover relative to overall beta diver-
sity observed in across the islands.

4   |   Discussion

Conservation planning and management must be tailored to 
account for the diverse responses of coastal marine species to 
climate change (Orgeret et al. 2022; Rilov et al. 2019). While 
climate change poses a global threat to marine biodiversity, 
the impact on diversity can differ significantly based on the 
specific sensitivities of each taxonomic group and the geo-
graphic characteristics of each part of the archipelago. It is cru-
cial to incorporate these variances in conservation planning 
to effectively mitigate the adverse effects of climate change 
on coastal marine ecosystems (Poloczanska et  al.  2013). To 
safeguard marine mammals effectively, conservation efforts 
should focus on prioritising the protection of climate refugia 
located in the northernmost coastal zones of the archipelago. 
Such an approach would protect potential migration pathways 
for larger species, like whales, facilitating their movement 
to areas with less exposure to adverse conditions (Fredston-
Hermann, Gaines, and Halpern 2018).

Additionally, forecasting alterations in food webs resulting from 
fish species turnover could offer valuable insights for enhancing 
coastal marine fishery management on those islands of the ar-
chipelago anticipated to undergo significant species reshuffling. 
The reorganisation of assemblages due to climate-driven species 
replacement and loss is likely to modify existing food web dy-
namics and interaction intensities (Sydeman et al. 2015). These 
changes could redirect the flow of energy and carbon within 
ecosystems and potentially encourage the proliferation of pests 
and diseases (Bartley et al. 2019). Understanding these poten-
tial shifts is crucial for developing adaptive management strat-
egies that can accommodate the evolving ecological seascape, 
thereby ensuring the sustainability and resilience of coastal ma-
rine resources and ecosystems (Kortsch et al. 2015). Therefore, 
incorporating models that consider biotic interactions, could 
complement understanding of the impacts of climate change on 
the coastal ecosystems of the Azores. By integrating biotic inter-
actions into the models, we could gain deeper insights into the 
potential changes and challenges facing these environments, 
thereby enhancing our ability to devise effective conservation 
and management strategies.

Models and maps produced for future species ranges and reten-
tion refugia can offer crucial insights for the selection and design 
of networks of coastal marine protected areas (Araújo et al. 2022), 
along with various supplementary indicators of connectiv-
ity (Gouvêa et  al.  2023) and vulnerability to both gradual and 
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extreme climate changes (Buenafe et al. 2023; González-Trujillo 
et al. 2023). It is, however, important to bear in mind certain lim-
itations inherent in our modelling approach. Firstly, the accuracy 
of our models is contingent upon the availability and density of 
occurrence records, which vary among species. This may poten-
tially impact the reliability of predictions for those with sparse 
data. Secondly, our projections are based on specific climate sce-
narios and assumptions about future greenhouse gas emissions. 

This introduces uncertainties regarding the precision of future 
predictions. Finally, by focusing solely on coastal marine species 
currently occurring in the Azores, our analysis did not account 
for the seasonal arrival or permanent encroachment of offshore 
and coastal species. Given the high functional connectedness 
of marine biodiversity (Albouy et al. 2019), an influx of species 
currently absent from the Azores, following warming of the 
ocean (Hastings et al. 2020), is almost guaranteed. The potential 

FIGURE 4    |    Temporal beta diversity of coastal marine assemblages as driven by species loss and replacement. Blue bars represent beta diversity 
between decades (each bar represents the difference between a given decade and the decade preceding it). Yellow bars represent the fraction of the 
beta diversity that is associated with species replacement. Points represent the average alpha diversity (and standard deviation) found at each island 
in each decade. Temporal trends projected under the SSP1-19.
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displacement of marine faunas poses a dual-edged sword: on one 
hand, it introduces additional challenges for conserving native 
biodiversity, as some of the migrating species may compound the 
threats posed by climate change if, somehow, manage to outcom-
pete native species (Alexander, Diez, and Levine 2015). On the 
other hand, it provides an opportunity to mitigate anticipated 
species losses by enabling the colonisation of species distributed 
in southerly regions, leading to the transformation of existing 
communities into new ones comprising species typically adapted 
to warmer waters (Lurgi, López, and Montoya 2012). Conducting 
a comprehensive evaluation of the redistribution and its impli-
cations for faunal biodiversity across the North Atlantic exceeds 
the scope of this study. However, such an assessment would be 
essential to gain a more complete understanding of the impacts of 
climate change on the biodiversity of the Azorean coasts.

This study provides new insights into how climate change will alter 
the distribution of Azorean coastal marine species. It unequivo-
cally demonstrates the sensitivity of various taxonomic groups and 
islands to two distinct climate change scenarios and reveals the po-
tential consequences for the species composition of coastal marine 
communities. Furthermore, it provides vital regional insight that 
will inform local climate change adaptation efforts. Particularly 
in the southern islands of the archipelago, where species redis-
tribution is anticipated to be most significant, it is imperative for 
policymakers to focus on curbing over-exploitation and habitat 
degradation. This would help diminish the combined impacts of 
suboptimal natural resource management and climate change 
(Staudt et al. 2013). By engaging local communities in the conser-
vation of habitats and species, this strategy not only enhances the 
resilience of marine ecosystems but also empowers communities, 
fostering a collaborative approach to environmental stewardship 
(Marques et  al.  2013). Such an inclusive model of conservation 
would ensure that local knowledge and practices contribute to 
sustainable ecosystem management, thereby strengthening the 
overall effectiveness of climate adaptation measures.
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