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Abstract

Protecting and restoring marine coastal ecosystems is essential to achieving Net Zero targets 
and counteracting biodiversity loss. Seagrass meadows are particularly important marine 
nature-based solutions due to their ability to store carbon, support biodiversity, and protect 
coastlines from extreme weather events. In the UK, however, Zostera marina (eelgrass) 
has experienced significant decline. While coastal restoration projects have increased con-
siderably in recent years, their success relies on precise, site-specific assessments to be 
effective. Regional assessments of Z. marina habitat suitability remain challenging due to 
insufficient high-resolution environmental datasets that capture comprehensive habitat and 
environmental heterogeneity. For restoration purposes, model transferability allows the 
identification of areas where the absence of surveys has led to a lack of species presence 
data, yet they could potentially be suitable for restoration. To address this gap, we used 
machine-learning and classical statistical algorithms to forecast distribution of Z. marina 
across the United Kingdom (UK) and Ireland (Ire) and within six case study sites that span 
diverse coastal topographies and environmental conditions, enabling assessment of model 
predictions at different scales. Our results show bathymetry and photosynthetically active 
radiation (PAR)—both depth-related predictors—as the most important factors determining 
eelgrass occurrences. This has been shown to differ where high-resolution wave energy data 
is available, which has been shown to be a much more effective predictor. Despite all models 
performing well within their respective spatial domains, model transferability was limited. 
The large-scale model represented by the UK and Ireland showed better transferability to 
smaller local sites than the reverse, likely because it encompassed broader environmental 
gradients. In contrast, local models, calibrated over narrower environmental ranges, were 
less generalizable to wider regions. The broad-scale model tended to overpredict habitat 
suitability in shallow coastal areas, whereas the local-scale models offered more realistic pre-
dictions. These findings highlight that while large-scale models are valuable for identifying 
general patterns, local-scale models are more reliable for guiding site-specific restoration 
and conservation efforts in the UK and Ireland.
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1. Introduction
Achieving and promoting nature recovery demand urgent action to protect and restore 

marine coastal ecosystems [1–3]. Among these, seagrass meadows play a crucial role as 
marine nature-based solutions, capturing and storing substantial amounts of carbon in 
their biomass and sediments while enhancing biodiversity and protecting coastlines from 
extreme weather events [3,4]. Despite their importance, seagrass meadows have declined 
sharply over the past century worldwide due to anthropogenic pressures such as nutrient 
pollution, coastal development, and physical disturbance like anchoring [5]. In this context, 
restoration of coastal habitats around the UK has rapidly grown in recent years, particularly 
for native oyster reefs, seagrass meadows and saltmarshes [6–10]. Once widespread across 
the UK, the subtidal, meadow-forming seagrass Zostera marina, eelgrass, has experienced 
significant decline, with around 44% of its cover lost since 1936 and historical evidence 
suggesting total losses may exceed 90% [11]. In some areas, improvements to water quality 
have led to a recovery of seagrass meadows [12], but the natural capacity of these plants 
to recolonise is considered to be low or slow [13]. Therefore, in areas where seagrass has 
significantly declined, has been lost altogether, or where distance to donor beds is not 
conducive to natural recovery, restoration is likely the only viable route of action to aid 
recovery but to also take advantage of this potential.

Global models estimating the extent, biomass, and biodiversity of seagrass ecosystems 
under current and future climate scenarios [14–17] have provided valuable baselines for 
ecosystem assessment and conservation planning. These estimates were performed using 
species distribution modelling (SDM), also known as habitat suitability modelling (HSM), 
a widely used approach across spatial and temporal scales [18–23]. The general lack of 
systematic biological surveys means it is impossible to be able to account for all individuals of 
a species all the time, which makes SDM invaluable in trying to fill these gaps [24]. However, 
the effectiveness of these models in local settings is often hindered by insufficient high-
resolution environmental data, which are vital for capturing detailed habitat heterogeneity 
and for accurately targeting and prioritising localised restoration actions [25]. To meet 
these goals effectively, it is essential to develop fine-scale frameworks that evaluate the 
suitability of coastal environments for eelgrass recovery. This includes understanding how 
environmental variables influence Z. marina distribution and how well predictive models 
can be applied across spatial and geographic scales and transferred to unsampled locations. 
Since the strength and direction of ecological relationships often vary geographically [26], 
models built for national scale may not perform consistently elsewhere. Testing model 
generality therefore becomes crucial, not only for guiding restoration within a particular 
area but also for supporting broader approaches to seagrass recovery across the UK and 
beyond. Checking for model transferability can also be seen as a test of model generality or 
be used for model validation [27–29]. Fundamentally, SDMs are predictive models, rather 
than being designed for causal inference, which underlies the problems of transferability 
across space and scale [30–32]. If models have been overfitted and are too specific to local 
conditions, this transferability is reduced and then they become less useful in ecological 
terms [33].

The restoration of Z. marina meadows will have a number of ecological benefits as 
they support a wide range of ecosystem services such as providing shelter, direct and 
indirect sources of food, stabilisation of sediments and carbon storage [34]. Using SDM 
will help to inform the most suitable areas where seagrasses would be able to grow based 
upon thresholds of site-specific environmental conditions, allowing restoration efforts to be 
more targeted and cost-effective [35]. In this study, we (1) compare how environmental 
conditions influence seagrass presence between sites (i.e., local heterogeneity), (2) assess 
the transferability of HSMs across different spatial scales, and (3) evaluate how well HSMs 
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trained in one geographic location perform when applied to other locations (spatial trans-
ference). We hypothesise that models produced for smaller spatial scales will not transfer 
well to larger spatial scales.

2. Methods
Six case study sites were selected to represent the range of coastal topography and 

environmental conditions in which seagrass meadows are found to typify seagrass sites 
around the UK (Table 1). These areas were also known to include existing seagrass meadows 
to enable HSM to be carried out at the case study site scale, but were chosen as part of a wider 
project to assess seagrass restoration for ocean wealth [36]. The sites (Figure 1) include 
estuaries, lagoons, coastal and island populations of seagrass, from relatively pristine (Isles 
of Scilly) to more turbid and disturbed (Milford Haven) conditions to encompass the 
range of conditions in which Z. marina can be found. Presence data included intertidal and 
subtidal seagrass meadows, although the majority of Z. marina is found subtidally around 
the British Isles.

Figure 1. Case study sites around the UK chosen to encompass environmental gradients and locations 
in which seagrass is found and, in some cases, already being restored. The larger-scale UK and Ireland 
model encompassed the whole coast of the UK and Ireland.

Table 1. Sites used for study with brief description of location and area in km2  utilised for HSM.

Site Type Description

Orkney Island Orkney’s network of over 70 islands and skerries offers a relatively pristine 
marine environment (2537.52 km2 ). Seagrass mostly subtidal, some intertidal.

Porthdinllaen Coastal North-east facing bay home to Wales’ largest seagrass meadow (4.71 km2 ). 
Seagrass mostly subtidal, some intertidal.

Solent Estuary/coastal/
lagoon

Large busy waterway with commercial and recreational boating, situated 
between the Isle of Wight and the mainland UK. The area also covers several 
estuaries and bays (538.61 km2 ). Subtidal and intertidal seagrass.

Studland Bay Coastal Rural, recreational boating. Large seagrass meadows with records of seahorses 
(254.04 km2 ). Subtidal seagrass.
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Table 1. Cont.

Site Type Description

Milford Haven Estuary Heavily industrialised waterway, with bays that have seagrass. Estuarine. 
Small section selected for model (37.65 km2 ). Seagrass subtidal.

Isles of Scilly Island
Archipelago, some of the healthiest eelgrass meadows in the UK, due to the 
unpolluted clear waters and effects of the North Atlantic Current (97.76 km2 ). 
Seagrass subtidal.

2.1. Site Descriptions
All sites used for modelling suitability of eelgrass are described in Table 1.

2.2. Occurrence Records
Seagrass presence data for the British Isles encompassing the case study sites were 

gathered using the most up-to-date sources utilised in previous studies ([37], Table S1). 
Data points were curated to thin out clustering (using the thinning tool in QGIS, minimum 
distance of 50 m between points) and to remove duplicates and anomalies (e.g., data points 
on land or far offshore). The presence data was then applied per case study site. Variable 
values were attained for all presence data and plotted to assess data distribution. Data that 
were significantly skewed were log-transformed as raster layers using QGIS before being 
integrated into the HSMs.

2.3. Environmental Predictors
Climate data for the modelling were sourced from the Copernicus Marine Environ-

ment Monitoring Service (CMEMS) and European Marine Observation and Data Network 
(EMODnet), comprising eight predictor variables spanning from 2001 to 2022 (Table S2).

Other important variables identified by Bertelli et al. [21] were not included in the 
models due to lack of availability or insufficient spatial resolution to capture the habitat 
of local study sites. Temporal resolution for temperature and salinity that were available 
from Copernicus allowed the monthly averaged data to be chosen based upon seasons that 
are significant for the life cycle of Z. marina. These months were: January as a potential for 
highest impacts due to wave action and wind speeds, March when seed germination and 
seedling emergence take place, August for peak biomass and seed production, and October 
for seed establishment and, as such, the suitable planting season for restoration work [38–40]. 
Salinity and temperature data from Copernicus were obtained for each of these months as an 
average of the daily means. Other data were not temporally resolved, so they remained as a 
single data layer (bathymetry, PAR, slope and currents). All environmental data layers were 
clipped to the areas of interest and resampled to the same resolution as the wave height 
and bathymetry data using the ‘resample’ function and the nearest neighbour method 
(‘ngb’) in the ‘raster’ package in R. As marine variable data often lacks coverage in shallow 
coastal zones, pixels covering both land and sea are often excluded [41]. To overcome 
this, a buffering tool was used in QGIS (raster ‘fill nodata’ tool) to interpolate data from 
neighbouring pixels to cover coastal areas to a distance of 3 pixels [37]. All environmental 
predictor variables were tested for collinearity [42] using the Pearson correlation coefficient 
and those with a variance inflation factor (VIF) exceeding the threshold of 0.9 were removed 
(Figure S1) [43,44].
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2.4. Habitat Suitability Modelling
For this study, we used a range of machine-learning and statistical algorithms to 

investigate how environmental conditions explain seagrass presence between sites [21,22]. 
Generalised Linear Models (GLM) were included in the ensemble to assess performance 
for later transferability tests, along with Generalised Additive Models (GAM), Random 
Forest (RF), Boosted Regression Trees (BRT), Multivariate Adaptive Regression Splines 
(MARS), and Maximum Entropy (MaxEnt). All ensemble HSMs were created using the 
‘sdm’ package [23] in R (v4.0.2). The models followed the formula of seagrass presence as 
a function of the predictor variables (a stack of the environmental variable layers) using the 
different approaches, repeated ten times per approach (Figure 2). As only presence data was 
available, randomly selected ‘background’ points were formulated within the geographical 
spatial range of the model area and used as pseudo-absences with equal weighting to the 
presences at each site, as recommended, to produce improved model performance [45,46]. 
The model formula uses a resampling method for data partitioning of the presence point 
data, which is used to test and validate the model using a bootstrapping method in this case 
for model evaluation. Bootstrapping uses a repeat sampling with replacement method, each 
time a sample with equal size as the original data is drawn and used for training data. The 
observations that are not selected are used for the evaluation at each run [23]. Predictions 
of presence are then created for each approach (GLM, etc.) and each run (repetition) and 
combined within an ensemble model, which takes a weighted average of the predicted 
suitability from all runs. Predictions of habitat suitability were mapped as a spatial raster 
layer indicating an occurrence probability (interpreted as habitat suitability) ranging from 
0 to 1. Variable importance was calculated using the ‘getVarImp’ function in the ‘sdm’ 
package in R. This calculates Variable importance using two permutation-based methods: 
(a) Correlation-based and (b) AUC-based [23].

Species habitat associations can be simplified to positive, negative or ambivalent rela-
tionships with their resources, risks and conditions [26]. Generalised Linear Models (GLM) 
can be applied to describe these correlative relationships, allowing simple interpretation 
of these relationships. Previous studies have found good transferability for algorithms 
such as GLM over other more complex models, whereby transferability is reduced through 
overfitting [33]. Therefore, to further explore and compare variable influence on seagrass 
presence and transferability of HSM between site areas, GLMs were chosen. Quadratic 
binomial GLMs (logit link) were found to perform the best based on AIC scores when 
compared with linear and polynomial terms. GLMs were estimated for each site using 
original presence and pseudoabsence (background points) used for the ensemble models 
(using the ‘sdm’ package) previously carried out for each site area using all eight envi-
ronmental variables. GLMs performed well within the ensemble methods and therefore 
justified testing for transferability and allowed trends in variables associated with seagrass 
presence to be easily interpreted. Models were applied between sites using the ‘ROCR’ 
package in R [47] to assess transferability and scalability of HSM using AUC, the Area 
Under the ROC Curve (Receiver Operator Curves [48]), and Nagelkerke’s (Pseudo-)R2  (a 
measure of the explained variance) as the main metrics for comparison and performance. 
All R code is available in Supporting Information.

All analyses in the Methods were performed using R Statistical Software (v4.0.2 [49]) 
and spatial data visualisation and manipulation using QGIS (v3.20.3 [50]). The script is 
available via the Zenodo repository (https://doi.org/10.5281/zenodo.23394541).
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Figure 2. Steps involved in ensemble habitat suitability modelling showing British Isles and Ireland 
example for Zostera marina. Species presence data and environmental data layers are sourced and 
edited into a suitable format for the software or packages used. Models are fitted using a range 
of algorithm types and an ensemble model using weighted averages of all model runs is created. 
The final model and all model runs can be evaluated using a number of methods and outputs for 
interpretation such as AUC, i.e., the Area Under ROC Curve (Receiver Operator Curves, [48]), TSS 
(True Summary Statistic, [51]). Models can be re-run/re-fitted at this point if any evaluation outputs 
are shown to be strange or uninterpretable.

3. Results
Occurrence data compilation and processing after removing duplicates resulted in 

2315 presences and 2315 pseudo-absence records, which were used to model the distribution 
of Z. marina across all case study sites and the UK and Ireland. To compare spatial scale 
between sites, the spatial area modelled was calculated together with the number of presence 
points per site to provide a ratio of presences per square kilometre (Table 2).

Table 2. Area in square kilometres per case study site and UK and Ireland to give scale of study 
areas (coastal sea used for models with land removed) and the corresponding number of seagrass 
presence data points utilised for HSM available at time of study. Areas were calculated using the 
Field Calculator function in QGIS.

HSM Area Extent Area (km2 ) No. Presences No. Intertidal No. Presences/km2 

Orkney 2537.52 94 42 0.04

Porthdinllaen 4.71 162 19 34.41

Studland Bay 254.04 84 5 0.33

Isles of Scilly 97.76 380 4 3.89

Solent 538.61 479 408 0.89

Milford 37.65 60 3 1.59

UK and Ireland 21,868.49 2315 414 0.11

The distribution models achieved high predictive performance for all model methods, 
with average AUC > 0.88 and TSS and COR > 0.7 (see Table 3).

https://doi.org/10.3390/jmse14212018
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Table 3. Results from the ensemble models per case study location showing the average from 10 
runs per model method. All variables are logged: currents, waves, PAR and slope. Metrics include 
AUC (Area Under the Curve), COR (Correlation coefficient), TSS (True Summary Statistic) and 
Deviance (explained).

Site Model AUC COR TSS Deviance

Solent

GLM 0.95 0.82 0.81 0.56

GAM 0.97 0.94 0.94 1.88

RF 1 0.97 0.97 0.13

BRT 0.99 0.93 0.93 0.58

MARS 0.99 0.92 0.93 0.31

MaxEnt 0.99 0.93 0.93 0.77

Orkney

GLM 0.92 0.82 0.83 3.65

GAM 0.92 0.83 0.84 5.06

RF 0.99 0.89 0.92 0.32

BRT 0.97 0.84 0.89 0.68

MARS 0.94 0.84 0.88 3.69

MaxEnt 0.97 0.82 0.87 0.7

Milford Haven

GLM 0.95 0.8 0.88 0.68

GAM 0.97 0.9 0.93 1.89

RF 0.99 0.92 0.96 0.23

BRT 0.98 0.87 0.92 0.54

MARS 0.95 0.86 0.89 2.53

MaxEnt 0.97 0.86 0.92 0.41

Isles of Scilly

GLM 0.88 0.66 0.65 0.87

GAM 0.95 0.85 0.84 1.11

RF 0.98 0.9 0.9 0.36

BRT 0.95 0.81 0.8 0.8

MARS 0.95 0.82 0.82 0.64

MaxEnt 0.95 0.81 0.8 0.68

Studland

GLM 0.96 0.82 0.86 0.56

GAM 0.93 0.82 0.84 4.53

RF 0.98 0.89 0.93 0.39

BRT 0.96 0.83 0.85 0.66

MARS 0.92 0.82 0.83 5.33

MaxEnt 0.97 0.83 0.87 0.67

Porthdinllaen

GLM 0.96 0.88 0.89 1.75

GAM 0.98 0.96 0.96 1

RF 1 0.96 0.97 0.15

BRT 0.99 0.91 0.93 0.62

MARS 0.96 0.91 0.91 2.57

MaxEnt 0.99 0.92 0.94 0.79
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Ensemble models were run successfully for all site areas apart from Porthdinllaen, 
where some GAMs did not converge. This is likely due to the small spatial scale of the 
model areas, resulting in little change in detectable environmental conditions.

Environmental conditions showed clear spatial variability across sites (Figure 3) and 
in the UK models. Bathymetry varied strongly, with Orkney showing the deepest values
(≈−15 m). Mean kinetic energy from currents at the seabed was highest in Orkney, Porthdin-
llaen and Solent, with values ranging from 1 to 2473 N.m2 .s−1 . PAR showed moderate dif-
ferences among sites, with UK averages exhibiting the largest spread due to high variability 
compared with all sites. Salinity in August remained at a consistent range from 33 and 35 
PSU across all sites, whereas slope values were consistently low. August temperature was 
highest in Studland Bay (≈18–19 °C) and Solent (≈17–18 °C). January temperature showed 
a similar pattern, with the Isles of Scilly and Studland Bay recording the warmest winter 
conditions (≈10–11 °C), coinciding with peak wave energy levels. Overall, southern sites 
showed warmer temperatures, higher wave exposure, and steeper slopes, whereas northern 
sites (e.g., Orkney) were characterised by lower temperatures and variable current regimes.

Figure 3. Environmental ranges for HSM sites and UK and Ireland for Zostera marina presence points 
using variables used in all models, including bathymetry, log mean kinetic energy at the seabed due 
to currents, log mean kinetic energy from waves, log PAR at the seabed, mean salinity for August, 
mean temperature for January and August and log slope (see Table S2 for raw values). Midlines 
represent the median, the box represents the interquartile range and points equal outliers.

The environmental predictors used to model the distribution of Z. marina are displayed 
with ranges and mean values for each site area in Figure 3 (Table S3).

3.1. Heterogeneity Between Sites
The importance of predictors from the ensemble models varied between local sites 

and the UK and Ireland (Figure S2, Table S4). For the large-scale British Isles model 
and Studland, bathymetry was the most important variable, followed by PAR (ranged 
between 10 and 60%). PAR was the most important variable for Orkney, followed by salinity. 
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This predictor was also the most important for Solent and Porthdinllaen areas and sea 
temperature (January) for Milford Haven and Isles of Scilly. Overall, slope, currents, and 
wave energy were the least important factors in explaining the distribution of Z. marina.

Heterogeneity between sites is also displayed by the differences in response curves 
calculated for seagrass suitability using GLMs (Figure 4). Predicted values for seagrass 
suitability (0–1) are plotted against the explanatory values of the environmental predic-
tors and show different patterns between sites. Overall, at the UK scale and case study 
sites, the models showed that seagrass suitability increased with low bathymetry between
−10 m and 5 m, PAR values from 1 to 20 mol m−2  day−1 , salinity in August between 33 
and 35 PSU, August temperatures above 16 °C and January temperatures above 8 °C. Addi-
tionally, the suitability declined with increasing slope, current velocity, and wave energy. 
In Orkney and Solent, bathymetry was the dominant predictor, with suitability sharply 
increasing at mid-depths. Orkney also showed a strong positive response to January temper-
atures above 6 °C, while Solent exhibited increased suitability at higher PAR levels. Salinity 
in August contributed positively but only within a narrow optimal range (33–35 PSU), 
particularly for sites like Studland and Isles of Scilly, but only really visible at the UK and 
Ireland scale owing to the low resolution of the data. Currents, wave energy and slope 
had limited effects at most locations (Figure 4), with flat or slightly declining response 
curves, suggesting low sensitivity to hydrodynamics. However, interpretation from the 
response curves should be taken with caution, as many of the site-specific response curves 
only show a partial response. This will be due to the low resolution of some of the variable 
data obscuring finer detail of trends and showing low variation across a smaller spatial 
scale. Bathymetry responses for Solent and Orkney highlight the inclusion of intertidal data 
points having an effect at these sites and the heterogeneity between sites overall.

Figure 4. Response variables for each case study site and UK and Ireland GLM HSM. Predicted values 
(0–1) for seagrass suitability are plotted against explanatory values for the environmental variables 
obtained from the GLMs. Units for environmental predictors are found in Table S2.

https://doi.org/10.3390/jmse14212018
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3.2. Transference Across Scales
The GLM results for predicting seagrass habitat suitability at each case study site and 

then for the whole UK and Ireland are displayed as heatmaps (Figure 5). The local-scale 
GLM predicted probability (‘suitability’) at each site was then subtracted from the broad-
scale (UK and Ireland) GLM to show differences in predictions on a scale of −1 to +1. At 
the local scale, the broad-scale GLM appears to overpredict especially for smaller areas 
(Table 2) such as Isles of Scilly, Milford Haven and Porthdinllaen, with larger regions of 
positive differences in red (Figure 5, right-hand column).

Figure 5. Outputs from HSM using GLM at case study scale (left-hand column), using the UK and 
Ireland scale model (middle column) and showing the difference (right-hand column) by subtracting 
the probability values for the local scale from the UK-wide model results (values −1 to 1). For the 
last two sites, the UK model data was not interpolated to the same level as the local scale data, so 
there is some discrepancy in coverage.

https://doi.org/10.3390/jmse14212018
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3.3. Transference Across Space
The UK and Ireland model successfully transferred to many other sites with excellent 

AUC scores (>0.9) for Studland, Isles of Scilly and Orkney, and good (>0.7) for Porthdinl-
laen and Milford Haven (Figure 6). The GLM for Studland Bay had good AUC scores when 
applied to Porthdinllaen, Orkney and the UK and Ireland. The only other good score was 
the Orkney model when applied to Isles of Scilly (AUC 0.78). This pattern was also shown 
when Root Mean Square Error was calculated for each model transfer (Figure S2). Nagelk-
erke’s R2  was calculated for further interpretation of model performance and transference 
across sites (Figure 7). All models performed well according to the R2  metric (>0.7) except 
for Milford Haven. As for transference, R2  values confirm some of the patterns shown by 
the AUC scores, albeit only for the UK and Ireland model when applied to Studland Bay 
(0.82) and Orkney (0.88).

Figure 6. AUC scores for GLM model transferability are shown as a correlation plot using AUC scores 
shown in Table 3. Circle size corresponds to the value (0–1) and the colour scale on the right side of 
the plot, red for lower fit (closer to 0) to blue for higher fit (closer to 1).

https://doi.org/10.3390/jmse14212018
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Figure 7. Nagelkerke’s R2  scores for GLM model transferability shown as a correlation plot. Circle 
size corresponds to the value (0–1), and colour is scaled on the right side of the plot, red for lower fit 
(closer to 0) to blue for higher fit (closer to 1). Many scores were highly negative values showing full 
model performing significantly worse than the null model. These values are displayed as ‘0’ in the 
plot as a lower cut-off value for presentation purposes.

4. Discussion
This study provides important assessments of model transferability for eelgrass across 

different spatial scales. Using relevant environmental predictors, we applied ensemble 
and generalised linear models (GLMs) across six sites and a broad UK and Ireland extent. 
Models consistently performed well within their respective spatial domains, indicating 
strong site-specific fits. However, transferability across scales was limited. Notably, large-
scale models transferred more effectively to local sites than the reverse, likely because they 
captured broader environmental gradients. Despite this, the national model tended to 
over-predict habitat suitability in shallow coastal areas, reflecting the important influence 
of depth-related variables such as bathymetry and PAR. In contrast, local-scale models, cali-
brated on narrower environmental ranges, produced more ecologically realistic predictions 
and are therefore better suited to inform site-specific management and restoration efforts.

The distribution patterns predicted by the model were largely shaped by bathymetry, 
with light availability as a secondary but important factor. Wave energy had relatively minor 
effects in the models, but this likely reflects the spatial resolution of the available data, as 
higher-resolution wave information has been shown to significantly improve predictions of 
seagrass presence in HSMs [24]. The eelgrass Zostera marina, like many other plant species, 
exhibits considerable plasticity, enabling it to thrive across a wide range of environmental 
conditions [52]. It occurs in sheltered estuaries and lagoons as well as along more exposed 
coasts. Across UK meadows, populations lie well within the species’ biogeographical 
temperature and salinity ranges and are not expected to be limiting factors. However, 
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temperature and salinity were found to be important predictors at some case study sites, 
including the Isles of Scilly and Milford Haven. Exceptions occur where Z. marina extends 
into upper estuaries with reduced salinity or in areas affected by local thermal inputs, such as 
power station cooling water discharges and in some cases extending into the intertidal zone. 
Temperature in this case could be acting as a proxy for latitude and associated environmental 
gradient, just as bathymetry often does for light availability [53]. Consequently, light 
availability and hydrodynamic conditions are expected to play a greater role in shaping its 
distribution [54]. However, hydrological data at high enough resolution for shallow coastal 
waters is difficult to obtain without site-specific models used to create such data.

All models were developed using a biologically important range of environmental 
predictors, which can lead to differences in the relative importance of predictors when 
compared across regions. As a result, these models often fail to generalise when applied 
beyond their calibration area. This was evident in our analysis, where local HSMs showed 
limited transferability to other case study sites—except for instances such as the Studland 
Bay and Orkney Isles GLMs, which performed moderately well when transferred according 
to AUC scores. For example, the Orkney model transferred better to the Isles of Scilly 
according to AUC and RMSE scores, possibly due to both being offshore island groups with 
comparable coastal conditions, whereas the reverse transfer showed poorer results. These 
findings reflect the strong influence of localised environmental gradients, such as sediment 
composition, light availability, and wave exposure, which vary significantly across sites 
and constrain model applicability [55,56]. Limited model transferability has been noted in 
previous research, highlighting the challenges of applying habitat suitability models beyond 
their original spatial context due to environmental variability and data constraints [57]. 
These findings reinforce the importance of region-specific modelling approaches for effective 
seagrass restoration planning.

However, the broad-scale model does appear to over-predict suitability around shal-
lower coastlines, as bathymetry and photosynthetically active radiation (PAR)—both di-
rectly related to depth—were found to be the most important variables in explaining overall 
seagrass presence. This could also be due to the relatively low resolution of these predictors, 
which could be missing finer environmental factors such as exposure or substrate that were 
not integrated. Local-scale models, estimated over smaller sections of the environmental 
gradient, can therefore exhibit different slope directions or reduced predictor influence, 
resulting in limited generality when transferred to broader contexts. In this study, the 
models estimated at smaller spatial scales for the case study areas appear to provide more 
realistic predictions of suitable seagrass habitat when compared with the UK and Ireland 
model (shown in dark red). Similar patterns of broad-scale overestimation have been noted 
elsewhere [37,58], underscoring the challenges of scaling up habitat suitability models 
without accounting for regional environmental heterogeneity.

Although the models showed high performance in Zostera marina distribution across 
the UK and Ireland, certain limitations must be acknowledged, as they may introduce 
uncertainty into the predicted outcomes. To ensure model transferability, environmental 
predictors needed to be consistent across both broad and local scales. As a result, the current 
distribution was estimated using a limited set of climatic variables. Incorporating additional 
environmental drivers could enhance model realism; however, some important data (e.g., 
substrate) were currently unavailable at sufficient spatial extent or resolution at the time of 
this study.

Additionally, presence records are often focussed on established meadows, which do 
not consider the changing needs of a species throughout its life cycle, particularly relevant 
to ecosystem engineers such as Z. marina, which are known to modify their environment, 
for example by slowing water movement [59,60]. Records and genetic analysis have aged of 
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some Z. marina meadows at over 80 years old [61,62]; with the current rate of environmental 
change, directly due to coastal modification and through changing climate, linking current 
records of established meadows does not capture the conditions during site colonisation.

Our assessment of current distributions of Zostera marina across the UK and Ireland 
from the compiled occurrence data and its subsequent modelled potential, highlights 
the significant role this species can play in advancing national restoration and climate 
resilience goals. While Z. marina meadows are relatively widespread, our models reveal that 
their localised persistence needs to be considered under climatic and local environmental 
pressures. This emphasises the urgent need for targeted conservation and restoration 
strategies that enhance meadow resilience and secure the valuable ecosystem services these 
habitats provide—such as carbon sequestration, coastal protection, and biodiversity support.

Integrating Z. marina restoration into broader national policy frameworks, including 
Blue Carbon strategies and marine spatial planning, could help align local restoration 
efforts with international climate and biodiversity targets. Such measures, when combined 
with improved environmental data and regionally tailored habitat models, can guide more 
effective restoration outcomes.

5. Conclusions
Habitat suitability modelling is a useful tool for determining where species are most 

likely to survive based on environmental predictor variables and is also useful for site 
selection for restoration work. Although transferability of models can be limited, broad-
scale models still provide a good starting point. In the case of Z. marina, the broad-scale 
model over-predicts suitability, but this at least at the first instance does not discount 
potentially suitable areas that could be overlooked by finer-scale, highly fitted models. Fine-
tuning models to more specific locations is recommended to provide a secondary overlay 
that would improve justification of site selection by practitioners. However, it is important 
at this stage not to exclude any local site knowledge that would provide invaluable insight 
into local conditions that would be overlooked by the type of yearly/monthly averaged 
environmental data layers which often form the basis of HSMs and SDMs.

Supplementary Materials: The following supporting information can be downloaded at https:
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sites to show difference in environmental conditions where seagrass presence was found; Figure 
S1: Correlation plot for the variables used for ensemble models for all sites and UK & Ireland after 
removal of collinear variables with a variance inflation factor (VIF) exceeding the threshold of 0.9; 
Table S4: Variable importance (%) based on Correlation metric and AUC; Figure S2. RMSE (Root 
Mean Square Error) scores for GLM model transferability shown as correlation plot using RMSE 
scores shown in Table.
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