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models. In this study, we mapped GDV across the world's five Mediterranean climate regions using a multi-level
approach combining species-occurrence, vegetation-plot, and remote-sensing data. At the species level, we
compiled a global list of phreatophyte and groundwater-associated species, which we used to extract occurrence
records from GBIF. At the community level, we classified vegetation-plot data from the sPlot database based on
phreatophyte presence and coverage, resulting in a unique ground-truth species-community dataset. At the
biome level, we trained Random Forest models with eleven predictor variables in order to map GDV distribution
at 30 m resolution for the period 2018-2023. We identified 482,000 km? of GDV, covering 28% of the study area
and predicted GDV hotspots for the Western Iberian Peninsula, Southern France, California, Chile, and the West
Coast of Australia. The largest absolute area of GDV was found in the Mediterranean Basin (306,000 km?), while
the highest relative coverage was found in California (42%) and Chile (40%). Notably, only about a quarter of
Mediterranean GDV lies within protected areas. Key environmental predictors include soil sand content, dry
season vegetation vitality, and elevation. By integrating species, community, and remote-sensing data, our high-
resolution GDV map provides a crucial basis for monitoring ecosystem response to global change, conservation
planning, sustainable groundwater management, and risk assessment in the drought-stressed Mediterranean

biome.

1. Introduction

The rapid decline in groundwater levels due to climate and land use
change is reducing groundwater availability for ecosystems worldwide,
particularly in dry regions (Jasechko et al., 2024). As groundwater be-
comes scarcer, ecosystems that rely on this resource, such as springs,
rivers, wetlands, lagoons, and terrestrial phreatophytic vegetation
(Eamus et al., 2016; Barron et al., 2014; Klgve et al., 2011) are under
increasing anthropogenic pressures, especially during droughts (Klgve
et al., 2014). Protecting these groundwater-dependent ecosystems is
crucial, as they support biodiversity and provide ecosystem services at a
regional scale. Quantifying and managing these services, including
climate regulation, water filtration and habitat provision (Sacco et al.,
2023; Howard et al., 2023), requires harmonised large-extent fine-res-
olution maps of groundwater-dependent ecosystems (Link et al., 2023).
This is particularly important for drought-stressed regions, such as the
five regions of the world characterised by a Mediterranean climate, with
highly seasonal patterns of hot, dry summers and mild, wet winters.
These regions comprise the Mediterranean biome - a biodiversity hot-
spot, where 30-50% of the vegetation may rely on groundwater (El-
Hokayem et al., 2023b; Evaristo and McDonnell, 2017; Milano et al.,
2013; Soares and Lima, 2022).

Groundwater-dependent vegetation (GDV) comprises plant com-
munities whose structure or functioning are influenced by groundwater
availability. Within these communities, plants with access to ground-
water, known as phreatophytes (Meinzer, 1927) often have an adaptive
advantage during dry periods (Canadell et al., 1996) and serve as key
indicators of groundwater influence (Box et al., 2022; Duran-Llacer
et al., 2022). While groundwater dependence can also manifest through
community composition or ecosystem processes such as soil moisture
buffering and productivity stability, phreatophytes provide the most
practical and scalable means for large-scale GDV mapping due to their
detectability in vegetation inventories and remote sensing (Rohde et al.,
2024a; Eamus et al., 2016). In arid and semi-arid environments, phre-
atophytes adopt different strategies depending on their groundwater
access: facultative phreatophytes extract water from both the phreatic
(saturated groundwater zone) and vadose (unsaturated soil above the
water table) zones, whereas obligate phreatophytes must remain in
constant contact with groundwater. This ability enables phreatophytes
to decouple ecosystem net primary productivity from precipitation,
resulting in increased growth and biodiversity compared to the sur-
rounding vegetation, forming azonal vegetation (Glanville et al., 2023;
Hultine et al., 2020).

Since GDV is crucial for biodiversity and ecosystem functioning,
especially in drought-stressed environments, monitoring this vegetation
is essential. However, effective monitoring, management, and protec-
tion of GDV is constrained by the lack of high-resolution maps. This issue
is particularly pronounced in the Mediterranean biome, but it extends to
GDV worldwide. Local-scale GDV mapping methods, such as species

inventories or isotope analysis, provide on-ground assessments but are
time- and labour-intensive (Jones et al., 2019; Killroy et al., 2008). To
overcome these limitations and scale-up mapping efforts, the integration
of spatial modelling with remote sensing and geospatial data has become
increasingly important (Pérez Hoyos et al., 2016). These approaches
integrate environmental variables, such as topography, soil properties,
and climate, which control GDV occurrence (Bai et al., 2024; Martinez-
Santos et al., 2021), with remote sensing products, either optical or
radar. Nevertheless, while optical data has already been used to detect
GDV as ‘green, wet, and cool islands’ during dry periods (Rohde et al.,
2024b; Barron and Van Niel, 2009; Akasheh et al., 2008), the applica-
tion of radar data, which enhances time series density and provides
structural and moisture information on ecosystems, is lagging behind
(Castellazzi et al., 2023).

Despite advances in remote sensing and geospatial data integration,
large-scale GDV mapping faces several challenges. First, there is a lack of
species-based community-level validation. The occurrence of phreato-
phyte species indicates GDV and is often implemented as training and
validation data in remote sensing mapping approaches (e.g., Rohde
et al., 2024b; Box et al., 2022; Duran-Llacer et al., 2022). However,
phreatophyte species are usually identified through regional expert-
based inventories (Lewis, 2011; Gomes Marques et al., 2019), which
limits their applicability in large-scale mapping. Producing a consoli-
dated list of phreatophyte species is therefore crucial for improving the
identification of GDV from community data. Second, while current
mapping efforts reveal broad spatial patterns of potential GDV, they
dismiss small-scale GDV due to coarse spatial resolutions. For example,
Doody et al. (2017) identified moderate groundwater-dependent eco-
systems potential in 34% of Australia using an expert-based index
integrating remote sensing and geospatial data. Link et al. (2023) pro-
duced the first global groundwater-dependent ecosystems potential map
at 0.5° resolution, integrating groundwater discharge, xylem ground-
water fraction, and potential inflow dependence, with 32% of arid re-
gions potentially containing groundwater-dependent ecosystems. More
recently, Rohde et al. (2024b) developed a mapping approach which
identified global dryland groundwater-dependent ecosystems at 30 m
resolution. However, many areas in the Mediterranean biome have
remained unmapped, possibly due to the lack of accurate ground-truth
vegetation data, as most previous mapping exercises have relied exclu-
sively on species-level phreatophyte presence information, neglecting
critical aspects related to species co-occurrences that can only be derived
from vegetation plot data (Rohde et al., 2024b; Bruelheide et al., 2019).
Furthermore, the potential of using citizen science data to increase the
coverage of phreatophyte occurrence records, coupled with the use of
radar imagery, has remained unexplored on large scales (Castellazzi
et al., 2024).

In this study, we use a novel hierarchical approach to create the first
high-resolution GDV distribution map across the Mediterranean biome.
Our approach integrates species-level data, i.e., records of individual
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phreatophyte species occurrence from GBIF, with community-level data,
i.e., species co-occurrence and relative-occupancy data collected
through vegetation plots from the sPlot database (Bruelheide et al.,
2019), and biome-level data, i.e., remote sensing and other geospatial
data. Our study is driven by three main objectives: I) Compiling a list of
phreatophyte indicator species from literature to support global GDV
identification; II) Applying this list to classify GDV within plant com-
munity databases, analyse spatial determinants of GDV distribution, and
create a ground-truthed dataset for spatial modelling; and III) Training
and validating a spatial model using optical and radar remote sensing
imagery combined with geospatial data to map GDV distribution across
the five regions of the Mediterranean biome.

2. Material and methods
2.1. Study extent

The Mediterranean biome is characterised by high seasonality with
hot, dry summers and mild, wet winters, and contains 20% of global
plant diversity (Pereira et al., 2004; Meédail and Quézel, 1999). The
Mediterranean climate is characterised by mean annual temperatures
between 14 °C and 18 °C and mean annual precipitation between 400
mm and 1200 mm, with 65% of rain falling in winter (Pignatti, 2003).
The biome is formed by five regions comprising six floristic realms (Liu
et al., 2023): 1) the Mediterranean Basin (Holarctic, Saharo-Arabian), 2)
the Chilean Matorral (Chile-Patagonia), 3) the California Chaparral
(Holarctic, Neotropical), 4) the Western Cape of South Africa (African),
and 5) Southwest Australia (Australian), and 40 ecoregions (Dinerstein
et al., 2017). The zonal vegetation consists of evergreen and deciduous
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forests and shrublands dominated by sclerophyllous woody plants
(Pignatti, 2003).

We excluded climates without an annual dry season (Beck et al.,
2018) from the study, as these do not align with the characteristic
Mediterranean climate. We mapped only (semi-) natural vegetation
formed by vascular plants to ensure the focus remained on ecosystems
rather than human-modified landscapes. Thus, pixels representing
cropland, built-up areas, snow and ice, permanent water bodies, or
mosses and lichens were excluded prior to modelling using the ESA
WorldCover v200 map (Zanaga et al., 2022) and the Global Human
Settlement map (Pesaresi and Politis, 2023). This resulted in a reduction
of the total area by 45%, with the final study extent covering 1.7 million
km?. The GDV mapping workflow (Fig. 1) is described below.

2.2. Species-community dataset

First, to build a global species-community dataset for the Mediter-
ranean biome, we conducted a systematic literature review to identify
plant species that use groundwater in different environments. We used
two search terms: 1) [phreatophyte] AND [species] (all fields) and 2)
[“groundwater indicator”] OR [“groundwater dependent vegetation”]
OR [“groundwater dependent ecosystem”] AND [plant] AND [species]
(title, abstract, keywords) in the Web of Science database, which
returned 839 publications (Web of Science, 2024, December). A Google
query using the first term supplemented our results with additional grey
literature. After screening titles and abstracts for relevance and species
level data, we reviewed 91 full texts and compiled a list of global
phreatophytes (Supplementary 2). Phreatophyte species were classified
in two categories: either as obligate or facultative. When not specified,
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facultative category was assumed (592 species) (Hultine et al., 2020).
We then standardised taxonomic names using the ‘TNRS’ package in R
(Maitner et al., 2024), removed duplicates and hybrids, and assigned
growth forms and IUCN Red List categories using the ‘rredlist’ package
(Gearty and Chamberlain, 2024).

Second, we integrated 187,261 plant community records within the
Mediterranean biome from sPlot (Bruelheide et al., 2019), expanding
previous groundwater-dependent ecosystem mapping exercises only
relying on the sPlotOpen dataset (Rohde et al., 2024b), which is an
environmentally-balanced subset of sPlot (Sabatini et al., 2021). To
extend our literature-based phreatophyte list, we calculated the phi
coefficient (® - a measure of species fidelity) (De Caceres et al., 2008;
Bruelheide, 2000) to derive the level of association of other species with
GDV. We based this calculation on the co-occurrence analysis for the 3.7
million species occurrences extracted from sPlot. To do so, we first
reclassified 106 EUNIS habitats associated to the 132,359 vegetation
plots in Mediterranean Europe into GDV and non-GDV groups based on
habitat descriptions and species occurrences (Chytry et al., 2020; Davies
et al., 2004). We excluded habitats classified at the first EUNIS hierar-
chical level (e.g., grasslands, woodlands, and forests) and anthropogenic
vegetation (e.g., plantations and croplands) from the ® calculation. We
calculated ® from a contingency table that summarises the occurrences
of a species in a target site group (GDV) versus its occurrences in another
site group (non-GDV) (Chytry et al., 2002) using the ‘indicspecies’
package in R (De Caceres and Legendre, 2009) and considered only
species with ® above the median as groundwater-associated species. We
note that, although the assignment of vegetation plots to EUNIS habitats
relied on the overall species composition of the plot, this approach
aimed to identify species which are indicators of groundwater-
associated habitats, to expand our preliminary list. This was therefore
an iterative process, where habitats were classified at the coarser EUNIS
level based on a qualitative ecological interpretation, and phi calcula-
tions and thresholds were then applied at the plot level as a quantitative
step. We then evaluated the extracted species in terms of distribution
and habitat and excluded two generalist taxa (Rubus vagabundus and
Taraxacum sect. vulgaria) and Cydonia oblonga as they do not indicate
groundwater usage. We further expanded our checklist by identifying
species that co-occur with phreatophytes in at least 60% of their oc-
currences. Frequent co-occurrence with known phreatophytes is inter-
preted as evidence of ecological association with GDV, rather than
obligate physiological dependence. Hence, all newly identified species
were ultimately treated as facultative phreatophytes. Based on the
compiled list, we then calculated plot-wise phreatophyte coverage from
relative species abundance for all sPlot vegetation plots and filtered
records for location uncertainty (< 30 m) and date (from 1990).

Third, to address underrepresented regions in the sPlot data, spe-
cifically in California, Western Australia, and Central Spain, and to in-
crease the number of sites representing GDV, we extracted occurrence
records for obligate phreatophytes identified in our list (shrubs and
trees) from GBIF using the ‘rgbif’ package in R (Chamberlain et al.,
2024; Chamberlain and Boettiger, 2017). As obligate phreatophytes are
in constant contact with groundwater, their presence is a strong indi-
cator of GDV. Combining GBIF occurrence point records with stand-
ardised sPlot vegetation plots allowed us to expand both the spatial
coverage and the number of GDV sites. We downloaded occurrence re-
cords from 1990 onward with a spatial accuracy of at least 30 m,
retaining only records without geospatial issues (GBIF.org, 2024). In
effect, both datasets were treated as presence-only, confirming the
occurrence of relevant species at each location. This made the integra-
tion of occurrence records (GBIF) and community survey plots (sPlot) a
robust approach to expand coverage despite differing survey designs.
Initial data cleaning removed invalid, rounded and zero coordinates and
records within a 2000 m buffer of country and province centroids,
capitals, and biodiversity institutions using the ‘CoordinateCleaner’
package in R (Zizka et al., 2019). To account for spatial uncertainties in
the GBIF records we conducted manual data cleaning. In California, we
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first selected records within known groundwater-dependent ecosystems
(California Department of Water Resources, 2022). Based on visual
interpretation of high-resolution true-colour satellite imagery (Earthstar
Geographics, 2024; Google, 2024), we then assessed and adjusted the
spatial reliability of the records. Taking into account landscape and land
cover, all records were flagged according to the following categories: i)
RES: located in a vegetation unit that is smaller than the target resolu-
tion of 30 m, ii) AL: located in anthropogenic landscapes, such as urban
or agricultural areas, iii) VC: located at forest edges or in bare ground
river banks where vegetation is close, iv) W: located in water bodies, v)
GOOD: located inside natural, large vegetated areas. Unsuitable records
were removed from the dataset. About 50% of the records where the
original location did not accurately reflect vegetation were shifted to a
more suitable location within the closest vicinity (median 17 m; max
500 m).

Finally, we merged 15,155 sPlot vegetation plots with 3201 GBIF
occurrence records to build our training and validation dataset (species-
community dataset). We applied two rules to classify GDV points: i)
occurrence of at least one obligate phreatophyte, or ii) total facultative
phreatophyte cover exceeding predefined thresholds at 0.25, 0.3, 0.4,
0.5, and 0.75. The quartile-based thresholds (0.25, 0.5 and 0.75) being
conventional benchmarks for classification, while additional interme-
diate values (0.3, 0.4) were tested after preliminary modelling indicated
reduced accuracy at 0.5 (see Section 2.4 and Supplementary 3 for de-
tails). Regional threshold testing was not feasible due to uneven data
distribution and gaps in the sPlot data. All other points were classified as
non-GDV, resulting in a binary classification for modelling.

2.3. Remote sensing and geospatial data

2.3.1. Variables controlling GDV occurrence

We included three variables to account for topographically driven
water accumulation that determines GDV occurrence (Rampheri et al.,
2023; Miinch and Conrad, 2007): elevation, slope (30 m resolution), and
the multiscale topographic position index (270 m resolution) (Theobald
et al., 2015). These were all derived from the SRTM digital elevation
model (Farr et al., 2007). Then, we calculated mean sand content (250 m
resolution) from three topsoil layers (0-30 cm) as a proxy for water
holding capacity (Martinez-Santos and Renard, 2020) using the Soil-
Grids250 2.0 dataset (Poggio et al., 2021). To incorporate climate, we
developed a novel approach (Eq. 1) to calculate potential inflow
dependence (pIDE) (Doody et al., 2017) from daily CHIRPS precipitation
data (Funk et al., 2015):

PIDE = transpiration/(precipitation — interception) (@D)]

Interception and transpiration rates were derived from the PML_V2
product (Zhang et al., 2019) at 500 m resolution. We then calculated the
mean pIDE from annual sums for the period 2018-2023. Pixels where
transpiration rates exceed the actual precipitation reaching the ground
are more likely to have an external water resource and contain GDV
(Doody et al., 2017).

2.3.2. Variables controlling GDV detection

We followed the ‘green island’ concept to delineate GDV from sur-
rounding non-GDV (Akasheh et al., 2008). To identify these
groundwater-dependent ‘green islands’ we considered GDV to show: 1)
high vitality during the annual dry season, 2) low interannual, and 3)
low seasonal changes in vitality (Gou et al., 2015), and 4) higher vitality
compared to surrounding land cover. Two vegetation indices targeting
plant greenness and density were calculated to account for vegetation
vitality: i) the Normalized Difference Vegetation Index (NVDI) from
optical imagery and ii) the Radar Vegetation Index (RVI) from radar
imagery. The calculation of the indices includes Sentinel-1&2 data at 30
m resolution, and combines both spectral and structural characteristics
of vegetation, crucial for GDV detection (Castellazzi et al., 2024; Schulte
Biihne and Pettorelli, 2018).
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We calculated mean NDVI (Rouse et al., 1974; Eq. 2) during defined
climatic dry seasons (El-Hokayem et al., 2023c) for the period
2018-2023 in Google Earth Engine (Gorelick et al., 2017) using
Sentinel-2 scenes with cloud cover less than 20%. Cloudy pixels were
masked using the QA60 band.

NDVI = (NIR — Red) /(NIR + Red) ()

The RVI measures randomness of radar scattering, and thus works as
a proxy for vegetation cover and water content (Castellazzi et al., 2024;
Castellazzi et al., 2023). Higher RVI values indicate tall and dense
vegetation, as higher structural complexity causes radar signals to
scatter in many directions (Szigarski et al., 2018; Kim et al., 2012).
Sentinel-1 radar images were selected for the respective dry seasons
from 20,182,023. Pre-processing of the images includes terrain flat-
tening and mono-temporal speckle filtering as described by Mullissa
et al. (2021). RVI was calculated as the ratio of co-polarisation (VV) and
cross-polarisation (VH) bands (Charbonneau et al., 2005), described in
Eq. 3.

RVI = (4*VH)/(VV + VH) 3

To account for low interannual changes in plant vitality, we calcu-
lated the mean standard deviation for NDVI and RVI during the annual
dry season between 2018 and 2023. Seasonal change in vitality was
calculated as the mean annual standard deviation of NDVI for the same
period (Liu et al., 2021). Border noise removal could not be applied to
Sentinel-1 images, resulting in stripe artefacts (Ali et al., 2018) for
seasonal RVI changes, which were therefore excluded from the final
model.

‘Cool islands’ (Barron and Van Niel, 2009) were detected by lower
Land Surface Temperature during the dry season compared to the sur-
rounding land cover (Rohde et al., 2024b). We calculated spatial Land
Surface Temperature anomalies during the dry season from Landsat-8 as
described by Rohde et al. (2024b). Finally, Land Surface Temperature
anomalies were generated by averaging the differences in Land Surface
Temperature between a focal pixel and the surrounding areas (270 m?,
2700 m?, and 5400 m?) and then calculating the mean temperature
anomaly between 2018 and 2023. The same workflow was applied to
calculate spatial anomalies for NDVI and RVI during the dry season.

As the remote sensing metrics can be influenced by shading or
inference of other mesic vegetation, we included environmental vari-
ables controlling GDV occurrence in the first place. A justification for the
choice of predictor variables is provided in Supplementary 1. Prior to
model selection and implementation, all predictor variables were
harmonised in terms of extent, spatial resolution (30 m) and projection
(WGS 1984, EPSG:4326) and merged into a single multiband image. All
pixels with mean NDVI values <0.1 during the dry season were excluded
from the analysis as they do not represent vegetation.

2.4. Modelling GDV distribution

We evaluated 14 different classification models to predict GDV and
non-GDV classes using the ‘caret’ package in R (Kuhn, 2008). First, we
extracted the 13 predictor variable values for all points in our species-
community dataset, selected one unique point per 30 m pixel and
excluded points with no data, resulting in a final training and validation
dataset of 18,365 points. As the Pearson correlation was below 0.6 for all
predictors at 500,000 random points across the study extent, all vari-
ables were included in the models. Second, we trained the models,
splitting the data in 80% training and 20% testing data and using 10-fold
cross-validation to minimise overfitting and ensure model stability.
Third, we evaluated model performance based on area under the
receiver operating characteristic curves (ROC-AUC), Fl-score, and
balanced accuracy to find the best model (detailed model performance
for all models can be found in Supplementary 3). All models were
trained five times with different thresholds for phreatophyte coverage,
resulting in 70 runs in total. A Random Forest classifier (Breiman, 2001)
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where phreatophyte cover >0.3 represented GDV outperformed all
other classifiers with a ROC-AUC of 0.84, a Fl-score of 0.74, user ac-
curacy for GDV of 0.79 and a balanced accuracy of 0.76 and was
therefore selected for spatial modelling.

Prior to model implementation, we performed Recursive Feature
Elimination using the ‘caret’ package in R (Kuhn, 2008), and thus
excluded interannual and spatial RVI anomalies from the predictors. A
Wilcoxon test was used to assess significant differences between non-
GDV and GDV for each predictor. We then trained and optimised
several Random Forest classifiers in Google Earth Engine using the
18,365 ground-truth points and eleven final predictor variables as input
data to predict GDV. First, the species-community dataset was divided
into training (80%) and testing (20%). Second, hyperparameter tuning
was implemented to find the best fitting model based on accuracy. The
final Random Forest model was built using 130 trees, 3 variables per
split, one minimum leaf population, 0.9 bag fraction and the maximum
number of nodes available. The out of bag error for the final model was
0.27 and the output included a binary classification of GDV and non-
GDV, and the probability of each pixel (0-100%) being GDV.

2.5. Cross-validation

We used three cross-validation (CV) strategies to validate the final
model. Standard 10-fold CV randomly splits the data into ten equal
folds, using one for testing and the rest for training (Meyer et al., 2018).
However, this approach may overfit ecological data due to spatial and
temporal autocorrelation (Mushagalusa et al., 2024; Roberts et al.,
2017). To address this, we applied block CV, creating folds based on
environmental (region-wise) and spatial (grid-wise) patterns (Roberts
et al., 2017; Valavi et al., 2019), always excluding one block for testing
from model training. To prepare the species-community dataset for CV,
we extracted ecoregions (Dinerstein et al., 2017) and assigned ground-
water landscapes to each point of the dataset. These groundwater
landscapes relate topography and the location of water bodies to
describe typical groundwater interaction with vegetation. Five
groundwater landscapes were defined hierarchically based on global
datasets: 1) wetlands (Tootchi et al., 2019); 2) riverine landscapes (max
200 m distance from rivers) (Lin et al., 2021) with slope < 10; 3) coastal
areas (max 1000 m distance from coastline) (Wessel and Smith, 1996)
and elevation <10 m a.s.l.); 4) terrestrial lowlands (elevation <200 m a.
s.l.), and 5) terrestrial uplands (elevation >200 m a.s.l.). CV was per-
formed using 35 ecoregions, five groundwater landscapes, and a 250 km
grid. The Random Forest model was trained 153 times, and the final
performance was assessed using overall testing accuracy and user ac-
curacy for GDV (true positives/total number of points classified as GDV).

3. Results
3.1. Global phreatophyte checklist

The literature review identified 1021 phreatophyte species, of which
265 were classified as obligate phreatophytes and 761 as facultative
phreatophytes and six genera (Phragmites, Populus, Prosopis, Salicornia,
Salix and Tamarix). An additional 38 species were selected based on phi
calculation, and 12 species that frequently co-occur with phreatophytes
within the dataset. In total, 1071 phreatophyte indicator and
groundwater-associated species were compiled in a species checklist, of
which 574 occur within the Mediterranean biome subset of the sPlot
dataset. The five publications from which most species were extracted
were Londo (1975), Evaristo and McDonnell (2017), Thomas (2014),
Fan et al. (2017) and Chikishev (1965). Detailed results of the literature
review and the phreatophyte list can be found in Supplementary 2.

3.2. Environmental characteristics of GDV occurrences

The phreatophyte list was used to classify the species-community
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dataset resulting in 8950 non-GDV and 9415 GDV ground-truth points.
Most points represented terrestrial vegetation (63%), followed by wet-
lands (27%), and riverine landscapes (10%). GBIF-derived phreatophyte
occurrence points dominated in California, in the savannas and wood-
lands of Southwest Australia, and in the Acacia-Argania forests of
Morocco. In Chile, South Africa, Southeastern Australia, North Africa,
and the Middle East, the majority of ground-truth points were non-GDV,
derived from sPlot vegetation data. However, points classified as GDV
were more common in Iberian, Southern France, and Italian forests
(Fig. 2).

Except seasonal changes in NDVI, all predictor variables extracted at
the 18,365 ground-truth points showed highly significant differences.
The effect size (r) was small for all variables, except for dry season
spatial NDVI anomalies, where it was medium (Fig. 3). GDV sites are
more often located in lowland valleys with flatter slopes, with a median
elevation of 245 m a.s.l., which is 137 m lower than the median for non-
GDV sites. Non-GDV sites are more often associated with very sandy
soils (sand content >65%), although the median sand content for both
classes is similar at 32-33%. Nevertheless, GDV sites are more often
found on soils with a sand content between 40% and 60%. The pIDE
values are only slightly higher for GDV sites, although there is an in-
crease in the presence of GDV above the threshold of 1, where transpi-
ration exceeds precipitation. Moreover, the median NDVI for GDV sites
is 0.67 compared to 0.56 for non-GDV sites, whereas GDV sites are 0.7 °C
colder at the median, underpinning the concept of GDV forming ‘green
and cool islands’. Seasonal changes in vitality show less pronounced
differences between the two classes.

3.3. Global occurrence of Mediterranean GDV areas

We mapped 482,000 km? of likely GDV (28% of the analysed pixels)
across the five regions of the Mediterranean biome, with 306,000 km?
located within the Mediterranean Basin. The highest proportion of GDV
was found in California (42%) and Chile (40%). As much as 90% of all
GDV represented terrestrial vegetation, while wetlands and riverine
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landscapes accounted for 5% and 4%, respectively (Supplementary 3).
The map shows large areas of likely GDV in the Western Iberian
Peninsula, Southern France and Corsica, California, Southern Mediter-
ranean Chile and the West Coast of Australia. Large non-GDV areas were
found in North Africa, the Middle East region and inland Australia
(Fig. 4). Currently, only about 25% of Mediterranean GDV lies within
protected areas (UNEP-WCMC and ICUN, 2025), underscoring the need
to integrate GDV mapping into conservation planning.

The detailed maps highlight the diversity in modelled and observed
GDV in different Mediterranean landscapes. In the “Laguna de Ruidera”
in Central Spain (Fig. 4a), GDV is embedded in agricultural landscapes
and typical xerophytic macchia vegetation, forming rather isolated
ecosystems. In the sparsely vegetated dry woodlands and steppes ecor-
egion in Morocco, GDV is associated with oases, where surface water is
also available (Fig. 4b), or with phreatophytic steppe vegetation, where
small patches of vegetation or even single woody individuals are
dependent on groundwater (Fig. 4c). Larger areas of likely GDV habitats
dominate in the “Cilento and Vallo di Diano National Park” in Southern
Italy (Fig. 4d), where oak forests grow on shallow groundwater tables. In
valleys where rivers are dry during summer droughts, riverine GDV
formed by Fraxinus angustifolia, Populus, and Salix species are dominant,
while non-GDVs were found at higher elevations on calcareous rocks
with deep groundwater circulation.

The final Random Forest model had a testing accuracy of 0.75. The
user accuracy for GDV (true positives) was 0.79 and for non-GDV (true
negatives) 0.72. The three most important predictor variables were sand
content, dry season spatial NDVI anomalies, and elevation. Standard K-
fold CV showed stable model performance, with accuracies ranging
between 0.73 and 0.77. The accuracy varied across Mediterranean
ecoregions (Fig. S3.5), with high accuracy (0.73-0.97) in the Iberian,
Aegean and Western Turkish forests, Chile, and California. Moderate
accuracy (0.61-0.7) was achieved in North Africa, Southeastern
Australia, Southwestern Iberian and Tyrrhenian-Adriatic forests. Lower
accuracy (0.17-0.48) was found in the Middle East, Italian forests,
Pindus Mountain forests and Southwestern Australian forests. CV using
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groundwater landscapes performed well for coastal, lowland, riverine,
and wetland sites. However, accuracy was only moderate when upland
sites were excluded (Table S3.9). Detailed results for the Random Forest
model and CV are presented in Supplementary 3. To address regional
variability (over/underestimation) and better capture transitional eco-
systems, we provide a GDV probability map (0-100%) that enables users
to test different classification thresholds. Additionally, we provide a
GDV map generated at a less conservative 0.4 phreatophyte coverage
threshold (overall GDV coverage 21%; user accuracy GDV 0.72). We also
provide data and code to test ecoregion-specific calibration.

4. Discussion

We present the first high-resolution GDV map for the Mediterranean
biome. This map shows that GDV covers 482,000 km? across the entire
Mediterranean biome, with highest proportions in California (42%) and
Chile (40%). Our map is based on the first global list of phreatophyte
indicator species (1071 species) and six genera, derived from literature
and vegetation analysis. From this checklist, our ground-truthed dataset
of 18,365 points across the Mediterranean biome, indicates that GDV is
generally densely vegetated, more drought-resilient, and located in
lowland areas where water accumulates. This new understanding of the
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global extent and distribution of GDV in the drought-stressed Mediter-
ranean biome provides a unique resource for monitoring ecosystem
response to global change, prioritising areas for accurate local-scale
assessments, guiding conservation efforts, and informing sustainable
groundwater management.

Our GDV hotspots coincide with many biodiversity and geodiversity
hotspots such as the California Floristic Province, Central Chile, the
Mediterranean Basin, Southwest Australia, and the Eastern Cape in
South Africa (Polman et al., 2024; Myers et al., 2000). Here, GDV plays a
critical ecological role by sustaining high biodiversity, including rare
and endemic species, especially in Southwest Australia and South Africa,
and by acting as thermal and hydrologic refugia during dry seasons and
climatic extremes (Glanville et al., 2023; Dinerstein et al., 2017; Klgve
et al., 2014). In the Mediterranean, where climate change impacts are
amplified in lowlands (Saatkamp et al., 2023), GDV often occupies
narrow, fragmented habitats such as riparian corridors and springs.
These habitats act as stepping-stones that maintain ecological connec-
tivity, as seen for example in the Ebro Delta (Spain) and Camargue
wetlands (France), which provide critical refugia for waterbirds
(Ramsar, 2025).

We produced a global checklist of phreatophyte species and genera,
which represents a key asset in future GDV mapping and analyses. Yet,
compiling this list did not come without difficulties, as different criteria
for identifying phreatophytes might yield different results. For example,

Rohde et al. (2024b) identified Abies alba and Achillea millefolium as
common phreatophytes in global drylands based on expert assessment,
but our literature review and vegetation analysis did not support this.
Similarly, we derived 340 phreatophytes from a list developed for the
Netherlands (Londo, 1975), where the water table is shallow (< 2 m for
most of the country) (de Vries, 2007). However, forest species such as
Aconitum vulparia, Circaea alpina, and Lathraea squamaria, which can
access groundwater in the Netherlands, may not be dependent on it in
regions with deeper water tables. Although phreatophytes form azonal
vegetation driven by hydrogeology, their groundwater use varies with
location (Thomas, 2014; Ahring and Steward, 2012). A species may be
facultative in one area but obligate in another, or switch to soil moisture
depending on local conditions (Hultine et al., 2020; Orellana et al.,
2012). These variations complicate classification and highlight the need
for site-specific assessments. Integrating plant traits, such as rooting
depth or indicator values, into expert systems (Chytry et al., 2020) could
strengthen large-scale GDV classifications (El-Hokayem et al., 2023a).
Groundwater access likely decouples GDV productivity from
precipitation-driven dynamics. As a result, GDV sites appear more vital
and colder than surrounding areas, forming ‘green and cool islands’ in
the landscape (Barron and Van Niel, 2009; Akasheh et al., 2008). Our
data show that GDV sites in the Mediterranean biome are common on
sandy soils at lower elevations, where water accumulates and sustains
vegetation during the dry seasons, validating common assumptions
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applied for GDV detection (Eamus et al., 2016; Gou et al., 2015).
However, soil-groundwater-vegetation interactions can be complex. For
example, sandy soils allow for faster groundwater infiltration and easier
root penetration, while soils with high clay and silt content promote
capillary rise (Schulte Biihne and Pettorelli, 2018). Nevertheless, sandy
soils have lower water holding capacity, so that vital vegetation is more
likely to depend on groundwater rather than soil moisture during dry
seasons (El-Hokayem et al., 2023a). That said, sandy soils are not
necessarily required for GDV occurrence. Instead, the observed patterns
may also reflect broader landscape settings, such as coastal plains and
river valleys, rather than strict edaphic controls (Gomes Marques et al.,
2019). GDV is predominantly found at lower elevations (Sacco et al.,
2023; Doody et al., 2017; Gou et al., 2015), a pattern reflected by the
high variable importance of elevation in model predictions. However,
this finding may partly reflect sampling bias as most of the GDV ground-
truth points are concentrated at lower elevations. This may lead to an
underrepresentation of GDV at higher elevations, where snowmelt and
fractured or weathered hard-rock aquifers can sustain riparian vegeta-
tion or meadows (Cabello et al., 2026; Lowry et al., 2011).

Our study found an overall likely GDV coverage of 28%, similar to
the 31% reported by El-Hokayem et al. (2023b), but lower than the 50%
in a recent meta-analysis (Evaristo and McDonnell, 2017). While the
meta-analysis estimates plant groundwater use, our approach focuses on
identifying persistent GDV areas, which may explain the differences.
Observed GDV occurrence patterns align with previous studies (e.g.,
Rohde et al., 2024b; Doody et al., 2017) and support the idea that GDV
forms distinct ecological units shaped by groundwater availability and
access (Barron et al., 2014). Comparison with Rohde et al. (2024b) is
challenging since their GDEs include waterbodies. Still, broad-scale
patterns align: e.g., groundwater-dependent Eucalyptus forests in West-
ern Australia, extensive non-GDV areas east of Adelaide, GDV patches
north of the Atlas Mountains, the Camargue wetlands in Southern
France, coastal Croatia and a north-south gradient in Portugal. Differ-
ences appear in Southeastern Anatolia, where Rohde et al. (2024b) map
extensive GDEs including dry grasslands on rocky terrain, while our map
classifies GDV mainly along waterbodies, such as the Euphrates and
Tigris rivers. On Mount Etna (Italy), they identify GDV, but the vege-
tation there likely depends on seasonal soil moisture in volcanic sub-
strates, which can mimic GDV signals (El-Hokayem et al., 2023a).
Agreement with the Mediterranean GDV potential map (El-Hokayem
et al., 2023b), suggests that spatial patterns may arise from variables
controlling the occurrence of GDV, such as sand content and elevation,
rather than detection. These predictors highlight the importance of
geodiversity, where variations in soil, topography, and geology influ-
ence groundwater availability for GDV (Brilha, 2014). Certain envi-
ronmental conditions support GDV occurrence even though GDV is not
present. However, regional mismatches, such as in Western Australia
and South Africa, show the importance of high-resolution detection to
capture local variation.

Cross-validation results reveal regional differences in model uncer-
tainty and reliability, influenced by training data availability, Random
Forest overfitting, and GDV characteristics (Barrenada et al., 2024).
Accuracy is highest in regions where large, uniform GDV were mapped,
such as Chile, parts of California, and Southwest Australia. However, in
California, the model tends to overpredict GDV compared to regional
datasets (California Department of Water Resources, 2022), likely due to
the inclusion of GDV-only GBIF records and a conservative phreatophyte
coverage threshold (> 0.3). Reliability decreases in transitional zones,
which are areas that represent both ecological and climatic gradients.
Examples include the transition from semi-arid to arid regions, or from
and semi-arid to temperate regions in the Eastern Mediterranean Basin,
or France, and oasis-desert-river transitional zones in North Africa.
These zones often exhibit intermediate GDV probabilities, reflecting the
intersection of biome transitions and GDV/non-GDV boundaries,
thereby amplifying classification uncertainty. Accuracy is also lower in
fragmented landscapes like Italy and the Middle East, where GDV can be
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small, scattered or share spectral and environmental characteristics with
irrigated agriculture or mesic vegetation on high moisture soils (El-
Hokayem et al., 2023a). Identification is further complicated in arid
regions, where GDV often consists of sparse, ephemeral vegetation
dependent on fluctuating groundwater (Abdullah et al., 2024; Wang
et al., 2011). Under-sampled regions, such as North Africa, the Eastern
Mediterranean, Chile, and coastal or mountainous areas reduce model
reliability because the full range of GDV types could not be captured.
These imbalances introduce both geographic and ecological biases,
potentially limiting the ability to generalise across the full range of GDV
types in the Mediterranean biome. Although the Random Forest model
can capture regional patterns, it cannot fully compensate for data gaps
or ecological variation. The provided GDV probability map can be used
to further explore transitional zones and areas of higher uncertainty.

The integration of NDVI anomalies and radar data allowed our model
to provide a more accurate assessment of vegetation vitality during the
dry season, which represents a substantial improvement in GDV map-
ping. Considering spatial NDVI anomalies, in particular, allows a more
precise detection of ‘green islands’ (Akasheh et al., 2008) during dry
seasons by decoupling absolute NDVI values from regional and species-
specific variability. For example, groundwater-dependent Phoenix dac-
tylifera habitats in Morocco show lower NDVI values (0.6) compared to
groundwater-dependent Quercus forests in Southern Italy (0.8) (Fig. 4).
However, as semi-arid GDV often occurs in sparsely vegetated envi-
ronments or is associated with surface water (e.g., river banks, wetlands,
oases), high NDVI is not always a reliable predictor due to soil and water
disturbance. We have addressed limitations of NDVI such as weather
dependence, saturation in densely vegetated areas, or sensitivity to soil
and water by integrating radar data (Joshi et al., 2016; Bergen et al.,
2009). Our mapping approach successfully showcases how Sentinel-1
radar data can be integrated with optical remote sensing to increase
the time-series density available for classification on large scales. This
approach may hold potential for extending GDV mapping to other bi-
omes, where, due to more regular cloud cover, optical remote sensing is
substantially more limited (Mahmood et al., 2025).

Despite these methodological advances, certain limitations remain.
First, our phreatophyte checklist is not complete and biased toward
Europe due to reliance on EUNIS habitats, leaving groundwater-
associated species in other Mediterranean regions underrepresented
(Davies et al., 2004). Community-based GDV classification is further
complicated by the variable groundwater dependence of facultative
phreatophytes (Hultine et al., 2020), though using cover rather than
abundance mitigates some uncertainty. Second, the regional bias in
community data was partly addressed by combining sPlot and GBIF.
However, GBIF introduces its own spatial clustering bias toward acces-
sible areas (Thompson et al., 2023; Bird et al., 2013). Using sPlot and
GBIF data from 1990 expands spatial coverage but risks overestimating
GDV in degraded areas due to historical classification. Yet, restricting
data to 2018-2023 would reduce the available ground-truth data by
90%. Third, low-resolution, modelled datasets, such as mTPI, precipi-
tation, transpiration, and sand content, introduce gaps or inaccuracies,
particularly in coastal and riverine landscapes. Also, uncertainties (e.g.,
sand content in Southern Spain, Italy or North Africa) are likely trans-
ferred to our model (Poggio et al., 2021; Zhang et al., 2019; Funk et al.,
2015). Conceptually, pIDE reflects broader water balance deficits rather
than direct groundwater use, potentially overestimating GDV where
runoff accumulates or in areas with high soil moisture storage or lateral
inflows (Castellazzi et al., 2024; Doody et al., 2017). Excluding these
predictors reduced model training accuracy to 0.65, yet their global
availability supports similar applications. Additionally, masking errors
may arise from inaccuracies in land cover data, such as including irri-
gated crops or excluding GDV. We excluded groundwater depth, a key
factor influencing GDV, due to the resolution limitations of available
global datasets (Reinecke et al., 2024; Huang et al., 2019; Zhu et al.,
2012). Adding lithology or aquifer data could improve ecological
robustness, particularly for regional differences in groundwater
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availability (WorldBank, 2025; Hartmann and Moosdorf, 2012). While
we deemed the trade-offs between resolution and data completeness
acceptable, especially given the extensive spatial coverage of our model,
we note that small and isolated GDV (<30 m) such as spring vegetation
or single trees may have gone undetected.

5. Conclusion

This study provides the first map of likely groundwater-dependent
vegetation (GDV) in the Mediterranean biome at 30 m resolution. By
integrating ground-truth species and community data, remote sensing,
and machine learning, we addressed significant gaps in large-scale GDV
mapping. The multi-level approach included compiling 1071 phreato-
phyte indicator species and six genera from literature and vegetation
analysis into a novel species checklist. The checklist was used to create a
species-community dataset from sPlot and GBIF databases for training
and validating a Random Forest model predicting GDV distribution
across the biome. We found that 482,000 km? of (semi-) natural vege-
tation in the Mediterranean biome is likely to be GDV, covering 28% of
the study extent, with hotspots identified in Chile, California, the Iberian
Peninsula, and Southwest Australia. Only about a quarter of this GDV
currently lies within protected areas. Key predictors for GDV distribu-
tion include sand content, dry season vegetation vitality and elevation.
Our results highlight the interconnected roles of groundwater avail-
ability, geodiversity, and vegetation characteristics in shaping GDV
distribution, and emphasise their importance in conservation planning
for biodiversity and geodiversity hotspots. Future research should
integrate temporal trends in vegetation vitality, groundwater fluctua-
tions, and land use change with the GDV distribution map to pinpoint
high-risk areas and guide targeted conservation efforts throughout the
Mediterranean biome.
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