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Abstract. Climate change is expected to affect the distribution of Mediterranean plant species, including Olea
europaea var. sylvestris (wild olive), a keystone species for regional biodiversity and an important genetic re-
source for cultivated olives. Understanding how its range may shift under future climatic conditions is therefore
critical for both conservation planning and the resilience of the species. In this study, an ensemble species dis-
tribution model combining generalised linear models, generalised additive models, and maximum entropy was
used to assess the current and future climatic suitability of O. europaea var. sylvestris across the Mediterranean
Basin under two Shared Socioeconomic Pathway climate change scenarios: SSP2-4.5 and SSP5-8.5. A total
of 558 verified presence records were compiled, including 479 records obtained from the Global Biodiversity
Information Facility and 79 records from regional herbaria, and combined with six bioclimatic variables. These
variables were selected based on their ecological relevance and supported by Pearson correlation analysis. Cur-
rent projections indicate high habitat suitability in the Iberian Peninsula, southern Italy, North Africa, and coastal
areas where suitability persists across scenarios. However, all future projections reveal a reduction in suitable
area, most pronounced under SSP5-8.5 for the period 2061-2080, accompanied by a clear northward shift in
favourable habitat. These findings demonstrate that future climatic conditions are likely to substantially reduce
the climatic suitability of O. europaea var. sylvestris, thereby increasing its ecological vulnerability. Reducing
greenhouse gas emissions and promoting sustainable land management remain essential to slowing the pace of

habitat loss and supporting the long-term persistence of wild olive populations.

1 Introduction

Climate change represents a major threat to biodiversity and
ecosystem functioning worldwide (Gulev et al., 2021). It al-
ters temperature and precipitation patterns, and increases the
frequency of extreme weather events, which disrupt ecologi-
cal processes and drive shifts in species distributions. Plant
communities are especially vulnerable, as they may expe-
rience reduced habitat suitability and altered ecological in-
teractions, including pollination, water regulation, and soil
stability (Pecl et al., 2017). Furthermore, climate-change-
induced shifts can increase dry, desert-like conditions, di-
rectly impacting plant species through altered phenology
and range shifts, often towards higher altitudes or latitudes

(Rubenstein et al., 2023). Reduced water availability, height-
ened erosion, nutrient loss, and more frequent droughts and
heatwaves can suppress plant growth, increase mortality, re-
duce genetic diversity, and promote the spread of invasive
species (Menezes-Silva et al., 2019).

The Mediterranean Basin is considered one of the most
vulnerable regions to climate change, with rising tempera-
tures and altered precipitation patterns threatening its char-
acteristic ecosystems (Cramer et al., 2020). In this context,
Olea europaea L., which occurs as wild populations in na-
tive Mediterranean forests and also includes one of the most
widely cultivated tree crops in this region, serves as a valu-
able bioindicator for assessing the ecological and agricultural
consequences of climatic shifts. According to Flora Iberica
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(Vargas and Talavera, 2012), this species comprises two va-
rieties: the cultivated O. europaea var. europaea and the wild
O. europaea var. sylvestris (Mill.) Lehr, commonly known as
oleaster. The wild form is native to the Mediterranean Basin
and typically grows as a small tree or large shrub with nar-
row, leathery leaves and thorny basal shoots. Its small, bitter
fruits are generally unpalatable and adapted for bird disper-
sal. In contrast, the cultivated olive has broader leaves, lacks
thorns, and produces larger, more palatable fruits selected for
oil yield. Despite these differences, both varieties are fully in-
terfertile, and hybridisation is common where wild and cul-
tivated populations coexist or where groves are abandoned
(Ben-Dor et al., 2024). Distinguishing between cultivated
olives and oleaster fruits can be achieved through ecological,
morphological, and genetic criteria (Besnard et al., 2018).

In recent years, species distribution models (SDMs) have
become essential tools for assessing the current and future
potential distribution of plant species under changing cli-
matic conditions (Miller, 2010). These models provide valu-
able insights into habitat suitability and are widely applied
in conservation strategies and agricultural planning. Among
these, the maximum entropy (MaxEnt) algorithm is particu-
larly valued for its strong predictive performance when using
presence-only data and limited occurrence records (Phillips
et al., 2006; Valavi et al., 2021). There are various climate
modelling frameworks for projecting future species distribu-
tions. CMIP6 is the latest framework of coordinated global
climate model experiments, providing standardised projec-
tions under different emission and socioeconomic scenarios,
called Shared Socioeconomic Pathways (SSPs), used by the
IPCC. SSPs combine greenhouse gas trajectories with so-
cioeconomic narratives that span a wide range of futures.
At the very low end, SSP1-1.9 represents a strong sustain-
ability pathway with stringent mitigation measures consis-
tent with limiting warming to around 1.5°C in line with
the Paris Agreement, whereas SSP1-2.6 also follows a sus-
tainable trajectory but allows warming closer to 2 °C. Inter-
mediate scenarios include SSP2—4.5, a “middle-of-the-road”
pathway with moderate mitigation, and SSP4-6.0, which re-
flects a world of deep inequalities combined with medium-
high emissions. High-emission scenarios include SSP3-7.0,
characterised by regional rivalry and significant challenges to
both mitigation and adaptation; and SSP5-8.5, a fossil-fuel-
intensive development pathway that leads to very high emis-
sions and warming exceeding 4 °C by 2100 (O’Neill et al.,
2016). Including multiple models and scenarios is essential
for accounting for uncertainty in future climate projections
and producing robust ecological insights.

In this study, we assess the potential impact of climate
change on the current and future distribution of O. europaea
var. sylvestris using SSP2-4.5 (stabilisation pathway) and
SSP5-8.5 (high-emission pathway) to capture intermediate
and extreme futures. Unlike most previous studies limited to
national or regional scopes, this research covers the entire
Mediterranean Basin.
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The objectives of this study are (1) to evaluate the predic-
tive performance of the ensemble model for O. europaea var.
sylvestris and identify the climatic variables most strongly
influencing its current distribution, (2) to analyse climatic
preferences and tolerance thresholds using response curves,
(3) to map its current habitat suitability under present climate
conditions, and (4) to project and quantify future changes in
the distribution of suitable areas under SSP2—4.5 and SSP5—
8.5 for the mid-century (2041-2060) and late-century (2061—
2080) periods.

2 Material and methods

2.1 Study area

The Mediterranean Basin is recognised as a global biodiver-
sity hotspot, characterised by a Mediterranean climate with
hot, dry summers and mild, wet winters (Médail and Quézel,
1999). The region encompasses diverse landscapes, includ-
ing coastal areas, mountain ranges, and semi-arid environ-
ments. This study adopts the Mediterranean region boundary
defined by Olson et al. (2001), with a slight modification. A
small part of north-west Spain was included, and the Canary
Islands were excluded because the region has a subtropical
climate (Luque Sollheim et al., 2024). The study area map
was generated in QGIS v3.40.8 (EPSG:4326) (Fig. 1).

2.2 Species occurrence data

A total of 1283 presence records for O. europaea var.
sylvestris were obtained from the Global Biodiversity In-
formation Facility (GBIF, 2025). Only herbarium-preserved
specimens were included to ensure data quality, as these
records are based on physical plant material that has been
collected and preserved, such as specimens pressed and af-
fixed to herbarium sheets. Observational records lacking
physical specimens were excluded. To ensure comprehen-
sive coverage, the search in GBIF included several tax-
onomic synonyms listed in Plants of the World Online
(POWO, 2025), an authoritative global database of accepted
plant names and synonyms. The search terms included O.
sylvestris Mill., O. europaea var. sylvestris (Mill.) Lehr, O.
europaea subsp. sylvestris (Mill.) Rouy, O. europaea subsp.
sylvestris (Mill.) Rouy ex Hegi, and O. europaea subsp. eu-
ropaea (GBIF.org, 2025). To complement GBIF data, 170
herbaria listed in the Index Herbariorum (Sweetgum, 2025)
and located within the Mediterranean Basin were contacted
by email, coordinated through the Herbarium of the Univer-
sity of Mdalaga (MGC). From the herbaria that replied, 13
provided usable records for O. europaea var. sylvestris, yield-
ing 422 records, of which 79 were retained after cleaning.
Each record was reviewed to confirm that it represented
wild, non-cultivated individuals, using contextual informa-
tion such as location, habitat type, and collection notes.
Records from botanical gardens or clearly cultivated settings
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Figure 1. Map of the Mediterranean Basin (EPSG:4326) showing the study area and the occurrence records of Olea europaea var. sylvestris

(white points). Map created by the authors based on Olson et al. (2001),

were excluded. Complementary data provided by herbaria
were checked for duplication against GBIF data, and dupli-
cates were removed.

Occurrence records were not spatially thinned because the
final cleaned dataset contained a limited number of unique,
verified presence points; applying even a moderate thinning
distance would have substantially reduced the sample size
and weakened the model’s ability to characterise the species’
environmental niche. As a consequence, the model remains
sensitive to spatial sampling bias, with a risk of overfit-
ting and overestimated suitability near densely sampled areas
such as the Iberian Peninsula (see Sect. 4.5). Some records
lacked precise coordinates; therefore, when possible, coordi-
nates were estimated from locality descriptions. All occur-
rences were georeferenced, checked for spatial accuracy in
QGIS version 3.40.8 (QGIS Association, 2025), and verified
against the Mediterranean Basin boundary map (Fig. 1). Af-
ter data cleaning, 479 of the 1283 GBIF records and 79 of the
422 herbarium records were retained for modelling, resulting
in a total of 558 occurrence records.

2.3 Bioclimatic data

We obtained 19 bioclimatic variables from WorldClim v2.1
at 30 arcsec (~ lkm2; Fick and Hijmans, 2017) resolution,
representing historical averages from 1970 to 2000. Descrip-
tions of these variables (biol-biol9) are provided in Ta-
ble Al.

Future projections for 2041-2060 and 2061-2080 were
derived from the CMIP6 model EC-Earth3-Veg (Doscher
et al., 2022) under the SSP2-4.5 and SSP5-8.5 scenarios
(O’Neill et al., 2016). This model was selected for its demon-
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with occurrence data from GBIF.org (2025) and regional herbaria.

strated accuracy in simulating European climates (Filahi
etal., 2025). SSP2-4.5 (intermediate development with mod-
erate emissions) and SSP5-8.5 (fossil-fuel-driven growth
with very high emissions) were used to capture a range of
plausible mid- and late-century climate futures, from inter-
mediate to more extreme warming trajectories. Projections
were limited to the 2041-2060 and 2061-2080 periods to
emphasise short- and medium-term changes in habitat suit-
ability.

All 19 bioclimatic variables were clipped to the study
area (Fig. 1) using the translate tool of QGIS v3.40.8. Since
using too many predictors can reduce model performance
and transferability, and increase the risk of overfitting, par-
ticularly when highly correlated variables are included, we
reduced the variable set to those most relevant, as rec-
ommended in Elith et al. (2011). Multicollinearity among
climatic variables was assessed using Pearson correlations
in R v4.5.1. Analyses were run in RStudio v2025.5.1.513
(Posit Team, 2025). Following recommendations on han-
dling collinearity in distribution models (Dormann et al.,
2013), variables with a Pearson correlation coefficient |r| >
0.75 were considered highly correlated, and one variable
from each correlated pair was excluded from further analy-
sis. The final set of six predictors was selected on the basis of
the Pearson correlation analysis and the ecological relevance
of each variable, and these variables were then used directly
in all three algorithms (GLM, GAM, and MaxEnt).

2.4 Species distribution modelling

Species distribution models (SDMs) were developed us-
ing the advanced ensemble modelling framework biomod2
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(Guéguen et al., 2026) combined with the terra package for
optimised spatial data processing within the R environment.
To characterise the environmental profile of the species, a
multi-algorithm approach was implemented, combining re-
gression techniques and machine learning algorithms: gener-
alised linear models (GLMs; Nelder and Wedderburn, 1972),
generalised additive models (GAMs; Wood, 2017), and max-
imum entropy (MaxEnt v. 3.4.4; Phillips et al., 2025). Max-
Ent modelling was executed natively by integrating the max-
ent.jar application via the dismo Java interface on R. Fea-
ture classes were left at the automatic MaxEnt setting, which
for the training sample size enabled linear, quadratic, prod-
uct, hinge, and threshold features. To account for the ab-
sence of true absence data, a background selection strategy
was adopted. A single pool of 10 000 pseudo-absences (PAs)
was randomly generated across the study area. For GLM
and GAM algorithms, automated formula and hyperparame-
ter selection native to biomod2 were used to prevent artificial
overfitting.

Occurrence data comprised presence records from GBIF
and the additional herbarium sources described earlier. His-
torical bioclimatic variables (1970-2000) were used as the
baseline conditions, whereas future climate variables for both
SSPs and time periods served as projection layers. Model
performance and predictive robustness were assessed using
arepeated split-sample cross-validation scheme. For each al-
gorithm, the dataset was randomly split into 10 independent
evaluation replicates, generated using 25 % of occurrence
points for testing and 75 % for training, with a random seed
set for reproducibility. Model accuracy was evaluated using
the area under the curve (AUC) of the receiver operating
characteristic (ROC) curve (Pontius and Parmentier, 2014)
and the true skill statistic (TSS) metrics (Allouche et al.,
2006), with a default prevalence of 0.5. AUC values range
from O to 1, where 0.5 indicates a model performing no better
than random and 1.0 indicates perfect discrimination (Field-
ing and Bell, 1997). To minimise individual algorithmic bi-
ases and reduce structural uncertainty, an ensemble model
(EM) consensus was built by combining all calibrated indi-
vidual models and cross-validation runs into a single global
consensus framework. To ensure predictive quality, only in-
dividual models achieving a TSS score greater than or equal
to 0.4 were retained for the ensemble assembly. Final poten-
tial suitability maps for both baseline (current) and future en-
vironmental scenarios were projected across the spatial grid
and converted onto a standardised continuous scale ranging
from O (completely unsuitable) to 1000 (maximum suitabil-
ity).

Full documentation of the modelling workflow following
the ODMAP protocol (Zurell et al., 2020) is provided in Ap-
pendix D.

In addition, predictor influence was evaluated via a
permutation-based variable importance procedure executed
with three repetitions per model run. In biomod2, this is cal-
culated as 1 —r between the reference prediction and the pre-
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diction obtained after randomly permuting each predictor in
turn, computed independently for each variable. The result-
ing values therefore express the influence of each predictor
separately and are not shares of a common total, so they do
not sum to 100. Therefore, model outputs were used to iden-
tify the most influential climatic variables to generate cur-
rent and future habitat suitability maps and to visualise po-
tential shifts in the geographic distribution of O. europaea
var. sylvestris. Final suitability maps were based on the EM
output (0-1000) across the 30 replicates (10 runs with GLM,
GAM, and MaxEnt) to ensure robust prediction and reduced
sensitivity to sampling variability (Phillips et al., 2006; Elith
etal., 2011).

For clarity in interpretation and spatial analysis, the con-
tinuous suitability output was rescaled from 0-1000 to 0-
1 and reclassified into five equal-interval habitat suitability
classes of 0.2 width: unsuitable (p < 0.2), low (0.2 <p <
0.4), moderate (0.4 < p < 0.6), high (0.6 < p <0.8), and
very high (p > 0.8). The class boundaries are equal inter-
vals adopted for presentation and area-based comparison, not
ecological thresholds, following classification schemes com-
monly used in ecological modelling studies (Li et al., 2020;
Khan et al., 2022; Alegria et al., 2023). This classification
enhanced the visualisation of habitat patterns, enabled com-
parison across scenarios, and facilitated the area-based anal-
ysis of habitat shifts under projected climate conditions. To
quantify habitat suitability under current and future climate
scenarios, the classified suitability rasters were processed in
R using the terra package (Hijmans, 2025). For each raster,
the number of cells per suitability class was extracted using
the freq() function, and the area of each class was calculated
by multiplying the cell count by the pixel area, derived from
the raster resolution using the res() function. For area cal-
culation, the classified rasters were reprojected to a cylin-
drical equal-area projection, giving a cell size of approxi-
mately 739.59m x 739.59 m, so that each pixel corresponded
to approximately 0.547 km?. The resulting areas (km?) were
computed for all scenarios to allow quantitative comparison
of habitat suitability, expressed as the estimated area within
each suitability class across different time periods and cli-
mate conditions.

3 Results

3.1 Bioclimatic variables and model performance

Six bioclimatic variables were retained on the basis of low
intercorrelation (|r| < 0.75) (Fig. Al), and ecological rel-
evance to the distribution of O. europaea var. sylvestris
in Mediterranean climates. The relative permutation impor-
tance of these variables is summarised in Table 1. Minimum
temperature of the coldest month (bio6) showed the highest
permutation importance. Mean temperature of the warmest
quarter (biol0) had the second-highest permutation impor-
tance, whereas precipitation of the warmest quarter (biol8)
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Table 1. Permutation importance of the six bioclimatic variables
used in the ensemble model for Olea europaea var. sylvestris, aver-
aged across the GLM, GAM, and MaxEnt single models.

Code  Climatic variable Permutation
importance
bio6 Minimum temperature of coldest 64.9
month
biol0 Mean temperature of warmest quarter 30.9
biol8  Precipitation of warmest quarter 11.1
biol5 Precipitation seasonality (coefficient 9.0
of variation)
biol2  Annual precipitation 8.8
bio2 Mean diurnal range (mean monthly 4.0

max—min)

indicated the third-highest permutation importance (com-
plete information of permutation importance by algorithm
can be found in Table S1 in the Supplement).

Using these six variables, the ensemble model revealed
strong predictive performance, with a mean calibration AUC
of 0.9 and a mean calibration TSS of 0.7 (Fig. B1), along
with a sensitivity of 87.4 % and a specificity of 79.3 %. Per-
formance on the held-out validation data was comparable for
AUC and slightly lower for TSS, indicating good discrimi-
nation with little overfitting. The ROC curve indicated good
discrimination (mean AUC = 0.9), well above random ex-
pectation (AUC = 0.5).

3.2 Analysis of climatic variables

The response curves (Fig. 2; complete information in Ta-
ble S2) show the relationship between environmental vari-
ables and the predicted suitability of O. europaea var.
sylvestris, outlining the climatic ranges associated with
higher suitability. For bio2 (mean diurnal range), suitability
was lowest at approximately 7.5 °C and then rose with in-
creasing values, reaching its highest values at the upper end
of the observed range (approximately 16 °C). Bio6 (mini-
mum temperature of coldest month) revealed unsuitable (p <
0.2) conditions where temperatures were below approxi-
mately 0.5 °C, with a sharp increase above 1.5°C and the
highest suitability at approximately 9 °C. For biol0 (mean
temperature of warmest quarter), suitability began to increase
at approximately 16 °C and reached its peak at 20 °C, fol-
lowed by a steep decline beyond 24 °C, becoming unsuitable
at temperatures over 25 °C.

Biol2 (annual precipitation) was associated with maxi-
mum suitability of around 500 mm, with a decline on both
sides of this peak, with unsuitable conditions below 300 mm
and above 1250 mm of annual precipitation (Table S2).
Biol5 (precipitation seasonality) had a pronounced peak at
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a coefficient of variation of about 50, followed by a decline
and a moderate secondary rise near 110. Biol8 (precipitation
of the warmest quarter; Fig. 2) rose steeply from O mm to a
peak at approximately 30 mm, declined to a plateau by ap-
proximately 75 mm, and remained within the low-suitability
class across the remainder of its range, with a secondary rise
near 175 mm. Suitability did not fall below 0.2 at any point
across the observed range of this variable.

3.3 Current suitable distribution

Under current climatic conditions, large parts of the Iberian
Peninsula, particularly southern and central Spain and Portu-
gal, exhibited extensive areas of high to very high suitability
for O. europaea var. sylvestris (Fig. 3). Southern Italy; the
western coastal zones of Greece, northern and central Mo-
rocco; and parts of Algeria and Tunisia also revealed consid-
erable suitable habitat. Smaller but distinct patches of suit-
ability were found on Mediterranean islands such as Sicily,
Corsica, and Crete, as well as along coastal fringes of the
Mediterranean Levant, including parts of Lebanon and Pales-
tine.

3.4 Future distribution and suitable changes

In this section a classified categorical map is shown (Fig. 4).
The map shows five suitability classes: unsuitable (< 0.2),
low (0.2-0.4), moderate (0.4-0.6), high (0.6-0.8), and very
high (> 0.8), under the current (Fig. 4a) and future (Fig. 4b—
e) conditions. To check the continuous suitability maps, see
Fig. C1 in Appendix C. Using the six selected bioclimatic
variables, projections for 2041-2060 and 2061-2080 under
SSP2-4.5 and SSP5-8.5 revealed consistent shifts in habitat
suitability (Fig. 4b—e). All future scenarios indicated a re-
duction in total suitable area and a general northward shift
in optimal habitat, particularly across northern Spain, south-
ern France, northern and central Italy, and parts of Greece
and Tiirkiye. Under SSP2-4.5, both 2041-2060 (Fig. 4b)
and 2061-2080 (Fig. 4c) displayed broadly similar patterns
in suitability and range shift, with moderate contraction of
highly suitable areas. SSP5-8.5 for 2041-2060 (Fig. 4d)
showed a comparable pattern, but SSP5-8.5 for 2061-2080
(Fig. 4e) resulted in a much stronger loss of highly suitable
habitat.

Many areas classified as highly or very highly suitable un-
der current conditions were downgraded to lower-suitability
categories or became unsuitable, especially in the southern
Mediterranean regions. However, some coastal areas, includ-
ing parts of Portugal, northern Morocco, and parts of Spain,
persisted as isolated hotspots of high or very high suitability.
Portugal retained relatively high suitability across all future
projections.
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Response Curves: Ensemble Model (EMwmean) with Model Uncertainty
Solid Line: EMwmean | Shaded Area: Range (Min-Max) of single models variability
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Figure 2. Predicted response curves from the ensemble weighted mean model (EMwmean), showing uncertainty from all single models. The
response curves show the predicted suitability for Olea europaea var. sylvestris changes across the range of each bioclimatic predictor, while
all other predictors are held at their mean values. The curves represent the model-estimated change in the likelihood of presence in response
to each predictor, not a directly measured biological response of the species: (bio2) mean diurnal range (°C), (bio6) minimum temperature
of the coldest month (°C), (bio10) mean temperature of the warmest quarter (°C), (biol2) annual precipitation (mm), (biol5) precipitation
seasonality (CV), and (bio18) precipitation of the warmest quarter (mm). The blue lines indicate the mean values, whereas grey areas denote
the minimum-maximum range across the cross-validation and algorithm runs.
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scenarios: (b) SSP2—4.5 for 2041-2060, (c) SSP2-4.5 for 2061-2080, (d) SSP5-8.5 for 2041-2060, and (e) SSP5-8.5 for 2061-2080.
Suitability classes: unsuitable (p < 0.2), low (p = 0.2 — 0.4), moderate (p = 0.4 — 0.6), high (p = 0.6 — 0.8), and very high (p > 0.8).

3.5 Projected changes in habitat suitability area

Table 2 summarises the estimated area (x10*km?) under
each suitability class for current and future scenarios. All
future projections show a decline in the area classified as
moderately, highly, or very highly suitable compared with
current conditions. The SSP5-8.5 scenario for 2061-2080
showed the most pronounced decline, with a strong increase
in the area classified as unsuitable and a marked reduction
in high and very high suitability classes, suggesting a sub-
stantial loss of climatically suitable habitat for O. europaea
var. sylvestris by the end of the century. Highly suitable area
(> 0.6) declined from 29.7 x 10*km? under current condi-
tions to 5.3 x 10*km? under SSP5-8.5 for 2061-2080, a re-
duction of more than 80 %.
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4 Discussion

4.1 Model performance

Only ecologically meaningful and non-redundant biocli-
matic predictors were retained, which improves model in-
terpretability, reduces overfitting, and enhances transferabil-
ity (Phillips et al., 2006; Elith et al., 2011). The resulting
model achieved a mean calibration AUC of 0.9 and a TSS of
0.7, indicating good discrimination between suitable and un-
suitable conditions. This value is unlikely to be much higher
for a broadly distributed taxon, as previous work has shown
that species with wide geographic ranges often exhibit lower
AUC scores because it is more difficult for the model to dis-
tinguish suitable from unsuitable habitat across diverse envi-
ronments (McPherson and Jetz, 2007).

4.2 Climatic drivers of habitat suitability

In this study, bio6 (minimum temperature of the coldest
month) and bio10 (mean temperature of the warmest quarter)
emerged as key contributors to habitat suitability for O. eu-
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Table 2. Area (x 104 kmz) under each habitat suitability class for each climate scenario.

Suitability class Current SSP2-4.5 SSP2-4.5 SSP5-8.5 SSP5-8.5

(2041-2060)  (2061-2080)  (2041-2060)  (2061-2080)
Unsuitable (< 0.2) 142.5 160.4 169.5 163.0 203.4
Low (0.2-0.4) 41.2 51.7 472 49.7 24.7
Moderate (0.4-0.6) 28.5 19.6 17.2 19.6 8.4
High (0.6-0.8) 23.4 7.4 53 6.6 3.8
Very high (> 0.8) 6.3 2.8 2.6 3.0 1.6
Total suitable (0.2-1) 99.4 81.5 724 78.9 38.5
Highly suitable (> 0.6) 29.7 10.2 8.0 9.6 53

ropaea var. sylvestris, underlining the importance of temper-
ature extremes in shaping its distribution. This is consistent
with the physiology of O. europaea: minimum winter tem-
peratures directly affect survival and seedling recruitment,
as freezing conditions can cause cold stress and mortality
(Petruccelli et al., 2022; Ruiz et al., 2006), whereas exces-
sively high summer temperatures can impair photosynthe-
sis and fruit development, limiting reproductive success in
overly hot environments (Haworth et al., 2018).

Together, these two thermal variables exert opposing pres-
sures on the species’ projected distribution under a future cli-
mate. Warming winter minima (bio6) make previously too-
cold areas to the north and at higher elevations newly suit-
able, driving the northward and upslope shifts seen across the
projections. At the same time, rising summer temperatures
(bio10) push the warmer, low-elevation, and inland parts of
the current range beyond the species’ heat tolerance thresh-
old, rendering them unsuitable. Because biol0 warming af-
fects a substantially larger portion of the current range than
the area newly opened by bio6 warming, the net outcome is a
pronounced loss of suitable habitat. In other words, more of
the currently suitable range becomes too hot in summer than
is gained from milder winters in newly suitable areas farther
north and upslope, which explains both the northward shift
and the overall reduction in suitable area found in this study.
A similar pattern has been reported for olive elsewhere in the
Mediterranean. Ozdel et al. (2025) projected a northward and
upslope redistribution for cultivated olive in Tirkiye, with
the high-suitability class contracting sharply (from 4.4 % to
0.2 % of the country under SSP5-8.5 by 2081-2100) even as
lower-suitability classes expanded, and Arenas-Castro et al.
(2020) reported net reductions in suitability for olive vari-
eties in southern Spain. Our basin-wide results for the wild
variety show a comparable direction of poleward displace-
ment, although the underlying species, extent, and predictors
differ between studies. Precipitation of the warmest quarter
(bio18) was also an important variable influencing modelled
habitat suitability. This aligns with other studies (Arenas-
Castro et al., 2020). In their assessment of climate change im-
pacts on olive varieties, including O. europaea var. sylvestris,
Arenas-Castro et al. reported that changes in water availabil-
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ity driven by decreasing precipitation and increasing evapo-
transpiration were the dominant factors reducing future suit-
ability. They found that much of the projected loss of suit-
able area was associated with drier conditions, especially in
autumn.

The response curve in biol5 seems to highlight the strong
dependency of O. europaea var. sylvestris on Mediterranean
precipitation seasonality regimes. The primary predictive op-
timum (at a coefficient of variation of ~ 50) aligns with
the balanced climate conditions of the Mediterranean Basin
where the species is ecologically and climatically domi-
nant. The species being a sclerophyll, the first peak fits
the Mediterranean climatic adaptation of O. europaea var.
sylvestris (Guerrero Maldonado et al., 2016). Conversely, the
secondary moderate rise observed at high seasonality values
(~ 110) suggests the species’ capacity to persist under sce-
narios of extreme intra- or inter-annual climate variability, in-
dicating tolerance of highly seasonal eastern Mediterranean
climates. However, this secondary peak may also indicate
an artefact of sparse and spatially uneven occurrence data.
Given the wider uncertainty around this part of the curve, the
secondary peak should be interpreted cautiously.

Although factors such as soil properties, topography, and
grazing pressure may also influence wild olive distribution
(Tsiftsis et al., 2025), this study intentionally focuses on cli-
matic suitability as a standalone driver.

4.3 Species distribution data and current suitability

Suitability tends to be lower in inland, mountainous, or more
arid regions, where colder winter temperatures and reduced
water availability are likely to constrain the species’ distri-
bution. Large portions of the eastern Mediterranean, such
as Syria and inland regions of Tiirkiye, are predicted to be
unsuitable, although these predictions should be interpreted
cautiously given the absence of occurrence data from these
regions, as discussed in the limitations.

It is not always possible to determine whether each oc-
currence record truly represents the wild form O. europaea
var. sylvestris because many collectors and databases record
specimens simply as O. europaea without specifying the va-
riety. This uncertainty is reinforced by the fact that O. eu-
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ropaea var. sylvestris (Mill.) Lehr is currently treated as a
synonym of O. europaea subsp. europaea in major taxo-
nomic sources, such as POWO (2025) and Dimopoulos et al.
(2016). Hybridisation between wild and cultivated olives is
also widespread, especially in marginal or abandoned agroe-
cosystems such as old olive groves (Ben-Dor et al., 2024),
where feral individuals may be misclassified. Countries such
as Italy and Greece contributed fewer records than Spain, but
their points were relatively well distributed, which supports
more reliable predictions in those regions. Overall, Spain,
Portugal, Morocco, France, Italy, and Greece provided oc-
currence data that broadly cover a representative range of
bioclimatic conditions.

4.4 Future distributions and possible migration shifts

Under the intermediate climate scenario SSP2—4.5, some
regions such as parts of southern France and central Italy
are projected to retain moderate suitability, but areas of
high suitability retreat from several core regions, including
parts of southern Spain and the Maghreb. These patterns are
broadly consistent with studies suggesting northward or up-
slope shifts of Mediterranean taxa in response to warming
(Gritti et al., 2006). Projections for 2041-2060 under SSP5—
8.5 are similar to those under SSP2-4.5 for 2061-2080, re-
flecting the relatively modest divergence between the scenar-
ios during mid-century, when projected changes in temper-
ature and precipitation partly overlap. After 2060, however,
SSP5-8.5 diverges more strongly, with substantially greater
warming and sharper declines in summer precipitation, as
shown for the SSP framework by Fuss et al. (2014). This
likely explains the pronounced loss of suitable habitat under
SSP5-8.5 for 2061-2080.

Across all future projections, many coastal zones remain
suitable. Coastal regions in the Mediterranean tend to warm
less than inland or mountainous areas, even under high-
emission scenarios (El-Samra et al., 2018). This pattern
links closely to mean temperature of the warmest quarter
(bio10), as sea breeze effects and maritime influence buffer
extreme summer temperatures. Coastal areas also often re-
ceive higher summer precipitation than nearby inland re-
gions (Curtis, 2019), which relates to the precipitation of the
warmest quarter (biol8) and may provide a climatic buffer
against the increasingly frequent droughts characteristic of
Mediterranean summers. Portugal, along with several other
Mediterranean coastal zones, retains areas of high suitabil-
ity across all future scenarios. The persistence of these areas
likely reflects a combination of moderated summer temper-
atures and comparatively higher summer rainfall. Although
a similar geographical signal has been reported for Portu-
gal, where the cultivated form (O. europaea var. europaea)
may remain comparatively resilient under projected climate
change (Fraga et al., 2022), this resilience partly reflects irri-
gation and active grove management. Wild populations lack
these interventions and may therefore prove more vulnera-
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ble, therefore the comparison indicates a shared climatic sig-
nal rather than equivalent resilience. These coastal zones are
identified as areas of projected climatic stability rather than
validated refugia. The inference rests on the modelled persis-
tence of suitable climate and on maritime buffering of sum-
mer temperature and precipitation (El-Samra et al., 2018;
Curtis, 2019), not on direct microclimate, demographic, or
stress-physiology data from coastal populations of O. eu-
ropaea var. sylvestris. Confirming a refugial function will re-
quire field validation, including local microclimate data and
demographic or genetic monitoring of coastal versus inland
populations of the species.

All projected scenarios in this study indicate a net loss
of suitable habitat for O. europaea var. sylvestris. This con-
trasts with Kassout et al. (2022), who reported increased suit-
ability for the wild olive in Morocco, with the largest suit-
able area under RCP8.5 in 2070. The most likely reason
for this difference is the role of temperature in each model.
Both studies included minimum temperature of the coldest
month (bio6), but its importance differed greatly: it was the
strongest predictor in our ensemble (permutation importance
64.9), whereas it accounted for only 0.6 % of per cent con-
tribution in Kassout et al. (2022). The opposite held for an-
nual precipitation (biol2), which ranked low here (permuta-
tion importance 8.8) but dominated their model at 76.7 %.
These metrics are not directly comparable in magnitude, as
MaxEnt per cent contribution is normalised to sum to 100,
whereas biomod2 permutation importance is computed in-
dependently per variable; the comparison is therefore one
of rank and direction rather than of absolute values. Our
basin-wide model is therefore driven mainly by temperature,
whereas their model for Morocco is driven mainly by rain-
fall. This likely reflects the different study areas: across the
whole Mediterranean Basin, cold winters limit the species
at its northern and inland edges, making bio6 highly infor-
mative, while in the Kassout et al. (2022) study, Moroc-
can winters are rarely cold enough to limit O. europaea var.
sylvestris, so water availability matters more. Because our
model is temperature led, warming has two opposing effects:
milder winters (bio6) let the species spread northward, while
hotter summers (bio10) make southern areas unsuitable; this
warm-edge loss outweighs the northern gain, producing a net
decline. In a rainfall-driven model where temperature is not
limiting, warming does not impose this penalty, so suitability
can instead increase. The studies also differ in their climate
data (CMIP6 under SSPs here versus CMIP5 under RCPs)
and number of predictors (6 versus 12), which can further
affect the results. Notably, Kassout et al. (2022) also found
declining suitability for the endemic O. europaea subsp.
maroccana. Arenas-Castro et al. (2020), assessing several
olive varieties including O. europaea L. subsp. europaea var.
sylvestris, reported reduced suitability for six of seven vari-
eties, with marked declines for the wild variety in Spain un-
der the 2040, 2070, and 2100 projections, which agrees with
the trends found here.
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Furthermore, Hidalgo-Triana et al. (2023) showed that
western Mediterranean O. europaea var. sylvestris forests are
highly exposed to climatic change. This corresponds with
the strong reduction in suitable areas in the southern Iberian
Peninsula found in our study. However, the authors argue
that, despite this high exposure, these forests are less vulner-
able to climate change because the species possesses func-
tional traits that confer resilience to increasingly dry and hot
conditions.

Projections in this study focused on the mid- and late-
century horizons (2041-2060 and 2061-2080) to provide
more actionable information for conservation planning and
management of the species. Longer-term projections could
also be informative for assessing potential range collapse or
the need for assisted migration under more extreme warming.

4.5 Limitations and caveats

Model output should be interpreted carefully, as it reflects
the specific combination of bioclimatic variables used in this
study, and a different variable set may cause variations in
the distribution patterns. Future projections here rely on a
single CMIP6 model; incorporating additional models (for
example, IPSL-CM6A-LR and MRI-ESM2-0) would allow
between-model climate uncertainty to be quantified and is a
priority for further work. At the same time, many records are
spatially clustered, for example, in specific parks or forest
stands, which can introduce sampling bias and lead to over-
estimation of suitability near well-sampled locations (Ander-
son and Raza, 2010; Fourcade et al., 2014). Because the final
cleaned dataset contained only 558 unique presence points,
spatial thinning was not applied in order to retain sufficient
environmental coverage, but this may amplify the effects
of clustering. Several Mediterranean countries lacked occur-
rence data in this study, including Algeria, Tunisia, Palestine,
Israel, Lebanon, Syria, and especially Tiirkiye. This absence
does not imply that the species is ecologically absent in these
regions. For Tiirkiye, 28 herbaria were contacted, but no re-
sponses were obtained and no herbarium-preserved records
were found in GBIF. A similar lack of accessible herbar-
ium data applied to several of the other countries mentioned
above. However, O. europaea var. sylvestris is known to oc-
cur naturally throughout the eastern Mediterranean, and mul-
tiple studies document its presence in these areas (Fanelli
et al., 2022). In fact, the Mediterranean Levantine region
is widely considered the centre of origin of the wild olive,
from which it spread westwards across the Mediterranean
Basin (Besnard et al., 2013; Besnard et al., 2018). Given this,
the “unsuitable” predictions there should be interpreted with
caution and treated as an artefact of incomplete occurrence
sampling rather than a genuine ecological signal. Future it-
erations of the model would benefit substantially from incor-
porating herbarium records and field survey data from these
under-represented countries, which would likely expand the
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predicted suitable area eastward and improve model transfer-
ability across the full Mediterranean Basin.

To improve future projections and obtain more accurate
SDM outputs for the whole Mediterranean Basin, it will be
necessary to expand occurrence datasets, particularly by in-
corporating records from currently under-represented coun-
tries.

5 Conclusion

This study showed that Olea europaea var. sylvestris has a
broad but climatically restricted distribution in the Mediter-
ranean Basin and is projected to lose suitable habitat under
future climate conditions.

The modelling identified that mostly temperature, but also
precipitation, limits the species’ range, reflecting its sensitiv-
ity to low and high temperatures and drought. These climatic
factors capture the dominant climatic constraints shaping its
current distribution.

Current suitability maps revealed extensive suitable habi-
tat in the western Mediterranean, although data gaps in sev-
eral eastern regions likely resulted in under-representation
there.

Future projections under both SSP2-4.5 and SSP5-8.5
consistently revealed a contraction and northward shift of
suitable habitat, with the greatest losses late in the century
under SSP5-8.5. Several coastal zones, particularly in Por-
tugal, Spain, and northern Morocco, are projected to retain
relatively high suitability across scenarios.
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Appendix A

Table A1. Description of the 19 bioclimatic variables (biol-bio19) from WorldClim v2.1 used in species distribution modelling. Temperature
variables are expressed in °C, precipitation variables in mm, and seasonality variables as a coefficient of variation (CV) or scaled indices, as
indicated.

Code  Climatic variable Unit
biol Annual mean temperature °C
bio2 Mean diurnal range (mean monthly max—min) °C

bio3 Isothermality (bio2/bio7 x 100) -
bio4 Temperature seasonality (standard deviation x 100)  °C (x100)

bio5 Max temperature of warmest month °C

bio6 Min temperature of coldest month °C

bio7 Temperature annual range (bio5-bio6) °C

bio8 Mean temperature of wettest quarter °C

bio9 Mean temperature of driest quarter °C

biol0  Mean temperature of warmest quarter °C

bioll Mean temperature of coldest quarter °C

biol2  Annual precipitation mm

biol3  Precipitation of wettest month mm

biol4  Precipitation of driest month mm

biol5  Precipitation seasonality (coefficient of variation) -

biol6  Precipitation of wettest quarter mm

biol7  Precipitation of driest quarter mm

biol8  Precipitation of warmest quarter mm

biol9  Precipitation of coldest quarter mm

e‘p <‘>\°® e°<b ©\°\b & & & e"\\ Sl e"\% ~o\\b‘ e°<\ ~o\°® & o & & &
bio15 0.25 0.07-0.20 0.17 0.26-0.41-0.05-0.26-0.36 '

bio12 .15-0.31-0.33-0.08 0.11 0.33 0.32 0.39

0.8
bio19 -0.02-0.42-0.10 0.12 0.27-0.10-0.07-0.03-0.42-0.19-0.43-0.41-0.35-0.41
bio13 .11-0.24-0.08 0.14 0.31 0.11 0.09 0.15-0.42-0.24-0.44- 06
bic16 -0.11-0.30-0.10 0.13 0.30 0.07 0.06 o.11Lu‘.45-o.24-o.46
bio3 0.03 0.15 0.23-0.03-0.27-0.29-0.24-0.05-0.04-0.28 0.23 0.16 04
bio8
bio1 o2
bio11
0
-0.2
-0.4
-0.6
-0.8

Figure A1. Pearson’s correlation matrix of the initially selected 19 bioclimatic variables.
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Appendix B

a) Calibration dataset
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Figure B1. Calibration performance of the single-algorithm models (GLM, GAM, and MaxEnt) across the 30 cross-validation runs, showing
the true skill statistic (TSS) and the area under the curve (AUC) of the receiver operating characteristic (ROC) curve: (a) individual runs by
algorithm, (b) mean and standard deviation by algorithm.
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Appendix C

(a) Current classified distribution
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Figure C1. Predicted continuous habitat suitability maps (0—1000) for Olea europaea var. sylvestris under (a) present-day climate conditions,
and future climate scenarios: (b) SSP2—4.5 for 2041-2060, (¢) SSP2-4.5 for 2061-2080, (d) SSP5-8.5 for 2041-2060, and (e) SSP5-8.5 for

2061-2080.
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Appendix D

ODMAP protocol (Zurell et al., 2020) documenting the
species distribution model for Olea europaea var. sylvestris.

D1  Overview

D1.1  Objectives

Model objective: forecast and transfer
Target output: continuous habitat suitability index scaled
from 0 to 1000

D1.2 Focal taxon

Olea europaea subsp. europaea var. sylvestris (Mill.) Lehr
(wild olive, oleaster)

D1.3 Location

Mediterranean Basin

D1.4 Scale of analysis

Spatial extent: —13.45, 44.92, 27.01, 45.98 (xmin, xmax,
ymin, ymax)

Spatial resolution: ~ 1km (30 arcsec)

Temporal extent: baseline 1970-2000; projections 2041—
2060 and 2061-2080

Temporal resolution: multidecadal climate averages

Boundary: polygon

D1.5 Biodiversity data

Observation type: preserved specimens
Response data type: presence only

D1.6 Predictors

Predictor types: climatic

D1.7 Hypotheses

The distribution of O. europaea var. sylvestris is limited pri-
marily by winter cold (bio6, minimum temperature of the
coldest month) and summer heat (biol0, mean temperature
of the warmest quarter), with precipitation (biol8, biol2,
biol5) as secondary constraints. Cold tolerance sets the cool
or northern limit; heat and summer water availability set the
warm or southern limit.

D1.8 Assumptions

Model assumptions: occurrence records approximate a rep-
resentative sample of the species’ realised distribution; the

Web Ecol., 26, 251-269, 2026

W. Zijlstra et al.: Impacts of climate change on the wild olive

six retained predictors capture the dominant climatic con-
straints; the species—climate relationship is stable and trans-
ferable to future conditions (niche conservatism); climate is
the primary driver of distribution at this extent (climate-only
model adopted by design).

D1.9 Algorithms

Modelling techniques: multi-algorithm (MaxEnt, GLM,
GAM) ensemble modelling framework, implemented via
biomod?2.

Model complexity: predictor set reduced to six ecologi-
cally relevant, low-collinearity variables to limit overfitting
and improve transferability; single models are configured
with internal package defaults.

Model averaging: yes, suitability averaged across 10 cross-
validation replicates; with an ensemble model (EM) con-
structed by combining single models based on different al-
gorithms.

D1.10 Workflow

Model workflow: compile occurrences (GBIF + herbaria) —
clean and verify wild, non-cultivated records — assemble
19 WorldClim variables — clip to study area — reduce di-
mensionality via Pearson correlation (|r| < 0.75), and eco-
logical relevance — retain six predictors — calibrate multi-
algorithm single models with data partitioning — fit Max-
Ent, GLM, and GAM (10 cross-validated replicates, 75/25
train/test) — evaluate single models using TSS and AUC on
validation data — build ensemble model — project suitabil-
ity maps (0-1000) for current and four future scenarios —
reclassify into five classes — compute area per class in R
(terra).

D1.11 Software

MaxEnt v3.4.4; R v4.5.1 with biomod2 (v4.3-4-6) and terra
(v1.8-60); RStudio v2025.5.1.513; QGIS v3.40.8
Code availability: available from the corresponding author

on request.
Data availability: https://doi.org/10.15468/d1.43hy77

D2 Data

D2.1 Biodiversity data

Taxon names: Olea europaea subsp. europaea var. sylvestris
(Mill.) Lehr. Synonyms searched in GBIF: O. sylvestris
Mill., O. europaea subsp. sylvestris (Mill.) Rouy, O. eu-
ropaea subsp. sylvestris (Mill.) Rouy ex Hegi, O. europaea
subsp. europaea.

Taxonomic reference system: POWO (2025), Plants of the
World Online; nomenclature also follows Flora Iberica (Var-
gas and Talavera, 2012). Note that var. sylvestris is currently
treated as a synonym of subsp. europaea in POWO.
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Ecological level: species

Data sources: GBIF occurrence download
(https://doi.org/10.15468/d1.43hy77, accessed 3  April
2025), plus 13 regional Mediterranean herbaria identified
via Index Herbariorum, coordinated through the MGC
Herbarium, University of Malaga.

Sampling design: presence only; no structured spatial or
temporal sampling design; aggregated specimen records.

Sample size: 558

Clipping: Mediterranean Basin, defined by Olson et al.
(2001) with modifications (small part of north-west Spain
added, Canary Islands excluded).

Scaling: no spatial thinning applied, a deliberate choice to
retain all available data; coordinates estimated from locality
descriptions where missing; all records checked for spatial
accuracy in QGIS.

Cleaning: preserved herbarium specimens only (observa-
tional records excluded); each record verified as wild, non-
cultivated using locality, habitat, and collection notes; botan-
ical garden and cultivated records excluded; duplicates be-
tween herbarium and GBIF data removed; records georefer-
enced and verified against the study area boundary.

Absence data: none

Background data: a single pool of 10 000 pseudo-absences
randomly generated across the study area extent and shared
by all three algorithms (GLM, GAM, MaxEnt); random
background, no target-group bias correction.

Errors and biases: taxonomic uncertainty (var. sylvestris
frequently recorded only as O. europaea, compounded by
synonym and by hybridisation with cultivated olives); spa-
tial clustering and sampling bias towards well-surveyed
sites; georeferencing uncertainty for locality-estimated coor-
dinates; severe under-sampling in the eastern Mediterranean
(Tiirkiye, Levant, Algeria, Tunisia).

D2.2 Data partitioning

Training data: 75 % of occurrence records per replicate, used
for model fitting; 10 cross-validated replicates.

Validation data: 25 % withheld per cross-validation repli-
cate, used to estimate AUC and TSS and to average perfor-
mance across replicates.

Test data: none; no spatially or fully independent external
test dataset was used.

D2.3 Predictor variables

Six bioclimatic variables were retained from an initial set of
19 (biol to bio19): bio2 (mean diurnal range), bio6 (mini-
mum temperature of the coldest month), biol0 (mean tem-
perature of the warmest quarter), biol2 (annual precipita-
tion), biol5 (precipitation seasonality), biol8 (precipitation
of the warmest quarter).

Data sources: WorldClim v2.1 (Fick and Hijmans, 2017);
historical climatology 1970-2000; 30 arcsec.
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Spatial extent: —13.45, 44.92, 27.01, 45.98 (xmin, xmax,
ymin, ymax)

Spatial resolution: 30 arcsec (~ 1km)

Coordinate reference system: EPSG:4326 (WGS 84) for
modelling and projection; reprojected to a cylindrical equal-
area projection for area calculation.

Temporal extent: 1970-2000

Data processing: all 19 variables clipped to the study area
with the QGIS translate tool; no transformation or normali-
sation applied (handled internally by biomod?2).

Dimension reduction: Pearson correlation with |r| < 0.75
used to drop one variable from each collinear pair (Fig. Al).

D2.4 Transfer data

Data sources: WorldClim v2.1 future projections, CMIP6
model EC-Earth3-Veg (Doscher et al.,, 2022), scenarios
SSP2-4.5 and SSP5-8.5; 30 arcsec.

Spatial extent: —13.45, 44.92, 27.01, 45.98 (xmin, xmax,
ymin, ymax)

Spatial resolution: 30 arcsec (~ 1km)

Temporal extent: 2041-2060 and 2061-2080

Models and scenarios: CMIP6 EC-Earth3-Veg; SSP2—4.5
and SSP5-8.5

D2.5 Model

Multicollinearity: Pearson correlation among the 19 biocli-
matic variables, computed in R; pairs with || > 0.75 were
considered collinear and one variable from each pair was re-
moved, leaving six low-collinearity predictors (Fig. A1l).

D2.6 Model settings

— biomod2 single models: multiple algorithms executed
simultaneously using the BIOMOD_Modeling func-
tion. Modelling options configured under default pa-
rameters for each algorithm.

— Ensemble settings: built using
BIOMOD_EnsembleModeling.  Individual models
were selected and weighted based on their validation
performance scores. Projections were scaled to a
continuous score between 0 and 1000.

D2.7 Model estimates

Coefficients: variable influence was assessed via randomised
permutation importance across single algorithms (Table 1;
bio6 dominant at 64.9) and by response curves (Fig. 2). Fi-
nal predictor selection was based on the Pearson correlation
analysis and ecological relevance.
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D2.8 Analysis and correction of non-independence

Spatial autocorrelation: spatial autocorrelation in residuals
was not explicitly modelled or corrected, and occurrences
were not spatially thinned. The spatial clustering of records
is acknowledged as a source of sampling bias that can in-
flate suitability near well-surveyed sites (Anderson and Raza,
2010; Fourcade et al., 2014).

D2.9 Threshold selection

Predictions were not converted to a strict binary presence/ab-
sence map. The continuous suitability output (0—1000) was
reclassified into five equal-interval categorical suitability
classes for presentation and comparison:

1. Unsuitable: 0-200 (0-0.2)

2. Low: 200400 (0.2-0.4)

3. Moderate: 400-600 (0.4-0.6)
4. High: 600-800 (0.6-0.8)

5. Very high: 800-1000 (0.8-1)

D3 Assessment
D3.1 Performance statistics

Performance on training data: true skill statistic (TSS) and
receiver operating characteristic (AUCroc) metric
Performance on validation data: true skill statistic (TSS)
and receiver operating characteristic (AUCroc) metric
Performance on test data: none (no independent test
dataset used)

D3.2 Plausibility check

Response shapes: response curves for all six predictors in-
spected for ecological plausibility, using ensemble response
curves (Fig. 2).

Expert judgement: predicted suitability maps compared
visually against the known distribution of wild olive; vari-
able responses checked against known ecology (cold limita-
tion via bio6, summer heat limitation via bio10).

D4  Prediction

D4.1 Prediction output

Prediction unit: per-grid-cell continuous suitability scaled
from O to 1000 at ~ 1 km resolution.

D4.2 Uncertainty quantification

Scenario uncertainty: bracketed by running two emission
scenarios (SSP2—4.5 and SSP5-8.5) across two time periods.
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Novel environments: clamping was applied during projec-
tion, so predictions in areas where future climate falls outside
the training range are constrained to the limits of the train-
ing data. Novel environments were not separately mapped or
masked from the final projections.

Code and data availability. The occurrence data include (1)
GBIF herbarium specimen records filtered and cleaned from
the GBIF occurrence download https://doi.org/10.15468/d1.43hy77
(GBIF.org, 2025) and (2) additional herbarium specimen records
provided directly by contributing herbaria. For herbarium records
obtained directly from institutions, we can share the processed data
necessary to reproduce the analyses (coordinates and minimal meta-
data) upon request, as these records were provided by third-party
institutions and are not ours to redistribute publicly.

The climatic predictors are third-party data. Current bioclimatic
variables are from WorldClim v2.1 (30 arcsec; 1970-2000; Fick
and Hijmans, 2017). Future bioclimatic projections for SSP2-4.5
and SSP5-8.5 based on the CMIP6 model EC-Earth3-Veg (Doscher
et al., 2022) were obtained from WorldClim v2.1 at 30 arcsec spatial
resolution for the periods 2041-2060 and 2061-2080. The Mediter-
ranean Basin boundary was based on Olson et al. (2001) with the
modifications described in Sect. 2.1.

All software used is publicly available, including MaxEnt v3.4.4
(Phillips et al., 2025), R (R Core Team, 2025) with the terra pack-
age (https://cran.r-project.org/package=terra, Hijmans, 2025) and
biomod2 package (https://biomodhub.github.io/biomod2/, Guéguen
et al., 2026), RStudio (Posit Team, 2025), and QGIS (QGIS Asso-
ciation, 2025).

Supplement. The supplement related to this article is available
online at https://doi.org/10.5194/we-26-251-2026-supplement.
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