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Abstract

The red palm weevil, Rhynchophorus ferrugineus (Olivier, 1791), is among the most destruc-
tive pests of date palm (Phoenix dactylifera L.) globally, posing a severe and escalating threat
to agricultural productivity across the Arabian Peninsula. Despite its well-documented
economic impact, the potential influence of climate change on its future distributional
dynamics within this region remains poorly quantified. This study employed Maximum
Entropy (MaxEnt) species distribution modelling to assess current and projected habitat
suitability for R. ferrugineus across the Arabian Peninsula (~3.2 million km?) under two
contrasting Shared Socioeconomic Pathways (SSP1-2.6 and SSP5-8.5) for the mid-century
(2050) and late-century (2070). The model was calibrated using 52 spatially thinned occur-
rence records and six non-collinear environmental predictors selected following Variance
Inflation Factor (VIF) analysis, with sampling bias corrected through a kernel density-based
background weighting approach. Model performance was robust, with mean training
and test AUC values of 0.921 4 0.023 and 0.840 & 0.052, respectively, and a mean TSS of
0.583 £ 0.046. Precipitation of the coldest quarter (Bio 19) and precipitation seasonality (Bio
15) emerged as the most influential predictors of habitat suitability, followed by elevation.
Currently, approximately 727,589.8 km? (26.11%) of the peninsula is classified as suitable
habitat, concentrated along the eastern Arabian Gulf coastline and the western Red Sea
plain. Under SSP1-2.6, suitable habitat is projected to expand by 16.34% and 31.60% by
2050 and 2070, respectively. Under the high-emission SSP5-8.5 scenario, expansions are
considerably more pronounced, reaching 34.11% by 2050 and 60.15% by 2070, with total
suitable area approaching 1,158,474.8 km? (41.58%) by late-century. Habitat contraction was
negligible across all scenarios, indicating a unidirectional range expansion dynamic. These
findings highlight the substantial threat posed by climate-driven habitat expansion of R. fer-
rugineus and provide spatially explicit projections to inform proactive biosecurity planning
and pest management strategies for date palm cultivation across the Arabian Peninsula.

Keywords: species distribution modelling; MaxEnt; climate change; Arabian Peninsula;
habitat suitability; date palm; biosecurity

1. Introduction

Invasive insect pests are among the most persistent drivers of agricultural loss and
biosecurity risk that their establishment and spread are shaped by the interaction between
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dispersal opportunity, host availability, and environmental filtering [1-3]. Climate change
intensifies this problem by altering thermal regimes, moisture balance, and seasonal syn-
chrony, thereby redistributing climatic suitability across landscapes rather than simply
shifting species uniformly poleward or upward [2,4]. For invasive invertebrates in par-
ticular, future climate can expand suitable habitat in some regions while simultaneously
creating novel areas of risk that have not historically been exposed to the pest. These
projections are useful, but they also require caution because model outputs can be highly
sensitive to variable selection, climate scenarios, and other assumptions used in species
distribution modeling [5-7].

The red palm weevil, Rhynchophorus ferrugineus (Olivier), is one of the most damaging
invasive palm pests worldwide and a major threat to date palm-based agroecosystems [8].
Native to South and Southeast Asia, it has expanded dramatically since the 1980s and is
now established across the Middle East, North Africa, Southern Europe, and parts of Asia,
where it attacks multiple palm species and can cause severe internal damage before external
symptoms become visible [9,10]. In date palm systems, this cryptic feeding behavior makes
detection difficult, increases management costs, and elevates the risk of late intervention
and tree loss. Consequently, R. ferrugineus is not only an entomological problem but also a
long-term economic and plant health threat to perennial palm landscapes [8,10,11].

Temperature and precipitation are key determinants of insect distributions because
they regulate development rate, survivorship, reproduction, and seasonal activity, while
also influencing host plant condition and microclimatic buffering [12,13]. Under climate
change, these variables can shift habitat suitability in nonlinear ways, producing range
contraction in some areas and new suitability in others rather than a simple expansion
of the current range [14]. For invasive species, this creates particular uncertainty because
projected distributions depend not only on climate trajectories but also on the ecological
realism of the model and the degree to which uncertainty is represented [15,16]. As a
result, climate-driven habitat suitability mapping is most informative when it is framed as
a scenario-based risk assessment rather than a deterministic forecast [5-7].

Species distribution models (SDMs) provide a spatially explicit framework for linking
species occurrences to environmental predictors and estimating potential habitat suitabil-
ity across space and time [17]. Among these approaches, MaxEnt is especially attrac-
tive for invasive pests because it is designed for presence-only data, performs well with
limited records, and has been shown to produce robust projections when implemented
carefully [18-20]. However, its popularity should not be mistaken for immunity to bias: re-
sults can be affected by sampling bias, background definition, collinearity, feature selection,
and model complexity, and these issues become more consequential when models are pro-
jected into future climates [6,20,21]. For that reason, MaxEnt should be used critically—as a
tool for structured inference and risk prioritization, not as a black-box predictor of realized
distribution [22].

The Arabian Peninsula is particularly important for this question because its ecological
template is defined by strong aridity gradients, desert wadis, sand seas, and oasis agroe-
cosystems, with vegetation patterns shaped by microclimate, soil heterogeneity, and water
limitation [23-26]. Date palm cultivation is deeply embedded in the region’s agriculture
and livelihoods, yet climate change is already projected to alter date palm suitability in
Saudi Arabia, underscoring the vulnerability of the broader palm production system on
which R. ferrugineus depends [27]. Existing work on the red palm weevil has largely focused
on global ecological niche modeling or country-scale management assessments, rather
than a Peninsula-wide analysis that explicitly integrates the region’s climatic heterogeneity
and future climate scenarios [9-11]. This leaves a clear methodological and geographic
gap: available studies remain fragmented across local, national, and global scales, with
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limited standardized, bias-aware, Peninsula-wide projections of current and future habitat
suitability for R. ferrugineus under SSP climate pathways.

Accordingly, this study assesses the current and future habitat suitability of the red
palm weevil across the Arabian Peninsula using MaxEnt and SSP-based climate projections.
We specifically tested whether suitability is associated more strongly with hydroclimatic
variables than with temperature alone, whether low-lying coastal and irrigated palm
landscapes remain climatically favorable, and whether future warming and precipitation
change expand suitability into currently marginal inland areas. By comparing present-
day suitability with future scenario-based projections, the study aims to identify areas
of persistence, expansion, and potential emerging risk, thereby providing a regionally
relevant evidence base for surveillance, quarantine prioritization, and long-term pest
management planning.

2. Materials and Methods
2.1. Study Area

The study area encompasses the Arabian Peninsula and its immediate surroundings,
spanning approximately 15° N to 33° N latitude and 34° E to 61° E longitude (Figure 1).
This region includes the sovereign territories of Saudi Arabia, Yemen, Oman, the United
Arab Emirates, Bahrain, Qatar, and Kuwait, collectively covering an area of approximately
3.2 million km? [28].
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Figure 1. Geographic distribution of Rhynchophorus ferrugineus occurrence records across the Arabian
Peninsula and surrounding regions. Red circles indicate confirmed occurrence localities within
the study area (shaded in grey), which includes Saudi Arabia, Yemen, Oman, the United Arab
Emirates, Qatar, Bahrain, and Kuwait. The records show a clear clustering pattern in major irrigated
agricultural zones across the peninsula, particularly within established date palm cultivation areas
(see text for details). The figure provides a spatial overview of the species’ distribution and highlights
its association with key agro-ecological regions.

The Arabian Peninsula is characterized by pronounced climatic heterogeneity, ranging
from hyper-arid desert interiors, most notably the Rub” al Khali (Empty Quarter), one of
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the largest continuous sand deserts in the world [29], to relatively humid coastal margins
along the Red Sea, the Arabian Gulf, and the Gulf of Oman. Mean annual temperatures
across the region typically range from 25 °C to 35 °C, with extreme summer maxima
frequently exceeding 45 °C in interior lowlands [30]. Precipitation is highly variable and
generally scarce, averaging less than 100 mm annually across most of the peninsula, with
slightly higher values recorded along the southwestern highlands of Saudi Arabia and
Yemen [31,32].

Date palm cultivation is concentrated in irrigated coastal and oasis-based agricul-
tural zones, especially in eastern Saudi Arabia, the United Arab Emirates, Qatar, Bahrain,
and parts of Oman, with additional plantations scattered across interior agricultural dis-
tricts [26,27]. Because R. ferrugineus attacks multiple palm hosts and its occurrence records
strongly coincide with these irrigated croplands (Figure 1), host availability is an essential
companion to climatic suitability when interpreting potential risk.

The occurrence records of R. ferrugineus used in this study were georeferenced across
the study area (Figure 1), with the majority of records concentrated along the eastern coastal
zones of Saudi Arabia, the United Arab Emirates, and Oman—regions where date palm
(Phoenix dactylifera L.) cultivation is most intensive [9,33]. Additional occurrence points were
distributed across interior agricultural areas of Saudi Arabia and the southwestern regions
of Yemen, reflecting the broad geographic extent of the pest within the peninsula [34,35].

The delineated study area was selected to capture the full range of climatic conditions
relevant to the potential distribution of R. ferrugineus within the Arabian Peninsula, thereby
providing a robust environmental background for Maximum Entropy (MaxEnt) species
distribution modelling [18,19].

2.2. Occurrence Data and Spatial Filtering

Georeferenced occurrence records of R. ferrugineus across the Arabian Peninsula were
compiled from multiple sources, including the Global Biodiversity Information Facility
(GBIF; incorporating records from iNaturalist, GenBank/BOLD, and other aggregated
datasets), the EPPO Global Database, and peer-reviewed published literature [36-42]. A
complete list of data sources is provided in Supplementary Materials File S1. All records
were visually inspected and cross-validated against known distributional data to identify
and exclude erroneous, duplicate, or spatially imprecise entries. Records lacking reliable
geographic coordinates were removed prior to analysis. A total of 60 occurrence records
were initially assembled, spanning seven countries: Saudi Arabia (n = 33), the United Arab
Emirates (n = 16), Oman (n = 4), Yemen (n = 3), Qatar (n = 2), Bahrain (n = 1), and Kuwait
(n = 1). Records spanned the period from 1985 to 2025, covering a geographic extent of
approximately 15.91° N-29.38° N latitude and 36.57° E-56.33° E longitude.

A spatial thinning procedure was applied to the cleaned occurrence dataset using the
spThin package (version 0.2.0) [43] in R version 4.4.1 (R Foundation for Statistical Comput-
ing, Vienna, Austria) [44], with a minimum inter-point distance threshold of 5 km. This
procedure ensures that no two retained records are located closer than the specified distance,
thereby reducing the influence of spatially autocorrelated observations on model fitting [45].
Following thinning, 52 records were retained for subsequent modelling, representing a
reduction of 8 records (13.3%) from the original dataset (Figure 1).

2.3. Sampling Bias Correction

Geographic sampling bias presents a critical methodological challenge in species dis-
tribution modeling, as occurrence data often reflect survey intensity rather than the true
ecological distribution of a species [46]. In the Arabian Peninsula, sampling effort for R. fer-
rugineus exhibits distinct spatial heterogeneity. Records are heavily skewed toward regions
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with intensive date palm (Phoenix dactylifera L.) cultivation and active pest management—
primarily the Eastern Province of Saudi Arabia and the coastal zones of the United Arab
Emirates—while interior and non-agricultural areas remain significantly undersampled.
To mitigate this bias beyond standard spatial thinning, we applied a bias-corrected back-
ground selection method [46]. Using the “Create Bias File” tool in SDMtoolbox 2.0 [47,48]
for ArcGIS 10.7, we derived a Gaussian kernel density surface from the occurrence data
to approximate regional sampling effort. This surface was then integrated into MaxEnt
to probabilistically weight the selection of 10,000 background points. In practical terms,
this means that background points were sampled more densely from heavily surveyed
date-palm landscapes and less densely from poorly surveyed interior areas, so that the
background more closely matched the spatial structure of the occurrence data rather than
the raw geography of the peninsula. By aligning selection probability with the bias surface,
this method ensures presence records are compared against similarly surveyed background
environments, substantially reducing the confounding effects of uneven sampling [46].

2.4. Environmental Variables

This study utilized two primary categories of environmental predictors: 19 bioclimatic
variables and one topographic parameter (elevation) (Supplementary Materials File S2).
These predictors were retained because they represent biologically plausible controls on
R. ferrugineus occurrence: thermal variability and seasonality influence development and
activity, whereas cold-season precipitation and precipitation seasonality provide coarse
proxies for host hydration, irrigation buffering, and lowland microclimatic stability; el-
evation was included as a topographic surrogate but interpreted cautiously because it
may capture correlated environmental gradients rather than a direct physiological effect.
Although elevation is not a direct physiological driver, it was retained because its sharp
gradient in this arid region compactly captures the joint effects of temperature, humid-
ity, and host-crop distribution that co-vary with altitude; its interpretation as a surrogate
is fully acknowledged in the Discussion. To ensure temporal alignment between occur-
rence records (1985-2025) and environmental data, monthly climate grids were sourced
from TerraClimate [49] via Google Earth Engine [50]. Specifically, monthly maximum
temperature, minimum temperature, and total precipitation were downloaded as GeoTIFFs
at a ~4 km spatial resolution, pre-clipped to the Arabian Peninsula Region. Long-term
monthly climatological means were calculated across this 40-year period, from which
the 19 standard bioclimatic variables (Bio 1-19) were derived using the terra package
in R version 4.4.1. This temporal matching ensures the predictors reflect the actual cli-
matic conditions—including post-2000 warming trends—experienced by R. ferrugineus
populations. Consequently, this approach upholds the pseudo-equilibrium assumptions
fundamental to correlative species distribution modeling. The derived bioclimatic lay-
ers were subsequently resampled to a 30 arc-second (~1 km?) spatial resolution to align
with both the elevation data—sourced from the WorldClim 2.1 database [51]—and the
requirements for future climate projections in MaxEnt. The TerraClimate dataset is publicly
available at https:/ /www.climatologylab.org/terraclimate.html (accessed on 2 April 2026);
WorldClim data at https://www.worldclim.org (last accessed on 9 April 2026). All pre-
dictor variables were used in their original units without centering or scaling, as MaxEnt
internally handles variable scaling during model fitting.

To minimize multicollinearity while maintaining ecological relevance, variable selec-
tion was conducted prior to model fitting. We performed a Variance Inflation Factor (VIF)
analysis on the initial set of 20 variables using the usdm package in R version 4.4.1. Variables
were subjected to a stepwise removal procedure applying a conservative VIF threshold
of <5 (Supplementary Materials File S3). This statistically robust approach systematically
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excluded highly collinear predictors that could otherwise destabilize model coefficients
or artificially inflate variable importance metrics. The final predictor set was therefore
chosen to balance ecological interpretability with statistical independence rather than to
maximize variable count. Ultimately, six non-collinear predictors were retained (Table 1),
representing the fundamental environmental axes hypothesized to govern the distribution
of R. ferrugineus.

Table 1. Percentage contributions and permutation importance of environmental variables incorporated
in the Maximum Entropy (MaxEnt) distribution models for Rhynchophorus ferrugineus, derived from ten
model replicates.

Variable  Description Percent Contribution (%) Permutation Importance (%)
Elev Altitude (m) 36.2 3.5

Biol5 Precipitation seasonality (coefficient of variation) 27.4 293

Bio19 Precipitation of coldest quarter 24.2 50.2

Bio2 Mean diurnal range 10.0 12.3

Biol0 Mean temperature of warmest quarter 1.7 42

Bio4 Temperature seasonality (coefficient of variation) 0.6 0.5

Finally, all environmental layers were masked to the study area boundaries and converted
to ASCII format using the terra package in R version 4.4.1. The relative influence of each
environmental driver was assessed using two complementary metrics: percent contribution,
which reflects a variable’s heuristic contribution during the model training process, and
permutation importance, which quantifies the decrease in the Area Under the Curve (AUC)
when a variable’s values are randomly permuted [18]. Evaluated in tandem, these metrics
provide a comprehensive assessment of the environmental parameters driving the model [20].

2.5. Future Climate Projections

Future distribution patterns were projected using climate data derived from five General
Circulation Models (GCMs): GFDL-ESM4, IPSL-CM6A-LR, MPI-ESM1-2-HR, MRI-ESM2-
0, and UKESM1-0-LL. These specific models were selected because they constitute the
core ensemble recommended by the Inter-Sectoral Impact Model Intercomparison Project
(ISIMIP3b) [52], ensuring a robust representation of key climate sensitivities within CMIP6 [53].
High-resolution datasets (30 arc-seconds) for the mid-century (2050; 2040-2060) and late-
century (2070; 2060-2080) epochs were sourced from WorldClim 2.1 [51]. Projections were
evaluated under two contrasting Shared Socioeconomic Pathways (SSPs): SSP1-2.6, rep-
resenting a stringent low-emission scenario, and SSP5-8.5, representing a high-emission,
fossil-fueled scenario [54,55]. To mitigate the structural uncertainty inherent in any single
climate model, we applied a multi-model ensemble approach [56]. For each combination
of SSP and time period, the calibrated species distribution model was projected indepen-
dently onto the climatic layers of the five GCMs. A final consensus projection was then
generated by calculating the pixel-wise arithmetic mean of these continuous suitability
scores. Complete model specifications are detailed in Supplementary Materials File S4.

2.6. MaxEnt Model Implementation and Parameterization

Species distribution modelling was performed using MaxEnt version 3.4.4 [57], se-
lected for its robust performance with presence-only occurrence data and relatively small
sample sizes [18,58], and its established utility in climate change projection studies [59]. It
also provides well-documented procedures for regularization, feature-class tuning, and
sampling-bias correction, making it particularly suitable for invasive species distribution
modeling [18,58]. MaxEnt contrasts species presence records with background points
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to estimate habitat suitability, producing continuous maps with values ranging from
0 (unsuitable) to 1 (optimal conditions) [60,61]. A total of 10,000 background points were
sampled using the bias file described in Section 2.3, with selection probability proportional
to estimated sampling effort, implemented via the “bias file” option in MaxEnt.

Model complexity was systematically optimized prior to final model fitting using the
ENMeval 2.0 package [62] in R version 4.4.1 [44]. A total of 40 candidate models were
evaluated across a grid of five feature class (FC) combinations—Linear (L), Hinge (H),
Linear—Quadratic (LQ), Linear—-Quadratic-Hinge (LQH), and Linear-Quadratic-Hinge—
Product (LQHP)—and eight regularization multiplier (RM) values (0.5, 1.0, 1.5, 2.0, 2.5,
3.0, 3.5, and 4.0). These 40 models reflect the 5 x 8 combinations of feature classes and
regularization multipliers evaluated after the predictor set had already been reduced to
six non-collinear variables; they do not represent all possible subsets of the six predic-
tors. The purpose of this tuning step was therefore to optimize MaxEnt complexity for
a fixed biologically screened predictor set, not to perform exhaustive subset selection.
Feature classes determine the shape of the response curves fitted to environmental predic-
tors, while the regularization multiplier controls model complexity and penalizes overfit-
ting [21,63]. Model selection was guided by the corrected Akaike Information Criterion
(AICc), which penalizes model complexity relative to sample size to prevent overfitting [64].
The optimal model configuration was identified as FC = LQ (Linear-Quadratic features)
with RM = 0.5, yielding the lowest AICc value (AICc = 1086.93, AAICc = 0, wAIC = 0.69,
ncoef = 7), indicating substantially superior support relative to all competing candidate
models (Supplementary Materials File S5).

Model predictive performance was evaluated using two complementary metrics:
the Area Under the Receiver Operating Characteristic Curve (AUC) and the True Skill
Statistic (TSS). AUC provides a threshold-independent measure of the model’s ability to
discriminate between presence and background points, with values >0.7, >0.8, and >0.9
indicating acceptable, good, and excellent performance, respectively [65]. Conversely, TSS
provides a threshold-dependent assessment of classification accuracy that accounts for both
sensitivity and specificity; values >0.5 denote good predictive performance, while values
>0.6 are considered very good [66]. The combined use of threshold-independent (AUC)
and threshold-dependent (TSS) metrics ensures a robust, multifaceted evaluation of model
quality, aligning with established best practices in ecological modeling [67,68].

2.7. Threshold Selection and Binary Classification

To quantify potential spatial shifts in species distribution under future climate sce-
narios, continuous suitability outputs from MaxEnt were converted into binary presence—
absence maps. We applied the “10th percentile training presence” threshold, which clas-
sifies environments as suitable if their predicted value meets or exceeds the suitability
score of the lowest 10% of training presence records. This threshold was selected for two
primary reasons. First, from an agricultural biosecurity perspective, the risk of underes-
timating potentially suitable habitat (false negatives) far outweighs the cost of moderate
overestimation (false positives) [69]. Undetected suitable areas could facilitate unmon-
itored pest establishment and subsequent spread. Second, this conservative threshold
maintains high model sensitivity; it effectively accounts for minor spatial inaccuracies
in georeferenced data while ensuring that marginal or transitional habitats—which may
become increasingly favorable under projected warming and aridity trends—are retained
in the projections [70,71]. Finally, the resulting binary maps were used to compare current
distributions against future climate projections (55P1-2.6 and SSP5-8.5 for 2050 and 2070),
allowing us to quantify spatial dynamics across four distinct categories: stable presence
(suitable under both current and future conditions), expansion (newly suitable), contraction

https://doi.org/10.3390/agronomy16131286


https://doi.org/10.3390/agronomy16131286

Agronomy 2026, 16, 1286

8 of 20

(loss of suitability), and stable absence (unsuitable under both conditions). For descrip-
tive convenience, continuous suitability values were qualitatively grouped as unsuitable
(<0.2), low (0.2-0.4), moderate (0.4-0.8), and high (>0.8), following interpretative thresholds
commonly adopted in MaxEnt studies (e.g., [61]).

2.8. Multi-Model Climate Projections and Synthesis

In total, 20 future habitat suitability scenarios were generated by projecting the cali-
brated MaxEnt model across five GCMs, two SSPs, and two future time horizons. Current
potential distributions were established by averaging the continuous suitability outputs
derived from ten bootstrap replicates. For the future projections, consensus maps were
generated for each specific SSP and time-period combination (e.g., SSP1-2.6 for 2050) by
calculating the pixel-wise mean of the continuous suitability values across all five GCMs.
This multi-model ensemble approach effectively mitigates the inter-model uncertainty
inherent in future climate simulations, ensuring robust spatial predictions while holding
the underlying ecological model structure constant [72,73].

3. Results
3.1. Model Performance and Environmental Variables

The MaxEnt model demonstrated consistently strong predictive performance across
all ten replicates (Figure 2 and Supplementary Materials File S6). Mean training AUC
was 0.921 +£ 0.023, while mean test AUC was 0.840 £ 0.052, both well above the accepted
threshold of >0.7 [18], indicating excellent discriminatory ability between suitable and
unsuitable habitat. The relatively small difference between training and test AUC values
suggests minimal overfitting, supporting the model’s generalizability. True Skill Statistic
(TSS) values ranged from 0.532 to 0.648 across replicates, yielding a mean of 0.583 =+ 0.046.
All TSS values exceeded the >0.5 threshold considered indicative of acceptable model
performance [66], confirming the model’s reliable capacity to distinguish presences from
absences beyond random expectation.

Average Sensitivity vs. 1— Specificity for Rhynchophorus ferrugineus
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Figure 2. Receiver Operating Characteristic (ROC) curve for the MaxEnt species distribution model of
Rhynchophorus ferrugineus across the Arabian Peninsula. The red line represents the mean sensitivity
(1 — omission rate) plotted against 1 — specificity (fractional predicted area) across replicate model
runs, with the blue shading indicating + one standard deviation.
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Six environmental variables were retained in the final MaxEnt model following multi-
collinearity filtering, collectively explaining the predicted distribution of Rhynchophorus
ferrugineus across the Arabian Peninsula (Table 1 and Figure 3). Elevation (Elev) emerged
as the single largest contributor to model output, accounting for 36.2% of the percent-
age contribution; however, its low permutation importance (3.5%) suggests that while it
dominates model structure, it is not the most independently informative predictor when
variable order is randomized. Precipitation seasonality (Bio 15) and precipitation of the
coldest quarter (Bio 19) were the next most influential variables, contributing 27.4% and
24.2%, respectively. Notably, Bio 19 exhibited the highest permutation importance of all
variables (50.2%), suggesting that it carries the greatest independent predictive weight
for habitat suitability—a finding that underscores the critical role of cold-season moisture
availability in structuring the pest’s distribution. Bio 15 also showed substantial permuta-
tion importance (29.3%), further reinforcing the significance of precipitation variability in
driving habitat suitability patterns. Mean diurnal range (Bio 2) contributed moderately to
both metrics (10.0% contribution; 12.3% permutation importance), suggesting a secondary
but meaningful thermal influence. In contrast, mean temperature of the warmest quarter
(Bio 10) and temperature seasonality (Bio 4) contributed minimally to model performance
(1.7% and 0.6%, respectively), implying limited independent roles in delimiting the species’
realized niche under current conditions.

_ T T T T T I_
e ——— I
I S \ith al variables = I I
1

in for Rhynchophorus ferrugineus

With only variable m

02 03 04 05 06 07 08 09 10 11 12 13 14
Regularized training gain

Figure 3. Jackknife analysis of regularized training gain for Rhynchophorus ferrugineus MaxEnt model,
illustrating the relative contribution of each environmental predictor variable. Teal bars represent
model training gain when the respective variable is excluded; blue bars represent gain when only
that variable is used; and the red bar represents the gain of the full model incorporating all variables.

The marginal response curves for the four most influential environmental predictors
revealed distinct and ecologically interpretable relationships between habitat suitability
and each variable (Figure 4). For precipitation of the coldest quarter (Bio 19), habitat
suitability was low under near-zero values (<5 mm), but increased sharply at approximately
20-40 mm, plateauing at high suitability (probability > 0.8) beyond ~80 mm. This sigmoidal
response suggests a clear moisture threshold below which the species is unlikely to establish,
highlighting the importance of cold-season precipitation in sustaining suitable habitat.
The response to precipitation seasonality (Bio 15) was unimodal, with suitability rising
steeply from low values and peaking at a coefficient of variation of approximately 110-115,
beyond which suitability declined markedly. This pattern suggests that R. ferrugineus is
optimally associated with intermediate-to-high precipitation variability, while extremely
high seasonality becomes limiting. The elevation response curve exhibited a sharp threshold
near sea level, with maximum suitability confined to low-lying areas (<100 m asl) and a

https://doi.org/10.3390/agronomy16131286


https://doi.org/10.3390/agronomy16131286

Agronomy 2026, 16, 1286

10 of 20

=
o

10
0.91
0.8

507F

=

Qo -
o 0.5

[T

0.3f
0.2
0.1
0.0f

S5 0.6[
o

0 0.4F
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steep, near-monotonic decline at higher elevations, approaching near-zero suitability above
~1500 m. This response is consistent with the species” documented association with lowland
coastal and agricultural zones across the Arabian Peninsula. The response to mean diurnal
temperature range (Bio 2) was predominantly negative, with high suitability under narrow
diurnal ranges (4-8 °C) that declined progressively as diurnal fluctuations increased beyond
~12 °C. This suggests that R. ferrugineus favors thermally stable environments and may be
physiologically constrained in regions with pronounced day—night temperature variation.
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Figure 4. Marginal response curves depicting the relationship between Rhynchophorus ferrugineus
habitat suitability and the four most influential environmental predictors retained in the MaxEnt
model: Bio 19 (precipitation of the coldest quarter), Bio 15 (precipitation seasonality), elevation, and
Bio 2 (mean diurnal temperature range). Red lines denote the mean response across replicate model
runs; blue shading represents + one standard deviation. Cloglog denotes the complementary log-log
output transformation used by MaxEnt; higher values indicate greater relative suitability.

3.2. Current Habitat Suitability Distribution

The MaxEnt model projected that approximately 727,589.8 km? (26.11%) of the Arabian
Peninsula currently constitutes suitable habitat for R. ferrugineus (Supplementary Materials
File S7). Spatially, highly suitable areas (habitat suitability index > 0.8) were concentrated
along the eastern coastal lowlands bordering the Arabian Gulf, particularly across Bahrain,
Qatar, the UAE, and the eastern provinces of Saudi Arabia, where the characteristic combi-
nation of low elevation, moderate cold-season precipitation, and intermediate precipitation
seasonality converges (Figure 5). A secondary zone of high suitability was identified along
the narrow Red Sea coastal plain in western Saudi Arabia, consistent with the low-elevation,
humid conditions that favor the species. Moderate suitability values (0.4-0.8) were dis-
tributed across a broader transitional zone extending through the central and northern
portions of Saudi Arabia, as well as parts of Oman, reflecting areas where environmental
conditions are partially suitable but fall short of optimal thresholds. The interior of the Ara-
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bian Peninsula—dominated by the Rub” al Khali and Nafud deserts—was largely projected
as unsuitable (<0.2), corresponding to the extreme aridity, high diurnal temperature ranges,
and high elevation gradients that the marginal response curves identified as limiting factors.
Overall, the spatial pattern of current habitat suitability closely reflects the distributional
constraints imposed by precipitation-related variables and elevation, as identified in the
variable contribution analysis.
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Figure 5. Predicted habitat suitability map for Rhynchophorus ferrugineus in the Arabian Peninsula. The
color gradient represents the probability of occurrence, ranging from low suitability (0.0, white/light
blue) to high suitability (1.0, dark red).

3.3. Projected Future Habitat Suitability

Under both climate scenarios, the model projected a net expansion of suitable habi-
tat for R. ferrugineus across the Arabian Peninsula by mid- and late-century, with the
magnitude of change increasing markedly under the high-emission pathway (Figure 6;
Supplementary Materials File S7). Under SSP1-2.6, suitable habitat is projected to in-
crease from the current 727,589.8 km? (26.11%) to 788,529.9 km? (28.30%) by 2050 and
950,606.3 km? (34.12%) by 2070, representing expansions of 16.34% and 31.60% relative
to the current distribution, respectively. Contraction under this scenario was minimal,
declining from 7.97% in 2050 to 0.95% by 2070, suggesting progressive habitat consolida-
tion under moderate warming. Under the high-emission SSP5-8.5 scenario, projections
were considerably more pronounced, with suitable area reaching 943,543.5 km? (33.86%)
by 2050 and 1,158,474.8 km? (41.58%) by 2070—equivalent to expansions of 34.11% and
60.15%, respectively. Contraction under SSP5-8.5 was similarly negligible (4.43% in 2050;
0.93% in 2070), further underscoring the predominantly expansionary trajectory of the
species’ range under intensified warming.
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Figure 6. Projected future habitat suitability for Rhynchophorus ferrugineus in the Arabian Peninsula
under different climate change scenarios. The panels display model outputs for the 2050s and 2070s
based on two Shared Socioeconomic Pathways (SSPs): SSP1-2.6 (sustainability /low emissions) and
SSP5-8.5 (fossil-fueled development/high emissions). The color gradient represents the probability
of occurrence, ranging from low suitability (0.0, white/light blue) to high suitability (1.0, dark red).

Spatially, the projected expansion was most conspicuous across the central and north-
ern interior of Saudi Arabia, where areas previously classified as moderately or marginally
suitable transitioned toward higher suitability values under both scenarios (Figure 6). The
eastern Arabian Gulf coastline and the UAE maintained consistently high suitability scores
across all time periods and scenarios, reinforcing these zones as core refugia for the species.
Under SSP5-8.5 by 2070, high suitability values extended further inland and southward
into previously marginal areas, reflecting the increasing influence of altered precipitation
regimes and thermal conditions on habitat configuration.

The binary change maps (Figure 7) corroborate these patterns, illustrating that stable
presence dominated the northeastern portions of the peninsula across all scenarios, while
range expansion progressively encroached into central Saudi Arabia and parts of Yemen
and Oman, particularly under SSP5-8.5 by 2070. Contraction zones, shown in red, were
spatially restricted and largely confined to localized areas along the western Red Sea
coastal plain, consistent with the relatively low contraction percentages reported across
all scenarios. The near-absence of contraction by 2070 under both pathways suggests that
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climatically suitable conditions are unlikely to deteriorate substantially within the species’
current range, implying a unidirectional range shift dynamic driven primarily by habitat

gain rather than displacement.

2070s SSP1-2.6 2070s SSP6-8.6

. Stable Presence . Expansion . Contraction Stable Absence

Figure 7. Predicted changes in the climatic suitability for Rhynchophorus ferrugineus across the Arabian
Peninsula for the 2050s and 2070s time periods. Maps represent binary distribution shifts under
SSP1-2.6, and SSP5-8.5 climate scenarios compared to current conditions. Status categories indicate
areas of stable presence (suitability maintained), range expansion (newly suitable), range contraction
(loss of suitability), and stable absence (unsuitable under both current and future conditions).

4. Discussion

This correlative MaxEnt analysis suggests that the distribution of R. ferrugineus across
the Arabian Peninsula is associated primarily with hydroclimatic conditions, especially pre-
cipitation of the coldest quarter and precipitation seasonality, whereas the temperature vari-
ables retained after collinearity filtering contributed less strongly to the final model [18-21].
Because the model was built from presence-only records and evaluated within the same
bias-corrected sampling framework, these results should be interpreted as statistically
supported spatial associations rather than direct evidence of causation [18,20,22]. Even so,
the pattern is ecologically plausible. R. ferrugineus larvae develop concealed within palm
tissues, and successful establishment is likely influenced by the physiological condition
of the host plant; in date-palm agroecosystems, water availability and seasonal moisture
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regime are therefore likely to matter because they influence host vigor, tissue condition,
and the buffering capacity of the surrounding agroenvironment [9,34,39]. In this sense,
Bio 19 and Bio 15 may function as broad climatic proxies for host hydration status and the
degree to which irrigated palm landscapes remain permissive for the pest, rather than as
direct measures of local microclimate. Any interpretation invoking microclimatic buffering
should therefore remain cautious, because the climatic layers used here describe regional
conditions and do not explicitly resolve canopy-level or irrigation-driven heterogeneity.

Elevation emerged as the strongest contributor in percent contribution, but its low
permutation importance indicates that its explanatory value is largely shared with other
predictors rather than independent [20,21]. This pattern suggests that elevation is acting
mainly as a composite surrogate for lowland environmental structure in the Arabian Penin-
sula, where altitude co-varies with temperature regime, atmospheric moisture, exposure,
and the distribution of intensive palm cultivation [30-32,34,39]. The response curve, in
which suitability is concentrated below low elevations and declines sharply at higher alti-
tudes, is consistent with the species’ strong association with coastal plains, oasis systems,
and irrigated agricultural belts. However, this should not be read as evidence that elevation
itself constrains the insect directly; rather, it likely captures a set of correlated ecological
conditions that are favorable in low-lying palm-growing areas. Mean diurnal temperature
range showed a secondary but meaningful effect, with greater suitability under narrower
daily thermal fluctuations. This pattern is consistent with the expectation that thermally
stable environments may support more favorable host and insect conditions than highly
variable interiors, although the variable should again be viewed as a broad climatic proxy
rather than a mechanistic measurement of physiological stress.

The spatial pattern of current suitability reinforces this interpretation. High-suitability
areas are concentrated along the eastern Arabian Gulf coastline and the western Red Sea
plain, with additional moderate suitability extending through transitional zones in central
Saudi Arabia and parts of Oman. These are also the regions where date palm cultivation
is most extensive, which suggests that host distribution likely reinforces the realized
risk landscape even though host availability was not explicitly included as a predictor.
That omission is important: climate-only suitability should not be equated with realized
occupancy, particularly for a pest whose spread is tightly linked to cultivated palms and
human-mediated movement of infested planting material. The correspondence between
predicted suitability and known occurrence clusters therefore supports the ecological
plausibility of the model, but it may also partly reflect the concentration of records in
accessible agricultural landscapes [9,11]. For that reason, the mapped suitability should
be interpreted as a conservative estimate of potential risk, especially in areas where host
density and irrigation infrastructure may extend establishment beyond what climate alone
would predict.

The projected expansion under both SSP1-2.6 and SSP5-8.5 suggests that the climatic
envelope suitable for R. ferrugineus is likely to broaden across much of the peninsula by
mid- and late-century. This finding is ecologically consistent with the general expectation
that climate change can increase suitability for warm-adapted invasive species in regions
where hydroclimatic constraints are relaxed [7]. Under the high-emission scenario, the
larger expansion likely reflects stronger shifts in seasonal moisture conditions and evapo-
rative demand, which may reduce the climatic barriers currently limiting establishment
in marginal inland zones. In arid landscapes such as the Arabian Peninsula, relatively
small changes in precipitation timing and moisture balance can have disproportionate
effects on the persistence of irrigated agroecosystems and the degree of environmental
buffering available to pests. Nevertheless, these effects should be interpreted as scenario-
based projections of climatic permissiveness rather than as deterministic forecasts of actual
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spread, because the model does not include dispersal limitation, pest management, or host
distribution dynamics [5,7].

The near-absence of contraction across scenarios is also informative. It suggests that
the current core areas of suitability are likely to remain climatically favorable, while the
dominant future signal is one of habitat gain rather than replacement of existing suitable
zones. This pattern is consistent with the response curves, which indicate that the species
is associated with broad hydroclimatic permissiveness rather than a narrow dependence
on highly specialized climatic conditions. In practical terms, that means the eastern Gulf
corridor and associated palm-growing districts may continue to function as stable source
areas, while central and northern parts of Saudi Arabia become increasingly permissive
under future climates. However, because the study is correlative, these projections should
be viewed as relative risk surfaces that identify where the climate becomes more suitable,
not as direct predictions that populations will necessarily establish there without dispersal
opportunity and host availability.

The choice of MaxEnt is defensible for this question because the available data are
presence-only, spatially thinned, and relatively limited in sample size, which makes many
alternative modeling frameworks less suitable or less stable [18-20,58]. MaxEnt also has
well-established procedures for sampling-bias correction, feature-class tuning, and regular-
ization, all of which are important when projecting into future climates [20,21,57,63]. At the
same time, the method remains correlative and therefore cannot infer mechanism in a causal
sense. Its value here lies in structured inference: it identifies the climatic combinations
associated with known occurrences and translates them into spatially explicit risk estimates.
The relatively strong AUC and TSS values indicate good model discrimination, but they
do not remove the need for caution in interpretation, especially given the dependence
of the output on background selection, collinearity filtering, and the assumption that the
species—climate relationship is sufficiently stable to be projected forward [20,21,64—68].

From an applied perspective, the findings support surveillance prioritization in coastal
lowlands, irrigated agricultural zones, and transitional inland areas projected to become
suitable under future climates. This is particularly important because R. ferrugineus is
a cryptic internal feeder, making early detection difficult and allowing populations to
persist until damage is advanced [9,11]. The concentration of occurrence records in major
palm-growing districts also emphasizes that biosecurity planning should integrate host
distribution, movement pathways, and local management intensity rather than relying on
climate alone. In that regard, future modelling efforts would benefit from explicit host-layer
data, irrigation intensity, land-use information, and dispersal processes, all of which would
improve realism and help distinguish climatic suitability from realized invasion risk [27].
Such integration would be especially valuable in regions where date palm cultivation
creates anthropogenic refugia that may partially decouple pest persistence from regional
aridity. More generally, the present results should be understood as a conservative climatic
baseline for risk assessment, one that is robust enough to guide current planning but still
incomplete without host and land-use dimensions.

Overall, the model indicates that hydroclimatic conditions, lowland structure, and the
spatial distribution of date-palm agroecosystems are likely to shape the current and future
suitability of the Arabian Peninsula for R. ferrugineus [9,34,39]. The principal ecological
message is not that warming alone will uniformly drive expansion, but rather that changing
precipitation regimes and moisture balance may relax the environmental constraints that
currently limit the pest in arid interior landscapes. Because the model is correlative,
this conclusion should be framed as a projection of increased climatic suitability, not
a confirmation of future invasion. Even with that limitation, the consistency between
the response curves, the geographic pattern of suitability, and the known biology of the
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species suggests that the projections are biologically coherent and operationally useful for
biosecurity planning [5,7,18-22].

5. Conclusions

This study provides a bias-aware MaxEnt assessment of current and future habitat
suitability for R. ferrugineus across the Arabian Peninsula under SSP climate scenarios.
The model performed well and suggests that precipitation of the coldest quarter and
precipitation seasonality are the main environmental correlates of habitat suitability,
indicating that hydroclimatic constraints may be more influential than temperature
alone in this system. Currently, approximately 26.11% of the peninsula is predicted
to be suitable habitat, concentrated along the eastern Arabian Gulf coastline and the
western Red Sea plain. Under both SSP1-2.6 and SSP5-8.5, the projections indicate a
predominantly expansionary trajectory, with suitable area increasing to 41.58% of the
peninsula by 2070 under the high-emission scenario, while habitat contraction remains
negligible across all pathways. These results suggest an increasing climate-related
risk to date palm agroecosystems and provide spatially explicit, scenario-based risk
surfaces that may help prioritize surveillance, quarantine planning, and integrated pest
management across the region. Future work integrating host distribution, irrigation
infrastructure, and mechanistic physiological processes would further improve the
translation of climatic suitability into long-term biosecurity planning.

Supplementary Materials: The following supporting information can be downloaded at: https:
/ /www.mdpi.com/article/10.3390 /agronomy16131286/s1, Table S1 provides occurrence records
of Rhynchophorus ferrugineus in the Arabian Peninsula, including country, locality, geographic co-
ordinates, data source, and year of collection (Supplementary File S1). Table S2 presents the list of
environmental variables used in the distribution modelling of R. ferrugineus, including their descrip-
tion, units, and sources (Supplementary File S2). Table S3 reports the Variance Inflation Factor (VIF)
analysis of environmental variables before and after selection, where variables with VIF > 5 were
iteratively removed (Supplementary File S3). Table S4 describes the five primary General Circu-
lation Models (GCMs) used for future habitat suitability predictions, including institution, native
resolution, ensemble member, and priority (Supplementary File S4). Table S5 summarizes hyperpa-
rameter tuning results for the MaxEnt model, including feature class combinations, regularization
multipliers, evaluation metrics (AUC, CBI, OR), and AICc-based model selection (Supplementary
File S5). Table S6 presents model performance across 10 bootstrap replicates, including training AUC,
test AUC, and True Skill Statistic (TSS), reported as mean + standard deviation (Supplementary
File S6). Table S7 provides predicted current and future suitable habitat area (km? and %) for R.
ferrugineus under SSP1-2.6 and SSP5-8.5 for 2050 and 2070, including expansion and contraction
estimates (Supplementary File 57).
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Abbreviations

The following abbreviations are used in this manuscript:

AUC Area Under the Receiver Operating Characteristic Curve

Bio 2 Mean Diurnal Temperature Range

Bio 4 Temperature Seasonality

Bio 10 Mean Temperature of the Warmest Quarter

Bio 15 Precipitation Seasonality

Bio 19 Precipitation of the Coldest Quarter

BOLD Barcode of Life Data System

CMIP6 Coupled Model Intercomparison Project Phase 6

DEM Digital Elevation Model

ENM Ecological Niche Model

ENMeval Ecological Niche Model Evaluation (R package)

EPPO European and Mediterranean Plant Protection Organization

FC Feature Class

GBIF Global Biodiversity Information Facility

GCM General Circulation Model

GFDL-ESM4 Geophysical Fluid Dynamics Laboratory Earth System Model version 4
GIS Geographic Information System

GDEM Global Digital Elevation Model

H Hinge (feature class)

IPCC Intergovernmental Panel on Climate Change

IPSL-CM6A-LR  Institut Pierre-Simon Laplace Climate Model 6A Low Resolution
ISIMIP3b Inter-Sectoral Impact Model Intercomparison Project phase 3b

L Linear (feature class)

LQ Linear-Quadratic (feature class combination)

LQH Linear-Quadratic-Hinge (feature class combination)

LQHP Linear-Quadratic-Hinge-Product (feature class combination)
MaxEnt Maximum Entropy (species distribution modelling software)
MPI-ESM1-2-HR  Max Planck Institute Earth System Model version 1.2 High Resolution
MRI-ESM2-0 Meteorological Research Institute Earth System Model version 2.0
ROC Receiver Operating Characteristic

RM Regularization Multiplier

RPW Red Palm Weevil

SDM Species Distribution Model

SDMtoolbox Species Distribution Modelling Toolbox (ArcGIS plugin)

spThin Spatial Thinning (R package)

SSP Shared Socioeconomic Pathway

SSP1-2.6 Shared Socioeconomic Pathway 1—Radiative Forcing 2.6 W/m?
SSP5-8.5 Shared Socioeconomic Pathway 5—Radiative Forcing 8.5 W/m?
TSS True Skill Statistic

UAE United Arab Emirates

UKESM1-0-LL United Kingdom Earth System Model version 1.0 Low Resolution
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UN ESCWA United Nations Economic and Social Commission for Western Asia
usdm Uncertainty Analysis for Species Distribution Models (R package)
VIF Variance Inflation Factor

AlCc Corrected Akaike Information Criterion

wAIC Akaike Information Criterion Weight

AAICc Delta Corrected Akaike Information Criterion
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