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Abstract

Climate change threatens agricultural systems in arid regions, yet historical shifts in crop suitability
remain pootly documented. This study presents the first retrospective, multi-decadal assessment of
climatic suitability shifts for date palm in Iran over four decades (1980-2019). Using MaxEnt with
presence-only data (n=104) and 22 environmental variables, we reconstructed decadal suitability maps,
identified key climatic drivers, and quantified spatiotemporal changes. Model performance was robust
across all decades (AUC>0.8). BIO1 (Annual Mean Temperature) was the dominant predictor (68.1%
contribution), increasing from 60.6% to 75.6% over time. Unsuitable areas dominated (>80% of Iran's
land), yet high suitability reached its maximum extent (19.8x10* km?) in the 2010s, while medium
suitability contracted to its minimum (13.2x10* km?), suggesting habitat polarization. Spatiotemporal
analysis revealed a consistent west-to-east redistribution of suitable habitats, with decreased suitability
in western provinces (Khuzestan, Fars) and increased suitability in southeastern regions (Kerman,
Sistan and Baluchestan). The largest net increase in suitability (1.52%) occurred in the 2010s relative to
the 1980s, while the most recent decade exhibited the smallest changes, suggesting potential
stabilization. These findings provide critical benchmarks for validating future projections and

informing adaptation strategies, including orchard relocation and cultivar selection.
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1. Introduction

Climate change represents the most formidable challenge of the twenty-first century, threatening global
food security through multiple pathways, including reduced agricultural productivity (Hultgren et al.,
2025; Anshida et al.,, 2026). Climatic conditions, primarily through temperature regimes and water
availability, fundamentally influence plant growth and development processes, thereby altering the
geographic distribution and yield of agricultural crops at global scales (Challinor et al., 2015; Proctor et
al., 2025). Global warming has induced poleward shifts of temperate zones (Chen et al., 2011; Heikonen
et al., 2025), while the unprecedented increase in extreme climatic events—including heatwaves,
droughts, and floods—has substantially reduced potential crop yields in areas with marginal climatic
suitability (Fahad et al., 2017; Tuninetti and Davis, 2026). Consequently, identifying climatically suitable
zones and monitoring their spatiotemporal dynamics in response to climate change has emerged as a
strategic priority for climate adaptation planning (Dawson et al., 2011; Guisan et al., 2013).

The date palm (Phoenix dactylifera 1..) is a cornerstone of agriculture in arid and semi-arid regions,
providing food security and economic value across the Middle East and North Africa (Chao and
Krueger, 2007; Shabani et al., 2012). This perennial crop has evolved remarkable adaptation to dry and
semi-dry climatic conditions, requiring long, hot summers devoid of rainfall (Morton, 1987). Optimal
vegetative growth occurs between 30 and 35°C (Zaid and de Wet, 2002), while flowering and fruit
maturation demand sustained high temperatures, low relative humidity, and virtually no rainfall (Ismail
et al., 2023). Cool winter temperatures below approximately —7°C can cause lethal damage (Morton,
1987; Zaid and de Wet, 2002), and high atmospheric humidity during the ripening period promotes
fungal diseases and compromises fruit quality (Shabani et al., 2012; Hussain et al., 2020). Iran, as one
of the world's leading date producers and a primary center of genetic diversity for this crop, cultivates
date palm predominantly in its southern provinces, where climatic conditions have historically met
these narrow ecological requirements. Beyond its economic value, date palm orchards provide critical
ecosystem services in arid regions, including soil erosion reduction and desertification control (Mihi et
al., 2019).

Despite the historical adaptation of date palm to Iran's warm climate, ongoing global warming
and shifting precipitation patterns pose serious threats to this vital crop. One of the most alarming
manifestations of this threat is the bunch drying disorder, which has recently caused annual losses of
approximately 20—25% of total date production in Iran. Field investigations have demonstrated that
the simultaneous occurrence of temperatutes exceeding 43°C, relative humidity below 20%, and strong
summer winds plays a critical role in triggering this physiological disorder (Najafiniya and Rahkhodaei,
2024). Given projections of increased frequency of such climatic extremes in Iran, especially in its

southern parts (Bazrafshan, 2017; Jahanshahi et al., 2024; Asadi-RahimBeygi et al., 2025), incorporating
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extreme temperature and humidity variables alongside mean climatic parameters in date palm suitability
modeling has become an urgent necessity.

Species distribution models (SDMs) are widely employed to quantify climate—species relationships
and to map habitat suitability under past, present, and future conditions (Elith et al., 2011; Phillips et
al., 2017). Among the available algorithms, the maximum entropy approach implemented in MaxEnt
is especially suitable for presence-only data and consistently yields robust predictions for crop species
(Phillips et al., 2006; Ramirez-Cabral et al., 2017). MaxEnt offers the unique advantage of functioning
effectively with presence-only occurrence records and demonstrates high performance when
confronted with limited data (Elith et al,, 2011; Yackulic et al,, 2013). Furthermore, the use of
bioclimatic variables (BCVs) rather than raw meteorological data has become a standard approach in
this field, owing to their capacity to capture seasonal trends, annual fluctuations, and extreme events
(Merkenschlager et al., 2023). MaxEnt models can be driven by high-resolution gridded climate
surfaces, such as those provided by WorldClim, which offer historical monthly normals and derived
bioclimatic variables at different spatial resolutions (Fick and Hijmans, 2017; Karger et al., 2017). The
availability of historical time-slice data from WorldClim enables the reconstruction of decadal climate
conditions, thereby allowing SDMs to be applied in a true retrospective framework that tracks
suitability changes over time (Booth et al., 2014; Watling et al., 2021).

Previous studies have extensively projected future climate suitability for date palm. Global-scale
research (e.g., Allbed et al., 2017 in Saudi Arabia) indicates substantial contractions of suitable zones
and poleward shifts under various climate change scenarios. At the national level in Iran, Shabani et al.
(2014) employed the CLIMEX model, while Baaghideh et al. (2020) utilized three GCMs to project
the relative expansion of warm suitable zones in central Iran by 2080. Additionally, Afzali et al. (2022)
applied MaxEnt to assess the future suitability of different date palm varieties. However, a
comprehensive review of the literature reveals that all previous investigations have focused on future
projections, with no study to date having objectively monitored the historical decadal shifts in date
palm climatic boundaries based on observed bioclimatic data. This retrospective gap limits our ability
to distinguish whether observed productivity declines are attributable to long-term climatic trends or
short-term variability, and prevents the validation of future projections against already occurring
changes (Dobrowski et al., 2011; Booth, 2018). While retrospective multi-decadal analyses that
explicitly quantify suitability trajectories over recent historical decades are routine for wild species
(Lenoir et al., 2008; Chen et al., 2011), they have rarely been applied to perennial fruit crops.

WorldClim's historical climate sutfaces, now spanning multiple decades with improved accuracy,
provide a unique opportunity to fill this gap by enabling the development of consistent, decadal-scale
suitability maps for the recent past (Fick and Hijmans, 2017; Karger et al., 2017). Applying a MaxEnt-

WorldClim framework to four consecutive decades in Iran would thus reveal not only the magnitude
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of suitability shifts but also their rate and spatial pattern, offering directly translatable information for
adaptation planning in one of the wotld's most climate-vulnerable date-producing regions (Shabani et
al., 2013).

The primary objective of this study is to model the dynamic influence of climatic factors on date
palm distribution and quantify shifts in optimal climatic boundaries across Iran over four decades
(1980-2019). Using MaxEnt with presence-only occurrence data and environmental factors, we aim
to: (1) reconstruct decadal suitability maps; (2) identify key environmental drivers and their response

curves; and (3) quantify spatiotemporal changes in suitability classes.

2. Materials and Methods
2.1 Study area

Iran is located in Southwest Asia between approximately 25° N and 40° N latitude and 44° E to 64° E
longitude, covering an area of around 1.65 million km? The country’s climate is predominantly arid
and semi-arid, exhibiting high spatial and temporal variability in temperature and precipitation (Khalili
and Rahimi, 2018). Mean annual precipitation exceeds 1200 mm along the narrow Caspian Sea coast
but drops below 100 mm in the central deserts and parts of the southeast (Modarres & Sarhadi, 2009).
In contrast, summer maximum temperatures regularly surpass 50 °C in the interior lowlands, while
winter minima can fall below —20 °C in the mountainous northwest (Alizadeh-Choobari & Najafi,
2018). Observational records show that Iran has experienced a marked warming trend over recent
decades, with mean annual temperature increasing at rates well above the global average (Tabari &
Talace, 2011; Bazrafshan et al., 2017; Jamali et al., 2026).

Iran ranks third globally in date production (after Egypt and Saudi Arabia), with an average
harvested area of 177,000 ha of productive date palm orchards and an average annual production of
one million tons of various date cultivars over the period 1994-2024 (FAO, 2026). The provinces of
Kerman, Hormozgan, Khuzestan, Bushehr, Fars, and Sistan and Baluchestan collectively account for
more than 98% of the country's total date production, making them the major date-producing regions.
Analysis of FAO (20206) data reveals that the harvested date area increased from 150,000 ha in 1994 to
a peak of over 220,000 ha in 2011, followed by a declining trend that brought it down to 135,000 ha

by 2024. This declining trend in the 2010s is similarly reflected in total date productions.
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Fig. 1. Spatial distribution of date palm (Phoenix dactylifera 1..) occurrence points in Iran (Source: Iran’s

Ministry of Agriculture, Unpublished document).

2.2 Species Occurrence Data

Occutrence data for date palm (n=104) were extracted from the archive of Iran's Ministry of
Agriculture. The spatial locations of date palm presence in Iran (regardless of cultivar) are shown in
Fig. 1. As illustrated in this figure, date palms are predominantly cultivated in six southern provinces

of Iran, namely Kerman, Hormozgan, Khuzestan, Bushehr, Fars, and Sistan and Baluchestan.

2.3 Environmental Variables

The environmental predictors employed in this study comprised two categories: bioclimatic and

topographic variables. Bioclimatic variables wete obtained from the WorldClim version 2.1 database
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(Fick and Hijmans, 2017) [downloaded from https://www.wotldclim.org] and consist of 19 climatic
indices (BIO1-BIO19; Table 1) derived from monthly temperature and precipitation data. These
variables capture key ecological dimensions, including temperature and precipitation seasonality as well
as extreme climatic conditions, and are consequently well-suited for species distribution modeling. All
19 bioclimatic variables were acquired at 2.5 arc-minute spatial resolution (~ 4 km) for four consecutive
10-year periods spanning 1980-2019. Topographic variables—specifically elevation, slope, and
aspect—were derived from a digital elevation model with the 2.5 arc-minute resolution. These
topographic predictors were used in conjunction with the bioclimatic variables as potential inputs for

modeling date palm distribution across Iran.

Table 1. Input variables used in the MaxEnt model.

Variable Description Variable Description

BIO1 Annual Mean Temperature (°C) BI1O12 Annual Precipitation (mm)

BIO2 Mean Diurnal Range (°C) BIO13 Precipitation of Wettest Month (mm)
BIO3 Isothermality (BIO2/BIO7 x100) (%) BIO14 Precipitation of Driest Month (mm)
BIO4 Temperature Seasonality (SD X100) (°C) BIO15 Precipitation Seasonality (CV) (%)
BIO5 Max Temperature of Warmest Month (°C) BIO16 Precipitation of Wettest Quarter (mm)
BIOG6 Min Temperature of Coldest Month (°C) BI1O17 Precipitation of Driest Quarter (mm)
BIO7 Temperature Annual Range (BIO5-BIO6) (°C) BIO18 Precipitation of Warmest Quarter (mm)
BIOS Mean Temperature of Wettest Quarter (°C) BIO19 Precipitation of Coldest Quarter (mm)
BIOY Mean Temperature of Driest Quarter (°C) SLOPE Slope (%0)

BIO10 Mean Temperature of Warmest Quarter (°C) ASPECT Aspect (°)

BIO11 Mean Temperature of Coldest Quarter (°C) ELEVATION Elevation (metets above sea level)

2.4 Mathematical Structure of the MaxEnt Model

The MaxEnt model is a machine learning method based on the principle of maximum entropy,
specifically designed for modeling species distributions using presence-only data. In other words, we
know the locations where the species has been observed, but definitive data on its absence are
unavailable (Phillips et al., 2006). The fundamental principle of this approach is to estimate the most
uniform (i.e., maximum entropy) probability distribution for the species across the study area, subject
to known environmental constraints. The model is constructed such that the mean of each
environmental variable in the estimated distribution matches the empirical mean of that variable at the

species occurrence points (Phillips and Dudik, 2008).
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2.4.1 Estimation of the Presence Probability Distribution

Assuming the study atea consists of N equally sized grid cells (pixels), we define the vector T =
[7r1, 5, ..., Ty] as the true probability distribution of random species presence in each cell, and the
vector Q = [q1,q2, -, qn] as the probability distribution estimated by the MaxEnt model.
Let Z denote the N X s matrix of environmental predictors, whetre s is the number of predictor
variables. The MaxEnt algorithm seeks the distribution @ that maximizes the entropy H(Q):

H(Q) = - XL q:In(q) ©)
subject to two constraints (Merow et al., 2013). First, the normalization constraint ensures that the

estimated probabilities sum to unity:
Liai=1 @
Second, for each feature function fj (Sub-section 2.4.2), the expected value under the estimated

distribution must equal the empirical average calculated from the presence records:
n

Saaf@=5), £ =1 ®)
where n is the number of presence points, Zy is the vector of environmental variables at the k-th
presence location, and f] denotes the empirical mean of feature fj. The left-hand side is computed
across all grid cells, while the right-hand side is computed only at the presence points.

To solve this constrained optimization problem, the method of Lagrange multipliers is employed.
By introducing Lagrange multipliers Ag, A4, ..., 4y, the following function is maximized:
L==%q;Inq; —ACiqi — D =X 4 (Zia: f;Z) - ;) Q)
By differentiating £ with respect to q; and setting the derivative to zero, the explicit form of the

MaxEnt distribution is obtained (Phillips and Dudik, 2008):

exp( X7, Af (Z) exp(n(2)
g = —2ERAL@) UD) — 4(2) ©)
Siy exp(SIL 417210
This equation is essentially a distribution from the exponential family (specifically, a Gibbs
distribution). In Eq. (5), { indexes a specific grid cell, j indexes the environmental variables, and k
indexes the grid cells in the denominator. The term Z(A) is the normalization constant (partition

function) that ensures the sum of probabilities equals unity, and n(Z) is the linear predictor,

representing the weighted sum of the environmental features.

2.4.2 Feature Functions
The MaxEnt model permits the use of multiple feature types—Ilinear, quadratic, product, threshold,

and categorical—to capture complex and nonlinear relationships between environmental predictors
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and species distributions (Phillips and Dudik, 2008). The available feature types and their mathematical
forms are summarized in Table 2.

Table 2. Feature types used in the MaxEnt model.

Feature Type Mathematical Form Equation Components

Linear FO0) = 1- (x—ky) x: environmental variable value at a
(ky—k1) given grid cell; kq: lower bound of

Quadratic F) = 1- (x?—ky) the environmental variable; ky:
(kz—k1) upper bound of the environmental

variable; A: Lagrange multiplier for
the environmental variable

Product Product of two variables Two  environmental  variables
multiplied together
Threshold Binary transformation (0 or 1) Variable converted to

presence/absence based on a
threshold value
Categorical Features for categorical variables  Qualitative variables

2.4.3 Regularization

To mitigate overfitting, MaxEnt incorporates a regularization parameter, which modifies the objective
function as follows (Merow et al., 2013):

Maximize H(Q) — X; B; | 4] 6)
where [ is the regulatization coefficient for feature j. This formulation is equivalent to maximizing
the log-likelihood with an €, (LASSO) penalty (Warren and Seifert, 2011). Regularization serves three
critical functions: (1) it drives the weights of irrelevant features to exactly zero, effectively removing
noise; (2) it prevents the coefficients A; from becoming excessively large, ensuring numerical stability;
and (3) it produces a smoothed probability distribution that generalizes to new data rather than

overfitting to the training occurrences (Dudik et al., 2007).

2.4.4 Calculating Species Presence Probability

In MaxEnt modeling for species, q; represents the relative probability density of selecting the i-th grid
cell, rather than the absolute probability of species presence. To convert this relative density into the
conditional presence probability P(y = 1|Z), we apply Bayes’ rule. We assume that presence points
(y = 1) follow the MaxEnt distribution q(Z), while absence points (y = 0) ate sampled uniformly
from the entire landscape, i.e., P(Z|y = 0) = % , where N is the number of grid cells.

According to Bayes' rule:

_ _ P(Z]y=1)-P(y=1)
PO =112) = P(Z|y=1)-P(y=1)+P(Z|y=0)-P(y=0) @)
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Py=1) _ M/N M .
P=0)  oM/N N be the prior odds.

Let M be the number of presence records and r =

Substituting P(Z|y = 1) « q(Z) = % vields:

1
P(y=1|2) = 8
v =112) 4 ODED e “(2)) )

The output of this logistic transformation ranges from 0 to 1 and is interpreted as the probability of
species presence in the grid cell. This formulation is commonly referred to as the logistic output in
MaxEnt software and is widely preferred over the raw output for its interpretability and direct

ecological relevance (Phillips and Dudik, 2008; Merow et al., 2013).

2.5 Multicollinearity Analysis and Variable Selection

To mitigate multicollinearity among environmental predictors, which can compromise model stability
and variable interpretation, a Pearson correlation analysis was performed on all 22 candidate variables.
Variable pairs with a correlation coefficient exceeding |r| > 0.95 were considered highly correlated
(Feng et al., 2019). For each such pair, the variable with lower ecological relevance to date palm biology
was excluded. Following this screening, five bioclimatic variables—BIO6 (Min Temperature of Coldest
Month), BIO10 (Mean Temperature of Warmest Quarter), BIO11 (Mean Temperature of Coldest
Quarter), BIO16 (Precipitation of Wettest Quarter), and BIO17 (Precipitation of Driest Quarter)—
were removed from the candidate set. The remaining 17 variables (14 bioclimatic and 3 topographic)
were retained as final inputs. Subsequently, the jackknife test was employed to evaluate the relative

contribution and importance of each retained variable in the final MaxEnt model (Shi et al., 2021).

2.6 Species Distribution Modeling and Model Validation

Following variable selection (Subsection 2.5), the final set of environmental predictors was used to
build MaxEnt models for each of the four decades. Species distribution modeling was performed using
MaxEnt version 3.4.2 (Phillips et al., 2017). The retained environmental variables were imported as
raster layers alongside the species occurrence records, which were formatted as a CSV file containing
species name, longitude, and latitude. The model parameters were configured as follows: (a) 70% of
the presence data were randomly allocated for model training and the remaining 30% were used for
model testing; (b) species response curves were generated to explore the relationship between
occurrence probability and each environmental predictor; (c) to prevent model overfitting, the
regularization multiplier was set to 1.5 through trial and error and repeated iterations; (d) all other
parameters were retained at their default values, including a convergence threshold of 107°, 2 maximum
of 500 iterations, and a maximum of 10,000 background points (grid cells); and (e) cross-validation was
selected as the replicate run type, and the model was executed 10 times for each of the four decades

(1980-1989, 1990-1999, 2000-2009, and 2010-2019) to account for stochastic variability and ensure
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model stability. The final habitat suitability map for each decade was derived by averaging the outputs

from the 10 replicate runs.

2.7 Evaluation of MaxEnt Model Performance

Model performance was evaluated using the area under the curve (AUC) of the receiver operating
characteristic (ROC), a standard metric for assessing the predictive accuracy of binary classification
models (Marzban, 2004). The ROC cutve plots the true positive rate (TPR; sensitivity) against the false
positive rate (FPR; 1 — specificity) across all possible probability thresholds. For each threshold, a
confusion matrix (Table 3) was constructed, summarizing the frequency of actual presence/absence
observations against model predictions, where positive and negative denote predicted presence and

predicted absence, respectively. TPR and FPR were calculated as:
TP

TPR = ©)
TP+FN

FPR = (10)
FP+TN

where TP = true positives, FN = false negatives, FP = false positives, and TN = true negatives. TPR
(sensitivity) measures the proportion of actual presence points correctly predicted as present, while
FPR measures the proportion of actual absence points incorrectly predicted as present. After
generating the ROC curve, the AUC was computed as the integral under the curve. AUC values range
from O to 1, with higher values indicating superior discriminatory ability. According to the classification
scheme of Swets (1988), model performance was categorized as: fail (0.5-0.6), poor (0.6-0.7), fair (0.7—
0.8), good (0.8-0.9), and excellent (0.9—-1.0).

Table 3. Confusion matrix for evaluating MaxEnt model performance.

Predicted Presence Predicted Absence
Actual Presence True Positive (TP) False Negative (I'N)
Actual Absence False Positive (FP) True Negative (TN)

Note: TP = correctly predicted presence; FN = presence incorrectly predicted as absence; FP = absence
incorrectly predicted as presence; TN = correctly predicted absence.

2.8 Classification of Date Palm Habitat Suitability

To classify habitat suitability for date palm, we adopted the threshold-based approach proposed by Shi
et al. (2021). Under this scheme, grid cells were categorized into four suitability classes based on
predicted presence probability: unsuitable (<0.05), low suitability (0.05-0.33), medium suitability (0.33—
0.66), and high suitability (>0.606). The area of each suitability class was computed for each decade by
summing the cell areas of all grid cells belonging to each class, enabling quantification of habitat gain

or loss over time.

10
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2.9 Spatiotemporal Changes in Date Palm Habitat Suitability

To facilitate a more straightforward assessment of Spatiotemporal changes in habitat suitability across
consecutive decades, we employed a modified binary classification for comparative purposes: areas
with a presence probability below 0.33 were classified as sub-optimal, while areas with a probability
equal to or exceeding 0.33 were classified as optimal. This binary classification enabled the overlay of
suitability maps from different decades, allowing for the identification of areas where climatic suitability

has deteriorated (reduced), improved (increased), or remained stable over time, as described in Shi et

al. (2021) and Wang et al. (2025).

3. Results

3.1 Model Performance and Validation

The mean Area Under the Curve (AUC) values for the MaxEnt models ranged from 0.836 to 0.845
(Fig. 2), indicating strong discriminatory ability between suitable and unsuitable habitats. The highest
AUC was observed in the 1980s (0.845 * 0.04), while the lowest was in the 2010s (0.836 * 0.05),
suggesting consistent model reliability across time periods. According to the classification of Swets
(1988), these values indicate good model performance, providing confidence in the subsequent analysis
of variable importance and habitat suitability patterns. Given this robust performance, we next

examined the relative contribution of individual environmental variables to date palm distribution.

a) 1980-1989 b) 19901999 ©) 2000-2009 d) 2010-2019

0.5 0.6 0.7 0.8 0.9 1.0

Sensitivity

0 01 02 0.3 04

Mean (AUC = 0.845)  #
Mean+/- one sid. dev. ¥
Random Prediction

Mean (AUC =0.843) =
Meant/- one std. dev. ®
Random Prediction

Mean (AUC =0.836)  #
Mean+/- one std. dev. #
Random Prediction

Mean (AUC =0.838)  ®
Meant/-one std. dev. ® | |
Random Prediction  #

001 02 03 0.4 05 0.6 07 0.8 0.9 10 @ 04 02 03 04 05 0.6 0.7 08 09 L0 0 01 02 03 04 05 06 07 08 09 1.0 0 01 02 03 04 05 06 0.7 08 09 L0
1-Specificity 1-Specificity 1-Specificity 1-Specificity

Fig. 2. Receiver operating characteristic (ROC) curves for the MaxEnt model test phase across the

study periods: (a) 1980-1989, (b) 1990-1999, (c) 2000-2009, and (d) 2010-2019.

3.2 Variable Importance

3.2.1 Percent Contributions and Permutation Importance
The relative contributions of the 17 environmental predictors to the MaxEnt models were quantified
using two metrics: percent contribution (PC), based on the regularized gain attributed to each variable

during model fitting, and permutation importance (PI), which measures the decrease in AUC when the
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variable's values are randomly permuted. Average values across the four decades, along with decadal
trends, are summarized in Table 4.

BIO1 (Annual Mean Temperature) was the predominant predictor across all decades, with a mean
PC of 68.1% and a mean PI of 56.3%. Its influence exhibited a clear increasing temporal trend: PC
rose from 60.6% in the 1980s to 75.6% in the 2010s, while PI increased from 40.2% to 66.7% over the
same period. Notably, PC consistently exceeded PI for BIO1 across all decades.

Among the remaining variables, BIO8 (Mean Temperature of the Wettest Quarter) and BIO19
(Precipitation of the Coldest Quarter) showed notable declining contributions. BIO8's PC decteased
from 12.5% in the 1980s to 0.7% in the 2010s, while its PI declined from 9.4% to 4.1%. Similarly,
BIO19 decreased from 6.2% (PC) and 7.6% (PI) in the earliest decade to 1.7% and 0.8%, respectively,
in the most recent decade.

In contrast, the topographic predictors—ASPECT and ELEVATION—temained relatively
stable across all decades. Their mean PC values were 3.5% and 2.4%, respectively, while their mean PI

values were higher at 5.2% and 4.8%.

I2ble 4. Percent contribution (PC) and permutation importance (PI) of environmental variables in MaxEnt
Biflels for date palm distribution across four decades (1980s—2010s).

Environmental 1980s 1990s 2000s 2010s Average
variable PC(%) PI(%) PC(%) PI(%) PC (%) PI (%) PC(%) PI(%) PC(%) PI(%)
BIO1* 60.6 40.2 68.1 63.8 67.9 54.5 75.6 66.7 68.1 56.3
BIO2 0.3 0.4 0.5 0.5 0.5 1.1 0.5 1.6 0.5 0.9
BIO3 1.3 0.3 1.1 0.1 1.1 0.1 1.1 1.9 1.2 0.6
BIO4 1.1 7.8 0.8 1.7 1.8 4.5 1.0 0.3 1.2 3.6
BIOS 34 3.6 2.0 0.8 3.0 9.1 33 3.9 2.9 4.4
BIO7 0.5 0.0 0.6 0.6 0.8 2.6 1.0 3.9 0.7 1.8
BIO8* 12.5 9.4 3.7 3.7 3.5 23 0.7 4.1 5.1 4.9
BIO9 1.2 0.4 1.1 1.6 1.3 0.2 1.2 0.4 1.2 0.7
BIO12 1.0 9.5 1.4 4.7 0.6 0.9 0.3 0.4 0.8 3.9
BIO13 0.7 4.5 0.6 0.5 23 0.4 35 1.3 1.8 1.7
BIO14 0.3 2.1 0.1 1.7 0.0 0.8 0.1 1.0 0.1 1.4
BIO15 24 0.3 2.7 0.4 6.1 5.9 1.4 1.0 3.2 1.9
BIO18 0.9 1.2 0.8 0.5 2.2 33 1.1 1.5 1.3 1.6
BIO19* 6.2 7.6 9.4 9.9 2.0 3.1 1.7 0.8 4.8 5.4
ASPECT* 3.6 6.0 34 4.8 3.3 5.6 3.6 4.5 3.5 5.2
SLOPE 1.3 1.1 1.0 1.1 1.4 1.1 1.5 1.0 1.3 1.1
ELEVATION* 2.7 54 2.5 3.7 2.1 4.2 24 5.8 2.4 4.8
Note: Asterisks (*¥) indicate variables retained for the final MaxEnt model. Bold values represent the highest PC and PI for each
decade.
326 BIO5 (Max Temperature of Warmest Month) and BIO12 (Annual Precipitation) showed
327  moderate but sporadic importance, particularly BIO5 with a mean PI of 4.4% and a peak PC of 9.1%
328  during the 2000s. The remaining variables, including those related to temperature seasonality (BIO4,
329  BIO7) and precipitation seasonality (BIO15), contributed negligibly to the models, with mean PC
330  wvalues below 3.2%. The discrepancy between PC and PI for certain variables (e.g., BIO12) suggests
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that while these variables contribute to model fitting, they may be correlated with other predictors and
do not provide unique information when permuted.

Based on the combined evaluation of PC, PI, and temporal consistency across the four decades,
five variables were suggested for the final MaxEnt model (Table 4; indicated by asterisks): BIO1, BIOS,
BIO19, ASPECT, and ELEVATION.

3.2.2 Jackknife Test Results

The jackknife test results across four decades (1980s—2010s) have been represented in Fig. 3. The test
evaluated the gain in model performance when each variable was used in isolation and the drop in gain
when excluded. The MaxEnt output includes three jackknife formats: (1) regularized training gain, (2)
test gain, and (3) AUC for test data, which measures the reduction in mean AUC when each variable
is excluded. Higher gain values indicate greater model accuracy.

In the regularized training phase (Fig. 3, #pper panels), for all four decades, BIO1 and BIOS used
in isolation produced high accuracy, while BIO14 and BIO2 yielded negligible gain. Excluding
ASPECT caused the greatest accuracy reduction.

For the test phase (Fig. 3, middle panels), similar to the training phase, BIO1 and BIOS, when used
in isolation, produced the highest accuracy across all four decades. However, the variable causing the
greatest reduction in model performance varied by decade: BIOS in the 1980s, BIO19 in the 1990s,
BIOS in the 2000s, and BIO7 in the 2010s. Notably, excluding SLOPE consistently improved model
performance across all decades.

According to the AUC-based jackknife (Fig. 3, /ower panels), BIO1, BIO8, and ELEVATION each
achieved >75% accuracy when used alone. BIO14 showed minimal gaining across all four decades. No
single variable exclusion substantially affected model accuracy.

These jackknife results further validate the variable selection procedure described in Subsection
3.2.1, confirming the retention of BIO1, BIO8, and ELEVATION as the most ecologically relevant
predictors. Two other variables, ASPECT and BIO19, did not provide sufficient predictive power to
enhance model accuracy, suggesting their limited independent contribution to date palm distribution

modeling.

3.3 Response Curves

Response curves illustrate how each environmental variable influences MaxEnt predictions, showing
the change in predicted presence probability as a given variable varies while all other variables are held
at their mean values. As noted in the AUC-based jackknife results (Subsection 3.2.2), BIO1 (Annual
Mean Temperature), BIO8 (Mean Temperature of the Wettest Quarter), and ELEVATION, when

used in isolation, demonstrated high capability in discriminating presence from absence locations. Fig.
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4 presents the response curves for these three variables for the eatliest (1980s) and latest (2010s)

decades.
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Fig. 3. Jackknife test results for MaxEnt models across four decades (1980s—2019s). The three rows
show: (upper) training gain, (middle) test gain, and (Jower) AUC for test data. Blue bars: gain when variable
used alone; green bars: gain when variable excluded; red bars: gain using all variables.

For BIO1 (Fig. 4a, 1980s; Fig. 4b, 2010s), the highest presence probability (>80%) in the 1980s
occurred when values ranged between 24°C and 27°C, with the maximum probability at 26.5°C. By
the 2010s, the optimal temperatute shifted upward by approximately 1°C, indicating a detectable shift
in the species' thermal optimum as captured by the MaxEnt model. Furthermore, the standard
deviation of the BIO1 response increased considerably from the 1980s to the 2010s, suggesting greater

uncertainty in model predictions for the most recent decade.
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The response curves for BIO8 (Mean Temperature of the Wettest Quarter) also exhibited
temporal changes, with an increase in the standard deviation of the response and a shift in the

breakpoint from 12.5°C in the 1980s to 15.5°C in the 2010s (Fig. 4c—d).
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Fig. 4. Response curves for the three most influential variables—BIO1 (Annual Mean Temperature),
BIO8 (Mean Temperature of the Wettest Quarter), and ELEVATION—for the (a, ¢, €) 1980s and (b,
d, f) 2010s. Red lines indicate the mean response across 10 model replicates, and blue shaded areas
represent T one standard deviation.

In contrast, the response curves for ELEVATION showed little change over time (Fig. 4e—f).
Presence probability remained high in low-elevation areas (<500 m a.s.l.) and declined rapidly with
increasing elevation. Notably, the uncertainty associated with ELEVATION estimates remained low

across both decades, enhancing its reliability for decision-making,.

3.4 Spatial Patterns of Habitat Suitability

The spatial distribution of climatic suitability for date palm across Iran was mapped for each of the
four decades (1980s—2010s) using the MaxEnt model outputs (Fig. 5a—d). Based on the classification

scheme of Shi et al. (2021), grid cells were categorized into four suitability classes: unsuitable, low
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suitable, medium suitable, and high suitable. The areal extent of each class, calculated by summing the
areas of all grid cells belonging to each category, is summarized in Table 5.

The results indicate that unsuitable areas consistently dominated the landscape across all four
decades, accounting for more than 80% of Iran's total land area (Table 5). This pattern reflects the
predominantly arid and hyper-arid climatic conditions that prevail across much of the country, limiting
date palm cultivation to specific environmentally favorable regions.

Suitable habitats (the sum of low, medium, and high suitable classes) covered approximately 77.2
x 10* km? in the 1980s, representing 41.9% of the study area. However, a marked decline in overall
suitable area occurred in the 1990, falling to 70.4 X 10* km? (39.5%), driven primarily by a reduction
in medium and high suitability classes. Specifically, medium suitable areas decreased from 19.8 X 10*
km? in the 1980s to 15.5 X 10* km? in the 1990s, while high suitable areas declined from 17.3 X 10*
km? to 14.8 X 10* km?.

In the 2000, the total suitable area partially recovered to 77.5 X 10* km? (41.9%), with notable
increases in low suitability (44.2 X 10* km?) and medium suitability (16.5 x 10* km?). High suitability,
however, remained lower (16.8 X 10* km?) than in the 1980s. The most recent decade (2010s) exhibited
a contrasting pattern: the low suitable class expanded to its maximum extent (44.7 X 10* km?), while
medium suitable areas contracted to their minimum (13.2 X 10* km?). Conversely, the high suitable
class reached its peak area (19.8 X 10* km?), exceeding all previous decades.

The spatial distribution of high suitable areas showed a clear concentration in the southern
provinces (Fig. 5a—d), including Kerman, Hormozgan, Khuzestan, Bushehr, Fars, and Sistan and
Baluchestan, consistent with the current distribution of date palm orchards in Iran. High suitability was
predominantly located in low-elevation areas with warm temperatures and limited precipitation,
whereas unsuitable areas corresponded to the central deserts, northern cold regions, and high mountain

ranges.
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Fig. 5. Spatial distribution of climatic suitability for date palm in Iran across four decades (1980s—
2010s).

Table 5. Areal extent (X10* km?) of different climatic suitability classes for date palm in Iran across
four consecutive decades.

Decade Unsuitable Low Suitable ~ Medium Suitable  High Suitable
(X104 km?) (X104 km?) (X10% km?) (X104 km?)
1980s 87.4 40.1 19.8 173
1990s 94.4 40.1 15.5 14.8
2000s 87.0 44.2 16.5 16.8
2010s 87.7 4.7 13.2 19.8

3.5 Spatiotemporal Changes in Suitability Area

To better understand the spatial dynamics of date palm presence probability, as described in the
subsection 2.8, the climatic suitability areas were reclassified into two binary categories, sub-optimal
and optimal. The spatial distribution of these binary suitability classes was then overlaid across

consecutive decades to examine shifts in climatic suitability of date palm distribution in response to

17



434
435
436
437
438
439
440
441
442
443
444

445
446
447
448
449
450
451
452
453
454
455
456
457
458
459
460
461
462
463
464
465

climatic changes. Areas with decreased suitability were defined as those that were classified as optimal
class in a given decade but transitioned to sub-optimal class in the subsequent decade. Conversely,
areas with increased suitability were those that were classified as sub-optimal class in a given decade
but transitioned to optimal class in the following decade. Stable areas were those that maintained the
same suitability classification across the study period.

Figure 6 presents the spatial patterns of changes in climatic suitability across different temporal
comparisons. Panels (a) through (c) compate changes in climatic suitability in the 1990s, 2000s, and
2010s, respectively, relative to the baseline decade of the 1980s. Panels (d) and (e) assess changes in
climatic suitability in the 2000s and 2010s, respectively, relative to the 1990s. Panel (f) evaluates changes
in the 2010s relative to the 2000s. The areal extents of the changes shown in Fig. 6 are summarized in

Table 6. The results reveal several important patterns, as follows.

3.5.1 Long-term changes relative to the 1980s baseline

As shown in Figure 6a, the 1990s experienced a notable loss of climatic suitability compared to the
1980s across several regions. Areas that lost suitability included parts of eastern Isfahan Province,
western South Khorasan Province, northern Yazd Province, and multiple areas within Hormozgan,
Fars, and Khuzestan provinces—regions that had previously been suitable for date palm cultivation.
In contrast, improvements in climatic suitability were observed in portions of Sistan and Baluchestan,
Kerman, and South Khorasan provinces, where the probability of date palm presence increased over
the same period.

Compared to the 1980s, the 2000s (Fig. 6b) exhibited a more spatially heterogeneous pattern of
change. The areas of decreased suitability, while reduced in extent compared to the 1990s, remained
concentrated in the central and western provinces (e.g., Isfahan, Yazd, and parts of Fars). Areas of
increased suitability were more widespread in the 2000s, with notable expansion in the southeastern
provinces (Sistan and Baluchestan, Kerman) and limited gains in eastern regions (South Khorasan).
Stable suitability areas formed a contiguous band across the central deserts and northern mountain
ranges, reflecting regions where climatic conditions have remained consistently unfavorable for date
palm cultivation.

The most pronounced long-term changes were observed in the 2010s compared to the 1980s (Fig.
6¢). The area of increased suitability reached its maximum extent (1.52%), with gains distributed across
a broader geographical range, including the eastern provinces, northern parts of Kerman, and scattered
patches in the northwest. Conversely, the extent of decreased suitability was at its minimum (0.79%),

primarily confined to the western and southwestern provinces (Khuzestan, Fars, and parts of Bushehr).
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3.5.2 Sequential changes relative to the 1990s

The 2000s vs. 1990s comparison (Fig. 6d) revealed that the largest decrease (1.01%) occurred during
this period, with losses concentrated in the central provinces (Isfahan, Yazd, and parts of Kerman) and
the western provinces (Fars and Khuzestan). Gains were more limited (0.96%) and primarily observed
in the eastern regions (South Khorasan, Sistan and Baluchestan). The dominant pattern during this
period was one of relative stability, with approximately 74.49% of the landscape remaining unsuitable
and 23.54% remaining stable.

The 2010s vs. 1990s comparison (Fig. 6e) showed a recovery in suitability gains, with increased
suitability rising to 1.39% and decreased suitability declining to 0.96%. Spatial patterns of improvement
were more pronounced in the southeastern provinces (Kerman, Sistan and Baluchestan) and eastern
regions, while losses were primarily confined to the southwestern provinces (Khuzestan, Fars, and

Bushehr), suggesting a regional redistribution of suitable areas from the west to the east and southeast.

3.5.3 Recent decadal changes

The 2010s vs. 2000s comparison (Fig. 6f) exhibited the most recent spatial patterns of change.
Increased suitability (1.23%) and decreased suitability (0.74%) were both at their lowest levels,
indicating a relatively stable period in terms of net change. Spatial patterns of increased suitability were
concentrated in northern parts of Kerman, eastern provinces, and scattered patches along the northern
fringes of the central deserts. Decreased suitability was limited to small, isolated patches in Khuzestan
and Fars, with no large-scale contiguous losses. The stability of this period suggests that the climatic
redistribution of suitable habitats may be approaching a new equilibrium following the more dynamic

changes observed in previous decades.

Table 6. Areal extent (%) of changes in climatic suitability for date palm across different temporal
comparisons in Iran.
Base Period Subsequent Period Unsuitable (%) Increased (%) Decreased (%) Stable (%)

1980s 1990s 74.24 1.26 0.97 23.53
2000s 74.36 1.09 0.85 23.70
2010s 74.42 1.52 0.79 23.27
1990s 2000s 74.49 0.96 1.01 23.54
2010s 74.54 1.39 0.96 23.11
2000s 2010s 74.71 1.23 0.74 23.33
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Fig. 6. Spatial patterns of changes in climatic suitability for date palm in Iran across different temporal

comparisons: (a) 1990s vs. 1980s, (b) 2000s vs. 1980s, (c) 2010s vs. 1980s, (d) 2000s vs. 1990s, (e) 2010s

vs. 1990s, and (f) 2010s vs. 2000s.

4. Discussion

The AUC values obtained in this study (0.836—0.845) indicate good model performance according to
Swets (1988) classification, consistent with other MaxEnt studies on date palm. For instance, Mihi and
Hernandez-Agliero (2025) reported an AUC of 0.933 for date palm in Algeria, suggesting that regional
differences in spatial scale, environmental predictors, and climatic variability may influence model
performance. Shabani et al. (2017) compared multiple modeling techniques for date palm and found
that MaxEnt provides comparable results to other correlative models, though model choice can affect

projections. The slight temporal decline in AUC observed in our study—from 0.845 in the 1980s to
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0.836 in the 2010s—may reflect increasing climatic variability and uncertainty in recent decades,
consistent with broader regional warming trends documented across Iran (Tabari and Talaee, 2011;
Bazrafshan, 2017).

Among all environmental predictors, BIO1 (Annual Mean Temperature) emerged as the
overwhelmingly dominant variable, with a mean percent contribution of 68.1% across all decades,
aligning with previous studies that identified temperature as the primary climatic constraint on date
palm distribution (Shabani et al., 2012; Shabani and Kumar, 2014). The increasing contribution of
BIO1 over time—from 60.6% in the 1980s to 75.6% in the 2010s—suggests that temperature has
become an increasingly important determinant of suitable habitats as warming progresses. The
response curves for BIO1 revealed an optimal temperature range of 24-27°C in the 1980s, shifting
upward by approximately 1°C in the 2010s, indicating a detectable thermal adaptation response
consistent with climate-driven range shifts documented for numerous plant species (Chen et al., 2011;
Lenoir et al., 2008). In contrast, precipitation-related variables—particularly BIO8 and BIO19—
exhibited notable declining contributions over the four decades, reflecting the fact that date palm is
inherently adapted to arid conditions with minimal rainfall requirements during the growing season
(Morton, 1987).

The spatial patterns of climatic suitability change revealed a consistent west-to-east shift in suitable
habitats over the four-decade study period, with decreased suitability concentrated in western and
southwestern provinces (Khuzestan, Fars, Bushehr) and increased suitability primarily observed in
southeastern and eastern provinces (Kerman, Sistan and Baluchestan, South Khorasan). This
directional shift is consistent with projected expansions of suitable regions in central and eastern Iran
under future climate scenarios (Shabani et al.,, 2013; Baaghideh et al.,, 2020), providing empirical
evidence that this shift is already underway.

The binary classification analysis revealed that unsuitable areas expanded consistently from
74.24% to 74.71% of Iran's total land area, suggesting a net contraction of climatically suitable regions
despite localized improvements. Elevation remained a consistent constraint, with suitability declining
rapidly above 500 m a.s.l., indicating limited scope for upward range shifts and underscoring the
importance of considering topographic constraints alongside climatic vatiables. The findings have
important implications for date palm cultivation and climate adaptation planning: expansion should be
prioritized in southeastern provinces where conditions are becoming increasingly favorable, while
continued investment in western and southwestern provinces may face increasing climate-related risks,
including heat stress and the bunch drying disorder (Najafiniya and Rahkhodaei, 2024).

The increasing importance of temperature highlights the need for heat-tolerant cultivars, with
breeding programs prioritizing traits associated with heat and drought tolerance. This retrospective

analysis provides a valuable benchmark against which future projections can be validated, supporting
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previous studies that projected substantial increases in suitable areas in central and eastern Iran
(Shabani et al., 2013; Afzali et al., 2022). However, the results also highlight the importance of
considering extreme climatic events alongside mean parameters, as the bunch drying disorder—
triggered by temperatures exceeding 43°C combined with low humidity—represents a critical threat
not captured by mean variables alone. Future research should integrate higher-resolution climate data,
incorporate soil and water variables, validate predictions against independent data, and assess the

economic implications of suitability shifts.

5. Conclusion

This study provides the first retrospective, multi-decadal assessment of climatic suitability shifts for
date palm in Iran, filling a critical gap between future projections and historical observations. The

results demonstrate that:

—  Temperature is the primary driver of date palm distribution, with BIO1 (Annual Mean
Temperature) accounting for 68.1% of model contribution across all decades. The thermal
optimum has shifted upward by approximately 1°C from the 1980s to the 2010s.

— A consistent west-to-east shift in suitable habitats has occurred over the four-decade study period,
with decreased suitability in western and southwestern provinces (Khuzestan, Fars, Bushehr) and
increased suitability in southeastern and eastern provinces (Kerman, Sistan and Baluchestan,
South Khorasan).

—  Unsuitable areas have expanded from 74.24% to 74.71% of Iran's total land area, suggesting a net
contraction of climatically suitable regions despite localized improvements.

—  Elevation remains a consistent constraint, with suitability declining rapidly above 500 m a.s.L,
indicating limited scope for upward range shifts.

—  Extreme climatic events—particularly temperatures exceeding 43°C combined with low
humidity—pose a significant threat that is not captured by mean climatic variables alone and

warrants explicit incorporation into future suitability assessments.

These findings provide a scientific basis for climate adaptation planning in Iran's date palm sector,

including strategic orchard relocation, cultivar selection, and irrigation management.
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