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Heterogeneity can be studied for any dynamic or fixed environmental factors
over time. However, determining the extent of heterogeneity occurrence in
terms of habitat suitability, variability of dynamic and fixed factors, as well as
landform role is an issue that has received less attention. This study aimed to
investigate the distribution of Moringa peregrina at two climate change sce-
narios, to identify the Region of High Heterogenetic (ROHH) of the habitats in
those scenarios and to ascertain the heterogeneity of habitat variables of the
species in southern Iran. The current and potential distributions of the species
in mild and severe climate change scenarios of 2050 and 2070, respectively,
were modeled through the Ensemble technique using the climatic and topo-
graphic (topoclimatic) variables. The current distribution with four predictions
of mild to severe Representative Concentration Pathways (RCP2.5, RCP4.5,
RCP6.0 and RCP8.5) were entered into the principal component analysis (PCA)
each year to achieve the heterogeneity of distribution. Then, the ROHH was
calculated for areas with fluctuations of more than 50%. The topoclimatic vari-
ables in the ROHH were compared with the value of each variable in the cur-
rent distribution in different landforms. The climatic variables of temperature
seasonality and mean diurnal range had the greatest impact on M. peregrina
distribution. There was more than 90% spatial agreement between the species
current and potential distributions under different climate change scenarios
(minimum Kappa = 0.9). In climate change scenarios, increase in species distri-
bution is mainly limited by reduced rainfall, high temperature and altitude.
The heterogeneity of habitat variables varied greatly in the ROHH and current
presence points, indicating the species attempt to occupy new ecological
niches. The highest distribution of the species was in the canyons and moun-
tain tops, and the species seeks to occupy these areas in the ROHH. The mag-
nitude of fluctuations of habitat variables at the presence points and the
ROHH was different, indicating the species crossing the current niche range to
establish in new niche. The mean diurnal range (Bio2) and annual precipitation
(Bio12) variables had the lowest heterogeneity in 2050 and 2070 scenarios.
This study reports that the fluctuation of habitat variables in areas with high
heterogeneity was different from the current distribution range of M. pereg-
rina. No significant fluctuation was found in the distribution range of the
species in climate change scenarios.

Keywords: Environmental Heterogeneity, Climate Change, Region of High Het-
erogenetic, Climatic Variables
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Introduction

Understanding the complex interactions
between climate change and ecosystem
components and their effects on the land-
scape is the basis for developing effective
species conservation strategies. These in-
teractions can affect regional feature and
ecosystem services by influencing gradual
and abrupt changes within the landscape
and vegetation distribution (Kosanic et al.
2015). In recent years, climate change has
become one of the main drivers affecting
the distribution range of plant species
through its impact on biodiversity conser-
vation (Pacifici et al. 2015, IPCC 2019).

Plant species are not equally sensitive to
climate change (Parmesan & Hanley 2015).
The response of plant species to climate
change depends on their genetic variability
and adaptation to the magnitude of cli-

53

mate change as well as the availability of
space to move to local microclimates.
Adaptation to new conditions, movement
in different directions (higher altitudes or
latitudes) to find suitable climate and fi-
nally extinction on a local, regional or
global scales are among the methods of
coping with climate change by plant spe-
cies (Palmer et al. 2015).

In hyper-arid regions the stability of plant
populations severely depend on the repro-
duction of adult individuals (Garcia et al.
2008). In fact, no population is permanent-
ly viable without effective recruitment and
establishment of new individuals into the
population (Gomaa & Pic6 2011). Therefore,
protecting the ability of species to respond
to climate change is essential in conserva-
tion planning. This requires a comprehen-
sive understanding of the ecological needs
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of plant species and a functional character-
istics of the landscape and predicting the
behavior of species in face of different cli-
matic scenarios.

The term environmental heterogeneity is
used to describe the number and width of
environmental gradients, the diversity of
microsites, the complexity of the structure,
the availability of resources, and the limit-
ing factors at a given site (Lundholm 2009).
Environmental heterogeneity consists of
five classes that include biotic components
(vegetation cover) and abiotic components
(land, climate, soil and topography - Stein
et al. 2014). In general, the effects of envi-
ronmental heterogeneity components are
often interrelated, and all of them affect
patterns of biodiversity, population dynam-
ics, and community structure (Chisholm et
al. 2014). Many ecological phenomena are
sensitive to spatial heterogeneity and flow
within spatial mosaics. There is a positive
relationship between landscape hetero-
geneity and species richness at different
spatial scales (Lundholm 2009). In addition,
spatial heterogeneity of climatic factors
can significantly affect the pattern of
species distribution on a regional and
global scales. Spatial heterogeneity at dif-
ferent scales affects ecosystem character-
istics such as population structure, commu-
nity composition, and several ecosystem
processes (such as primary and secondary
production) in both aquatic and terrestrial
ecosystems (Zeppilli et al. 2016). The effect
of spatial heterogeneity on biodiversity
(Dedk et al. 2021), species richness (Yang et
al. 2015), phenotypic changes (Macri et al.
2021) has been widely examined. However,
scrutinizing published literatures reveals
that the heterogeneity effect of environ-
mental factors on the distribution of plant
species in climate change scenarios has not
been addressed well.

Moringa peregrina (Moringaceae) is a de-

ciduous tree mainly distributed in Baluchis-
tan, Bashagard and Hormozgan in south-
eastern and southern Iran. Most species of
Moringaceae family originate in India and
are distributed in tropical and subtropical
regions of the world. Globally, the species
grows in northeast Africa and southwest
Asia. The species is in danger of extinction
due to climate change, severe grazing,
eradication, over-exploitation and human
mismanagement (Gartner & Farahat 2021).
Considering the significant importance of
M. peregrina in soil and water conservation,
fodder production, fuel wood production,
edible and industrial oil production and
medicinal applications (Saucedo-Pompa et
al. 2018), and the small area of distribution
in southern Iran (Keneshloo 2016), it is nec-
essary to study the extension and fluctua-
tion of heterogeneity of the species in re-
sponse to climate change.

Species distribution models (SDMs) or
ecological niche models (ENMs) can quan-
tify the species’ response to environmental
changes across the distribution range and
are used to predict the appropriate main
occurrence sites for the species in relation
to the environmental conditions of its eco-
logical niche. The potential effects of cli-
mate change on species distribution have
been extensively studied by the ENMs
(Manes et al. 2021). Environmental hetero-
geneity and area are the two important
fundamentals of the species diversity. Un-
derstanding and predicting species distri-
bution in space and time and consequently
community structure and dynamics is an
important issue in ecological studies, and
particularly in climate change research. If
the response of the species to climatic vari-
ables in the form of its distribution can be
considered as the concept of ecological
niche of a species, then the fluctuations
that occurs in habitat suitability of the spe-
cies in a variety of climate change scenar-
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green) in Iran.
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ios can be considered heterogeneity. For
more than five decades, ecologists have
believed that the spatial heterogeneity in
habitat can contribute to species richness
by creating different ecological niches.

Models that predicts the distribution of
species express the probability that it
might occupy new ecological niches. If the
difference between the habitat suitability
in climate change scenarios to be quanti-
fied then the attempts that a species
makes to occupy new niches or in some
way to extend the niche breadth can be
clarified. Niche breadth is an important
concept for understanding biological adap-
tation and is relevant to many eco-evolu-
tionary topics including ecological special-
ization, niche evolution, and speciation.

The approach of this study in evaluation
the habitat heterogeneity is different from
previous studies. In this study, habitat suit-
ability fluctuations and environmental fac-
tors were compared with regard to hetero-
geneity. Contrary to the studies that have
reported habitat heterogeneity as an im-
portant factor in maintaining diversity
(Fahrig et al. 2011), in this study the ecologi-
cal niche heterogeneity and environmental
variables were considered as niche fluctua-
tion and species’ efforts to occupy new ar-
eas. Therefore, the objectives of this study
were to investigate the distribution of Mo-
ringa peregrina in two climate change sce-
narios, to identify the Region of High Het-
erogenetic (ROHH) of the habitats in those
scenarios, and to ascertain the heterogene-
ity of habitat variables and compare it with
current distribution of the species in south-
ern Iran.

Materials and methods

Study area and presence points

The study was carried out in an area of
137,244.90 km? in south and southeast of
Iran in the Saharo-Sindian bioclimatic re-
gion. The study area with an average
height of 634 m a.s.l. is located in Sistan
and Baluchistan, Kerman and Hormozgan
Provinces in southern Iran (Fig. 1). The re-
gion is hot deserts with no frosting period
and the average annual rainfall is about
150-200 mm. The most important plant
species of the region are Acacia ehrenber-
giana, Ziziphus spina-christi, Nannorhops
ritchiana, Nerium oleander and Dalbergia
sisso. Presence data of M. peregrina were
recorded by handheld GPS (Global Posi-
tioning System) through field surveys and
verified with species distribution maps in
“Flora Iranica” (Wagenitz 1980) and “Flora
of Iran” (Mozaffarian 2018). In addition to
the distribution areas in these two refer-
ences, in areas where the presence of the
species was high, its presence was also
recorded randomly by field survey. The co-
ordinates of the presence points of the
species were recorded in a period of five
years (2015-2020) in flowering time. To re-
duce the Spatially Rarefy Occurrence Data
(spatial autocorrelation) between pres-
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ence points, we removed duplicate pres-
ence points using only one location record
per 1000-m grid cell (Fourcade et al. 2014,
Giles et al. 2014). The size of 1000 m is due
to the spatial resolution of the habitat vari-
ables of the study.

Habitat variables

Due to the significant role of topography
in creating different microclimates and as a
result creating different ecological niches,
this variable along with climatic variables
were used to determine heterogeneity.
Therefore, a set of climate and topography
variables called topoclimatic variables were
used as inputs for habitat suitability mod-
els (Sirami et al. 2016). Climate variables of
The Community Climate System Model
(CCSM4) in the WorldClim (https://www.
worldclim.org) with an accuracy of 30 sec-
onds (almost 1 km) was used for the years
of 2050 and 2070, mild to severe scenarios
(including RCP2.6, RCP4.5, RCP6.0, and
RCP8.5), respectively. To check the current
distribution range of the species, the cur-
rent climate data available in the same
database was used. The topographic vari-
ables were Altitude, Compound Topo-
graphic Index (CTI), Wind Exposure index
and Topographical Openness index. Alti-
tude with an accuracy of 30 seconds was
also downloaded from the WorldClim. The
Wind Exposition index was used to obtain
the possible distribution ranges of the
species and the role that wind can have on
distribution. Since the topographical open-
ness of landscape refers to the relative po-
sition of valleys and heights, this variable
was used instead of multiple variables
which somehow expresses the extent of
the landscape (Albuquerque et al. 2018).
The output of this analysis is two maps that
divide the land surface based on concavi-
ties and convexities which have also been
used to study plant habitats (Viera Barreto
et al. 2021). These indexes were prepared
in SAGA GIS (https://saga-gis.sourceforge.
io/enfindex.html).

The selection of variables has a great im-
pact on the prediction performance of the
models (Peterson & Nakazawa 2008). The
SDMs (species distribution models) with
many potentially relevant variables may
lead to over-fitting and poor prediction
performance (Li et al. 2012). Environmental
variables that had a correlation greater
than 0.75 (Morovati et al. 2020) were ex-
cluded from the analysis. Preparation of
the variables and checking the correlation
between them were done in ArcGIS® v.
10.4.1 (ESRI, Redlands, CA, USA).

Habitat modeling

Since the SDMs have different predic-
tions, different algorithms were used to re-
duce uncertainties in the predictions. Four
modeling algorithms including tree learn-
ing (Random Forest and TreeNET Gradient
Boosting) and regression (Logistic Regres-
sion and Generalized Paths Seeker) models
were used (Karami & Tavakoli 2022, Mo-

iForest 16: 53-61

Fluctuation of the ecological niche of Moringa peregrina

rovati et al. 2020). These models need pres-
ence and pseudo-absence points. There-
fore, the number of 1000 pseudo-absence
points was randomly created with a dis-
tance of 50 km from the presence points
using the software QGIS® v. 3.16.3 (https://
www.qgis.org/). Such distance was consid-
ered to ensure different conditions from
the presence points. 70% of the data was
used for model training and 30% for test-
ing.

All the models were run using the default
settings and the importance percentage of
each variable in the model was also men-
tioned in the SPM results. Only in the logis-
tic regression, the interpretation of the re-
sults is different. In the logistic regression,
t-statistics (t-ratio) and p-values were used
to measure the effect of influencing vari-
ables on distribution. Those variables with
high absolute values for the t-statistic, and
thus near-zero p-values, are strong predic-
tors. Validation was performed by separat-
ing the test and training data using criteria
dependent and independent to the thresh-
old, including AUC (area under curve), BER
(balanced error rate) and class accuracy.
The AUC is mostly used to evaluate habitat
models. The value higher than 0.9 is very
good, 0.7 to 0.9 is good, and less than 0.7 is
suitable (Karami & Tavakoli 2022).

Balanced error rate (BER) was chosen for
the study due to the imbalance of the input
data (the number of presence and pseudo-
absence points). BER statistic is the aver-
age of the misclassification rates on exam-
ples drawn from positive and negative
classes (eqn. 1):

I(_FN_ _,_FP

BER:E(FNJP FP+TN )

where TP is the number of true positives,

TN is the number of true negatives, FP is

the number of false positives, and FN is the

number of false negatives. To calculate the

classification accuracy of classifiers, the ac-

curacy metric is primarily used (eqn. 2):
TP+TN

ce=— T @)
TP+TN+FP+EN

Note that unlike the accuracy metric, for
BER the lower its value, the better detec-
tion result is (Hu et al. 2018). The models
were fitted on the current dataset and
then the results were generalized to differ-
ent scenarios of 2050 and 2070. The mod-
els were run with the defaults of each
model in the Salford Predictive Modeler v.
8.2. Then, all the models were combined
with each other based on the AUC and the
Ensemble model was created for each RCP.
True Skill Statistic (TSS) was used to iden-
tify the suitable habitat (Karami & Tavakoli
2022). TSS takes into account the sensitiv-
ity and specificity statistics and range from
-1 to +1, where +1 indicates a complete
match and values of zero and less indicate
that the used test did not differ from the
random model (Morovati et al. 2020).
These criteria were calculated using SPSS®
(1BM, Armonk, NY, USA). After identifying

the threshold using gap analysis, the spa-
tial agreement of habitats in different cli-
mate change scenarios was checked with
the Kappa index. The Kappa statistic is
based on the overall accuracy of the
model’s predictions with respect to the ex-
pected accuracy in random mode. It ranges
from +1to -1, where +1 indicates a complete
match and zero and less values indicate
that the model did not perform better than
the random mode (Karami et al. 2020).

Calculation of heterogeneity

Two scenarios were considered to calcu-
late the habitat heterogeneity. Based on
them the ensemble model of distribution in
RCPs 2.6, 4.5, 6.0 and 8.5 of 2050 and 2070
along with the current distribution of the
species were entered into the principal
component analysis (PCA), i.e., each sce-
nario has five ensemble models. The per-
centage of eigenvalues of the first 3 com-
ponents with a 19 x 19 (spatial scale) prox-
imity filter was used to calculate the spatial
heterogeneity. In this index, 1.0 represents
the least diversity and 100 represents the
highest diversity. In addition to habitat het-
erogeneity, the amount of heterogeneity
was also calculated for each bioclimatic
variable to determine the fluctuation of
each habitat variable in different scenarios.
For example, mean diurnal range (Bio2)
layer in the current at RCP2.6, RCP4, RCP
6.5 and RCP8.5 scenarios was entered into
the PCA analysis with the same proximity
filter to determine its fluctuation in differ-
ent scenarios of 2050 and 2070. The het-
erogeneity of climatic variables was also
calculated with the PCA. The heterogeneity
was also calculated for topographic vari-
ables. Since these variables are constant
during different scenarios, then the topo-
graphic heterogeneity tool was used to cal-
culate them. Heterogeneity analyzes were
performed using the SDM toolbox (Brown
et al. 2017) in ArcGIS® v. 10.4.1. After creat-
ing the heterogeneities of habitat suitabil-
ity, the bioclimatic and topographical fac-
tors of these heterogeneities were com-
pared with the presence points. In this re-
gard, the heterogeneity of habitat suitabil-
ity was considered more than 50% for sce-
narios 1 and 2. The heterogeneities greater
than 50% of the habitat suitability were
done using the Raster Calculator. Then the
Fishnet network was designed for this
range of these areas and this range was
called Region of High Heterogenetic
(ROHH) in each scenario. Then, the hetero-
geneity of bioclimatic and topography vari-
ables per ROHH was extracted from each
of these maps. The heterogeneity value of
bioclimatic and topography variables was
extracted for each presence point using
the “extract value to point” function. Since
different landforms can affect the forma-
tion of microclimates and fluctuation of
habitat variables, the role of landforms in
the ROHH coverage was also investigated
in the scope of Fishnet.

Landform can be calculated using the TPI
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Tab. 1 - Modelling validation results based on the AUC, Balanced Error Rate and Class

Accuracy criteria.

Balanced Error Rate

Class Accuracy

Model - -~ -

Training Test Training Test Training Test
CART 0.99 0.98 0.00 0.01 0.98 0.97
TreeNET 0.99 0.99 0.00 0.01 0.98 0.97
Random Forest 0.99 0.99 0.06 0.09 0.88 0.82
Logistic Regression 0.99 0.99 0.01 0.03 0.98 0.98
GPS 0.99 0.99 0.01 0.01 0.97 0.97

Tab. 2 - The relative importance of environmental variables in the models at modeling

process.
Relative importance LR
Variables
' CART Tree RF GPS t-test  p-value
NET

Bio2 (Mean Diurnal Range) 70.87 13.44 55.12 0 -2.25607  0.02407
Bio3 (Isothermality) 30.76 7.65 7.34 1.40  1.82762 0.06761
Bio4 (Temperature 100 100 100 100 -1.02173  0.30691
Seasonality)

Bio5 (Max Temperature of 20.86 8.56 5.70 0 2.55020 0.01077
Warmest Month)

Bio12 (Annual Precipitation) 41.13 3 21.13 4.06 0.20382 0.83850
DEM (Digital Elevation 39.10 13.40 21.40 0 2.82046 0.00480
Model)

Negative Openness 0 6.42 1.09 0 0.43476 0.66374
Positive Openness 0 13.93 2.51 0 0.34934 0.72683
CTI (Compound Topographic 0 8.28 1.23 0 -1.98277  0.04739
Index)

Wind Exposition 0 7.37 0.49 0 -2.31849  0.02042

(Topographic Position Index) at two cate-
gories, i.e., slope position classification and
landform. Since in landform classification,
landform category is calculated in scales of
smaller neighborhood and larger neighbor-
hood, this method was used to obtain land-
form categories in this study (Seif 2014,
Mokarram & Hojati 2016).

Landform classification was calculated us-
ing the “Topography Tools” toolbox (Weiss
2001) in 10 classes: 1 = canyons, 2 = shallow
valleys, 3 = upland drainages, 4 = u-shaped
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Results

Prediction performance of models and
participation of effective variables

The evaluation of model performances
showed that all models had good predic-
tive power and well separated the pres-
ence and pseudo-absence points from
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each other (Tab. 1). The AUC values of the
models used in this study were calculated
as 0.99, confirming that the prediction per-
formance of the models was excellent. As
sensitivity and specificity increase, value of
BER decreases. Low BER values in the test
and training data had values close to o,
which indicates that the models have
achieved good values based on the aver-
age errors of sensitivity and specificity. The
amount of this error for the training data in
the CART and TreeNET models was lower
than the Logistic Regression and GPS mod-
els. Class accuracy showed that different
models were able to distinguish the pres-
ence points from the pseudo-presence
points. In the training data of the CART,
TreeNET, Logistic Regression and GPS mod-
els, at least 90% differentiation was ob-
served. This value was at least 97% for the
test data. Both BER and Class Accuracy
metrics showed that the Random Forest
model performed poorly compared to
other models.

The evaluation of the importance of influ-
encing variables showed that climatic vari-
ables are more important in species distri-
bution (Tab. 2). Thus, Bio4 and Bio2 vari-
ables had the greatest impacts on species
distribution. Results of the GPS model re-
vealed that topographic variables did not
affect the distribution of M. peregrina in
the study area.

Habitat suitability maps

The current and potential distribution
maps of M. peregrina in different climate
change scenarios are presented in Fig. 2. In
these maps, blue color shows the areas
with high probability of species presence
and yellow and brown colors show the ar-
eas with medium and lower suitability. The
comparison of current distribution with
different scenarios of 2050 shows that by
increasing of temperature, the distribution
expands towards the north (central parts
of Iran) of the study area (yellow and
green color). In the scenarios predicted for
2070, the distribution range of the species
is extended to the northern parts, and the
highest occupation occurs in the RCP8.5

Fig. 2 - Potential habitat
suitability of Moringa

peregrina at current and
different climate change

g scenarios in 2050 and
% . % 2070 in southern Iran.
i
e 2 W
(=)
=
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scenario. But the southern parts are the
most desirable in all scenarios (blue color).
Areas with high habitat suitability in most
RCPs are commonly located in the south
and southeast of the study area.

The comparison of the TSS maps of differ-
ent climate scenarios with the current dis-
tribution of the species is presented in Fig.
3. The areas with red color are known as
suitable habitats for the species in the cur-
rent distribution and the compared sce-
nario. The blue and yellow parts are desir-
able habitats only in the current distribu-
tion and desired scenario.

Habitats with high suitability in all distri-
bution scenarios are located in the south-
ern parts of Iran (Fig. S1in Supplementary
material). The highest difference in the
range of current distribution with the fu-
ture distribution is related to RCP2.6 in
2050. In other scenarios, suitable habitats
that are only in the current distribution do
not have occupied large areas. But in
RCP8.5 of 2050 and RCP2.6, RCP4.5 and
RCP8.5 of 2070, the area of habitats that
are only covered by those RCPs is high.

Heterogeneity analysis

The highest value of the heterogeneity in-
dex in the distribution range of the species
is located in the southwestern parts of the
suitable habitat (Fig. S2 in Supplementary
material). Areas with more than 50% het-
erogeneity are located in the north and
northwest of Bandar Abbas, south and
southeast of Shiraz, and south and south-
west of Bushehr, which are marked with
red ovals.

In both scenarios 1 and 2, the habitat het-
erogeneity value is higher than the vari-
ables heterogeneity (Fig. S3 in Supplemen-
tary material). Investigating the hetero-
geneity of climatic variables in the ROHH in
both scenarios shows that Bio2 variable
has the highest and Bio12 variable has the
lowest heterogeneity. Among the fixed
variables, the Positive Openness variable
had the highest diversity in both scenarios.
Among the topography variables, the high-
est value of variation is related to the Wind
Index and the lowest value is related to
Negative Openness. The correlation be-
tween habitat heterogeneity and hetero-
geneity of other variables in the range of
the ROHH showed that the highest correla-
tion was between habitat heterogeneity
and height heterogeneity (Fig. S4 in Sup-
plementary material). The correlation value
of this variable was 0.57 for scenario 1 and
0.55 for scenario 2. This shows that the
fluctuation of height has a significant effect
on the fluctuation of habitat suitability.

Comparison of the heterogeneity of habi-
tat topoclimatic variables in the range of
the ROHH and current presence points of
the species shows that there is a significant
difference in terms of heterogeneity of
habitat variables in ROHH and presence
points (Fig. 4). The diversity of topoclimatic
variables in the current habitat of the
species is less than the ROHH. In both sce-
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bution of Moringa pergerina with the poten-

tial distribution in different climate change scenarios.

narios, the average heterogeneity value of
Bio2 in the current habitat of the species is
17%, while the heterogeneity value of this
variable in the range of ROHH is 38%. The
changes in the heterogeneity values of
Bio3 variable also indicate that the average
heterogeneity values in the presence
points and the ROHH area are 10 and 20,
respectively. In other words, the fluctua-
tion range of this variable in the potential
niche of the species under the influence of
future climate scenarios is almost twice the
current niche of the species. The hetero-
geneity of the topographical variables also
shows that the heterogeneity of Negative
Openness in the current presence points is

more than that in the ROHH. Therefore, M.
peregrina in the ROHH faces a closed range
where the distribution range will be more
towards the high altitudes. Heterogeneity
by landforms indicates that the highest
habitat heterogeneity caused by topogra-
phy in two scenarios occurred in the
canyons and mountain tops landforms.
Conversely, the lowest amount of habitat
heterogeneity belongs to other landforms
such as upper slopes, open slopes and

plains (Fig. 5).

Discussion
This study aimed to investigate the effect
of climate change on the distribution of M.
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Fig. 5 - Comparison of Moringa
peregrina habitat heterogeneity
by landforms in climate change
scenarios.
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peregrina and the heterogeneity of its habi-
tat suitability and habitat topoclimatic vari-
ables in southern Iran. Spatial heterogene-
ity under climate change has the potential
to disrupt dispersal patterns, limiting gene
flow and constraining the movement of
potentially beneficial alleles across a spe-
cies range (Senner et al. 2018).

The accuracy of the models applied in
differentiating the presence and absence
of the species was at an acceptable level
(Tab. 2). The analysis of Class accuracy and
BER criteria shows that CART, TreeNET, Lo-
gistic Regression and GPS models are able
to predict species distribution with good
performance. Only Random Forest did not
always provide excellent performances
compared to other models, despite the
high efficiency reported in some studies
(Kampichler et al. 2010). Our findings show
that the non-linear investigation of the re-
lationships between species habitats can-
not always replace regression methods
(such as logistic regression). The use of
BER criterion for the SDMs (based on
pseudo-absence points) can be appropri-
ate where the data used is unbalanced.

The results of this study indicate that the
potential distribution of M. peregrina cov-
ers areas outside its current range in Iran,
including southern parts of Kerman prov-
ince, north of Bandar Abbas, southeast of
Bushehr and south of Fars province in
southern Iran (Fig. 1). Farahat & Refaat
(2021) investigated the impact of climate
change on M. peregrina, finding that iso-
thermality (Bio3), mean temperature of
the warmest quarter (Bio10) and the mean
temperature of the coldest quarter (Bio11)
had the largest impact on the distribution
of the species. On the other hand, Moradi
et al. (2020) reported that rainfall had the
greatest effect on the distribution of M.
peregrina. These contrasting results could
be attributed to the difference in the habi-
tat variables considered, the study scale
and also the presence points. The above-
mentioned variables express temperature
changes in different ways, which shows the
significant effect of this variable on species
distribution. We showed that the distribu-
tion range of M. peregrina is characterized
by low values of Bio4, i.e., the temperature
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variation over a given year (or averaged
years) based on the standard deviation
(variation) of monthly temperature mean.
Low values of Bio4 indicate that the tem-
perature fluctuation is lower compared to
other regions. Therefore, we concluded
that M. peregrina tends to establish in ar-
eas where the fluctuations in temperature
over the year are limited. The same ten-
dency was also revealed by the Bio2 vari-
able. The low value of the monthly temper-
ature ranges means that the distribution
range of M. peregrina is relatively stable in
terms of temperature, as inferred from its
presence near the coastal areas of Oman
Sea and Persian Gulf, where the annual
temperature fluctuation is low. High fluctu-
ation in these variables can be considered
as asynchronous regimes. Recent studies
have shown that asynchronous regimes
can be effective on the ability of some
species to respond to climate change and
can lead to the creation of meta-popula-
tions (Senner et al. 2018). In the northern
parts of suitable habitat patches (Fig. 3)
and in Central Iran, the climate is hot and
dry, which can limit the distribution of the
species northwards. Accordingly, Farahat &
Refaat (2021) also reported that, notice-
able changes in the Iranian range of M.
peregrina will not occur as a result of cli-
mate change, likely due to the low rainfall
and low temperature fluctuations.

On the other hand, seed germination
studies have shown that flower abortion is
high in very dry regions (Hegazy et al.
2008). This might explain why the species
has not been observed in the northern re-
gions of Kerman and Sistan and Baluchis-
tan Provinces. Indeed, the delineation of
some parts of the northern strip of Iran
(Golestan, Mazandaran and Guilan Prov-
inces) as a suitable habitat for M. peregrina
seems mainly due to the climatic stability
of the coastal regions of northern Iran (Fig.
2). It has been reported that current habi-
tats of M. peregrina are mainly located on
the edge of the sea and ocean, such as the
Oman Sea, Gulf of Aden, Red Sea, Gulf of
Agaba, Gulf of Souns (El-Keblawy & Khedr
2017, Farahat & Refaat 2021, Gartner &
Farahat 2021). The comparison of the cur-
rent distribution with that predicted under

different climate change scenarios showed
a high spatial overlap (kappa coefficient >
90%). Proximity to coastal areas involves
the reduction of extreme temperature fluc-
tuations and the increase of air humidity,
which increase the suitability of the habitat
for M. peregrina. One of the effects of prox-
imity to oceans in tropical and low latitudes
regions is the sea breeze, which can blow
up to several kilometers to inlands and
transfer humidity and cool air. The penetra-
tion range of the sea breeze into inland de-
pends on the temperature difference be-
tween inshore and offshore. A greater dif-
ference can cause deeper penetration of
the sea breeze into inlands and vice versa.
It seems that a set of these factors has a
special effect in increasing the habitat suit-
ability for M. peregrina in the study area
compared to other areas. The conse-
quences of these conditions might be the
increase of the suitability of these regions
for the species distribution.

Species can face climate changes either
by adaptation to changing environmental
conditions or migration towards more suit-
able habitats. M. peregrina has the poten-
tial to spread towards suitable habitats at
higher altitudes in the current presence ar-
eas, and higher latitudes could be favor-
able for the species under both climate
change scenarios. This is in line with the
findings of Moradi et al. (2020) in the study
of the distribution range of M. peregrina
based on the SDMs.

M. peregrina is known as a species
adapted to hot and dry regions with insuffi-
cient soil moisture (Vaknin et al. 2021). One
of the important characteristics of arid and
semi-arid ecosystems is the discontinuous
distribution of vegetation, forming a mo-
saic of patches separated by areas without
vegetation cover. This is the consequence
of heterogeneous patterns of soil mois-
ture, which is a driving factor for plant es-
tablishment and growth in such regions.
Currently, M. peregrina mostly occurs in val-
leys and waterways, and most occurrences
of the species used in this study were from
the landform of waterways. Accordingly,
our results showed an expected distribu-
tion of the species mainly in canyons and
mountain tops landforms in the ROHH
range under both scenarios (Fig. 5), in par-
ticular in areas where suitable environmen-
tal conditions for the species occur, i.e.,
where soil moisture is sufficient (Paschalis
etal. 2016).

In both the climate scenarios considered
in this study, the heterogeneity in habitat
suitability was far higher than the hetero-
geneity of environmental conditions. This
suggests that the predicted habitat suit-
ability can be the result of a certain degree
of fluctuation of climatic variables in the re-
gion. Among the analyzed climatic vari-
ables, the Bio12 (expressing the annual pre-
cipitation) had the lowest fluctuation and
its variation is very small in the ROHH un-
der both the climate scenarios considered.
Therefore, we concluded that precipitation
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does not impact on the predicted distribu-
tion of the species. On the other hand, the
Bio2 variable (the average daily tempera-
ture) showed the largest variation.

In the ROHH, the habitat heterogeneity is
highly correlated with the elevation het-
erogeneity (Fig. S4 in Supplementary mate-
rial). It is well known that the altitude is
one of the driving factors in the distribu-
tion of the species and in the changes in
vegetation along gradients (Wang et al.
2017). The areas characterized by extreme
altitudinal heterogeneity can be character-
ized by a larger differentiation of ecological
niches and thus support higher species
richness, thereby protecting ecological and
evolutionary processes and making popula-
tion dynamics more resilient to climate
change. Indeed, based on the concept of
niche differentiation, more heterogeneous
environments can support more species
through partitioning the niche space (Weis-
berg et al. 2014). On the other hand, shifts
towards higher elevation due to climate
change (as predicted in this study for M.
peregrina) could lead to the fragmentation
of populations due to the shrinkage of suit-
able habitats with elevation, making this
species more susceptible to the deleteri-
ous effects of climate change (Hegazy et
al. 2008, Dadamouny et al. 2012).

The maximum altitude in the ROHH area
is 2899 m a.s.l., while the optimal altitude
range for M. peregrina was reported to be
1000-2000 m by Gebauer et al. (2007) and
300-500 m by El-Keblawy & Khedr (2017). It
seems that the elevation of the species in
southern Iran is higher than in other re-
gions. The distribution range of the species
is negatively related to the increase in alti-
tude (Fig. 4). This can seriously limit the dis-
tribution of the species by negatively af-
fecting some plant traits such as density,
seed production, plant reproduction, and
phenology. It has been reported that
plants at higher altitudes are more at risk
compared to lower altitudes (El-Keblawy &
Khedr 2017). The negative effect of altitude
and the positive effect of climatic variables
on habitat suitability for M. peregrina have
been previously reported in several studies
(Hegazy et al. 2008, Farahat & Refaat 2021,
Moradi et al. 2020). Moreover, habitat het-
erogeneity was also correlated with Bio4
and Bios, which can reflect the role of
these variables in plant access to moisture
and nutrients, especially in arid and semi-
arid regions (Tripathi et al. 2019).

Comparing current habitat conditions
with those predicted from future climate
scenarios, it can be inferred that M. pereg-
rina currently grows in a more open land-
scape than that predicted by our models,
which can affect the presence of pollina-
tors and influence the wind speed. On the
other hand, the combination of open land-
scape and wind can facilitate seed disper-
sal and thus the distribution of plants in
suitable habitats. In line with this finding, it
has been reported that there is a positive
relationship between the openness of the
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landscape and altitude with the diversity of
pollinators (Reitalu et al. 2019).

Climate change is not a linear process
which can solely be described by changes
in temperature means (Ebi et al. 2016). Our
results showed how the physical parame-
ters of the habitat interact with climate
and how this interaction could affect the
distribution range of the species. A crucial
factor in determining the composition and
dynamics of populations is habitat hetero-
geneity, i.e., the number of structural ele-
ments in a given locality, which has been
proven to support a higher species diver-
sity (Otto et al. 2014). Finally, our findings
support the use of the SDMs and topocli-
matic variables as viable tools for investi-
gating the fluctuations of the ecological
niche of a species.

Conclusions

This study aimed to investigate the cur-
rent distribution of M. peregrina, its re-
sponse to climate change scenarios, and its
niche fluctuation through the comparison
of current distribution with the distribu-
tions in different climate change scenarios.
Our results indicate that the heterogeneity
at the habitat level and in the topoclimatic
variables differs between the current and
the potential range of the species in south-
ern Iran under future climate change sce-
narios.

Our models did not anticipate drastic
changes in the habitat of M. peregrina un-
der different scenarios of climate change,
suggesting that the species is well adapted
across its current range in southern Iran,
with particular regard to temperature fluc-
tations and elevation. However, the latter
represents a possible limitation to the shift
of the species range to western and north-
western Iran, while the former is a possible
limitation to possible shifts to Central Iran.

Identifying the potential habitats of plant
species is one of the vital strategies both
to cope with current threats due to climate
change and to properly manage their pop-
ulations. Moreover, SDMs are efficient
tools to predict possible changes in species
distribution range and habitat heterogene-
ity, in order to identify the limits of its eco-
logical niche and the environmental limita-
tions to its distribution under future cli-
mate scenarios.
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