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Abstract

Background Climate change significantly influences the geographical distribution of plant species worldwide, espe-
cially endemics. Endemic species are plants that live in limited distribution ranges of unique ecology and, thus, are
the most vulnerable species to climate change. Therefore, understanding the impacts of climate change on the dis-
tribution of these species can assist in developing appropriate plans for their conservation. In this study, we aimed
to apply various species distribution models (SDMs) to predict the current potential distributions of two endangered
plant species, Silene leucophylla (S. leucophylla, endemic) and Silene schimperiana (S. schimperiana, near-endemic),

in Saint Catherine protected area (St. Catherine PA), Egypt. Then, using the best-fit model to project their future
distribution under the maximum climate emission scenario (Representative Concentration Pathway 8.5 (RCP8.5)). Six
different SDMs were constructed using different geospatial raster imagery sets of environmental factors. For each
model, five machine learning (ML) algorithms were used. The results of these ML algorithms were then ensembled
by calculating the weighted average of their predictions.

Results Based on the analysis of digital geospatial imageries produced by the best-fitting model, the predicted suit-
able areas of S. leucophylla and S. schimperiana were 23.1 km? and 125 km?, respectively. These sites are located mainly
in the high-elevation middle northern part of the study area. Annual precipitation, mean temperature of the dri-

est quarter, altitude, and precipitation seasonality were the essential predictors of the distributions of both species.
Future predictions of both species indicated opposing results between the studied species. Predictions in the 2050
and 2070 future conditions revealed significant range contraction for the distribution of S. leucophylla. For S. schim-
periana, a range shift is predicted, with both range contraction and range expansion of its current suitable habitats,
for the same future projections. Unfortunately, in 2080 predictions, both species could be projected to a complete
loss from the entire area.

Conclusion This study highlights the importance of including diverse types of environmental variables in SDMs
to produce more accurate predictions, rather than relying only on one variable type. It also revealed the potential
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negative impacts of future climate change on the distributions of two endangered plant species, S. leucophylla and S.
schimperiana, inhabiting St. Catherine PA. Consequently, we urgently recommend the initiation of different plans

and strategies seeking their conservation.

Keywords Environmental variables, SDMs, Ensemble models, Distribution change detection, Range contraction,

Range expansion

1 Background

We live in the era of global climate change; there are no
doubts. The recent world has, perhaps, encountered no
greater threat of such severe consequences. We are now
witnessing times of rapid and massive habitat depletion,
biodiversity loss, and species extinction at an unprec-
edented rate. Climate change is a significant driver of
shifting the geographical distribution of many species,
questioning their ability to survive in these new habi-
tats [1]. For example, mountain plants are predicted to
migrate to higher altitudinal ranges in response to cli-
mate change. Therefore, mountain ecosystems are highly
sensitive to global warming due to the reduction in avail-
able areas as elevation increases [2].

Many endemic plants depend on mountain habitats for
their growth and survival [3]. Endemic plants are species
that naturally grow in unique and geographically limited
regions. Therefore, climate change-induced shifts in the
natural habitats of these geographically limited species
can prevent them from adapting to unusual climatic con-
ditions and thus becoming endangered or even extinct
[4—6]. Consequently, it is essential to forecast the distri-
bution of their current and future environmentally suit-
able areas to develop appropriate conservation strategies
for such threatened and rare species.

Species distribution models (SDMs) are machine
learning (ML) techniques that can significantly acceler-
ate the processing and analysis of massive repositories
of raw data, enhancing the performance of various eco-
logical analyses [7-11]. These models are commonly
used for estimating the ecological niches of plant species
and forecasting the potential impacts of climate change
on their distribution [12]. Therefore, these models can
assist experts in environment, conservation, and resource
management in developing conservation plans, leading
to sustainable uses of species for the next generations.
SDMs correlate species occurrence points with environ-
mental variables to estimate the possible spatial distribu-
tion of a species through space and time [13]. However,
understanding the limitations of these models is crucial
to minimize the potential for inaccurate outputs. Among
others, there are two major limitations of SDMs, which
are the choice of modeling method and the selection
of environmental variables for incorporation into the
models.

There are several SDM methods. In this study, we used
the ensemble modeling technique, where several sin-
gle modeling algorithms are used for projecting species
distributions, and then a consensus projection is built
[14]. The main aim of ensemble methods is to decrease
the predictive uncertainty of single models by combin-
ing their predictions; thus, this approach would greatly
improve the accuracy of these predictions [15, 16].

Regarding the environmental factors to include in the
models, plants respond to various environmental fac-
tors, including climate, topography, edaphic, hydrology,
biotic, etc. Therefore, the appropriate selection of the
ecological characteristics that might influence the dis-
tribution pattern of the target species is fundamental in
the modeling process [17]. However, variable selection
has received limited attention, with some studies rely-
ing solely on climate-derived variables and overlooking
other potential factors [18, 19]. While this could be true,
specifically when predicting the impact of climate change
on species distributions across large regions, using only
climate predictors should be enough to assess the main
changes. Nonetheless, it is reasonable to consider other
factors [20-22].

In addition to climate, many studies have noted the
importance of various variables, especially topographic,
edaphic, hydrologic, and biotic variables, that interfere
with each other in governing the distribution of plants
in mountainous habitats [2, 23, 24]. Climate influences
all aspects of plant growth and productivity by affecting
energy and water availability [25-27]. On the other hand,
topography plays a crucial role in shaping plant distribu-
tions in mountain habitats, both directly and indirectly.
Differences in the topographical features of mountains
significantly impact mountain habitat properties (e.g.,
microclimate, soil temperature, soil stability, precipita-
tion runoff, solar radiation, etc.) that influence plant
growth along elevational gradients at a regional scale. In
addition, topography forms geographical barriers, influ-
encing plant dispersal across landscapes [2, 28—30].

Moreover, edaphic factors are known to control plant
species distributions by providing plants with available
water and nutrients, offering them physical support for
growth, and affecting plant physiological processes. On
a regional scale, soil properties can exhibit considerable
variations with great complexity. These variations arise
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from diverse ecological processes contributing to soil
formation, such as different parent materials, weather-
ing processes, and topographic positions [30-33]. These
variations in soil chemical and physical properties further
influence plant distribution, particularly for species asso-
ciated with specific soil types, rocks, and bedrock, such
as plant endemics [32, 34]. In addition, water availability
and hydrologic processes in a habitat are vital in shaping
plant distribution [35]. Furthermore, biotic interactions,
including competition, facilitation, and herbivory, play
critical roles in determining species distributions and
community composition [36, 37].

Consequently, plant growth is influenced by complex
interactions among various variables; thus, no single fac-
tor can predict their distribution. Therefore, incorporat-
ing a specific predictor for SDMs depends on the purpose
of the modeling and its biological relevance to the studied
species [25]. Considering the various scales of ecological
processes associated with different environmental fac-
tors, climatic factors are assumed to play a central role in
shaping plant distributions at the global scale. Other vari-
ables, such as topographic and edaphic factors, may hold
greater importance at regional scales, such as mountains
(30, 32].

According to the fifth assessment report of the Inter-
governmental Panel on Climate Change (IPCC), four
representative concentration pathway climate change
scenarios (RCPs) were designed to project future green-
house gas concentrations. These RCPs are RCP2.6,
RCP4.5, RCP6.0, and RCP8.5, named after the possible
radiative forcing values at the end of the century (2100)
relative to preindustrial values [38]. While the former
scenario is the low-emission (firm-mitigation) scenario,
the latter is the high-emission scenario, and the others
are the intermediate ones. These RCPs are commonly
used to characterize and predict the possible effects of
future climate change on plant species distributions.
However, many authors argue that historical and antici-
pated future total CO, emissions show more agreement
with RCP8.5 [39] than other scenarios. Specifically, many
studies have pointed out that countries in the Middle
East and North Africa (MENA) region are heading to the
RCP8.5 limit [40-45].

The study area is part of Egypt, a country in the
MENA region. Based on the IPCC’s last report, the
observed average and seasonal surface temperatures have
increased at twice the global rate [1.09 °C] over most
regions in North Africa because of climate change. Since
the 1970s, temperatures have increased between 0.2 and
0.4 °C per decade, especially in the summer. In the future,
warming is projected to be stronger in terms of maxi-
mum and minimum temperatures, the number of hot
days and hot nights, the duration of warm spells, and the

Page 3 of 23

frequency and intensity of heat waves [46, 47]. Accord-
ing to an analysis by the German Climate Service Center
(GERICS), Egypt is expected to experience a change in
annual mean temperature from 1.8 to 5.2 °C by the 2080s.
Over the same period, the maximum temperatures are
expected to increase by 2.1 to 5.7 °C, with minimum tem-
peratures rising from 1.5 to 4.6 °C. By the middle of the
century, temperatures are expected to increase between
2 and 3 °C and will continue to rise in Egypt until the
end of the century. Additionally, the analysis by GERICS
indicates that the observed reduction in precipitation is
expected to continue by the end of the century, with pro-
jections indicating a trend of even longer dry spells [48,
49]. According to the Berkeley Earth organization, Egypt
has reached +1.8 °C in 2020 and is heading to+3.4 °C in
2100 [50]. Therefore, in this study, we focus on RCP8.5
only for future predictions [38].

Saint Catherine Protected Area (St. Catherine PA) is
one of the largest PAs in Egypt. It is located in the south-
ern part of the Sinai Peninsula and has expanded over its
entire mountainous massifs (Fig. 1). It lies between the
two longitudinal lines 33° 55" to 34° 30" E and the two
latitudinal lines 28° 30" to 28° 35" N and covers an area
of approximately 4350 km? with an altitudinal range up
to 2640 m above sea level (a.s.l.) [51]. St. Catherine is rec-
ognized by its wide range of variations in air temperature
and precipitation. It is also known as the coldest region
in Egypt and the only city with snowfalls. For the period
1991-2020, the average minimum temperature ranged
from 7.1 °C in winter to 21.2 °C in summer, whereas the
average maximum temperature ranged from 18.3 °C in
winter to 34.1 °C in summer [52]. The annual precipita-
tion can reach 105 mm. However, rainfall does not occur
annually; usually 2 to 3 successive years without rainfall
are familiar. Rain takes the form of sporadic flash floods
or limited local showers; thus, high spatial seasonality in
the receiving moisture is normal [3].

Mountains exhibit complex interactions between the
regional climate and the geophysical factors that establish
their peculiar microhabitats [2, 23]. Since the landforms
and geologic structures of St. Catherine PA are highly
diverse, along with its heterogeneous climate, Khedr
(2021) recognized six microhabitat types. These include
wadis, terraces, slopes, gorges, farshes (basins), and
caves; each has distinctive environmental conditions and
unique flora [53]. Therefore, the study area is considered
one of the floristically richest hot spots in the Mediter-
ranean Basin, with many medicinal, rare, and endemic
plants.

St. Catherine PA is home to 14 endemic vascular
plants (~30% of the endemic plants in Egypt). Among
them are three Silene spp., which are Silene leucophylla
(S. leucophylla), Silene schimperiana (S. schimperiana
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[near-endemic (endemic to Egypt and Yemen)]), and
Silene oreosinaica (S. oreosinaica). These species have
medical importance besides their economic value as fod-
der for domestic animals. For example, S. leucophylla is
used to treat leprosy, heal cuts and inflamed wounds, and
remedy diarrhea; moreover, its roots have hepato-pro-
tective function [54]. S. schimperiana showed significant
cytotoxicity against colon and liver carcinoma cells when
n-hexane and ethyl-acetate extracts of its aerial parts
were used [55]. Unfortunately, recent field surveys and
published literature indicate a continuous decline in their
population size. According to the International Union for
Conservation of Nature (IUCN), both S. leucophyllia and
S. schimperiana are classified as endangered threatened
species, whereas S. oreosinaica is critically endangered
[56]. However, in our field visits, S. schimperiana had a
wider distribution than S. leucophylla, which inhabited
a narrower ecological niche, and S. oreosinaica was rare
and was not spotted during our surveys. Therefore, in
this study, we focused on the first two species.

Like other endemic plants in St. Catherine PA, both
species thrive in areas with moist conditions, low tem-
peratures, and high elevations. Therefore, changes in
temperature and precipitation patterns could impact
their habitat suitability. Additionally, both are found to
grow in rocky soils and are restricted to specific micro-
habitats, which are slopes, terraces, and gorges [3, 53,
57]. S. leucophylla is a perennial tufted herb with the
vegetative season in December to June, the flower-
ing season in April-June, and the fruiting season in

28°45'0"N

28°30'0"N

28°15'0"N

28°0'0"N

27°45'0"N

Page 4 of 23

May-July with seed dispersal in August—September. In
contrast, S. schimperiana is a perennial tall herb that
grows vegetatively in March-June, the flowering season
in May-July, and the fruiting season in June—August,
with seed dispersal occurring in September—November.
Genetically, it is found that S. leucophylla populations
exhibited lower genetic diversity than populations of S.
schimperiana [57]. To our knowledge, there have been
no studies regarding the physiological traits of these
two species, specifically. However, a study on their rela-
tive, Silene capitata Kom., in Korea found that Silene
species exhibit changes in phenology (flowering, fruit-
ing, and leafing) and growth under a changing climate.
Traits such as transpiration rate, stomatal conductance,
photosynthetic rate, and water use efficiency may be
affected [58].

Generally, endemic Silene spp. are highly vulnerable to
environmental threats (e.g., climate change) and human
impacts, such as over-collection and overgrazing. These
threats significantly influence the diversity and distribu-
tion of such endangered endemics in St. Catherine PA,
pushing them to the extinction threshold.

In this study, we aim to (1) predict the current distri-
bution of both Silene spp. using six sets of environmen-
tal variables, (2) define which environmental variable
set is the best and accurately captures the ecological
niches of both species, and (3) use the best-fit models
to predict the possible future distributions (three time
periods: 2050, 2070, and 2080) under the maximum cli-
mate emission scenario (RCP8.5).
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Fig. 1 A Location of the study area (Saint Catherine protected area) inside Egypt and Africa. B The elevation map (Altitude) of the study area,
presenting the occurrence points of both Silene leucophylla and Silene schimperiana
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2 Methods

2.1 Plant occurrences

Due to the lack of recorded lat./long. coordinates
of focal species in published literature and national
and international herbaria, the georeferenced loca-
tion points of S. leucophylla and S. schimperiana were
recorded during our field surveys in Spring 2020 and
2021, using a GPS (Garmin, model: GPSmap®76). In
these surveys, we followed the main sites of their dis-
tribution as mentioned in the literature, with the help
of St. Catherine PA’s directors and the guidance of local
Bedouins. Then, we filtered the points of each species,
keeping one occurrence point only in each 1x1 km
grid using ArcGIS ver. 10.8 [59], to avoid the spatial
autocorrelation problem and prevent model overfitting.
Consequently, S. leucophylla and S. schimperiana were
represented by 8 and 35 occurrence points, respec-
tively, to generate their models. The occurrence points
of both species are shown together in Fig. 1.

2.2 Geospatial rasters of environmental parameters

In this study, we aimed to collect diverse geospatial envi-
ronmental layers from trusted and reliable sources to
develop the most fitting models. It is necessary to recog-
nize that encompassing various types of environmental
variables is essential for defining the fundamental niche
of a species. Therefore, we derived 50 layers represent-
ing the current environmental conditions from online
resources, classified under four categories: bioclimate,
edaphic, hydrology, and topography (SD-Table 1).

2.2.1 Current environmental conditions

The bioclimatic variables were represented by 35 geo-
spatial layers. We obtained the 19 WorldClim variables
from the WorldClim (ver. 2.1) database [60] for the
current period from 1970 to 2000 (https://www.world
clim.org/). The remaining 16 layers were downloaded
from the ENVIronmental Rasters for Ecological Mod-
eling (ENVIREM—ver. 1.0) repository (https://envirem.
github.io/) for the current period [61]. All layers were
obtained with a spatial resolution of 30 arc-seconds
(ca. 1 km?). These data are commonly used in modeling
plant distributions since they are related to the ecology
and physiology of plant species.

Eleven geospatial edaphic variables within the soil
depth range of 0-30 cm were retrieved from the Soil-
Grid (ver. 2.0) online dataset (https://soilgrids.org/),
which is provided by the International Soil Reference
and Information Centre (ISRIC)-World Soil Informa-
tion [62]. These layers were obtained at 250 m spatial
resolution and then resampled to the spatial resolution
of 30 arc-seconds via ArcGIS (ver. 10.8).
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We collected six geospatial topographical variables,
as follows. The elevation layer (Altitude) was obtained
from NASA’s digital elevation model (DEM, https://
srtm.csi.cgiar.org/) at a 90 m spatial resolution ras-
ter. The slope and aspect layers were derived from the
elevation layer using ArcGIS (ver. 10.8). The landforms
layer was obtained from the United States Geological
Survey (USGS) website (https://www.usgs.gov/), which
is available from the United States Department of the
Interior. In addition, layers for the topographic wetness
index (topoWet) and terrain roughness index (tri) were
downloaded from the ENVIREM dataset [61].

Finally, three geospatial hydrology layers were
derived from the elevation layer using ArcGIS (ver.
10.8). The elevation layer and all the layers derived from
it were then resampled to reach a spatial resolution of
30 arc-seconds.

2.2.2 Future bioclimatic conditions

All future RCP8.5 geospatial bioclimatic variables were
downloaded from the Community Climate System
Model (CCSM4) [63], a global circulation model based
on the Coupled Model Inter-Comparison Project Phase
5 (CMIP5), over three time periods: 2050 (average for
2041-2060), 2070 (average for 2061-2080), and 2080
(average for 2081-2100). We downloaded future geospa-
tial bioclimatic variables for the same variable layers used
in current conditions.

The 19 WorldClim variables for the 1st two future peri-
ods (2050 and 2070) were obtained from the WorldClim
database, while those for the 2080 period were derived
from the Climate Change, Agriculture, and Food Security
(CCAFES) data portal (http://www.ccafs-climate.org/). We
produced the ENVIREM variables for future conditions
using the envirem package in R, following the procedures
outlined by the ENVIREM developers [61]. The input
datasets required for generating the ENVIREM layers
are monthly rasters of minimum and maximum tempera-
ture, precipitation, and extraterrestrial solar radiation
in the study area. Accordingly, we obtained the related
temperature and precipitation layers from the CCSM4
model under the same emission scenario (RCP8.5) for
the three future periods from the same resources. The
solar radiation layers for the three future periods were
generated using the palinsol package integrated into
the envirem package in the R environment [64].

2.3 Species distribution modeling

In this section, we describe the steps involved in generat-
ing our ensemble SDMs. Figure 2 outlines the workflow
of the developed SDMs.
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Table 1 Environmental variables used to conduct different models in this study. Note, the M-All used all listed variables except the

one with asterisk (*)

Type Code/Unit Parameter Source
Bioclimate Bio_2 [°C] Mean Diurnal Range [Mean of monthly (Max temp-Min temp)] WorldClim
Bio_3 [°C] Isothermality (Bio_2/ Bio_7) (* 100) (ver.2.1)
Bio_4 (unitless) Temperature Seasonality (SD *100)
Bio_7 [°C] Temp Annual Range (Bio_5-Bio_6)
Bio_8 [°C] Mean Temp. of Wettest Quarter
Bio_9 [°C] Mean Temp. of Driest Quarter
Bio_12 [mm/year] Annual Precipitation
Bio_14 [mm] Precipitation of Driest Month
Bio_15 (unitless) Precipitation Seasonality (Coefficient of Variation) = (Mean/SD*100)

Bio_17 [mm]
PET_Driest_Q [mm]
PET_Wettest_Q [mm]
PET_Seasonality [mm]

Edaphic BD [kg/dm?]
CEC [cmol(c)/kg]
CF [cm3/100cm3 (vol%)]
Sand [g/100 g (%)]
Silt [g/100 g (%)]
Clay [g/100 g (%)]
Soil_OC [g/kg]
OC_Density [kg/m?]
OC_Stock [kg/m?]
Soil_Nitrogen [g/kg]
Soil_pH

Hydrology Hydr_F *

Hydr_FFD

Hydr_FFA

Alt [m. asl]

Aspect [degree]

Topography

Slope [degree]
Landforms (unitless)
topoWet (unitless)
tri (unitless)

Precipitation of Driest Quarter

Mean monthly PET of driest quarter ENVIREM
Mean monthly PET of wettest quarter

Monthly variability in PET

Bulk density of the fine earth fraction SoilGrid
Cation Exchange Capacity of the soil (ver. 2.0)
Volumetric fraction of coarse fragments (>2 mm)
Proportion of sand particles (>0.05 mm) in soil

Proportion of silt particles (= 0.002 mm &< 0.05 mm) in soil
Proportion of clay particles (<0.002 mm) in soil

Soil organic carbon content

Organic carbon density

Organic carbon stocks

Total nitrogen (N)

Soil pH

Hydrology filled derived from Alt
derived from Alt
derived from Alt

Hydrology filled flow direction
Hydrology filled flow direction flow accumulation

Altitude SRT™M

Aspect derived from Alt
Slope derived from Alt
Land Surface Forms USGS

SAGA-GIS topographic wetness index ENVIREM
Terrain roughness index ENVIREM

2.3.1 Testing for variables multicollinearity

We calculated the Pearson correlation coefficient (r) to
test the multicollinearity between the variables using
the SDMtoolbox (ver. 2.5) in ArcMap software [65].
After screening the results, we removed the variables
with (r)>|0.9]. Correlation tests were performed for
the variables under each category type separately, i.e.,
bioclimatic, edaphic, hydrologic, and topographic vari-
ables, and for all the variables together. The remaining
variables were the variables that we incorporated into
the models.

2.3.2 Current modeling

We developed six distinct models for each species.
The first four models used variables under only one
environmental category each, i.e., bioclimate, edaphic,
hydrology, and topography. Hence, we named these
models M-Bioclimate, M-Edaphic, M-Hydrology, and
M-Topography. The fifth model, M-Predictors, utilized
the variables with the highest contributions (>5%) to
the previously developed models as the environmen-
tal variables. The last model, the M-All model, incor-
porates the entire set of variables that are not highly
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Fig. 2 Method flow chart of the study

correlated. We computed all the models using the bio-
mod2 Package [14, 66], implemented in the R environ-
ment [64].

As biomod?2 requires both the presence and absence
data of the species to develop its models, we generated
two presence/absence (P/A) datasets for each stud-
ied species [66]. Using the Biomod_FormatingData()
function, we formatted the settings as follows: num-
ber of P/A replicates =2, number of absences per data-
set=100, and absence simulation strategy =random.

2.3.2.1 Running machine learning (ML) algorithms (single
models) In this context, we chose to perform five single
modeling algorithms, which are Artificial Neural Network
(ANN), Generalized Boosting Model (GBM), Generalized
Linear Model (GLM), Maximum Entropy (Maxent), and
Random Forest (RF). All these models were run with the
default settings. For calibration, we employed two options:
data splitting and model repetition. In the Biomod_Mod-
eling() function, we applied both Data split=280 and cross
validation (CV) runs=15.



Refaat et al. Beni-Suef Univ J Basic Appl Sci (2024) 13:98

2.3.2.2 Model validation The model’s performance was
assessed using the testing dataset to measure its precision
in predicting known species distributions. We employed
two accuracy meters for this evaluation: The Area Under
the Curve (AUC) of the Receiver Operating Characteristic
curve (ROC) [67] and the True Skill Statistics (TSS) [68].
The evaluation values were averaged across the CV runs.
The AUC values range from 0 to 1, where values<0.7,
0.7-0.9, and>0.9 are considered poor, good and excel-
lent performance, respectively [69, 70]. The TSS values
range from—1 to+1, where values toward+1 indicate
agreement between predictions and observations. TSS
values <0.4 indicate poor performance, 0.4-0.8 indicate
good performance, and >0.8 indicate excellent accuracy
(71, 72].

2.3.3 Ensemble modeling and variable importance
In this step, we built the ensemble model by combining
the predictions of the previously calibrated single mod-
els to decrease their predictive uncertainty [73]. Biomod?2
offers many methods for calculating ensemble models
[66]. We chose to create them using the weighted average
method of the prediction probabilities of all single mod-
els. Using the Biomod_EnsembleModeling() function, we
constructed ensemble models with the following settings.
The previously developed models (5 modelsx2 P/A
datasets X 15 CV runs) were filtered using the evaluation
metric quality threshold (TSS=0.8). Subsequently, fil-
tered models were used to create the ensemble. The eval-
uation of the accuracy and performance of the ensemble
models was also done by calculating the same accuracy
metrics: AUC and TSS. Another computed value for
ensemble models is the variable importance (VI). It
aims to evaluate the expected relationship between the
response (the distribution) and the variables (the envi-
ronment), i.e., assessing the variables’ contributions to
the model. Notably, in the Predictors model, we included
all variables whose VI values exceeded 5% in the other
five models as the environmental data.

2.3.4 Model projections

All previously developed models were applied to predict
the species distribution across the entire area under cur-
rent environmental conditions (projection over space).
For future predictions, only the M-All and M-Biocli-
mate models were projected into the future scenarios,
spanning three time intervals: 2050, 2070, and 2080. In
the M-AIl future projections, and despite its potential
limitations to the models, we maintained uniformity by
utilizing the same topography, edaphic, and hydrology
variables employed in the current models because there
are no projections of these variables in the future. Due
to the importance of these variables in shaping species’
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future distributions and to simplify the modeling process,
we followed the methods of several authors who assumed
that these variables would remain constant over time
[2, 33, 41, 74—76]. Our aim was to assess the differences
between the M-All (all variables) and M-Bioclimate (cli-
mate only) models in projecting the future potential dis-
tributions of the studied species. In addition, we aim to
explore how incorporating these non-climatic variables
could influence the prediction of their distribution under
future conditions.

2.3.5 Visualizing modeling output

The models of biomod2 produce their predictions in
the form of two types of maps: the suitability maps and
binary maps, i.e., Presence/Absence (P/A) maps. Bio-
mod?2 produces P/A maps by calculating the best thresh-
old that maximizes the percentage of accurately predicted
presence and absence for ROC curves of each species
per model. Probability values above this threshold were
considered present (1), and values below that threshold
were considered absent (0). We presented only the binary
maps produced by the ensemble models for the two spe-
cies under current and future conditions.

2.3.6 Further analysis

2.3.6.1 Change detection in the species range The differ-
ences in the distribution area of a species between the cur-
rent and future projections were calculated in biomod2/R.
The Biomod_RangeSize() function in biomod2 calculates
the differences in suitable areas of a species pixel by pixel.
This function produces two types of outputs. First, a clas-
sified map of four distribution change classes: gain, stable
presences, stable absences, and loss. Second, a table in
which biomod?2 calculates the areas of current range sizes
(km? and % of the total St. Catherine PA), areas of loss
and gain (km? and % of the predicted current range size),
the percent of the total species range change (% gain—
%loss), areas of future range size (no distribution) =[cur-
rent range size (km*)—loss (km?)], and future range size
(full distribution)=[(current range size (km?)+ gain
(km?)) — loss (km?)]. The areas of future range sizes were
also calculated in both km? and % of the total St. Cath-
erine PA.

2.3.6.2 Species—variable range We calculate the spe-
cies—variable ranges of the essential variables that defined
the preferred environmental conditions for each spe-
cies to grow and distribute. From the binary maps, we
extracted the values of every cell determined as a presence
location (cell value =1) of the species from all the environ-
mental layers in the ArcMap platform. Then, using simple
commands in Excel, we calculated the minimum (Min),
mean * standard deviation (SD), and maximum (Max) of
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these points with respect to each environmental predictor
in the present and future.

3 Results

3.1 The selected environmental variables

The application of Pearson’s correlations to the 35 bio-
climatic variables revealed the presence of 22 variables
(11 pairs) with (r) >|0.9|. Removing these highly collinear
variables keeps only 13 less correlated bioclimatic vari-
ables to use in the M-Bioclimatic models. However, the
correlations between either the edaphic, hydrology, or
topographic variables revealed that the variables of each
set were not highly correlated. Therefore, the variables of
each type were used in developing their corresponding
models (i.e., the M-Edaphic, M-Hydrology, and M-Top-
ographic models). Finally, the correlations between the
complete variables set revealed a final set of 32 variables
that were not highly correlated and were used to con-
struct the M-All model (Table 1).

3.2 Model evaluation

Notably, the six ensemble models constructed for both
Silene species consistently shown excellent levels of pre-
dictive performance in terms of both AUC (>0.97) and
TSS (>0.91) scores (Table 2).

However, the results revealed variations in the evalua-
tion values among models that used different algorithms/
methods and input variables. Based on both evaluation
metrics, the predictive ability of all the ensemble mod-
els outperformed that of the other single algorithms.
Although most of our single models demonstrated excel-
lent predictive performance, with values of AUC (>0.9)
and TSS (>0.8), the accuracy scores of some models
(mostly GLMs) indicated only good levels of accuracy
(the evaluations of these single models are shown in
SD-Table 2 & 3). Additionally, when comparing the pre-
dictive performances of the models that used different
environmental variable sets, the M-All model outper-
forms the other models, followed by the M-Bioclimate
model, for both studied species. This result implies the
positive effect of adding various predictors in enhancing
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model performance. Regarding the accuracy metrics, the
performance of the M-all model increased by 0.001 and
0.014 in terms of both the AUC and TSS values, respec-
tively, for S. schimperiana and by 0.001 in terms of the
TSS values for S. leucophylla.

3.3 Variable importance

Figure 3 illustrates the contributions of the variables to
the different distribution models constructed for the two
studied species.

In detail, for S. leucophylla, the M-All model indicated
that annual precipitation (Bio_12—36.2%), mean tem-
perature of the driest quarter (Bio_9—27.6%), elevation
(Alt—7.8%) and precipitation seasonality (Bio_15—5%),
contributed to 76.6% of the total. The cumulative con-
tributions of the bioclimatic, soil, hydrology, and topog-
raphy variables were 79.9%, 3.4%, 4.8%, and 11.9%,
respectively. According to the M-Bioclimate model, the
strongest contributors to the S. leucophylla distribu-
tion were the mean monthly potential evapotranspira-
tion (PET) of the driest quarter (PET_Driest_Q—45.2%),
annual precipitation (Bio_12—21.5%), temperature sea-
sonality (Bio_4—10.4%), and precipitation seasonality
(Bio_15—9.8%).

On the other hand, for the S. schimperiana distribution,
Bio_9 (48.3%) followed by Bio_15 (11.3%), Silt content
(6.3%), and mean monthly potential evapotranspiration
(PET) of the driest quarter (PET_Driest_Q—5.3%) exhib-
ited the highest contributions to the M-All model, with
a total contribution of 71.1%. The cumulative contribu-
tions of the different variable types were 86%, 8.9%, 1%,
and 4.1% for the bioclimate, soil, hydrology, and topogra-
phy, respectively. The M-Bioclimate model indicated that
PET Driest_Q (38.8%), Bio_12 (18.3%), Bio_9 (13.5%),
and Bio_15 (7.3%) were the most important predictors of
S. schimperiana distribution.

3.4 Projections of species distribution

The predicted binary distribution maps of both Silene
spp. under current and future conditions are shown in
Figs. 4 and 5. The results highlight that the highly suitable

Table 2 AUC and TSS data evaluating the performance of the six models (ensemble) predicting the current distribution of the studied

species
Species Metric Model
M-Bioclimate M-Edaphic M-Hydrology M-Topography M-Predictors M-All
(a) S. leucophylla AUC 1.000 0.997 0978 0.993 1.000 1.000
TSS 0.999 0.995 0.920 0.973 0.995 1.000
(b) S. schimperiana AUC 0.998 0.995 0.989 0.992 0.998 0.999
TSS 0.970 0.960 0915 0.929 0.965 0.984
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Fig. 3 Percent of variables contributions to the different distribution models of the two studied species
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Fig. 4 Binary maps showing the predicted suitable areas of S. leucophylla in current (a—f) and future projections (g-h). Maps of changes
in the suitable distribution areas of S. leucophylla between current and each of the projected future time periods per model (ij) are also shown
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Fig.5 Binary maps showing the predicted suitable areas of S. schimperiana in current (a—f) and future projections (g—h). Maps of changes
in the suitable distribution areas of S. schimperiana between current and each of the projected future time periods per model (i-j) are also shown
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Table 3 Areas of the current suitable range size [km? (%)] of both studied species predicted by the six constructed models

Species Predicted current range size [km? (%)]/Model

M-Bioclimate M-Edaphic M-Hydrology M-Topography M-Predictors M-All
(a) S. leucophylla 46.9 (1.0%) 82.6 (1.7%) 325.8 (6.8%) 66.2 (1.4%) 123.5 (2.6%) 23.1(0.5%)
(b) S. schimperiana 2515 (5.3%) 297.6 (6.2%) 480.6 (10.1%) 381.6 (8.0%) 336.3 (7.0%) 125.0 (2.6%)

habitat for both species is concentrated in the high moun-
tain areas in the northern middle sector of the study
area. Additionally, the areas of current suitable habi-
tats predicted by the six developed models are shown in
Table 3. As shown, there are differences in the predicted
suitable areas between different models, with an appar-
ent decrease in the predicted areas in those using many
explanatory variables compared with those using lower
numbers of variables. Focusing on the M-All and M-Bio-
climate models, there is a noticeable trend that the M-Bio-
climate model’s predicted areas were approximately twice
the suitable areas predicted by the M-All model (Table 3).

3.4.1 Potential current and future geospatial distributions
of S. leucophylla

Under current environmental conditions, the predicted
distribution areas of S. leucophylla are 23.1 km? and 46.9
km? (0.5% and 1.0% of the St. Catherine PA), as pro-
jected by the M-All and M-Bioclimate models, respec-
tively (Fig. 4). However, in the 2050 future projection,
the results of both models indicated a significant reduc-
tion in the current suitable area for S. leucophylla, with
losses of 11.2 km? (48.4%) and 46.9 km? (100%), and gains
of only 5.2 km? (22.6%) and 9.7 km? (20.6%), respectively.
Consequently, for S. leucophylla, the total size of suitable
areas predicted by the M-All model in the mid-century
would become 17.1 km? (0.4% of the St. Catherine PA)
if the species successfully disperses, or 11.9 km? (0.25%)
if dispersal did not occur (Table 4). On the other hand,
the mid-century prediction of the M-Bioclimate model
showed a possible complete loss of the species if dispersal
fails and only 7.4 km? (0.2%) if dispersal could occur. Sim-
ilarly, the M-All (2070) projection anticipated a continu-
ous decrease in the current range size of S. leucophylla
(15.6 km? (67.7%)), leaving only 7.4 km? (0.16% of the St.
Catherine PA) as suitable areas for the species. Unfortu-
nately, in the 2070 M-Bioclimate model’s projection and
2080 projections of both models, the results predicted
the same possible complete loss of the current suitable
ranges of both species (Fig. 4 and Table 4).

3.4.2 Potential current and future geospatial distribution

of S. schimperiana
The projected distribution areas of S. schimperiana under
current conditions (Fig. 5) are 125 (2.6%) and 251.45

km? (5.3%), as predicted by the M-All and M-Bioclimate
model, respectively. In both the 2050 and 2070 predic-
tions, our models expected a notable expansion in the
current suitable area of the species. For these future pro-
jections, the M-All model expected gains of 56.5 km?
(45.2%) and 55.8 km? (44.6%), compared with losses of
26.8 km? (21.4%) and 32.0 km? (25.6%), respectively. The
total range size of S. schimperiana will reach 154.7 km?
and 148.8 km? if the species is fully dispersed or 98.2
km? and 93.0 km? if dispersal does not occur (Table 4).
The predicted distribution in the 2070 forecast showed a
slight decrease in the suitable areas compared with those
in the 2050 projection. Similarly, in the 2050 and 2070
future projections, the M-Bioclimate model predicted
both expansions and contractions of the current suitable
range of S. schimperiana. S. schimperiana is subsequently
predicted to be distributed over 250.7 km? and 148.8 km?
if the dispersal of the species succeeds or 98.2 km? and
93.0 km? if dispersal fails. Unfortunately, in the 2080 fore-
casts, a substantial loss is predicted in the current suit-
able range of the species, with total species range changes
of —100% and —98.5% for the M-All and M-Bioclimate
models, respectively (Fig. 5 and Table 5).

3.5 Species-variable ranges

Our model predictions successfully delineated the pre-
ferred environmental conditions under the current
conditions for both S. leucophylla and S. schimperiana.
The variable ranges of the observed occurrences were
included within the predicted suitable variable range,
indicating alignment with the current suitable condi-
tions for the species to grow and thrive. The observed
and predicted suitable ranges of the most essential vari-
ables shaping the distributions of both species are shown
in Table 5.

The M-All model revealed that the suitable elevation
(Alt) of S. leucophylla ranged from 1643 to 2130 m a.s.],
with an average elevation of 2161 m a.s.l. under current
environmental conditions. With time, the minimum
suitable elevation increased to 1871 m a.s.I and 1958 m
a.s.l in the 2050 and 2070 future conditions, respectively.
It prefers to grow in soil with an average silt percentage
between 26.4% and 31.7%, with north facing (N, NE, and
NW) directions and steeper slopes. With respect to the
bioclimatic variables, the optimum annual precipitation
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Table 4 Changes in the predicted distribution areas between current and the three future projections of both Silene spp. Areas of
current and future range sizes (km? and % of the total St. Catherine PA), and areas of loss, and gain (km? and % of the predicted current
range size) and the percent of the total species range change (% gain-%loss) are shown

Species Model Current Projection difference  Loss Gain [km? (%)] Species Future Range Size
Range [km? (%)] Range change
Size [%] No Full
[km?2 (%)] Dispersal Dispersal
km?(%)]  [km? (%)]
S. leucophylla M-All 23.1 Current—2050 1.2 52 -258 1.9 17.1
(0.5%) (48.4%) (22.6%) (0.25%) (0.4%)
Current—2070 156 0.0 -67.7 74 74
(67.7%) (0.16%) (0.16%)
Current—2080 23.1 0.0 —-100 0.0 0.0
(100%)
M-Bioclimate  46.9 Current—2050 46.9 9.7 -794 0.0 9.7
(1.0%) (100%) (20.6%) (0.2%)
Current—2070 46.9 0.0 —100 0.0 0.0
(100%)
Current—2080 46.9 0.0 —100 0.0 0.0
(100%)
S.schimperiana ~ M-All 1250 Current—2050 26.8 56.5 238 98.2 154.7
(2.6%) (21.4%) (45.2%) (2.1%) (3.2%)
Current—2070 320 55.8 19.0 93.0 148.8
(25.6%) (44.6%) (1.9%) (3.1%)
Current—2080 125.0 0.0 —100 0.0 0.0
(100%)
M-Bioclimate  251.45 Current—2050 69.9 69.2 -03 181.5 250.7
(5.3%) (27.8%) (27.5%) (3.8%) (5.3%)
Current—2070 90.0 63.2 -10.7 1614 224.7
(35.8%) (25.1%) (3.4%) (4.7%)
Current—2080 247.7 0.0 -985 3.7 3.7
(98.5%) (0.08%) (0.1%)

(Bio_12) ranged from 62 to 105 mm at maximum, with
a mean of 76.5 mm under the current conditions. In the
2050 and 2070 forecasts, the predicted average annual
precipitation suitable for S. leucophylla increased to
87 mm and 96.6 mm, respectively. The suitable mean
temperature of the driest quarter (Bio_9) for S. leu-
cophylla ranged from 18 to 22.7 °C. According to the
prediction, the species adapts to high precipitation sea-
sonality (Bio_15) with averages of 66.5 at minimum and
79.5 at maximum The suitable mean potential evapo-
transpiration values of the driest quarter (PET_Driest_Q)
were 142.2+1.8, 152.6£3.1, and 158.1£2.1 in current,
2050, and 2070, respectively. In comparison, the current
and future predictions of the M-Bioclimate model were,
to some extent, in alignment with those of the M-All with
respect to the preferred bioclimatic variables. However,
when we superimposed the layers of other variables on
the current prediction, the M-Bioclimate model is found
to predict wider ranges of suitability of topography and
soil conditions, such as elevation, slope degrees, and silt
content (Table 5).

For S. schimperiana, the model determined that,
under current conditions, its optimal altitude range was
between 1352 and 2441 m, with an average of 1956 m
a.s.l. In contrast, for the 2050 and 2070 predictions, the
suitable elevation increased to 1675 m a.s.l. at the low-
est level and 2530 m a.s.l. at the highest level. The spe-
cies is found to grow in all aspect directions and lower
slopes. Considering the bioclimatic factors, S. schimpe-
riana can adapt to a broad range of mean temperatures
of the driest quarter (Bio_9), with suitable values rang-
ing from 18 °C to 23.4 °C. The suitable average PET_
Driest_Q is slightly greater than that of S. leucophylla,
increasing from 144.6 +2.2 mm under the current con-
ditions to 154.9+2.8 mm and 160.8+1.8 mm for the
2050 and 2070 forecasts, respectively. The models also
revealed that S. schimperiana can grow under relatively
low mean annual precipitation (Bio_12) under cur-
rent and future conditions. Furthermore, the results
showed that S. shimperiana prefers more silty soils than
S. leucophylla does. A similar trend is found with the
M-Bioclimate model in capturing the most suitable and
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Table 5 Comparison of the suitable ranges of highly important variables affecting the distribution of both Silene spp. The recorded
occurrences (observed (Obs.)) versus the predicted (Pred.) presences in current and future conditions are listed

Variable Obs./Pred  S. leucophylla S. schimperiana
M-All M-Bioclimate M-All M-Bioclimate
Min Mean+SD Max Min Mean+SD Max Min MeantSD Max Min Mean+SD Max
Alt Obs 1643 1867+£121 2053 1643 1867+121 2053 1474 1861+160 2217 1474 1861160 2217
[m. asl] Current 1643 21614162 2130 1563 22304123 2338 1352 19564185 2441 1352 19714223 2530
2050 1871 21614191 2530 2102 2397+127 2530 1675 2036+184 2530 1389 1972+196 2530
2070 1958 22244181 2530 - - - 1675 2004171 2530 1394 19694196 2530
2080 - - - - - - - - - 2102 23384191 2530
Slope Obs 10 73%34 M5 10 73434 M5 07  64+£39 151 07 6439 15.1
[degree] Current 043  68+43 151 099  804+37 176 043  71+4. 198 019 8+46 264
2050 022 55+38 145 022 75448 136 022 7344 25 019 8x45 264
2070 043  52+42 ne - - - 022 70439 198 019 79+45 264
2080 - - - - - - - - - 18 846 136
Bio_3 Obs 4 4103 20 41 4103 420 408 415+04 425 408 41504 425
] Current 41 4207 433 408 416+05 433 406 417+05 432 404 417+08 44
2050 40 41£02 41 40 409403 41 40 41+0. 41 40 41201 41
2070 40 40903 41 - - - 40 41401 41 40 40%0.] 41
2080 - - - - - - - - - 40 4020 40
Bio_9 Obs 222 225+02 227 222 225402 227 21 225405 24 21 225405 24
'l Current 197 214407 224 22 225402 228 197 223+06 234 197 224+08 242
2050 18 196+08 205 18  184+03 188 18 202408 22 18  205+08 216
2070 209 216406 226 - - - 209 219405 228 209 22404 227
2080 - - - - - - - - - 22 225+04 228
Bio_12 Obs 57 61539 69 57  615+39 69 38 595498 85 38  595+98 85
[mm/year] Current 62 765411 105 57 621433 69 40 622+103 105 38 596+135 105
2050 68  87+£183 123 103 112147 123 4] 739+153 123 51 69.1+£144 123
2070 77 966+20 128 - - - 52 732£149 128 53 7124151 128
2080 - - - - - - - - - 106 1146+12 128
Bio_15 Obs 644  665+1.1 684 644 665+11 684 637 666+19 713 637 666+19 713
(unitless) Current 652 67+08 692 625 659412 689 613 666423 714 584  665+28 737
2050 67  723+28 76 70 726%18 76 64  721+36 83 62 71639 83
2070 76 795+26 83 - - - 70 788+47 9 68  788+51 9
2080 - - - - - - - - - 63 65414 66
PET_ Obs 1432 1445410 1458 1432 1445410 1458 1417 1454421 1503 1417 145421 1503
Driest QImm] cyrent 1374 1422418 1447 142 144409 1462 1374 1446+22 1503 1374 1453429 1507
2050 1467 1526+3.1 156 1467 1482411 1497 1467 1549428 1612 1467 1558426 1598
2070 1547 1581221 1606 - - - 1547 1605+1.8 1638 1547 160718 1638
2080 - - - - - - - - - 1545 1561+14 1574
CEC Obs 156 161404 168 156 161+04 168 149 159405 169 149 159405 169
[emol@/kgl  Curent 146 158+05 173 151 159404 168 146 158+05 173 146 16+06 18.1
2050 146 154+05 168 - - - 146 157405 176 - - -
2070 146 152404 159 - - - 146 158+05 176 - - -
2080 - - - - - - - - - - - -
Silt Obs 301 311409 33 301 311409 33 276 307+17 339 276 30717 339
(%] Current 264 282413 317 26 309+19 366 261  304%2 351 264 315427 393
2050 261 284+14 309 - - - 261 30£17 339 - - -
2070 264 28+14 309 - - - 261 303x17 339 - - -

2080
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Variable Obs./Pred  S. leucophylla S. schimperiana
M-All M-Bioclimate M-All M-Bioclimate
Min MeanxSD Max Min Mean+*SD Max Min Mean*SD Max Min MeanxSD Max
oC_ Obs 1.6 1.9+0.2 2.1 1.6 1.9+0.2 2.1 14 1.8£0.2 2.1 14 1.8+0.2 2.1
[S;S/Crl;z] Current 19 2+0.1 23 1.6 1.9+0.1 2.1 14 19+0.2 22 1.3 1.8+0.2 23
2050 18 2+0.1 22 - - - 14 1.9£0.1 23 - - -
2070 19 2.1£0.1 22 - - - 1.6 1.9+0.1 23 - - -
2080 - - - - - - - - - - - -

preferred bioclimatic conditions of S. schimperiana but
in broader ranges of topo-edaphic conditions.

For more detailed suitable variable ranges for both
species under different environmental conditions, see
Table 5.

4 Discussion
The use of SDMs to forecast the potential distributions of
plant species under climate change has become a famil-
iar and valuable tool for ecological and biogeographical
research. Ecologists and statisticians are increasingly
interested in ML methods because of the abundance
of available data to address the complex relationships
between species and their environments [77-82]. How-
ever, it is necessary for researchers dealing with ML to
understand these models in detail to reduce the potential
for inaccurate results. This should be achieved by under-
standing aspects like model limitations, uncertainties,
and the risk of potential model overfitting. Therefore, in
this section, we address these aspects consecutively.

Many authors have highlighted that one of the main
restrictions of SDMs is that model predictions can be
extremely sensitive when various methodologies are
employed [83, 84]. Because of the sensitivity of the pre-
diction outcome to the method, a thorough comparison
of the evaluations across different modeling methods
is required to identify the best-fit one. In this study, we
decided to build an ensemble modeling strategy, which
several authors have suggested is a suitable approach that
eliminates model uncertainties and limitations while out-
performing other single models [15, 16, 85—87]. Moreo-
ver, many studies have shown that ensemble models are
more accurate in predicting species habitat suitability
[88-90]. Our findings were consistent, as all our ensem-
ble models achieved remarkable performance with the
highest prediction capacities based on AUC and TSS
assessments.

Another key factor contributing to SDMs limita-
tions and uncertainties is the selection of environmental

variables for incorporation into the models. Plants
respond to the interaction of various factors that affect
their survival and distribution. The utilization of different
factors can lead to different SDMs predictions. Therefore,
incorporating a specific predictor into SDMs depends on
the purpose of the modeling and its biological relevance
to the studied species [25]. Many studies have recom-
mended including edaphic factors when modeling plant
distributions [32, 41, 74, 91-96], whereas others have
reported that using topography and hydrology is highly
important [33, 97-99]. Therefore, it is recommended that
SDMs be provided with relevant combinations of vari-
ables to decrease any uncertainties and to obtain better
predictions.

In this study, the results were compatible, as the M-All
model, which incorporated all the variable types (e.g.,
climate, topography, edaphic, and hydrology), outper-
formed the other models that used variables related to
only one category. It showed excellent levels of predictive
performance, with both AUC and TSS values~ >9.84.
Although its predicted suitable areas were the smallest
among the different models, it was the best model that
captured the ecological niches of the species. This statis-
tical tendency of projecting smaller ranges when using
more predictors has been documented [74], as adding
more environmental constraints can eliminate species’
suitable habitats. Conversely, models relying only on
edaphic, hydrologic, or topographic factors are insuf-
ficient to predict habitat suitability for both Silene spp.
These models result in an unrealistic predictive map
compared with the known defined habitats and the actual
distribution range of both target species in the St. Cath-
erine area.

On the other hand, the performance of the M-Biocli-
mate model was slightly lower than that of the M-All
model in terms of both the AUC and TSS values. The
M-Bioclimate model also succeeded in defining the suit-
able climatic niche of the studied species. However, it has
failed to capture their ecological and geographical niches.
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This may be attributed to the fact that models incorpo-
rating only climatic variables exclude the indirect effects
of non-climatic variables in predicting species habitat
suitability. In addition, the M-Bioclimate model tends to
predict wider ranges of species suitability (overpredic-
tion) than the M-All model does because it misses other
important interactions. Consequently, including more
relevant non-climatic variables can enhance model accu-
racy and fine-tune model predictions, yielding a more
realistic distribution prediction that captures the signifi-
cance of the complex interaction between climate and
geophysical factors [2, 91, 100].

In addition, we believe that the full image of a species’
ecological range is also defined by biotic interactions
besides the abiotic factors. Biotic interactions, includ-
ing species competition, herbivory, and facilitation, play
critical roles in shaping species distributions [101-103].
However, very few studies have included biotic factors
in their models. Therefore, we recommend integrating
biotic interactions into SDMs, which can add more power
in understanding and predicting species’ habitat suitabil-
ity. Finally, these findings highlight the additive benefits
of including soil and topo-hydrological predictors when
modeling species distributions. They also demonstrated
the indirect effects of these variables, which may not be
apparent in the variable contributions [33, 104].

Other issues to address when conducting SDMs are
the spatial resolution of the environmental predictors
used and the limited sample size of the species. In this
study, we used environmental layers with a relatively
coarse spatial resolution of approximately 1 km? (30
arc-seconds). We acknowledge that the relatively coarse
spatial resolution could indeed limit the precision of pre-
dictions, particularly in regions with high environmental
heterogeneity. However, due to the unavailability of con-
sistent, high-quality data, particularly climate data, at a
global scale, environmental variables of 1 km? have been
extensively used in SDM studies. Another limitation of
our study is the low sample size for S. leucophylla, which
could introduce uncertainty into the model predictions
for the species. Unfortunately, this low number of occur-
rences represents the actual current distribution of S. leu-
cophylla which was revised by the protected area affairs
office, expertise, and local Bedouins.

Additional limitation to SDMs is the potential for
model overfitting. In ML, overfitting occurs when an
algorithm fits too closely or even exactly to its training
data, resulting in a model that cannot make accurate pre-
dictions from any other data and is unable to generalize
well to new data. In this study, we took some regulariza-
tions to avoid this problem, such as reducing the spatial
autocorrelation of occurrence data, which could only
add noise to the models; selecting non-collinear sets of
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environmental predictors; calibrating the models with
data partitioning and CV runs; simplifying the modeling
design; and using ensemble methods. These techniques
are commonly used in SDM research [15, 21, 66, 89]. As
a result, the best model achieved excellent performance
in predicting test data and projecting to new conditions.

Our model results showed that, under current cli-
matic conditions, the suitable habitat distribution of both
Silene spp. is situated primarily within the high moun-
tains of the central northern boundaries of St. Cath-
erine PA. The predicted suitable habitats fit with the
known documented distribution of both Silene species
and other endemic plants in the study area, as observed
through field surveys and reported in the literature [3, 5,
105-114].

S. leucophylla is known to occur at only eight sites,
namely, Al-Jebel Al-Ahmar (Abu-Haman and Kahf Al-
Ghoulah), Mount Mousa (Farsh Elias and Farsh Al-Saf-
safah), and Wadi Jebal (Al-Tebaq, Al-Ma’een, Shaq Saqr,
and Teneiah). However, the M-All model projected four
other suitable main sites for the species: Shaqg-Mousa and
Um-Sellah in Mount Catherine, and Al-Shaq and Abu Al-
Yasaa’ in Wadi Jebal. Only the Al-Shaq site was proven
through our field validations. For M-Bioclimate current
prediction, the model was found to predict many suitable
sites for S. leucophylla distribution, including several sites
belonging to Mount Mousa, Wadi Jebal, Wadi Al-Arbeen,
Wadi EL-Garagniah, and Shag-Mousa. After field vali-
dation, we found only one occurrence point at two sites
(Al-Shaq and Abu-Geefah). These new individuals were
freshly inhabiting both sites.

For S. schimperiana, the known occurrences have been
reported in large areas, such as Wadi Etlah, Wadi Talaa,
Mount Catherine, Wadi Al-Arbeen, Shaq-Mousa, Al-
Jebel Al-Ahmar, Mount Mousa, many sites inside Wadi
Jebal (Abu-Geefah, Abu Al-Yasaa, Farsh Al-Rommanah,
Al-Tebaq, Al-Qalt Al-Azraq, Um-Sellah, and Abu-Twita),
and others. However, the M-All and M-Bioclimate mod-
els projected wider areas of potential distribution. After
field validation, it was found at other sites, such as Shaq-
Mousa, Um-Sellah of Mount Catherine, Sleebat, Toboq,
Wadi EL-Garagniah, and Al-Shaq. Unfortunately, we
could not access the distal projected areas in the south-
ern part of the study area.

Although we did not find the species present in some of
the projected suitable areas, those areas were considered
prominent for their distributions. In addition, those areas
could be utilized as a conservation plan for both species
through enforcement and reintroduction.

The results also revealed that the geographical distribu-
tion of S. leucophylla is narrow and highly fragmented,
with a small population size. On the other hand, the
geographical distribution of S. schimperiana was wider
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but was also visibly fragmented. These distribution dif-
ferences may be owing to the variations in the adaptive
capabilities of the two species to different environmen-
tal conditions. A study conducted by Rabei et al. (2021)
investigating the impacts of genetic diversity on the dis-
tribution of Silene species at St. Catherine PA revealed
low genetic diversity among S. leucophylla populations,
whereas S. schimperiana populations shown high genetic
diversity. According to different phylogenetic tests, they
found that Silene species inhabiting St. Catherine PA can
be divided into three clades, where S. leucophylla and S.
schimperiana are in two different clades. Also, accord-
ing to the neighbor-joining evolutionary relationship,
the branch length carrying S. schimperiana was distal
to other branches. Accordingly, they suggested that S.
schimperiana has high variation in the genetic constitu-
ents of its populations with recent evolutionary charac-
teristics [57]. This indicated its high adaptive capacity to
different environmental conditions and habitats, explain-
ing its wide distribution compared with that of S. leuco-
phylla. In addition, cluster analysis among Silene species
based on their anatomical characteristics also placed the
two species in separate clades [106].

Additionally, our models revealed that the predicted
suitable habitats of both Silene species are in line with
their known environmental requirements and suggested
that their current distribution is controlled by elevation,
precipitation, and dry season-related variables.

The suitable environmental conditions for S. leuco-
phylla under current conditions are predicted to include
elevations higher than 1600 m a.s.l,, annual precipitation
range of 62—-105 mm, low mean temperature of the dri-
est quarter of 19.7-22.4 °C, and optimum precipitation
seasonality between ~65-69. The species was also found
to dominate mountain slopes and was distributed in all
aspect directions except South and Flat, with a preference
for North-facing directions. These results are compatible
with those of Omar & Elgamal (2021), who reported that
S. leucophylla was primarily restricted to slopes of deep
mountain cracks, gorges, and terraces (minor percent-
age) at elevations between 1800 and 2100 m a.s.l. and in
aspects of the most frequent Northeast and North direc-
tions [3].

For S. schimperiana, the suitable current environment
spans a wider altitudinal range between~1350 m and
2440 m a.s.l, with a slightly warmer mean temperature
of the driest quarter (19.7-23.4 °C) and a broader range
of annual precipitation (40-105 mm). Thus, it can grow
under conditions of greater precipitation seasonality
(~61-71.5). These results are in accordance with those
of Omar (2017), who reported that S. schimperiana nat-
urally grows in four microhabitats, which are terraces,
gorges, wadi beds, and slopes, at low temperatures and
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rainfall zones and elevations higher than 1700 m a.s.l.
[114].

Although both the M-All and M-Bioclimate models
capture nearly the same climatic niche of both species,
the M-Bioclimate model fails to detect their preferred
topographic and edaphic conditions. For example, when
we superimposed topo-edaphic layers on M-Bioclimate
current predictions, wider ranges of suitable eleva-
tion, slope, and soil silt content were suggested. This
is why it seems to predict larger suitability areas than
the M-All model does. Overall, it seems likely that the
effects of adding other non-climatic variables to the
M-AIll model on plant distributions are conservative (not
overestimates).

Among the main predictors that strongly influence
our SDMs, annual precipitation, mean temperature of
the driest quarter, altitude, and precipitation seasonality
were the most important environmental variables affect-
ing the S. leucophylla distribution, whereas the mean
temperature of the driest quarter, and precipitation sea-
sonality were the most influential on the S. schimperiana
distribution. This finding is consistent with the fact that
precipitation, particularly in mountain ecosystems, plays
a crucial role in shaping the distribution of plant species
and acts as a limiting factor for plant dispersal in arid
regions [115, 116]. Although elevation did not gain much
value in terms of variable contributions to the models, we
also believe that it is an important factor that influences
the predictions of SDMs, particularly in mountain eco-
systems. The importance of elevation along with climatic
factors has been confirmed for the spatial distribution of
many plants in many studies [2, 117].

Model predictions for future conditions disclosed a
massive gradual reduction in the suitable current geo-
graphic distribution of S. leucophylla under the 2050
and 2070 conditions. The only gain is predicted under
the 2050 future climate by both the M-All and M-Biocli-
mate models. In contrast, the M-All future predictions
of S. schimperiana, for both the 2050 and 2070 forecasts,
expected a notable expansion in the species geographic
distribution to new locations of higher elevations com-
pared with smaller contractions in some locations of
lower elevations, which would become less suitable with
a changing climate. The future M-Bioclimate model pro-
jections showed a gradual contraction of suitable areas
for S. schimperiana until the late century, along with lit-
tle range expansion. These results could become true
if S. schimperiana succeeds in fully dispersing to such
new locations. If not, the species would be subjected to
a slight decrease in its distribution area. Plants vary in
their responses to future climate change, mainly due to
their variations in physiological, genetic, or phenologi-
cal characteristics [118]. In particular, plants with broad
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ecological niches are expected to have a greater capac-
ity to adapt to climate change than those with narrow
ecological niches [119, 120]. As mentioned earlier, this
may be because of the differences in genetic diversity
between the two species, implying various adaptability
of both species to different habitats and environmental
conditions. In addition, ecological barriers, either natu-
ral (elevation and water availability) or human-induced,
play important roles in restricting the ability of plants to
distribute new habitats. These contrasting results are also
found in the literature that models the effect of climate
change on the distribution of mountain plants, with some
studies predicting range expansions [121] and others pre-
dicting range contractions [122].

Unfortunately, in late century projections (2080), both
models projected a complete disappearance of the suit-
able areas for the two species (except for S. schimperi-
ana’s M-Bioclimate prediction), suggesting full species
extinction. Although this is a concerning result, these
predictions are based on current data and assumptions
and may not fully capture the complex dynamics of spe-
cies responses to climate change. The actual response of
a species to climate change could be influenced by other
factors, such as adaptive evolution or phenotypic plastic-
ity. In addition, potential mitigation efforts could influ-
ence the actual response of species in the future.

Finally, the IUCN Red List identified both S. leuco-
phylla and S. schimperiana as endangered species due
to many natural and anthropogenic threats they face in
their geographically restricted habitats [107, 108]. In
brief, the main natural threats are long-lasting drought
and irregular rainfall during the year (precipitation sea-
sonality), followed by natural topographic barriers that
eliminate their dispersal to new suitable areas. The main
anthropogenic threats include overgrazing, especially by
domestic animals (e.g., camels and goats and feral don-
keys), over-collection (for medicinal or other uses), and
uncontrolled and continuous collection for scientific
research. Consequently, the populations of both species
are highly fragmented, and more efforts should be made
to conserve these two important endangered endemic
and near-endemic plants. This could be achieved by initi-
ating programs of assisted migrations in the wild, includ-
ing reinforcements and reintroductions. These activities
should be accompanied by increasing public awareness
and implementing policies to reduce human-related
threats.

5 Conclusion

This study illustrated the importance of incorporating
various environmental variables, including bioclimatic,
edaphic, and topographic factors into SDMs to yield
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more accurate predictions of plant species distributions.
For both studied species, the M-All model was the best
model that accurately predicted their current distribu-
tions and was consistent with their actual/observed
distributions. Additionally, this study revealed that the
studied species respond differently to future climate
scenarios (2050 and 2070 predictions) owing to their
different abilities to adapt to the new environmental con-
ditions. Under both future climatic conditions, a signifi-
cant range contraction was predicted for the distribution
of S. leucophylla (a narrow ecological niche endemic),
whereas both range expansion and contraction of the
current suitable habitats were projected for S. schimpe-
riana (a wider ecological niche near-endemic). Unfortu-
nately, in 2080 predictions, both species might have gone
extinct from the entire area. The study also disclosed that
the populations of both species were highly fragmented
due to many natural and anthropogenic threats. To miti-
gate the risk of extinction for S. leucophylla and S. schim-
periana from their natural habitats, both ex-situ and
in-situ conservation techniques are urgently needed.
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