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Abstract. The object of this study was to compare predictive accuracy of some individual 

modeling methods versus ensemble modeling approach in estimating the spatial potential 

distribution and identifying ecological requirements of Artemisia sieberi in desert rangelands of 

Yazd province, Central Iran. For this purpose, the species presence data were collected using the 

random systematic sampling method in 2019. Individual modeling of the species distribution was 

performed using Random Forest, Classification and Regression Tree and Generalized Additive 

Model after preparing environmental variable maps using GIS and geostatistics. Predictive 

performance of individual models was evaluated using Area Under Curve and Root Mean Square 

Error statistics. Furthermore, the Ensemble model was used based on the weighted average AUC. 

The appropriate threshold limit value was calculated based on True Skill Statistic for conversion 

of continuous maps to binary ones of habitat suitability. Comparison of the performance of 

individual models showed that the RF model had a more accurate prediction compared to the other 

models (AUC= 0.971 and RMSE= 0.256). Evaluation of the models implemented using threshold-

dependent metrics such as Sensitivity, Specificity, and Kappa index also confirmed this finding. 
The overall comparison of the results from the three models versus the Ensemble model also 

indicates the high performance of this model compared to the individual models. Based on 

Ensemble model results, 45.38% of the study area had a high suitability for the establishment of 

A. sieberi. Based on the analysis of the importance of variables in the RF model, elevation (42%), 

Clay (40.02%) and pH (38.97%) in 0-30 cm soil depth had the highest effect on the presence of 

species. In general, Ensemble modeling can reduce the uncertainty and provide more reliable 

results by combining the results of the different algorithms of individual modeling.  
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Introduction 
Species distribution models are important 

tools in proper management of rangelands. In 

other words, predictive distribution models 

have an important role in supporting the 

decisions related to the conservation of plant 

habitats by providing information on the 

species ecology. So, the use of these models 

is increasing dramatically (Sor et al., 2017; 

Mi et al., 2016). Due to the complex nature 

of the ecological systems, the selection of key 

predictive environmental variables is one of 

the challenges ahead for using these models 

and can restrict the creation of accurate 

models. In the meantime, some modeling 

methods such as machine learning methods 

can estimate the habitat distribution of plant 

species accurately by providing a framework 

to identify these variables (Franklin, 2010; 

Evans et al., 2011; Piri Sahragard and Zare 

Chahouki, 2015). Selecting the optimal 

modeling method can lead to precise 

predictions of plant species distribution 

range, based on the ecological requirement, 

as well as estimating the species distribution 

where despite the suitability of habitat 

conditions, the species presence is limited or 

unknown (Hare et al., 2007). From a practical 

point of view, knowing which model or 

group of models produces more accurate 

predictions at different time and spatial scales 

is the core of resource management 

(Stohlgren et al., 2010). 

A variety of methods such as regression 

models and machine learning methods were 

used in modeling the distribution of plant 

species. Among the machine learning 

methods, Random Forest (RF) are usually 

multiple models created on various sets of 

data, and the use of these methods is 

recommended when the goal is to identify the 

important and influential factors on the 

performance of the model (Guo et al., 2015). 

On the other hand, the Generalized Additive 

Model (GAM) is useful to recognize the 

shape of species response to environmental 

factors due to the flexibility in determining 

the type of the relationship between the 

response and predictor variables, and is more 

flexible compared to the generalized linear 

method (Leathwick et al., 2005). In other 

words, the GAM model has better 

performance than GLM model in plant 

species distribution modeling (Jafarian and 

Kargar, 2017). Although in the case of the 

hierarchical effects between predictor 

variables, decision tree based models such as 

Classification and Regression Tree are 

suitable and the results of these methods 

enjoy more ecological interpretability 

compared to other machine learning methods 

(Death and Fabricius, 2000).  

In general, the accuracy of modeling 

habitat suitability depends on several factors 

such as available information, variables used 

in modeling, and the theoretical foundations 

of each modeling method (Austin, 2007). The 

performance of individual species 

distribution models varies widely between 

species and methods and always has some 

degree of error and uncertainty (Poulos et al., 

2012). Measurement error, subjective 

judgment, and model uncertainty are three 

sources of uncertainty in modeling, and each 

of the mentioned items contains several 

parameters (Ray and Burgman, 2006). Using 

Ensemble models that integrates the results 

of individual models and provides a strong 

model of probability of distribution, one can 

overcome somewhat of the uncertainties in 

the modeling results (Marmion et al., 2009). 

 Chen et al. (2015) used various types of 

predictive models to assess the relative 

importance of biogeographical variables and 

predict the distribution of invasive species in 

China, they reported that RF and MART 

methods had higher accuracy. Breiner et al. 

(2015) modeled the potential habitat of 105 

rare plant species using maximum entropy 

(MaxEnt) methods, GLM and Generalized 

Boosted Models (GBM). The results 

indicated that the performance of Ensemble 

https://ijae.iut.ac.ir/search.php?sid=1&slc_lang=en&auth=Jafarian
https://ijae.iut.ac.ir/search.php?sid=1&slc_lang=en&auth=Jafarian
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models, as one of the ways to reduce over-fit 

and reduce the efficiency of modeling 

methods, is much higher than that of 

individual ones. The comparison of 

predictive accuracy of Tree net, RF, CART 

and MaxEnt methods in predicting the 

distribution of rare species showed that RF 

was the most accurate method to estimate the 

potential distribution of the species in non-

sampling areas (Mi et al., 2017).  

Species Distribution Models (SDMs) 

have different performances; therefore, 

choosing a model with the highest accuracy 

in achieving the modeling goals with low 

habitat variables resulting in the lowest cost 

is challenging. This is achieved only by 

recognizing the capabilities and deficiencies 

of different methods in estimating the 

distribution range of plant species with 

different ecological niches and using 

comparative studies.  

Artemisia sieberi, as suitable forage in 

the steppes of Iran, has an important role in 

water and soil conservation in desert areas. In 

recent years, its distribution has faced serious 

constraints due to the overexploitation (Zare 

Chahouki and Piri Sahragard, 2016). 

Therefore, modeling the distribution of this 

species provides not only the possibility of 

recognizing potential habitat distribution, but 

also provides sustainable exploitation and 

conservation of its habitats. Accordingly, the 

present study was carried out to compare 

predictive accuracy of individual modeling 

methods including GAM, CART and RF 

versus an ensemble modeling approach in 

estimating the potential distribution of A. 

sieberi, as well as identifying its ecological 

requirements in Poshtkouh rangelands of 

Yazd province in central Iran.  

 

Materials and Methods 

The study area 
The Poshtkouh rangelands of Yazd province 

with an area of 170,000 ha, are located 

between the northern latitude of 31º 04' 27" - 

31º 33' 11", and the eastern longitude of 53º 

40' 06"-54º 15' 19" (Fig. 1). The maximum 

and minimum elevation of the study area is 

3958 m and 1389 m above sea level. The 

average precipitation ranges between 270 

mm at Shirkouh elevations to 45 mm in the 

margin of Chah Beiki kavir (Zare Chahouki 

and Piri Sahragard, 2016).  

 

Data collection and pre- processing 
Vegetation sampling was carried out within 

the pure vegetation types of A. sieberi in the 

homogeneous units using a random-

systematic method along 3 to 5 transects of 

300 to 500 m. Depending on the topography 

and changes in vegetation, the distance 

between transects was 300 and 500 m in 

mountainous and plain regions, respectively. 

The quadrate size, depending on the species 

type and density, was calculated to be 2 m2 

using the minimal area method. The sample 

size was determined according to the changes 

in vegetation and calculated to be 50 plots 

using the statistical method. Vegetation 

sampling was performed after determining 

these parameters. To measure the soil 

properties, soil samples were taken along 

each transect from two depths of 0-30 and 30-

80 cm (A total of 110 soil samples). Since soil 

profiles must have a suitable distribution to 

prepare a soil properties map in addition to 

sampling in the habitat of the study species, 

soil sampling was performed in the entire 

study area at similar depths (Carter et al., 

2006). The points harvested in the habitats of 

other species were considered as absence 

points for A. sieberi. 
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Fig. 1. Map of location of the study area in Yazd province, Iran along with the presence and absence of A. sieberi  

In the laboratory, the soil properties including 

gravel, texture, saturated moisture, available 

moisture, lime, gypsum, organic matter, 

acidity, electrical conductivity, and soluble 

salts were measured. The soil properties map 

was prepared in software GS+ (version 5.1) 

Preparation of maps of habitat variables with 

the same spatial resolution (30 x 30 m pixel 

size) was performed in the ArcGIS 10.2 

software environment. Fig. 2 shows the 

environment variables used in the modeling 

process. In general, 19 environmental 

variables including topography and its related 

variables and soil variables were used for 

modeling (Fig 2). In addition to topographic 

variables such as elevation, gradient percent 

and roughness of the earth, parameters 

related to the Heat Load Index and 

Compound Topographic Index (CTI) were 

used. Compound Topographic Index (CTI) 

shows the ratio between slopes in the basin 

and is calculated by the following equation,  

CTI = ln(
𝐴𝑠

tan𝛽
) (Equation 1) 

Where: 

As is the basin area and 

𝛃 is the slope gradient in degrees (Regmi et al., 2010). 

In order to obtain the heat load of the geographic direction is converted to heat load using 

equation 2: 

[1 − cos⁡(θ − 45)]/2 (Equation 2) 

Where: 

The value of θ is Azimuth of direction in 

degree. The value of the heat load index is 

between 0 and 1. Heat load in the northeast is 

zero (the coolest direction) and in the 
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southwest is 1 (the warmest direction) 

(McCune and Keon, 2002).  

In addition, the Roughness Index was 

used as a benchmark for calculating 

topographic heterogeneity in a given range 

using a digital elevation model. The soil 

properties map was prepared in software GS+ 

(version 5.1). Preparation of maps of habitat 

variables with a similar spatial resolution (30 

x 30 m pixel size) was performed in the 

ArcGIS 10.2 software environment. Fig. 2 

shows the environment variables used in the 

modeling process.  

Based on the multicolinearity analysis, 

organic matter (om) and electrical 

conductivity (ec) in 0-30 cm and 30-80 soil 

depths had high variance inflation factor and 

therefore did not enter into modeling. A total 

of 112 presence points were recorded for the 

species. Since the used methods also require 

absence data, the absence points were 

obtained by considering the presence of other 

plant species. In other words, areas where 

other plant species existed and the presence 

of this species was not definite were 

considered absence points for the studied 

species. A total of 112 presence points and 

101 absence points were used for modeling. 

In order to run the models, all presence / 

absence data were selected in the ratio of 70 

to 30 for training and testing. 72 presence 

points and 69 absence points for model 

training and 40 presence points and 32 

absence points for model testing were used. 

Random points were selected using the 

Random Point command in QGIS software. 

 

Individual Modeling  
The RF method is the expanded version of 

tree regression model, which includes a large 

number of classification and regression trees 

(Breiman, 2001). This model shows the 

importance of the variables using the Mean 

Decreased Accuracy (MDA) and Mean 

Decreased Gini (MDG) coefficient approach 

(Pahlavan-Rad et al., 2014). The RF model 

was implemented using the Random Package 

in the R.3.5.2 software. To implement the 

model, its assumptions were used. First, the 

model was run with 100 trees, then 500, and 

eventually 1000 trees to increase the 

accuracy and reduce the misclassification 

error.  

The CART method is considered as a 

powerful tool in determining the most 

important independent variables, solving 

classifying problems and prediction. This 

method creates its branches in binary form, 

and only based independent variables. The 

best branch creation occurs when the 

resulting branches are such that in each 

branch, a class overcomes (overlaps with) the 

other classes and reduces the variety in the 

classes as a criterion for evaluating the 

branches (Pakgohar, 2016). In order to 

implement the method, the Rpart package 

was used in R.3.5.2 software.  

The use of the GAM modeling technique 

has been proposed due to some bugs such as 

unrealistic response curve shape using GLM 

(Heegaard, 2002). In a generalized model, it 

is assumed that the Y response variable has a 

distribution of exponential families with 

mean μ= E (Y|X1,..., Xp), which is connected 

to the predictor variable via the link function 

(g). Generic collective models are expressed 

as (Eq. 3): 

 

𝑔(µ) = 𝑎 + (Equation 3) 

Where: 

fj is the smoothing functions that are 

estimated using the data and advanced 

smoothing techniques of distribution chart 

(Hastie and Tibshirani, 1990).  
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In this study, the Akaike Information 

Criterion (AIC) was used to select the 

appropriate model based on goodness of fit. 

The overall performance of species-niche 

model run was compared to other runs using 

the (AIC) and variable parameter 

significance p-values. The recession method, 

Logit activator function and the spline 

smoother were used in R 3.5.2 software. 

 

 
Fig. 2. Environmental variables used in the distribution modeling of A. sieberi in study area. The numbers in each 

map indicate the name of the map. (Maps 1 and 2: Available moisture content of the first and second depth of soil, 

Maps 3 and 4: Clay content of the first and second soil depths, Map 5: Index of humidity (CTI), Map 6: Digital 

elevation map, maps 7 and 8: Electrical conductivity of first and second depth, Maps 9 and 10: Gravel size of First 

and Second depths, Map 11: Heat Load Index (HLI), Maps 12 and 13: Lime Levels in first and second depths, Maps 

14 and 15: organic matter of first and second soil depths, maps 16 and 17: pH of the first and second depths of the 

soil, map 18: roughness of the surface of the earth and map 19: the slope map) 

 

Ensemble modeling approach 

Ensembles approach is an appropriate 

solution to reduce prediction uncertainty in 

individual modeling. There are various ways 

to achieve an Ensembles map that is used in 

various studies. In the present study, based on 

the nature of the methods used and the 

available data for evaluating binary outputs, 

the weighted average based on AUC method 

from the Ensemble method was used to 

develop a consensus model. In this method, 

the habitat suitability ith grid cell (HSi) in the 

integration model is calculated by the 

equation 4 (Vignoli et al., 2009). 
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𝐻𝑆𝑖 =
∑ (𝐴𝑈𝐶𝑚𝑗×𝑚𝑗𝑖)𝑗

∑ 𝐴𝑈𝐶𝑚𝑗𝑗
 (Equation 4) 

Where: 

mji is the probability of the presence of 

species in the cell i developed by the j 

model.  

The calculations for the operation mentioned 

were performed in ArcGIS 10.2. The output 

map was evaluated using presence / absence 

points. 

  

Evaluation of model performance 
The evaluation of the models used in this 

study was conducted for continuous and 

discrete outputs separately. The AUC and 

RMSE statistics were used to evaluate the 

continuous maps of habitat suitability. After 

preparing the prediction map, the optimal 

threshold of species presence was determined 

using the Youden Index or True Skill Statistic 

(TSS) (Allouche et al., 2006; Wilks, 2011). 

After identifying the correct cutoff value 

(threshold limit value), binary map of habitat 

suitability was evaluated using Accuracy, 

Sensitivity, Specificity and Cohen's Kappa 

indices in R 3.5.2 software. 

 

Results  

a) Evaluation of classification accuracy 

and overall accuracy of prediction 

models 
Based on the values of the AUC and RMSE 

statistics, the RF model had less error than the 

other individual models, and as a result, this 

model has been able to predict the probability 

presence of the A. sieberi with a higher 

accuracy (Table 1). The continuous map of 

habitat desirability of A. sieberi derived from 

the individual used models and the binary 

map of the habitat suitability after applying 

the Youdon's threshold limit on the 

continuous maps is presented in Fig. 3. 

Statistics of the accuracy evaluation of 

predictive models after applying the 

threshold limit and classification of binary 

maps of for all the used models indicate the 

superiority of the Ensemble approach 

compared to individual models (Table 2). 

The Youdon's index value for the Ensemble 

map was 0.763. Fig. 4 shows continuous and 

binary maps of the habitat desirability in the 

Ensemble model. 

The AUC metric value for the Ensemble 

model in this study was 0.957, which is lower 

than the RF model and higher than the other 

single models used in this study. If the 

predictive power of the model is based on the 

Sensitivity metrics and Specificity of the 

model, the Ensemble model has the highest 

Sensitivity among the models used. The 

Sensitivity value of this model was 0.917, 

which shows that the Ensemble model has 

been able to correctly predict about 91% of 

the presence points of the species in the study 

area. 

 
Table 1. Evaluation of the efficiency of individual models used in A. sieberi species distribution modeling process 

Model Performance Summary 

 AUC RMSE 

Random Forest 0.971 0.256 

CART 0.885 0.387 

GAM 0.913 0.356 

AUC: Area Under Curve; RMSE: Root Mean Square Error 

CART: Classification and Regression Tree; GAM: Generalized Additive Model 
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Table 2. Evaluation of the efficiency of threshold limit applied in identifying of habitat suitability of A. sieberi in 

the used models 
Model Index of Performance of Cut off 

 Accuracy Sensitivity Specificity Cohen's kappa Area (ha) Area (%) 

CART 0.861 0.875 0.844 0.719 92717 52.84 

GAM 0.889 0.90 0.875 0.775 74832 42.64 

Random Forest 0.929 0.897 0.968 0.857 73661 41.98 

Ensemble 0.957 0.917 1.00 0.915 79628 45.38 

CART: Classification and Regression Tree; GAM: Generalized Additive Model 

 

 
Fig. 3. Prediction probability maps, threshold identified for each map, and binary prediction map of individual models 

 

b) Analysis of the importance of 

environmental variables 
Based on the result of analysis derived from 

the RF model, elevation has remarkable 

effect on the presence of the A. sieberi 

species (42%) (Table 3). In addition, the clay 

content of the second depth (Clay2) and pH 

of the first depth of soil (pH1) also had the 

similar effect on the presence and absence of 

species. On the contrary, moisture index and 

heat load index had the least effect on the 

occurrence of the A. sieberi. Result shows 

that by increasing the value of clay 2 up to 16 

percent, the presence probability of the 

species increases and with the increase of 

clay to more than 16%, the habitat 

desirability decreases. So, in areas with 25-

30% clay 2, the suitability of habitat is zero. 

Similarly, the response of the species to the 

pH of the first depth of soil (pH1) was similar 

to that of the other variables. There was 

maximum habitat suitability in pH of 7.7 to 

7.8, but with increasing this amount, the 

suitability of habitat decreased and the 

probability of absence of species increased. 
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Fig. 4. Continuous (left) and Binary maps (right) of the habitat of A. sieberi derived from the Ensemble model 

 

The results of the CART analysis indicate 

that the variables Clay in 0-30 cm and 30-80 

soil depths and Digital elevation Model 

(DEM) have the most effect on the A. sieberi 

occurance (Fig. 5). In fact, the pruned tree 

shows that based on the characteristics of 

clay2, clay1, roughness and pH1, the final 

decision can be made in relation to presence 

/ absence of species. Accordingly, if the clay 

content of clay 2 is more than 9.6%, 

roughness value ≥1.2 and pH1 is greater than 

7.6, the presence of the species will occur.  

 
Table 3. Analysis of the variable importance in A. sieberi species occurrence derived from RF method 

Environmental Variable Absence Presence MDA MDG 

Digital Elevation Model 35.84 38.52 42.00 7.709 

Clay2 33.35 38.28 40.20  6.995 

pH1 31.31 36.37 38.97 6.555 

Clay1 31.42 35.84 38.70 6.714 

Available water 1 24.72 30.05 30.80 3.637 

Lime1 22.14 24.51 26.07 3.049 

Available water 2 19.82 19.75 23.73 2.058 

Lime2 16.19 16.34 20.11 1.605 

pH2 14.69 14.80 18.05 1.374 

Gravel1 9.69 13.63 15.55 1.622 

Slope 6.05 9.02 10.62 0.894 

Roughness 3.27 10.84 10.12 0.819 

Gravel2 5.66 6.30 7.99 0.893 

Compound Topographic Index (CTI) 4.20 3.70 5.60 0.443 

Heat Load Index (HLI) -2.87 7.52 4.81 0.429 

MDA: Mean Decreased Accuracy; MDG: Mean Decreased Gini 

Code 1 and 2 show 0-30 and 30-80 cm soil depths, respectively. 
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Fig. 5. Pruned and unpruned decision trees derived from the CART method 

 

Based on the results of full model 

implementation, clay1 and clay2 with the 

AIC criterion of 93.76 had the highest effect 

on the presence and absence of A.sieberi 

(Table 4). So, in the reduced model, the value 

of the AIC statistics for this run with these 

two variables was 63.68 (Table 5). 

Accordingly, the effect of clay1 and clay2 

variables on the probability of presence is 

more than other variables in this study. The 

results show that for clay1 variable, by 

increasing this variable up to 13%, the habitat 

suitability was increased, but by increasing 

the amount of clay1 to more than this amount, 

the habitat suitability is reduced. This trend is 

different for clay2 so that by increasing its 

value to more than 15%, the habitat 

suitability and probability of habitat of 

species presence increase (Fig. 6).  

 
Table 4. Predictive variables and degree of freedom derived from running full model in the GAM method 

Variable Df Standard Error P-value GAM Coef. AIC 

pH1 3.139 2.108 0.212 -11.471 

93.76 

Digital Elevation Model 3.344 0.001 0.390 0.006 

Compound Topographic Index 3.067 0.188 0.998 -0.602 

Lime2 3.062 0.122 0.788 -0.299 

Clay2 2.697 0.195 0.042 -0.257 

Lime1 2.880 0.118 0.812 0.788 

Clay1 2.866 0.157 0.010 0.072 

Heat Load Index 2.994 4.547 0.985 -1.275 

Available water 2 3.029 0.222 0.637 -0.565 

Gravel2 2.984 0.072 0.994 -0.243 

Slope 3.372 0.104 0.994 0.052 

Available water 1 3.194 0.282 0.684 1.088 

Gravel1 2.965 0.095 0.974 0.383 

Roughness 3.301 1.781 0.982 -0.733 

pH2 2.905 1.105 0.837 4.626 

Code 1 and 2 show 0-30 and 30-80 cm soil depths, respectively. 

 

Table 5. Predictive variables and degree of freedom derived from the reduced model in the GAM method 
Variable Df Standard Error P-value GAM Coef. AIC 

Clay2 2.780 0.121 0.023 -0.537 
63.68  

Clay1 3.079 0.122 0.000 0.881 
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Fig. 6. Relationship between significant environmental variables in the GAM model with the presence of A.sieberi 

 

Discussion 

Complex ecological analyses require robust 

and flexible analytical methods that can 

consider nonlinear relationships, 

interactions, and missed data. Comparison of 

the results of continuous maps of habitat 

desirability prediction showed that based on 

the individual model performance evaluation, 

the RF model has better performance than 

two other models in identifying the suitable 

habitat of the species (AUC = 0.971; RMSE 

= 0.256). In other words, the RF model has a 

higher efficiency in modeling the distribution 

of species and estimating the potential 

distribution of species using presence / 

absence data. The high accuracy of the RF 

model compared to other models has been 

reported in similar studies (Benito Garzon et 

al., 2006; Evans and Cushman, 2009; Guo et 

al., 2015). The GAM method showed a 

moderate performance in terms of prediction 

accuracy, and was ranked among these two 

methods (AUC= 0.913; RMSE=0.356). 

GAM is a data-driven method that by 

discovering nonlinear and non-uniform 

relationships between the response variable 

and the predictor variable set, can maximize 

the predictive efficiency of the response 

variable (Jafarian and Kargar, 2017). The 

results of the accuracy evaluation of the 

models studied also show that the CART 

model has a lower accuracy in estimating the 

distribution range of A. sieberi species 

compared to the other two methods (AUC= 

0.885; RMSE= 0.387). 

On the other hand, the results from the 

application of the Ensemble model as the 

resultant of all the individual models showed 

that the Ensemble models could be more 

efficient than individual modeling methods. 

In other words, due to the use of outputs of 

various models, the Ensemble model in 

addition to reducing uncertainty will also 

reduce the weaknesses in individual models 

(Capinha and Anastácio, 2011). In line with 

the findings, it has been reported that using 

Ensemble models as a resultant of all the 

models can be more efficient than other 

individual models (Latif et al., 2013; Poulos 

et al. 2012). According to the mentioned 

points, it should be noted that when models 

are combined based on the AUC values and 

the Ensemble model is formed, the 

performance of the model increases 

considerably. So, the values for the accuracy 

and Kappa index for this model would 

https://ijae.iut.ac.ir/search.php?sid=1&slc_lang=en&auth=Jafarian
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increase to 0.957 and 0.915, respectively, 

which itself suggests a higher efficiency of 

the Ensemble model compared to the 

individual models.  

Soil properties are important factors in 

the distribution of plant species, especially in 

arid and semi-arid regions (Hosseini et al., 

2013; Piri Sahragard et al., 2019). According 

to the analysis of the importance of 

influential variables in predicting models, 

soil properties (including physical properties 

such as soil texture and chemical properties 

such as pH and CaCO3) play a crucial role in 

habitat suitability for the establishment of 

this species as the elevation does in species 

distribution. The effect of elevation on the 

distribution of suitable habitats of this species 

has been reported in other studies (Hosseini 

et al., 2013; Kargar-Chigani et al., 2017; 

Amiri et al., 2019). Contrary to this finding, 

it has been reported that altitude did not affect 

the A. sieberi distribution, while the average 

annual temperature affected its distribution 

(Mousaei Sanjerehei and Rundel, 2017). 

Numerous researchers have emphasized 

the role of different soil properties in the 

distribution of this species. Accordingly, the 

direct effect of available soil moisture on 

species distribution (Zare Chahouki et al., 

2012); the positive impact of increasing the 

amount of lime and soil organic matter on the 

presence of the studied species in the habitat 

(Hosseini et al., 2013); the effect of 

increasing lime, pH, and soil silt content on 

habitat suitability for this species (Piri 

Sahragard and Zare Chahouki, 2016), and the 

effect of the appropriate amount of CaCO3 on 

species growth (Kargar-Chigani et al., 2017) 

have also been reported. The positive effect 

of appropriate amounts of CaCO3 on the 

growth and distribution of the species can be 

due to the modification of soil acidity, 

increasing nutrient uptake, and thus, habitat 

suitability for the species under study 

(Hosseini et al., 2013; Piri Sahragard et al., 

2019). Consistent with the findings of this 

study, it has been reported that an adequate 

amount of CaCO3, especially in soils of arid 

and semi-arid regions can be beneficial for 

plant growth, especially this species. The 

positive correlation between the amount of 

canopy cover of A. sieberi and the amount of 

CaCO3 confirms this (Sanjerehei, 2012). The 

amount of soil clay is another feature 

affecting the habitat suitability of A. sieberi. 

The amount of soil clay as one of the factors 

affecting soil texture has caused soil texture 

to be recognized as an important factor in soil 

moisture, soil formation and aeration, and 

ultimately affecting the distribution of plant 

species (Piri Sahragard et al., 2019). 

 

Conclusion 
Studying the relationships between 

environmental factors and plant species 

distribution and providing reliable scientific 

resources at the local scale are essential for 

habitat conservation and restoration 

programs. Based on the results obtained in 

the present study, the results of the Ensemble 

modeling approach are more suitable for this 

purpose compared to other single modeling 

methods due to the reduction of error rates of 

individual modeling algorithms. Thus, the 

Ensemble-based model could be considered a 

part of a management support system to 

adopt the right management decisions in the 

regeneration of native species such as A. 

sieberi in the rangelands. It leads to the 

preservation of native species in natural 

habitats and sustainable use of rangeland 

vegetation. Physical (soil texture) and 

chemical properties of soil (pH and CaCO3) 

and elevation are the variables affecting the 

distribution of species. Low-elevation areas 

where soil contains good levels of CaCO3 

from an ecological point of view are more 

suitable for the distribution of this species. In 

general, besides elevation, soil-related 

properties such as clay content of the first and 

second depths have a decisive role in the 

occurrence of A.sieberi species. Accordingly, 
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the central and eastern regions of Poshtkouh 

rangelands in Yazd province are potentially 

suitable for species establishment. Therefore, 

it is suggested that these areas are prioritized 

in the species habitat development program 

in these rangelands. 
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 در Artemisia sieberi گونهبالقوه بینی پراکنش سازی اجماعی برای پیشرویکرد مدل

 مراتع بیابانی استان یزد، مرکز ایران

 *ج صحراگرد، حسین پیری بپیمان کرمی، الفمحمد علی زارع چاهوکی
 دانشگاه تهران، کرج، ایراندانشکده منابع طبیعی خشک و کوهستانی،  گروه احیا مناطقاستاد  الف
 ملایر، دانشگاه ملایر، ملایر، ایران نشکده منابع طبیعی و علوم محیطی محقق، گروه علوم محیطی، دا ب
 استادیار گروه مرتع و آبخیزداری، دانشکده آب و خاک، دانشگاه زابل، زابل، ایران  ج

 hopiry@uoz.ac.ir، پست الکترونیک: )نگارنده مسئول(*

 

رویکرد سازی انفرادی در مقابل های مدلوشبرخی از ربینی پیش پژوهش حاضر با هدف مقایسه دقّت .چکیده

در  Artemisia sieberiشناختی گونه زهای بومسازی گروهی در برآورد پراکنش بالقوه مکانی و شناسایی نیامدل

رداری بهای حضور گونه به روش نمونهمرکز ایران انجام شد برای این منظور، دادهمراتع بیابانی استان یزد در 

های مربوط به متغیرهای محیطی با نقشهسازی آمادهوری شد. بعد از آجمع 8931سال  درسیستماتیک  -تصادفی

ای هسازی انفرادی پراکنش گونه گیاهی با استفاده از روشاستفاده از سیستم اطلاعات جغرافیایی و زمین آمار، مدل

RF ،CART  وGAM های های انفرادی با استفاده از آمارهبینی مدلانجام شد. عملکرد پیشAUC  وRMSE بررسی 

 تبدیلحد آستانه مناسب برای ایجاد شد.  AUCاساس میانگین وزنی بر اساس بر اجماعیشد. علاوه بر این، مدل 

های . مقایسه عملکرد مدلمحاسبه شد TSS شاخص های مطلوبیت رویشگاه، بر اساسهای پیوسته به نقشهنقشه

ی بینمقایسه با دو مدل دیگر دارای دقّت بیشتری در پیش در RFمدل بیانگر آن است که  انفرادی مطلوبیت رویشگاه

حضور و های معیارهای توافق نقشهبررسی  (.RMSE= 0.256و  AUC= 0.971پراکنش گونه مورد مطالعه است )

مقایسه کلی نتایج حاصل از سه مدل مورد . نیز بیانگر برتری این مدل نسبت به دو مدل دیگر بود حضورعدم

. ای انفرادی مورد استفاده بودهنیز بیانگر کارایی بالای این مدل در مقایسه با مدل اجماعیاستفاده در مقابل مدل 

 .Aاستقرار گونهالعه دارای مطلوبیت بالایی برای از محدوده مورد مط درصد 91/54، اجماعیاساس نتایج مدل بر 

sieberi  .جنگل تصادفیدر مدل  تحلیل اهمیت متغیرهااست(RF) (، %54) نشان داد که متغیرهای ارتفاعClay1 

سازی اجماعی طور کلی، مدلبه ند.ر( بیشترین تأثیر را بر حضور گونه مورد مطالعه دا39/91%) pH1و ( 24/52%)

سازی انفرادی، باعث کاهش عدم قطعیت و ارائه های مختلف مدلفیق صحیح نتایج حاصل از الگوریتمتواند با تلمی

 نتایج قابل اعتمادتر شود.

بیابانی مراتع  خصوصیات خاک، مدل اجماعی،، AUCمیانگین وزنی سازی پراکنش گونه،مدل کلمات کلیدی:

 ایران


