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In recent years, desertification has become one of the most significant global 
environmental challenges, highlighting the need to identify areas prone to 
desertification and the factors driving this process. In the present study, 
desertification was modeled using machine learning algorithms across the provinces 
of Isfahan, Markazi, Qom, Kerman, and Yazd during 2002–2010. The trained 
algorithms were then applied to predict desertification and validate their performance 
for a second period, 2011–2018. In this research, the Random Forest (RF), Support 
Vector Machine (SVM), Gradient Boosting Machine (GBM), and Extreme Gradient 
Boosting (XGBoost) algorithms were employed to predict the spatial distribution of 
desertification. To identify desertified areas, remote sensing indices were utilized, 
while precipitation, air temperature, elevation, direct soil evaporation, wind speed, 
air humidity, rural population density, and distances from cities and roads were 
considered as input variables. After optimizing the hyperparameters, the Area Under 
the Receiver Operating Characteristic Curve (AUC) was calculated to evaluate 
model performance and determine the most accurate algorithm. The results for the 
first period indicated that RF outperformed the other algorithms, achieving the 
highest accuracy with an AUC value of 0.879. In addition, the AUC values for SVM, 
GBM, and XGBoost were 0.872, 0.872, and 0.861, respectively. RF also 
demonstrated strong temporal stability by maintaining the highest predictive 
accuracy (AUC = 0.800) during the second period. During this period, the AUC 
values for GBM, XGBoost, and SVM were 0.780, 0.770, and 0.564, respectively. 
Moreover, RF achieved the highest accuracy in Qom (0.655), Kerman (0.818), 
Markazi (0.898), and Yazd (0.798). Finally, wind speed was identified as the most 
influential variable contributing to desertification in the study area. This study 
demonstrated that machine learning algorithms, particularly RF, are effective tools 
for predicting desertification risk in central Iran. 
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EXTENDED  ABSTRACT 

INTRODUCTION 
Desertification, defined as land degradation in arid, semi-arid, and dry sub-humid regions, is primarily 
driven by human activities and climate change (Chen et al., 2019; Feng et al., 2022). According to the 
Desertification and Land Degradation Conference, this phenomenon is projected to affect more than 
785 million people living in dryland areas—equivalent to 17.7% of the global population—in the 
coming decades (Kamali Maskooni et al., 2021). Various models have been employed to assess the 
severity, spatial dynamics, and future trends of desertification in Iran and worldwide, including 
IMDPA (Fakhrabadi et al., 2019; Geldizadeh et al., 2023), MEDALUS (Boali et al., 2020), MICD 
(Silakhuri et al., 2014), and CA–Markov (Halabian and Soltanian, 2017). Nevertheless, the application 
of machine learning algorithms in desertification studies remains relatively limited. The present study 
aims to model desertification during the first period (2002–2010) using machine learning algorithms 
and subsequently extend the trained model to predict desertification patterns for the second period 
(2011–2018). In addition, the study identifies the key environmental and anthropogenic drivers 
contributing to desertification and generates a probabilistic map of its potential occurrence. 

 

DATA AND METHODOLOGY  

The study area encompasses the provinces of Qom, Markazi, Isfahan, Yazd, and Kerman. Initially, a 
desertification reference dataset consisting of desertified (class 1) and non-desertified (class 0) 
locations was generated using NDVI, TGSI, and Albedo indices combined with visual interpretation 
of Google Earth imagery. Areas that showed no signs of desertification during the first period but 
exhibited degradation in the second period were classified as desertified points. In the second step, a 
set of predictor variables—including precipitation, direct soil evaporation, wind speed, near-surface 
humidity and relative humidity, air temperature, elevation, rural population density, distance to cities, 
and distance to roads—was compiled for the two time intervals, 2002–2010 and 2011–2018. 

Subsequently, four machine learning algorithms (SVM, RF, GBM, and XGBoost) were trained using 
grid search hyperparameter tuning combined with cross-validation, and a probabilistic desertification 
map was produced for the first period (2002–2010). Model performance was evaluated using the Area 
Under the ROC Curve (AUC). The trained models were then transferred to the second period (2011–
2018) to generate the corresponding desertification probability map. Finally, the importance of the 
contributing variables was quantified using the Mean Decrease Impurity (MDI) criterion within the RF 
algorithm. 
 

RESULTS AND DISCUSSION 

Table 1 presents the accuracy assessment of the machine learning algorithms based on AUC values for 
the first study period (2002–2010). During this period, the AUC values obtained for the test samples 
were 0.879 for RF, 0.872 for both SVM and GBM, and 0.861 for XGBoost. These results indicate that 
all four algorithms achieved an acceptable and reliable performance in modelling desertification 
during the first time interval. 

Table 1: AUC values of machine learning algorithms (2002–2010) 
Algorithm AUC (Training Samples) AUC (Testing Samples) 

RF 0.877 0.879 
SVM 0.877 0.872 
GBM 0.875 0.872 

XGBoost 0.873 0.861 
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Figure 1: Desertification probability maps for the period 2002–2010: RF (a); GBM (b); XGBoost (c); 

and SVM (d) 
Table 2 summarizes the accuracy assessment of the machine learning algorithms based on AUC values 
for the second study period (2011–2018). 

Table 2: AUC values of machine learning algorithms (2011–2018) 
Algorithm AUC  

RF 0.800 
SVM 0.564 
GBM 0.780 

XGBoost 0.770 

 

During this period, the RF algorithm achieved the highest performance with an AUC of 0.800, 
whereas the SVM algorithm yielded the lowest accuracy, with an AUC of 0.564. These results indicate 
that the Random Forest (RF) algorithm exhibits a higher generalization capability with respect to 
temporal variations and shifts in desertification patterns, making it a more reliable approach for future 
predictions. The superior performance of the RF algorithm can be attributed to its ensemble nature. In 
this method, each decision tree is constructed through bootstrap sampling and the random selection of 
a subset of predictor variables. This diversity in tree construction reduces inter-tree correlation and 
consequently decreases the generalization error. As a result, increasing the number of trees enhances 
model stability and predictive accuracy, ultimately minimizing the overall error of the model (Saha et 
al., 2020). 
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The importance of variables influencing desertification in the study area, as assessed by the RF 
algorithm, is presented in Table 3. According to these results, wind speed (58.13), direct soil 
evaporation (56.66), and air humidity (53.29) were identified as the most influential factors 
contributing to desertification. Other variables ranked lower in importance, with comparatively 
smaller contributions. 

Table 3: Variable importance in desertification within the study area 
Importance Variable  

58.13 Wind speed 
56.66 Direct soil evaporation 
53.39 Air humidity 

37.14 Distance from cities 
36.77 Population density 
36.45 Daily air temperature 
35.85 Distance from roads 

35.56 Elevation 
33.85 Near-surface humidity 
32.30 Precipitation 

 

This finding is consistent with previous research conducted in Iran, which identifies arid climatic 
conditions as a primary driver of desertification (Akbari et al., 2007; Halabian & Jamshidian, 2019; 
Heydari Alamdarloo et al., 2022; Zeaiean Firouzabadi et al., 2013). Moreover, wind speed—identified 
as the most influential factor in this study—intensifies wind erosion, affecting soil structure and 
fertility, and is widely recognized as one of the major drivers of land degradation in arid regions 
(Lackóová et al., 2023). 

 

CONCLUSION  

Spatial modeling using machine learning algorithms provides an effective approach for identifying 
areas susceptible to desertification and analyzing the key drivers influencing this process. The results 
of this study demonstrated that the Random Forest (RF) algorithm outperforms other methods in terms 
of accuracy, temporal stability, and generalization capability, making it a robust tool for predicting 
future desertification in arid regions of Iran. Furthermore, the findings highlighted that climatic 
factors, particularly wind speed, soil evaporation, and air humidity, play a critical role in the expansion 
of desertification. These insights can assist environmental planners in identifying high-risk areas and 
developing more effective strategies to mitigate and reverse the desertification process. 
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� ��� B)�N( &)��)Xu et al., 2024(. 
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MEDALUS3 �MICD4 �GLASOD5 �ICD6 �CA-Markov .$)��#�� �  �/ ,�� !)� .��� ����� ! ��� -� 0��) -�/

! �� �<�= �&A �;� -�/�� �� x�(�A�  ���? �&
�	�&/� 0  &��A$I� -�/ \=�� �–  &� �% �� �� -��K$;� ��� 0

'����A/ � &���� &y J), 1398(.   

                                                      
1 - Iranian Model of Desertification Potentical Assessment 
2 - Environmentally Sensitive Areas 
3 - Mediterranean Desertification and Land Use 
4 - Modified Iranian Classification of Desertification 
5 - Global Assessment of Soil Degradation 
6 - Iranian classification of desertification 
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1 - Normalized Difference Vegetation Index 
2 - Topsoil Grain Size Index 
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 :S�) �� =�!T� !�� 	-�)  
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1 - Albedo 
2 - https://chelsa-climate.org/ 
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1- Penman-Monteith-Leuning 
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1   - Digital Elevation Model 
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1 - https://overpass-turbo.eu/ 
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�	� �� ��= � �	$7/ �(��"�� &)��  .@
� �$A� �/3��$
E ! 	vA/  �/

'�%� % 3� &OZ�	� -��% 'E �� &)�� 3% @
� ����� k� �/ 3��0 '�%� % ��4� 3� &OZ�	� 3� �� j�8$�� -�  �) � �	$7 � &)��

'�%� %  .���
 ����E �� ����� 6
�$� � .� &)��  

�$�!�� ��
+� 
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) ,�� &���� ���� -��% @)�"� ��1380-1389 ����( (1206 � �� @����% 3��A�'E �� &A � 3 3��A� �/  -�/

'�%� % '�%� % ��� �#)� &A � � &)�� ) ��� &���� ���� -��% .����% &)��1389-1397 ����( � � (1700  @����% 3��A�

'E @N7� 3� ��  .@
� -��7� ,�� ���� �	��� �/ B��11 '�%� % 3��A� r�O� @ �;�� '�%� % ��� � &)��  -��% &)��

 -�/ ,�
1389  �1397 &� '��� �� .�/�  

 
 B��11: % r�O� 3�O� '�%� ��&) % ��� � '�%� ��&) ���� ����& 1380 -1389 ���� ���� �(i��)& 1389 -1397 (j)  

*!��e ��)� bN�%� �0� �HN��  

 ���/ @%�Z� �_�
 3% C)��� ��% @��
 �&0����% B��� �:�1 3����� �� BO$7� -�/ � ]$�N7� @%�Z�& ���)C  3%

_�
 �^�H(�� �<�= _�
 �� � 8N( �3����� -��� �.���( ��� 3�N� �� 3�9�J �@ �AI  ���� .@
� �/�"� �� 3�9�J � �/

 &A �;� -�/ 3��/�� ���9 3%@J�)��  � `�
� #�� ! ��% 3��
 �	4.�� 3N
�5� ���� �/ -  ,�
 �� &���� ,�� ����

1380 �( 1389  ,�
 �� &���� ��� ���� �1389  ,�
 �(1397  3�N� �� 3�9�J �@ �AI .���( -�/ ���� .���% &�

��� .�� 3N
�5� ��� '� % �( � ? 3� 3��0 '�A/ � � �/ �"� �� 3�9�J � �/  

 h�
N�� $
d���WN 0�� �R�%�� ���%�   

.$)��#��  -�/SVM �RF �GBM  �XGBoost  .�� ���� U���E &��%� % � w � ��� '�%� % YZ�	� -�/ 3��A� 
�
��%

 .$)��#�� �/�G? !)� ��SVM 3ONZ �% 6N(�� ������� �� >
�	� ����A� B �� 3% ) '� 
�0� � -�	%Dabija et al., 

(2021)f Nhaila et al., (2022)f Samantaray et al., (2023)f Tehrany et al., (2015) .@J�0 ���; ���H$
� ���� ( 

��#��).$ RF � � ��#�� �� 3�).$ �/- )0�� �- /��0&1 	$N� �& ��$
� ��% uA�( �%2 �� 3% �@
� B �� �(b�% @;� 

.$)��#�� �� -�� 7% �% 37)�O�  W)�$� 
�
� �% .$)��#�� !)� j�8$�� .@J�0 ���; ���H$
� ���� ! ��� -� 0��) -�/

 ��O O5( � X� ���$� �������Chen et al, (2017), (2018)  � Park & Kim, (2019)�Sahin et al,  (2018)  ���%

.$)��#�� .@
�  -�/GBM  �XGBoost .$)��#�� ��I 3� �% &	$N� &/��0 -� 0��) -�/ �O()@3 � ���;& 0 ����  ��

���� �� 7% �� =� -�/ ,�
 ���% ! OO5� 3I�(  ���)Bao et al., 2022; Chen et al., 2022; Sahin, 2020( !)� .

                                                      
1 - Ensemble Learning 
2 - Bootstrap Aggregating 
3- Boosting 
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$)��#��. ���� -�� �% U���E '��� ���A$� B �� 3% �/ 3% 3� &)�/ � ? ��N$�� 3ONZ �) &	 % ��� -�	%  &)b�% @;� ����

&� 3}��� ��  � X� &(�O O5( � �	/�Kavzoglu & Teke (2022) � Sahin (2020)  � Wei et al, (2022) -�(�% 3% � �

 .$)��#��XGBoost  .��� ���� ����� ! ��� -� 0��) -�/ .$)��#�� �)�
 3% @N7�  

 

0�N��$�2��J  ���) ��%��� 

3% ,�� -��% 3	 "% .$)��#�� j�8$�� ��X	� '�%� % ��)�? -��
 .$)��#�� @
� �� � �&)��  !)�$"% �� &
��% ���� -�/

.$)��#�� -�/�$����?��J . X	( Y)�Z �� ��� !)� .���� &%�)��� -����A� @ �:�  &%� $
� B%�; ! ��� -� 0��) -�/

;� ��N"% >I�� �/�$����?��J >
�	� . X	( .@
� �@ �� -� 0��I� % U���% &� ,�� -���)�? �)��J� �  �� `? .���

.$)��#�� ����A� ��/�$����?��J . X	( \=�� �� ���H$
� �% �/ 'E '� � 37)�O� � &%�)��� -�/  j�8$�� 3	 "% .$)��#�� ��/

 ��)Schratz et al., 2019; Weerts et al., 2020; Wu et al., 2019(���� �� ���H$
� �% �/�$����?��J -��
 3	 "% . 

) &���� ,�� ���� &����E -�/1380-1389&�	
��N$�� U�� Y)�Z �� � ( B%�O$�1   �%5-Fold ����( �20  �

��$7I- 3�N�2 �- .�� �����  

 -�/ .$)��#�� -��%RF �SVM  �GBM� 3	��� ��/�$����?��J ����( '��% ���5� B �� 3%  �/�$����?��J 3 ��� �)��O� �� -�

.���� ���� U���E �/ ,�� � !  �(  �B%�O� �� .$)��#�� -�/�$����?��J ��)� ����( 3% 3I�( �%XGBoost � 3	 "% �	)��J

 3� -� 3��0 3% ��� ����� -� 3�1�� ���9 3% ��"�E -��
��  �"	( 3�1�� �/ !)� � ���� -��
 3	 "% �$����?��J ��

.@J�) 3���� �/ �$����?��J B��� . X	( �( ���� 

 	�! �����$� 

��%- ���)%�& ��#�� @;�).$ �/-  �3���������25 3% ,�� ���� �� 3��A� r�O� B� ����( �� �9�� J��K( ���9&  j�8$��

3% � ���� '��	� �/- ���E)�& 
 ��X	� 3% .�� 3$J�0 �X� ��� @1�7� \=�� �� ��/ ,�� ����A� ��	)� 	5	�& 

ROC3 (AUC4) �� ���H$
� . ���O�AUC  �% �%��%1  ���O� � ����% ,�� Y ;� a��� ����A� �#�� %5/0  ����A� �#�� %

 @
� i �:)Chicco & Jurman, 2023; Hong et al., 2015; Nguyen et al., 2019(. 

'���%� D�+N;� �/H� �%�
& *$�! ���� ���� ����� ��0  

X	( �� `? . �/�$����?��J- ��#��).$ �/- ���� �/ 3�O� �3�����- % ,�A$1� '�%� ��&) ��%- ���� ,�� ����& )1380-

1389��( ( � � .��)!  �8% �� �/ 3�O�)3$J� �5( � 3}��� �/ B .��� ���  

.$)��#�� ����A� &���� -���)�? &%�)��� @"I ,�� �� �/ '�%� % -��
 3�O� �&)�� '�%� % ,�A$1� -�/  ���� -��% &)��

 &����1389-1397  \=�� �� ���H$
� �% �"�E &%�)��� 3% &�)���E -�/ 3��A� �� ���H$
� �% � � ��( � �AUC ? 3$=���

&���� &�	
 ��N$�� 3% ��� ����� ,�� ���� �� 3� &���� &�	
 ��N$�� �% ��a� '��( &� 3�1�� !)� ����� �% .��-

 &���� ���� Y O5( !)� ��) ��	)E '��� -�/ ���� �� ���H$
� �% �/ .$)��#�� &����1389-1397.@=���? � � (  

'���%� $! *!��N)� !$
� ��0�%bN� 	%+0� �%%7& ����  

                                                      
1 - Cross-validation 
2 - Grid Search 
3 - Receiver Operating Characteristic 
4 - Area Under the Curve 
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 �� ��|0� Fq( -�/� ]$� @ A/� ��/�G? &)�"� 3�1�� ��,�� -��
 '�%� %  ���; &%�)��� ���� &(������ 3O�	� �� &)��

U���E .$)��#�� 
�
� �% 3� @
� &����� &)�
�	� �B �5( !)� �� {�/ .@J�0  � !  N( �� �� �O� !)�$� % ���)�

� ? '�%� % &	 % &� �H)� &)�� �		�. $�� �� `? �� �� �� ���H$
� �% �/� ]$� @ A/� �-��
 ,�� -��% 3	 "% .$)��#�� j�8

 �/��� #�� ! K��=��&1 )MDI (�� 3$=���?.  

i3� � j��N� 

�%��� ��%R!�� ��0 WN�$
d�� ��0�N��$�2��J ��%�� ��!�H�  

 ,��I1  .�/� &� '��� �� �/�G? !)� �� ���H$
� ���� ! ��� -� 0��) -�/ .$)��#�� -�/ �$����?��J 3	 "% �)��O�

( 3����� 3O�	� �� ��� [��8$
� -�/ 3��A� �� ���H$
� �% � �/ ,�� U���E �	)��J 
�
� �% �)��O� !)� .��� ��� !  �  

 D��#1: �� $��H�%�� �N��$�2��J �0� $
d���WN �0� �R!�%�� ���%� 
 WN�$
d�� �N��$�2��J ��%�� $��H�  

RF  

mtry  9  

min.node.size  1  

splitrule  extratrees  

SVM  
C  �

�� 
sigma  �

�� 

GBM  

interaction.depth 19  

n.trees  1600  

shrinkage  0125/0  

n.minobsinnode  3  

XGBoost  

nrounds  900  

max_depth  5  

eta  015/0  

gamma  0  

colsample_bytree  1  

min_child_weight  1  

Subsample  75/0  

  

WN�$
d�� 	�! �����$� !�� ��0 ����� *$�!) �%��� ��%R1380 -1389( 

 ,��I2  �)��O� 
�
� �% �� ! ��� -� 0��) -�/ .$)��#�� @;� &%�)��� W)�$�AUC ) &���� ,�� ���� ��1380 -

1389.�/� &� 3}��� (  

 D��#2: !�H��� `V�� AUC $
d���WN �0� �R!�%�� ���%� )1380-1389( 

 WN�$
d��   $��H�AUC  (���
�e ��0 ��
+�)   $��H�AUC (�/����e ��0 ��
+�)  

RF  877/0 879/0  

SVM  877/0 872/0  

GBM  875/0 872/0  

                                                      
1- Mean Decrease Impurity 
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XGBoost  873/0 861/0  

  

&� '��� �/ ,�� &%�)��� W)�$�  .$)��#�� 3� �/�RF ���� 3��A�� �� �/ ��   -�$"% ����A� &�)���E � &����E

.$)��#�� �)�
 3% @N7�  .$)��#�� �'E �� `? .���� &
��% ���� -�/SVM ���� �8% ��  -�(b�% @;� &����E -�/

&� 3}��� ���� &%�)��� �� ��� ��/�  .$)��#�� �% 3%��� 'E ����A� �&�)���E -�/GBM .$)��#�� �B%�O� �� .@
� 

XGBoost ���� -�	% 3ONZ �� �� @;� !)�( ! )�?  3� @
� 'E �� &��1 W)�$� �&�� ��Z 3% .��� '��� &�)���E -�/

 .$)��#��RF .$)��#�� �)�
 3% @N7� >
�	� 3	)�0 �! ��� -� 0��) -�/ ,�� -��% -�( '�%� % -��
  3O�	� �� &)��

 .���% &� &���� ,�� ���� &Z 3����� ����  

"% ����A�&� &J��K( B#	I .$)��#�� �$  -�(b�% @;� @)�"� �� 3� ���% '�$=�� &/��0 U���E B �� 3% ����(

3% 3� ����� &��$=�� 3% @N7�  ���93��0��I  �% �@=�� @=�
 �	)��J �� .$)��#�� !)� .�		 % &� U���E &�( �

���� j�8$�� � ? � ]$� &J��K( �  ]( � &	)�#)�I @ �%�;�% �/ &	 % �		�&� �$� % '�$=�� U���E �� �� ^�	( ��  � �	�

B#	I 3� $� ��   �/�� . A�( -��= �'�$=�� ����( �)��J� �% � ���� ���)� -�$A� �� 7% . A�( -��= &J��K(

&�  .�%�).$)��#�� {a=�% &J��K( B#	I �!)� �% '��J� � X� &)�/ SVM  �)XGBoost �/�$����?�%� Y ;� . X	( 3% �

��5� &#$7%�� 3% �� � '��% �� &��7�� � &A �;� -�/� ]$� '� � &�=� w � �� v ? �a���( @
� ���; � 3$��� �

 .�	� [��8$
� 3 ��� ��:��H� .$)��#��RF  ���� @)�)�� �� &%�= &)����( � 3$��� U���% � % 3% -�$A� @ 
�71

) ���� ���A0 �)��O� � ��? -�/Saha et al., 2020(.  

  

'���%� D�+N;� �/H� ) ����� D�� *$�! ����1380 -1389( 

.$)��#�� U���E �� `?  -� 0��) -�/! ��� 3	 "% � .$)��#�� -�/�$����?��J ���O� -��
  ��/ ,�A$1� 3�O� � ��( 3%

'�%� % ���� -��% 3��������� 3O�	� &)��  ) ,�� &����1380-1389� ? -�/� ]$� CA� 3% ( &	 %  .�� 3$=���? ��		�

'�%� % ,�A$1� �% &	$N� &I��= -�/ 3�O� .����� ���; C) � �H9 �)��O� ! % � &)��  B��12 '�%� % ,�A$1�  &)��

 &���� ���� -��%1380 -1389  .�/� &� �)�A� ��  
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 �A�12 �/H� :D�+N;� '���%�  ����� *$�! ���� ����1380 -1389 WN�$
d�� 8RF  WN�$
d�� 8(n��)GBM  WN�$
d�� 8(h)XGBoost  � (Q)

 WN�$
d��SVM (!) 

 �� � % ,�A$1� �% &��%� % 6)��� -���� YZ�	� 3� �	/� &� '��� ��� � ��( -�/ 3�O�80  '�%� % D��� �� �9��

&� �� ^�:�� !)� .����� ���; &)�� .$)��#�� ��; r�O� �� &�) '��(  �X� �� &1��� !)� ��)� �@7��� ���H$
� ���� -�/

'�%� % &�;�� 6)��� 3% -��)� @/�N� &� 5� &0G)�  .��� ���� &)�
�	� �� �#�� !)� &$
�� 3% �/ ,�� � 3$��� &)��

3$�� ����� YZ�	� �B%�O� ��  ^�;� �� -�$A� ,�A$1� ��( >
�	� &J��0�?�( � &A �;� 6)��� B �� 3% 
�0�� ���

'�%� %  .�	/� &� '��� �� &)�� 

3�O� &
��% &I��= -�/ &� '���  3� �/� .$)��#��RF '�%� % ,�A$1� ���  ]( 3% �� &)��  3$
� ? � &�)��( ���9

&� �)�A� .$)��#�� �)�
 3� &��1 �� .�/�  &� '��� �� �( 3$
� ? �� � �(�)�� ���  ]( -�#�� �! ��� -� 0��) -�/

3% ��	/� 3��0  ���(�� -�/ 3�9�J �� 3� -�{a$=� B%�; % &1��� ! % &"I�(&� ��/��� ! )�? � b�% ,�A$1� � ��� !)� .

 .$)��#�� �� ��$J�GBM  �� &� 
� ��$70 3�)��Z 3% �@
� �(���%
a� 6
�( 3O�	�  -�/»��)� &� = ,�A$1� « �

».� &� = «'�%� % ,�A$1� 3% r�%�� �8% � 3$J�) ���? ,�� �)�
 �� �(���5� �� 7% 6
�$� &)�� ��� �/�� �/ 

@
�. .$)��#�� �/ -SVM  �XGBoost  ���  ]( !)� ��� ��� ��	/� &� '��� &�)��( -�1 �( �� ���  ]( � �
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 .$)��#�� �� �$A� &�)��(RF &� �� ���H( !)� B �� .@
�  .$)��#�� �(b�% @���O� �� '��(RF  � % �%��% �� U���%

 % -���)�? @;� �� &�)���E -�/ 3��A� -��% 'E W)�$� ��� &� >I�� 3� @7��� .���% �����=�% -�$� 

) ,�A$1� -�/ 3�O� �� �� {��5�� W)�$� ,��I3 .$)��#�� 3�)���% .�		� &� � )�( �� s�J >���� � � (RF  !)�$A�

 �� �� {��5�� '�� � 3� $� �� � ! A8( !)�(���)�?,�A$1� � .@
� 3$��� �.$)��#�� 'E �� `?  -�/SVM  �

XGBoost  �� B%�O� �� .��� 0 &� ���; .$)��#GBM  �)��O� &0�	���? !)�$� % �'E uN( 3% � �� �� {��5�� !)�$� %

 .�/� &� '��� 3O�	� �� �� ,�A$1�  

 D��#3: 7� o��3��%$� !�H��� D�+N;� #��V �/H�� $
d���WN �0� �R!�%�� ���%� 

 WN�$
d�� $�%7� o��3�� 

RF  230/0  

SVM  293/0 

XGBoost 306/0 

GBM  393/0 

  

WN�$
d�� 	�! �����$�  ����� *$�!) �%��� ��%R!�� ��01389 -1397(  

3$H0 � ? ��5 :�( 3% 3I�( �%.$)��#�� � ���� 
�
� �% 3� ! ��� -� 0��) -�/ ,�� ���� -�/ )1380–1389( 

� ? -��% ����� ���� U���E '�%� % ,�A$1� &	 % ��� ���� �� &)�� )1389–1397( 3%  ��� � ��( �� `? .���� 3$J�0

3�O� '�%� % ,�A$1� -�/ ,�� @;� &%�)��� ����� !)� -��% &)�� .@J�0 ����� �/  ,��I4 !)� W)�$�  
�
� �% �� &%�)���

 �)��O�AUC ) &���� ��� ���� �� ! ��� -� 0��) i�$8� -�/ .$)��#�� -��%1389-1397 .�/� &� 3}��� (  

 D��#4: !�H��� `V�� AUC $
d���WN �0� �R!�%�� ���%� )1389-1397( 

WN�$
d��  $��H�AUC    

RF  800/0 

SVM  564/0 

GBM  780/0 

XGBoost  770/0 
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� ���� 3 'E �#�� % ^�:�� !)�

'�%� % -�/�#�� � ��$70 �� �  ]( .w� &�� �3� @
�  .$)��#�� � ��� ���� 3��A� r�O� �� �  ]( 3� $� �� � &)��RF  ��

'�%� % -�#�� @
� 3$7���( � ���% �����=�% -�$� % -�)|? . A�( ���;  � ? -�(b�% @;� �% '��� ,�Z �� �� &)��

'��� &0G)� !)� .�	� &	 % >
�	� @ �%�; ��	/� RF � ? -��% '�%� % ���� &	 % ���� �� &)��  .$)��#�� .@
� &(E -�/

GBM  �� ��% � �RF  3}��� �� @;� !)�(b�%&� �/� . .$)��#�� ! 	vA/XGBoost  ���O� �% AUC �% �%��%0,770  �%

 .$)��#�� 3% @N7� � 4�� {a$=�GBM  .���� ���; ��
 3N(� �� .$)��#�� '� � !)� ��SVM  �)�
 �% 37)�O� ��

&� 3}��� �� -�( ! )�? @;� �/ .$)��#�� .�/�  .$)��#�� -�/�$����?��)�/ . X	( �%SVM  ,�� ���� ��3% @;� &���� 

 ���189 � ? @;� ,�1 !)� �% f �
� &� �9��  ���1 3% ��� ���� �� &	 %50 '��� 3� �
� &� �9��  - ��	/�
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 3% C)��� ����5�80 &� '��� ������ ���; �9�� � ? -�/� ]$� � Fq( 3� �/� &	 %  &A� ,�� ���� 3% @N7� ��		�

.$)��#�� @;� �/�� .@
� 3$J�) �/�� &� ��� ���� �� �/ '��� ����(  � BO$7� -�/� ]$� '� � 6%��� �  ]( ��	/�

'�%� % �% �Fm� B���� �)�
 �O� �)��J� � 3$7%��  .���% 3��������� 3O�	� �� &)��  

;� &%�)��� ! 	vA/.$)��#�� @  �/ -��% 3��0��I ���9 3% ! ��� -� 0��) -�/C) '�$
� ��   ���� 3O�	� -�/

 �)��O� 
�
��% 3�����AUC ) �)��0 ����� ,��I5( .$)��#�� ��� '��� W)�$� .RF '�$
� ��  -���� �'���� �.; -�/

 ���O� !)�(b�% ��) �AUC  �� .��% �( i �: 'E ����A� '�"H9� '�$
� �� 3� &��1 �� �@
� ����E @
� 3% ��

 .$)��#�� �B%�O�GBM  .$)��#�� 'E �� `? � ��� '��� �� ����A� !)�$"% '�"H9� '�$
� -��%XGBoost $� � � W)�

 .$)��#�� .��� 3}��� &��N; B%�;SVM '�$
� ��A( �� � �  ���O� !)�$A� �/AUC .���E @
� 3% ��  

 D��#5: !�H���  `V��AUC $
d���WN �0� �R!�%�� ���%� )1389-1397( '�N)� =%A�& �� �7���� !$
� ��0 

 WN�$
d�� '���Y� W�  '���   �T ��  !T�  

RF  804/0  655/0  818/0  898/0  798/0  

SVM  52/0 491/0  578/0  529/0  539/0  

GBM 811/0 607/0  792/0  891/0  746/0  

XGBoost  806/0 614/0  801/0  886/0  740/0  

  

�� 3% B  ,��) {�/ �� @/�N� ��
- % '�%� ��&)�� � ()��� ��#�� �� ���H$
�)).$ �/- )0�� �- ��� ! �( @
�% W)�$�

 �% �:�1 3����� �� ���E 3�����Boali  �'����A/ )2024 ( 3����� �� �/� &� '��� W)�$� 37)�O� .�)��0 37)�O�

Boali ) '����A/ �2024(�  .$)��#�� @;�SVM  ���� �� 3� @7 ��1 �� !)� � @
� ���% �(b�% ,�� &���� ���� ��

 .$)��#�� ��� &����RF ��� �� @;� !)�(b�% �:�1 Y O5( W)�$� �% ��� ���� �� B9�1 W)�$� !)��%�	% .@
� ���% �

 �� '��( &A� �|� �@
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 .��A� �X� ��"�� &)�� '�%� % -��
 ,�� �� �/ .$)��#�� &���� -���)�? 37)�O� z�K=  

  

 �/H�'���%� D�+N;� ) ����� [�! *$�! ����1389 -1397(  

 B��13  -�/ 3�O�� ? �� B9�1  &	 %) &���� ��� ���� -��% &)�� '�%� % ,�A$1�1389 -1397 &� �)�A� �� (

�% .�/�3�O� !)� &
� &� '��� �/  .$)��#�� 3� �/�RF'�%� % -b�% ,�A$1� �% &1��� � � &)�/ @A7; �� �� &)�� �

 � '���� '�$
� &%�	I � &%�w -�/ �8% ���� @�� B��� YZ�	� !)� .@
� ���� &)�
�	� 3��������� 3O�	�

.@
� '�"H9� � .; �-���� -�/ '�$
� �� &)�/ �8% ! 	vA/  >
�	� ����A� ��	/� '��� ����( &� 3$�� !)�

 .$)��#��RF .���% &)�� '�%� % ,�A$1� 3�O� � ��( �� 

 .$)��#�� ��GBM 3% ��� @�� � �  3 1�� '��	�  3% @N7� 3� ���H( !)� �% ���� &)�
�	� b�% �� 7% ,�A$1� �% -�

 .$)��#��RF � ? b�% ,�A$1� �% � � �� ����� ���; ��� @�� 3 ��1�� 3� �� &OZ�	�  ^�:�� !)� .@
� ���� &	 %

&I��= �� 6
�$� ,�A$1� 
a� ����5� 3� @
� ��� ���% GBM C4��  �( &�)��( �$A� &)�yJ u)��( � ���%

&� &0G)� ! A/ .���% 3$��� @;� �/�� B)b� �� &�) ����( GBM 3% @N7� RF ���%.  .$)��#��XGBoost  � �

� ? b�% ,�A$1� �% �� ��� @�� �	��� &OZ�	� � ��( 3�O� &
��% �B%�O� �� .@
� ���� &	 %  .$)��#�� 6
�( ���
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SVM � 34�0� 3� �/� &� '����8% �)�
 �� &�� ����� \ 8�( &$
�� 3% �� ��� @�� .$)��#�� !)  3O�	� -�/

� ? �� ��= '�� � � 3$���� &N
�	� ����A� 3��������� '�%� % ,�A$1� &	 % .@
� �(b�% &)��   

 .$)��#�� ����A� �( Y ;� B �5( -��%SVM ���� 3% r�%�� BO$7� -�/� ]$� � 3��A� r�O� �% .$)��#�� !)� � � � ���

� �/�$����?��J . X	( � � �3�1�� !)� �� .�� ���� U���E ���'��� &%�)��� W)�$� .�� ����� @;� �%   � ? @;� 3� ���

 .$)��#�� !)� &	 %82  '� % ��� !)� .@
� �� 
� �9��&�  .$)��#�� �	�SVM 3%  �/�$����?��J . X	( 3% @N7� ���

3% @
� 
�71 3��0   ]( ���9 �� 3� -� ��Z 3% .$)��#�� @;� �3$7%�� � ]$� -�/�#�� �� �  ]( � &���� ���� �

&� �� ? �/�� -� #A�4 .�	�  

 
 �A�13 '���%� D�+N;� �/H� :  WN�$
d�� 8[�! ����� *$�! ���� ����RF  WN�$
d�� 8(n��)GBM  WN�$
d�� 8(h)XGBoost  WN�$
d�� � (Q)

SVM (!)  

 �0�%bN� 	%+0� �%%7& 

'�%� % �	)��J �% �F�� -�/� ]$� @ A/� '�� � ��8% !)� �� &� &
��% 3��������� 3O�	� �� &)��  3� ���E �� .���

 .$)��#��RF  ���O� !)�(b�%@;�  &I��= -�	N� �% �/ � ]$� @ A/� B �5( ���� 3}��� 3$J� ���% -�/ ,�� ! % �� ��

3$J�0 ����� .$)��#�� !)�  ���/ @%�Z� �<�= _�
 �� � 8N( ���% @��
 > (�( 3% 3� �/� &� '��� W)�$� .@
�
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'�%� % �% ��|0�F� -�/� ]$� !)�( ."� �%��� 3�N� �� 3�9�J � ��/ -��� �@ �AI .���( ��"� �� 3�9�J  3O�	� �� &)��

 �	$7/) ,��I6B�� �� �� �O� !)�$� % � ���% &A �;� ^�� �� &#A/ �@78� � ]$� 3
 3�	)� 3% 3I�( �% .(  � -� 0

'�%� % �)��( &� �H)� &)��  '��( &� !)��%�	% ��		� &�9� <�5� ����7��� � C�= &A �;� 6)��� 3� @J�0 3� $�

J'�%� % �	)�� @
� 3��������� 3O�	� �� &)��.  �	��� ! � ? -�/ �/�G? W)�$� �% �/ 3$J�) !)�-�N��  '����A/ �

)1386(; ) '�)� �AI � '� N�11397(; �����A�� -�� 1 ) '����A/ �1401-��%E��� J '� )� : � (  '����A/ �

)1392'�%� % U�$70 �� -� �� B��� '��	� 3% &A �;� C�= 6)��� @ A��1 �"�E �� 3� ���� @O%��� � � (  &)��

&� 3$=�	� .���  

 D��#6: �%'�T +0�%	 bN�%�0� � $!%�T������ �7���� !$
� �H��� $! 

�7���� !$
� �%bN�  �%bN� 	%+0� '�T%�  

!�� 	-�)  13/58  

U�V �� W%HN�� �%
�&  66/56  

�
0 	�
5$  29/53  

��� �� �,Y�J  14/37  

	%7+# W ��&  77/36  

�����$ ��
0 ���!  45/36  

 �� �,Y�J�0 *�$  85/35  

"��&$�  56/35  

 S�) �� =�!T� 	�
5$  85/33  

�R��$��  30/32  

  

3% ��% @��
 �s�J ,��I 
�
� �% ."� '��	� ,�� �� ��|0�F� � ]$� !)�( '�%� % -��
 &)��  ��% .@
� ��� &)�
�	�

."� �� � ! �� _�
 � <�= �% �Fm� BO$7� B��� C) <�5� !)�(  �� &�) -��% �)�
�J .@
� -��% �)�
�J -�/

'�%� % U�$70 � <�= >)�8( &�9� B����  ^�� !)� .��� &� ��A� 3% '�"I C�= YZ�	� �� -�� 7% �� &)��

@5( �� <�= -����% @ �%�; �)�
�J 3% <�= -�� ��"% � @�a
 �% � ���� ���; � Fq( ! �� �� z�K=  C�= -�/

B%�; ���F�  ���� &"I�()Lackóová et al., 2023(. '�A/  �/�G? W)�$� 3� 3��0��? &N N1  '����A/ �)1393( �Al-

Bakri  '����A/ �(2016) ."� �� &�) -��% �)�
�J �@
� ���� '��� '�%� % -�/ <�5� !)�(  ��% @��
 � @
� &)��

 �� -�F�� �O� �-��% �)�
�J ��� �)��J� Y)�Z ��U�$70 '�%� %  ���� 3��������� 3O�	� �� &)��)Duniway et 

al., 2019( . 

3% <�= _�
 �� . O$7� � 8N( ! 	vA/ ]$� ! ��� '��	�,�� �� �F�� �  '�%� % -��
  � 8N( .�� &)�
�	� &)��

@
��� >I�� �<�= &5�
 -�/ 3)b @%�Z� �/�� �% . O$7�  � ! �� >)�8( �)��( @)�"� �� � <�= jE '���

'�%� % �	)��J &� &)�� ! %�� .��� @
��� �% &/� 0 ���? !$J�  ���� ���O$
� �� '�/� 0 &)����( ��� � <�= jE '���

 ���A/.$7 
 �!)��%�	% f��% �/��= @5( 3� &)�/ &� ���; �/���=��% !)� � Fq( {����� ���� 0  � ����� &	 )�? -�)|?

 @ �:� 3% &��"0�� �  ]( ��$7�»&��%� % « �	$7/ >)�8( �))D’Odorico et al., 2013(.  �� . O$7� � 8N( @ A/�

'�%� % ������� �� <�=  �@
� s��( � � 8N( �� � % &)�� {a(� C) � 8N( ��)�» jE ����� w « ��� &� j�75� �

3% s��( 3� &��1 �� ������ ��� � �$	
�$J �	��� �� 0 &$7)� -�/�	)��J �� &�O�  j|I � �$	
�$J �% . O$7� ��Z
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@
� 6N(�� !%�� .'�%� % 3� &���� �
�
� !)� �% &� s��( �/�� � &/� 0 ���? �/�� >I�� &)��  @N7� ����

 w {a(�&� ���; &H	� � Fq( @5( jE 3=�4 � 3$J�) �)��J� (� 8N() jE ����� �� 0.  @��N�� 3% � 8N( �!)� �% '��J�

&� �)��( �� ! �� >)�8( ���� 3� $� �� � ��� ��	� <�= &��;�J -�/ 3)b � <�= _�
 �� CA� �	� 

)D’Odorico et al., 2013(.  
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,�� ��)�? B �5( �� ��%��� �? -�/ ���)�� �� &�) &���� -��
  � ���% &� 5� -�/3%  � &)�
�	� 3	 �� �� �G)�

'�%� % �)�?  &A"� ��#)�I �&)���� ���� !)�� �������'�%� % . 3% &)��  6 5� ���Z�8� !)�( -�I �� &�) '��	�

 �&$7)� '��( �% ./ � '�7�� &0��� @ H � � @� �� �% ./!)��� �@
� ��|0�F� ! ���
 &�)l�����  &
��% ��

�G)� @ A/� �� 'E �% �Fm� B���� � &���� -�/�#�� @
� �����=�% -�.'�%� % ��)�? �/�G? !)� ��  �� ���H$
� �% &)��

 ! ��� -� 0��) -�/ .$)��#��SVM �RF �GBM � XGBoost ���% �� ��  3I�( �% .�� -��
 ,�� ���� &���� -  3%

��O� �)AUC .$)��#�� ��A( �� \8�� ��� 3N
�5�  -b�% @;��% �/85 3$7���( �9�� '�%� % ���  ���� �� �� &)��

,�� 3��������� 3O�	� �� ,�� &����  .$)��#�� �&���� ���� !)� �� 3�	)� !A: �		� -��
RF  3% U���E 3�1�� ��

�� CA� 3% @;� &%�)��� �8% �� ./ � B%�O$� &�	
��N$�� U����  ! 	vA/ .��� 3}��� �� @;� !)�(b�% &�)���E -�/

.$)��#�� �� ���H$
� �% U���E -�/ ���� � ? 3% �,�� ���� -��% ��� '�%� % &	 %  3$=���? � � &���� ��� ���� �� &)��

 .$)��#�� � � &���� ���� !)� �� 3� ��RF &��1�� ���% @;� !)�(b�% -����  .$)��#�� 3�SVM � ? ��  % &	

'�%� %  .@��� &	 )�? @;� &)��,�� U���E -�/ '�%� % ��$7� YZ�	� ����% ���; ,�� ���� �� ��)�  ��� ���� �� �� &)��

B%�; @;� �% '��� 3� ��		� &)�
�	� ,�N; ,�� '��( ��	/� � ? � &���� �)�? �� &���� -�/  ��	)E -�/���� &	 %

3� ��� '��� ! 	4 ./ �/�G? !)� W)�$� .@
�  .$)��#�� ��SVM  �GBM  !)�#)�I -�/ .$)��#�� '��	�% �	���( &�

 .$)��#�� ���O O5( ! A/ 
�
� �% 3� @7 ��1 �� !)� .���� n��� &)�� '�%� % -��
 ,�� �� ��A$�� B%�;

XGBoost  �	��� � 
�
� �% �/� ]$� @ A/� B �5( .@
� �$"% &0G)� j�8$�� �) �$� % -�/�$����? . X	(.$)��#�� 

RF ."� ��/ @%�Z� � <�= _�
 �� � 8N( ���% @��
 3� ��� '��� � � '�%� % �% �Fm� B���� !)�(  3O�	� �� &)��

'�%� % U�$70 � ��wE �� &A �;� B���� >��w �O� ^�:�� !)� .�	$7/ 3��������� &� � )q( �� &)�� �	�.  !)� W)�$�

3����% 3% ����( &� 3����� '��)�� � '��)� 6 5� '�%� % ^�;� ,�A$1� !)�$� % 3� &OZ�	� &)�
�	� �� @7)�  �� &)��

'E 3% .�	� CA� ����� ��I� �/ ,�� ! 	4 -� 0��� n�Z �� &)�/ &� ! ���
 @)�)�� -�/  -��% &N
�	� � 7� ����(


���� � ,�$	� �-� #� ? '�%� % ���� -��
 . AK( 3% � ���E ./��J &)�� �N/�� !)��( �� '�� 0 �% ��0��
 -�/�

���
� -��) 3O�	� C)l����� � &A �;� 6)���.  

  

q����  

-���E&�� f-�����J ��� 	� f&����
 �� �
 f���
 , ) .&J�	���? �� �
 f&����( &����
 ��:�2015   �� �A���? &���7��= \=�� &%�)��� .(

�������1    .-�������� '������)� -�����/  <�����= � jE ��������(Isfahan University of Technology)� 19(72) �305–19.doi: 
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