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Introduction: Mastitis is one of the most frequent and costly diseases of the dairy cattle industry 
and causes many economic losses, which negatively affects milk yield and composition, fertility, 
longevity and welfare of cows. The best solution for reducing the economic and biological 
consequences is early and accurate prediction of mastitis based on indicator factors. So far, various 
statistical methods have been used to predict mastitis such as linear and multiple regression, and 
threshold models. Machine learning is another method that has recently widely been used to predict 
farm profitability, reproductive traits, longevity and abortion in dairy cow. Machine learning is 
defined as a set of methods for automatically finding patterns in data and then using those patterns 
to predict possible future data. 
Material and Methods: In this research, the performance of four machine learning algorithms 
including random forest, decision tree, Naïve Bayes and logistic regression and two sampling 
methods, over-sampling and under-sampling, were compared to predict risk of clinical mastitis 
based on data collected in  two Holstein dairy herds in Isfahan province. Final dataset included 
393504 records on cows calved during 2007 to 2017 of which 13653 cases (3.47%) were infected 
and 379851 cases (96.53%) were healthy. Factors related to mastitis, including parity, daily milk 
production, calving season, lactation stage, history of mastitis and somatic cell score. After editing 
the data with SQL Server software, the modeling process was implemented to predict mastitis 
using WEKA 3.8 software. The performance of algorithms (accuracy, sensitivity, specificity, and 
AUC) in predicting infected cases and distinguishing them from healthy cases was evaluated 
according to the preprocessing method used. The sampling techniques used included Under 
Sampling (SpreadSubSampling) and Synthetic minority oversampling technique (SMOTE). 
Results and Discussion: Results showed that the best performance among the algorithms was 
related to the random forest in the case of using the low-sampling method with the accuracy, 
sensitivity, detection and AUC rates of 84.30%, 94.80%, 73.80% and 90.90%, respectively. In the 
case of not using sampling, the power to detect sick cases (sensitivity in percentage) in random 
forest, decision tree, Naïve Bayes and logistic regression algorithms was 1.67, 0, 12.29 and 2.06, 
respectively, which compared to sampling was considerably weaker. This was due to the 
unbalanced number of cases in two classes, healthy and sick, and indicated the necessity of using 
sampling methods. The decision tree algorithm in the case of low-sampling method with a small 
difference after the random forest has the best performance with accuracy, sensitivity, detection 
and AUC 84.00%, 94.20%, 73.90% and 90%, respectively. Comparing the models obtained from 
the four algorithms Decision Tree, Logistic, Naïve Bayes and Random Forest in three modes 
without preprocessing, with SpreadSubSample preprocessing and with SMOTE preprocessing, 
among the preprocessing modes, preprocessing by SMOTE method can significantly improve the 
performance of the algorithms. Among the algorithms that were pre-processed with this method, 
the Random Forest algorithm has shown the best performance with an accuracy of 99.2% and an 
area under ROC curve (AUC) of 0.99. Decision Tree algorithm has performed very close to 
Random Forest with accuracy of 98.9 and AUC of 0.99. Likewise, Naïve Bayes algorithm with 
accuracy and AUC of 0.92 and 82.9 and Logistic algorithm with accuracy and AUC of 83.7 and 
0.91, respectively had acceptable performances after the other two algorithms. 
Conclusion: Due to the high performance of the Random Forest algorithm using the SMOTE 
preprocessing method, in predicting mastitis cases, the use of this model can be suggested to 
predict cases of mastitis in dairy cattle herds, especially in herds with high rates of mastitis. 
Because of higher computational cost of random forest compared to random tree, in large dataset, 
decision tree probably should be a better choice. 
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 ���  �*��  ��L !'�)* ��	j���1�L ��	0
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 �P�D�8�  :  �8: 2� ��1�H ��*�*�� 6L !	0P����E G� t0
�!'  p��3�� �MN��I )D S����'T3� ���*��  � ]8�'�

M8 �� �����*� M8�� ��*��� �� �� �P� !3/� )Charbuty and Abdulazeez, 2021 .(  

  

  
H#6 1 .��R38���� F�0KL MN� I�L�0� O�� �*�+, E�� �  

  

:�/�KL O�'P ��� ��� ���1� ���F3�*� 3N�� �'H  : � !� M8��E F�0KL MN�  O��� �����* !��I  !��0�

/�KL� �� ���*� ���� M8� �` � ��'���/ �����1�L ���D�� 8 �� ��R38� �� qv8 ��F3& w��D��� 7�N�� 

�3G��E ��� $��� ��� p��3�� �*���� .�E ���1��F3  !� MW&�F�0KL MN� _�t�L � O0
��'�  ���� )� ���M

�*� � FG��E ���1��F3 ��E ��� !� M8�� S��� ��:���*� N ���0D�	�  � ��� ��:����� ���L� 3_�� � MW&����  ��

��e�� M\7 ��'��� ���0D �*� �'� xRU �� ��:�� )Liu and Zhang, 2012.(  

:I�3&J1  ��8�D�  ���� F3����1� E�� .M8� I�3&J1 .��L � !��D�'H  ��8�D� 9e�6� !��, �� �03����1�

��,  �M&�� y�n� �nN �����38� .���L � $c=38� z�/ !J�3�� � ���� Qc� � V=/ !� ����� �'��!� ��� ��  ��

)Dreiseitl and Ohno-Machado, 2020 .(  

��, �� ��8 )�� F3����1� :��8 )�� OU � ��e�� d�n6�� �O�1 E�0* !� � M8� ��� ��G� �'� 9�R7 ��3&��� ��
 z�/ !

�3_� �G'L .�� a	3�� Or�&� �� �*�� F3����1� E�� ��	0
 ����� e�� 9�R7 ��3&��� !�) ����Webb, 2010 .(  

!�  ���3��� O�1 !38  ��) ��0�� �42/3  MW&� (�7�!� 38) F1�8 !58/96 �7�F3����1� �3G� ��	0
 � ( ��*

�� �� E���� ���D���� �$�63� ��* I�'�L!��0� ��*) �� ��R38� ���DShook et al., 2017; Rendon et al., 

2020F� S�� � .( !��0���� � ����� !��0� ���3� ���� �����  S�� � .�� ��R38� F1�8 � ��0�� !38 � E3N�8

F� !��0������  ���3� ���� �� E3N�8s�)� Qc� ��* !� �L !� �/�KL 9��7 IH�� Qc� ������ �� �*�� �L ����

F3����1� qv8 ��� ��P� $�� E3N�8 ���� E���� ���D�� ��*��� ���� .���� !��0��� �����  S��SMOTE 

��  : � !� �� ��R38�IH�� Qc� ��*  S�� E3/�D�u� � �� �LK-Nearest Neighbors (KNN) !�W� ���8

!� �L ���  s�)� Qc� ������ F� ���� .�'8�� �L !��0���� � ����� !��0�F3����1� �� �����  ��*SpreedSubSample 

 �SMOTE ��� �  ��)/�WEKA .�� ��R38�  
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 !����� �WEKA �� F�&=L ���� S�� �� F3����1� ��	0
 ������� � �*10-fold cross validation  �� ��R38�

)Zigo et al., 2021; Kothoff et al.; 2019�� �S�� E�� � .(!� �* !� �/�KL 9��710 �� F�&=L !38 � ����

 � qv810 {� ��� �* M���!� !38 ! ��  ��'
�� !3/�D �u� � �����: �F3����1� � ���� ]8�'� $�� E3/�� ���� �*

��P�  : �� !� $�� ������� ���� )�� !38 I� � ����M8  E�� ���P� �� �6� .�� !3/�D �u� � �����: !38  : �� ���:

 S��10  �� $��10 !� a	3�� ��	0
 !����� !� ��: M8WEKA E������  :  �* ��	0
 !J�3� �c
� ���� ��

 F3����1�!� ��� ��������� ���� .�� F3����1� ��	0
 ��*a	3��  �M�8�&U �M\7 !	0P�� �R	3�� ��*���6� ��

 � [���LAUC )(Area under ROC curve .�� ��R38�  

��, o�\7 ���� MW&� �M\7 ���6� �'�� !� ��� ��, �	� 9��_ !� M8� ���� O� $�� �� �'��!� ��*M8  �� ���:

��  �����, M8� ��0�� �� MWj� Qc� ���� MW&� �M�8�&U .�* ��'� !� ���� �� !� M8� ��0�� ���� O�  ������ ����L

��, � $�� 9��_ ��, � $�� 9��_ )�� [���L .���� ��0�� ���� �'��  F1�8 ���� MW&� �� !� M8� F1�8 ���� �'��

��, M8� !� ��� �'��  !� F1�8 ���� O��� M8 .��:AUC ��, M8� MWj� ���� |�� MW&� )�� �'�� !� ���  ���� |��

!� ��W3�� !� !� �R'� !38 MWj�  ��'
 ��'� ��  ��� �� ��� �� Q�8� E�� �� !� �*  � $�� 9��_ !� M/�D !J�3�  ��L

��  ��� �� ��0�� �� F1�8 ���� I��RLI�)� I�  !� !H�* .M8� ��T3� I� �L �R7 E�� !� �* ��� ����� �L  �7� ��'*

��,  � �Le�� o�\7 �'��I�)� �R7 !� !H �* � M8� $�� �Le�� I��RL 9��_ !J�3� � ��, ���� �L �'�� ��W3�� �*  ��� �L

E�� !� !P�L �� !3W1� .M8�  ���=� !�AUC 5/0 �&��� �'6� !� ��,  �� �� p�&\� Qc� � E�� )��0L ��
 � �'��  ��

F� ���=�  �� �L5/0 !� D �u� � $�W_ O��_��5 ���=�  ��'
�� !3/� .����  

  

3 .&�0� ��  ���,� 

F3����1� ��	0
 Y��3� �8��� �� I�'�L �� ��R38� M1�U � � �*F� !��0� �����  I�'�L ���� !��0� �����  [���

F� S�� �� ��R38� M1�U � !� �� !��0� �����  $��P)2$�� ���� M�8�&U � M\7 ���=� �( �� ��R38� �� !� ���*

F3����1� �F�0KL MN� ��/�KL O�'P ��*��8 )��  ����� O���L I�3&J1  ��8�D� �F� �L  �� ��R38� M1�U ��

��� S�� !��0����� �������� � ��	0
 �M�8�&U ������� �L��� M1�U !� MW&� � !��0� .�'3�� �����  

  
C�	D 2. R38���� E���� ���D�� F3����1� ��GH ��	0
 Y��3���, ���� �� E��3�	* ��*��D �  �3&, ��� g�_� �'��  

81)�'-��  
�,#2
  �.�)��� ���J�  

+�K 1   +�5��� 2
   L�M�� 3   

F� S�� !��0������        

��8 )��  10/71  70/74  40/67  

I�3&J1  ��8�D�  79/70  40/74  10/67  

F�0KL MN�  00/84  20/94  90/73  

�/�KL O�'P  30/84  80/94  80/73  

��� S�� !��0������        

��8 )��  14/70  80/74  50/65  

I�3&J1  ��8�D�  80/70  90/75  70/65  

F�0KL MN�  9/75  00/84  70/67  

�/�KL O�'P  00/76  00/84  6800/  

1) M\7 .Accuracy��, o�\7 ���� MW&� �( !� ��� �'�� ��, �	� 9��_ !� M8� ���� O� $�� �� �'��!� ��*M8  ���:��  ��� ��.�*  

2) M�8�&U .Sensitivity��, M8� ��0�� �� MWj� Qc� ���� MW&� �( �'�� !� ���� �� !� ��0�� ���� O� ��, � $�� 9��_ ������ ����L .���� ��0�� ���� �'��  

3) [���L .Specifieity��, � $�� 9��_ �( ��, M8� F1�8 ���� MW&� �� !� M8� F1�8 ���� �'�� �'�� !� ��� !� F1�8 ���� O��� M8.��:  
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 ���=�AUC F3����1� ����  M1�U � �/�KL O�'P � F�0KL MN� �I�3&J1  ��8�D� ���8 )�� ��*

F� !��0�  �����!� ]�L�L 77/0 �78/0 �90/0  �90/0 ��� M1�U ���� � !��0�  �����!� ]�L�L 77/0 �78/0 �84/0  �85/0 

!� .���� � ��`!��0� M1�U � �* � I�3&J1  ��8�D� � ��8 )�� F3����1� � ��	0
 �	  �� ������ !� I�)� �����

O��_ O�� !� �/�KL O�'P � F�0KL MN� F3����1� � ��	0
 �  $��P) �� ��� F3����1� � �� �3G� �GP�L2.(  

!� !P�L �� E��  !� �M�8�&U �*���6� E�� E�� �!� �`�N  ���  !P� � � $�� � ��0�� ���� [���L 9��_  �

 ��6�AUC !� �`�N  ��� !� Y��3� !� !P�L �� � ������N�� ��Le�� M�0*� �� �$�� � Qc� � I��RL 9��_  �

M8 $�� ��	0
 �� ���: ��*��  ��L $�� ��	0
 �*�+, E�� � !� M/�D !J�3� ��8 )�� � I�3&J1  ��8�D� ��*

U ���� �� ��R38� M1� !��0� F� M1�U �� �Le�� �0� ����� !��0� $��P) �� ����� 2 M1�U ��L�� !� !P�L �� .(

��� !��0� ����� M1�U !�=� !� MW&� ���0� �D� ��*AUC $��!� ��*M8 O��) F����� �u� � �� M1�U E�� � ���: 2 �(

 MN� � �/�KL O�'P F3����1� !� M8� [���F� M1�U � F�0KL !��0�  � I��RL 9��_  �)�� E��Le�� �����

.�'3�� �� F1�8 � ��0�� Qc�  

  

  
H#6 2.  FN ���0�ROC ���� ���1� ��GH ��	0
  �  ����F3 0KL MN���F 8�D�� � 3&J1��I ��) � ��8  �/�KL O�'P��, � � �'�����0� 

�*��D �  �3&, ���� E��3�	* 

  

4 .23� 

 ���*�+, !� ��, !�  �3&, ��� �'�� �����: E��3�	* ��*��D � ��*��� M&�� ��� � �� ��R38� ��  ����1��F3 

�� !3N��, �/�KL O�'P � ��8 )�� ����1��F3 ��L �M\7 �� �/�KL O�'P�[  �AUC !� ]�L�L 61  ��7�2/60 



130                                        ���� ����	
�� ���  � �������� ���� ���� �1402 

 � �7�6/65 �7�� E��Le�� �b�U �*�+, �'��0*  ��	0
) M��  ��Fadul-Pacheco et al., 2021(.  ��m !� ��e

 �b�U �*�+, � !� M8�!� O�1 �W� !&�	L �  �3&, ��� !=��8 ���� ���6� E�� �*  :  �* �� !3/�D �u� � �GL� ���  �

 �*�+, E���'���/ ��, !&�	L ���� �'��  �*!� 9��7 �� �� S��)D � �� !3/�D �u� � !��D��P��, E  � �!��D��P �'��

��L�� 9��  ��� � �� 9�� ��, ���� ��Le�� ������ ����L ��, $�� I� f���� !3��  �3&, ��� �'��  ���*��D ���� �'��

 �c3�� �nN �*��� M&�� ��� � !���� �L��, ���� ��� $�� � ����  � [��� � �'��  ���*��D ���R��  ��

3&, ��� �nN !����� !��  �  :  �* �M8e��!� M8  F3����1� �b�U !61�n� �'��0* � �3&	��� � ��*�+, tW` .��:

 �/�KL O�'P!�  ��'
  ��	0
 �n�\� � ����D��  �3&, ��� �'�� ��, ���� !� �� p��3�� F3����1� E��3G�

 [���L � M�8�&U �M\7 ��*���6�!� ]�L�L 98 �86  �99  ����D�� M1�U ���� �7� �78 �76  �81  ���� �7�

) �� S��)D �n�\� M1�UHyde et al., 2020 .(F* E�'H dcN�� �*�+, E�� � ��*�+,  �� ��R38� �b�U

S�� !��0� ��* F3����1� ��	0
 ���)/� � ���l}L ����� ~e�03U� !� M���� �* !� O�1 ��  ���L  � ��0�� !38 � � �*

.M8� ��� F1�8  

�*�+, �� ��� ���� ��,  �3&, ��� �'�� �'	����� E��3�	* ��*��D � ���1� �� ���F3  )�� O��� !� 9��R3�

I�3&J1  ��8�D� � ��8� F�0KL MN�� �/�KL O�'P� nN $��� 06L�F �!3/�  �Gradient-Boosted Tree 

� �� .�� ��R38� ������E ��E !38!� $�� ��*�'�M8 !38 �� ���: �'�Gradient-Boosted Tree  �� �W���L !�

 �M8�  ��8�D� � �3N� F3����1��3G��E !� �� ��	0
�0��� M��4D  �/�KL O�'P �b�U �*�+, dcN�� �

E���, M�� �� ��	0
 E��L8�&U �M\7 .��M ��L�[  �AUC ���� ��E  $��!� ]�L�L 84  ��7�97  ��7�27 

 � �7�81/0 �� )Ebrahimi et al., 2019(.  F* E�'HS�� ��b�U �*�+, dcN�� � !��0� ��*  �WG� ]P�� �����

$�� ��	0
 .��� �* E�0* ��`  �*�+, �� ��� �� ��, d�* ��'1 �  �3&, ��� �'��  �01: E��3�	* ��*��D �  ��

���1� �� ��R38��F3�*� I�3&J1  ��8�D�� Support Vector Machine �K-nearest neighbors �Gaussian 

Naïve Bayes �Extra Trees Classifier !� $�� ��/�KL O�'P �M8 ���1� �� ���:�F3 Extra Trees Classifier 

 �M8� �/�KL O�'P F3����1� �� ��� !�&� !� ��AUC 79/0 ����  �  �3&, ���71/0 ���� �Le�� ���'1�E  ��	0


 �  ��� ��)Post et al., 2020(. E�� �� � �/�KL O�'P �e�� ��	0
 �P� �� �$�U Extra Trees Classifier 

 !� !3/�D !J�3� ��'&��� Q�8� E�0* �� !� �� � E�� !� I�)� ���&� F* I�3&J1  ��8�D� ��	0
��  ��L  ��

F3����1�  )�� I�3&J1  ��8�D� Oj� ��8 ��*!� ��P F3����1� �_ .�� ��R38� �����, ��* !� M8� ��m O�Q�8��� 

��� ��/�KL O�'P ��G03����1� ) ������ ��)/�masPA !� M8� ��� �U��` (�� ���L M\7 �� ��  �3&, ��� �nN �

98  M�8�&U ��7�94  [���L �99 ������L �� !� �'� �'�� ��, �7�  ��� �'�� ��, ���� E���� ���D�� ��*

) �� ����L  �3&,Abdul Ghafoor and Sitkowska, 2021(.  

  

5 .&5��6 ���� � ��7"#�� 

!� $��M8 ���:  ��F� � �/�KL O�'P F3����1� !��0� ����� !�  : �� �6� � �  ��� �� ��	0
 E��3G� MN� ]�L�L

 �!3W1� .�'3�� ���_ ��8 )�� � I�3&J1  ��8�D� �F�0KL��8 )��  F* !� MW&� ���)� ��	0
 I�3&J1  ��8�D� �

�'3����� � M�0*� !� !P�L ����� �L  ��	0
 �M�8�&U ���6���8 )��  O�'P F3����1� �3G� ��	0
 �P� �� .�� �Le��

�e�� �L�W8�\� !'�)* !� !P�L �� � ���  ��� ���)� ��	0
 �F3����1� � E�� �F�0KL MN� !� MW&� �/�KL 

 � �F�0KL MN� !� MW&� �/�KL O�'P F3����1� 9��7 F�0KL MN� F3����1� ��� ��� FJU�� �G'��, �� �� .
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��, S�� �� �/�KL O�'P F3����1� �e�� ��	0
 !� !P�L  S���,SMOTE��, � �  ���0�� ���� �'����  ��L   : ��

��, ����  ��D �  �3&, ��� !� c3W� ���� �'��!	D � ��K�� ���� .�� �G'��, �e�� �c3�� |�� �� ��*  

  

6 .6���'  � �9#:!  

!	D  ����� �� ��  ����3N� � ���� �* �*�+, ���P� ���� ��e ��*� !� �� ��`+ ��� �����_ � ���L  .�D  

  

7<0"� =�>: .   

��* ���� �P�  �D�'&��� V8�L ./�'� z��6L !��D.  
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