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Abstract. The paper presents the use of data mining to find patterns in a data 
base cytological and histological images. This will help make a classification features 
microscopic cytological and histological images and build association rules for the 
diagnosis of precancerous and cancerous conditions of the breast. 
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2.       J48. 
        

   1. 
 1 

        
     

Correctly Classified Instances 98.44 % 97.67 % 
Incorrectly Classified Instances 1.56 % 2.33 % 
Kappa statistic 0.98 0.96 
Mean absolute error 0.0075 0.0097 
Root mean squared error 0.06 0.07 
Relative absolute error 4.58% 5.87 % 
Root relative squared error 19.78 % 24.62 % 
Total Number of Instances 257 257 
Ignored Class Unknown Instances 2013 2013 
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Abstract. The analysis of contour features of objects in biomedical images. We 

proposed criteria for assessing the importance of features based on its use in image 
processing systems. The estimation of contour and selected the most used features. 
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