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1 Introduction 
For adequate treatment of patients, it is important that the accurate and reliable algorithm is developed for 
construction of diagnosis system.  Artificial neural network (ANN) [4], and fuzzy neural network (FNN) 
combined with SWEEP operator method (FNN-SWEEP method) [1] are useful for constructing cancer class 
prediction model with high accuracy.  However, ANN and FNN-SWEEP method have overfitted the data 
used in the model construction process because these methods are not able to avoid the "curse of 
dimensionality".  We have developed boosted fuzzy classifier with SWEEP operator (BFCS) method on the 
basis of fuzzy theory and boosting algorithm.  This method has been applied to construct class predictors 
for cancer diagnosis using clinical data with respect to microscopic observation such as clump thickness or 
marginal adhesion for breast cancer.  The model performance has been evaluated through comparison with 
a conventional method such as support vector machine (SVM) [5] and fuzzy neural network combined with 
SWEEP operator (FNN-SWEEP) method previously proposed by us. 

 
2 Method and Results 
2.1 Data processing 
In this study, we used breast cancer data set from Wisconsin Breast Cancer Database from a study of 
Wolberg et al. [6].  These data consisted of 9 clinical parameters (clump thickness, uniformity of cell size, 
uniformity of cell shape, marginal adhesion, single epithelial cell size, bare nuclei, bland chromatin, normal 
nucleoli, and mitoses) and 699 examples.  Sixteen samples of this data set are including uncompleted data 
set.  We used remained 683 examples in which 444 are benignant examples and 239 are malignant 
examples.  Wolberg et al. reported that all nine parameters may be important risk factor for development of 
breast cancer.  In this experiment, this data set was partitioned into two groups: 100 samples (65 benignant, 
35 malignant) as a modeling data set for constructing the class prediction model (predictor) and 583 (379 
benignant, 204 malignant) as a blinded data set for evaluating the constructed predictor. 
 
2.2 Comparison of the performance of BFCS and other method 
Performance of BFCS models as the class predictors was investigated.  For comparison, two kinds of class 
predictors, FNN-SWEEP and SVM, were constructed.  Since it is necessary to construct the class predictors, 
which can correctly classify not only modeling data but also new blinded data, the performance of the 
predictors was compared on accuracy using blinded data set which was never used for modeling. 
 
2.3 BFCS model 
In the present paper, we have developed boosted fuzzy classifier with SWEEP operator (BFCS) method on 
the basis of AdaBoost [2] which is the most basic and practical boosting algorithm.  Our algorithm has 
features which are fast, accurate, and reliable.  The structure of a BFCS model was showed in Figure 1.  
Figure 1 shows the structure of two types of BFCS, BFCS-1 and BFCS-1,2, in which is composed of 1-input 
type I FNN models [3] and 1-input FNN or 2-input FNN models, respectively.  In addition, BFCS is able to 
calculate reliability index (RI) on the basis of the fuzzy theory, for prediction result of each example. 
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   Figure 1: Concept of BFCS model.       Figure 2: Comparison of accuracies on various predictors. 
 
 

Table 1: Comparison of calculation time for each method. 
 
 
 
 
 
 
 
 
 
 

Figure 3: Fraction accuracies on various RIs. 
 
Results and Discussion 
We have developed BFCS method and applied it to clinical data of cancers to construct reliable class 
predictors for diagnosis.  The results show that the BFCS class predictors are superior to other method, such 
as FNN-SWEEP and SVM, with regards that high prediction accuracy (Figure 2) and ability to evaluate 
reliability of predictions for each patient (Figure 3).  Furthermore, BFCS is extremely faster algorithm than 
FNN-SWEEP and SVM (Table 1).  As an another data, we applied the construction of class predictors 
using proteomic pattern data set taken from MALDI-TOF mass spectrometry in the serum of patient 
with ovarian cancer.  Similar good results were obtained in the case of BFCS modeling.  From 
these results, it was suggested that BFCS has the potential to function as a new method of cancer diagnosis.   
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