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Construction of breast cancer prediction model based on SFS-SVM
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Abstract: Objective To improve the accuracy of computer-aided diagnosis for fine needle aspiration pathology in breast cancer

by employing the breast cancer prediction model based on sequential forward feature selection (SFS) algorithm and support vector
machine (SVM) classifier. Methods The pathological data of 456 breast tumors were used as training set. A total of 30 features

were screened by SFS-SVM algorithm to obtain the optimal feature combination, and then the pathological data of 112 breast
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tumors were used as test set to construct breast cancer prediction model. The prediction accuracy of the constructed model was

evaluated with 5-fold cross-validation method. The evaluation indicators included area under the receiver operating characteristic

curve (AUC), accuracy, sensitivity, and specificity. Results Compared with SVM-based model which had an AUC of 97.00%
and an accuracy of 92.42%, the breast cancer prediction model based on SFS-SVM had better performances, achieving an AUC
predictive efficacy on the auxiliary diagnosis of breast cancers.

of 98.39% and an accuracy of 97.35%. Conclusion The breast cancer prediction model based on SFS-SVM exhibits a good

Keywords: breast cancer; prediction model; sequential forward feature selection algorithm; support vector machine algorithm
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Fig.1 Flow chart of breast cancer prediction model based on sequential

forward feature selection (SFS) and support vector machine (SVM)
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Tab.1 Result of SFS for feature selection (Mean+SD)

IhREtERT AR R BUEINE MR R

A 21.13+4.27 29.32+5.42 0.45+0.18

R 13.38+1.98 23.52+5.49 0.16+0.14
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Tab.2 Prediction results of SEFS-SVM (%)

i n AUC ACC SEN SPE

MIERS 456 99.16 96.49 96.47 96.50

WA 113 98.39 97.35 97.62 97.18

AUC:ROC Hh&E N ; ACC : HEMA 2 ; SEN : AL ; SPE - F 571

3 SVM LR (%)
Tab.3 Prediction results of SVM (%)

R n AUC ACC SEN SPE

MIIER S 456 97.09 92.48 96.91 85.02

7 S 113 97.00 92.42 96.91 84.46
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Fig.2 ROC curve of prediction model based on SFS—SVM vs SVM
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