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A feature selection algorithm based on DBN-SVM classification for
gastric cancer survival

LIU Daohua’, YU Changming, ZHOU Qiuju, WANG Qiudai

(College of Computer and Information Technology, Xinyang Normal University, Xinyang 464000, China)

Abstract: In order to reduce the dimensionality of the dataset to obtain the best feature subset as well as to
improve the accuracy of the prognostic survival classification of gastric cancer, a hybrid network model of deep belief
network and support vector machine combined with feature selection algorithm was proposed. Based on the filtered
feature selection algorithm, a distance coefficient was introduced to adjust the overall degree of bias and reduce the
instability of the calculated weight values, so as to construct new sample weight values, and then analyze the subset
of features that have a greater impact on the survival period of gastric cancer through the Pearson’s correlation
coefficient; The constrained Boltzmann machine module was adopted in the deep belief network, and then the subset
of features in the hidden layer was subjected to the feature extraction; Finally, the support vector machine was used
to classify the output values of the last layer of the deep belief network to realize the classification of gastric cancer
survival. By improving the feature selection algorithm and combining the advantages of deep belief network and
support vector machine, the model showed better accuracy, AUC value and F1 value in the experiments, which are
81.2%, 83.4% and 81.5%, respectively, compared with the traditional single machine learning method.
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Tab. 1 Various model parameters

75 Y 28
1 SVM C="20",gamma:’0.001" ,kernel="rbf’
2 XGBoost Learning_rate:’0.1" ,max_depth="3" ,n_estimators: 100’ , colsample _bytree: 0.8’
3 RF Verbose:’2’ ,Max_depth:* 10’ ,n_estimator:’ 100" ,random _state’ =888’
4 KNN K=5
5 MLP Learning_rate:’0.001” ,hidden_layer_size="(128,64,32)" ,max _iter:” 50’
6 DEN-SVM Activationl="relu’ , Activation2="relu’ , Activation3="relu’ , Activationd="tanh’

optimizer="adam’, C="20",gamma: ’0.001" ,kernel="rbf’
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Tab. 2 Comparison of the predictive effects of the six models

JEETR Accuracy Recall  Specificity ~ F1-Score
SVM 72.6 67.1 78.1 70.8
XGBoost 77.7 79.5 76.0 77.8
RF 76.5 77.9 75.0 76.5
KNN 75.7 80.1 71.4 76.4
MLP 75.1 75.8 75.2 75.2
DBN-SVM 81.2 80.5 79.1 81.5
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Score 8 2k & , DBN-SVM [#J Accuracy {8 i% %
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