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Abstract :

Objective To establish risk prediction models for lung cancer based on the data about epidemiological characteristics

and clinical symptoms by data mining technology, and to evaluate the performance of each model so as to screen out the optimal

Methods

predictive model.
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selected as the subjects, and 16 independent variables comprising of epidemiological characteristics and clinical symptoms were
collected. All the subjects were randomly divided into the training set and the test set in a ratio of 3:1. Based on the variables and
by the use of support vector machine (SVM) , C5.0 decision tree and artificial neural network ( ANN) , 3 risk prediction models for
lung cancer were established respectively, and the predictive performances of these models were compared.  Results  After
feature extraction, 9 variables including blood in phlegm, fever and sweating and smoking history were selected as the effective
variables in the establishment of risk prediction models for lung cancer. In the test set, the sensitivities of SVM, C5.0 decision tree
and ANN models were 74.1% , 62.5% and 92.9% , respectively. The specificities were 76.2% , 80.4% and 64.3%, respectively.
The positive predictive values were 70.9% , 71.4% and 67.1% , respectively. The negative predictive values were 79.0%, 73.2%
and 92.0% , respectively. The accuracies were 75.3%, 72.5% and 76.9% , respectively. The areas under the curves were 0.752
(95%CI.0.694-0.803) , 0.715 (95%CI.0.655-0.769) and 0.786 (95% CI:0.730-0.835) , respectively.

ANN prediction model has a better overall performance than SVM and C5.0 decision tree models, and it has potential application

Conclusion The

1391

value in the screening of high—risk population for lung cancer.
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