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Prediction of osteoporotic fracture based on ensemble learning

CHEN Wangqji, LIN Yong
School of Medical Instrument and Food Engineering, University of Shanghai for Science and Technology, Shanghai 200093, China

Abstract: Osteoporotic fracture is one of the important causes of morbidity and death in the elderly. It is necessary to
establish an efficient predictive model to provide diagnosis and treatment suggestions for the elderly as soon as possible. In
the experiment, Stacking is used to construct a heterogeneous classifier EtDtb-S which uses 16 highly-correlated features as
feature vectors, and selects extreme random trees and decision tree-based bagging ensemble models as primary learners, and
logistic regression as the secondary learner for ensemble learning. Experimental verification compares EtDtb-S with single
model and isomorphic classifiers for osteoporotic fracture prediction. The results show that the prediction accuracy of the
heterogeneous classifier is increased by 2.8% and 1.5% as compared with the optimal single model and the optimal
isomorphic classifier, respectively. The proposed method has better prediction of osteoporotic fracture.
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Tab.2 Comparison of prediction results obtained by 9 models (Mean+SD)
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Fig.1 Comparison of receiver operating characteristic curves of 9 models
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