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Prediction of osteoporotic fractures based on machine learning

YU Jinjuan, LIN Yong

School of Medical Instrument and Food Engineering, University of Shanghai for Science and Technology, Shanghai 200093, China

Abstract: Prediction of complex diseases is an important topic in genetics research. Herein a machine learning method is

introduced, taking clinical variables and genetic variables as features to predict osteoporotic fractures. After that the features

of clinical phenotypes and heritable variations were selected, Logistic regression analysis and XGBoost algorithm were used

to predict the characteristic variables of clinical factors, clinical factors and genetic factors. Finally, ten-fold cross validation

method was used to verify the prediction results. The experimental results show that both the prediction accuracies of

XGBoost and Logistic methods are improved after adding genetic factor variation as compared with using clinical factor

alone. In addition, the XGBoost method is superior to Logistic regression model in the prediction of osteoporotic fractures.
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Fig.1 Flowchart of classification prediction
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Tab.1 Comparison of prediction results for test sets adding 10 SNPs

Method Accuracy+SD  Precision ~ Recall ~ F-score
CLINIC 0.703+ 0.078 0.683 0.800 0.737
Logistic
CLINIC+GENETIC10  0.709 +0.078 0.737 0.800 0.767
CLINIC 0.863+ 0.067 0.800 0.914 0.853
XGBoost
CLINIC+GENETIC10  0.883+0.055 0.829 0.971 0.895
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Fig.2 Comparison of receiver operating characteristics curves generated by test sets using two methods
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Tab.2 Comparisons of prediction results for test sets adding 20 SNPs

Method Accuracy+SD Precision Recall F-score
CLINIC 0.703 £0.078 0.683 0.800 0.737
Logistic
CLINIC+GENETIC20 0.707+0.086 0.730 0.771 0.750
CLINIC 0.863 +0.067 0.800 0.914 0.853
XGBoost
CLINIC+GENETIC20 0.880+0.056 0.810 0.971 0.883
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