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Multi-disease risk prediction based on Xgboost and Keras frameworks
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[ Abstract] Chronic diseases have become a major threat to human health. It is important to find out the direct or indirect factors of
chronic diseases to predict the risk of multiple diseases. In this paper, RF, GBDT and Xgboost are used to classify the three chronic
diseases, and the Xgboost with the best classification effect is used for feature selection. The Keras deep learning framework is used
to construct a neural network to predict the risk of multiple diseases. The multiple disease risk prediction is transformed into multi

label classification problem by using Binary Relevance (BR) and Label Powerset (LP) in problem transformation.
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Tab.1  The performance comparison of different classifiers for Htn

BRI YEWER/%  Precision Recall F1 i
GBDT 83.33 0.79 0.71 0.75
RF 85.83 0.82 0.76 0.79
Xghoost 86.67 0.84 0.76 0.80

Fz2 Dm FZFHEIF[HEBELILR

Tab. 2 The performance comparison of different classifiers for Dm

BERIEM  YEWER/%  Precision Recall F1 i
GBDT 82.50 0.75 0.73 0.74
RF 84.17 0.79 0.73 0.76
Xghoost 85.00 0.77 0.80 0.79

F3 Cad BEHLEBFERLILE

Tab. 3 The performance comparison of different classifiers for Cad

BERIRT  YEWIR/%  Precision Recall F1 {4
GBDT 90.83 0.43 0.30 0.35
RF 91.67 0.50 0.10 0.17
Xgboost 92.50 0.56 0.50 0.53

* 4 Xgboost RESHRASTEE

Tab. 4 The best parameters and range of parameters for Xgboost

ZHH Hin Dm Cad WZEH LK
learning_rate 0.4 0.5 0.2 [0.1,0.5] 5
n_estimators 90 136 206 [50,500] 450

max_depth 3 14 6 [3,20] 18
min_child_weight 2 3 1 [1,5] 5
gamma 0.9 0.6 0.1 [0,1] 11
colsample_bytree 0.5 1.0 08 [05.1] 6

&5 Xgboost fS1E8E

Tab. 5 Xgboost parameter tuning for performance

PR HEMER/%  Precision Recall F1 i
Hin 88.33 0.85 0.81 0.83
DM 87.50 0.82 0.80 0.81
Cad 92.50 0.56 0.50 0.53
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