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Intraoperative Hypothermia Prediction Model Based on Feature Selection and XG -

Boost Optimization
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(1. Logistics Research Center, Shanghai Maritime University, Shanghai 201306, China;2. Anesthesia Recovery Room, Shao Yifu
Hospital Affiliated to Zhejiang University Medical College, Hangzhou 310020, China)

Abstract: In view of the high incidence of intraoperative hypothermia and complex influencing factors in
patients undergoing anesthesia, a prediction model of intraoperative hypothermia based on feature selection
and XGBoost optimization is proposed to better assist doctors in the clinical diagnosis of patients. Firstly,
the random forest (RF) is used to deal with the high-dimensional data sets, and features are selected by the
RF out-of-bag estimation. Then, XGBoost hyperparameters are optimized using the genetic algorithm
based on elite retention strategy, i.e., EGA. Finally, the prediction is trained according to the optimal
parameters and thus can be used to predict intraoperative hypothermia. This model combines the
advantages of three algorithms to improve model generalization ability and prediction accuracy. The
experimental result shows that the proposed model performs better other seven machine learning
classification prediction models such as logistic regression, support vector machine, and so on in prediction
accuracy, precision, recall and AUC, and overcomes the three representative hyperparameter tuning
methods.
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Fig.1 A prediction model frame of intraoperative hypothermia
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(min_child_weight), (0,3) ;L2 IE W4k & (reg_lambda) , (0,2) ; M 775 5 73 L0} T 77 B 110 e 78 408 25 0
/L (gamma), (0,4) .

R 4l 58 15 355 I R 0L 25 6 XGhoost i S HGE L, GA S50 8  FiE LS 100, #F 4 1) fie KACEL
100, - 4k 152 FI BT BI(E 1< 10 * Fe i b fh s AR A 20, Zead 24 Wk AR, gt A4 BRIL I BI04 R Sl et il
137 J5£ PR AE h 0.829 2, 4P 4 B s o B Hh XGBoost 4 1 i) fie I A8 2 80, U3k 4 B

75 B3R GAZBE T 0 EGA AL T3 4r 26 4% GBDT M SVM 8 28, (L Ak ik B2 an 7 5.6 Fif 7 .
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Table 4 Optimization of hyperparameters and results

Fig.4 Optimization process of EGA-XGBoost model

#2480  max_depth n_estimators  learning_rate min_child_weight reg_lambda gamma
LA 5 146 0.201 4 0.8256 1.024 1 2.996 4
XGBoost N NTES i 4 2 FENCES F AUC
?;i 0.829 2 0.858 5 0.892 1 0.873 2 0.865 4
(0.756 1) (0.8156) (0.8339) (0.842'1) (0.8411)
2%  max_depth n_estimators learning _rate max _features subsample min_leaf
B 6 60 0.062 0 5 0.488 0 2
GBDT N RS 4 FEES F, AUC
E)\;‘i 0.790 2 0.834 4 0.870 1 0.848 8 0.818 8
(0.7415) (0.8189) (0.848 7) (0.840 1) (0.8320)
A STk =i BB g
L fE 219.3511 0.003 9
SVM ‘ HiRITEES 0 1 H nl R F AUC
ij; 0.795 1 0.799 8 0.934 7 0.860 2 0.843 3
(0.7659) (0.767 1) (0.942 3) (0.844 9) (0.8327)
0.80r e
0.78}
0.76f
% 0.74}
TontT S
P [ MR ool S FEREAME BRI
ST HinE{E S o MEAMETS BRSO
0 5 10 15 20 25 e
pri v BALAREL
K5 EGA-GBDT fifbid &K’ K6 EGA-SVM kit E
Fig.5 Optimization process of EGA-GBDT model Fig.6 Optimization process of EGA-SVM model
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2.4 EEUMEEESH

22 EGA itk XGBoost # 2 ¥ , fii Fi I 2k 45 Il 2k EGA-XGBoost, 5 81 76 Yl 25 5 1 49 1 5 R Ry
91.71% o B YNk A5 A P T 0 3 B 1 A R rh AR A ol T, 0446 v, S B 2 2B R P IR AC R 63 1],
A BN 70.79 % B RLAWT & AE 60 91, 1R ) 3491, 3 RISy 0.952 45 S BR o & AR AR A (R4 26 1], 455 0 )
W R & A 17 ], R 9 1], RS B0 B2 0.869 65 ERR Z S 0.865 2, ROC T i A1 0.894 7, 4 & 7.8 Jir
TN B A IPE BE RS R R B R4S

Confusion matrix

60
0 il 1.0
40 0.8}
5 ;
= 30 ™ 0.6F
% o4
1 . = 20 R
0.2f
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Predict 14 R
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Fig.7 Confusion matrix of test set EGA-XGBoost Fig.8 Area under the ROC curve of the model

5 HAD T KRR PERE X I . i ] SVM LR .RF .GBDT . XGBoost . Light GBM #l CatBoost
X 7RG A N EiR S E L) L 5 EGA-XGBoostH [R] 9 I 25 48 Il 2 it 42 T3, )
REERWMESFR . AESATH, EGA-XGBoost [ fE# R K6 . F BIR F M AUC E 54 7450 5%,
AR EGA-XGBoost £ 54 58 B i 5 11 .
£5 BEENRE MK ERI

Table 5 Comparison of test results of model on the test

s HE B 5 o A% F| AUC
SVM(RBF) 0.775 3 0.786 7 0.936 5 0.8551 0.8657
LR 0.797 7 0.800 0 0.952 4 0.869 6 0.890 7
RF 0.820 2 0.840 6 0.920 6 0.878 8 0.849 2
GBDT 0.8315 0.863 6 0.904 8 0.883 7 0.848 6
XGBoost 0.8315 0.863 6 0.904 8 0.883 7 0.833 3
LightGBM 0.797 8 0.846 2 0.8730 0.859 4 0.819 3
CatBoost 0.8315 0.8529 0.920 6 0.8855 0.880 3
EGA-XGBoost 0.865 2 0.869 6 0.952 4 0.909 1 0.894 7

55 2 B A B A D7 5 08 L o AR R R S RO Y R O ik LR ST R R, TR
TR 2 MR A (E, B RUR AR o BENLIR R T7 6 e — M 2 /UL 3%, R REALAREUE 2, it
AE 4K 2 fre U0 B 0 2800, Fe b s 2 BE AL A R AT BEA — B, EGA [RS8 R A BEHLI% R X XGBoost # £
BRI K 5 25 SR ANk 6 B s
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Table 6 Comparison of XGBoost hyperparameter tuning optimization

Fik W R 4 (] 2% BATHE ] /s I 2GS
EGA P 0.865 2 0.952 4 162 (5,146,0.201 4,0.825 6,1.024 1,2.996 4)
P8 A% 48 2% 0 0.853 9 0.936 5 1209 (6,50,0.1,2,1.5,0.3)
BE AL Z 0 f 0.8427 0.936 5 137 (3,167,0.195 6,0.224 5,1.754,2.521 4)

6 S HI R IUT A B BT BE AR B 2 ) R R/ R L2 GE U Ak R HoRn
T 0T R P A e/ NG I o IR 6 T, 3K 3 R T A 2 B0 AL T 12 A A A R R
Th,ENIE T XGBoost H s B E i It 16 i 300k LB, AN 18 2t FWE AN 98 2 05 vk, 4 18 2 80 Ak, DR 24 44 g
e Th, B br BRI . R L EGA L BOR BRGS0 18 58 10 0 3 5 T REHLIE R (HARFE
I, $ 3T BE LIS B0 10 4% 5 B LA 2R8I fog A EORS BE AR, B0 WD AS SCHE T EGA 81 XGBoost i 2 4%
AR

L5 BUAT B A I A SR X L, SCRRE 9 158 T 22 on g Pk [l U5 7 R AP (I (A TS 2R, AUC 2 0.771,
ZACEA 8 4 5 SCHR [ 11 ] 2% T Logistic 1815 5 57 A A (0 (A% il 35900 45 Y 100 o 48 R O 8104, AU Dy
0.639,AUC Jy 0.814 , BERIMEREA i o PR AS SR SR A UM R 5 A o

3 SRIE

A SCHR T — B I TR AIE 26 HE R XGBoost fIt Al Y 42 JFR T A 8 5 R P IR U A AL o B xR
AR AR R AIE Ji A R KA 4 B v 0 () AL, AR SO ARG ek R 48 A0l T vk 2k B R AR AE SR JH EGA it b
XGBoost i Z 4. Lo WA SCHA S LR SVM %5 7 Fh F 0 A5 YA Lo HA7 5 g 000K B AR 1 5 5 81
A FC At T ASE YR BE AT R R, T T AR R R AR R B B B2 g A 7 A R R
BB X PR A RO P, O BE AP N GRS bR TR SR SR O e BB P i TR 2 R — A
I N AR S AR A U AR 9 SR SR R A TR AR FE AR H RIAR Ji A0 AR R A P9 7 BBk 2R B L S B B2 o PR 3% 4
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