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41 40) 1. FEBURFE 19 TRt I 48 bR, 8 6 Rl & o7 > 551 B FE £ AU (gradient boosting
model , GBM) ]~ L ZR EAE B ( generalize linear model, GLM ) . k-37 4P ( k-nearest neighbor, KNN)  f#pZ 1 -
# (naive bayes,NB) f#H£5 2% (neural network , NNET) , 37 3% [a] f& 41 ( support vector machine linear,SVM)
FE A AR, I AEYR RS A T 90 U, 380 520 A AR () P R X B, 737 ) e (AR | e 2 A 7 Do) D o A
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the precision-recall curve, AUPRC) :0. 641, Brier 1£43: 0. 169, 45 JLT GBM B LJT & AU B A
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Establishment of a gradient boosting prediction model for respiratory failure after

non-cardiothoracic surgery based on intraoperative indicators
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of Anesthesiology, First Affiliated Hospital, Army Medical University ( Third Military Medical University) , Chongqing,
400038, China

[ Abstract | Objective To develop and validate a machine learning prediction model for postoperative
respiratory failure ( PRF) in patients after non-cardiothoracic surgery based on intraoperative indicators.
Methods A total of 705 patients undergoing non-cardiothoracic surgery in our hospital from January 2014 to
June 2019 were enrolled, and then 565 patients of them were assigned in the training set (including 128 cases
of PRF) and 140 patients into the test set (35 cases of PRF). Another 164 patients undergoing non-
cardiothoracic surgery at West China Hospital from May 2019 to January 2020 and Zhongshan Hospital from
June 2019 to December 2019 were assigned into the validation set (41 cases of PRF). Nineteen intraoperative
indicators were extracted, and 6 machine learning algorithms, such as gradient boosting model ( GBM) ,
generalize linear model (GLM) , k-nearest neighbor (KNN) , naive bayes (NB), neural network ( NNET),
and support vector machine linear (SVM) were used to develop and test the models and were verified in the
validation set. The best model was screened out by comparing the performance of each model, and finally, the

web page prediction model was established. Results GBM obtained the best performance, with an accuracy

[E&mB] HEZEAH AT (2018YFCO116702)
[BEEE] B&H%, E-mail: lukaizhi2010@ 163. com

2097-0927/ Copyright © 2022, FHZEFERE K2 (55 = ZEBEKF) o X FFHORICCE G CC BY V7T HMY (https: //creativecommons.org/licenses/by/4.0/)



740

il 25 %2 B R, 2023,45(8)

http : //aammt. tmmu. edu. cn

of 76.2%(95%CI ; 69.0% ~82.5%) , an area under the subject curve (AUC) of 0.794 (95%CI. 0.707 ~
0.882), an area under the precision-recall curve ( AUPRC) of 0. 641, and a Brier score of 0. 169.

Conclusion

The model developed based on GBM algorithm is of higher generalization, accuracy, and

clinical utility, and helps avoid overfitting. The developed web page prediction model (http://150. 158. 55.

139) can provide a new dynamic evaluation method for PRF and quantify surgical risk.
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GBM 76.2,69.0~82.5 0. 427 68.3 78.9 0. 169 0. 589 0. 641 0.794,0.707 ~0. 882
GLM 71.9,64.4~78.7 0.348 65.9 74.0 0.193 0. 540 0. 566 0.753,0. 661 ~0. 846
KNN 71.3,63.8~78. 1 0.365 73.2 70.7 0.225 0. 561 0. 472 0.741,0. 654~0. 827
NB 76.2,69.0~82.5 0.381 56.1 82.9 0.194 0. 541 0. 501 0.753,0. 663~0. 843
NNET 73.2,65.7~79.8 0.328 56. 1 78.9 0.207 0.511 0. 496 0.745,0.659~0. 831
SVM 71.3,63.8~78. 1 0.356 70.7 71.5 0. 189 0.552 0.592 0.784,0.700~0. 868
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