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[Abstract] Objective To establish a dynamic prediction model of fatal massive hemorrhage in trauma based on the vital
signs time series data and machine learning algorithms. Methods Retrospectively analyze the vital signs time series data of 7522
patients with trauma in the Medical Information Mart for Intensive Care- [V (MIMIC-1V) database from 2008 to 2019. According to

the occurrence of posttraumatic fatal massive hemorrhage, the patients were divided into two groups: fatal massive hemorrhage group
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(n=283) and non-fatal massive hemorrhage group (n=7239). Six machine learning algorithms, including logistic regression (LR),
support vector machine (SVM), random forests (RF), adaptive boosting (AdaBoost), gated recurrent unit (GRU), and GRU-D were
used to develop a dynamic prediction models of fatal massive hemorrhage in trauma. The probability of fatal massive hemorrhage in
the following 1, 2, and 3 h was dynamically predicted. The performance of the models was evaluated by accuracy, sensitivity,
specificity, positive predictive value, negative predictive value, Youden index, and area under receiver operating characteristic curve
(AUC). The models were externally validated based on the trauma database of the Chinese PLA General Hospital. Results In the
MIMIC-IV database, the set of dynamic prediction models based on the GRU-D algorithm was the best. The AUC for predicting fatal
major bleeding in the next 1, 2, and 3 h were 0.946+0.029, 0.940+0.032, and 0.943£0.034, respectively, and there was no significant
difference (P=0.905). In the trauma dataset, GRU-D model achieved the best external validation effect. The AUC for predicting fatal
major bleeding in the next 1, 2, and 3 h were 0.779+0.013, 0.780+0.008, and 0.778+0.009, respectively, and there was no significant
difference (P=0.181). This set of models was deployed in a public web calculator and hospital emergency department information
system, which is convenient for the public and medical staff to use and validate the model. Conclusion A set of dynamic prediction

models has been successfully developed and validated, which is greatly significant for the early diagnosis and dynamic prediction of

fatal massive hemorrhage in trauma.
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Tab.1 Comparison of baseline characteristics between MIMIC-IV and trauma datasets of traumatic patients

MIMIC- IV £idi4E B E S
Hhn FICPER H i 20 BRI 1M 4 . HIEPER L iMm2H EBEEME R 1M1 20 P
(n=283) (n=7239) (n=306) (n=1380)
B /4 (150) 165/118 4145/3094 0.727 240/66 1067/313 0.673
SRR, M(Q, Q)] 63.0(50.0,77.5) 63.0(48.0,76.0) 0.368 47.6(34.2, 58.5) 47.4(32.9,58.2) 0.642
AR IARAEIM(Q, Q)]
HR(IX/min) 94.00(81.00, 107.00) 87.00(74.00,100.00)  <0.001  98.00(82.00, 115.00) 89.00(76.00, 103.00)  <0.001
RR(¥/min) 20.00(16.00, 25.00) 19.00(16.00,24.00)  <0.001  20.00(18.00,21.00) 20.00(19.00,20.00)  <0.001
SBP(mmHg) 117.00(104.00, 133.00)  120.00(106.00, 136.00)  <0.001  114.00(102.00,127.00)  123.00(110.00, 137.00) ~ <0.001
DBP(mmHg) 62.00(52.00, 72.00) 64.00(55.00,75.00)  <0.001  70.00(61.00,79.00) 75.00(66.00,83.00)  <0.001
SpO,(%) 97.00(96.00, 100.00) 98.00(96.00,100.00)  <0.001  97.00(96.00, 99.00) 98.00(97.00, 99.00) 0.002

MIMIC-IV. EE W Y5 BBR A HR DR RROFIRAR ; SBP. Y45 ; DBP. &F3K 1K ; SpO,. A i it s

F2 LT MIMIC-IVEEAETT & 1 6 R LU BI05475 B3 A 1.2 .3 h A LEBOLIE A H i YRR LA

Tab.2 Comparison of six models developed based on the MIMIC- IV data set for predicting fatal massive hemorrhage in traumatic
patients in the next 1,2,and 3h

i THRF (%) U (%) R (%) PPV(%) NPV(%) LIFHER AUC
GRU-D

1h 89.2+4.0 90.0£6.9 89.1+4.3 5§9.2+10.1 98.2+1.3 0.790+0.089 0.946+0.029

2h 89.2+3.7 88.9+£7.7 89.2+3.7 59.0£9.6 98.0+1.4 0.782+0.097 0.940+0.032

3h 88.5+4.2 89.4£8.0 88.3+4.3 5§7.3+10.0 98.0+1.5 0.777+0.101 0.943+0.034
GRU

1h 87.2+3.3 82.5+8.4 88.0+3.4 54.0+7.8 96.8£1.5 0.704£0.096 0.900+0.046

2h 87.4+4.2 84.4+8.7 87.91+4.5 55.1£9.9 97.1£1.6 0.723+0.105 0.903+0.046

3h 87.3+4.3 81.7£10.1 88.2+4.3 54.9+10.4 96.7£1.8 0.699+0.120 0.898+0.053
LR

1h 68.6+3.8 64.4£9.9 69.314.2 26.1£3.9 92.1+2.1 0.337+0.105 0.722+0.60

2h 60.4+4.5 73.5+10.7 58.2+4.8 22.8+3.3 93.0+2.7 0.317+0.119 0.703+0.073

3h 67.714.3 69.2+11.7 67.5+4.8 26.314.2 93.0£2.5 0.366£0.121 0.729+0.075
SVM

1h 78.6£3.5 68.319.8 80.3+3.9 37.0£5.7 93.9+1.8 0.486+0.101 0.816+0.044

2h 79.1£3.5 68.3+10.9 80.9+4.2 37.7%S.5 93.9+1.9 0.492+0.106 0.803+0.053

3h 74.7+4.5 67.3£12.7 75.9£5.3 32.1+£5.9 93.4+2.4 0.432+0.127 0.788+0.067
RF

1h 79.2+3.4 65.5+11.7 81.5+3.8 37.4%6.1 93.5+2.1 0.470+0.117 0.804+0.055

2h 80.5+3.8 65.8+12.5 83.0£3.9 39.6£7.1 93.6£2.2 0.488+0.130 0.802+0.067

3h 78.1+£3.6 62.1£11.9 80.8+4.3 35.4+6.0 92.8+2.1 0.429+0.114 0.796+0.063
AdaBoost

1h 79.4£3.2 68.0+11.2 81.3+3.6 38.0+5.7 93.9+2.0 0.493+0.111 0.811+0.052

2h 78.4%3.8 71.1+£10.6 79.6+4.3 37.2+6.1 94.3+2.0 0.507+0.109 0.809+0.061

3h 77.7+4.2 63.0+13.4 80.2+4.6 35.0+£7.3 92.9+2.4 0.432+0.137 0.787+0.067

MIMIC-IV. T WP By {5 BEUE & ;. pev. FHEETUNAE ; NPV, BHPEBNE ; AUC. Bk R mifl; LRGZHIE; SVM. SRR AL ;
RF. FEHLARAR; AdaBoost. W HETF; GRU. [ JHE1EHRHI0; GRU-D. | JHEEFF¥IC-D

AR ANREAE  ROC L4 R, 5H 2. 3hRAEZIEH:K LA AUC 2R G242 X
il s FPARAY HEAE, GRU-D AR I A1) 495455 1 Ak 1. (P=0.181, #3. [3).,

2. 3hRAEBEFUM R M ABURE | NPV, Z)84E I %% GRU-D #5281 7F MIMIC- IV 34 4 5 61 45 %%
. AUC iz . GRU-D BRI FU IG5 B Ak 1, $REPmmimscr, 458 8/R, 76 MIMIC-IV 54
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Tab.3 Comparison of the effects of six models developed based on the trauma data set for predicting fatal massive hemorrhage in

traumatic patients in the next 1,2,and 3h

H TR (%) AEURRE (%) 5 (%) PPV(%) NPV(%) LPEAREL AUC
GRU-D

1h 58.7+4.3 84.4+54 52.6%6.5 29.8+2.1 93.6+1.2 0.370£0.021 0.779+0.013

2h 58.2+£3.9 87.1+4.1 51.6£5.7 29.4£1.6 94.7+1.1 0.387%0.020 0.780+0.008

3h 57.9+4.8 87.4+5.8 51.7£6.9 27.7£2.3 95.3£1.3 0.391+0.020 0.778+0.009
GRU

1h 56.1£3.2 82.4+3.4 49.9+4.7 28.0+£1.2 92.4+0.8 0.323£0.022 0.744+0.011

2h 55.9+£3.3 83.5+£3.2 49.6+4.8 27.7£1.3 92.9+0.8 0.330+0.024 0.741£0.011

3h 57.7t4.1 81.8+£6.0 52.746.1 26.7£1.7 93.4%£1.1 0.345+0.022 0.741+0.011
LR

1h 67.8+0.8 62.1+0.7 69.2+1.1 32.2+0.6 88.6+0.1 0.312+0.007 0.701+0.002

2h 60.3+£0.7 68.0£0.9 58.6+0.9 27.4+0.4 88.8+0.3 0.265+0.010 0.687+0.003

3h 63.6£1.0 60.6£1.2 64.3+t1.3 26.1£0.5 88.7+0.2 0.249+0.009 0.684+0.004
SVM

1h 72.3£0.9 56.7£1.0 76.0£1.3 35.8£1.0 88.2+0.2 0.327£0.009 0.698+0.002

2h 72.6£0.7 55.8£1.0 76.5£1.1 35.3£0.8 88.3+0.2 0.323£0.007 0.690+0.003

3h 71.1£0.8 56.3£1.4 74.1£1.2 31.3+£0.6 89.1+£0.2 0.305+0.007 0.699+0.002
RF

1h 74.4£1.7 49.3+£5.8 80.3£3.2 37.2+2.0 87.1£1.0 0.296+0.036 0.690+0.004

2h 75.7£0.6 47.01£2.4 82.3+1.2 38.0+£0.9 87.1£0.4 0.293+0.016 0.664+0.006

3h 76.7£1.0 46.1£1.7 83.1+1.4 36.4£1.6 88.1+£0.3 0.292+0.014 0.691+0.004
AdaBoost

1h 72.6£2.2 51.31+4.1 77.6£3.5 35.3£2.2 87.2+0.6 0.289+0.020 0.684+0.004

2h 72.6+£0.7 52.5+1.1 77.2+1.0 34.7£0.9 87.6+£0.2 0.298+0.010 0.679+0.005

3h 74.4£1.9 49.1+£2.5 79.7£2.8 33.7+2.1 88.2+0.3 0.288+0.015 0.687+0.005

PPV. FHYETINME ; NPV, BHPERUNME; AUC. ik FHEAL; GRU-D. [ G ¥I0-D; GRU. [ TR MIC; LR ZEMIT; SVM. S HF

I EAL; RE. FEHULERM; AdaBoost. & 2T

o, GRU-DBEERIFM G B AKE 1, 2. 3h &AL
FEME K H LAY AUC 43914 0.946£0.029 . 0.940+0.032
0.943+0.034; 7EAIHEHEAE T, GRU-D AL i ]
Uit ARAK 1. 2. 3h ZAEBBEHEKH AT AUC 435
4 0.779+0.013. 0.780+0.008 £l 0.778+0.009, 1 1. AJ

U, HIR GRU-D HANERI B i AUCHA
R, AEAGREE TR X 40, B GRU-D BRI H
BRI HZALRE ]

P UL TF & T — A0 TF R T T 8 (htep://
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