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Dynamic prediction of clinical outcomes for critical trauma patients based on a recurrent neural network model
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[ Abstract ]| Objective To explore the value of dynamic prediction model based on recurrent neural network (RNN)
algorithms for dynamic prediction of clinical outcomes in patients with critical trauma, and to study the feasible construction
scheme and path of dynamic strategy and real-time prediction model. Methods The data of this study were derived from
the US Medical Information Mart for Intensive Care (MIMIC) - IV 2.0. In order to predict the in-hospital outcomes of
critical trauma patients, 2 RNN algorithms, long short-term memory (LSTM) and gated recurrent unit (GRU) were used to
train dynamic prediction models under the time windows of 4, 6 and 8 h, respectively. The performance of the models was
evaluated using the sensitivity, specificity, F1 value and area under curve (AUC) value; and the effects of different RNN
algorithms and time windows on the performance of the models were analyzed. Hidden Markov model (HMM), random forest
(RF) model and logistic model were trained under 8-h time window as the controls to compare the performances and the
time trends horizontally with the 2 RNN algorithm models. Results There were significant differences in the 4 performance
indexes of the RNN dynamic models including the sensitivity, specificity, F1 value and AUC value (all P<<0.001), and
the performance indexes at 8-h time window were higher than those at 6 h and 4 h; there was only significant difference in
specificity between different RNN algorithms (LSTM & GRU) (P=0.036). The results of the horizontal comparison showed
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that there were significant differences in each performance index between the 2 RNN prediction models and other models (all
P<0.001), and each index of the 2 RNN algorithm models was higher than those of the HMM, RF model and logistic model.

The intraclass correlation coefficients (ICCs) of each algorithmic model were less than 0.400 for the sensitivity, specificity and F1

value (0 was not included in 95% confidence interval [ CI]), while the ICCs for the AUC value were statistically under-evidenced

(0 was included in 95% CI). Conclusion The dynamic models based on RNN algorithms have certain performance advantages

over those based on other common algorithms, and the time window may have an impact on the model performance.

[ Key words | recurrent neural network; long short-term memory; gated recurrent unit; trauma; dynamic model; clinical

outcomes; predicting model
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Feature filtering |
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| Training set (n=1 604) | Test set (1=179) |

I l
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Fig1 Experimental path of RNN algorithm model
RNN: Recurrent neural network; MIMIC: Medical Information
Mart for Intensive Care; RF: Random forest; HMM: Hidden
Markov model; LSTM: Long short-term memory; GRU: Gated

recurrent unit; AUC: Area under curve.
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Tab 1 Baseline information of trauma patients enrolled in this study

Index Total N=1783 Death group N=262 Non-death group N=1 521 Statistic P value
Gender, 7 (%) £=0.399 0.286
Male 904 (50.70) 138 (52.67) 769 (50.56)
Female 879 (49.30) 124 (47.33) 752 (49.44)
Race, 1 (%) 27=5310 0.150
White 976 (54.74) 132 (13.52) 844 (86.47)
Black (Brown) 437 (24.51) 67 (15.33) 370 (84.67)
Asian 151 (8.47) 31(20.53) 120 (79.47)
Others 219 (12.28) 32 (14.61) 187 (85.39)
Agelyear, x -5 57.072+7.275 60.785+8.906 56.4324+6.753 t=9.154 <<0.001
Body height/m, x+s 1.772£0.113 1.763£0.118 1.772£0.111 t=1.057 0.291
Body weight/kg, x +s 79.667+8.590 80.004+8.053 79.609+8.678 t=0.688 0.492
Heart rate/min ', Xx+s 89.223+6.724 92.695+7.576 88.6251+6.378 1=9.265 <<0.001
Respiratory rate/min ', x+s 15.630+2.860 16.978+3.165 15.398+2.738 1=8.422 <<0.001
Body temperature/’C, xts 36.766+0.662 36.4611+0.503 36.818+0.672 t=8.211 <0.001
SBP/mmHg, x+s 109.597+15.154 96.590+10.526 111.837£14.695 t=16.096 <<0.001
DBP/mmHg, xts 76.834+9.795 64.8121+6.773 78.905+8.682 t=24.995 <<0.001
Hemoglobin/(g*L "), X£s 97.992+12.990 93.061+14.525 98.846+12.517 1=6.738 <<0.001
WBC/L ™', X 10%), x+s 10.185+2.482 11.0124+2.395 10.072£2.489 t=5.125 <<0.001
Platelet/(L ', X 10°%), X+ 219.939+£30.763  216.956+31.078 220.453£30.679 t=1.701 0.089
ALT/(U-L™"), X +s 33.328+6.616 37.768 £5.821 32.563+6.442 t=12.245 <<0.001
AST/(UsL™ "), x=*s 30.728 £7.464 36.217+7.554 29.783+7.028 t=13.533 <<0.001
TBil(umol*L™"), x*s 11.46043.150 13.796 £2.756 11.21043.060 t=12.401 <<0.001
Ser/(umol*L™"), ¥+ 85.9141+14.943 82.745+16.797 86.495114.746 t=4.358 <0.001
BUN/(mmol-L "), X+s 4.7361+0.822 5.018+£0.965 4.711£0.799 t=3.359 <0.001
PO,/mmHg, x +s 96.1114+3.583 93.7331£4.065 96.521+3.326 t=12.102 <0.001
PCO,/mmHg, x+s 37.138£3.167 37.669+2.798 37.047+£3.217 t=2.944 0.003
SO,/%, x*s 95.540£2.668 90.176 £2.694 96.223 +1.745 t=31.361 <0.001
ICU time/h, x5 162.096 +55.268 84.7601+80.211 175.416 +35.608 t=17.991 <<0.001

1 mmHg=0.133 kPa. SBP: Systolic blood pressure; DBP: Diastolic blood pressure; WBC: White blood cell; ALT: Alanine

aminotransferase; AST: Aspartate aminotransferase; TBil: Total bilirubin; Scr: Serum creatinine; BUN: Blood urea nitrogen; PO,:

Partial pressure of oxygen; PCO,: Partial pressure of carbon dioxide; SO,: Saturation of oxygen; ICU: Intensive care unit.
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Tab 2 Feature importance for each variable output from 3 machine learning models

n=>35

Feature RF model XGBoost model AdaBoost model Average Weight/%
Hemoglobin, x + 0.55440.039 0.61040.035 0.61340.050 0.593 8.474
SBP, xts 0.53440.012 0.63440.012 0.560+0.017 0.576 8.233
DBP, x %5 0.450+0.010 0.483+0.010 0.635+0.019 0.523 7.476
Age,x*ts 0.52140.021 0.552+0.050 0.432+0.016 0.502 7.173
Heart rate, x = 0.384£0.035 0.302£0.078 0.550£0.009 0.412 5.892
PO,, x*s 0.434+0.011 0.335+0.014 0.447+0.014 0.406 5.800
Respiratory rate, xts 0.348+0.013 0.32440.016 0.4374+0.012 0.370 5.291
BUN, xts 0.350+0.013 0.31340.007 0.344+0.059 0.336 4.801
WBC, X+ 0.262+0.015 0.314+0.018 0.427+0.010 0.334 4.783
Ser, x*s 0.228£0.018 0.275£0.012 0.424£0.008 0.309 4.422
Body weight, x+s 0.16940.012 0.416+0.024 0.2854+0.018 0.290 4.147
TBil, x*s 0.155+0.013 0.361+0.013 0.354+0.017 0.290 4.143
SO,, xts 0.18240.006 0.349+0.001 0.3324+0.022 0.288 4.112
Platelet, x £s 0.161+0.010 0.33240.010 0.350+0.028 0.281 4.019
PCO,, x*ts 0.172£0.011 0.317£0.017 0.344£0.018 0.278 3.973
Body temperature, x+s 0.1394+0.014 0.316+0.020 0.3684+0.035 0.275 3.925
Body height, x s 0.068+0.015 0.32740.015 0.3154+0.011 0.237 3.384
ALT, x*s 0.159+0.029 0.303+0.045 0.245+0.036 0.235 3.367
AST, x*£s 0.061+0.010 0.309+0.020 0.284+0.007 0.218 3.118
Gender, x+s 0.0484+0.014 0.18140.018 0.137%0.011 0.122 1.745
Race, xt+s 0.02940.008 0.172+0.014 0.15940.035 0.120 1.721
ICC (95% CI) 0.909 (0.811, 0.960)

SBP: Systolic blood pressure; DBP: Diastolic blood pressure; PO,: Partial pressure of oxygen; BUN: Blood urea nitrogen; WBC:

White blood cell; Scr: Serum creatinine; TBil: Total bilirubin; SO,: Saturation of oxygen; PCO,: Partial pressure of carbon dioxide; ALT:

Alanine aminotransferase; AST: Aspartate aminotransferase; ICC: Intraclass correlation coefficient; CI: Confidence interval.
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Tab 3 Prediction performance of 2 RNN dynamic models under different time windows

n=5,xts
Time window Model Sensitivity Specificity F1 value AUC

4h LSTM 0.757£0.042 0.8471£0.029 0.510£0.053 0.767£0.034
GRU 0.742+0.028 0.84140.020 0.5134+0.048 0.752+0.035

6h LSTM 0.782£0.043 0.879£0.025 0.525£0.055 0.792£0.032
GRU 0.780£0.026 0.872£0.014 0.530£0.050 0.792£0.036

8h LSTM 0.814+0.044 0.91240.025 0.547+0.056 0.826+0.034
GRU 0.81310.026 0.910£0.034 0.552+0.053 0.825+0.037

RNN: Recurrent neural network; AUC: Area under curve; LSTM: Long short-term memory; GRU: Gated recurrent unit.
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Tab 4 Analysis of performance of RNN models under

different influencing factors

Factor Evaluation index EMS  Fvalue P value
Time window Sensitivity 0.169 130.931 <<0.001
Specificity 0.184 285.298 <<0.001

F1 value 0.061 21.681 <<0.001

AUC 0.181 149.970 <<0.001

RNN algorithm  Sensitivity 0.005 3.603  0.058
Specificity 0.003  4.409 0.036

F1 value 0.002 0.800  0.372

AUC 0.003  2.681 0.102

Time window- Sensitivity 0.002 1.768  0.172
RNNalgorithm  gpecificity  <0.001  0.283  0.754

F1 value <0.001 0.008  0.992
AUC 0.003 2.693  0.069

RNN: Recurrent neural network; EMS: Effect mean

square; AUC: Area under curve.

x5 AREERRBTMNERENERER - T

Tab 5 Analysis of difference and consistency of prediction performance of different algorithm models

Evaluation index Model Average value, x£s Fvalue P value ICC (95% CI)
Sensitivity LSTM 0.81440.044 750.400 <0.001 0.262 (0.167, 0.374)
GRU 0.8131+0.026
HMM 0.780%0.011
RF 0.72540.062
Logistic 0.645+0.082
Specificity LSTM 0.912£0.025 777.767 <<0.001 0.244 (0.143, 0.355)
GRU 0.910+0.034
HMM 0.871+0.013
RF 0.80140.026
Logistic 0.705+0.038
F1 value LSTM 0.54740.056 332.727 <<0.001 0.395 (0.313, 0.525)
GRU 0.55240.053
HMM 0.496+0.053
RF 0.463£0.032
Logistic 0.32740.033
AUC LSTM 0.826+0.034 606.155 <0.001 0.002 (—0.058, 0.082)
GRU 0.82540.037
HMM 0.742+0.015
RF 0.70740.019
Logistic 0.64440.033

ICC: Intraclass correlation coefficient; CI: Confidence interval; LSTM: Long short-term memory; GRU: Gated recurrent unit;
HMM: Hidden Markov model; RF: Random forest; AUC: Area under curve.
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Fig 2 Time trend plot of predictive performance of each model

LSTM: Long short-term memory; GRU: Gated recurrent unit; HMM: Hidden Markov model; RF: Random forest; ICU: Intensive care

unit; AUC: Area under curve.
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