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Abstract: Hemorrhagic shock is a common cause of death in emergency rooms. Early diagnosis of hemorrhagic
shock makes it possible for physicians to treat patients successfully. Therefore, the purpose of this study was to select
an optimal survival prediction model using physiological parameters for the two analyzed periods: two and five min-
utes before and after the bleeding end. We obtained heart rates, mean arterial pressures, respiration rates and tem-
peratures from 45 rats. These physiological parameters were used for the training and testing data sets of survival
prediction models using an artificial neural network (ANN) and support vector machine (SVM). We applied a 5-fold
cross validation method to avoid over-fitting and to select the optimal survival prediction model. In conclusion, SVM
model showed slightly better accuracy than ANN model for survival prediction during the entire analysis period.
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Fig. 1. Photo of rat experimental setup[7]
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Table 1. Three different groups of rats

Rats (weight) Sprague-Dawley rats (300-350 g)

Number of rats (n = 45) 15 15 15
Hemorrhagic rate

(mL/100 g/15min) 2 2.5 3
Hemorrhagic ratio (%) 32.8 41.0 49.2
Shock class 111 v v

{ Bleeding } [ Bleeding J

start end
Resting ‘ Bleeding Post-bl\eeding
1 //
0 15 25 283032 35 AR 150
&) (min)
Analyzed data range
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Fig. 3. Experimental protocol of hemorrhagic shock using
rats and four analyzed periods of physiological parameters
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Table 2. Distribution of each analysis period data divided
into training and test set, survival. and death sets, (a)

Distribution of 5 min data before and after bleeding end, (b)
Distribution of 2 min data before and after bleeding end

(a)

Group Training set Testing set Total set
Survival set 65 30 95
Death set 85 45 130
Total set 150 75 225

()

Group Training set Testing set Total set
Survival set 25 13 38
Death set 35 17 52
Total set 60 30 90
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Table 3. Accuracy of the survival prediction models using 5-fold cross validation (mean + standard deviation, 10 times

repetitions)
Model Period (min) Number of hidden node  Sensitivity (%) Specificity (%) Accuracy (%)
25-30 (I) (n = 150) 2 80.2+7.2 91.0+7.1 84.7+3.2
ANN 30-35 (II) (n = 150) 2 95.0+3.2 97.7+3.7 96.0 +2.6
28-30 (III) (n = 60) 2 79.1+10.5 92.5+12.7 85.0+5.3
30-32 (IV) (n = 60) 2 86.9+9.1 94.0+9.7 90.0+3.5
Model Period (min) Kernel function Sensitivity (%) Specificity (%) Accuracy (%)
25-30 (I) (n = 150) Gaussian 86.8+ 8.3 88.3+7.8 87.0+4.3
SVM 30-35 (II) (n = 150) Gaussian 97.0+3.2 99.4+1.9 98.0+1.7
28-30 (III) (n = 60) Non-kernel 85.5+2.7 975+£79 90.8+2.6
30-32 (IV) (n =60) Gaussian 91.3+£6.0 96.3+£7.8 925+£2.6

H 4. 5-fold cross validationg 53] AT AE oS melo] 7} vlole] =S A8T HREEET + HEWA, 108 vH)
Table 4. Accuracy of the selected survival prediction models with the test data set (mean + SD, 10 times repetitions)

Model Period (min) Number of hidden node Sensitivity (%) Specificity (%) Accuracy (%)
25-30 (I) (n = 75) 2 86.4+4.4 87.3+89 86.8+3.8
ANy 208500 (n=175) 2 92.7+5.6 97.3+3.4 945+2.8
28-30 (I11) (n = 30) 2 87.1+10.3 89.2+11.0 88.0£6.7
30-32 (IV) (n = 30) 2 91.8+6.3 95.4+8.3 93.3+4.2
Model Period (min) Kernel function Sensitivity (%) Specificity (%) Accuracy (%)
25-30 (I) (n = 75) Gaussian 90.9+4.5 86.3+7.3 89.1+£3.8
SVM 30-35 (II) (n = 75) Gaussian 97.3+2.0 97.0+1.9 97.3+1.9
28-30 (I11) (n = 30) Non-kernel 93.5+7.6 88.5+10.4 91.3+4.5
30-32 (IV) (n = 30) Gaussian 93.5+5.8 99.2+24 96.0£3.8
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