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<ABSTRACT> 
Mortality prediction of rats in acute hemorrhagic shock using various 

machine learning techniques 
 

Joon Yul Choi 
 

Department of Medical Science 
The Graduate School, Yonsei University  

 
(Directed by Professor Deok Won Kim) 

 

Casualty triage at initial contact on scene by first responders is crucial to save 
hemorrhagic patents' lives in civilian trauma or on the battlefield. However, 
there are few studies to demonstrate important physiological variables related to 
mortality and the most suitable machine learning techniques for casualty triage 
among various techniques. This study was conducted to suggest a mortality 
predicting model for casualty triage on scene using various machine learning 
techniques through a rat model in acute hemorrhage. Furthermore, this study 
determined important physiological variables for mortality prediction to 
effectively minimize impression time for first responders. 

Thirty-six anesthetized rats were randomized into three groups according to 
volume of controlled blood loss. Uncontrolled hemorrhage was induced 
simultaneously by combination of controlled blood loss and tail amputation in 
all rats. This study measured heart rate (HR), systolic and diastolic blood 
pressures (SBP and DBP), mean arterial pressure (MAP), pulse pressure (PPR), 
respiration rate (RR), temperature (TEMP), lactate concentration (LC), 
peripheral perfusion (PP), shock index (SI, SI=HR/SBP), and the new 
hemorrhage-induced severity index (NI, NI=LC/PP) as candidates for input 
variable of each machine learning techniques. All variables were analyzed for 
changes between pre- and post-hemorrhage to investigate the effects of 
hemorrhage on mortality. 

The training data set was used to construct models based on popular machine 
learning techniques including logistic regression (LR), artificial neural networks 
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(ANN), random forest (RF), and support vector machines (SVM). To select 
important variables for mortality prediction in a rat model, variables selection 
was performed with algorithm of consistency subset evaluation using 10-fold 
cross validation. The testing data set was used to assess the performance of the 
optimized models consisting of the selected variables for predicting mortality 
using sensitivity, specificity, accuracy and area under curve (AUC) of the 
receiver operating characteristic (ROC). 

For the LR model, sensitivity, specificity, accuracy, and AUC were 0.678, 
1.000, 0.833, and 0.833, respectively. For the ANN model, sensitivity, 
specificity, accuracy, and AUC were 0.833, 1.000, 0.917, and 0.917, 
respectively. For the RF model, sensitivity, specificity, accuracy, and AUC 
were 0.833, 1.000, 0.917, and 0.903, respectively. For the SVM model, 
sensitivity, specificity, accuracy, and AUC were 1.000, 0.833, 0.917, and 0.972, 
respectively. The SVM model showed better AUC than that of the LR, ANN, 
and RF models for mortality prediction. The important variables selected by 
SVM were LC and NI. 

In conclusion, the SVM model with selected variables, LC and NI, was 
superior to the LR, ANN, and RF models in predicting mortality resulting from 
acute hemorrhagic shock in a rat model. These machine learning techniques 
may be very helpful to first responders to accurately make causality triage 
decisions and rapidly perform proper treatments for hemorrhagic patients in 
civilian trauma or on the battlefield in the future. 

 
 
 
 
 
 

---------------------------------------------------------------------------------------------------------- 
Key words: hemorrhagic shock, rat, mortality, new index, shock index, machine 
learning techniques, support vector machine, random forest 
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Mortality prediction of rats in acute hemorrhagic shock using various 
machine learning techniques 

 
Joon Yul Choi 

 
Department of Medical Science 

The Graduate School, Yonsei University  
 

(Directed by Professor Deok Won Kim) 
 
 
 

I. INTRODUCTION 
 

The World Health Organization (WHO) reported that approximately 5 million 
people died from injury around the world in 20081, and hemorrhagic shock 
accounts for 30% of these deaths2. 33% to 56% of civilian deaths occur during 
the pre-hospital period, and 80% to 90% of combat deaths occur in far-forward 
environments3. The ability of first responder on scene to prioritize patients and 
to perform proper treatment has been emphasized in instances of civilian trauma 
or on the battlefield4,5. Hemorrhagic shock is syndrome of circulatory 
dysfunction causing decreased tissue oxygenation and accumulation of oxygen 
debt, which ultimately leads to multiple organ system failure if left untreated6. 

Many studies have evaluated hemorrhagic shock severity using the traditional 
vital signs, including heart rate (HR), blood pressure (BP), pulse pressure (PPR), 
and respiration rate (RR), based on The American College of Surgeons’ 
Advanced Trauma Life Support (ATLS) for Doctors. However, use of these 
traditional vital signs solely has been reported that might be untrustworthy 
measures due to compensatory mechanisms6-8. Recent studies have concentrated 
on the tissue states to diagnose hemorrhagic shock severity using lactate 
concentration (LC) and peripheral perfusion (PP)6,9. However, Pestel et al. 
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reported that traditional vital signs were more sensitive in detecting acute 
hypovolemia than were tissue oxygen tension measurements or regional 
perfusion, in a swine model10. 

Shock index (SI), defined as a ratio of HR to systolic blood pressure (SBP), 
showed better measure of acute blood loss than either HR, SBP, or diastolic 
blood pressure (DBP) alone11,12. Newly proposed hemorrhage-induced severity 
index (NI), defined as LC/PP ratio, showed a better marker for predicting 
mortality in rats undergoing acute hemorrhage in comparison to the traditional 
vital signs, LC, and PP alone as well as SI13. However, a computational 
artificial intelligence model for predicting hemorrhagic shock severity using 
various physiological variables simultaneously is strongly needed in order to 
improve similarity to clinical setting and accuracy of diagnosis. 

Machine learning is a part of artificial intelligence method using statistical 
method for data classification14. Recently, many studies have applied machine 
learning techniques to the severity prediction model for hemorrhagic shock. 
Roberts et al.15 used a polynomial neural network to predict mortality in 
hemorrhagic shock using SBP and mean arterial pressure (MAP) in a swine 
model. Eftekhar et al.16 compared logistic regression (LR) and artificial neural 
network (ANN) models for predicting mortality in head trauma patients, and 
showed ANN significantly outperformed the LR in prediction accuracy. Jang17 
and Choi18 et al. newly applied support vector machine (SVM) and random 
forest (RF) classifiers to mortality prediction model using a hemorrhagic rat 
model. Although each machine learning technique showed possibility to use 
severity prediction of hemorrhagic shock, a few study considered all the 
possible physiological variables aforementioned simultaneously for a prediction 
model and compared which machine learning technique is superior among the 
techniques popularly used. It will also be expected to select influential variables 
in predicting hemorrhagic shock mortality for an optimized model in order to 
minimize triage time for first responders. 

In this study, we validated the machine learning techniques with the aim of 
accurately predicting hemorrhagic shock mortality in a rat model. The 
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influential variables were also selected among proposed diagnosis indices such 
as HR, SBP, DBP, MAP, PPR, RR, temperature (TEMP), LC, PP, SI, and NI. 
Then, the performances of LR, ANN, SVM, and RF models were compared for 
sensitivity, specificity, accuracy, and area under curve (AUC) of the receiver 
operating characteristic (ROC). 
 
II. MATERIALS AND METHODS 
 
1. Physiological data acquisition 
 
A. Animal preparation 
 

Thirty-six male Sprague-Dawley rats (Orient, Seongnamsi, Korea), 8 to 9 

weeks old and weighing 300 to 400 g (356 ± 36 g), were divided into three 

groups of 12 rats. These groups were subjected to controlled blood loss of 2.0, 
2.5, or 3.0 mL per 100 g animal weight over a 15 min period. The percentages 
of calculated total blood volume withdrawn from these groups were 32.8%, 
41.0%, and 49.2%, respectively (total blood volume [mL] = body weight [g] × 
0.061)19. According to ATLS, blood losses of 32.8%, 41.0%, and 49.2% 
correspond to class III (30% - 40%) and class IV (>40%) hemorrhage20. The 
mean weights of the three groups were not significantly different before blood 
withdrawal, applying the Kruskal-Wallis test (P > 0.05). 
 
Table 1. Male Sprague - Dawley rat 

Weight (g) 300-800 

Body temperature (°C) 37.5 

Heart rate (bpm) 330-480 

Blood pressure (mmHg) 
Systole: 88-184 
Diastole: 55-145 

Blood volume (mL/kg) 60.1 
Respiration rate (bpm) 65-110 
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Rats were anesthetized with an isoflurane inhalation system (RC2; Vet-Equip, 
Pleasanton, CA, USA); anesthesia was induced with a 5% concentration and 
maintained with a 2% concentration. Animals were placed in the supine 
position on the operating table with a heating pad underneath and spontaneously 
breathed throughout the experiment via an anesthesia cone mask. During the 

preparation period, rectal TEMP was maintained at 38°C using the heating pad. 

After incising the right lateral neck and the right and left periphery of the 
inguinal area, a 24-gauge catheter (Becton Dickinson, Franklin Lakes, NJ, 
USA) was inserted into the right carotid artery to draw blood, and the catheter 
was connected to a withdrawal syringe pump (Pump 11 Plus; Harvard 
Apparatus, South Natick, MA, USA). Another 24-gauge catheter was inserted 
into the right femoral artery to measure arterial BP, and the catheter was 
connected to a pressure sensor (1620 Pressure Sensor; MSI Sensors, Hampton, 
VA, USA). Both catheters were filled with a mixture of heparin sodium 
(Choongwae Pharmacy Co, Seoul, Korea) and normal saline (500 IU heparin 
sodium per 500 mL saline). The left inguinal area was made accessible for 
blood sampling to measure serum LC. All experimental procedures and 
protocols used in this study were approved by the Institutional Animal Care and 
Use Committee of Yonsei University Health System, Seoul, Korea. 

 

Tail amputation

Blood sampling/ lactate
(femoral vein)

Hemorrhage
(carotid artery)

Perfusion
ECG

Arterial pressure
(femoral artery)

Respiration

Temperature
(rectum)

 
Figure 1. Experimental preparation and measurement 
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B. Physiological data measurement 
 
(A) Measurement equipments 
 

As shown in Figure 2, this study measured physiological variables including 
HR, SBP, DBP, MAP, PPR, RR, and TEMP with a sampling frequency of 1 
kHz using Lab Chart 7 Pro software (AD Instruments, Colorado Springs, CO, 
USA). The data were fed into an Analog/Digital conversion system (Power Lab 
8/30; AD Instruments). 

Lactate concentration was measured by a portable blood lactate analyzer 
(Lactate Pro LT-1710; ARKRAY Inc, Kyoto, Japan) with a detection range of 
0.8 to 23.3 mmol/L and a precision of 3%. Approximately 5μL blood samples 
were needed, and measuring time was 60 s. 

Peripheral perfusion was continuously measured using a laser Doppler 
perfusion monitor (PeriFlux System 5000; Perimed, Stockholm, Sweden) with a 
probe (Probe 407; Perimed). Perfusion data were acquired with a sampling 
frequency of 32 Hz and analyzed by computer software (Perisoft for Windows; 
Perimed). 

 

Analog / Digital system - 1 kHz
(Power Lab 8/30, AD Instruments)

HR BP RR TEMP

LabChart 7 Pro 
(AD Instruments) PC 

LC PP

Perisoft
for window
(Perimed)

 
Figure 2. Diagram of measurement system 
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Figure 3. Photo of Power Lab 8/30 
 

HR

BP

RR

TEMP

 
Figure 4. Example of Lab Chart 7 Pro 

 

 
Figure 5. Blood lactate analyzer for this study 
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Figure 6. Laser Doppler perfusion monitor and Perisoft for Window 

 
(B) Heart rate measurement 
 

Heart rate was obtained by electrocardiogram signals using three invasive 
needle electrodes with a biological amplifier (ML136; AD Instruments). The 
electrodes were inserted in the left and right forelegs and the right hind leg 
(Figure 7). 

 

 
Figure 7. Photo of placement of ECG electrodes  
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(C) Respiration rate measurement 
 

Respiration was assessed by measuring changes in the thoracic cross-sectional 
area using a respiratory belt (MLT1132; AD Instruments). 
 

 
Figure 8. Photo of respiratory belt around a rat's chest 

 
(D) Blood pressure measurement 
 

An invasive BP amplifier was constructed using an instrumentation amplifier 
(AD620; Analog Device, Norwood, Mass) and the piezo-resistive silicon 
pressure sensor (Figure 9) that was calibrated with a mercury 
sphygmomanometer (Figure 10). 
 

 
Figure 9. Blood pressure sensor used in this study 
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Figure 10. Calibration of blood pressure sensor (left) and calibration graph 

(right) 
 
(E) Temperature measurement 
 

This study measured TEMP in the rats using a rectal probe (MLT1403; AD 
Instruments), which was inserted approximately 5 cm into the rectum (Figure 
11). 
 

5 cm

 
Figure 11. Rectal probe for measuring temperature (a=5 cm) 

 
(F) Lactate concentration measurement 
 

Blood sampling for LC was repetitively acquired from the left femoral vein 
using a 31-gauge insulin syringe (BD Ultra-Fine; Becton Dickinson) as shown 
in Figure 12. Actual LC values were measured from blood samples taken at 



- 12 - 
 

5min intervals from 15 to 45 min, and less frequently from 45 min to the 
150min experimental end point. Interim LC values were calculated for every 
10s period between blood draws, by linear interpolation using computer 
software (LabVIEW 2009; National Instruments, Austin, TX, USA)15. Linear 
interpolation was used to calculate the missing data using the gradient between 
two known points as shown in Figure 13. 
 

 
Figure 12. Photo of blood sampling from left femoral vein 

 

 
Figure 13. Linear interpolation (left) and its equation (right) 

 
(G) Perfusion measurement 
 

Peripheral perfusion, defined as peripheral tissue perfusion and skin 
microcirculation, was continuously monitored by laser Doppler flowmetry with 
a probe that was attached to the right front sole as shown in Figure 14. The 
principle of this method is to measure Doppler shift: changes in frequency that 
light undergoes when reflected by moving objects. A monochromatic laser of 
780-nm wavelength from the probe illuminates the skin through an optical fiber, 
and the light frequency changes when it is reflected by red blood cells 0.5 to 1.0 
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mm under the skin. This frequency change depends on the blood’s local speed. 
Another receiving optical fiber that is adjacent to the emitting optical fiber 
collects the backscattered light from the red blood cells and returns it to the 
monitor. Peripheral perfusion is calculated as the product of the red blood cell 
concentration and flowing blood speed21,22.  
 

Right front sole
Transmitting fiber Receiving fiber

 
Figure 14. Perfusion measurement (left) and placement of a probe (right) 

 
C. Experimental protocol 
 

Room TEMP was maintained between 23 ˚C and 25 ˚C, and humidity was 
maintained between 40% and 60% during the experiments. As shown in Figure 
15, rats were rested for 15 min before hemorrhage. Volume-controlled 
hemorrhage was conducted by blood withdrawal from the catheter in the right 
carotid artery over 15 min (for a total volume of 2.0, 2.5, or 3.0 mL/100 g 
animal weight). Uncontrolled hemorrhage was performed by tail amputation 
(75% of its length) 1 min after beginning the volume-controlled hemorrhage. 
Tail blood was immediately directed into a tube containing heparinized saline, 
and the blood volume collected was determined by weighing the tube. At 30 
min, volume-controlled hemorrhage was ended, and the stump of the tail was 
tightly bandaged to stop bleeding. 

Blood samples for lactate measurement were obtained repeatedly at 
increments as shown in Figure 15. As severe hypovolemia from hemorrhage is 
known to be a major causative factor in almost half of hemorrhage-related 
deaths, especially during the acute period less than 2 h after injury23, all data 
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were collected until death or through 120 min, whichever came first13,23,24, to 
predict mortality at 120 min after hemorrhage cessation. Rats that survived 120 
min were killed, and death was defined as the absence of measured MAP25. 

As all measured data were averaged for every 10 s, six data sets were obtained 
per minute. To investigate mortality resulting from hemorrhage using all 
variables, we analyzed data based on the changes between at rest (100%) for 30 
s and immediately after the cessation of bleeding for 10 s as shown in Figure 15. 
The reason for analyzing the short time of 10 s was to limit the effect of 
hemostasis as much as possible. These data were selected to mimic the scenario 
where first responders or emergency medical staffs initially encounter 
bleeding-injured patients with unknown volumes of blood lost to acute 
hemorrhage, whether it is on the battlefield or in civilian trauma. In these 
instances, first responders or emergency health care workers must attempt to 
judge hemorrhagic shock severity by comparing a patient’s vital signs with 
normal values. Shock index and NI was calculated using the measured HR, SBP, 
LC, or PP values. 

 

Resting Bleeding Post bleeding

0 15 16 20 25 30 35 40 45 75 135105 150
Tail amputation

: Lactate concentration measurement

(min)

Analysis

10’’30’’14

 
Figure 15. Experimental protocol including measurement of lactate 

concentration, tail amputation, and period of data analysis 
 
D. Statistical analysis 
 

We applied Mann-Whitney U tests to test whether the following variables of 
weight, HR, SBP, DBP, MAP, PPR, RR, TEMP, LC, PP, SI, and NI in rat 
groups that either died or survived hemorrhage were significantly different 
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during a resting period. The relative changes of all variables referenced to 
pre-hemorrhage were obtained every 1 min for the death and survival groups. 
All variables for each minute were compared between the survival and death 
groups using the Mann-Whitney U tests. Receiver operating characteristic 
curves were generated, and areas under a receiver operating characteristic 
curves (AUCs) were obtained to determine the optimal variables for predicting 
mortality among all of the measured variables, using computer software 
(MATLAB version 2011; Mathworks Inc, Natick, MA). 

Correlation coefficient analysis with Spearman rank test was used to evaluate 
influential variables associated with death resulting from hypovolemia. Strength 
of the correlation was determined by its correlation coefficient (|r| > 0.7, strong 
correlation; 0.3 < |r| < 0.7, moderate correlation; 0.1 < |r| < 0.3, weak 
correlation; |r| < 0.1 negligible correlation)26. All statistical analyses were 
performed using SPSS 18.0 software (SPSS Inc, Chicago, IL), and P < 0.05 was 
considered statistically significant. 
 
2. Mortality predicting model construction 
 
A. Machine learning techniques 
 
(A) Logistic regression (LR) 
 

Logistic regression is used to generate a predictive model for dichotomous 
response variables by fitting data to a logistic function (1), which always takes 
on values between zero and one: 

        )(e1
1 P(x)

dxdβ3x3β2x2β1x1βα +++++−+
=

      (1) 

In equation (1), β1 ∼ βd are called the regression coefficients of input variables 
respectively. Each of the regression coefficients describes the size of the 
contribution of that risk factor. LR models are usually used for comparison in 
machine learning studies14. We compared the performance of the LR models to 
that of ANN, RF, and SVM models. 
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(B) Artificial neural network (ANN) 
 

The basic idea for artificial neural networks is to mimic a biological neural 
network. In this study, ANN was based on a multi-layer perceptron with feed 
forward which consisted of three layers: one input, hidden, and output layers as 
shown in Figure 16. Each layer of the network consisted of a number of 
elementary processing units called neurons27. Artificial neural network with too 
few hidden neurons would be incapable of differentiating between complex 
patterns, leading only to a linear estimate of the actual trend. In contrast, if the 
ANN model had too many hidden neurons, it would follow the noise in the data 
due to over-fitting, leading to poor generalization for untrained data28. Although 
the optimal number of hidden neurons was determined by empirical method, it 
has been recently determined depending on the number of input and output 
variables25. This study trained the networks applying between two and ten 
hidden neurons to obtain the optimal ANN model. The ANN algorithm was 
based on Levenberg-Marquardt back propagation with epoch of 100 and 
gradient of less than e-50 to find a predicting solution. Back propagation is an 
algorithm that finds minimum error changing weight of layers. 
 

Input 1

Input 2

Input 10

Input 11

Input layer

Hidden
neuron 2
Hidden 

neuron 3

Hidden 
neuron 10

Hidden layer Output layer

Survival

Death

Weight  
Figure 16. Algorithm of ANN model 
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(C) Random forest (RF) 
 

Random forest is an ensemble classification algorithm that consists of many 
decision trees and outputs by independent trees (Figure 17). Input 1 ~ Input 11 
are the input variables for Random forest model. Data1 ~ Datat are training data 
selected randomly from the data sets with input variables to make the decision 
trees, T1 ~ Tt are the decision trees. Each tree is built independently in 
combination of a bagging idea and random selection of input variables. The 
result is based on a majority vote of the classification of all trees14. Thus, the 
goal of random forest is to classify accurately by controlling the number of the 
trees. This study investigated mortality prediction models arbitrarily using trees 
of 50 (RF50), 100 (RF100), 200 (RF200), 300 (RF300), 400 (RF400), and 500 
(RF500), which are most commonly used in RF models14,29-31. 
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Data 1 Data 2 Data t-1 Data t

T1 T2 Tt-1 Tt
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Final result

Build multiple decision trees

Result (1) Result (2) Result (t-1) Result (t)
Tree Node

 
Figure 17. Algorithm of RF model 

 
(D) Support vector machine (SVM) 
 

Support vector machine is based on mapping data patterns in high dimensional 
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space through a kernel function. The data are divided into two groups by the 
training data called support vector17. An optimal SVM model is determined by 
choosing the maximum margin separation by the hyper-plane that separates 
support vector as shown in Figure 1832. Thus, the goal of the support vector 
machine is to improve the accuracy of a model by the optimization of separating 
space using a kernel function. 

This study constructed mortality predicting models using kernel function of 
quadratic, polynomial, degree of 3 and 4, and Gaussian. Since there is no 
reliable methods for selecting suitable penalty parameter C and scaling factor σ 
of Gaussian kernel function, this study carried out exhaustive grid search 
changing penalty parameter C of 0.1, 1, and 10 and scaling factor σ of 0.1 and 
133,34. 
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Input 2

Input 10

Input 11
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Figure 18. Algorithm of SVM model 

 
(E) Advantages and disadvantages 
 

Table 2 shows the advantages and disadvantages of the machine learning 
techniques used in this study. 
 
Table 2. Advantages and disadvantages of LR, ANN, RF, and SVM 

 Advantage Disadvantage 

LR 
Statistical information 

(ex. odds ratio) 
Not made for classification 
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ANN Non linear regression Local minima error 

RF Easy to use 
Not allowed to examine 

individual trees separately 
SVM High performance Required many settings 

LR: logistic regression, ANN: artificial neural network, RF: random forest, 
SVM: support vector machine 
 
B. Model construction 
 
(A) Data set 

 
For the models construction, this study obtained one data set from one rat. 

Therefore, 36 (1 data set * 36 rats) data sets were obtained in this study (the 
numbers of the survival and death sets were 16 and 20, respectively). Thirty six 
data sets were divided randomly into mutually exclusive data sets. Among the 
data sets, 66.7% (n=24) were used as the training set to select optimal variables 
and construct the models, and the remaining 33.3% (n=12) were used in the 
model testing as listed in Table 3. 
 
Table 3. Number of data sets for training and testing sets 

 Training set Testing set Total set 
Survival set 10 6 16 
Death set 14 6 20 
Total set 24 12 36 

 
(B) Variable selection 
 

This study simultaneously performed variable selection with the grid search to 
optimize LR, ANN, RF, and SVM models as shown in Figure 19. This variable 
selection would be expected to reduce impression time of injured patients for 
first responders on scene. All the physiological variables, including HR, SBP, 
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DBP, MAP, PPR, TEMP, RR, LC, PP, SI, and NI were used as a candidate for 
variable selection. Basic concept of variable selection in this study was 
backward elimination using priority of the variables. Priority of the variables 
was determined based on embedded method of each machine learning 
techniques14,35. Then, 10-fold cross validation was repeated to calculate the 
mean accuracy of each cross validation process by progressively eliminating the 
least contributing ones until the most influential ones were left (backward 
elimination)36. The highest ranked variables with the best cross validated 
accuracy were chosen as the optimal variables. The predicting model was 
constructed using the optimal variables. 
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Data set : physiological variables from rats 
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among variables with embedded method

Repeat 10-fold cross validation with progressively eliminating 
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Figure 19. Flowchart of backward elimination variable selection and mortality 

predicting model construction 
 
(C) Performance evaluation of the mortality predicting models 
 

To compare the performance of mortality prediction models using the selected 
variables, this study obtained sensitivity, specificity, accuracy using the 
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remaining testing set. Definitions of these are as in the following (2), (3), and 
(4), respectively. This study also drew a ROC curve for each model and 
calculated the area under the ROC curve (AUC). ANN, RF, and SVM were 
analyzed using MATLAB software and LR was analyzed using SPSS 18.0. 
 

   FNTP
TPy Sensitivit
+

=                      (2) 

   TNFP
TNy Specificit
+

=                      (3) 

   FNTNFPTP
TNTPAccuracy 

+++
+

=              (4) 

 
Table 4. Used terminologies for sensitivity, specificity, accuracy in this study 

 True death True survival Total 

Predicting death 
TP 

(true positive) 
FP 

(false positive) 
TP+FP 

Predicting survival 
FN 

(false negative) 
TN 

(true negative) 
FN+TN 

Total TP+FN FP+TN TP+FP+FN+TN 
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III. RESULTS 
 
1. Experimental data resulting from hemorrhage 
 
A. Experimental data for the survival and death groups 
 

Table 5 shows the experimental data collected from 36 rats in the survival and 
death groups. A total of 16 rats survived, whereas 20 rats died. The mean (SD) 
percentages of bleeding for the survival and death groups were 42.3% (5.1%) 
and 51.2% (4.4%), respectively. In general, as controlled hemorrhage volume 
increased, tail bleeding decreased, except in the one surviving rat from the 3.0 
mL/100 g group. None of the measured variables were significantly different 
between the survived and dead rat groups during the resting period, when 
assessed by the Mann-Whitney U test (P < 0.05 for all variables). 
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Table 5. Experimental data for the survival and death groups13 
 Survival group Death group 

n 16 20 
Tail bleeding volume (mL/100 g), mean (SD)   

2.0 mL/100 g (n=12) 
(32.8%, amount of % controlled bleeding) 

0.4 (0.1) 0.8 (0.5) 

2.5 mL/100 g (n=12) 
(41.0%, amount of % controlled bleeding) 

0.2 (0.2) 0.5 (0.3) 

3.0 mL/100 g (n=12) 
(49.2%, amount of % controlled bleeding) 

0.5* 0.3 (0.2) 

% Tail bleeding, mean (SD)   
2.0 mL/100 g 

(32.8%, amount of % controlled bleeding) 
7.0 (2.3) 13.3 (8.8) 

2.5 mL/100 g 
(41.0%, amount of % controlled bleeding) 

3.6 (2.9) 8.3 (4.2) 

3.0 mL/100 g 
(49.2%, amount of % controlled bleeding) 

7.8* 4.1 (2.4) 

% Total bleeding, mean (SD) 42.3 (5.1) 51.2 (4.4) 
% Tail bleeding = (tail bleeding volume / total blood volume) × 100% 
* One rat 
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B. Changes in physiological data during hemorrhage 
 

Figure 20 shows the changes in measured vital signs from 1 min before 
hemorrhage to 5 min after hemorrhage versus at rest. The vertical lines at 15 
and 30 min indicate the start and cessation of the controlled hemorrhage, 
respectively. Heart rate slowly decreased during the initial hemorrhage, contrary 
to increases observed in hemorrhaging humans8,20. An HR increase during late 
hemorrhage in the death group was noticeable and was an expected 
compensatory mechanism for hypovolemia. Systolic BP and SI in both groups 
showed monotonous changes during hemorrhage. Therefore, these variables 
might be candidates for predicting mortality, because differences in these 
variables between the survival and death groups increased with time. 
Differences in SBP and SI (%) at 30 min between the survival and death groups 
were 24% and 244%, respectively in Table 6. Therefore, SI (%) was much more 
sensitive to hemorrhage than SBP alone. 

Shock indices for both groups continuously increased until hemostasis was 
initiated at 30 min and maintained thereafter. The SI (%) of the death group 
increased much more rapidly than that of the survival group during hemorrhage, 
demonstrating more pronounced decreases in SBP for the death group. Among 
all tested variables, SBP and SI (%) showed the earliest significant differences 
between the survival and death groups. This difference became significant at 19 
min, which was only 4 min after the controlled hemorrhage began.
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Figure 21 shows both the absolute and relative values (%) of LC, PP, and NI. 
The relative values, as percentages, for LC, PP, and NI showed greater 
significant differences between the survival and death groups than the absolute 
values. Accordingly, the following description was based on these relative 
values. Relative LCs were not significantly different between the survival and 
death groups until 26 min, which was 8 min later than SI (%). Although PP in 
both groups rapidly decreased until hemostasis began, PP in the survival group 
increased slowly after hemostasis, whereas PP in the death group roughly did 
not change. 

There was a continuous significant difference in relative perfusion between 
the two groups beginning at 19 min, which was only 4 min after the hemorrhage 
began, which paralleled the early changes observed for SI (%). Importantly, as 
LC increased and PP decreased quickly during hemorrhage, the relative LC/PP 
ratio increased considerably, by more than 400% in the survival group and 
greater than 1,600% in the death group at the end of hemorrhage (Table 6). 
These considerable changes as a result of hemorrhage, as well as the early 
appearance of a significant difference between the two groups, suggest NI to be 
an attractive prognostic tool for surviving hemorrhagic shock. 
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Figure 21. Absolute values (left column) and relative changes (right column) in 

LC, PP, and NI during hemorrhage13, all values in the right column are 
percentages of the resting values, which were designated as 100%, error bars 
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C. All measured data at the end of hemorrhage 
 

Table 6 shows the percent changes in all measured data (mean (SD)) at the 
30-min time point versus at rest (100 %) for both the survival and death groups. 
There were significant differences between the two groups for all variables (P < 
0.05), except for HR. The newly devised index demonstrated the following 
AUCs, in descending order of greatest value, of 0.975, 0.941, 0.922, 0.919, 
0.903, 0.884, 0.847, 0.816, 0.783, 0.744, and 0.672 for NI, SI, PP, SBP, MAP, 
PPR, DBP, TEMP, LC, RR, and HR, respectively. Although PP and LC alone 
showed smaller AUCs than SI, NI showed the greatest AUC, as the ratio of LC 
to PP considerably increased with hemorrhage and minimized differences 
between individual animals. It is important to note that SI showed the second 
best AUC despite the small AUCs for HR and SBP alone, similar to that of NI. 
 
Table 6. Comparison of all measured data (mean (SD), P) at the end of 
hemorrhage between the survival and death groups and AUC data13 

Variable, % Survival (n=16) Death (n=20) P AUC 
NI (LC/PP) 437 (196) 1654 (1297) <0.001* 0.975 

SI (HR/SBP) 213 (72) 457 (143) <0.001* 0.941 
PP, PU 34 (12) 14 (9) <0.001* 0.922 

SBP, mmHg 47 (20) 23 (9) <0.001* 0.919 
MAP, mmHg 43 (16) 22 (9) <0.001* 0.903 
PPR, mmHg 65 (40) 24 (13) <0.001* 0.884 
DBP, mmHg 39 (16) 22 (9) <0.001* 0.847 
TEMP, °C 98 (1) 97 (1) 0.001* 0.816 

LC, mmol/L 132 (40) 181 (54) 0.004* 0.783 
RR, breaths/min 81 (16) 64 (22) 0.013* 0.744 
HR, beats/min 90 (12) 95 (9) 0.080 0.672 

*P<0.05, PU: perfusion unit 
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D. Correlation coefficients of all measured data with mortality 

 
Table 7 shows the correlation coefficients of all of the variables with mortality 

using Spearman rank test. All variables except for HR exhibited statistically 
significant correlation coefficients (P < 0.05). The rank order of the correlation 
coefficients was exactly the same as that for the AUCs of these variables. 

 
Table 7. Correlation coefficients of all variables with mortality13 

Variable Correlation coefficient P 
NI -0.818 <0.001* 
SI -0.759 <0.001* 
PP 0.726 <0.001* 

SBP 0.721 <0.001* 
MAP 0.694 <0.001* 
PPR 0.662 <0.001* 
DBP 0.597 <0.001* 

TEMP 0.544 0.001* 
LC -0.487 0.003* 
RR 0.420 0.011* 
HR -0.296 0.080 
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2. Variable selection and performance of the mortality predicting models 
 
A. Logistic regression 
 
(A) Selected variables in the training set and ROC curve of LR model 
 

TEMP, LC, and SI were selected in LR backward variable selection for 
constructing the optimal LR model. 

For the LR model, sensitivity, specificity, accuracy, and AUC were 0.678, 
1.000, 0.833, and 0.833, respectively. Figure 22 shows the ROC curve for the 
optimal LR model. 
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Figure 22. Receiver operating characteristic curve of LR model 
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B. Artificial neural network 
 
(A) Selected variables in the training set 
 

Table 8 shows the selected variables and accuracy in ANN models with the 
different number of hidden neurons using 10-fold cross validation in the 
training set. All the cases of hidden neurons except the number of 7 showed the 
same accuracy in variable selection. This study demonstrated all the number of 
hidden neurons except that of 7 in the testing set to determine the optimal 
performance of an ANN model. 
 
Table 8. Selected variables and accuracy for ANN models in the training set 

 HR SBP DBP MAP PPR RR TEMP LC PP SI NI ACC 

N2          ○  1.00 

N3 ○       ○  ○  1.00 

N4          ○  1.00 

N5          ○  1.00 

N6          ○  1.00 

N7 ○       ○  ○  0.95 

N8 ○ ○  ○    ○  ○ ○ 1.00 

N9 ○ ○      ○  ○  1.00 

N10          ○  1.00 

Nn: number of hidden neurons, ACC: accuracy 
 
(B) Performance of the mortality predicting model in the testing set 
 

Table 9 shows the performance of the ANN models with the selected different 
number of hidden neurons using the testing set. The ANN model with 3 hidden 
neurons showed the best performance among the others. Sensitivity, specificity, 
accuracy, and AUC for the optimal ANN model were 0.833, 1.000, 0.917, and 
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0.917, respectively. 
Figure 23 shows the receiver operating characteristic curve for the optimal 

ANN model with 3 hidden neurons. 
 
Table 9. Performance of the ANN models with the different number of hidden 
neurons in the testing set 

 Sensitivity Specificity Accuracy AUC 
N2 0.833 1.000 0.917 0.861 
N3 0.833 1.000 0.917 0.917 
N4 0.833 1.000 0.917 0.861 
N5 0.833 1.000 0.917 0.861 
N6 0.833 1.000 0.917 0.861 
N8 0.833 0.833 0.833 0.833 
N9 0.833 1.000 0.917 0.861 

N10 0.833 0.833 0.833 0.833 
Nn: number of hidden neurons 
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Figure 23. Receiver operating characteristic curve of ANN model with 3 hidden 

neurons 
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C. Random forest 
 
(A) Selected variables in the training set 
 

Table 10 shows the selected variables and accuracy in RF models with the 
different number of trees using 10-fold cross validation in the training set. All 
RF models designed in this study selected SI and showed the same accuracy in 
variable selection. This study demonstrated all the designed number of trees in 
the testing set to determine the optimal performance of a RF model. 
 
Table 10. Selected variables and accuracy for RF models with different number 
of trees in the training set 

 HR SBP DBP MAP PPR RR TEMP LC PP SI NI ACC 

RF50          ○  0.95 

RF100          ○  0.95 

RF200          ○  0.95 

RF300          ○  0.95 

RF400          ○  0.95 

RF500          ○  0.95 

RFn: number of trees, ACC: accuracy 
 
(B) Performance of the mortality predicting model in the testing set 
 

Table 11 shows the performance of the RF models with 50, 100, 200, 300, 400, 
and 500 trees in the testing set. The RF model with 100 trees showed the best 
performance among the others. Sensitivity, specificity, accuracy, and AUC for 
the optimal RF model were 0.833, 1.000, 0.917, and 0.903, respectively. 

Figure 24 shows the receiver operating characteristic curve for the optimal RF 
model with 100 trees. 
 



- 35 - 
 

Table 11. Performance of the RF models with different number of trees in the 
testing set 

 Sensitivity Specificity Accuracy AUC 
RF50 0.833 1.000 0.917 0.875 

RF100 0.833 1.000 0.917 0.903 
RF200 0.833 1.000 0.917 0.875 
RF300 0.833 1.000 0.917 0.875 
RF400 0.833 1.000 0.917 0.875 
RF500 0.833 1.000 0.917 0.875 

RFn: number of trees 
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Figure 24. Receiver operating characteristic curve of RF model with 100 trees 
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D. Support vector machine 
 
(A) Selected variables in the training set 
 

Table 12 shows the selected variables and accuracy in SVM models with the 
different kernel function using 10-fold cross validation in the training set. SVM 
models with the kernel function, except different three parameters of Gaussian 
kernel function, showed the same high accuracy in variable selection. This 
study demonstrated SVM models using the selected kernel function and 
variables to determine the optimal performance of a SVM model in the testing 
set. 
 
Table 12. Selected variables and accuracy for SVM models with the different 
kernel function in the training set 

 HR SBP DBP MAP PPR RR TEMP LC PP SI NI ACC 

Quadra        ○   ○ 1.00 

Poly 3       ○ ○ ○  ○ 1.00 

Poly 4 ○ ○  ○   ○ ○ ○ ○ ○ 1.00 

RBF (0.1/0.1)           ○ 0.90 

RBF (0.1/1)        ○   ○ 1.00 

RBF (1/0.1)           ○ 0.90 

RBF (1/1)       ○ ○ ○ ○ ○ 1.00 

RBF (10/0.1)           ○ 0.85 

RBF (10/1)       ○ ○ ○ ○ ○ 1.00 

Quadra: quadratic, Poly: polynomial,  
RBF (n/m): Gaussian (penalty parameter/scaling factor), ACC: accuracy  
 
(B) Performance of the mortality predicting model in the testing set 
 

Table 13 shows the performance of the SVM models with the selected 
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different kernel function and variables using the testing set. The SVM model 
using Gaussian kernel function with penalty parameter of 0.1 and scaling factor 
of 1 showed the best performance among the others. Sensitivity, specificity, 
accuracy, and AUC for the optimal SVM model were 1.000, 0.833, 0.917, and 
0.972, respectively. 

Figure 25 shows the receiver operating characteristic curve for the optimal 
SVM model using Gaussian kernel function with penalty parameter of 0.1 and 
scaling factor of 1. 
 
Table 13. Performance of the SVM models with the different kernel function in 
the testing set 

 Sensitivity Specificity Accuracy AUC 
Quadra 0.833 1.000 0.917 0.833 
Poly 3 0.500 1.000 0.750 0.611 
Poly 4 0.833 1.000 0.917 0.833 

RBF (0.1/1) 1.000 0.833 0.917 0.972 
RBF (1/1) 0.833 1.000 0.917 0.944 

RBF (10/1) 0.833 1.000 0.917 0.833 
Quadra: quadratic, Poly: polynomial,  
RBF (n/m): Gaussian (penalty parameter/scaling factor)  
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Figure 25. Receiver operating characteristic curve of SVM model using 

Gaussian kernel function with penalty parameter of 0.1 and scaling factor of 1 
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3. Optimal mortality predicting model selection for hemorrhagic shock 
 

Optimal ANN, RF, and SVM models showed greater accuracy and AUC than 
those of LR model. Since LR models are currently used as gold standard to 
demonstrate diagnostic predicting models suggested in many machine learning 
studies, all the ANN, SVM, and RF models might be suitable for mortality 
predicting models resulting from hemorrhagic shock in this study. It is 
important to note that only the SVM model showed greater sensitivity than 
specificity among the models. In this study designed for mortality predicting 
models, sensitivity meant the probability of death in rats correctly identified as 
dead due to hemorrhage. The SVM model was more useful for predicting 
mortality in a rat model than others. Although ANN, RF, and SVM models 
showed the same accuracy for predicting mortality, the SVM model showed the 
greatest AUC compared to other models. Generally AUC is a better measure 
than accuracy in evaluating learning algorithms37. Therefore, the SVM model 
was superior to LR, ANN, and RF models in terms of sensitivity and AUC in 
this study. 
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IV. DISCUSSION 

 
Variable selection methods have been conducted in many studies to optimize 

diagnostic models and to determine informative risk factors for certain diseases 
among various factors in the clinical setting14,35. This study applied variable 
selection to diagnose acute hemorrhagic shock not only to make the optimal 
mortality predicting models but also to find more influential physiologic 
variables for acute hemorrhagic shock. As the results, variables including LC, 
SI, and NI were selected in the LR, ANN, RF, and SVM models. 

The ATLS for Doctors (Student Manual) suggests that shock severity can be 
classified by conventional vital signs20. However, many studies have indicated 
that the ATLS classification is unsatisfactory for classifying shock severity. 
Guly et al.8 tested the validity of ATLS classification using a database of injury 
and outcome variables in injured adult patients. They reported that there was a 
trend toward increasing HR and decreasing SBP with increasing estimated 
blood loss, but not to the degree suggested by the ATLS. In fact, SI, defined as 
the ratio of HR to SBP, may be more useful to diagnose early hemorrhagic 
shock than either HR or SBP alone, and may facilitate the earlier identification 
of a relatively high-risk hemorrhage in injured patients in the pre-hospital 
setting7. 

In our study, SI demonstrated better performance in predicting mortality 
resulting from hemorrhage than conventional vital signs and was significantly 
different between survival and death groups at an earlier time point than even 
NI. In addition, SI has an advantage in terms of its rapid response to hemostasis 
as shown in Figure 20. After hemostasis, SIs in both groups stopped their 
increases and began to slowly decrease. Shock index value would be a good 
indicator for evaluating hemostasis in emergency rooms, in agreement with 
previous results7. 

However, measurement of SBP, a component of SI, entails some difficulties 
for first responders in the field. Blood pressure measurement via a cuff can be 
impeded by extremity injuries, is often inaccurate in children, and can differ 



- 41 - 
 

according to age and posture. Cuff size is also a leading cause of error in BP 
measurement38,39. Conducting BP measurement in a pre-hospital setting requires 
a high degree of clinical experience and involves a high degree of error that 
increases with an SBP lower than 90 mmHg39. Therefore, although SI showed 
the second best AUC, its usage could be limited in the field or pre-hospital 
settings. 

The new severity index, defined as the LC/PP ratio, showed the best 
performance in regard to AUC, correlation coefficient for predicting mortality, 
and variable selection in the SVM model. As a product of anaerobic glycolysis, 
LC indicates indirectly oxygen debt. Many studies have selected LC to 
determine the presence of tissue ischemia for predicting severity in hemorrhagic 
shock6,9. Not et al.24 investigated changes in serum LC as marker of metabolic 
acidosis in a lethal hemorrhagic rat model (55% hemorrhage of total blood 
volume) to evaluate the effect of glucosamine on survival time. They reported 
that there were significant increases in serum LC in response to hemorrhage. 
Reynolds et al.40 also reported that increased LC is a key feature of lethal 
hemorrhagic shock. Although LC slowly increased with hemorrhage in our 
study, it demonstrated a possibility for use in predicting the severity of 
hemorrhagic shock. In recent years, new portable lactate analyzers have been 
developed, offering measurements in no more than a few minutes, and have 
exhibited high correlation with traditional serum LC measurement6. The device 
we used to measure blood LC does not require professional skill, and results can 
be obtained within 60 s. This study measured LC to predict lethal shock severity 
using a portable lactate analyzer to calculate NI. 

Many studies have monitored microcirculation to diagnose hemorrhagic shock 
using laser Doppler flowmetry as a marker of tissue hypoperfusion21. In this 
study, PP showed early decreases and significant differences between the 
survival and death groups during hemorrhage. Kaiser et al.38 reported that PP 
responded to severe hemorrhage earlier than BP in a swine model. The 
advantages of laser Doppler flowmetry include less complexity, 
noninvasiveness, and the ability to continuously monitor microcirculatory blood 
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flow in real time21. The skin is the first organ to be limited in blood supply 
during hemorrhage to maintain blood supply to crucial organs such as the brain 
or lungs. In addition, several studies reported that measuring superficial dermal 
capillary blood flow could detect early hemorrhage38. Accordingly, this study 
monitored peripheral superficial dermal capillary microcirculation in the skin of 
the right front sole as a measure of PP to calculate NI. 

As seen in Table 6, NI showed a 1217% difference between the survival and 
death groups, even though PP and LC showed very small differences of 20% 
and 49%, respectively. This large difference in NI resulted from a decrease in 
the denominator (PP) and an increase in the numerator (LC) when calculating 
NI. This is the main reason why NI is more attractive for predicting mortality 
during acute hemorrhage. Another merit of NI is the minimization of 
differences between individual animals. 

The major clinical importance of NI is as follows: First, NI is easy to use in 
the field. NI measurement does not require professional skill. Second, NI can 
indicate potentially lethal damage to the body due to hemorrhage. NI reflects 
tissue ischemia via LC and tissue hypo-perfusion via PP, whereas SI reflects 
cardiac compensation. As shown in Figure 20B, SIs in both groups stopped 
their increase after hemostasis. Whereas NI in the survival group very slowly 
increased after hemostasis, the NI of the death group rapidly increased despite 
hemostasis, as seen in Figure 21. 

Pickering et al.39 reported that establishment of trends in BP before arriving at 
the hospital is more important than the absolute values of BP in the pre-hospital 
setting, which is often inaccurately measured. If one were to consider only the 
trends in SI (%) seen in Figure 20B, it would be hard to predict whether the rats 
belonged to the death group (lethal condition) or the survival group (severe 
condition), especially after hemostasis. However, as shown in Figure 21, NI (%) 
rapidly increased between a few intervals regardless of hemostasis, indicating 
that the rats would involve a more fatal condition in terms of tissue damage; 
slight increases in NI would indicate a good chance of survival. Therefore, NI 
would be a better indicator for predicting the lethal severity of a hemorrhage 
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than SI. 
In this study, neither a larger number of trees showed different variable 

selection nor demonstrated improved performance in general. Archer29 and 
Albert30 et al. reported that the number of trees must be chosen large enough to 
get stable estimates of variable importance. On the other hand, Chen31 and 
Ham41 et al. reported that a larger number of trees did not provide improved 
performance. Validation for the number of trees is warranted in future study. 
Support vector machine, especially using Gaussian kernel function, is well 
known for its high performance to diagnose diseases as a machine learning 
technique42. In this study, the SVM model using Gaussian kernel function 
demonstrated the best performance on predicting mortality due to hemorrhagic 
shock in a rat model. It is expected to use SVM to diagnose hemorrhagic shock 
severity in human for the future study. 

This study showed that ATLS class IV hemorrhagic shock could be further 
classified into two subclasses. In Table 5, the mean hemorrhagic volumes for 
the survival and death groups were 42.3% (5.1%) and 51.2% (4.4%), 
respectively, and these were classified as class IV according to the ATLS shock 
classification currently used in the clinical setting. Macias et al.23 divided rats 
into severe and lethal hemorrhage groups according to hemorrhage volumes of 
40% and 51.6%, respectively, and showed different survival times between the 
two groups. The hemorrhage volumes used in Macias’ study were very similar 
to those of our survival and death groups. Comparing our results with Macias’ 
study, ATLS class IV could be subdivided into two classes. If class IV is 
subdivided into a severe hemorrhage group, which would be equivalent to our 
survival group, and a lethal hemorrhage group, equivalent to our death group, it 
might be clinically helpful to predict severity and make decisions for treatment 
in class IV hemorrhagic shock. 

Another noticeable finding of this study was that the relative values for SI, LC, 
PP, and NI indicated significant differences between the survival and death 
groups earlier than the absolute values thereof during hemorrhage. This finding 
may be very helpful for first responders in the field, but future study to confirm 
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this finding in humans is warranted. 
There were several limitations to our study. First, we used a 15-min bleeding 

time to simulate ambulance response times before initial on-scene patient 
contact. However, it is possible that initial contact would take less or more than 
15 min. Therefore, it is warranted to investigate mortality applying NI for 
different hemorrhage times. Second, the laser Doppler system used to measure 
perfusion is expensive and sensitive to motion artifacts. Development of a 
technique to reduce motion artifacts with some type of fixture that can maintain 
stable contact with skin would be helpful to future study. Third, this study did 
not perform any resuscitation. We originally conducted this study to more 
accurately reflect the clinical impression encountered by first responders in the 
battlefield or instances of civilian trauma. NI could be useful to first responders 
for clinically predicting the severity of hemorrhage and determining the priority 
of treatment and proper resuscitation simultaneously with SI or conventional 
vital signs. Therefore, it is warranted to investigate the effects of resuscitation 
on NI in a future study. 

Fourth, validation study for humans is needed. For example, HR did not 
increase in our rat model during initial hemorrhage, which showed a similar 
result with Letson’s3 earlier rat study. Swine models of acute hemorrhage 
showed similar trends of no increases in HR with blood loss until 50%10,43, 
contrary to human studies8,20. Pestel et al.10 reported that such lack of 
tachycardia with blood loss might be caused by isoflurane anesthesia. In 
humans, SI would be different from that of rats because HR is directly related to 
SI. However, NI may be less different in humans from that of rats than SI 
because NI is not directly related to HR. 

Fifth, although this study used only 36 data sets, statistical power of SI and NI 
were 1 and 0.977, respectively. Many studies control statistical power up to 0.8 
in order to verify the minimum sample size required44. Finally, we analyzed 
these variables based on their changes between rest and following hemorrhage 
to predict morality in rats. In emergency situations, one would not be provided 
with resting variable measurements, and we should replace resting variables 



- 45 - 
 

with normally distributed data ranges for humans. 
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V. CONCLUSION 
 

In conclusion, support vector machine of this study showed better 
performance in regard to sensitivity and AUC in comparison to other machine 
learning techniques in acute lethal hemorrhagic shock in rats. Even though the 
support vector machine is not applicable to humans at present, this study 
showed its potential as a promising technique for clinical application. If 
confirmation of this support vector machine as a better diagnostic tool in 
clinical situations is provided, this technique could be helpful to first responders 
for clinically predicting lethal hemorrhagic shock in instances of civilian trauma 
or on the battlefield. 
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<ABSTRACT (IN KOREAN)> 

다양한 기계 학습법을 이용한 급성 출혈성 쇼크의 흰쥐에서의 
사망 예측 모델 

 
<지도교수 김 덕 원> 

 
연세대학교 대학원 의과학과 

 
최 준 열 

 
전쟁 시 또는 사고 현장에서 환자의 중중도를 정확히 판단하는 것은 

환자의 생명을 살리는데 매우 중요하다. 그러나, 사망예측에 중요한 
생리학적 변수의 선정과 다양한 기계 학습법 중 가장 적합한 기계 학습법을 
비교한 연구는 없는 실정이다. 본 연구는 다양한 기계 학습법을 이용하여 
급성 출혈성 쇼크의 흰쥐에서의 사망 예측 모델을 제시함으로써 
응급의료진이 현장에서 환자의 중중도를 정확히 판단하는데 도움이 되고자 
하였다. 또한 출혈성 쇼크로 인한 사망 예측에 중요한 생리학적 변수를 
선정하여 가능한 진단 시간을 줄이고자 하였다. 
흰쥐 36 마리를 제어 출혈량에 따라 무작위로 12 마리씩 나눈 후, 제어 
출혈과 함께 꼬리를 절단하여 비제어 출혈을 유도하였다. 본 연구에서는 
심박수, 수축기 혈압, 이완기 혈압, 평균 동맥압, 맥압, 호흡수, 체온, 젖산 
농도, 말초관류, 쇼크 인덱스 및 본 연구에서 제안한 새로운 중중도 예측 
인덱스를 측정하여 변수 선정의 후보로 사용하였다. 모든 데이터는 출혈에 
의한 영향을 관찰하기 위하여 출혈 직전과 출혈 직후의 변화를 비교 하였다. 
훈련 데이터는 가장 널리 쓰이는 기계 학습법인 회귀분석, 인공신경망, 랜덤 
포리스트, 지원 벡터 기계 모델을 형성하는데 사용하였다. 또한 각 모델의 
입력 변수 선정을 위하여 10-fold cross validation을 이용한 변수 제거법을 
사용하여 변수들을 선정하였다. 테스트 데이터는 선정된 변수로 구성된 
최적화 된 모델들의 성능을 평가하기 위해 사용하였으며 이를 위해 민감도, 
특이도, 정확도 및 AUC를 비교하였다.  
최적화 된 회귀분석 모델의 민감도, 특이도, 정확도 및 AUC는 각각 0.678, 

1.000, 0.833과 0.833이었다. 인공신경망 모델의 민감도, 특이도, 정확도 및 
AUC는 각각 0.833, 1.000, 0.917과 0.917이었다. 또한 랜덤 포리스트 모델의 
민감도, 특이도, 정확도 및 AUC는 각각 0.833, 1.000, 0.917과 0.903이었다. 
마지막으로 지원 벡터 기계 모델의 민감도, 특이도, 정확도 및 AUC는 각각 
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1.000, 0.833, 0.917 및 0.972로서 지원 벡터 기계 모델이 회귀분석, 인공신경망, 
랜덤포리스트 모델보다 높은 AUC를 보였다. 이 때 지원 벡터 기계 모델에 
선정된 변수는 젖산 농도와 새로운 중중도 예측 인덱스이었다. 
결론적으로 젖산 농도, 새로운 중중도 예측 인덱스로 구성된 지원 벡터 
기계 모델이 출혈성 쇼크로 인한 사망예측에 회귀분석, 인공신경망, 랜덤 
포리스트 모델보다 우수한 성능을 보였다. 이러한 기계 학습법은 추후 전쟁 
시 또는 사고 현장에서 응급 의료진에게 출혈성 쇼크의 환자의 정확한 
중중도 예측 및 적절한 치료를 하는데 도움이 될 것으로 사료된다. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
---------------------------------------------------------------------------------------------------------- 

핵심되는 말 : 출혈성 쇼크, 흰쥐, 새로운 인덱스, 쇼크 인덱스, 
기계 학습법, 지원 벡터 기계, 랜덤 포리스트 
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