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( Comparison of Survival Prediction of Rats with Hemorrhagic Shocks

Using Artificial Neural Network and Support Vector Machine )
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Hemorrhagic shock is a cause of one third of death resulting from injury in the world. Early diagnosis of hemorrhagic
shock makes it possible for physician to treat successfully. The objective of this paper was to select an optimal classifier
model using physiological signals from rats measured during hemorrhagic experiment. This data set was used to train and
predict survival rate using artificial neural network (ANN) and support vector machine (SVM). To avoid over-fitting, we
chose the best classifier according to performance measured by a 10-fold cross validation method. As a result, we selected
ANN having three hidden nodes with one hidden layer and SVM with Gaussian kernel function as trained prediction
model, and the ANN showed 839 % of sensitivity, 96.7 % of specificity, 92.0 % of accuracy and the SVM provided 97.8

% of sensitivity, 95.0 % of specificity, 96.7 % of accuracy. Therefore, SVM was better than ANN for survival prediction.

Keywords : hemorrhagic shock, artificial neural network, support vector machine, rats, survival prediction
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Table 1. Distribution of all data divided into training set

and test set, survival set and death set.
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Group Training set Test set Total set
Survival set 130 60 190
Death set 170 90 260
Total set 300 150 450
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Features about prediction models and their
variables.

(a) weight and hidden nodes factor of ANN.
(b) kernel function factor of SVM.

HR: heart rate, SBP: systolic blood pressure,
MBP: mean blood pressure, RR: respiration rate,
TEMP: temperature.
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Table 2. Set-up variables of ANN and SVM for

architecture and training.
(a)

ANN
Architecture

(b)

SVM

Architecture variable

variable

order of
polynominal

input nodes

output nodes
sigma of
Gaussian

radial basis

hidden layers

hidden nodes 2-10 quadratic

programming

Optimization
method

training epoch 500

maximum
iteration

error goal

o~
L)

=o] gl 235 Wt

A7 w83t

Aol 72

=
Cl

ok
it
A=)

re

fd
5 5
o

fo

ai)
tlo
1o

o &
=

g

2
(e
S
=

il
=5
r (
_o|L
rir

L

= %% (hyper-plane)

o} o] UnkHow A dWE7|7)
A gr=(kernel function)
2 APIAIZIE A 27t b
A B 35} o)
(accuracy)E 7F4 =9]
e 7)Ao E3poltt,

S AL E 7| A S A
42Hpolynomial), 7H$-Al

52 TAE AE 95 79g

=
=

=
=). 2~
’cﬂ-_r

°] ol

A

155}
=

o

R

22Hquadratic),
(Gaussian radial basis) 3
Alrateich & 2 (b)

S 2~
e

L

L

gt

(110)

o

0
o
rok

NEHEI|IAE 0|8 ZE Hli

Al
=

Gol AAE ALNE A me) Froluh

Y 5N B
& A
i HHe] AE o2

Ct. 10—fold cross validation
W 2 E 7] A el
=)

o

A E 9
HNEZ

A=

olN
tio

set) dlo]E

AEZ

i)

o
2 o
il

=
M

S~

o

N
o
A
o

=

5 dold A= deg
wrastel A48 10709

¥ O
b=
Jt
1o Ho
o,
—

M mo fmo S

::1‘
HToox

au!
i)
ot

10-fold cross validation 53 A #

Z7b ez ol AE o= wde] Jxow HNAF A
st o] Hyrgho]l A Zo ZHstE Rdo] th &)
g 4k o] ul WIZF:(sensitivity)9t Solk
(specificity) & 7|02 AH&3 4= &=t o]&¢] A9
o} Agwele] A= e 4 (2), 3), 49} 2k
e . TP
sensitivity = —5 - (2)
o TN
specificity = TNt EP (3)
TP+ TN
accuracy = (4)

TP+ TN+ FP+ FN

TP (true positive)= Aoz A AE A
Yo s guE A AbElel 4 TN (true
negative)> Aoz AEd NAE HETOE S
2 A o =3 Abele] 45, FP (false positive)= 9 %A
o7 AEF NAS APLTORE =3 ALEY 5 FN

=



2011 38 MASss ==X H 48 & SC H

Data set
. physiological signal from rats with hemorrhagic shock

Split training set / test set randomly
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Training of prediction models
: perform to every classifier

10—fold cross validation
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1 2 3
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-

Survival prediction
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of the highest
sensitivity
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a2 3. 10-fold cross validation2 E¢ MZ= of = 2H
A‘I 7(‘| SEL
Fig. 3. Diagram of selection for survival prediction

model by 10-fold cross validation.
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Table 3. Survival prediction results for the test sets using the selected ANN and SVM.

Model ROC-AUC | Boundary value | Sensitivity (%) | Specificity (%) | Accuracy (%)
ANN 3 hidden nodes 0.983 0.256 839 %.7 92.0
SVM Gaussian radial basis 0.991 - 97.8 9%.0 9.7
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