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A Survival Prediction Model for Rats
with Hemorrhagic Shock Using an
Artificial Neural Network

Ju Hyung Lee, M.S.*?, Jae Lim Choi, B.S.*?, Sang
Won Chung, M.D.?, Deok Won Kim, Ph.D.*?

Purpose: To achieve early diagnosis of hemorrhagic shock
using a survival prediction model in rats.

Methods: We measured heart rate, mean arterial pressure,
respiration rate and temperature in 45 Sprague-Dawley
rats, and obtained an artificial neural network model for pre-
dicting survival rates.

Results: Area under the receiver operating characteristic
(ROC) curves was 0.992. Applying the determined optimal
boundary value of 0.47, the sensitivity and specificity of sur-
vival prediction were 98.4 and 96.6%, respectively.
Conclusion: Because this artificial neural network predicts
quite accurate survival rates for rats subjected to fixed-vol-
ume hemorrhagic shock, and does so with simple mea-
surements of systolic blood pressure (SBP), mean arterial
pressure (MAP), heart rate (HR), respiration rate (RR), and
temperature (TEMP), it could provide early diagnosis and
effective treatment for hemorrhagic shock if this artificial
neural network is applicable to humans.

Key Words: Hemorrhagic shock, Neural networks (com-
puter), Survival rate, Rats
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Ao fARE BRI, 2% gt B AT 3%
&3 A B 1AL %5 e Bl AR,

2 aTe 479 gENe F 993 29
AEA AANEE WS ZPSAT S BAN S
LUk, £57] deh B B, BFF L ALy
o] NEES AVY A4 QSO 53T 5 9t F
T AY NS PRI A B2 4 A5 WeE
HAAE o] AZF o] §5fo] FVY 23 WA A TE
S 2T 5 9t AFAAY BAS Atn AFen
A e,

CHeah e
1. 48 58 &4

B Ao 8FoM 9FH o7 A5 3009014 360
o] 8% (Sprague—Dawley rats) 57 450182 Al&s}
ok 8ol et 22t 15mbe]d 37 o R Ul 7t
HZ 100 g9 2.0 ml, 2.5 ml, 3 mlE A7 IH

oQ

o] A Ado] AT (2) 9] 6.1%°1 2=, o= z47 HA &
5 F 32.8%, 41.0%, 49.2%2 3] s Aol
, AFEel A9 Zhz Class 101, 1V, IVl sigs & gt
(Class I: 10~15%, II: 15~30%, III: 30~40%, 1V: 40%
ol olet & 4 ATk, Zoletil 50 (0.21 ml/300 g,
Virbac, France) & o] g3t 57 U vz & o & A
glo] Lol 2919 (supine position) & 114 & T} ok A
33 (inguinal areas)E A7lslo] = thE Ewo] 24
gauge 7FEIE (Becton Dickinson Korea Seoul, Korea)
= A4S S, 285 S8 #5 diEA W 22 gauge
7HIH S ASlatith 95 dE el Ad sHeE =

heparin sodium (Choongwae Pharma Corporation,

B 2 1o M2

Seoul, Korea) ¥ normal salineg &£3e+d £ (normal

saline 500 cc® heparin sodium 500 IU H] &) o] S0j<)
T HoE oA AZFY HS5 diE A uwe] AelE
JF}e ] = heparin sodium 3 A A A7} £3-5 g o
2 2} Q)= #L F3) withdrawal syringe pump (Pump
11 plus®, Harvard Apparatus, Holliston, USA) &} 414
sttt A¥ewd A8 AMdEn g d8sE
3] A 9w Al A3 WHatE Freklth

N
A

o A2

SHYAN A stEol= Fig. 13 o] A%, 99t
SE&F, AL ofdR 1 AT E PowerLab 8/30° (AD
Instruments, Sydney, Australia) &2 g o} tjx g
Az Wkste] JE AFEE At ZE A
© 1 kHz9 AET F35E 4800 Azt et
A&H 0w SAshAA AsGth AHEE IFHA w
5 d=& %3, animal bio amp® (ML136, AD
Instruments, Sydney, Australia) |4 TZ =t 59
S+ piezo—resistive silicon & AIA (1620 Pressure
® MSI Sensors, Sydney, Australia) & 2} #| 238t =
Z715 o] g3t SA AT A A e} FEHT A Yo
AT = gol=A A1z Ao & oA =S o] &3to] 1A
st & F9 FHoA AEZolg olojA= F
& piezo respiratory belt transducer® (MLT 1132,
AD Instruments, Sydney, Australia) S o]&3to] F2
o] 94w A ®gtE o] gste] SHSATh A rectal
probe for rats® (MLT1403, AD Instruments, Sydney,
Australia) &+ t—type pod® (ML312, AD Instruments,
Sydney, Australia) & ©]&3}9] St} I+ ZHEH
5 cm Zolg Ao 2EAE Yt FHAAEE A%
2o g Z43 . BE Al analog to digital con—
verting system (Power Lab 8/30, AD Instruments,
Sydney, Australia) &2 XM U#] t]x g Az 2 H3E
th(Fig. 1).

-

Power Lab 8/30 PC
(AD Instruments)

TTTE

BP Temp. Resp.

Fig. 1. Block diagram of the constructed measurement system.
ECG: electrocardiogram, BP: blood pressure, Temp:
temperature, Resp: respiration



0x

=
o
f=]
oo
ol

1z
[
0
=

% /323
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A7 AR 7)3E S vk A5 27] Ao R FAAZ.
7HelE Al Al
ok FFVIE M. e BE OF0] V] TR F
15% &< s At AZH HolH 3
= Q7] A ERE AR AR obg 7] AIFHE 150
o] B A A7 o] Fo Rtk (Fig. 2). 285 407 &
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Fig. 204 AMd oz ZAIE H el sldstes 28 &
A5 T8 F 589 A5 F B4 ety 24E =
H= Ak (heart rate, HR), % 7] d<% (systolic
blood pressure, SBP), 3+ 5™ % (mean blood pres—
sure, MAP), 3 &4 (respiration rate, RR), A& (tem—
perature, TEMP)o]gltt. 10% F7loA A& fojg =
72t SAW] sl 187k Bagks ek whebA
gk Aol A 1071€] HlolH AE7} vbzo] AW, F 4507)
9] dlolg AEE wEtt 450719 "ol & 300719
dole & AFgsted RS whE3, YA 15070¢] do]
HE o] &3l JAFAAY Bde] AJEde AEsel.
2 wE=v AFE-E dolH 9 RAH LS st AR
H dolde A48 0% Y AETH AMGTY v &S
e 3te] EHl kit 252 7 35 Atole S H EE U
18 72 & HE 57 SYUTFY FATETFLAE A
sholch. s 7} SdFo] e A 177 A5E W
o tfst EA vlmwE SPSS 10.0 (SPSS Inc, Chicago,

3

=

Bleeding
start

Bleeding
end
1

Resting Bleeding | Post-bleeding

}
0 15 25 30 35
<}:.'>

Analyzed data range

150 (min)

Fig. 2. Experimental protocol.

USA) £ o] &3to] Kruskal—Wallis 772 Al &35} t},
AFAAT £25 & Matlab 6.1 (Mathwork Inc,
Natick, USA) & AF&-8F3ith A &A1 4 WS multilayer
model with feed forward networks W4]-& ©] &3} 1L
dg5, 295, 959 Al M Tox F4HAT o
o 28 3 AE 252 1, AP IES 022 o519
A

ok kA E9 gl 0ol 7MEAY AES7E AP S S E
ol =11, 1o 7MgAY F55 4L 5] ot (€T
o] 918 x=E(node) APolA 58 A4 AFE
(HR, SBP, MAP, RR, TEMP)©]1, 8 ==+ 0 1
of 7W7he e £9 A "ok 2459 k= Fof me

nE g glomg vt 25 3 47 WA

Azl 9%
7haA Rdg vt (Fig. 3).
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29L& receiver operating characteristic
(ROC) 24 9] o} <] (area under the curve, AUC) I}
Y75 (sensitivity), 5°] % (specificity) & o] &3t 4
SI= 8 ¥7betgith ROC 342 AUCE 30071€] dlolE
= o] gaf 75 mle] thek gholx, M e
o] ROCHAS ol &8l 78 A7 = 150719 H
2 E dlolgof 2] g-3sto] Ab&Flt.

e

Eoltux
“IO]J—L. ZJY—

g 1

45ute] 9] AH = E8F] wE Al 27 FAAZl
ek vw A3 93 2po]= AU (p=0.102). =8
8 AE A7 Table 13 #t} 2 mld+3
3 mirte 8% wet 2IFHE 1208 F YEA77L
g3 FEHY oY 2.5 mlTtS AE HA L AFEEE A
7} 25 et (Table 1). 2553 358 Afolo] 4=

Input Hidden Qutput
layer layer layer

Fig. 3. Diagrammatic representation of artificial neural net-
work structure.
HR: heart rate, SBP: systolic blood pressure, MAP:
mean arterial pressure, RR: respiration rate, TEMP:
temperature
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Table 1. Mean weight, number of survival, and mean survival time of three groups
Group Weight=S.D.* (g) Result Survival time
- Death Survival mean+S.D." (min)
2ml 331.9+16.1 0 15 -
25ml 332.9+12.6 11 4 27.6£20.8
3ml 341.6+15.1 15 0 2431242
* Kruskal-Wallistest (p-value = 0.102)
" Survival time was for death groups
Table 2. The five parameters for the four groups during five minutes before and after hemorrhage end
Group HR (bpm) SBP (mmHg) MAP (mmHg) RR (bpm) TEMP(°C)
2ml (Survival, n=15) 220.3+5.8 67.5t13 40.00.9 176.0+3.1 35.0*0.1
2.5ml (Surviva, n=4) 183.9+5.3 55.7t1.3 33.7£0.9 165.5+5.8 352*0.1
2. 5ml (Desath, n=11) 303.3t7.7 39.9+0.7 24.6+0.3 115.7+5.0 349101
3 ml (Death, n=15) 311.9*6.3 36.1£0.6 239+04 81.81t3.6 34701

HR: heart rate, SBP: systolic blood pressure, MAP: mean arterial pressure, RR: respiration rate, TEMP: temperature, bpm:
beats per minute

Death group (2.5, 3 ml), N=26
(bpm) 500, Bleeding start Bleeding end .
(mmHg) 450 | E(C)

400> - \ s 2 0 18T —HR (bpm)
350 %N\ = vlgg  ~TEMP(C)
300 > n=2f ~RR (bpm)

~35  -=-MAP (mmHg)

250

200 - 34
150 133
100 3

50

0 - - ‘ ‘ - : : 31
0 2 4 6 810121416 18 20 22 24 26 28 30 32 34 36 38 40 42 44
Time (min)

Survival group (2, 2.5 ml), N=19

(bpm) 500 Bleeding start Bleeding end 38 .
(mmHg) 450t e ! (C)

B0 | N 37 —HR (opm)
350 \\\ 35 —TEMP(C)
300 A\ — - RR (bpm)
250 N\ TS 7 35 —=MAP (mmHg)
200/ +—= ——e | Ty
150 f — L a3
T e St : .
50 . 32

31

0 2 4 6 8 1012 14161820222425283032343638404244

Time (min)
Fig. 4. Time course of four parameters of a survived group (2, 2.5 ml) and death group (2.5, 3 ml) with hemorrhage.
TEMP: temperature, HR: heart rate, RR: respiration rate, MAP: mean arterial pressure, bpm: beats per minute
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Aol et A &A 07 Fhashs AdE BHYlow 1o
© 288N okt A7) 9 9 mFe] ogt Ao AR H
t ZErs At o g M Bk s 490y,
Uz vt 78 W ARE 9 7 2ol gfgk ROC
o] AUCS} AA g, A7 #t& A4s 2ds HAE
9} Eo]%+= Table 33 2t 4 2o
Al gk ROC 419 ghE FolA Ut
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by the neural network model using 150 test data set.
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AefE dAste] 2ES AYsted B8 = 7 A
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o &5k WS Eftekhar 5”3 DiRusso 52Vl 9] 3
A EE AT o] AFEelAE S5 A dolE Ho]
2E AT AT A AY 517']35:*4 WRlol 4 g5t
ot ghAte] AEES Al 2oy Al A
B2 HG5E AFESto] ZF BElle] AMSHE BE RISE oY
sto] AEES A58 ofels AoE Azdn) s

= 5

old AFEo ¥ty FdSo= glasgow coma scale
(GCS), injury severity score (ISS) &2 HEEL X3+
ol o] @gel At m2skAY $kapr el =3
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ol FHE volHE AR “ﬂ"'vj—oﬂ &AE dolHE
E3tE o] Ul o] & Qlsf 59 %
AT s=4Y A94E AF
= Oﬁﬂz] AA SF e &
7

JN m
N
)
i3
RS
o
2
o
Ky

O

Table 3. ROC-AUC, boundary value, sensitivity, and specificity corresponding to the number of nodes in hidden layer

Number of nodesin hidden layer ROC-AUC Boundary value Sensitivity (%) Specificity (%)
3 0.992 0.38 95.2 97.7
4 0.992 0.47 98.4 96.6

ROC-AUC: receiver operating characteristic -area under the curve
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