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Abstract

Early identification of early warning symptoms and indicators of cardiac arrest (CA) plays an im-
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portant role in the survival of patients, and the clinical prediction model composed of abnormal
predictors is used as a risk quantitative tool to provide evidence for early identification of cardiac
arrest, and has been widely used in recent years. The early warning model of cardiac arrest based
on machine learning has a flexible prediction algorithm, which is more accurate and more efficient
than the traditional early warning score prediction method. Scholars at home and abroad have
further improved their prediction ability through various methods, and realized the function of
the model to predict cardiac arrest in real time. This review reviews the development history,
model methods and prediction performance of relevant cardiac arrest early warning models,
summarizes the limitations of model development, discusses the research value of cardiac arrest
early warning models based on machine learning in preventing cardiac arrest and providing deci-
sion-making after cardiac arrest, and prospects early warning models with high predictive ability.
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1. 5|8

O NEIR (S (cardiac arrest, CA)Z 45 D ERIRTE R INGE . B REFIRHBL, W n] B8 H LRI A T E R
U AN ST B SRS 22 () e, O T B 4520 5 A B A ([ 1] ANAE SE [, B4 B P O ISR 45 R 2E R i 290,000
B, HELEE 0%~362% [A][2]. AR HOMERIEAER BE R RKAER 0.1%~0.6%, H Bt EfFRAE
12%~25%2 [0), FHErRIE WAAFRIEM3]. REREBREAE T, BERAE 54 TARAECHE
5, ERIEN 7.4% [4].

TE CA RAETTHUVINSTEE B BOR AT 57 A A R SE TUEA(5 5 (5] 7EBE P R IR 25973 175 AR AT T
. FHIRA CA MTEFRbRE R T BRI T3 B E A R EZAER[6] [7]. HH =% Bl 1
FA RSP A TR B AL S TN CA FIEA T E, S R IR SR A B A FRAIE A, o LR 2R 5 7 i A ok
% 3#[8], Richard T. Carrick %5[9]7 JAHA KR M — LU 7T 1981 4F 7 F 22 2020 4 2 HIA KR 81 4
MURFI CA PRI AR TR 15 . 31 AN(38%) B AU AEHE T I A9 N )2 BRI ATEBAF, 24 N(B0%)AAN T
JEFENFEBAI, 17 NQI%)AN T WINAFEEAS] . W4 100 2R U R 40 nT T A AN 3 23 TR
PRIEA[10], FEI NEETAE QAR THLA S I M TR, ASCE SN CA TREBIRI R g, A9
A R 1 S R P DA B J BE A 8 R0 IE — o SIZAF (1 PT AR RR 1) 22 7 B 5 T AL 8 27 = 1RO U R A L T
BRI, ARSI R AR SCHR R SR IR 4 e P oI R 452 (in-hospital cardiac arrest, IHCA) TR, DL 1,

2. FXA CA MEER IR

i T B SR e A O JIE R A5 11 5 B2 T A A AR AR AL B4 . BT P43 R Si(early warning
score, fAIFK EWS) [11], s&—FplIGR VPG TH, MR LESHS EH A1) w B R B AT VP2, EWS #%t
IR R AL MEERAATHE S R, (B TCE MR RE T R HERS (a5, W P AR . B HE 5T,
P e At A B AT RETE[12]. C.P. Subbe Z5[13]F 2001 £EH2 H 125 R F- AT/ (Modified Early
Warning Score, fAiFK MEWS)& — MM R T fEEEEWTD R4, AT FIHEEES, N
SR L K Rua TR AR . [H SR U TE 7> (national early warning score, NEWS) [14]/2 T 2012 £l 52
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(1 F TR B8R e R BOARHEAL 2> RS, NEWS 18 202 RHSE AUk S5 18 KU T J T G S8 v ()
WA BURBERIRE R EE[15] [16] [17] [18], (EAEMPEARSEIMSE FE NEWS PP M BURPEAA7ESE W], NEWS
Vo> EESE L o A RS, 18 A S IR RB 3 () it AUV R 88 L T (IR a5 o 1 P AR S LA A
HAYEH NEWS $F20 KPP A5 973 175 2 38 0 BH 24 28 M-S 35 IN0F 2 (4 300 36 77 BA [ 197 [20]

BAEHE REFE  BRAR NG Hug AR AR BT S HELR Tk IRIE T T RE & AR
Morgan 1997 EWS SBP. DBP. HR. RR #l BT LR VR4 LR IR TR 4
Stenhouse C 1999 MEWS e L R T % A RS 1%
CP. Subbe 2000 MEWS 20003 oom wkeppasy SR BT STRARE. BRA gy rocme R A
N - < - WA BRER RRRARE R e 28 f o NG A SR A M
Gary B Smith 2012 NEWS EE 35,5856 =1 5 BA 105 T AVPU P4 DR MU CIEEREE LR AT R S RERAE e
Stuart W Jarvis 2013 LDTEWS 2006.7-2012.3 HEE 86,4725 50 B3 BA 575 5 Hb;WCC;U;Alb;Cr;NazKa LR *ﬁw&%’%Tm INHFBERIE  AUROC{H#90.744 X 53 Bi WAET- %
Gabriel J Escobar 2013 LAPS-2 2008.1-2011.8 ER 50 B3 A 575 5 ;t%iiﬂumfﬁ%v{—iﬁwﬁfmﬁﬂ#ﬁ LfIERRAE &fgggmgﬁ FRAIRIE
: . . - LR S R T Y L E—— S N S S PR FF R IR
Tessy Badriyah 2014 DTEWS ESE] 35,585 {5 EUBHEBSIBER ™y py SEAh. WA, LA CofEBR A AUROC SMERBRIE  AUROC{E#90.708 fryesnes]
» 7 W . WAEE(SBP), GE(HR), MR WRESS], . AUROC: 0.850;
Joon-Myoung Kwon 2018 DEWS 2010.6-2017.7 HhE 52,1314 10 A 5 (RR)RHEEBT) USRS AUROC PHRIE ) UpRC. 0044
OlverCRedfem 2018 NWES . j0l1o0ils WA o7omBl  EBHEWAN armmsmbimesss SR g cmite wosmmmie "0 s
e ’ 2017.1 - IR Killip/r g, cTnl, Bofifse: N sy uss AUCHNO.8, BT
Eieie S 2021 eI 2019.12 E 21341 Il BA 51 5T I FIFICK U IR AUROC HHEIEIE "y miwogy  REHACS)
" P EBYEAUROC
HIHR 5 SBP. DBP, HR. RR. BT, (Fftf1 . RIS o i .
Yeon Joo Lee 2021 DEWS 2018-2019(124A) HE 173,368 I i A B A A A I a LHEIERE AUROC EZtiyitang O.iouséoﬁcrgrféfgm 5E

LR PRI, AP, AERBERS AL, 4

Marco A F Pimentel 2021 HAVEN 2012.1-2017.1 EaE) 23041561 EISEEBAFIE MO, ScUe ML, EArdE, R **z%g%ﬂw W%ﬂ;ﬁfﬁg'bﬂ AUCTH90.901 v
RS RGE744) h " i
£k, SBP, 72/ W[ ASBP.
P . TUNE N EIENSBP, (R, AR s REE¥) - PPV 0.86, fi prye
Minsu Chae 2022 LSTM 2016.1-2019.6 BE 34,4529 205 4 A 51055 9 W, MU, G, B, AL IR AUROC A HBAIE A 89.70% AHEEM
Ef, PLT, Hb, WBC, ALT.
M . BT L SUBAE : s 5
MIMIC-IIT - > N Light GBM#i%:. oy AUCHZIH08
e 2022 M-BCS2 SR 477541 IS BA BT 5 MR m@%éfaﬁ%szﬁ 1113 SNV 2 42 AUROC WEBIRIE W 940,96 AMI

Figure 1. Overview of the predictive models of cardiac arrest described in this paper

1. A3E KRBT D AR RS & R B Ay

TR T IEE T 5 LR CA THE VPS> R4, Jonas Faxén SF[211FFK 1 MG P41 4Y
(SAFER)R T SEAUAE ST Brdf (1 2tk i AR 3N Bk &% A 41E 8 2 (NSTE-ACS) I B G IE BRI o PRt 1555 [22]
FER T P2 % 2 BGENT I 22 RHEF BB O IEIRIE VR RS0, TN SUMBus A 38 25 B oI
PR A . R PUE PPy v LAHS B BT OR A5 (1L 55 SR b S (1 FB7 14 W O F BB . SR T2 5IN T
BT A AR R TR o R G0, BAGTIRMR BIGE . PIB I LA 5 o) o K T 3 TR 211
RS R, DAV I A RO (9 1 B 8 #5236

3. ETFISBFEIMN CA EERHE
3.1. BEFRRAGHNALZ AR SFE I MEERE AR

HL#% %% 2] ( machine learning, f&iFR ML)J&— [ 1# FTFREHLE AN T H IR 800 F F Sz semf AN 2824 5]
T IR A AT R G AR 4 SR R R 2 ST R (24 JE AR, EAE BRST DR A R B S B
Hedh 1 BRAEAT S B B BN AR IRBE T o MBI e BRI, HR RIEE O OIERI[25]. TR R
4t (Electronic Health Record, EHR) I & A4 S SH I HLAS 5 =) TUE AR Y 3558 el . U HA B TR R 2
FhAZ B A o RS0 3 25 AL S A e AR AR U B AH 25 5 T LB SR SRR B8 5 RS FE[26]. EHR $RE)Z —4
I\In R E T RITE B E RS, UL B TE BT LA P A I A R I 2 R R A
B, s BEMANDG TR, s, HAME R, RN LR ESR. R E. &
ARAE . — S B, B fds. S B4 . EHR RSB FIRE 22>, PHlasss >S5 RK8dE
SR E AR BATRG o @I R EE S5 e R AR EHR R 48 1 & 2800 S AR s RIEIRi297 LA &
NN TP BE SRR [27]. AR TR INLES = 2I7E CA T TATEE /. m B IR R,
ML AJ S AR FI0N CA R A, FERRE SO0 N ML TN BE O T4& G e it 2B Y 28]
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3.2. MIBESEETHARFE TN CA HEULTEGIRE

Joon-Myoung Kwon Z5[20]#& H} T —FiE FAHLAS ¥ I T R 40, HESE T ZRSGHEML T B85
TR, F 2021 4 Yeon Joo Lee %£[30]4 2 H 0BG EBE AR CGIE B T DEWS FI TP BE 41 T MEWS,
KT FUER T ML HA @ i & TR 199 71, [F4E Oliver C Redfern 25 (3114 5 IR A2 140 L 3AS: U A1
A AT RAE TN CA: 2 AR ) IF R AIGIE . HZEH C Git &I T LDTEWS:NEWS KUK 45 H0R 51
AL XU ) B B 1 e J1(CA), 58 fdi ] NEWS #EL, LDTEWS:NEWS KU HEEdR i 1 iR A %4k
RS BB HIRE S BT 2 BIN T TSR0 (EWS) R G AL T BT %, (HBAL I RS 223 .

3.3. BETHEFES] CA MEEB Y HSLISTHFM CA

BUETFHLESE 5] CA FUEs R 2 Bt K S Mok s T 7 e K R e 7 AR /0, SRt
T 48 0 A A 923 A RV S 0 R 7 S 55 ST CA (23] Minsu Chae (3212800 i %
BILEIE 2 o Sl 5 MR AN TS SAR A5, 72 EWS o 5 2 50 L3 O T B T 28T
B B P U0 R o TS L 322 51 S T 0B VAR IO M 2 [RI3EAT T PR B

4. ETHRF N CA MERB TN REELBL 54
4.1. ETHHRFJHFRNEZRA CA FEREHFNMEEE

R FEIE RPN AR G TN R A T SR AP PERE[33] [34]. Churpek 25 A I 7T[35]35 B RIGHI
ML (BIBEHLARM)SIE(ROC Bk RTH AL, Area under the Curve of ROC, AUC A 0.80) A% 45 i 1l 5 32
MEWS (AUC 0.70) 5 = o T30 i A% Ak o 31X £ H Marco A F Pimentel 2511 FIESE, JfiE—BE 3
FHLAR 2 ]I HAVEN 7E 24 /N 9 TRINAE 1 8si . BARIZHAIAE & 228, (B RIB s T 6
JIRNAERA I TN VB A TR S B AIE . T8, LA 2 S R VR o I VEREVRAY . TEERTT
{RAEATIR, HLgs 5> 8 T P Tl {5 (Positive Predictive Value, PPV)FIESUEME . Minsu Chae Z5[32]i@ 1T
AR TEINEVEAS 7O NEBRAF TN RV RE . Qi smt . BENLARAR . B4R IS, LSTM BAL, GRU #i%Y
AT LSTM-GRU VAT . K1, —SyRE % IS ER G . B TR EIEN K PPV T
USRS FLAT (K PPV ARG . BEHLARARI PPV fiem, (EBURMERIMR. BB PPV BIAK, (H1E
RIENEE ) B e i R . BREEZE S 58 48 B ) REEEAHEL, PPV & T4 [E15.

4.2. FHTMEFMATREREETHEF I CA MERB 4RE

TN P12 I R S0 A Y P SR 2E B 23, AR R 00 TN R - B T e A R A T A FE (36
Minsu Chae ZF[32] NIt #E EWS w2 B i S alt b o NS 640 F0300 D] 1 M 6 fa8 FH AR =) 66 0000 7 ¥ 1
(LSTM)IE L T 7t T AHRLE PPV B R B0RE T I 238 R B 2% S0 19 B 100 J0k 5K 52 T A 284 LA v 1)
PPV (tifdi FI4EHSY, SBP, 72 /NitRIEK SBP, 72 /NI SBP, &R, 0B eis, i)k,
HEM. IR, UIEF. PLT. Hb. WBC. ALT il EET B# 5 ERAEYE 5500 A S2 56 = 20
{8 PPV BURBUEEIGIN T ) B4 5 LA 2% SRR 2 (A 3EAT T PR S 1 38l U T 1A R A A
IoF VA= o0 A R

5. RESRE

i 20 KR, FEINANEERT CA PUERRBEAT 7 AWHRR, IR T #8057 K IIRE ) 2
FEA, GRS T CA MRER, (HEAFER R R TS5 ar R IR F 7 R G0 2
PRAZ 06 4 SEIN OQUES) 51 1 PPA MU F#IR, T3 CA B 512, CA MR RFERAE .
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CA RAEFRNIR G, CABONE RS AIEEE R R 17 Tl R f5H L3 T HL a8 2 21 CA BUE RRLAR
Ao DRI R ELA e T B 0 B T AL 27 ST () CA TRUEAR AL EAT AT REME 2 o B0AIE, 8 T IR R,
M R CA IR AEBOR B AR Bt 5 o 7] I R FUE 1AL &% 2% 1 2 15 B T Co MEE R 152 1) TOU0 oef 1 452,
TR Ay S DA v [ 2030 FOK ks H AR S5 0% 3k
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