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FasEE - 22 E (Machine learning)
BFR&E1E (Cirrhosis)
T0F&®E (Intensive care unit)
SLT_TEA| (Predictors of death)
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HEE MR EEE AR R IE R -

A HART 9 E A W R R A EEAL
i 3% (Scoring system) » Child K 43 # (Child-
Turcotte-Pugh score, CTP score) * FHAEET SR
> BEIMDIRE ~ JE 7Kk DL S -1 B o 28
[ 15 o0 B B B o AR e e B 0 SR e
(Model for End Stage Liver Disease score, MELD
score) o B S B 2% T T A A A o R FH Y FR A -
sPEAR U EHENE R R - BINDIREFILEEET -
SRR RS 1O o AR
% (Intensive Care Unit, ICU) IEfF DLk % B2 &
F g AR FERR AL U5 1H - 2 PR S M AR B
KR 54 11(Acute Physiology And Chronic Health
Evaluation 1I, APACHE 1I) » §F43 %8 H Fs A Bt 24
/NRFRIRIR 12 B RRAE BRI A - SFEeA e
PEIRRE - BE R EE RS 7 - HAl
HE AR s A S0 TR A A 288 e o s o S
PR D BOERIRTEIRE B AR -

H 2R AT R E R TR BN G R Rl
A LEERTIE " TSGR W B
EZBRTHE - BRSNS AT s S
PR TR S 77 TR NI i HE RGeS SR A R R A
o HEIRFI M 2R B2 Uk TR T R
AHIFECRA b s HL BT A o B
FH- 18 AL B 9iE {8 A 3 A & 2% (CTP score ~ MELD
score * APACHE II) THIHIRE JJ 2 ELi v AR A E A
7SI

s bRt A e H B9 R F B R 22 U5
T B R A B SR T BB AL ER i o A TH I
PRBY R Pl B RS - TSRS R e E Ry g R
DR TH -

M ELER T 0%
— ~ MRHR KB

MoeEt ERHEE SO ABRABZESH
BERIT (#R9% © 18MMHIS0006) * 5 FHZK B 3
B S L B e T FE R (#9500 2K
B #7700 %44 ) - LU 155 & 1T [0 14 43
B ERMCERIAR S R s 2013 28 H 1 HE
2015 4 12 A 31 HAFERENINE Z i < i
{EAHZ (N=287) -

= AMINERTRE LR AE R

PR AL 2 SR SOAE R AEAE T2 1 25
FEAT IR 5 R PR LB 5 1« AW Fei s
Ty AMEIREN Pz H 2 B R TRk 2w A -
A EHLHRER 18 BRELT ~ BBeR A - It s

=~ BN RIRE ST

TR [ SR A T 22 IR BRI A S/ M 52 SRR
B FT R PR B - A B B E B IR T A IR R
5 24 /NN EE — SR - AT REIEAE
i ~ PR~ B SR (cardiopulmonary resus-
citation, CPR) ~ @EJH S « FFEEL (Cirrhosis) ~
IR (Smoke) ~ {94 (Alcohol) 5 FFRE(LAHRA AT
ERLE PR TEF R ~ RE Rkl AR ~ EK
I B 8 ~ B TEF 28 0 B 24 /DNIF i 4]
R EAHHEE S ¢ M3 (Hemoglobin)
F I Bk (WBC) ~ Il /)N (Platelets) ~ F & H
(Albumin) ~ #& I L 3% (bilirubin) ~ & I I ]
(international normalized ratio, INR) ~ JJL /& Kt
(creatinine) ~ BHFRER I JE R (glomerular filtration
rate, GFR) * ## (Sodium, Na) ; {2 #f i K FF &
& %X 1 & 1 APACHE II » MELD score * CTP
score 5 DLUR IGERGIR + AR AL INREW Bk
S BT ©

ERRERETT 10 97 k 758 g (k-fold
cross-validation, K-fold) ( Z[1[& — ) » F#&EFHE
(N=287) LASEREBLEYIEIN 35 B Bl O [ e A
R Rl R R 22 BOR R BE G DA X s
MERRBI R PERE - 70 Ry Alll R EE 70% (N=200) Bzl
AR 30% (N=87) » Flll#REE IR A A - I
SRR RAUR -

» b ;Eﬁr:, EQC LR }}% 2
(2013 # 8 1 p~2015# 12" 31 p)
(n=287)

R AR

(n=189) (n=98)
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B— ~ ERIEIRE -

sMEIERAGE
W92 /53T BB R STUDIO 3.6.0 A » {5
FHROE 28 2278 7 15 BL 5 Bagging » GLM ~ Ada-

boost > Neyman-Pearson * Stacking °

( — ) Bootstrap aggregating (Bagging)

ALK E B8 B e GE R DAZE T
LAl o3 HE2s - 3RS 2 MR - B
BEA 0 o AR SE PG IR R -
R AR ET 2R Fy bootstrap W LR A AU
HIARTEEN: 17 -

(=) Generalized linear model (GLM)

B TEEE 23 A1 R —3E - R A A A
# (link function) &% 75 K5 A0 (logit) » DAL
REL 1) {58 7 B e 75 BTl 5 (Logistic regression) 15
= o

FES W (Logistic regression) FEfEE AT
FE A5 SR B 0 2 [ 25 B AR R R 18 -
H 17 B 32 FE A A R A I 92 H o 38 5 4 77 A8
BUAT DRSS S 3 A AU R - A 40 B TH
W AR PR TEE AV B R AT ER R 17 A

“0” 19 o

( = ) Adaptive Boosting (Adaboost)

Bl Adaptive Boosting ( FE 3 fE3¥ME ) » & —
T 325 38 P SR A GEE Boosting MYSETE 20 164G
Tl A HRREE - EE T RBN
B SRR A IOAEE - (N —RAVELL
HHEBREEGELEELR - EhitmSERRER
e PR M REEL A FEER
T2 e E s (BREREREGERIEA ) AAH

S TRl

*

LR IR — Bk

B DRSO P o Wi s S B S AR AR AR
RE R N — ([ 55 0 AR R P BLE S T
SETH B RR A HEREE -

( /4 ) Neyman-Pearson (NP)

s 2 e 2 T S PR I A AT 1 2L 5 3
(R 0 Bl EEaR A BRI | UMM R
Bl s R B B2 Tl R R ) - NI (o LA
EBIELLUT ° Neyman-Pearson (NP) 4330 NERE
IREF I MG 11 BUSE IR ($HER 5 FENI R {1
o KRB ERZ REWREE ) WHEHIRE 1
RUGE SRS —E AR A 2 -

R NP et S e A e s —1i
o o B A IR E R AR S BhE
2018 4F Yang ¢ A 85— A MU Rk TR F g
BB ~ ZFfm & - R AR EE P Neyman-

Pearson BE&; 4 -

( £ ) Stacking

Stacking HEE 2 B o3 FRER 1Y T - F
PR35 2 FH AR R AR Y - R RIRES &
GFEE AN R B E RIR A Ry /04848 » (eI E
B0 B v A TRIG B 2 o S A fo P 1 RERRE A AU S
AR EE R - BRNREREG - #5lk
JES B (1 7 U B o FEHIARS SR e R L 2
A@ 26

fm R
— ~ fEumERRET

AWFFEE R R RS R - s P R i
YE LK By 34.1% (98/287) 5 4 5 SF- 19 Fy 54.98
(FEHE 72 1425)~ MR LA B MEAL 2 B 214 %
(74.6%) ~ BHEIT 2R A4E 14%) BEHF
BEAL R 59 A JE % 231 2 (80.5%) 5 A H
KM & 152 2 (53.0%) ~ &5 & Ik gl 58 121
5 (42.2%) e B 7K 137 2 (51.3%) K945 — 2
A FF T B R %8 163 2 (56.8%) Fi1 9% 35 M BF &
98 Z (34.1%) ; A Htgba¥UE : M TR FE
9.59 (£2.77) ~ HIMBKNFIF{EH 11.23 (£7.42) ~
HE O EEME 2.61 (£0.59) ~ RRIEHL 3 P E
5.23 (£6.72) ~ EEIMRFESE391E 1.65 (£1.31)



B G AR AL A

& FECEERANEREERPIRTCES LR

- LS EGH LR
AL (n=287) (n=189) (n=98)
S (Year) (Mean + SD) 54.98 (£14.24) 54.80 (£13.02) 55.32(£16.34)
541 (Gender)

5 n(%) 214(74.6%) 140 (74.1%) T4(75.5%)

Z n(%) 73(25.4%) 49 (25.9%) 24(24.5%)
B =R (CPR)

48 n(%) 283(98.6%) 187(98.9%) 96(98.0%)

A n(%) 4(1.4%) 2 (1.1%) 2(2.0%)
JF18E{Lip 52 (Cirrhosis)

{1 n(%) 56(19.5%) 40(21.2%) 16(16.3%)

A n(%) 231(80.5%) 149(78.8%) 82(83.7%)
TR FH 5 (Smoke)

48 n(%) 72(25.1%) 43(22.8%) 29(29.6%)

A n(%) 154(53.7%) 100(52.9%) 54(55.1%)

L n(%) 61(21.2%) 46(24.3%) 15(15.3%)
YRS . (Alcohol)

I n(%) 59(20.6%) 36(19.0%) 23(23.5%)

A n(%) 135(47.0%) 85(45.0%) 50(51.0%)

T n(%) 93(32.4%) 68(36.0%) 25(25.5%)
YRS IR 2

48 n(%) 135(47.0%) 86(45.5%) 49(50.0%)

A n(%) 152(53.0%) 103(54.5%) 49(50.0%)
BERR R

48 n(%) 166(57.8%) 110(58.2%) 56(57.1%)

A n(%) 121(42.2%) 79(41.8%) 42(42.9%)
[k

11 n(%) 150(52.3%) 107(56.6%) 43(43.9%)

A& n(%) 61(21.3%) 43(22.8%) 18(18.4%)

FriE n(%) 52(18.1%) 26(13.8%) 26(26.5%)

% & n(%) 24(15.3%) 13(6.9%) 11(11.2%)
TP RS 3

48 n(%) 163(56.8%) 127(67.2%) 36(36.6%)

EHEL n(%) 42(14.6%) 24 (12.7%) 18(18.4%)

EE n(%) 22(7.7%) 12(6.3%) 10(10.2%)

K n(%) 32(11.1%) 15 (7.9%) 17(17.4%)

K n(%) 28(9.8%) 11(5.8%) 17(17.4%)
R

48 n(%) 189(65.9%) 126(66.7%) 63(64.3%)

B I n(%) 56(19.5%) 37 (19.6%) 19(19.4%)

C T n(%) 37(12.9%) 22(11.6%) 15(15.3%)

B # +C #Y n(%) 5(1.7%) 4(2.1%) 1(1.0%)
1Ml ff15% (Hemoglobin)(g/dL)(Mean = SD) 9.59(+2.77) 9.53(+2.77) 9.70(%2.78)

FIMER (WBC)(103/uL)(Mean + SD) 11.23(£7.42) 10.74(6.84 %) 12.71(£8.38)
/MK (Platelets)(103/uL)(Mean % SD) 115.31(£94.50) 111.99(94.06+) 121.72(£95.49)
& M (albumin)(g/dL)(Mean £ SD) 2.61(£0.59) 2.65(£0.53) 2.53(+0.68)
FENERTEE (bilirubin)(mg/dL)(Mean & SD) 5.23(£6.72) 3.64(£4.10) 8.32(£9.29)
BEIMPFR (INR)(Mean = SD) 1.65(+1.31) 1.57(+1.49) 1.82(+0.85)
WLESHET (creatinine)(mg/dL)(Mean = SD) 2.38(£2.36) 1.90( £ 1.69) 3.31(£3.08)
BHREREIESR (GFR)(mL/min)(Mean + SD) 51.67(£38.93) 61.34(£41.36) 31.53(£23.69)
# (Sodium,Na)(mEq/L)(Mean = SD) 137.77(£7.31) 137.1(%£6.36) 139.09(£8.74)
APACHE 1I *1(Mean + SD) 21.96(£9.11) 18.92(%7.55) 27.86(%9.02)
MELD score *2(Mean % SD) 21.69(£8.98) 18.99(£7.95) 26.92(%8.59)
CTP score *3(Mean =+ SD) 9.13(£2.05) 8.65(+1.87) 10.06(%2.07)

fHRE * *1. APACHE II : [ IR b EAE SN B AR RS - FURRFEE A(ENIRER FFAOIR SENEfy - - Blasn R & -
*2. MELD score : BXRIFARSFHRFAGIEIR » TR 5~10 S0 - S0 Bolirm AR B E -
*3. CTP score * WEPR_EFIRERHALITRE(LRZE - 7 B AR = -



44 5 WEW Rk

JUTL B T V- £ (8 2.38 (£2.36) ~ B FhER 8 K
S {H 51.67 (£38.93) ~ #1155 137.77
(£7.31) 5 AL EFR APACHE 11 F5 53 8
21.96 (£9.11) » MELD score “F 5 {H 73 8 21.69
(£8.98) » CTP score 395785 9.13 (£2.05) 7E3E
CRH SRR = 5 AR — -

T HEREERR
(—) HRBERERTE

TEAWTZEF I R 38 5 B EHIE Bagging »
GLM -~ Adaboost * Neyman-Pearson ~ Stacking 55
% REBBAER -

(Z) REHMR

AR5 A X EEEEER A 10 X K-fold » FHiH:
53 Ky 70% Gk & R 30% HIELE FL - ROC B
% N HYHEFE AUC (Area Under Curve) A] LIf{ 3

x_  RUSHRE

iﬁ% S 5}&;&" 0K 3k,

Sy HAZS THIIRE ST - WIEARH 2 X BEEE AUC fEAS SR
WFE= - ARWFIEEN LB AUC ER RS
1 PR T E -

FE R R BRI P Y E AR (an2kPY ) |
F% M (True Positive, TP) : THHEME By IEEA - &H
BB Ry IEREAR 5 E &M (True Negative, TN) : 78
HHE Ry AR - BERMERERA © BB (False
Positive, FP) : THHIME Ky IEAA - BIR{E A
B #a 1 BUEEER 5 R E2 1 (False Negative,
FN) : THEIE R B » BRMERIEEA  #Et
IT HUBEAR ) o FTat B A HERESR (Accuracy) ~
JRME (Sensitivity) ~ FFE2% (Specificity) ~ F1 7338
(F1 Score) 2 BUEAITHHIBUR -
#ERESR (Accuracy)= (TP+TN)/(TP+TN+FP+FN)
FURME (Sensitivity)= TP/(TP+FN)
B ELM: (Specificity)= TN/(FP+TN)
FEHESR (Precision)= TP/(TP+FP)
F1 538 (F1 Score)= (2 X Precision X Sensitivity) /

(Precision+Sensitivity)

i BEZH
Bagging Nbagg = 100 RO - REREE
GLM S TEHIE
Adaboost n_rounds = 300 TERAR =0 /N
Neyman-Pearson method = nb, alpha = 0.2 — TR TP FN
Stacking glm, ranger I=LE %N FP TN
x= RERREEC AUC EHER

Bagging GLM Adaboost Neyman-Pearson Stacking
1-fold 0.866 0.868 0.818 0.871 0.863
2-fold 0.815 0.811 0.801 0.837 0.825
3-fold 0.784 0.832 0.768 0.846 0.827
4-fold 0.734 0.770 0.693 0.738 0.743
5-fold 0.827 0.825 0.772 0.826 0.814
6-fold 0.818 0.745 0.772 0.782 0.800
7-fold 0.809 0.795 0.755 0.835 0.816
8-fold 0.815 0.758 0.792 0.823 0.805
9-fold 0.863 0.869 0.800 0.845 0.846
10-fold 0.805 0.815 0.786 0.804 0.818
e 0.813 0.808 0.775 0.820 0.815
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71 5 30 7 {185 B 1 300 B S o
B3R AR B T M B o HH 2R 15 AR B 3
RHEEME S 515 Neyman-Pearson ( #ERfER :
0.862) * % 3 & GLM ~ Adaboost ( £ fiff 38 :
0.827) * % 1% i& Bagging ~ Stacking ( #EfifE 3 :

0.804) °

El = Fy Bagging fi £ 5 22 4 %8 i [ - AE
Bagging &8I » 38R APACHE 11 52 FHHIZE T
B BE BRI ER B3 B NUREHT ~ MELD score »

(=)fE 8 Z ROC Hi#E ~ ROC Bi#R TRV E 15

AUC (Area Under Curve)

ROC HH %3 By H % 1% 28 (True positive rate,
TPR) Eil{l5 [543 (False positive rate, FPR) Z[]
RIFE ST B4R - BEEAE lRE o A AR ek
FHEHL I EUAH ROC AhAR 20 DY - [ A Ry & fF A
il BLAEAAH ROC EhichE » 15 %0{E H Neyman-
Pearson FAUSG R i (il - AUC=0.871) -

#xh - hERENERSEATRNNERRERICR AL TR ERR « GIRIIE - 2% » F1 Score ~ AUC
Accuracy Sensitivity Specificity F1 Score AUC
Bagging 0.804 0.517 0.948 0.638 0.866
GLM 0.827 0.620 0.931 0.705 0.868
Adaboost 0.827 0.689 0.896 0.727 0.818
Neyman-Pearson 0.862 0.793 0.896 0.793 0.871
Stacking 0.804 0.586 0.913 0.666 0.863

APACHE Il
ANE&ET
MELD score
En

Fie

m/hiR
YR

R [0 A5 RS
BHIKBIER
SE=]
amik

mex

CTP score

IR 729 52

g 7K
ikt
BIEFIKETR
S AT 3¢
TRl
FrE{EmE
BB SE

o
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Bagging GLM
1.00- 1.00-
0.75- 0.75-
z z
H s
2 o050 g 0.50-
] — Test ) — Test
— Train — Train
0.00- 0.00-
0.00 0.25 0.50 0.75 1.00 0.00 0.25 0.50 0.75 1.00
1 - specificity 1 - specificity
Adaboost Neyman-Pearson
1.00- 1.00-
0.75- 0.75-
z z
5 2
Z'g 0.50- 2 o050
g 8
el — Test o) — Test
- Train - Train
0.00- 0.00-
0.00 0.25 0.50 0.75 1.00 0.00 0.25 0.50 0.75 1.00
1 - specificity 1 - specificity
Stacking
1.00-
e — A
— 3l g4
1 — Test
- Train
0.00-
0.00 0.25 0.50 0.75 1.00
1 - specificity
BP0 : AE#EA : Bagging ~ GLM » Adaboost * Neyman-Pearson ~ Stacking I#&#8 (Train) E2;8I15M#8 (Test) &
812 ROC HhfR °
oo ‘ TPR= Sensitivity
FPR= 1- Specificity
I 7 Ry HERfE SR % =1 1Y Neyman-Pearson f& 7Y
R EiLH 8 b PR — # 3 Ay 52 % (CTP score ~ MELD
% score ¥ APACHE II) Z ROC [t #&  BERH

pu— |
0.75-
0.50-
0.25- — Bagging
GLM
— Adaboost
= Neyman-Pearson
— Stacking
0.00-
0.00 0.25 0.50

0.75 1.00
1 - specificity

B : 7@ #& & : Bagging ~ GLM + Adaboost

Neyman-Pearson  Stacking 2 ROC Hh{g °

0 A AH B B8 HE 1T ER R o FH 8] AT 15 A1 Neyman-
Pearson MY RUR i HLAB i Fr A B FE AR (AL
1+ AUC = 0.871) * #E4F Fy APACHE 11 ( #%
ff1 » AUC =0.806) * MELD score (B fi » AUC
=0.755) » CTP score ( #5t0 » AUC = 0.747) °
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1.00-

0.75-

sensitivity

0.50-

0.25-

~— Neyman-Pearson
—— APACHE Il

—— MELD score
—— CTP score

0.00-
0.00 0.25 0.50 0.75 1.00
1 - specificity

B7\ : Neyman-Pearson Ed APACHE Il ~ MELD
score ~ CTP score 151ZR 8,2 ROC HBfR ©

ENE

A5 R A Y 70 {lE 28 B B R U R AUC
HBAE 0.81 LA | » 5 18 X {3 Bl R BT A & 3R
(APACHE 11 £ AUC1H : 0.807 ~ MELD score
Z AUCTH :0.755 CTPscore Z AUCTH :
0.747) * APACHE II {& /A MELD score * CTP
score fil » fETLMEREAYHH Neyman-Pearson B
EMERE AUC S5 0.871 ( HERESR 86.2%) -

Ry B 38 AN It 95 B 25 22 75 R U A 98 T TH I
AE 777 TH] LU AR i PR BT A S R B B+ 52
APACHE II » MELD score * CTP score {E LGz ¥}
% - Peng ¢ A %} MELD score » CTP score fIT-fiff
(LR TERETT R ERNEE S 00 - BELE T
¥ 55 ICU & A » MELD score REJJ{E Y CTP
score 27 » N3 MELD score Al ik IF R b5 F
B EROFEEIE « BRI I 48~ R ARk
SREGZL » HLA A A Sk S AE S I 2520 0 K
AR FE R 1A AL P OF B E D A TR - 1T
APACHE 11 EZE &M 28 B AR 4 B 2 80H
¥ BLEE Ho S8 AMFIERE ReMfEZR CTP score AJ#E
Tife PR B I R LR AFE B B SR 03K (HAE &
RSk EAERY NS JF EREE T » APACHE 11 7H
HIZET"RES I EE L CTP score B4 4 » [KIAHF9E
E G T I 5 B E R AR ARG SR R 235N
A APACHE II 1T bl - HHSZRENETS BERG HERY
TR R

Pees B B THIIGE J)E HResy e FI {58
B2 mECHEE RIS EE L

9 A ST EEL AT AT % » B4 Lin S8 A H
1214 B0 ] H 26 1 2238 5 v - AR FU R 53
#r (Latent Dirichlet Allocation, LDA) » Sz f[a] &
B (Support vector machine, SVM) ~ B£32 H #EHr
51 ¥87% (Naive Bayes Classifiers) » PR (Deci-
sion Tree) * & 1% 7% & (Random Decision Tree)
1 Adaboost THHIZE LK 2 #f ESLD i A#ETT 0
A - HrhBER AR I EETERE (AUC: 0.85) Hhf
7 i PR S Al B A AU MELD score 38 3R (AUC:
0.76)"3 » Kanwal £ A (2020) 3% i 107,939 £ 8
BRI LR FHIIESY © CIMM - RESHERE
THE 1 £ 2 S0 3 56 53R (AUCO.78 ~ 0.76
F10.71)% -

PRI S A g TR AR B Ji ik IR 38 HE T 7H
HHE AR AEGFEIEE ! - BRI IR S
HAE - {F EE BB g B B A B B ZE IR
SR TER o AU R R A B B B R R AR L
A - BEARME IR E @ T B GRS
MR » (H 2 H AR R SR Al PR & wT e
DIWe Rz R » e 7 vk 2 AR B0 F e R =R
F B o B2 75 1 R B e i ) 1 SR PE R B RO
TR RS 1450 o KIBLARFZRAYZE TR AR
WEE R EERR T H - T2 MR R R B T
H - WA RE S B B8 A S P -6 o AT e
FELHYIE A LU SR (L B8R i -

R ER A

ANBIF ST SO R ] 2 R PR e R e S
BEEARIEER - ZIRPERABERANE - 5
it SR ] RE SRR S MIE B HARBEBE - EORHEH B EAH
B BB I R 5 B A 3% R AL INGE s e iy £ 22X
FBINGESR 55 R - B4 = B PR
NI S0 S > P HOE S R M DU A
MENFERFE 24 /NRFPIFIERT - AT 72208 L
MENRER FE e 24 /NRFA Ry 2= - 328 3 DIAE
WCERRFRR AV S B HL IERERYEDRS -

P B2 A e MR AR AR B Ty S - R
FERI FE I AL INRE SR b5 AH B IR 58 %
I FH B 2 MR A R A AT - S — 2 558 H B B
& AR ARG S PRRT S B B PRI B £
JOTEE H % A B L il W B R e P & PR IR R AR
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Machine Learning to Predict the Death of Patient
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Machine learning (ML) is used in a wide variety of applications and achieve certain results in medical science.
At present, there is no clinical assessment scale to available patients with critical cirrhosis patients. Therefore, this
study used ML methods to construct a death prediction model for critical cirrhosis patients. A retrospective investi-
gation is designed with electronic medical records to make analysis on 287 patients with cirrhosis in the intensive
care unit of a regional hospital from August 1, 2013 to December 31, 2015. Using R language to achieve five ML
methods: Bagging, GLM, Adaboost, Neyman-Pearson, and Stacking to construct five models. The study compare
the discriminative ability of traditional clinical scoring systems: CTP score and MELD score, and APACHE II. The
accuracy of the five ML models in this research was above 80%. Top-performance is Neyman-Pearson accuracy
rate was 86.2% (AUC=0.871), is get ahead of traditional scoring system: APACHE Il (AUC=0.806), MELD score
(AUC=0.755), CTP score (AUC=0.747), and its prediction results are expected to provide reference for medical deci-
sion making. (J Intern Med Taiwan 2021; 32: 40-49)



