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Background and Aims: Patients with advanced liver cirrhosis often experience a series of
complications, leading to an increased risk of death. Therefore, early identification of high-risk patients
for liver cirrhosis mortality is of significant clinical importance. In this study, we used the H20 platform
and automated machine learning (AutoML) framework to develop a predictive model for 30-d in-

hospital mortality in liver cirrhosis patients, aiming to provide new methods for improving patient

Methods: General information and laboratory examination data were collected from hospitalized liver
cirrhosis patients at Jintan Hospital affiliated with Jiangsu University and Hunan Provincial People's
Hospital. Multiple machine learning algorithm models for mortality outcomes were established using the

H20 AutoML framework. ROC curves were plotted, and confusion matrices were used to evaluate the

Results: The best model, gradient boosting machine (GBM), had a Gini value of 0.994, R? of 0.775, and
LogLoss of 0.120. Important variables in the model included prothrombin time, creatinine, white blood
cells, and age. The SHAP feature graph and partial dependence graph demonstrated the correlation
between important variables and the overall predictions of the model. LIME visualization showed the
individual predictive effects of the variables. The best GBM model had a specificity of 0.950, sensitivity
of 0.676, and AUC of 0.793 in the validation set, outperforming four algorithm models (XGBoost,
Logistic regression, random forest, and deep learning), as well as the MELD and ALBI scores.

Conclusions: The established machine learning model for predicting short-term mortality provides an
effective tool for screening the risk of short-term death in patients with liver cirrhosis. However, its

reliability still needs further evaluation through external validation from multiple centers.

1072 b EEESFRE
Abstract
prognosis and clinical management of liver cirrhosis.
performance of the models. Furthermore, important variables were visualized.
Key words Liver Cirrhosis; Machine Learning; Models, Statistical; Confusion Matrix; Data Visualization

CLC number: R657.3

JFRE AL — Bt R B R B, AR
— R RGE, @G NHkeESBNEES
iR ST E N (RN 5 S S = A Y 4
2. MR A5, FE T XURS B R B U AT e
FOFFEUESE R A R Ak R 5 AR A A R AL
N 14% . V5N CRF R, JFRE AL K OJF K e ™ Bk
i 36 TR ) RN R AT R A A R, ALl
ke P L SRR 0 A AL SE T R KU AR
X T AT RE A R S A R R gk
20 4%, [ A Ah 2 T — 2R 90 iR 1 S Il B o
IRBIESE . BESr 1 R AR O A0 g B A AL, 7R
HH R G ) O AR

R 104E, Hlasss Bk, A SR aE AL,
PR FbR DU A, FEBE O M b
Jrzas Y. B R R EAC, EARTHRAL L
HE B 1 Il PR B A= R I BIL A8 27 ) 5 ¥ 2R AT e R BT
T e B R PR . AR, A sh LA A
(automatic machine learning , AutoML) 1 H 3 8 v

© WA )3 of [ FF I F A EPTA

MK — R T A B S R AR VLT K AF s 4 da
B B 11 T A N B I e B 5 b A R 0% R B S
FER A RHE, A H20 V& AutoMLFE SR & 37 — &
ML A TN E SR TS, B O IR AL
I PR 77 L B2 AL g JEL B

1 ARSI

1.1 RIS

AW I 2018 47 1 H 2 2021 4F 12 A Wi+
VL5 K7 B s 4 3n B2 B S il el A N R B B it 12
BOE B . 9 A 994 Bl IF 1 Ak R, A B ) Bl U
30d, W30 dHNIET-FMLES S M ERFHA
848 1] 5 AL 141 146 fhi] . A FE ARVL T3 K24 I JE 4
BB KA N IR B Be e 2 St (VLR
KM E &R Be . /85 20190105 g A N RS
Bi: /2 202155055 ). AT A& & &M
A o HEBR AR e (1) 3B R R Ak O K e SE T

http://www.zpwz.net



557 4 TXE,% £ TH20 @ sh AL 8 5 3] el AFFE AL B 3% Jo T T B A oy 2 1 1073

i (2 AIHTEEAOMINERE ; (3) /I B
A s (4) B I N W R Gk S R
1.2 KR KL ZE R
1.2.1 — A MR IR AR BB A B I —
B AR TR R G IC R SRS R, R
HHABLE 30 d BT IH B A
1.2.2 deigFieml &kt 5 OB B A RE AL R
BN Bt s i ki o A I 0 E LS i A0 B R
L. B DI6E . MOWE Mg . R AR T A BT B B i T
AEAE . MUAE [RHE IR I R W ELAY (model
for end-stage liver disease, MELD) 43{E""F1 18 [ -
JHZT % (albumin-bilirubin, ALBI) 43ME!",
1.3 FitFEaE

T PR IR« bR 2 (v £5) RoR, I
BHORLABE (A2 ) [n (%) 13 . #H H20
B (h2o fURAR 3.34.0.6) AutoML HEZE # 37— ZR 51
BEXTAET: 20 2885 R AL EE 2% 2] TR A Y . 2 o)

ZikHE T 1’!5 ¥EME  (receiver operating characteristics ,

ROC) W& I IRVE4E % (confusion matrix) , it
AL RS | FF R E K ROC 4R T HE AL (area
under curve, AUC) 845K IF M B IX 7368 7. Ik
Gh, R IESRALE E BRI ] R R, REAR
FEA R v i) PR R A A A O, HEAT 4 SHAP 43 7
(SHapley Additive exPlanations) . &5 2> # #i &l
(partial dependence plots) LA K Jay 3 v i Ap o4 53 1%
(local interpretable model agnostic  explanation ,
LIME) & nf WAL 001 . BL b GE it 2% 0 b Je 4
AR (4.04 fL) o AU P<0.05 1 22 5 A Ge 112

X

2 & R

2.1 FAAE—RAR

AHIF 78 gl A 994 ) B R AL 4, AR 30 d2E
T8 R NAEEHA ML T W, BHE— KR
[J—ll—t%%‘lo

R1 BABRABH—RER

Table 1 General information of the study population included

R A (n=848) HET-4H (n=146) P
PERR(%)]

5 525(61.9) 93(63.7)

& 323(38.1) 53(36.3) 0750
I (% £ 5) 58.70+13.96 63.99+13.30 <0.001
H AL (X 10%g/L,% + ) 5.47+3.72 9.06+7.00 <0.001
I/ (X10°g/L, % = 5) 99.12+67.18 87.11+60.17 0.043
LTAMI L (X102g/L, % + ) 97.24+26.68 89.90+35.34 0.004
SHRLTZ (mg/dL, % = 5) 3.83+5.20 8.53+9.01 <0.001
JUEF (mg/dL,x + 5) 0.88+0.80 1.27+1.19 <0.001
NRREFE R (U/L,x £ 5) 70.32+276.54 106.89+188.17 0.125
REBRBIEEEI(U/L, % £ 5) 89.10+441.49 132.35+222.88 0.247
HEH(g/L,% +5) 31.06+6.24 27.98+5.80 <0.001
B F (mmol/L, % + 5) 139.08+4.11 138.32+5.77 0.054
S (mmol/L, & + s) 3.41+1.24 2.76+1.15 <0.001
R (mmol/L, % + 5) 0.92+0.48 0.52+0.40 <0.001
6% BERE A ] (mmol/L, % + 5) 1.88+1.92 1.42+0.82 0.004
HTEHEH (ng/L,% + 5) 86.27+49.69 62.2333.10 <0.001
BEIMBGE R (s, £ 5) 15.97+3.70 21.13+9.46 <0.001
LnINR(T + ) 0.31+0.21 0.56+0.37 <0.001
MELD 43 (% + 5) 10.45+6.27 18.11+10.16 <0.001
ALBIPFAR (% = 5) -2.41+0.64 -1.95+0.62 <0.001
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Figure 1 Relative ranking of variable importance in the

best model GBM
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Figure 2 SHAP features of variables in the best model (The

horizontal axis represening the distribution of

variables in outcome categories, and the vertical

axis representing the respective variables)
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Predictive Analytics:LIME Feature Importance Visualization
Validation Set 6 Cases Shown
Case: 1 Case: 2
Label: p1 Label: p1
Probability: 0.98 Probability: 0.92
Explanation Fit: 0.29 Explanation Fit: 0.25
Erdidciach | JOUsF ]
UL I EE |
EE | Bk L I 1) ]
5L ] u i |
Case: 1 Case: 2
Label: p0 Label: p0
Probability: 0.91 Probability: 0.68
Explanation Fit: 0.26 Explanation Fit: 0.24
IR I et ——
WLEF M2 L
EEL | 5. A L |
o5 5 u i n
Case: 3 Case: 4
Label: p0 Label: p0
Probability: 0.97 Probability: 0.82
Explanation Fit: 0.28 Explanation Fit: 0.26
FIEIRE | i |
LB RELT |
EEL W I 1) u
B 5 ] i I
-0.02 0.00 0.02 0.04 -0.02 0.00 0.02 0.04
Weight
M Supports M Contradicts

B3 FEHEEAFE

EEEMLIMEATRL (BHEAT, BREETEENMMETNRIER; p0RFEF, pIRTELT)

Figure 3 LIME visualization of variable importance in random samples (in random samples, displaying the role of important
variables in individual predictions; p0 representing survival, p1 representing death)

B4 RERIGFTEPHEE (2 RFE R REAEZETNEEX GBM EE BTN 45 R i FRg AL )
Figure 4 Partial dependence plots of variables in the best model (partial dependence plots showing the marginal effects of the
top four ranked variables on the predictions of the GBM model)
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Table 2 Performance of various machine learning models
and commonly used scores on the validation set

R 328 ARSI TN 22 R
FEEHY SEFRA IS
AAE BB MURE RRE AUC
GBM
A 173
0.676 0950  0.793
b A 11
XGBoost
A7 169 11

) 0.529 0939 0.718
A 16 18

Logistic [71)H

JAEy <2 169 14
0.500 0922  0.695

ljam 17 17

FlAL AR AR
JAEy <2 161 19
: 0.588 0.894 0.723
BeT- 41 20

BRI
A 151 29
. 0706  0.839  0.752
A 29 24

MELD #£43
A 126 46
: 0.667 0733 0676
BT 12 24

ALBIPF4y
A 105 67
A 0.806 0.610 0.734
BT 7 29

3 i #

Bl DL g > S R R, N TR RE A
R HE ST A AN BB 1Y Ll R R AR R R
[F) P 3 o R R . RRAE SR IR E 2 R AR
PLTERAE 1 5 th T Bk, ek, 2 FRHLA
Rl 2z 4t A gh A I RESE, 1 H20 B9 AutoML K 4%
T Cloud AutoML 28 AutoML KR i 4L HL #5827 >
M HT I AR, AN s TAL B ORRAE S 4R S HE
WiE ey . MER A, Bk fife .
WS EEGT R, Wl PR LS.

L 2R B, EdEEZA 8
grRAy (MSrAR G ) DU AR AS B4R iy 95000 44
A€o ARG AE XAUE B AR, B 3385 Boosting Al
Baggingﬁﬁ%ﬁi%gﬁﬁio GBM £ % i % >
Boosting 1) —Fl S8 5 X0, L Z A F o LA A
66 13 R B A A 2217, H20.ai 45 T Oxdata 23 7] F
2014 A HE ) — UL &% 27 ) BT IRF- &, AT G
JIZ 55 X G 0 B al AR W 5 BOE R R A, ST R

© WA )3 of [ FF I F A EPTA

S E AP 22 2 51 % . H20 AutoML /& H20 % &5
UTAEHE Y A Bk ST HEZRET I HESR SR AL HE 1 AR
PR DB, W) LRI SRR R
B ) TR A

BEAT R AP F S8 b, T S0 0 R AR A i T Y
ZAVEAr RGO Iz aE I W T B0 A
b B WG o MELD F 43 fe 5 o FH T 42 52 26 40 i
JOk JEF P9 1T 8 Bk 43 R BB B BE T B0 v, % S
F45 UBF . IH LT 2% B INR 26725 00 J5 22 fF 98 30F
ST 8BS - KT R RE 2 JFF A Ak A8 3 TS 9 2 7
fa b R &, B A 8V B JE i MELD-Na 3 43,
P& T DAL R I 1 Ak 2B TS B B0 AR
2015 4F, Johnson ZEUHE ST T ALBI PF43, 1% AR 18 AL
AR R B I AT 28 P AR i L B, T VA A E
iR A B TS .

I IRSE B b, LHAEMFEAREN 222
7 o AR A B AE BARA R, AH OG0 s 4 T A Ak
FR R AR L PO REIR YT AR B R R
. TEHZHEE LR, 3R UH — M A ¢
LIS B0 S A A B o Al sS4 R A BE SR 1 KRB
P, HIWr R CE TR A A TS, X A AR AR R IR 12
7 TAE Ty BB

A 5% 2 — I 3 T 5 B 14 s 81 — X BRI 5T, i
A5 TR A A e £ 3 A Bt IsF I R 9 B S o 2 4
UM BE 5 30 d AL TS R R L AR
H20 °F & (1 AutoML HEHL | FEIZRE v T 2T
5P HLER 2 o) RE R R BE Y IR AE B0 LR 4R T oUE S
T T GBM B vE A A R A AR RE AL, R T
Logistic M1 | FEPLERAK . XGBoost, # %8 J& ¥ i 2%
SJELRL, BEAh, GBM B ALIA 5 MELD . ALBI ¥4
RGEHAT IR, RABFEFE S o 75 EB R
R, BEMIIRE . FII6E . H40 M AR IS A R
WI R AL AL T A AR e, X5 [ N AR A
FEAL. I, BE i D) 6e 5 0 5 T Ak i —
B Ak )™ E I ARE AT DG o 1T UL T A8 A A A
b fBE W 25 T 5 1) B AR i, R AR S AR AT
Wi GIFREBE K. ARMERRE XFESZE
fEAG P2 i3 34 5 30 A ok & B i A T Sk AL
AR i & 5 AL 28 T 08 £k F R v i £ A e
FERFRE AL DS AR 20, PR PR I 25 5 R 2 5 500 ' T
AE AN A FE B3 BUJa ol 5 B o A B
[, A1 JE G 20 40 i 3 22 9 6 Ak A8 5 1
BRI RN, Fa, FR1E NS

http://www.zpwz.net



M

5,5 ETHOEGMBEFINHELEERTHTNRANEST 1077

P T A R w0 v B R TR AR, SIS T S
45 Je TR AR 9 A OGP S AT WML % 5 2T AN iR
i “TRET R, AWTFE L 2 Rl AL T ik
of Lt B E A A R AR TR I R A A N
R o X 2R AL 27 2T AT A AL S8 BLAY o3 M O 1k
TE BT 4 B v i T /D o R T GBM UE 4 I 4k
R AL T WO A A, R A XAy RE ), R
BL 4 (19 4R S5 J3E 2 W 7 i R 52 B2k v I 5 1 Ol KRS 4
i TR, EHEABHOTEREL, h2e, EAER
FRRREE S AN DL, T RE R AT RE TS, A
BIR f9 B2 97 B8 JROCAE i fE B BRI, GBM
YA g o S R, AT DAAR G i 3 HE B A8 T XUBS:
A, WML 22 i o 5 i PR SE T K
W e 14 A B Ak S B I PR AN R A B SR

AW FE WA 2 Hh o T BE AL S8R B A B Bl A
F AutoMLHEZE | S 57 0 J 309 S0 T AL o S B 2R
A IR AL B8 A e ) AT T 2 R AT B
TR AR BUNAE 1, H AT MELD . ALBIf% 4t
WO RG . AW AE T, FIH AutoML 5 2 HE
2, PR AL Z R R R PLER A IR, AR
BLAS 27 21 L6 i R BT G000 T 3 1 2 2% . AR WF 5T
PR Il BRI 5, AT 22 Fp s A9 S0 TR 6 i i — 2
PRARIZ B RIAOR

H PR AR PR AR R R,

FETHRFEFR: ALHEIEATHE; T2, %
AL BT TR R Fe BT, TR T TR
WEFBRELF,; EILH AT LFRA; REA A F)
AR F T REA oG 3 5 B A EA TR AR BIGK
Xt F BT EARF AL

£ % Uk

[1] BRI R LT G I . 2R SR AT DG A Al

(G I W PP RO TR U7 IO 2355 48 D). v 8 I s 2
i, 2014, 22(5): 327-335. doi: 10.3760/cma. j. issn. 1007-
3418.2014.05.002.
The 12th five-year major project of the Ministry of Science and
Technology. Management of clinical diagnosis, evaluation, and
antiviral therapy for HBV-related cirrhosis[J]. Chinese Journal of
Hepatology, 2014, 22(5):327-335. doi: 10.3760/cma. j. issn. 1007~
3418.2014.05.002.

[2] Das K, Das K, Datta S, et al. Course of disease and survival after

© WA )3 of [ FF I F A EPTA

onset of decompensation in hepatitis B virus-related cirrhosis[J].
Liver Int, 2010, 30(7): 1033-1042. doi: 10.1111/j. 1478-
3231.2010.02255.x.

[3] D'Amico G, Morabito A, D'Amico M, et al. Clinical states of
cirrhosis and competing risks[J]. J Hepatol, 2018, 68(3):563-576.
doi: 10.1016/j.jhep.2017.10.020.

[4] Lin L, Yang F, Wang Y, et al. Prognostic nomogram incorporating
neutrophil-to-lymphocyte ~ ratio  for early mortality in
decompensated liver cirrhosis[J]. Int Immunopharmacol, 2018, 56:
58-64. doi: 10.1016/.intimp.2018.01.007.

(51 TTEA, sKEGE, A0 . T8 A BT L2l PR S0 1 A 28

LU (9 B2 TR 22 37 0. AR IR 247, 2021, 29(8):
759-765. doi: 10.3760/cma.j.cn501113-20200808-00443.
Men CJ, Zhang GL, Shao X. Establishment of a nomogram model
for predicting bleeding risk based on endoscopic ultrasound and
clinical data among patients with liver cirrhosis[J]. Chinese Journal
of Hepatology, 2021, 29(8):759-765. doi: 10.3760/cma.j.cn501113—
20200808-00443.

[6] XUk Z AT TAE A S AEE HIFE T2 RURS: TLi 37 ik pry 4 70 1
AL [D]. KA FHMORAE, 2021.

Liu SJ. Establishment of A model for predicting the risk of death in
decompensated stage of hepatitis B cirrhosis[D]. Changchun: Jilin
University, 2021.

[71 TsyAs, WA, SOTA, % IIFEALRE FR TEAN R PR IR 4 112

WS U 52 B BRAIE[T]. 57 = FE R R 24 4R, 2021, 43(20):2226~
2234. doi: 10.16016/j.1000-5404.202104100.
Xiang SS, Tan JT, Wen Y], et al. Establishment and verification of
a diagnostic model of liver cirrhosis with spontaneous bacterial
peritonitis[J]. Journal of Army Medical University, 2021, 43(20):
2226-2234. doi: 10.16016/j.1000-5404.202104100.

[8] Handelman GS, Kok HK, Chandra RV, et al. eDoctor: machine
learning and the future of medicine[J]. J Intern Med, 2018, 284(6):
603-619. doi: 10.1111/joim.12822.

[9] LeDell E, Poirier S. H20 autoML: scalable automatic machine
learning//7th ICML Workshop on Automated Machine Learning
(AutoML). https://www. automl. org/wp—content/uploads/2020/07/
AutoML_2020_paper 61.pdf.

[10] Kamath P. A model to predict survival in patients with end-stage
liver disease[J]. Hepatology, 2001, 33(2): 464-470. doi: 10.1053/
jhep.2001.22172.

[11] Johnson PJ, Berhane S, Kagebayashi C, et al. Assessment of liver
function in patients with hepatocellular carcinoma: a new evidence-
based approach-the ALBI grade[J]. J Clin Oncol, 2015, 33(6):550—
558. doi: 10.1200/JC0O.2014.57.9151.

[12] Friedman JH. Greedy function approximation: a gradient boosting

machine[J]. Ann Statist, 2001, 29(5): 1189-1232. doi: 10.1214/a0s/

http://www.zpwz.net


http://dx.doi.org/10.3760/cma.j.issn.1007-3418.2014.05.002
http://dx.doi.org/10.3760/cma.j.issn.1007-3418.2014.05.002
http://dx.doi.org/10.3760/cma.j.issn.1007-3418.2014.05.002
http://dx.doi.org/10.3760/cma.j.issn.1007-3418.2014.05.002
http://dx.doi.org/10.1111/j.1478-3231.2010.02255.x
http://dx.doi.org/10.1111/j.1478-3231.2010.02255.x
http://dx.doi.org/10.1016/j.jhep.2017.10.020
http://dx.doi.org/10.1016/j.intimp.2018.01.007
http://dx.doi.org/10.3760/cma.j.cn501113-20200808-00443
http://dx.doi.org/10.3760/cma.j.cn501113-20200808-00443
http://dx.doi.org/10.3760/cma.j.cn501113-20200808-00443
http://dx.doi.org/10.16016/j.1000-5404.202104100
http://dx.doi.org/10.16016/j.1000-5404.202104100
http://dx.doi.org/10.1111/joim.12822
https://www.automl.org/wp-content/uploads/2020/07/AutoML_2020_paper_61.pdf
https://www.automl.org/wp-content/uploads/2020/07/AutoML_2020_paper_61.pdf
http://dx.doi.org/10.1053/jhep.2001.22172
http://dx.doi.org/10.1053/jhep.2001.22172
http://dx.doi.org/10.1200/JCO.2014.57.9151
http://dx.doi.org/10.1214/aos/1013203451

1078 H E

NS

\_\_

532 4

12

1013203451.

[13] Biggins SW, Kim WR, Terrault NA, et al. Evidence-based
incorporation of serum sodium concentration into MELD[J].
Gastroenterology, 2006, 130(6): 1652-1660. doi: 10.1053/j.
gastro.2006.02.010.

[14] Tandon P, Garcia-Tsao G. Bacterial infections, sepsis, and
multiorgan failure in cirrhosis[J]. Semin Liver Dis, 2008, 28(1):26~
42. doi: 10.1055/s-2008-1040319.

[15]Lv Y, Wang Z, Li K, et al. Risk Stratification Based on Chronic
Liver Failure Consortium Acute Decompensation Score in Patients
With Child-Pugh B Cirrhosis and Acute Variceal Bleeding[J].
Hepatology, 2021, 73(4):1478-1493. doi: 10.1002/hep.31478.

[16] Carey EJ, Lai JC, Wang CW, et al. A multicenter study to define
sarcopenia in patients with end-stage liver disease[J]. Liver
Transpl, 2017, 23(5):625-633. doi: 10.1002/1t.24750.

[17] Muslimovic A, Rasic S, Tulumovic D, et al. Inflammatory Markers
and Procoagulants in Chronic Renal Disease Stages 1-4[J]. Med
Arch, 2015, 69(5):307-310. doi: 10.5455/medarh.2015.69.307-310.

[18] Gines P, Sola E, Angeli P, et al. Hepatorenal syndrome[J]. Nat Rev
Dis Primers, 2018, 4(1):23. doi: 10.1038/s41572-018-0022-7.

[19] Northup PG, Caldwell SH. Coagulation in liver disease: a guide for
the clinician[J]. Clin Gastroenterol Hepatol, 2013, 11(9): 1064-
1074. doi: 10.1016/j.cgh.2013.02.026.

[20] Wu TZ, Li J, Shao L, et al. Development of diagnostic criteria and
a prognostic score for hepatitis B virus-related acute-on-chronic
liver failure[J]. Gut, 2018, 67(12):2181-2191. doi: 10.1136/gutjnl-
2017-314641.

[21] Ooi PH, Hager A, Mazurak VC, et al. Sarcopenia in Chronic Liver
Disease: Impact on Outcomes[J]. Liver Transpl, 2019, 25(9): 1422~
1438. doi: 10.1002/1t.25591.

[22] Lv Y, Zuo L, Zhu X, et al. Identifying optimal candidates for early

© WA )3 of [ FF I F A EPTA

TIPS among patients with cirrhosis and acute variceal bleeding: a
multicentre observational study[J]. Gut, 2019, 68(7): 1297-1310.
doi: 10.1136/gutjnl-2018-317057.

[23] Wang X, Luo J, Liu C, et al. Impact of variceal eradication on
rebleeding and prognosis in cirrhotic patients undergoing secondary
prophylaxis[J]. Ann Transl Med, 2021, 9(7): 540. doi: 10.21037/
atm—-20-3401.

[24] Chancharoenthana W, Leelahavanichkul A. Acute kidney injury
spectrum in patients with chronic liver disease: Where do we
stand? [J]. World J. Gastroenterol, 2019, 25(28): 3684-3703. doi:
10.3748/wjg.v25.i28.3684.

[25] Adebayo D, Morabito V, Davenport A, et al. Renal dysfunction in
cirrhosis is not just a vasomotor nephropathy[J]. Kidney Int, 2015,
87(3):509-515. doi: 10.1038/ki.2014.338.

[26] Bajaj JS, O'Leary JG, Reddy KR, et al. Survival in infection-related
acute-on-chronic liver failure is defined by extrahepatic organ
failures[J]. Hepatology, 2014, 60(1): 250-256. doi: 10.1002/
hep.27077.

[27] Sajja KC, Mohan DP, Rockey DC. Age and ethnicity in cirrhosis[J].
J  Investig Med, 2014, 62(7): 920-926. doi: 10.1097/
JIM.0000000000000106.

(Asp#t  fE4)

A5 AR EE, e, BTN, . 5T H20 A S fbilas s

> F TR AL S8 2 AE T A R (i A 0], o [ AR R A, 2023,

32(7):1071-1078. doi: 10.7659/j.issn.1005-6947.2023.07.012

Cite this article as: Wang Y, Xu ZH, Yu WX, et al. Development of a

prediction model for mortality in liver cirrhosis patients based on H20

automated machine learning[J]. Chin J Gen Surg, 2023, 32(7): 1071-
1078. doi: 10.7659/j.issn.1005-6947.2023.07.012

http://www.zpwz.net


http://dx.doi.org/10.1214/aos/1013203451
http://dx.doi.org/10.1053/j.gastro.2006.02.010
http://dx.doi.org/10.1053/j.gastro.2006.02.010
http://dx.doi.org/10.1055/s-2008-1040319
http://dx.doi.org/10.1002/hep.31478
http://dx.doi.org/10.1002/lt.24750
http://dx.doi.org/10.5455/medarh.2015.69.307-310
http://dx.doi.org/10.1038/s41572-018-0022-7
http://dx.doi.org/10.1016/j.cgh.2013.02.026
http://dx.doi.org/10.1136/gutjnl-2017-314641
http://dx.doi.org/10.1136/gutjnl-2017-314641
http://dx.doi.org/10.1002/lt.25591
http://dx.doi.org/10.1136/gutjnl-2018-317057
http://dx.doi.org/10.21037/atm-20-3401
http://dx.doi.org/10.21037/atm-20-3401
http://dx.doi.org/10.3748/wjg.v25.i28.3684
http://dx.doi.org/10.3748/wjg.v25.i28.3684
http://dx.doi.org/10.1038/ki.2014.338
http://dx.doi.org/10.1002/hep.27077
http://dx.doi.org/10.1002/hep.27077
http://dx.doi.org/10.1097/JIM.0000000000000106
http://dx.doi.org/10.1097/JIM.0000000000000106
https://dx.doi.org/10.7659/j.issn.1005-6947.2023.07.012
http://dx.doi.org/10.7659/j.issn.1005-6947.2023.07.012

	1     资料与方法
	1.1 研究对象
	1.2 临床及实验室检测
	1.3 统计学处理

	2     结　果
	2.1 两组间一般资料
	2.2 AutoML框架下建立机器学习模型
	2.3 变量在模型中作用的可视化实现
	2.4 多个预测模型及评分系统在验证集中的区分能力

	3     讨　论

