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Abstract

Objective: To develop a predictive model for the risk of bile leakage following curative hepatectomy
for hepatocellular carcinoma (HCC) using the Extreme Gradient Boosting (XGBoost) algorithm, to val-
idate its clinical utility through decision curve analysis (DCA), and to provide quantitative evidence
for the precise identification and stratified management of high-risk patients during the periopera-
tive period. Methods: A retrospective cohort study design was employed. Clinical data were collected
from 350 patients who underwent curative hepatectomy for HCC between December 2015 and De-
cember 2025. Patients were classified into a bile leak group (42 cases) and a non-bile leak group (308
cases) according to ISGLS criteria. Key variables were screened through univariate analysis and LASSO
regression for dimensionality reduction. The dataset was split 7:3 into a training set (245 cases) and
avalidation set (105 cases), and an XGBoost model was constructed with five-fold cross-validation to
optimize hyperparameters. The discriminatory performance and clinical net benefit were compared
with those of LR, RF, and GBM models. Discriminatory performance was evaluated using AUC, accu-
racy, sensitivity, and specificity; calibration was verified using ROC curves and Brier scores; clinical
net benefit was analyzed using DCA; and feature importance and interaction effects were interpreted
using SHAP values. Results: The incidence of postoperative bile leakage among 350 HCC patients was
12.0%. Univariate analysis combined with LASSO identified 9 key variables. The AUC values for the
XGBoost model on the training set and validation set were 0.908 and 0.849, respectively, which were
significantly higher than those of LR (0.807, 0.763), RF (0.872, 0.817), and GBM (0.886, 0.831); the
validation set accuracy, sensitivity, and specificity were 0.848, 0.786, and 0.854, respectively, with a
Brier score of 0.11. The calibration curve demonstrated high consistency between predicted proba-
bility and actual incidence. DCA analysis showed that within the risk threshold range of 0.05~0.60, the
net benefit of XGBoost consistently exceeded that of LR and the two extreme strategies. SHAP analysis
indicated that extensive liver resection, biliary reconstruction, and intraoperative blood loss were the
three core risk factors, with synergistic interactions among them. Conclusion: The postoperative bile
leak prediction model for HCC, constructed using the XGBoost algorithm, demonstrates excellent dis-
criminatory power and calibration. It offers significant clinical net benefit and can effectively identify
high-risk patients for bile leaks before and during surgery. This model provides a targeted direction
for formulating perioperative interventions, including optimization of surgical strategies, hemody-
namic management, and liver function protection, and holds significant clinical translation and appli-
cation value.
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Table 1. Comparison of baseline patient data between the training and validation sets

F 1L ONGESWIERBHFRELTBER

AHIC AL YIRS (n = 245) Y6 4E4E (n = 105) GUitHE P&
P - 5 134 (54.69%) 58 (55.24%) % =0.009 0.992
P - % 111 (45.31%) 47 (44.76%)

I (2) 57.89+9.12 59.23 + 8.87 t=-1.132 0.258
BMI (kg/m?) 2412 +2.87 24.08+2.71 t=0.145 0.885
WS - 75 (30.61%) 31 (29.52%) 2 =0.038 0.845
U 170 (69.39%) 74 (70.48%)

L - 59 (24.08%) 26 (24.76%) £2=0.023 0.879
sk - TG 186 (75.92%) 79 (75.24%)
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sl g - H 72 (29.39%) 30 (28.57%) 2 =0.031 0.860
L - TG 173 (70.61%) 75 (71.43%) - -
BEIRIG - B 41 (16.73%) 17 (16.19%) ¥»=0.018 0.893
BEIRI - o 204 (83.27%) 88 (83.81%) - -
FFEfL - H 135 (55.10%) 56 (53.33%) 22 =0.127 0.722
4L - J6 110 (44.90%) 49 (46.67%) - -
FHZT 3 (wmol/L) 18.07 +6.59 18.25 + 6.63 t=-0.228 0.820
A 11T 1 S5 S ) () 12.85+1.17 12.93+1.11 t=-0.512 0.609
Child-Pugh A 2% 211 (86.12%) 90 (85.71%) 22 =0.012 0.913
Child-Pugh B % 34 (13.88%) 15 (14.29%) - -
KVE IR 51 (20.82%) 23 (21.90%) 22=0.087 0.763
/N Y T DD B 194 (79.18%) 82 (78.10%) - -
ARk i (mL) 426.89 + 207.56 421.34 +205.12 t=0.209 0.835
ARENEYE - 2 29 (11.84%) 13 (12.38%) 22=0.027 0.869
AJERRYE - 5 216 (88.16%) 92 (87.62%) - -

3.2. RiGEmEXERRSH

ARRSTER, BIRAHS5AEEIRAA BMIL Child-Pugh 2% RETRAELER . SROLEERIE . HT
VIBRTa R HFIIEpak EgsiE . IEE S, AR, Ao CVP K T4 07 T 2 F 54 Gt 28
(#IP<0.05, #2), W& HZERTLSHFE LG P>0.05, % 2).

Table 2. Univariate analysis of clinical indicators in patients with and without bile leakage
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(=g FEFRL (n = 42) JERBIRL (n = 308) GitE P&

P - 5 18 (42.86%) 174 (56.49%) ¥ =2.315 0.128
PR - 2 24 (57.14%) 134 (43.51%) - -

T (%) 59.38 + 8.67 58.21 +9.08 t=0.723 0.470

BMI (kg/m?) 26.39 + 257 2372+271 t=5.872 <0.001

Child-Pugh B % 15 (35.71%) 34 (11.04%) 22 =18.762 <0.001
Child-Pugh 4k B 27 (64.29%) 274 (88.96%) - -

SR ZE (umol/L) 20.87 £7.31 17.76 + 6.32 t=2.415 0.016

5 100 15 S5 R 1) () 13.58 +1.02 12.75+1.15 t=4.218 <0.001

K B DI R 20 (47.62%) 54 (17.53%) 2 =16.893 <0.001
AR AU R E 22 (52.38%) 254 (82.47%) - -

FET IR E L - 2 12 (28.57%) 38 (12.34%) 72 =6.217 0.013
JHTIER Mk E4sEE - 5 30 (71.43%) 270 (87.66%) - -

fHEE - 2 11 (26.19%) 13 (4.22%) 272 =25.384 <0.001
JHIEE # - 5 31 (73.81%) 295 (95.78%) - -
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Figure 1. LASSO regression coefficient shrinkage trajectory plot
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Figure 2. LASSO regression 10-fold cross-validation error curve
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Figure 3. ROC curves for each model on the training set
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Figure 4. ROC curves for each model on the validation set

4. WIFEEEER! ROC #hik

Table 3. Comparison of discrimination metrics between XGBoost and Logistic Regression models

%% 3. XGBoost 5 LR #REF| Bl &E SIIEFRELER

BA BdEE  AUC IR %) REE(%) FRE (%)  FEMETIME(%)  BAMEBIE (%)
LR W& 0.807 779 68.9 78.7 34.2 94.1
LR WIE&E  0.763 75.7 61.5 77.2 28.5 93.5
XGBoost %4 0.908 87.3 86.2 87.5 52.1 97.3
XGBoost  IiF&  0.849 84.8 78.6 85.4 44.7 96.7
DOI: 10.12677/acm.2026.1651832 425 Il PR % 2 3k e


https://doi.org/10.12677/acm.2026.1651832

TS %

3.5. XGBoost B KHER ST

XGBoost A I E SRR HE I 2 o, PR 5 92 bp kA2 264 0~0.6 [X A& B — 3, 0.6~1.0 X[j%%
e (14 5). Brier £ 0.11, Hosmer-Lemeshow f&%; P = 0.695 > 0.05, FE/nARIRHESE R, TiIAE

2R Al &
RA[FE,
1.0 ~
- =~ Perfect calibration (diagonal) /’
—— XGBoost model 7
—@— Brier score = 0.16 +%
H-L P =0.695 7
0.8 4

0.6

0.4

Actual probability of bile leakage

0.2

0.0 0.2 0.4 0.6 0.8 1.0
Predicted probability of bile leakage

Figure 5. Calibration curve of the XGBoost model on the validation set
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Figure 6. Decision Curve Analysis (DCA) of each model on the validation set

El 6. BRAVEIESERIRRIL T HT(DCA)

DCA £/, fE 0.05~0.60 I K Al 232 MK BT Y, XGBoost H L ZkiR%4 AT LR, GBM. RF
Jo “AEFTET CRIATT Hng BT (K 6). ERIE 0.10 IY XGBoost 3k i iAIE{E 0.17, BF & T
LR [ 0.09; 0.05~0.60 [X [H] P XGBoost i3k M 0.07 F+ & 0.17 J5 220, 4% m T HAWEA, $oRixpinl

DOI: 10.12677/acm.2026.1651832 426 I IR 2= =23t e


https://doi.org/10.12677/acm.2026.1651832

ESEAE

B SIRR T A E sk, AR i ETmSRH.
3.7. XGBoost #REY AT R 4

371 ¥HMrEEE
B ERER, KEEFVIRR. SRR R Rl & AR HCC AR5 IHIR & A= T =478
O ERE R 2R (K 4) . RFAE B B 25 T B ELUL S B 1 245748 B X ABE 20 TN &8 SR P D kAR 2 (K 7)o

RIEEIRT bR 0.215
feEER
RepRimEx
Child-Pugh}4R85i&
RMESERAERER
BMIfRE
ARBBARAD
ARFCVPRS

FFIEBHESARS 0.042

0.00 0.05 0.10 015 020 0.2¢
BFIEEE TS

Figure 7. Bar chart of feature importance for the XGBoost model
7. XGBoost &R HFEEE F & E

Table 4. Ranking of feature importance for key variables in the XGBoost model

5% 4. XGBoost IRB X TS IEEEHZ

4 AR R AR I
1 K DI BR 0.215
2 JIEL i R 0.178
3 ARk i B 0.148
4 A CVP 0.118
5 Child-Pugh 432 0.107
6 ARATEAELT & 0.092
7 e 1. P SR I ) 0.085
8 BMI i & 0.078
9 JHET 1 2 4 4 0.070

3.7.2. SHAP {5 #h

SHAP LA RoR, RIGHEFFIBR. IR H S S SHAP o8 IE HEUWEE R, #n IR AR A1
FREKIK K Child-Pugh A 2. A CVP IEH %45 & SHAP [H A f, $R NI ZR (& 8). SHAP HEIE
W o, ARk > 500 mL K SHAP {5 6504 b Tk, BHIR XS 22 185 9).
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Figure 8. SHAP summary plot of XGBoost model
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Figure 9. SHAP feature dependencies of core variables in the XGBoost model
9. XGBoost R &z I8 SHAP FHEMKH:

4. 71ig

F2m p g AR Ve R DI BR AR G HEJR R E MU 2 4%, RS HE R A AR T TR BRI R A R A e [12]
AT 5T 3 XGBoost TR, ZIGUEHA R FHIAEE 1. BHEE SimRI1S3E3E, 454 SHAP E T
O fal R, NETFARNE AR KR [13] [14].

BT HCC B ARJE IR A AR 12.0%, SEASMREREA —E[15] [16], FEmHIsT=UIERA
JEH WFERRE, 5w R B 5 . BN F A LASSO i (1 D4R 5 A I S WIH I 2 K 2R 1E, LASSO
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AR T 2B, T TR ARE I[17]. AW S RILR XGBoost #EALHI G AE /) B LTI
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