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Abstract : Objective  To develop and validate a risk prediction model for liver cirrhosis applicable to the general population,
to reveal the association between common biomarkers and the risk of liver cirrhosis, and to provide a scientific basis for the
assessment of liver cirrhosis risk in clinical and public health practice. Methods  This study utilized data on 28 biomarkers
and 6 covariates from the UK Biobank. Participants were enrolled between 2006 and 2010 and followed up until October 31,
2022. The primary outcome was new cases of liver cirrhosis. All participants meeting the inclusion and exclusion criteria were
randomly divided into a training set and a test set at a ratio of 7:3. Based on the training set, three machine learning
algorithms, namely XGBoost, Lasso — Cox regression, and random survival forest, were used to screen for key predictive

variables influencing the occurrence of liver cirrhosis. Key feature variables were then used to construct a liver cirrhosis risk
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prediction model based on the Cox proportional hazards model. The performance of the prediction model was evaluated by
A total of
237 965 eligible subjects were screened for this study, including 1 064 patients with liver cirrhosis and 236 801 non - liver

comparing it with traditional scores, FIB —4 score and APRI score, and validated in the validation set. Results

cirrhosis patients. Five key variables influencing the occurrence of liver cirrhosis were identified by combining three machine
learning methods and clinical application scenarios, namely y — glutamyl transferase, aspartate aminotransferase, cystatin C,
body mass index, and albumin. The liver cirrhosis risk prediction model constructed based on these five characteristic variables
significantly outperformed the traditional FIB — 4 score model and APRI score model in terms of predictive performance. The
AUC values of the liver cirrhosis risk prediction model, FIB —4 score model, and APRI score model in the training set were
0. 827 (0.806 —0.848), 0.665 (0.637 —0.693), and 0.740 (0.713 —0.766), respectively; in the validation set, they
were 0. 811 (0.776 —0.845), 0.664 (0.621 —0.708), and 0. 711 (0. 668 —0.755) , respectively. The AUC values of the
prediction model established in this study were superior to those of the two traditional scoring prediction models, and the
differences were statistically significant (P <0.05). Compared with the traditional FIB —4 score model and APRI score model,
the liver cirrhosis risk prediction model constructed in this study demonstrated significant advantages in the two key indicators of
net reclassification index (NRI) and integrated discrimination improvement index (IDI) (P <0.001), and the results were
highly consistent in both the training set and the test set. The results of the liver cirrhosis risk prediction model showed that
cystatin C had high specificity and predictive value in the prediction of liver fibrosis diseases [ HR =2.51, 95% CI; 2.22 -
2.83]. Conclusion v — glutamyl transferase, aspartate aminotransferase, cystatin C, body mass index and albumin are
important factors influencing the onset of liver cirrhosis. The prediction model for the risk of liver cirrhosis constructed by using
the feature variables obtained through multiple screening by machine learning has strong predictive ability and provides an

effective tool for the early screening of the risk of liver cirrhosis.
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Table 2  Parameters to evaluate the performance of models with

different combinations of variables
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Table 3 Lasso — Cox regression screening variables
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4 SS 0.243 387 559
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6 AIF 0.100 298 476
7 TP 0. 065 999 561
8 BMI 0.057 121 474
9 Testosterone 0.050 807 354
10 TG 0.043 750 489
11 Urea 0.029 720 335
12 Age 0.011 868 706
13 AST 0.009 832 830
14 CRP 0.009 085 691
15 ALT 0.004 188 530
16 GGT 0.003 815 536
17 Urate 0.001 606 998
18 HbAlc 0.001 246 085
19 ALP —0.001 017 578
20 VD —0.003 912 683
21 HDL —0.008 389 843
22 Cr -0.013 432 115
23 ALB —0.045 594 826
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Fig.2 The model was constructed based on Lasso — Cox regression variable screening and cross — validation

TEAER T AL ; XGBoost FIEME 1 10 ML B
At HARS R UL S o i8S w0, =Rh 75 A3 )
SE T 6 NMRHIEAE R, 435l 0t GGT  AST \IGF — 1, CysC,
BMI ALB,

2.6 FFRALE R R e A ik EF] IGF -
1A H R PR rh il BEAS 23 3 HLIW &, SO BIF 5 i

BEHA S MRS A Cox LL I XS, Cox 5L
RIZE IR R, ALB J& AL & A 9 AR I K [ HR =
0.91,95%CI. 0.88 ~0.93,P <0.005] ;7 GGT .AST.
CysC FA 5T f:45 5 BMI J2 A Ak i i ST fa 5 KT 2R (P
<0.05), H:r CysC & E K[ HR =2.51,95% CI.
2.22 ~2.83,P<0.005], VLI 6, [FH}, ASHF 5% & 57



BT P27 2025 45

52 %522 1  Modern Preventive Medicine, 2025, Vol. 52, NO. 22 - 4043 -

T T A o AR T 51 £k 151, DLIE 7. T

/4 \ = YA
AR, 1) 2 ] P L o A S T A 5 I 8 o B
A
Sex *
AFF h
TBIL 1-\
e
L'Qfa HH
6 HH
cr —i—
VD HH
P HH
ss —i—
SHBG i
Apo_B il
GLU —i—
Urate i
Testosterone i~
Urea = =
Phosphate =
PAL —_—
HDL =i
BMI —i—
Ca —ili—
CRP —il—
Apo_A ——
CHOL —il—
LDL_D —il—
ALB —i—
HoAtc ——
DBil i
ALP —-—
ALT —a—
CysC —_—
IGF_1 —a.—
AST ——
GGT — -
1 1 1 1 1 1

0.00 005 010 015 020 025

vimp (survival_time)

A LU VIMP MR R, P B R/ MBS o

B3 T RENLAAE AR

A AR A AU B
BRI

3 AT I AR A AR A A Y

Minimal Depth of a Variable

AR A

Fig.3 Variable importance ranking based on random survival forest

Minimal Depth (Rank Order)

VIMP Rank

B4 BEHLAEAEAARAED VIMP 1 /N 1k ) 1S 1

Fig.4 Scatter plot of random survival forest model VIMP method

and minimum depth method

2.7 FAEAL K A R e TR AL AL 5

2.7.1 KRG TINPERE LR N T PRI 45 RS AL
9 DRSS T AL 7R %) T 000 4 B , A BIF 52 R ROC iy
LR AN, 43500 L5 T A I 5 4 S 1 0 A AR
FIB — 4 T4 AT APRI TE43 5 760 %) 751 014 g A /N o
R ZE R R  FEVIZREE T, = AR AUC 23518
0. 827(0. 806 ~0. 848) .0. 665 (0. 637 ~0. 693) 0. 740
(0.713 ~0.766) ; FEIGUESE H1, = AMBIRLAY AUC 4351
0.811(0.776 ~ 0.845) . 0.664 (0.621 ~ 0.708) #i
0.711(0.668 ~0.755) , 45 5 WK 8. ASHESE F4 H 1
THMARE IR | 72 I SR A A0 IEHE Hh (% T RE X H T 1%
GEVT3 1 MBI AR 2 6] Y R e 25 S 3 A i
& X (Delong k5 P <0.05)

B S ETHLae s 4508 B AR EAE i

Fig. 5  Potential predictors were obtained based on machine
learning results
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Fig.7 Nomogram for predicting the risk of liver cirrhosis development
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Table 4 Comparison of the net reclassification index( NRI) of the model with the integrated discrimination improvement index(1DT)

G/ R LR NIR(95% CI) Prir IDI(95% CI) Py
% AW FIB -4 FE4pp5 0.137(0. 072 ~0.229) <0.001 0.111(0.095 ~0.127) <0.001
ARG 5 APRI §740 4605 0. 138(0. 050 ~0.232) <0.001 0.111(0.096 ~0. 127) <0.001
i 4E ARWFSTRER E FIB — 4 $E4 i1 0. 150(0. 049 ~0. 248) <0.001 0.097(0. 063 ~0.131) <0.001
ABFFRE G APRI BEoMEA 0. 146 (0. 023 ~0.240) <0.001 0.085(0.063 ~0. 130) <0.001
3 W o 10 A AFREAL AR SCBE T A0 3t o PRk, AR T
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Fig.8 Comparison of the area under the receiver operating characteristic curve( ROC) for APRI, FIB -4, and the proposed model in the

training( A) and test(B) sets
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