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Background: This study aimed to develop and validate a nomogram model integrating routine laboratory parameters, non-invasive
fibrosis markers, and liver elastography parameters for cirrhosis risk stratification in patients with chronic liver disease.

Methods: A total of 344 patients with chronic liver disease were retrospectively enrolled and randomly divided into a training set
(n=241) and a validation set (n=103) in a 7:3 ratio. Independent predictors were identified using univariate analysis, LASSO
regression, and multivariate logistic regression. Machine learning algorithms, including Random Forest, Support Vector Machine,
and Logistic Regression were constructed using these predictors. Internal validation was performed using the Bootstrap method. Model
performance was evaluated by the area under the receiver operating characteristic curve (AUC), calibration curves, and decision curve
analysis (DCA).

Results: Multivariable logistic regression identified age, platelet count, aspartate aminotransferase/alanine aminotransferase (AST/
ALT) ratio, total bilirubin, abnormal international normalized ratio (>1.2), and liver stiffness measurement as independent predictors of
cirrhosis. The Random Forest model demonstrated slightly superior performance, with AUCs of 0.835 (95% CI: 0.767-0.904) and
0.745 (95% CI: 0.597-0.893) in the training and validation sets, respectively. The calibration curves demonstrated good consistency
between the predicted probabilities and the actual risks (Hosmer-Lemeshow test, P > 0.05). Decision curve analysis indicated that the
Random Forest model provided a superior net clinical benefit across a threshold probability range of 0.1-0.3.

Conclusion: This study developed and validated a cirrhosis risk prediction model. The Random Forest model offers marginally better
accuracy, while the nomogram provides a simple, interpretable tool for bedside clinical use. With further external validation, this
model could potentially assist clinicians in stratifying cirrhosis risk among patients with chronic liver disease.
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Introduction

Liver cirrhosis represents the terminal stage of various chronic liver diseases. Globally, chronic hepatitis B virus
(HBV) infection and metabolic dysfunction-associated steatotic liver disease (MAFLD) are the leading etiologies,
accounting for over 70% of cirrhosis cases worldwide. In China, HBV remains the predominant cause, while the
prevalence of MAFLD-related cirrhosis is increasing rapidly due to changing lifestyles. Effective etiological control
(eg., antiviral therapy for HBV) can significantly slow or even reverse fibrosis progression, but a large proportion of
patients remain undiagnosed or untreated until advanced stages. It is characterized by a high incidence of complica-
tions and is a major cause of liver-related mortality, imposing a substantial disease burden.' Early and accurate
identification of patients at high risk of progressing to cirrhosis is crucial for initiating targeted surveillance and
interventions to improve prognosis.> Current clinical risk assessment often relies on physician experience or single
non-invasive markers, lacking a precise predictive tool capable of integrating multi-dimensional information. The risk
of cirrhosis is influenced by a complex interplay of multi-faceted factors.> Demographic characteristics, such as age,
constitute non-negligible non-modifiable risk factors.* Platelet count, which reflects portal hypertension and
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hypersplenism, and the International Normalized Ratio, which reflects hepatic synthetic function, are key indicators for
assessing liver function reserve and portal hypertension status.” Direct markers of hepatocellular injury, such as the
Aspartate Aminotransferase to Alanine Aminotransferase ratio (AST/ALT ratio) and total bilirubin levels, indicate
ongoing hepatic inflammation and damage.® Furthermore, liver stiffness measurement obtained directly via transient
elastography provides an objective anatomical quantification of the degree of liver fibrosis.” However, the combined
impact of these factors on the ultimate risk of developing cirrhosis is complex, and a comprehensive predictive model
integrating multi-dimensional information—including demographics, routine laboratory parameters, and direct ima-
ging measurements—is currently lacking.® Machine learning algorithms can efficiently process complex clinical data
and capture potential non-linear relationships and interactions among variables, offering advantages for constructing
high-dimensional predictive models. Consequently, this study aims to systematically integrate multi-dimensional
clinical data to develop and validate a nomogram model for predicting the risk of cirrhosis in patients with chronic
liver disease, utilizing both logistic regression and machine learning methods. The goal is to provide a quantitative

decision-making tool for early clinical risk stratification and personalized management.

Materials and Methods

Study Population

A total of 344 patients with chronic liver disease who attended the Hepatology Department of our hospital and completed
relevant examinations between January 2021 and December 2023 were retrospectively enrolled. The median follow-up
time from baseline examination to cirrhosis diagnosis or final follow-up was 24.6 months (interquartile range: 12.3-36.8
months). Cirrhosis diagnosis was confirmed at any time point during the follow-up period, with the earliest diagnosis
occurring 3 months after baseline and the latest at 42 months. Inclusion criteria were: (1) age 18-75 years; (2) diagnosis
of common chronic liver diseases such as chronic hepatitis B, chronic hepatitis C, or non-alcoholic fatty liver disease; (3)
completion of a full baseline assessment, including laboratory tests, imaging examinations, and transient elastography;
(4) availability of definitive clinical evidence for either the diagnosis or exclusion of cirrhosis (determined via liver
biopsy, comprehensive imaging evaluation, or long-term follow-up). Exclusion criteria were: (1) concurrent hepatocel-
lular carcinoma or other malignancies; (2) concurrent severe dysfunction of vital organs (eg., heart, brain, kidney); (3)
pregnancy or lactation; (4) incomplete clinical data precluding accurate group assignment. Data Collection Baseline
multi-dimensional information was systematically extracted from the hospital electronic medical record system and the
liver disease clinical database, serving as candidate predictors for model construction. Specifically, data included: (1)
Demographic and clinical characteristics: age, gender, height, weight, body mass index (BMI, calculated as weight in
kilograms divided by height in meters squared), etiology of chronic liver disease, history of diabetes. Height and weight
were collected solely for the calculation of BMI and were not included as individual candidate predictors in the model.
(2) Laboratory parameters: platelet count, albumin, aspartate aminotransferase, alanine aminotransferase, total bilirubin,
creatinine, International Normalized Ratio, and total cholesterol. Based on these parameters, the following derived
indices were calculated: Neutrophil-to-Lymphocyte Ratio, Fibrosis-4 Index (FIB-4), Aspartate Aminotransferase to
Platelet Ratio Index (APRI), and Albumin-Bilirubin Score (ALBI). (3) Imaging and elastography parameters: All patients
underwent abdominal ultrasonography and transient elastography. Liver morphological features, liver stiffness measure-

ment, and controlled attenuation parameter values were recorded.

Outcome Definition

The study outcome was the diagnosis of cirrhosis.” The diagnostic criteria integrated liver biopsy, imaging features (eg.,
ultrasonography, CT, or MRI findings of liver surface nodularity, parenchymal texture changes, and portal vein widening), and
clinical evidence of decompensation.'® Patients were subsequently categorized into a cirrhosis group or a non-cirrhosis group
based on this diagnosis. All diagnoses and group assignments were independently reviewed by two hepatologists with the rank
of associate chief physician or higher. In cases of disagreement, a third senior expert made the final adjudication.
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Statistical Analysis

Data analysis was performed using SPSS 26.0, R 4.2.3, and Python 3.8.5 software. Continuous variables with a normal
distribution are presented as meantstandard deviation and were compared between groups using the independent samples
t-test. Non-normally distributed data are presented as median (interquartile range) and were compared using the Mann—
Whitney U-test. Categorical variables are presented as number (percentage) and were compared using the Chi-square test
or Fisher’s exact test. The total cohort was randomly divided into a training set and a validation set at a 7:3 ratio, ensuring
comparability of baseline characteristics between the two sets (P>0.05). In the training set, univariate analysis was first
performed to screen potential predictors with P<0.05. Subsequently, the Least Absolute Shrinkage and Selection Operator
(LASSO) regression was employed for variable selection. Finally, significant variables were entered into a multivariate
logistic regression analysis to identify independent influencing factors. Machine learning algorithms, including Random
Forest, Support Vector Machine, and Logistic Regression were constructed using core variables. Model performance was
compared via the area under the receiver operating characteristic (ROC) curve (AUC). Calibration was evaluated by
plotting calibration curves. Decision curve analysis (DCA) was performed to evaluate the clinical utility of the models.
SHapley Additive exPlanations (SHAP) analysis was used to interpret the prediction logic of the best-performing
machine learning model. All hypothesis tests were two-sided, and a P<0.05 was considered statistically significant.

Results

Comparison of Baseline Characteristics Between the Training and Validation Cohorts
No statistically significant differences were observed in any baseline indicators between the training cohort (n=241) and
the validation cohort (n=103) (P>0.05). Specifically, the two cohorts demonstrated well-balanced distributions with
respect to demographic characteristics (age, sex, etiology composition), general clinical parameters (body mass index,
history of diabetes), routine laboratory indices (platelet count, albumin, AST/ALT ratio, total bilirubin, creatinine, total
cholesterol, neutrophil-to-lymphocyte ratio), widely used non-invasive fibrosis scores (FIB-4 index, APRI index, ALBI
score), and imaging-based elastometry measures (liver stiffness measurement, controlled attenuation parameter). The
proportion of patients with an abnormal international normalized ratio also did not differ between the two groups. These
findings indicate that the training and validation cohorts possess highly comparable baseline characteristics.
Consequently, they are suitable for the subsequent development and internal validation of the prediction model (Table 1).

Table | Comparison of Baseline Characteristics Between Patients in the Training Set and Validation Set

Variable Training Set (n=241) Validation Set (n=103) tl? P
Age (years) 55.81+10.43 56.37+11.22 0.446 | 0.656
Sex (Male/Female) 154(63.9%)/87(36.1%) 65(63.1%)/38(36.9%) 0.019 | 0.888
Etiology (HBV/MAFLD/Other) 138(57.3%)/72(29.9%)/31(12.8%) | 62(60.2%)/28(27.2%)/13(12.6%) | 0.289 | 0.865
Body Mass Index (kg/m?) 25.04+3.75 25.75+3.69 1.616 | 0.107
History of Diabetes (Yes/No) 83(34.4%)/158(65.6%) 40(38.8%)/63(61.2%) 0.607 | 0.436
Platelet Count (x10°/L) 125.61£58.31 130.42+61.72 0.688 | 0.492
Albumin (g/L) 35.71+4.47 36.65%6.21 1.581 | 0.115
AST/ALT Ratio 1.42+0.68 1.38+0.65 0.506 | 0.613
Total Bilirubin (umol/L) 28.41+16.82 26.95+15.51 0.754 | 0.451
Creatinine (umol/L) 78.53x25.11 76.84+23.93 0.579 | 0.563
International Normalized Ratio 43(17.8%)/198(82.2%) 20(19.4%)/83(80.6%) 0.119 | 0.729
(Abnormal(>1.2)/Normal(=1.2))
Total Cholesterol (mmol/L) 4.08+1.08 4.11£1.08 0.236 | 0.814
Neutrophil-to-Lymphocyte Ratio 2.99+1.22 2.76+1.28 1.578 | 0.116
FIB-4 Index 4.30+2.88 3.85+2.33 1.402 | 0.162
APRI Index 1.70+1.28 1.53+1.14 1.165 | 0.245
ALBI Score —2.34+0.54 —2.39+0.49 0.808 | 0.420
(Continued)
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Table | (Continued).

Variable Training Set (n=241) Validation Set (n=103) tly? P
Liver Stiffness Measurement (kPa) 16.82+9.53 15.91+8.86 0.828 | 0.408
Controlled Attenuation Parameter (dB/m) | 263.33+£72.82 275.03+62.14 1.424 | 0.155

Univariate Analysis of Liver Cirrhosis Risk in the Training Cohort

Within the training cohort of 241 patients with chronic liver disease, the participants were stratified into a cirrhosis group
(n=73) and a non-cirrhosis group (n=168) based on diagnostic outcomes. Univariate analysis showed that six indices
exhibited statistically significant differences between the two groups (P<0.05): age, platelet count, AST/ALT ratio, total
bilirubin, abnormal international normalized ratio, and liver stiffness measurement. Conversely, no statistically significant

differences were observed for the remaining indices (P>0.05) (Table 2).

Multivariate Logistic Regression Analysis of Factors Influencing the Cirrhosis Risk
Prediction Model

Using the diagnosis of liver cirrhosis as the dependent variable (1=cirrhosis group, O=non-cirrhosis group), all six
statistically significant variables identified in the univariate analysis (age, platelet count, total bilirubin, AST/ALT ratio,
international normalized ratio, and liver stiffness measurement) were subjected to variable selection via LASSO

regression (Supplemental Table 1). Employing 10-fold cross-validation and the A-lse criterion to select the optimal

variables (Figure 1), all six predictors were ultimately retained and subsequently incorporated into a multivariate logistic
regression model. The results of this multivariate logistic regression analysis confirmed that age, platelet count, total
bilirubin, AST/ALT ratio, international normalized ratio, and liver stiffness measurement were independent influencing
factors for liver cirrhosis (P<0.05) (Table 3).

Table 2 Comparison of Baseline Characteristics in the Training Cohort by Cirrhosis Diagnosis

Variable Non-Cirrhosis Group (n=168) | Cirrhosis Group (n=73) tly? P
Age (years) 53.24+9.87 61.35+9.12 5.995 0.001
Sex (Male/Female) 102(60.7%)/66(39.3%) 52(71.2%)/21(28.8%) 2.441 0.118
Etiology (HBV/MAFLD/Other) 90(53.6%)/55(32.7%)/23(13.7%) 48(65.8%)/17(23.3%)/8(10.9%) | 3.135 0.209
Body Mass Index (kg/m?) 25.15£3.65 24.78+3.98 0.703 0.482
History of Diabetes (Yes/No) 52(30.95%)/116(69.05%) 31(42.5%)/42(57.5%) 2.988 0.084
Platelet Count (x10%/L) 148.32452.47 75.18+34.62 10.915 | 0.001
Albumin (g/L) 36.03+4.23 34.98+4.95 1.679 0.094
AST/ALT Ratio 1.15£0.51 1.98+0.72 10.186 | 0.001
Total Bilirubin (umol/L) 20.37+10.25 45.68+18.34 13.659 | 0.001
Creatinine (umol/L) 77.41£21.34 83.02+30.15 1.645 0.101
International Normalized Ratio 8(4.8%)/160(95.2%) 35(47.9%)/38(52.1%) 14.006 | 0.001
(Abnormal(>1.2)/Normal(<1.2))

Total Cholesterol (mmol/L) 4.151.01 3.92+1.22 1.523 0.129
Neutrophil-to-Lymphocyte Ratio 291+1.08 3.18%1.48 1.586 0.114
FIB-4 Index 4.21£2.81 4.51£3.01 0.529 0.598
APRI Index 1.65%1.21 1.81%1.41 0.846 0.398
ALBI Score —2.35+0.52 —2.31+0.58 0.662 0.508
Liver Stiffness Measurement (kPa) 10.25+4.37 31.42+8.76 25.009 | 0.001
Controlled Attenuation Parameter (dB/m) | 265.47+72.15 258.39+74.26 0.694 0.489
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Figure | LASSO regression curve (A) and LASSO score difference comparison plot (B).

Performance Evaluation of Machine Learning Models

To overcome the limitations of traditional logistic regression in capturing non-linear relationships between variables, this
study further constructed three machine learning prediction models (Random Forest, Support Vector Machine, and Logistic
Regression) based on the six key predictive variables identified through LASSO regression and multivariate logistic
regression. Systematic comparison of model performance across both the training and validation cohorts is presented in
Figure 2. The Random Forest model achieved the highest AUC of 0.835 (95% CI: 0.767-0.904) in the training set and
maintained a similarly stable AUC of 0.745 (95% CI: 0.597-0.893) in the validation set. It slightly outperformed the logistic
regression nomogram (AUC: 0.805/0.717) and the Support Vector Machine model (AUC: 0.792/0.702).

Calibration curve analysis demonstrated that all three prediction models exhibited acceptable concordance between
predicted probabilities and actual observed cirrhosis risks, with calibration curves generally approximating the ideal
reference diagonal. Among them, the Random Forest model achieved the best calibration performance: its curve showed
the closest fit to the diagonal line in both the training and validation sets, and the Hosmer-Lemeshow goodness-of-fit test
yielded the highest non-significant P value (P > 0.05), indicating no statistically detectable deviation between predicted
and actual risks. The Logistic Regression and Support Vector Machine models also showed favorable calibration, but
with slightly larger deviations from the ideal diagonal compared with the Random Forest model (Figure 3). Furthermore,
DCA (Figure 4) confirmed that the Random Forest model yielded the highest net clinical benefit across the threshold
probability range of 0.1-0.3. Within this clinically relevant interval, the net benefit of the Random Forest model

Table 3 Multivariate Logistic Regression Analysis of Factors Associated with Liver

Cirrhosis

Indicator B SE Wald | P OR 95% CI

Age 0.089 0.041 | 4.722 0.006 | 1.093 | 1.009~1.185
Platelet count —0.026 | 0.007 | 12.443 | 0.001 | 0.974 | 0.960~0.988
AST/ALT ratio 1.071 0.272 | 15.554 | 0.001 | 2.920 | 1.714~4.972
Total bilirubin 0.098 0.031 | 9.922 0.004 | 1.103 | 1.038~1.173
International normalized ratio | 1.174 0.284 | 17.109 | 0.001 | 3.235 | 1.855~5.642
Liver stiffness measurement 0.346 0.081 18.457 | 0.001 1.414 | 1.207~1.656
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consistently and significantly exceeded the two extreme strategies of “screen all patients” and “screen none”, and was

also superior to the Logistic Regression and Support Vector Machine models. This finding highlights the considerable

clinical application value of the model for cirrhosis risk stratification.

In summary, the Random Forest prediction model developed in this study, based on multidimensional indicators,

demonstrates good predictive accuracy, calibration, and clinical applicability.
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Interpretability Assessment of Model Predictions

Based on the six core predictive variables, we first constructed a traditional nomogram using multivariate logistic regression

coefficients, which allows clinicians to calculate individual cirrhosis risk manually. We then developed a Random Forest

model to capture potential non-linear relationships between variables and improve predictive accuracy. The nomogram

(Figure 5A) visually displays the contribution of each clinical feature to cirrhosis risk based on logistic regression weights.

As illustrated in Figure 5, this nomogram visually displays the magnitude and direction of each clinical feature’s
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contribution to cirrhosis risk. The model results indicate that age (X1), AST/ALT ratio (X3), total bilirubin (X4),
international normalized ratio (X5), and liver stiffness measurement (X6) are independent risk factors for cirrhosis. An
increase in their values significantly elevates cirrhosis risk. Conversely, platelet count (X2) serves as a protective factor,
with higher values associated with decreased risk. SHAP analysis further quantified the relative importance of each feature.
The order of influence, from greatest to least, was as follows: AST/ALT ratio (X3), platelet count (X2), international
normalized ratio (X95), liver stiffness measurement (X6), age (X1), and total bilirubin (X4). Among these, the AST/ALT
ratio, reflecting hepatocellular injury, and platelet count, indicative of portal hypertension, contributed most prominently to
risk prediction. In contrast, the traditional liver function indicator total bilirubin, while also a risk factor, exhibited
a relatively lower influence weight compared to direct markers of fibrosis and coagulation function.

Discussion

Cirrhosis represents the terminal stage of various chronic liver diseases. Early identification and precise risk stratification
are crucial for improving patient prognosis and optimizing healthcare resource allocation.'' Current clinical practice,
which relies on single non-invasive indicators or physician experience for risk assessment, suffers from insufficient
accuracy and strong subjectivity. This study innovatively integrated routine laboratory indices, composite non-invasive
scores, and imaging-based elastography parameters to successfully develop and validate a random forest model for
individualized prediction of cirrhosis risk. The model demonstrated good and stable discriminatory performance in both
the training and independent validation sets (with area under the receiver operating characteristic curve values of 0.835
and 0.745, respectively). Comparisons among three machine learning algorithms (logistic regression, Random Forest,
and Support Vector Machine) ensured the robustness of the predictor variables and confirmed the optimal performance of
the Random Forest model.

Furthermore, we conducted an in-depth interpretability analysis of the model by combining a nomogram with SHAP
analysis. This approach not only quantified the relative importance of each predictor but also clarified the direction of its
association with cirrhosis risk. Consequently, it provides a novel quantitative tool and theoretical basis for understanding
the multifactorial mechanisms of cirrhosis development and achieving early clinical warning.

The six core predictors ultimately identified in this study encompass multiple dimensions, including liver injury, liver
function, portal hypertension, and direct measurement of fibrosis. This comprehensive set reflects the complex patho-
physiological process of cirrhosis.'> SHAP analysis showed that the AST/ALT ratio, representing the “hepatic inflam-
mation and necrosis” dimension indicative of hepatocyte injury, and platelet count, representing the “hemodynamics”
dimension reflecting portal hypertension, were the two most influential contributors to the model’s predictions.'> An
elevated AST/ALT ratio often signals a pathological transition from hepatocyte injury to fibrosis progression, and its
significance has been confirmed by numerous studies.'* Thrombocytopenia is a sensitive marker of hypersplenism and
portal hypertension, and its predictive value holds a central position in various non-invasive scores for liver fibrosis.'®
The high contribution of these two factors underscores the foundational role of persistent liver injury and secondary
portal hypertension in the development and progression of cirrhosis.'®

Notably, the international normalized ratio (INR), reflecting hepatic synthetic function, was identified as a key
independent risk factor after being converted into a dichotomous variable (>1.2)."” An abnormal INR indicates
a significant decline in the liver’s capacity to synthesize clotting factors, serving as an early and sensitive indicator of
hepatic decompensation.'® This model confirmed that even a mild elevation in INR can significantly increase cirrhosis
risk when other indicators remain within normal ranges. This finding emphasizes the unique value of coagulation
function monitoring in early risk assessment.

Moreover, this model confirmed the predictive value of age as a non-modifiable risk factor. Advancing age is closely
associated with prolonged duration of liver disease, cumulative injury, and diminished tissue repair capacity.'® Total
bilirubin, a classic indicator for assessing hepatic metabolic and excretory function, directly reflects the decline in liver
function when elevated.?” Liver stiffness measurement (LSM) obtained via vibration-controlled transient elastography, as
a direct physical quantification of the degree of liver fibrosis, provided the most objective anatomical evidence for the

model. Its inclusion substantially strengthened the biological plausibility of the model.*!
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Notably, the widely used non-invasive fibrosis scores (FIB-4, APRI, and ALBI) did not show significant differences
between the cirrhosis and non-cirrhosis groups in our cohort, which differs from some previous studies. This unexpected
finding may be explained by three key factors. First, our study population consisted of patients who had already been
referred for transient elastography, indicating a higher pre-test probability of advanced fibrosis compared to the general
population. This spectrum bias may have reduced the discriminative ability of traditional scores that were originally
developed for population screening. Second, traditional indirect scores rely on surrogate markers of liver function and
portal hypertension, whereas our model incorporates direct measurement of liver stiffness, which provides a more
accurate quantification of fibrosis severity. Third, a significant proportion of patients in our cohort had compensated
cirrhosis with preserved liver synthetic function, resulting in normal or near-normal values for the components of FIB-4,
APRI, and ALBI. These findings highlight the limitations of relying solely on traditional indirect scores and underscore
the value of integrating direct elastography measurements into risk assessment models.

Nomograms have been widely recognized as practical clinical tools for individualized risk prediction in various liver
diseases, including predicting long-term survival in cirrhosis patients.>> The proposed risk prediction model can be easily
implemented in routine clinical practice using readily available non-invasive parameters. Based on the model’s predicted
probability, we recommend the following stratified management strategies:Low-risk group (predicted probability<0.1):
Routine follow-up with liver function tests and transient elastography every 12—24 months. Continue etiological control
measures as appropriate. Medium-risk group (predicted probability 0.1-0.3): Enhanced surveillance with liver function
tests, complete blood count, and transient elastography every 6—12 months. Consider additional imaging evaluations (eg.,
abdominal ultrasound) to screen for early signs of portal hypertension. High-risk group (predicted probability > 0.3):
Intensive monitoring with comprehensive assessments every 3—6 months, including evaluation for cirrhosis complica-
tions (eg., varices, ascites). Referral to a specialized hepatology clinic for individualized management and consideration
of early intervention therapies. These stratified strategies can help optimize healthcare resource allocation by focusing
intensive monitoring on patients at highest risk while reducing unnecessary testing for low-risk individuals.

The core methodological strength and novelty of this study lie in the organic integration and complementary use of
traditional statistics and modern machine learning techniques, which addresses a critical gap in existing cirrhosis
prediction models that often prioritize either accuracy or interpretability but not both. We first screened candidate
variables through univariate analysis. Subsequently, multivariate logistic regression was employed to confirm the
independent predictive value and hazard ratio of each variable after controlling for confounders, ensuring the statistical
rigor and clinical interpretability of the model-building process. Finally, the random forest algorithm was used to
construct the predictive model. Its capability to handle complex nonlinear relationships and high-dimensional interactions
holds promise for achieving superior predictive accuracy compared to traditional logistic regression models. More
importantly, this study applied the SHAP interpretability framework to elucidate the “black-box” machine learning
model. This analysis not only objectively quantified the ranking of each feature’s contribution at a global level but also
demonstrated the specific direction and magnitude of each feature’s impact on the prediction for individual cases. This
“white-box” treatment significantly enhances clinicians’ understanding and trust in the model’s decision-making logic,
representing a critical step towards translating predictive models from the laboratory to bedside clinical application.

This study has several limitations. First, as a retrospective, single-center study, although rigorous internal validation
was performed, the generalizability of the model to broader populations, different etiologies of liver disease, and diverse
healthcare settings requires validation through multicenter, prospective external cohorts. Second, our outcome definition
integrated liver biopsy, imaging features, and clinical evidence of decompensation, which reflects real-world clinical
practice but introduces potential heterogeneity. Patients diagnosed by imaging alone may have less advanced disease than
those diagnosed by biopsy or decompensation. While we did not have sufficient sample size to perform a meaningful
sensitivity analysis restricted to biopsy-proven cirrhosis in this study, we plan to address this issue in our upcoming
multicenter validation study. Third, this study evaluated the model’s ability to identify prevalent cirrhosis at a single time
point rather than predict the future development of cirrhosis in patients with chronic liver disease. Longitudinal follow-up
data are needed to assess whether the model can accurately predict disease progression over time. Fourth, the model
incorporated only baseline static variables and did not capture the dynamic trajectories of indicators such as LSM and
platelet count over time. Such dynamic changes may contain important prognostic information. Future research could
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explore constructing dynamic prediction models that integrate time-series data. Finally, this study aimed to develop
a general risk prediction model applicable to multiple common chronic liver diseases, without performing subgroup
analyses for specific etiologies (eg., hepatitis B, MAFLD). The degree of portal hypertension, liver function impairment,
and fibrosis progression rates vary significantly across different etiologies. For example, HBV-related cirrhosis often
develops after decades of chronic inflammation, while MAFLD-related cirrhosis may progress more rapidly in patients
with concurrent metabolic comorbidities. Therefore, the generalizability of our model to specific etiological subgroups
requires further validation in large, multicenter cohorts, and developing etiology-specific refined models is an important
direction for future research.

In conclusion, this study developed and validated a cirrhosis risk prediction model integrating multi-dimensional
noninvasive clinical parameters. The Random Forest model exhibited favorable discrimination and calibration perfor-
mance, while the logistic regression-based nomogram offered a clinically interpretable tool for bedside use. Markers of
liver injury, hepatic synthetic function, portal hypertension, and direct fibrosis measurement were confirmed as indepen-
dent contributors to cirrhosis risk stratification. This model may provide quantitative support for noninvasive cirrhosis
screening and risk-stratified patient management. Further prospective multicenter validation is warranted to verify its
generalizability and clinical utility.
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