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ABSTRACT
Background:  Chronic hepatitis B (CHB) is a common cause of liver cirrhosis (LC), a condition 
associated with an unfavourable prognosis. Therefore, timely diagnosis of LC in CHB patients is 
crucial.
Objective:  This study aimed to enhance the diagnostic accuracy of LC in CHB patients by 
integrating liver stiffness measurement (LSM) with traditional indicators.
Methods:  The study participants were randomly divided into training and internal validation sets. 
Employing the least absolute shrinkage and selection operator (LASSO) and random forest-recursive 
feature elimination (RF-RFE) for feature selection, we developed both traditional logistic regression 
and five machine learning models (k-nearest neighbors, random forest (RF), artificial neural 
network, support vector machine and eXtreme Gradient Boosting). Performance evaluation 
included receiver operating characteristic curves, calibration curves and decision curve analysis. 
Shapley additive explanations  (SHAP) was employed to improve the interpretability of the optimal 
model.
Results:  We retrospectively included 1609 patients with CHB, among whom 470 were diagnosed 
with cirrhosis. Cirrhosis was diagnosed based on histological confirmation or clinical assessment, 
supported by characteristic findings on abdominal ultrasound and corroborative evidence such as 
thrombocytopenia, varices or imaging from CT/MRI. In the internal validation, the RF model 
achieved an accuracy above 0.80 and an AUC above 0.80, with outstanding calibration ability and 
clinical net benefit. Additionally, the model exhibited excellent predictive performance in an 
independent external validation set. The SHAP analysis indicated that LSM contributed the most 
to the model. The model still showed strong discriminative power when using only LSM or 
traditional indicators alone.
Conclusions: Machine learning models, especially the RF model, can effectively identify LC in CHB 
patients. Integrating LSM with traditional indicators can enhance diagnostic performance.

KEY MESSAGES
•	 Liver cirrhosis (LC) is a common complication of chronic hepatitis B (CHB).
•	 The random forest (RF) model showed the best overall performance to identify LC in CHB 

patients in our study, which could assist in the clinical decision-making procedure.
•	 Integrating LSM with traditional indicators can enhance the diagnostic performance of LC in 

CHB patients. In the absence of LSM, other traditional indicators can also diagnose LC 
effectively.

1.  Introduction

Liver cirrhosis (LC) is a pathological condition marked 
by the gradual hardening of liver tissue, a consequence 
of prolonged inflammation [1]. Chronic hepatitis B 
(CHB) virus infection is recognized as a key contributor 
to the development of LC. Despite advances in CHB 

treatment, the prognosis for patients with severe cirrho-
sis remains a significant concern [2]. Cirrhosis is often 
incidentally diagnosed, typically at a stage when liver 
function has already suffered significant impairment. 
Fortunately, LC is a reversible condition [3,4]. Even 
patients in the decompensated stage can potentially 
achieve stabilization or even reversal through timely 
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management of underlying risk factors [5]. Undeniably, 
timely prevention and treatment of hepatitis B virus 
(HBV)-related cirrhosis are crucial.

Although liver biopsy is considered the gold stan-
dard for diagnosing liver fibrosis and cirrhosis in chronic 
liver disease, it is plagued by limitations such as sam-
pling errors, high costs, patient discomfort and inva-
siveness [6]. These challenges have spurred the need 
for non-invasive serological diagnostic alternatives in 
clinical practice. Non-invasive methods like the 
γ-glutamyl transferase-to-platelet ratio (GPR), aspartate 
aminotransferase to platelet ratio (APRI) and fibrosis-4 
(FIB-4) indices offer advantages in terms of simplicity, 
cost-effectiveness and reproducibility. However, these 
methods often produce conflicting results with rela-
tively higher false negative and false positive rates [7–9].

Liver stiffness measurement (LSM) by transient elas-
tography (TE) has emerged as a highly precise and 
non-invasive technique, particularly effective in identi-
fying advanced fibrosis and cirrhosis. TE can swiftly 
evaluate liver tissue properties without causing dis-
comfort or complications to patients, playing a crucial 
role in monitoring fibrosis progression [10]. LSM can 
serve as a valuable complementary tool for diagnosing 
cirrhosis in patients with CHB [11]. Nonetheless, it is 
essential to underscore that the LSM threshold for 
diagnosing cirrhosis should be adjusted based on 
whether the CHB patient’s bilirubin or alanine amino-
transferase levels are within the normal range [12]. 
Relying solely on a single threshold for diagnosing cir-
rhosis in CHB patients may lead to misdiagnosis. 
Combining LSM with other traditional indicators can 
provide a more comprehensive evaluation of cirrhosis, 
thereby enhancing diagnostic accuracy. However, the 
substantial expense associated with acquiring and 
maintaining FibroScan devices hinders their availability 
in low- and middle-income countries, thereby posing 
challenges in implementing LSM as a standard 
approach for cirrhosis surveillance in resource-limited 
settings or primary healthcare facilities [13]. Therefore, 
comparing the diagnostic performance of models with 
and without LSM can help determine the substitutabil-
ity of traditional indicators when LSM is not available.

In recent years, there has been a notable increase 
in research on liver fibrosis among patients with 
chronic liver disease. However, these studies predomi-
nantly rely on traditional logistic regression (LR), with 
relatively few applications of machine learning tech-
niques [14,15]. While machine learning has demon-
strated tremendous potential in the medical field, its 
‘black box’ nature still poses challenges for interpreta-
tion [16]. In this study, we construct multiple machine 
learning models that integrate LSM with traditional 

indicators and compare them with traditional LR 
model. After selecting the optimal model, we employ 
Shapley additive explanations (SHAP) to enhance the 
model’s transparency and interpretability. Additionally, 
we delve into the clinical application value of combin-
ing LSM with traditional indicators, using LSM alone, 
and using traditional indicators alone based on the 
optimal model. Furthermore, we compare the diag-
nostic performance of LSM combined with traditional 
indicators to conventional serological markers. These 
investigations aim to provide scientific support to help 
healthcare professionals optimize monitoring and 
management strategies for CHB patients.

2.  Materials and methods

2.1.  Study participants

In the initial cohort, 5639 CHB patients treated at 
Dalian Public Health Clinical Center from October 2015 
to April 2024 were included in the analysis. Patients 
who met the following inclusion criteria were included: 
(1) patients with a clear diagnosis of CHB; (2) patients 
who have had LSM; (3) patients who have a definitive 
histopathological examination or clinical diagnosis 
indicating the presence or absence of abnormalities in 
liver morphology and structure, including LC. The fol-
lowing exclusion criteria were used: (1) patients diag-
nosed with liver cancer or other malignancies; (2) 
patients with viral co-infections and systemic diseases 
impacting the liver (such as HIV infection, autoimmune 
liver disease, etc.); (3) patients diagnosed with fatty 
liver; (4) patients with missing data.

Based on the inclusion and exclusion criteria, 1609 
CHB patients who underwent LSM were ultimately 
enrolled in the study. One thousand one hundred and 
twenty-two CHB patients from October 2015 to 
December 2021 were included in the training and 
internal validation sets, among whom 348 were diag-
nosed with LC. Data from CHB patients between 
January 2022 and April 2024 were used as an indepen-
dent external validation set. The variables we extracted 
were all information that can be obtained from the 
hospital information system. Data extraction was per-
formed independently by one of the authors and ver-
ified for accuracy by another author. The entire study 
process is shown in Figure 1.

2.2.  Diagnostic criteria

The definition of CHB conforms to the 2022 guidelines 
for the prevention and treatment of CHB [17]. Chronic 
HBV infection is defined as the presence of HBsAg and/
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or HBV DNA positive for more than 6  months. The pres-
ence of HBsAg for at least 6  months establishes the 
chronicity of infection. Chronic hepatitis B is defined as 

a chronic inflammatory liver disease caused by per-
sistent HBV infection. These definitions are also consis-
tent with the AASLD 2018 Hepatitis B Guidance [18].

Figure 1. F lowchart. LR: logistic regression; XGBoost: eXtreme Gradient Boosting; ANN: artificial neural network; RF: random forest; 
KNN: k-nearest neighbors; SVM: support vector machine; ROC: receiver operating characteristic; DCA: decision curve analysis; SHAP: 
Shapley additive explanations.
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The diagnosis of HBV-related cirrhosis should meet 
the following criteria: (1) the patient is currently HBsAg 
positive, or HBsAg negative and anti-HBc positive with a 
clear history of chronic HBV infection (with a history of 
being HBsAg positive for >6  months), with other aetiolo-
gies being ruled out. (2) The diagnosis of cirrhosis is 
established through either histological confirmation or 
clinical diagnosis, supported by repeated and consistent 
findings from abdominal ultrasound indicative of cirrho-
sis, along with corroborative evidence such as thrombo-
cytopenia, oesophageal/gastric varices or additional 
imaging findings from CT or MRI suggestive of cirrhosis 
[19,20]. In Chinese patients, liver tissue pathology diag-
nosis is less common, with diagnosis mainly relying on 
clinical and imaging examinations (abdominal ultrasound, 
CT or MRI). Clinical manifestations, including splenomeg-
aly, portal vein dilation, ascites and other signs, also play 
a significant role in the clinical diagnosis of cirrhosis [21].

2.3.  Measurement of liver stiffness

LSM was performed using the FibroScan device, which 
assesses liver health using ultrasound technology [22]. 
Patients underwent the examination while fasting, 
lying on a bed as the physician positioned the device 
beneath the ribcage to emit sound waves for assess-
ment. Following the examination, FibroScan produced 
results based on the collected data. Depending on the 
patient’s physique, the device offered different models 
– the M type for most patients and the XL type for 
obese patients. All LSM values were obtained by expe-
rienced operators following the manufacturer’s proto-
col. The LSM values were measured in kPa. To ensure 
reliable LSM values, the following conditions must be 
met: at least 10 valid measurements, a success rate 
exceeding 60%, and an interquartile range to median 
ratio not exceeding 30%.

2.4.  Routine available serum algorithms

FIB-4, APRI and GPR are commonly used serological 
test indices. The specific calculation formulas are as 
follows:

FIB 4

age years aSt U l plt l alt U l

�

� � �� � �� � � �� � �� �/ / //109 1 2 	 (1)

	 APRI AST U L ULN PLT L= ( ){ } ( )×{ }/ / / /10 100
9 	 (2)

	 GPR GGT U L ULN PLT L= ( ){ } ( )×{ }/ / / /10 100
9 	 (3)

The ULN for AST, ALT and GGT is defined as 40 U/L, 
40 U/L and 60 U/L, respectively. The full names of AST, 
ALT, GGT, PLT and ULN are aspartate aminotransferase, 
alanine aminotransferase, γ-glutamyl transferase, plate-
let count and upper limit of normal, respectively.

2.5.  Statistical analysis

2.5.1.  Data processing
Statistical analysis was conducted using SPSS26.0 (SPSS 
Inc., Chicago, IL) and R4.3.3 (R Foundation for Statistical 
Computing, Vienna, Austria). The Kolmogorov–Smirnov 
test was used to check if the variables followed a  
normal distribution. Continuous variables were 
expressed as mean with standard deviation (SD), while 
categorical variables were presented as numbers (per-
centages). Student’s t-test or Mann–Whitney’s U-test 
was employed to compare continuous variables, and 
Pearson’s Chi-squared test or Fisher’s exact test was 
used to compare categorical variables. All tests were 
two-tailed, with a significance level set at p  <  .05. 
Variables with missing data exceeding 20% were 
excluded from the analysis, while those with missing 
data below 20% were imputed using the missForest 
method [23]. Multicollinearity among variables was 
assessed using the variance inflation factor (VIF). A VIF 
greater than 5 indicated the presence of multicol-
linearity, while a VIF greater than 10 indicated severe 
multicollinearity [24].

2.5.2.  Feature selection
In this study, feature selection was performed by inte-
grating random forest-recursive feature elimination 
(RF-RFE) with the least absolute shrinkage and selec-
tion operator (LASSO). In LASSO using the ‘glmnet’ 
package in R for feature selection, optimal regulariza-
tion parameters are chosen via 10-fold cross-validation. 
This process entails randomly dividing the data into 
10 subsets, where each subset serves as the valida-
tion set once while the remaining subsets form the 
training set in each iteration. Various regularization 
parameters (λ) are tested during training, and model 
performance is assessed on the validation set. The λ 
yielding the best performance across all folds is 
selected as the final parameter for the LASSO. 
Conversely, RF-RFE achieves a similar objective using 
the ‘caret’ package, systematically eliminating features 
by configuring recursive feature elimination control 
parameters. This method employs accuracy as the 
evaluation metric and continues iterating until it 
reaches a predefined number of features or achieves 
satisfactory performance.
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2.5.3.  Development and evaluation of predictive 
models
The study subjects were randomly allocated to training 
and internal validation sets at a 7:3 ratio. Machine learning 
models including LR, artificial neural network (ANN), sup-
port vector machine (SVM), random forest (RF), k-nearest 
neighbors (KNN) and eXtreme Gradient Boosting (XGBoost) 
were built. Ten-fold cross-validation and grid search tech-
niques were used to optimize the model’s parameters. 
After multiple iterations, refined parameters were identified 
as the optimal configuration for the current model. 
Receiver operating characteristic (ROC) curves were used 
to evaluate the models’ diagnostic accuracy and discrimi-
native power. The DeLong test was used to compare AUC 
values. Calibration curves and decision curve analysis were 
performed to assess the models’ predictive capability and 
clinical applicability. The performance metrics for model 

evaluation included accuracy, sensitivity, specificity, positive 
predictive value (PPV), negative predictive value (NPV) and 
F1-score. Additionally, SHAP was used to further reveal the 
impact and contributions of feature variables [25].

3.  Results

3.1.  Comparison of demographic and clinical 
characteristics between the LC and non-LC group

This study enrolled 1122 CHB patients for model training 
and internal validation. Among these patients, 348 were 
diagnosed with LC. The characteristics of patients with 
and without LC are presented in Table 1. The mean age 
of the patients was 46.54 (11.83) years, with males com-
prising 60.8%. The study revealed statistical differences 
between the two groups across various parameters 

Table 1. C omparison of baseline characteristics between the LC and non-LC groups in the training and internal validation sets.
Characteristic Overall LC Non-LC p
N 1122 348 774
Age, years, mean (SD) 46.54 (11.83) 51.88 (10.68) 44.14 (11.54) <.001
Gender (male), n (%) 682 (60.8) 243 (69.8) 439 (56.7) <.001
LSM, kPa, mean (SD) 10.20 (10.21) 16.36 (13.79) 7.42 (6.40) <.001
CAP, dB/m, mean (SD) 215.19 (56.80) 212.21 (60.58) 216.53 (55.00) .239
Platelet, 109/L, mean (SD) 174.42 (62.65) 126.21 (55.43) 196.09 (52.87) <.001
Leukocyte, 109/L, mean (SD) 5.15 (1.60) 4.54 (1.73) 5.42 (1.45) <.001
Erythrocyte, 1012/L, mean (SD) 4.70 (0.58) 4.54 (0.70) 4.77 (0.50) <.001
Haemoglobin, g/L, mean (SD) 145.29 (18.90) 140.89 (23.05) 147.28 (16.34) <.001
NLR, 109/L, mean (SD) 1.91 (1.72) 2.31 (2.81) 1.73 (0.82) <.001
PDW, fL, mean (SD) 15.47 (2.32) 15.90 (2.28) 15.28 (2.31) <.001
LMR, 109/L, mean (SD) 4.78 (2.51) 4.37 (2.36) 4.97 (2.55) <.001
Albumin, g/L, mean (SD) 44.08 (4.46) 42.09 (5.48) 44.97 (3.57) <.001
AST/ALT, U/L, mean (SD) 0.97 (0.48) 1.06 (0.48) 0.93 (0.47) <.001
ALP, U/L, mean (SD) 74.33 (73.59) 78.18 (31.98) 72.59 (85.93) .239
LDH, U/L, mean (SD) 200.73 (57.51) 210.34 (69.33) 196.40 (50.78) <.001
Total bilirubin, μmol/L, mean (SD) 15.91 (15.13) 18.57 (16.39) 14.72 (14.37) <.001
Urea nitrogen, mmol/L, mean (SD) 5.40 (8.87) 5.39 (2.30) 5.40 (10.56) .985
Prealbumin, mg/L, mean (SD) 209.59 (73.09) 183.24 (77.28) 221.44 (67.93) <.001
Creatinine, μmol/L, mean (SD) 71.76 (60.31) 71.85 (54.41) 71.72 (62.81) .975
Direct bilirubin, μmol/L, mean (SD) 7.01 (11.66) 8.53 (12.12) 6.32 (11.39) .003
GGT, U/L, mean (SD) 52.89 (75.73) 60.02 (67.62) 49.68 (78.94) .034
Total protein, g/L, mean (SD) 71.72 (6.23) 69.41 (7.52) 72.76 (5.24) <.001
GFR, mL/min/1.73  m2, mean (SD) 103.96 (16.30) 100.66 (16.87) 105.45 (15.82) <.001
Glucose, mmol/L, mean (SD) 5.39 (1.49) 5.66 (1.96) 5.26 (1.20) <.001
Cholesterol, mmol/L, mean (SD) 4.33 (0.90) 4.08 (0.92) 4.44 (0.87) <.001
HDL-C, mmol/L, mean (SD) 1.28 (0.35) 1.23 (0.35) 1.30 (0.34) .001
LDL-C, mmol/L, mean (SD) 2.78 (0.83) 2.60 (0.86) 2.86 (0.81) <.001
Triglyceride, mmol/L, mean (SD) 1.23 (0.64) 1.12 (0.58) 1.27 (0.66) <.001
Apolipoprotein A, g/L, mean (SD) 1.19 (0.26) 1.11 (0.24) 1.23 (0.26) <.001
Apolipoprotein B, g/L, mean (SD) 0.86 (0.23) 0.80 (0.22) 0.89 (0.23) <.001
Uric acid, μmol/L, mean (SD) 314.02 (76.81) 318.87 (90.18) 311.84 (69.93) .156
Globulin, g/L, mean (SD) 27.62 (4.37) 27.42 (5.14) 27.72 (3.97) .288
Bile acids, μmol/L, mean (SD) 11.89 (27.87) 20.34 (39.15) 8.09 (19.79) <.001
Creatine kinase, U/L, mean (SD) 106.90 (173.94) 111.59 (155.95) 104.79 (181.51) .545
cholinesterase, U/L, mean (SD) 8065.82 (2546.69) 6915.54 (2370.44) 8582.99 (2453.48) <.001
HBsAg ≥250 IU/mL (yes), n (%) 974 (86.8) 273 (78.4) 701 (90.6) <.001
HBV DNA ≥104  IU/mL (yes), n (%) 381 (34.0) 93 (26.7) 288 (37.2) .001
FIB-4 2.00 (2.22) 3.34 (3.23) 1.39 (1.14) <.001
APRI 8.40  ×  10−5 (1.60  ×  10−4) 1.13  ×  10−4 (1.95  ×  10−4) 7.10  ×  10−5 (1.40  ×  10−4) <.001
GPR 6.56  ×  10−5 (1.05  ×  10−4) 1.01  ×  10−4 (1.26  ×  10−4) 4.98  ×  10−5 (9.01  ×  10−5) <.001

LC: liver cirrhosis; LSM: liver stiffness measurement; CAP: controlled attenuation parameter; NLR: neutrophil to lymphocyte ratio; PDW: platelet distribution 
width; LMR: lymphocyte to monocyte ratio; AST: aspartate aminotransferase; ALT: alanine aminotransferase; ALP: alkaline phosphatase; LDH: lactate dehy-
drogenase; GGT: gamma-glutamyl transferase; GFR: glomerular filtration rate; HDL-C: high-density lipoprotein cholesterol; LDL-C: low-density lipoprotein 
cholesterol; HBsAg: hepatitis B surface antigen; FIB-4: fibrosis-4 index; APRI: aspartate aminotransferase to platelet ratio index; GPR: the γ-glutamyl 
transferase-to-platelet ratio.
Data were expressed as frequency (proportion) or mean (SD). The p value indicates statistical significance.
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including age, gender, LSM, platelet, leukocyte, erythro-
cyte, haemoglobin, NLR, PDW, LMR, albumin, AST/ALT, 
LDH, total bilirubin, prealbumin, direct bilirubin, GGT, 
total protein, GFR, glucose, cholesterol, HDL-C, LDL-C, tri-
glyceride, apolipoprotein A, apolipoprotein B, bile acids, 
cholinesterase, HBsAg, HBV DNA, FIB-4, APRI and GPR 
(p  <  .05). Compared to CHB patients without LC, those 
with LC were older (p  <  .001), had higher LSM (p  <  .001) 
and had lower platelet counts (p  <  .001). The detailed 
baseline characteristics of the external validation set, 
which includes 365 CHB patients without cirrhosis and 
122 with cirrhosis, are presented in Table 2.

3.2.  Feature selection

The LASSO algorithm constrains model complexity through 
regularization, enabling feature selection during the regres-
sion model fitting process [26]. The R package performs 

cross-validation over a specified range of λ values, yielding 
two key parameters: lambda_min and lambda_lse. 
Lambda_min is the λ value that minimizes the 
cross-validation error, while lambda_lse is the largest λ 
value within one standard error above the minimum 
cross-validation error. Opting for lambda_min offers the 
advantage of achieving the best model fit, thereby attain-
ing superior predictive performance. Similarly, the RF-RFE 
method performs feature selection by employing a strat-
egy based on a RF model, iteratively training the model to 
assess the importance of each feature and recursively 
eliminating irrelevant ones [27]. As shown in Figure 2, we 
ultimately selected the common feature variables of LASSO 
and RF-RFE algorithms to build the predictive model. 
These variables, listed in sequence, are LSM, platelet, age, 
leukocyte, glucose, cholinesterase, AST/ALT, apolipoprotein 
A, apolipoprotein B, HDL-C, GGT, PDW, triglyceride, uric 
acid, NLR, prealbumin, haemoglobin and erythrocyte.

Table 2. C omparison of baseline characteristics between the LC and non-LC groups in the external validation set.
Characteristic Overall LC Non-LC p
N 487 122 365
Age, years, mean (SD) 48.27 (12.53) 55.91 (10.61) 45.72 (12.09) <.001
Gender (male), n (%) 267 (54.8) 71 (58.2) 196 (53.7) .448
LSM, kPa, mean (SD) 8.35 (7.74) 15.30 (11.61) 6.03 (3.69) <.001
CAP, dB/m, mean (SD) 214.52 (51.45) 201.33 (54.20) 218.92 (49.80) .001
Platelet, 109/L, mean (SD) 179.87 (67.54) 123.65 (62.40) 198.67 (58.17) <.001
Leukocyte, 109/L, mean (SD) 5.32 (1.67) 4.37 (1.82) 5.64 (1.49) <.001
Erythrocyte, 1012/L, mean (SD) 4.68 (0.56) 4.42 (0.72) 4.77 (0.47) <.001
Haemoglobin, g/L, mean (SD) 144.29 (19.07) 136.46 (25.04) 146.91 (15.81) <.001
NLR, 109/L, mean (SD) 1.85 (1.00) 2.34 (1.49) 1.68 (0.71) <.001
PDW, fL, mean (SD) 16.40 (1.82) 16.55 (2.09) 16.35 (1.71) .301
LMR, 109/L, mean (SD) 4.67 (1.80) 3.83 (1.85) 4.95 (1.70) <.001
Albumin, g/L, mean (SD) 43.99 (4.96) 39.73 (6.73) 45.42 (3.11) <.001
AST/ALT, U/L, mean (SD) 1.12 (0.73) 1.29 (0.97) 1.07 (0.62) .003
ALP, U/L, mean (SD) 66.34 (27.99) 76.07 (35.59) 63.08 (24.14) <.001
LDH, U/L, mean (SD) 193.53 (47.69) 200.91 (43.87) 191.06 (48.71) .048
Total bilirubin, μmol/L, mean (SD) 20.47 (17.64) 28.86 (29.11) 17.67 (10.11) <.001
Urea nitrogen, mmol/L, mean (SD) 4.87 (1.62) 5.51 (1.93) 4.65 (1.44) <.001
Prealbumin, mg/L, mean (SD) 226.05 (70.30) 172.46 (68.95) 243.97 (61.11) <.001
Creatinine, μmol/L, mean (SD) 65.47 (16.43) 64.67 (17.48) 65.74 (16.08) .534
Direct bilirubin, μmol/L, mean (SD) 7.11 (10.07) 11.43 (16.25) 5.67 (6.27) <.001
GGT, U/L, mean (SD) 34.65 (52.32) 44.59 (61.64) 31.32 (48.45) .015
Total protein, g/L, mean (SD) 72.40 (6.34) 67.67 (8.37) 73.98 (4.51) <.001
GFR, mL/min/1.73  m2, mean (SD) 104.04 (15.66) 99.53 (15.30) 105.55 (15.50) <.001
Glucose, mmol/L, mean (SD) 5.55 (1.36) 5.89 (2.06) 5.44 (1.00) .001
Cholesterol, mmol/L, mean (SD) 4.47 (1.03) 4.03 (1.15) 4.61 (0.95) <.001
HDL-C, mmol/L, mean (SD) 1.20 (0.31) 1.12 (0.32) 1.23 (0.30) .001
LDL-C, mmol/L, mean (SD) 2.65 (0.88) 2.30 (0.97) 2.77 (0.81) <.001
Triglyceride, mmol/L, mean (SD) 1.11 (0.60) 0.99 (0.55) 1.15 (0.62) .009
Apolipoprotein A, g/L, mean (SD) 1.40 (0.30) 1.28 (0.30) 1.44 (0.28) <.001
Apolipoprotein B, g/L, mean (SD) 0.88 (0.23) 0.77 (0.24) 0.91 (0.22) <.001
Uric acid, μmol/L, mean (SD) 308.18 (80.33) 307.93 (80.10) 308.26 (80.51) .968
Globulin, g/L, mean (SD) 28.37 (4.12) 27.89 (4.81) 28.53 (3.85) .136
Bile acids, μmol/L, mean (SD) 11.81 (33.94) 28.67 (59.54) 6.18 (15.25) <.001
Creatine kinase, U/L, mean (SD) 109.00 (89.03) 121.06 (148.10) 104.96 (56.79) .084
cholinesterase, U/L, mean (SD) 8099.04 (1993.02) 6683.56 (2236.25) 8572.16 (1656.83) <.001
HBsAg ≥250 IU/mL, (Yes), n (%) 443 (91.0) 105 (86.1) 338 (92.6) .046
HBV DNA ≥104  IU/mL (yes), n (%) 137 (28.1) 23 (18.9) 114 (31.2) .012
FIB-4 2.25 (3.65) 4.88 (6.35) 1.37 (1.14) <.001
APRI 7.58  ×  10−5 (1.98  ×  10−4) 1.41  ×  10−4 (2.90  ×  10−4) 5.39  ×  10−5 (1.51  ×  10−4) .002
GPR 4.18  ×  10−5 (7.30  ×  10−5) 7.46  ×  10−5 (8.09  ×  10−5) 3.09  ×  10−5 (6.68  ×  10−5) <.001

LC: liver cirrhosis; LSM: liver stiffness measurement; CAP: controlled attenuation parameter; NLR: neutrophil to lymphocyte ratio; PDW: platelet distribution 
width; LMR: lymphocyte to monocyte ratio; AST: aspartate aminotransferase; ALT: alanine aminotransferase; ALP: alkaline phosphatase; LDH: lactate dehy-
drogenase; GGT: gamma-glutamyl transferase; GFR: glomerular filtration rate; HDL-C: high-density lipoprotein cholesterol; LDL-C: low-density lipoprotein 
cholesterol; HBsAg: hepatitis B surface antigen; FIB-4: fibrosis-4 index; APRI: aspartate aminotransferase to platelet ratio index; GPR: the γ-glutamyl 
transferase-to-platelet ratio.
Data were expressed as frequency (proportion) or mean (SD). The p value indicates statistical significance.
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3.3.  Model performance and comparison

Based on the feature selection results, we constructed a 
traditional LR model and five machine learning models 
including ANN, RF, SVM, KNN and XGBoost. The ROC 
curves of these models are illustrated in Figure 3. In the 
training set, RF (AUC = 0.982) and XGBoost (AUC = 
0.954) models exhibited superior discriminative ability, 
followed by SVM (AUC = 0.912), KNN (AUC = 0.898), LR 
(AUC = 0.875) and ANN (AUC = 0.867). In the internal 
validation set, XGBoost (AUC = 0.891) and RF (AUC = 
0.889) models exhibited superior discriminative ability, 
followed by SVM (AUC = 0.872), LR (AUC = 0.861), ANN 
(AUC = 0.860) and KNN (AUC = 0.842). In the external 
validation set, the RF model had the highest AUC value 
(AUC = 0.890), followed by XGBoost (AUC = 0.889), ANN 
(AUC = 0.881), SVM (AUC = 0.872), LR (AUC = 0.866) and 
KNN (AUC = 0.853). A detailed comparison of specific 
performance metrics for each model is presented in 
Table 3. In the training set, the RF model ranks first  
in accuracy, sensitivity, specificity, PPV, NPV and F1-score. 
In the internal validation set, the RF model ranks first in 
accuracy, specificity, PPV and F1-score, while it ranks 
third in sensitivity and NPV. In the external validation 
set, the RF model also shows strong performance across 
all metrics. The confusion matrices for each model in the 
training and validation sets are provided in Figure 4.

We plotted calibration curves and DCA curves based 
on the training and validation sets. The former is uti-
lized to assess the accuracy and reliability of the model 
predictions, while the latter is employed to evaluate the 
potential clinical utility of the model across different 
threshold ranges. The calibration curves for the six 
models are depicted in Figure 5. Except for the ANN 
model, the other models demonstrate good calibration 
performance. The DCA curves, as illustrated in Figure 6, 
show that the models achieve higher net benefits than 
the ‘all-intervention’ or ‘no-intervention’ strategies within 
a wide range of thresholds. Across different threshold 
probability ranges, the RF and XGBoost models demon-
strate more pronounced clinical benefits compared to 
other models. Combining the results of the model per-
formance evaluation, the RF model exhibits superior 
diagnostic capability and clinical utility, making it the 
optimal model for diagnosing LC in CHB patients.

3.4.  Diagnostic efficacy comparison of different 
indicator combinations based on the RF model

3.4.1.  LSM and 17 traditional indicators vs. serum 
biomarkers
The RF model emerged as the superior choice after 
evaluating the modelling performance of various 

machine learning methods. Building on this, we devel-
oped four RF models to evaluate their diagnostic effi-
cacy for LC. These models included a comprehensive 
model combining LSM with 17 traditional indicators, 
as well as three models based on APRI, GPR and FIB-4 
serological biomarkers, respectively. The results (Figure 
7) showed that the comprehensive model combining 
LSM and 17 traditional indicators had the best diag-
nostic performance. Among the serological indicator 
models, the FIB-4 model performed the best, followed 
by GPR, while APRI had relatively lower diagnostic 
efficacy.

3.4.2.  LSM and 17 traditional indicators vs. LSM-
only vs. 17 traditional indicators
After determining the optimal RF model, we con-
ducted modelling for three scenarios: (1) LSM alone, 
(2) 17 traditional indicators alone and (3) LSM com-
bined with traditional indicators. The results of these 
models are presented in Figure 8. The incorporation of 
traditional indicators significantly enhanced model 
performance, with the combined model achieving the 
highest AUC compared to the LSM-only approach. 
Furthermore, in the absence of LSM, the diagnostic 
performance of the traditional 17-indicator model was 
comparable to that of the combined LSM and tradi-
tional indicators model. This indicates that traditional 
indicators remain highly effective for diagnosing LC 
when LSM is unavailable, outperforming the LSM-only  
model.

3.4.3.  FIB-4 vs. LSM-only vs. 17 traditional 
indicators
To further evaluate the performance of FIB-4, we sub-
sequently compared it with models using only LSM 
and only the 17 traditional indicators separately. In the 
training set, the FIB-4 model demonstrated superior 
performance compared to the LSM-only model. In the 
internal validation set, the LSM-only model exhibited 
comparable performance to the FIB-4 model. However, 
the LSM-only model surpassed the FIB-4 model in the 
external validation set. Notably, the model integrating 
17 traditional indicators consistently outperformed the 
FIB-4 model in all sets (Figure 9). The evaluation of 
performance metrics for diverse indicator combina-
tions is presented in Table 4.

3.5.  Model interpretation

To gain a more intuitive understanding of the relation-
ship between the model and feature factors, SHAP was 
employed to interpret the RF model. Figure 10(A) 
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presents SHAP values for all features based on the RF 
model. Feature importance is ranked from top to bot-
tom, with LSM scoring the highest importance, fol-
lowed by platelet, age, leukocyte, glucose, cholinesterase, 
AST/ALT, apolipoprotein A, apolipoprotein B, HDL-C, 
GGT, PDW, triglyceride, uric acid, NLR, prealbumin, hae-
moglobin and erythrocyte. Figure 10(B) displays the 
distribution of SHAP values for each feature across dif-
ferent data points or samples. If a specific instance has 
relatively high variable values, it appears as a yellow 
point, whereas relatively low variable values appear as 
purple points. SHAP values illustrate the contribution of 
each feature to the target variable, whether positive or 
negative. Additionally, two individual SHAP force plots 
are provided in the study. Figure 10(C) illustrates the 
SHAP force plot for diagnosing LC in patients with CHB, 
showing that all features support the diagnosis of LC in 

this patient. The longer the yellow arrow of a certain 
feature, the greater its contribution to supporting the 
diagnosis of LC in CHB patients. Figure 10(D) displays 
the SHAP force plot for excluding LC in patients with 
CHB. Glucose supports the diagnosis of LC, the other 
17 features do not support the diagnosis. Yellow arrows 
support the diagnosis of LC in CHB patients; purple 
arrows do not support the diagnosis of LC in CHB 
patients.

4.  Discussion

Cirrhosis ranks among the top ten causes of mortality 
worldwide, placing a significant burden on public 
health. In China, HBV infection remains the primary 
cause of cirrhosis [28]. The 2030 Sustainable 
Development Agenda has set clear goals for 

Figure 2. S creening of characteristic factors. (A) Feature variables screening based on RF-RFE. (B) Feature variables screening 
based on LASSO. (C) LASSO combined RF-RFE. LASSO: least absolute shrinkage and selection operator; RF: random forest; RFE: 
recursive feature elimination.



Annals of Medicine 9

eradicating viral hepatitis. To achieve these objectives, 
the World Health Organization has devised strategies 
[29]. However, many CHB patients still lack adequate 
attention, which increases the risk of developing LC. 
Therefore, it is necessary to improve the diagnostic 
accuracy for cirrhosis among individuals with CHB.

LSM is a direct method for assessing liver stiffness, 
proving effective in diagnosing liver fibrosis and cirrho-
sis in chronic liver diseases. However, the accuracy of 
LSM can be affected by several factors, including 

obesity, respiratory status and the skill level of the oper-
ator [30]. These factors may introduce biases in LSM 
measurements, thereby compromising the reliability of 
the diagnosis. Research has demonstrated that both the 
stiffness of the surrounding liver tissue and the degree 
of liver inflammation significantly influence the diagnos-
tic accuracy of LSM [31]. Traditional clinical indicators 
such as ALT, AST and platelet count provide insights 
into liver function and inflammatory status; however, 
their diagnostic efficacy is limited when used in 

Figure 3.  ROC curves for the prediction models. (A) ROC curve in the training set. (B) ROC curve in the internal validation set.  
(C) ROC curve in the external validation set. ROC: receiver operating characteristic; AUC: area under the curve; ANN: artificial neural 
network; KNN: k-nearest neighbors; LR: logistic regression; RF: random Forest; SVM: support vector machine; XGBoost: eXtreme 
Gradient Boosting.

Table 3.  Performance parameters of the six prediction models.
Models Accuracy Sensitivity Specificity PPV NPV F1-score

Training set
  LR 0.823 0.811 0.828 0.679 0.907 0.739
  XGBoost 0.901 0.918 0.893 0.794 0.960 0.851
  RF 0.939 0.934 0.941 0.876 0.970 0.904
  SVM 0.855 0.848 0.858 0.728 0.926 0.783
  ANN 0.809 0.798 0.813 0.658 0.900 0.721
  KNN 0.835 0.790 0.856 0.711 0.901 0.749
Internal validation set
  LR 0.787 0.771 0.794 0.628 0.885 0.692
  XGBoost 0.805 0.790 0.811 0.654 0.896 0.716
  RF 0.817 0.781 0.833 0.678 0.894 0.726
  SVM 0.790 0.800 0.785 0.627 0.897 0.703
  ANN 0.775 0.743 0.790 0.614 0.872 0.672
  KNN 0.793 0.733 0.820 0.647 0.872 0.688
External validation set
  LR 0.774 0.770 0.775 0.534 0.910 0.631
  XGBoost 0.813 0.770 0.827 0.599 0.915 0.674
  RF 0.840 0.754 0.868 0.657 0.914 0.702
  SVM 0.797 0.770 0.805 0.570 0.913 0.655
  ANN 0.799 0.787 0.803 0.571 0.918 0.662
  KNN 0.793 0.697 0.825 0.570 0.891 0.627

LR: logistic regression; ANN: artificial neural network; SVM: support vector machine; RF: random forest; KNN: k-nearest neighbors; XGBoost: eXtreme 
Gradient Boosting; PPV: positive predictive value; NPV: negative predictive value.
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Figure 4. C onfusion matrices of six models in the training and validation sets. (A) Confusion matrices in the training set.  
(B) Confusion matrices in the internal validation set. (C) Confusion matrices in the external validation set. LR: logistic regression; 
ANN: artificial neural network; SVM: support vector machine; RF: random Forest; KNN: k-nearest neighbors; XGBoost: eXtreme 
Gradient Boosting; LC: liver cirrhosis.
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isolation. Therefore, a comprehensive assessment using 
various indicators is a more reliable approach. Many 
studies have shown that combining LSM with various 
clinical indicators and scores significantly improves the 

diagnostic accuracy for assessing liver fibrosis and pre-
dicting related complications in patients with chronic 
liver diseases. Fan et  al. [32] conducted a precise evalu-
ation of liver fibrosis in patients with CHB by combining 

Figure 5. C alibrate curves for the prediction models. (A) Comprehensive summary figure of six models in the training set.  
(B) Comprehensive summary figure of six models in the internal validation set. (C) Comprehensive summary figure of six models 
in the external validation set. (D) Stratified plots of six models in the training set. (E) Stratified plots of six models in the internal 
validation set. (F) Stratified plots of six models in the external validation set. ANN: artificial neural network; KNN: k-nearest neigh-
bors; LR: logistic regression; RF: random Forest; SVM: support vector machine; XGBoost: eXtreme Gradient Boosting.

Figure 6. DC A curves for the prediction models. (A) DCA curve in the training set. (B) DCA curve in the internal validation set. 
(C) DCA curve in the external validation set. The treat all curve represents the benefit rates for all cases with intervention, while 
the treat none curve represents the benefit rates for all cases without intervention. The remaining curves denote various models. 
The threshold probability represents the probability cut-off used to make a decision, while the net benefit indicates the clinical 
utility gained from using the model compared to alternative strategies. ANN: artificial neural network; KNN: k-nearest neighbors; 
LR: logistic regression; RF: random forest; SVM: support vector machine; XGBoost: eXtreme Gradient Boosting.
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LSM with aMAP scores, which reflect the potential risk 
of hepatocellular carcinoma development. The joint uti-
lization of aMAP and LSM has shown strong diagnostic 
efficacy in identifying liver fibrosis among CHB patients. 
Additionally, Fan et  al. [33] developed a machine learn-
ing model that integrates clinical indicators with LSM to 
identify fibrosis associated with metabolic 
dysfunction-associated steatotic liver disease (MASLD, 

formerly known as NAFLD). Sanyal et  al. [34] demon-
strated that combining LSM with clinical biomarkers sig-
nificantly enhances the accuracy of identifying atrial 
fibrillation or cirrhosis in patients with non-alcoholic 
fatty liver disease (NAFLD). However, when using only 
LSM or FIB-4, predictive accuracy may slightly decrease. 
Some studies have combined elements of FIB-4 with 
LSM to predict incident complications of portal 

Figure 7.  ROC curves for the RF model using LSM with traditional indicators, FIB-4, APRI and GPR. (A) ROC curve in the training 
set. (B) ROC curve in the internal validation set. (C) ROC curve in the external validation set. FIB-4: fibrosis-4 index; APRI: aspartate 
aminotransferase to platelet ratio index; GPR: the γ-glutamyl transferase-to-platelet ratio; LSM: liver stiffness measurement; Trad: 
17 traditional indicators; ROC: receiver operating characteristic; AUC: area under the curve; RF: random forest.

Figure 8.  ROC curves for the RF model based on the traditional indicators, LSM and traditional indicators, and LSM-only. (A) ROC 
curve in the training set. (B) ROC curve in the internal validation set. (C) ROC curve in the external validation set. LSM: liver stiff-
ness measurement; Trad: 17 traditional indicators; ROC: receiver operating characteristic; AUC: area under the curve; RF: random 
forest.
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hypertension (PH) in individuals with compensated liver 
disease [35]. This approach has also demonstrated good 
predictive ability. In this study, we integrated LSM with 
17 traditional indicators to identify LC in CHB patients. 
The results demonstrated that each model achieved an 
AUC–ROC value of over 0.80. In comparison, the diag-
nostic performance of LSM or traditional indicators 
alone was comparatively weaker. Notably, even in the 
absence of LSM, the selected 17 traditional clinical 

indicators were still effective in identifying LC in CHB 
patients. This finding has substantial clinical significance, 
especially in resource-constrained or equipment-limited 
environments, where clinicians can utilize these tradi-
tional indicators as a dependable approach for initial 
evaluation.

In the field of non-invasive LC diagnosis, serum-based 
indices such as FIB-4, APRI and GPR are widely used in 
patients with various types of hepatitis due to their 
simplicity and low cost. While these methods have 
proven useful in clinical practice, they have notable lim-
itations in accuracy and sensitivity. Therefore, we aimed 
to develop a more accurate and sensitive diagnostic 
model by integrating LSM with 17 traditional indicators. 
Previous studies have robustly confirmed the high diag-
nostic value of FIB-4 in identifying cirrhosis [36]. 
Similarly, research has shown that GPR outperforms 
FIB-4 and APRI, particularly in staging liver fibrosis in 
CHB patients [7]. These findings form a crucial basis for 
assessing the diagnostic efficacy of integrating LSM 
with multiple indicators and traditional serum markers 
like FIB-4, APRI and GPR. Among the three serum-based 
indices, FIB-4 exhibited the best diagnostic performance 
for LC, followed by GPR, while APRI showed relatively 
weaker efficacy. To further evaluate the diagnostic per-
formance of FIB-4, we compared it with LSM alone and 
the 17 traditional indicators. The results indicated that 
in the internal validation, the AUROC of FIB-4 was com-
parable to that of LSM alone; however, in the external 
validation, LSM alone significantly outperformed FIB-4. 
This finding aligns with previous studies, further under-
scoring the unique value of LSM in diagnosing LC. 
Notably, the diagnostic performance of the 17 

Figure 9.  ROC curves for the RF model based on FIB-4, LSM-only and 17 traditional indicators. (A) ROC curve in the training set. 
(B) ROC curve in the internal validation set. (C) ROC curve in the external validation set. FIB-4: fibrosis-4 index; LSM: liver stiffness 
measurement; Trad: 17 traditional indicators; ROC: receiver operating characteristic; AUC: area under the curve; RF: random Forest.

Table 4. E valuation of performance metrics for diverse indica-
tor combinations.
Models Accuracy Sensitivity Specificity PPV NPV F1-score

Training set
  LSM  +  Trad 

(17)
0.939 0.934 0.941 0.876 0.970 0.904

  LSM-only 0.774 0.794 0.765 0.603 0.892 0.686
  Trad (17) 0.927 0.942 0.921 0.842 0.973 0.889
  FIB-4 0.768 0.918 0.701 0.579 0.950 0.710
  APRI 0.667 0.992 0.521 0.482 0.993 0.649
  GPR 0.716 0.889 0.638 0.524 0.927 0.660
Internal validation set
  LSM  +  Trad 

(17)
0.817 0.781 0.833 0.678 0.894 0.726

  LSM-only 0.760 0.762 0.760 0.588 0.876 0.664
  Trad (17) 0.805 0.819 0.798 0.647 0.907 0.723
  FIB-4 0.692 0.829 0.631 0.503 0.891 0.626
  APRI 0.577 0.848 0.455 0.412 0.869 0.555
  GPR 0.648 0.771 0.592 0.460 0.852 0.577
External validation set
  LSM  +  Trad 

(17)
0.840 0.754 0.868 0.657 0.914 0.702

  LSM-only 0.807 0.746 0.827 0.591 0.907 0.659
  Trad (17) 0.768 0.918 0.701 0.579 0.950 0.710
  FIB-4 0.661 0.803 0.614 0.410 0.903 0.543
  APRI 0.546 0.754 0.477 0.325 0.853 0.454
  GPR 0.723 0.713 0.726 0.465 0.883 0.563

PPV: positive predictive value; NPV: negative predictive value; FIB-4: 
fibrosis-4 index; APRI: aspartate aminotransferase to platelet ratio index; 
GPR: the γ-glutamyl transferase-to-platelet ratio; LSM: liver stiffness mea-
surement; Trad: 17 traditional indicators.
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traditional indicators yielded an AUROC significantly 
higher than that of LSM alone or FIB-4, demonstrating 
that the integration of multiple indicators can substan-
tially enhance the accuracy of LC diagnosis.

In recent years, machine learning has been widely 
applied in the field of chronic liver disease. However, 
due to the ‘black-box’ nature of machine learning, its 
interpretability is relatively poor, making it difficult to 

explain why specific predictions are made for patients 
[37]. In this study, we utilized SHAP analysis to provide 
a detailed interpretation of the optimal model. SHAP 
analysis enables us to assess the contribution of differ-
ent variables to the model’s predictive outcomes. The 
results revealed that the top three most important vari-
ables are LSM, platelet and age. As CHB progresses, liver 
fibrosis gradually increases, which leads to the 

Figure 10. S HAP analysis based on the RF model. (A) Ranking of variable importance based on the mean SHAP value. (B) In the 
SHAP bee swarm plot, each row represents a feature, the x-axis represents the SHAP value, and each data point represents a 
sample. (C) SHAP analysis of liver cirrhosis in patients with chronic hepatitis B. (D) SHAP force plot of non-cirrhosis chronic hep-
atitis B patient.
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progressive hardening of the liver. Higher LSM is associ-
ated with an increased risk of cirrhosis [38]. Patients with 
LC often have PH and hypersplenism, which increases 
platelet sequestration and destruction in the spleen, 
leading to thrombocytopenia. If a CHB patient exhibits 
abnormalities in platelet count or changes in platelet 
function, LC should be considered as a potential diagno-
sis [39]. Age is a major risk factor for chronic liver dis-
ease. Advanced liver disease is more common in older 
adults. Even in young patients after liver injury, the com-
pensatory mechanism of liver cell activation may be 
impaired, leading to the development of serious liver 
diseases as age increases [40]. Additionally, changes in 
indicators such as leukocyte, glucose, cholinesterase, 
AST/ALT, apolipoprotein A, apolipoprotein B, HDL-C, GGT, 
PDW, triglyceride, uric acid, NLR, prealbumin, haemoglo-
bin and erythrocyte can also help in identifying cirrhosis 
in CHB patients. Therefore, CHB patients should pay par-
ticular attention to fluctuations in these indicators.

Early diagnosis and intervention are crucial for CHB 
patients. CHB is a progressive liver disease, and once it 
progresses to cirrhosis, reversing the condition is chal-
lenging. The proposed model can enhance the accu-
racy of diagnosing cirrhosis in CHB patients, aiding 
clinicians in making informed decisions. The model, 
which is based on traditional indicators, demonstrates 
considerable effectiveness even in resource-limited 
environments where LSM is not accessible. However, 
this study also has its limitations. This study is a 
single-centre study conducted exclusively at a hospital 
in Dalian, which introduces potential selection bias. 
Therefore, external validation from other centres is 
necessary to improve the model’s generalizability. 
Furthermore, the current model cannot capture the 
dynamic changes in key indicators, which may restrict 
its application in the dynamic monitoring and man-
agement of CHB patients. Future research should 
incorporate longitudinal data, explore the performance 
of new models at different time points, and analyse 
the impact of key indicators’ changes over time on 
outcomes. Additionally, longitudinal data will facilitate 
the evaluation of new models’ dynamic adjustment 
capabilities, potentially further enhancing their accu-
racy and practicality, especially in the long-term man-
agement of CHB patients.

5.  Conclusions

This study utilized machine learning methods to select 
the optimal model from six candidates, the RF model, 
which integrates LSM with 17 conventional indicators. 
This approach significantly improved the diagnostic 
accuracy of LC in CHB patients. The integration of LSM 

and the 17 traditional indicators in the RF model 
demonstrated superior diagnostic performance com-
pared to traditional serological markers such as FIB-4, 
APRI and GPR, as well as outperforming the use of LSM 
or the 17 traditional indicators alone. Even in the 
absence of LSM, the selected 17 traditional clinical indi-
cators effectively identified LC in CHB patients, high-
lighting their potential utility in resource-limited 
settings. Despite these significant findings, future 
research should focus on validating this model in mul-
ticentre environments to enhance its generalizability. 
Additionally, incorporating longitudinal data could fur-
ther explore the new models’ application in dynami-
cally assessing disease progression in CHB patients, 
thereby providing more comprehensive support for 
clinical decision-making. In summary, the combination 
of LSM and traditional indicators offers an efficient and 
reliable tool for diagnosing LC, holding substantial clin-
ical value.
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