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Objective: Wilson disease (WD) is a rare autosomal recessive copper metabolism 
disorder, with hypersplenism as a severe, common complication secondary to 
disease-related cirrhosis. Currently, there is a lack of precise early prediction tools 
for this complication. This study aimed to construct a hypersplenism prediction 
model for WD patients by integrating multidimensional clinical indicators and 
machine learning, providing references for early identification of high-risk indi-
viduals and personalized interventions.
Methods: A total of 524 WD patients were enrolled at the First Affiliated Hospital 
of Anhui University of Chinese Medicine from December 2019 to February 2025, 
including 244 with hypersplenism (HG) and 280 without (non-HG). After Key 
variables were selected through LASSO regression feature selection. Variate mul-
ticollinearity within the model was assessed using variance inflation factors (VIF). 
The predictive model was visualized using a nomogram. Five machine learn-
ing models were built with 10-fold cross-validation for parameter optimization. 
Finally, the model performance was evaluated, and the feature contributions were 
explained using the SHapley Additive exPlanations (SHAP) method.
Results: Compared with the non-HG group, the HG group had significantly lower 
WBC, PLT, and ceruloplasmin (CER), and higher A/G, PIIINP, CIV, hyaluronic acid 
(HA), laminin (LN), and 24-h urinary copper (CUU) (all p < 0.05). Multivariate logis-
tic regression showed A/G, CIV, and PIIINP were independent risk factors, while 
WBC and PLT were independent protective factors. The SVM model performed 
best: training set AUC = 0.867 (95% CI: 0.830–0.904), accuracy = 0.807, speci-
ficity = 0.856, precision = 0.812, F1 score = 0.771; test set AUC = 0.771 (95% CI: 
0.699–0.844) with AUC decay <10%. It also had excellent calibration (training set 
Brier score = 0.146, test set = 0.206) and clinical utility via DCA. SHAP analysis 
identified PIIINP as the core predictive feature, followed by WBC, PLT, and A/G, 
with CIV having relatively weaker influence.
Conclusion: The SVM-based predictive model exhibits superior discriminatory 
power, calibration accuracy, and clinical utility for hypersplenism in WD patients. 
The five key features (WBC, PLT, A/G, CIV, PIIINP) with PIIINP as the core provide 
an objective quantitative basis for risk stratification, facilitating early identifica-
tion and precise intervention of high-risk patients and improving WD prognosis.
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1 Introduction

Wilson disease (WD) is an autosomal recessive disorder of copper 
metabolism caused by mutations in the ATP7B gene (1). Dysfunction 
of the transmembrane copper transport ATPase encoded by this gene 
directly impairs the normal excretion of copper ions into bile or their 
binding to ceruloplasmin. This leads to progressive accumulation of 
copper in vital organs such as the liver and brain, triggering multisys-
tem damage through mechanisms including oxidative stress and cyto-
toxicity (2). As the primary target organ where disease originates, the 
pathological progression of the liver follows a distinct sequential pat-
tern: beginning with early-stage hepatocyte inflammation and steato-
sis, gradually advancing to hepatic fibrosis, and ultimately progressing 
to cirrhosis (3). Portal hypertension secondary to liver cirrhosis read-
ily induces hypersplenism, a severe complication. Together with liver 
failure and significant neurological impairment, these three core fac-
tors constitute the primary determinants of poor prognosis in WD 
patients, directly impacting long-term survival (4). WD exhibits sig-
nificant clinical heterogeneity, with manifestations ranging from 
asymptomatic hepatic involvement to severe neuropsychiatric symp-
toms, further complicating early risk stratification and individualized 
management (5).

Hypersplenism, as a characteristic complication of portal hyper-
tension associated with WD-related cirrhosis, primarily manifests as 
splenomegaly accompanied by hematological abnormalities such as 
thrombocytopenia and leukopenia (6). This has dual implications for 
clinical management: on one hand, cytopenia substantially increases 
the risk of spontaneous bleeding and opportunistic infections in 
patients, representing the primary cause of acute adverse events in 
WD patients (7, 8). On the other hand, toxic alterations in the hema-
topoietic system limit the use of copper chelators—drugs central to 
the etiological treatment of WD. Inadequate dosing or delayed admin-
istration can lead to persistent copper accumulation, creating a vicious 
cycle of “complications—treatment limitations—disease progression.” 
Currently, clinical prognostic assessment tools such as the Child-Pugh 
score and the Model for End-Stage Liver Disease (MELD) are widely 
used for evaluating liver function in chronic liver diseases (9). 
However, these tools are not specifically tailored to the pathophysio-
logical characteristics of WD and demonstrate limited predictive 
accuracy for hypersplenism-related adverse outcomes. The lack of a 
targeted prognostic tool hinders early identification of high-risk 
patients and optimal individualized management.

The rise of machine learning (ML) technology offers a new path-
way to address this clinical challenge. Its core advantage lies in captur-
ing complex nonlinear relationships among multidimensional clinical 
indicators (10), which is particularly crucial for prognostic modeling 
in highly heterogeneous diseases like WD. ML-based models have 
achieved promising performance in predicting outcomes for various 
chronic liver diseases, including cirrhosis progression and complica-
tion risks (11). However, to date, no dedicated ML prediction model 
has been developed specifically for the risk of splenomegaly in WD 
patients. Existing studies have primarily focused on single biomarkers 
or imaging indicators, presenting limitations such as low accessibility 
and narrow predictive dimensions. Based on this, this study integrates 
routine clinical and laboratory indicators from WD patients to con-
struct multiple ML prediction models. Simultaneously, it introduces 
the SHapley Additive exPlanations (SHAP) framework to quantify the 
contribution of each feature, thereby addressing the “black box” chal-
lenge of ML models. The study aims to develop a precise, 

interpretable, and easily transferable splenomegaly risk prediction 
tool, providing scientific evidence for early intervention and personal-
ized management of WD patients, ultimately improving patient 
prognosis.

2 Materials and methods

2.1 Study design and population

A retrospective case–control study was conducted, including 524 
patients diagnosed with WD at the First Affiliated Hospital of Anhui 
University of Chinese Medicine between December 2019 anFebruary 
2025. All patients met the criteria outlined in the European 
Association for the Study of the Liver (EASL) Clinical Practice 
Guidelines for WD (4). Hypersplenism is defined as: a platelet count 
<75 × 109/L and/or a white blood cell count <3.5 × 109/L (12). Based 
on the above definitions, patients were categorized into the hyper-
splenism group (HG) and the non-hypersplenism group (non-HG). 
Additionally, the following predictive factor information was collected 
via the electronic medical record system: gender, age, clinical pheno-
type, disease duration, complete blood count, liver function, liver 
fibrosis, coagulation function, ceruloplasmin and 24-h urinary copper 
(CUU) levels. Clinical phenotypes are classified as liver, brain, or 
mixed based on the predominant symptom at initial presentation, fol-
lowing the EASL guidelines. Disease duration is defined as the interval 
from the date of diagnosis to the date of enrollment.

Exclusion criteria included: (1) Coexisting other liver diseases 
(e.g., viral hepatitis, alcoholic liver disease, non-alcoholic fatty liver 
disease); (2) Comorbid malignancies (e.g., hepatocellular carcinoma, 
extrahepatic tumors); (3) Post-splenectomy or severe lack of clinical 
data (> 30% key variables missing); (4) Pregnancy or lactation; (5) 
Documented primary bone marrow disorders (e.g., aplastic anemia, 
myelodysplastic syndrome, leukemia) or ongoing myelosuppressive 
therapy (e.g., chemotherapy, immunosuppressants) that could inde-
pendently cause cytopenia.

This study was conducted following the 1964 Declaration of 
Helsinki and approved by the Ethics Committee of the First Affiliated 
Hospital of Anhui University of Traditional Chinese Medicine 
(Approval No.: 2025AH-143-01). All subjects received written 
informed consent.

2.2 Data processing

This dataset was divided using stratified random sampling, with 
70% of the data allocated to the training set and 30% to the indepen-
dent test set. This approach prevents sampling bias caused by uneven 
distribution of the outcome variable. Missing data handling: (1) 
Variables with <10% missing values: Imputed by median (continuous 
variables) or mode (categorical variables); (2) Variables with 10–30% 
missing values: Imputed via multivariate imputation by chained equa-
tions (MICE) with 5 imputed datasets. Outlier handling was con-
ducted after missing value imputation. The 1st and 99th percentiles of 
the training set were used as truncation thresholds to avoid data 
leakage.

The Least Absolute Shrinkage and Selection Operator (LASSO) 
algorithm was applied to the training set to select meaningful feature 
variables for inclusion in the model. Subsequently, multivariate 
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logistic regression, multilayer perceptron (MLP), support vector 
machine (SVM), extreme gradient boosting (XGBoost), and gradient 
boosting machine (GBM) to predict splenomegaly in WD patients. 
Ten-fold cross-validation was employed to determine optimal param-
eters for each model, followed by independent validation on the test 
set. Receiver operating characteristic (ROC) curves were plotted to 
assess model discrimination. The SHAP algorithm was applied to the 
best-performing model for interpretability analysis, enhancing model 
transparency. The technical workflow is illustrated in Figure 1.

2.3 Statistical analysis

Since this study involves a binary classification problem, the 
Events Per Variable (EPV) method is suitable for estimating sample 
size. The final number of features included in the multivariate regres-
sion model was 5, with 244 splenomegaly events. The EPV was 
approximately 48.8, significantly exceeding the recommended thresh-
old of EPV > = 10–15. This indicates the model possesses good stabil-
ity and a low risk of overfitting (13).

Continuous variables that follow a normal distribution are 
expressed as mean ± standard deviation; non-compliant variables are 
represented by median and interquartile range. Categorical variables 
are presented as frequency and percentage. For normally distributed 

continuous variables, t-tests were used for intergroup comparisons; 
Mann–Whitney U tests were applied for non-normally distributed 
continuous variables. Categorical variables were analyzed using chi-
square tests or Fisher’s exact tests. All statistical analyses adhered to 
the principle of two-tailed testing with a significance level set at 
α = 0.05. Differences were considered statistically significant when 
p < 0.05. All data analysis for this study was performed using the R 
programming environment (version 4.5.2). Calculate the area under 
the receiver operating characteristic curve (AUC) as a model evalua-
tion metric. Model evaluation metrics included area under the 
receiver operating characteristic curve (AUC), accuracy, sensitivity, 
specificity, precision, and F1 score. Ninety-five percent confidence 
intervals (95% CI) for all metrics were calculated via Bootstrap resa-
mpling (R = 50) to ensure reliability. Results.

3 Results

3.1 WD patient baseline characteristics

There were no significant differences in age and gender distribution 
between the two patient groups (p > 0.05). Compared with the 

FIGURE 1

Flowchart for constructing and validating a prediction model for splenomegaly in patients with Wilson disease.
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non-hypersplenism (HG) group, patients in the HG group (hypersplen-
ism group) exhibited significantly reduced levels of white blood cell 
(WBC), platelets (PLT), and ceruloplasmin (CER) (p < 0.05). Conversely, 
the HG group exhibited significantly elevated levels of alpha/gamma 
ratio (A/G), type III procollagen peptide (PIIINP), type IV collagen 
(CIV), hyaluronic acid (HA), laminin (LN), and urinary copper (CUU) 
(p < 0.05). Detailed baseline characteristics are shown in Table 1.

3.2 Prediction model performance 
comparison

LASSO regression was employed to screen candidate predictors 
for splenomegaly in WD patients. The penalty parameter λ was 

optimized via 10-fold cross-validation (10-CV). Cross-validation 
results indicated that the logarithm of λ-min (corresponding to the 
minimum cross-validation error) was logλ = −4.393. To further miti-
gate overfitting risk and enhance model parsimony, λ-1SE was ulti-
mately selected as the optimal penalty parameter. As −log(λ) 
increased, redundant variables were compressed to zero by the LASSO 
penalty term at λ-1SE, while non-redundant variables with stable pre-
dictive value retained non-zero coefficients (Figure 2).

Subsequently, the potential factors screened by the LASSO regres-
sion were incorporated into a multivariate binary logistic regression 
model. The WBC (p = 0.006), PLT (p < 0.001), A/G (p = 0.002), CIV 
(p = 0.019), and PIIINP (p < 0.001) were significantly associated with 
splenomegaly in WD patients (Table 2). Based on Odds Ratio (OR) 

TABLE 1  Baseline characteristics of the study population stratified by clinical outcome.

Variable Overview (n = 524) non-HG (n = 280) HG (n = 244) p

Male (%) 330 (62.977) 171 (61.071) 159 (65.164)
0.380

Female (%) 194 (37.023) 109 (38.929) 85 (34.836)

Age (year) 26.000 [20.000, 33.000] 27.000 [20.000, 33.000] 25.000 [19.000, 32.000] 0.454

Liver type (%) 308 (58.779) 164 (58.571) 144 (59.016)

0.963Brain type (%) 145 (27.672) 77 (27.500) 68 (27.869)

Mixed type (%) 71 (13.550) 39 (13.929) 32 (13.115)

Disease Duration (months) 35.850 [23.00, 50.200] 35.150 [21.175, 48.725] 36.400 [24.300, 51.800] 0.263

WBC (10∧9/L) 4.625 [3.605, 5.682] 5.170 [4.188, 6.403] 4.105 [3.202, 4.860] <0.001

RBC (10∧12/L) 4.500 [4.190, 4.950] 4.495 [4.250, 4.902] 4.505 [4.165, 4.962] 0.693

Hb (g/L) 133.000 [121.000, 144.000] 132.000 [122.00, 143.000] 134.000 [120.000, 144.000] 0.824

PLT (10∧9/L) 143.500 [101.000, 200.250] 175.500 [127.000, 242.500] 119.500 [88.750, 157.000] <0.001

ALB (g/L) 39.600 [37.300, 41.725] 39.700 [37.400, 41.700] 39.550 [37.100, 41.925] 0.767

ALT (U/L) 25.000 [15.075, 43.000] 26.000 [15.000, 51.250] 23.500 [15.325, 35.750] 0.065

AST (U/L) 24.300 [19.675, 34.000] 25.000 [19.000, 36.000] 24.000 [20.000, 31.000] 0.415

GGT (U/L) 28.000 [18.000, 46.000] 27.000 [18.000, 46.000] 29.000 [18.000, 46.000] 0.537

TBA (μmol/L) 6.700 [4.200, 10.800] 6.400 [3.900, 10.350] 7.400 [4.500, 11.025] 0.054

TBIL (μmol/L) 13.690 [10.600, 18.800] 13.300 [10.275, 17.800] 14.000 [11.175, 19.400] 0.105

DBIL (μmol/L) 3.200 [2.300, 4.300] 3.100 [2.268, 4.400] 3.300 [2.500, 4.200] 0.657

IBIL (μmol/L) 10.450 [7.900, 14.325] 10.200 [7.537, 13.825] 10.900 [8.395, 15.000] 0.056

A/G 1.650 [1.450, 1.870] 1.600 [1.420, 1.763] 1.735 [1.490, 1.940] <0.001

ALP (U/L) 102.000 [80.000, 140.000] 105.000 [80.000, 157.000] 99.500 [80.750, 122.000] 0.072

BUN (mmol/L) 4.925 [4.038, 5.860] 4.895 [3.975, 5.740] 4.935 [4.108, 5.875] 0.259

PT (s) 11.400 [10.800, 12.000] 11.400 [10.800, 11.925] 11.400 [10.900, 12.100] 0.084

INR 1.020 [0.960, 1.080] 1.020 [0.970, 1.080] 1.020 [0.960, 1.080] 0.579

FIB (g/L) 2.050 [1.790, 2.380] 2.090 [1.800, 2.400] 2.030 [1.775, 2.345] 0.203

CIV (ng/mL) 60.150 [42.195, 83.685] 50.310 [33.995, 69.830] 72.055 [51.902, 92.942] <0.001

HA (ng/mL) 93.035 [57.250, 160.855] 69.505 [48.288, 120.380] 126.685 [79.158, 187.225] <0.001

LN (ng/mL) 99.770 [80.130, 126.195] 96.760 [74.230, 125.147] 104.265 [84.228, 126.195] 0.031

PIIINP (ng/mL) 13.165 [8.775, 21.730] 11.790 [7.262, 17.205] 17.515 [10.532, 25.407] <0.001

CER (g/L) 0.026 [0.023, 0.044] 0.029 [0.026, 0.049] 0.026 [0.014, 0.040] <0.001

CUU (ug/24 h) 790.960 [418.720, 1286.815] 656.715 [393.618, 1171.797] 931.075 [495.680, 1357.793] 0.002

n, number; HG, hypersplenism group; non-HG, non-hypersplenism group; WBC, white blood cell; RBC, red blood cell; Hb, hemoglobin; PLT, platelet; ALB, albumin; ALT, alanine 
aminotransferase; AST, aspartate aminotransferase; GGT, gamma-glutamyl transferase; TBA, total bile acid; TBIL, total bilirubin; DBIL, direct bilirubin; IBIL, indirect bilirubin; A/G, albumin/
globulin ratio; ALP, alkaline phosphatase; BUN, blood urea nitrogen; PT, prothrombin time; INR, international normalized ratio; FIB, fibrinogen; CIV, type IV collagen; HA, hyaluronic acid; 
LN, laminin; PIIINP, type III procollagen peptide; CER, ceruloplasmin; CUU, 24-h urinary copper.
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and 95% confidence interval (CI) analysis: A/G, CIV, and PIIINP were 
independent risk factors (OR > 1 and 95% CI did not include 1); WBC 
and PLT were independent protective factors (OR < 1 and 95% CI did 
not include 1).

3.3 Predictive model development

Subsequently, the VIF was used to assess multicollinearity among 
variables in the model. Results showed that all VIF values were less 
than 4, confirming the absence of multicollinearity among all variables 
in the model and indicating its robust statistical stability. We further 
evaluated the linear association between PIIINP and CIV using 
Pearson’s correlation coefficient. The results showed a weak positive 
correlation (r = 0.226, 95% CI: 0.126–0.321, p < 0.001), further con-
firming the absence of collinearity. To assess their individual and joint 
predictive value, we constructed univariate and bivariate logistic 
regression models on the test set. PIIINP alone achieved an AUC of 
0.615 (95% CI, 0.527–0.704), while CIV alone yielded a higher AUC 
of 0.676 (95% CI, 0.592–0.760). The combined model showed a 
slightly improved AUC of 0.686 (95% CI, 0.602–0.771), indicating that 
PIIINP and CIV provide complementary rather than redundant pre-
dictive information. Finally, the predictive model was visualized using 
a nomogram, enabling quantitative prediction of the probability of 
splenomegaly occurrence in WD patients (Figure 3).

3.4 SHAP dependence analysis and feature 
interaction

To directly investigate whether the contribution of PIIINP is 
modulated by CIV—i.e., whether synergy or substitution exists—we 
performed SHAP dependence analysis for PIIINP using the fastshap 
package. Figure 4 plots the SHAP values of PIIINP against its own 
scaled values, with each point colored by the corresponding CIV level.

The SHAP value of PIIINP exhibited a non-linear pattern: negative 
contributions (SHAP < 0) were observed at scaled PIIINP values < 0, 
the strongest positive contributions occurred in the range of 0–2, and 
a decline was noted at values > 2. Importantly, across the entire range 
of PIIINP, points with different CIV levels were evenly scattered 

without any visible stratification or trend. This pattern indicates that 
the contribution of PIIINP is independent of CIV levels—i.e., no 
meaningful synergy or substitution exists between the two markers. 
The relationship is best characterized as additive rather than interactive.

3.5 ML model construction and 
performance comparison

To evaluate the discriminatory ability, calibration accuracy, and 
clinical utility of five ML models in predicting splenomegaly in WD 
patients, this study employed a validation approach using a “10-fold 
CV training set + independent test set.”

Within the training set, the SVM model demonstrated optimal 
discriminatory ability, achieving an AUC of 0.867 (95% CI: 0.830–
0.904), higher than other models. Concurrently, SVM exhibited out-
standing overall classification performance, with accuracy (0.807, 95% 
CI: 0.775–0.847), specificity (0.856, 95% CI: 0.822–0.906), Precision 
(0.812, 95% CI: 0.755–0.872), and F1 score (0.777, 95% CI: 0.727–
0.828) were the highest among all models, demonstrating excellent 
balance in positive and negative case classification (Figure 5A; 
Table 3). In the independent test set, although the discriminative abil-
ity of each model slightly decreased, overall generalization perfor-
mance remained favorable: SVM still maintained optimal performance 
with an AUC of 0.771 (95% CI: 0.699–0.844) (Figure 5B; Table 3). 
ROC curve analysis of the test set further confirmed that models like 
SVM showed no significant degradation in discrimination ability, 

FIGURE 2

LASSO regression-based feature selection for hypersplenism in Wilson disease patients. (A) Cross-validation curve of LASSO regression. (B) Coefficient 
trajectory of binomial LASSO regression.

TABLE 2  Multivariate logistic regression analysis of factors associated with splenomegaly in 

Wilson disease.

Variable Multivariate 
analysis (95%CI)

p

WBC 0.786 (0.656–0.926) 0.006

PLT 0.991 (0.986–0.995) < 0.001

A/G 3.377 (1.607–7.344) 0.002

CIV 1.009 (1.002–1.017) 0.019

PIIINP 1.042 (1.021–1.065) < 0.001
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demonstrating robust generalization stability and consistent predictive 
value across independent WD patient samples.

Considering the potential imbalance between positive and nega-
tive cases in clinical samples, the Precision-Recall (PR) Curve and 
Average Precision (AP) were further employed to evaluate the predic-
tive quality of the models for patients with splenomegaly due to WD 
(Figures 5C,D). Within the training set, the AP values of all models 
ranged from 0.741 to 0.845, with SVM demonstrating optimal perfor-
mance (AP = 0.845, 95% CI: 0.785–0.894), indicating the best balance 
between identification accuracy and recall for positive cases. In the 
test set, the AP values of all models ranged from 0.686 to 0.769, with 
SVM maintaining its lead (AP = 0.769, 95% CI: 0.670–0.854). The AP 
decay from the training to test set was controlled within a reasonable 
range, further validating the model’s reliable generalization capability.

Calibration curve analysis was used to evaluate the match between 
model-predicted probabilities and actual positive event occurrence 
rates (Figures 5E,F). The Brier score quantifies calibration error, with 
lower values indicating better calibration performance. Within the 
training set, SVM demonstrated optimal calibration (Brier 
score = 0.146), with its curve most closely approximating the ideal 
calibration line, indicating the highest alignment between predicted 
risk probabilities and actual event frequencies. In the test set, the Brier 
scores of all models increased slightly, consistent with normal fluctua-
tions during generalization. However, SVM maintained excellent cali-
bration performance (Brier score = 0.206) with no significant 
deviation in its curve. This confirms the reliability of its predicted 
probabilities in real-world applications, providing precise reference for 
clinical risk stratification.

FIGURE 3

Line chart of the probability of splenomegaly occurrence in Wilson disease patients.

FIGURE 4

SHAP dependence plot for PIIINP colored by CIV.
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Based on the above results, SVM was ultimately selected as the 
optimal predictive model for WD splenomegaly. To evaluate its practi-
cal value in guiding clinical intervention decisions, decision curve 
analysis (DCA) was further conducted. The training set DCA results 
(Figure 5G) show that within the threshold probability range of 
10–60%, the net benefit curve of SVM exhibits a stable trajectory and 
remains significantly higher than the two extreme strategies — “treat 
everyone” and “treat no one”—throughout the entire range, demon-
strating strong potential for clinical guidance. The independent test set 
DCA results (Figure 5H) further validated the model’s generalized 

practical value: although the SVM net benefit curve exhibited slight 
fluctuations in the low threshold range of 10–20%, its net benefit level 
remained consistent with the training set and showed stable trends 
within the core clinical decision-making range of 20–50%. The high 
alignment between the SVM net benefit curves in the training and test 
sets within the core intervention range confirms that SVM not only 
possesses strong clinical guidance value in the training set but also 
performs reliably in independent samples. This makes it a dependable 
reference for clinical intervention decisions in patients with spleno-
megaly due to WD.
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3.6 Model interpretability analysis

Additionally, the SHAP method was employed to analyze the fea-
ture contribution mechanism of the SVM classifier. A summary plot 

of SHAP value distributions (Figure 6A) was generated to visualize the 
impact of WBC, PLT, A/G, CIV, and PIIINP on predicting spleno-
megaly in WD. A positive SHAP value indicates that a higher value of 
that feature increases the risk of splenomegaly in WD patients, while 
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FIGURE 5

Comprehensive performance evaluation of machine learning (ML) models for hypersplenism prediction in Wilson disease patients. (A) ROC curve of 
multiple ML models (training set); (B) ROC curve of multiple ML models (test set); (C) PR curve of multiple ML models (training set); (D) PR curve of 
multiple ML models (test set); (E) calibration curve of multiple ML models (training set); (F) calibration curve of multiple ML models (test set); 
(G) decision curve analysis of the optimal SVM model (training set); (H) decision curve analysis of the optimal SVM model (test set).

TABLE 3  Performance metrics of candidate classification models for hypersplenism prediction in Wilson disease patients.

Classification 
model

AUC 
(95%CI)

Accuracy 
(95%CI)

Sensitivity 
(95%CI)

Specificity 
(95%CI)

Precision 
(95%CI)

F1 score 
(95%CI)

Training set

Logistic regression
0.820 (0.777–

0.864)
0.749 (0.714–0.786) 0.729 (0.666–0.776) 0.766 (0.713–0.821) 0.720 (0.662–0.800)

0.725 (0.673–

0.767)

SVM
0.867 (0.830–

0.904)
0.807 (0.775–0.847) 0.747 (0.682–0.818) 0.856 (0.822–0.906) 0.812 (0.755–0.872)

0.777 (0.727–

0.828)

GBM
0.840 (0.800–

0.881)
0.756 (0.706–0.794) 0.621 (0.515–0.698) 0.871 (0.820–0.919) 0.798 (0.714–0.863)

0.698 (0.613–

0.764)

XGBoost
0.837 (0.796–

0.878)
0.755 (0.717–0.787) 0.645 (0.558–0.715) 0.846 (0.802–0.880) 0.775 (0.696–0.843)

0.704 (0.635–

0.760)

MLP
0.825 (0.781–

0.869)
0.774 (0.745–0.814) 0.765 (0.700–0.833) 0.781 (0.735–0.827) 0.743 (0.679–0.807)

0.754 (0.707–

0.801)

Test set

Logistic regression
0.760 (0.684–

0.835)
0.682 (0.613–0.745) 0.615 (0.525–0.682) 0.772 (0.656–0.844) 0.712 (0.621–0.837)

0.653 (0.581–

0.737)

SVM
0.771 (0.699–

0.844)
0.694 (0.637–0.760) 0.615 (0.515–0.700) 0.772 (0.659–0.862) 0.727 (0.623–0.864)

0.667 (0.576–

0.766)

GBM
0.740 (0.663–

0.817)
0.650 (0.575–0.706) 0.462 (0.389–0.546) 0.835 (0.740–0.914) 0.735 (0.602–0.872)

0.567 (0.486–

0.669)

XGBoost
0.738 (0.660–

0.815)
0.650 (0.586–0.701) 0.487 (0.391–0.571) 0.810 (0.703–0.888) 0.717 (0.586–0.846)

0.580 (0.475–

0.659)

MLP
0.737 (0.658–

0.815)
0.650 (0.578–0.725) 0.615 (0.514–0.699) 0.684 (0.572–0.785) 0.658 (0.572–0.778)

0.636 (0.545–

0.720)
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a negative SHAP value suggests that a higher value of that feature 
reduces disease risk. Feature values are represented by color gradients, 
allowing further observation of how different feature levels modulate 
prediction risk. To quantify the overall contribution of each feature to 
the model’s predictive performance, this study calculated the average 
absolute SHAP value for each feature and plotted a feature importance 
bar chart (Figure 6B). Results showed that among the five included 
features, PIIINP had the highest average absolute SHAP value, fol-
lowed by WBC, PLT, and A/G, while CIV had the lowest average abso-
lute SHAP value. This finding confirms that PIIINP is the core feature 
for predicting splenomegaly in WD patients using the SVM model, 
providing a key reference for clinically identifying high-risk patients 
for splenomegaly in WD.

4 Discussion

WD, an autosomal recessive disorder caused by copper metabolism 
abnormalities, exhibits significant clinical heterogeneity and a dispersed 
onset pattern. Liver cirrhosis and splenomegaly associated with second-
ary portal hypertension represent core complications affecting patient 
prognosis, with their incidence increasing annually alongside liver fibro-
sis progression, substantially elevating risks of adverse outcomes such 
as bleeding and infection. Current clinical tools for liver function assess-
ment, such as the Child-Pugh score and MELD score, primarily target 
patients with general liver cirrhosis (14, 15). They fail to account for the 
pathological feature of WD—copper accumulation-mediated specific 
liver fibrosis—and thus have limited predictive efficacy for 

FIGURE 6

SHAP interpretability analysis of feature contributions for the SVM model in predicting splenomegaly in Wilson disease. (A) SHAP summary scatter plot, 
where each point represents a patient; the horizontal position reflects the direction and magnitude of the SHAP value’s impact on predicted risk, while 
the color gradient indicates the corresponding feature value; (B) SHAP feature-importance plot ranking variables according to their mean absolute 
SHAP values.
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splenomegaly. Previous studies have employed real-time two-dimen-
sional shear wave elastography to assess liver stiffness in WD patients 
for predicting splenomegaly, achieving an AUC of 0.793 and demon-
strating the predictive value of imaging metrics. However, this method 
relies on specialized ultrasound equipment and operator expertise, lim-
iting its accessibility in primary healthcare settings (6). The training set 
AUC of the SVM model constructed in this study reached 0.867 (95% 
CI: 0.830–0.904), with a test set AUC of 0.771 (95% CI: 0.699–0.844). 
Although the test set AUC showed slight decline due to sample hetero-
geneity, it remained within the “good predictive performance” range of 
0.7–0.9 (16). Moreover, the core advantage of this research model lies in 
its reliance on routine clinical tests such as complete blood count (WBC, 
PLT), liver fibrosis markers (PIIINP, CIV), and liver function indicators 
(A/G ratio). It requires no specialized imaging equipment, resulting in 
low testing costs and straightforward operation. This approach aligns 
well with the diagnostic realities of primary healthcare facilities, particu-
larly addressing the clinical demands of rare diseases like WD, which 
exhibit “scattered incidence and necessitate widespread screening.”

In terms of ML algorithm selection, this study compared five algo-
rithms—logistic regression, MLP, XGBoost, GBM, and SVM—and 
confirmed that the SVM model demonstrated optimal performance. 
This result aligns closely with the disease characteristics and data fea-
tures of WD. As a rare disease, accumulating clinical samples for WD 
poses significant challenges. While the 524 samples in this study repre-
sent a relatively large cohort, they remain limited compared to common 
diseases. Furthermore, WD patients exhibit strong clinical phenotype 
heterogeneity, such as varying degrees of liver fibrosis and differing 
durations of copper chelation therapy. This results in data characterized 
by “small sample size, high dimensionality, and nonlinearity.” The SVM 
algorithm transforms high-dimensional nonlinear data into a low-
dimensional linearly separable space through kernel function mapping. 
It also possesses regularization properties that effectively suppress over-
fitting (17). Its robustness in modeling small-sample, heterogeneous 
data has been validated in predictive model studies across fields such 
as hepatology and oncology (18, 19). In contrast, ensemble algorithms 
such as XGBoost and GBM may be prone to overfitting training-spe-
cific features in small-sample scenarios, leading to reduced generaliza-
tion capabilities. Meanwhile, logistic regression, constrained by its 
linear assumption, struggles to capture the complex relationships of 
“multifactorial synergistic interactions” in the pathological progression 
of WD, resulting in slightly inferior predictive performance.

From the pathophysiological perspective of WD, the five core fea-
tures identified in this study closely align with the disease chain of 
“copper accumulation - liver fibrosis - portal hypertension - hypersplen-
ism,” further validating the biological plausibility of the model. ATP7B 
gene mutations cause copper transport dysfunction, leading to abnor-
mal copper accumulation within hepatocytes. This triggers oxidative 
stress that damages hepatocytes, continuously activates hepatic stellate 
cells, and promotes the synthesis and deposition of extracellular matrix 
components such as type III and IV collagen, progressively advancing 
to liver fibrosis (20). Destruction of hepatic lobule architecture and cap-
illaryization of hepatic sinusoids lead to a significant increase in portal 
venous resistance. Following the development of portal hypertension, 
impaired spleen venous return causes splenic congestion and spleno-
megaly. Widened splenic cords result in increased retention and 
destruction of blood cells within the spleen, ultimately manifesting as 
splenomegaly (21, 22). Among these, PIIINP, as a precursor peptide for 
type III collagen synthesis, has serum levels that directly reflect the 
degree of hepatic interstitial fibrosis. Interstitial fibrosis constitutes the 
core pathological change in WD cirrhosis, exhibiting a positive 

correlation with the severity of portal hypertension, which in turn 
drives splenic congestion and enlargement. (3, 23). Previous studies 
have confirmed that serum PIIINP levels in WD patients are signifi-
cantly higher than in healthy individuals (24). In this study, PIIINP 
served as a core predictive feature, further validating the pathological 
logic of “liver fibrosis - portal hypertension - splenomegaly.” Elevated 
A/G ratio stems from reduced albumin synthesis due to hepatocyte 
damage in WD patients, coupled with compensatory increase in globu-
lin production triggered by chronic inflammation. Both factors jointly 
contribute to splenomegaly by influencing the progression of liver fibro-
sis and the severity of portal hypertension (25). CIV, as the primary 
component of type IV collagen, exhibits elevated levels indicating 
hepatic sinusoidal capillaryization and the disappearance of fenestra-
tions in sinusoidal endothelial cells. This further increases portal venous 
resistance and exacerbates splenic venous congestion (26). Together 
with PIIINP, they reflect the progression of liver fibrosis from the 
dimensions of “interstitial fibrosis” and “vascular structural remodel-
ing”. However, in the multivariable SVM model, PIIINP’s predictive 
signal is amplified through synergy with WBC, PLT, and A/G, whereas 
CIV’s contribution is attenuated due to substantial overlap with these 
variables—highlighting the advantage of multivariable machine learn-
ing in capturing nonlinear interactions. WBC and PLT serve as direct 
laboratory indicators of splenic hyperfunction. During splenomegaly, 
enhanced macrophage activity within the spleen increases phagocytic 
destruction of granulocytes and platelets, leading to reduced peripheral 
blood levels (27–29). In this study, both markers were confirmed as 
protective factors: higher levels indicate milder splenic dysfunction. This 
finding aligns closely with clinical understanding, further validating the 
consistency between model characteristics and clinical diagnostic logic.

The clinical value of this study manifests in three key aspects: First, 
the constructed SVM model, based on routine diagnostic indicators, 
is simple to operate and cost-effective. It enables rapid risk stratifica-
tion for splenomegaly in WD patients. High-risk patients can receive 
early interventions such as splenic artery embolization and enhanced 
copper chelation therapy, thereby reducing adverse outcomes like 
bleeding and infection. Second, the SHAP method addresses the “black 
box” challenge of ML models, identifying PIIINP as the core predictive 
feature. This provides a basis for targeted clinical monitoring of liver 
fibrosis indicators. Third, the model demonstrates robust generaliza-
tion stability, laying a foundation for future widespread application. 
However, this study also has limitations. First, as a single-center retro-
spective study lacking multicenter prospective external validation, the 
model’s generalizability may be constrained. Second, dynamic factors 
such as treatment regimens and lifestyle were not incorporated. Future 
research should conduct multicenter, prospective studies incorporat-
ing WD patients from diverse regions and age groups to further vali-
date the model’s generalizability. To better adapt to primary care 
settings, we will further explore a simplified scoring model based on 
categorical variables in subsequent research and expand the sample 
size for multicenter validation to facilitate the clinical translation of 
this simplified tool. Additionally, incorporating dynamic and genetic 
factors such as treatment regimens, lifestyle habits, and genetic poly-
morphisms to optimize feature sets could enhance predictive accuracy.

5 Conclusion

In summary, this study addresses the clinical challenge of “dif-
ficulties in early identification and lack of precise predictive tools” 
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faced by patients with WD and splenomegaly. Using ML methods, 
we constructed and validated a predictive model for splenomegaly 
in WD patients. The SVM model was ultimately identified as the 
optimal solution. Analysis of calibration curves and DCA con-
firmed its excellent discriminatory ability, calibration accuracy, 
and clinical utility. Five key features—WBC, PLT, A/G, CIV, and 
PIIINP—selected via LASSO regression were identified through 
SHAP analysis, with PIIINP emerging as the core predictive indi-
cator. This provides an objective quantitative basis for risk strati-
fication of splenomegaly in WD patients. The findings offer a 
scientific tool for early identification, risk stratification, and pre-
cise intervention in splenomegaly among clinical WD patients, 
holding significant implications for improving patient prognosis.

Data availability statement

The original contributions presented in the study are included in 
the article/Supplementary material, further inquiries can be directed 
to the corresponding author.

Ethics statement

The studies involving humans were approved by the First Affiliated 
Hospital of Anhui University of Traditional Chinese Medicine 
(Approval No.: 2025AH-143-01). The studies were conducted in 
accordance with the local legislation and institutional requirements. 
Written informed consent for participation in this study was provided 
by the participants’ legal guardians/next of kin.

Author contributions

QX: Conceptualization, Data curation, Formal analysis, 
Methodology, Software, Validation, Visualization, Writing – original 
draft, Writing – review & editing. XS: Data curation, Formal analysis, 
Investigation, Methodology, Validation, Writing  – original draft, 
Writing – review & editing. LJ: Data curation, Methodology, Writing – 
review & editing. DH: Data curation, Investigation, Writing – original 
draft, Writing – review & editing. LS: Data curation, Visualization, 
Writing – review & editing. WY: Formal analysis, Funding acquisition, 
Writing – review & editing. HW: Conceptualization, Funding acquisi-
tion, Project administration, Resources, Supervision, Writing – review 
& editing.

Funding

The author(s) declared that financial support was received for 
this work and/or its publication. This study was supported by the 
Regional Innovation and Development Joint Fund of National 
Natural Science Foundation of China (No. U22A20366), the Anhui 
Provincial Natural Science Foundation (No. 2208085MH266) and 
the Anhui Provincial Special Project for the Development of 
Traditional Chinese Medicine: High-Level Talent Inheritance 
Program (Anhui TCM Development Document No. 1 [2024]).

Conflict of interest

The author(s) declared that this work was conducted in the 
absence of any commercial or financial relationships that could be 
construed as a potential conflict of interest.

Generative AI statement

The author(s) declared that Generative AI was not used in the 
creation of this manuscript.

Any alternative text (alt text) provided alongside figures in this 
article has been generated by Frontiers with the support of artificial 
intelligence and reasonable efforts have been made to ensure accuracy, 
including review by the authors wherever possible. If you identify any 
issues, please contact us.

Publisher’s note

All claims expressed in this article are solely those of the authors 
and do not necessarily represent those of their affiliated organizations, 
or those of the publisher, the editors and the reviewers. Any product 
that may be evaluated in this article, or claim that may be made by its 
manufacturer, is not guaranteed or endorsed by the publisher.

Supplementary material

The Supplementary material for this article can be found online 
at: https://www.frontiersin.org/articles/10.3389/fmed.2026.1768024/
full#supplementary-material

References
	1.	Panzer M, Viveiros A, Schaefer B, Baumgartner N, Seppi K, Djamshidian A, et al. 
Synonymous mutation in adenosine triphosphatase copper-transporting beta causes 
enhanced exon skipping in Wilson disease. Hepatol. Commun. (2022) 6:1611–9. doi: 
10.1002/hep4.1922

	2.	Zhang S, Yang W, Li X, Pei P, Dong T, Yang Y, et al. Clinical and genetic characterization 
of a large cohort of patients with Wilson's disease in China. Transl. Neurodegen. (2022) 
11:13–24. doi: 10.1186/s40035-022-00287-0

	3.	Luo R, Gao J, Gan W, Xie WB. Clinical-radiomics nomogram for predicting esopha-
gogastric variceal bleeding risk noninvasively in patients with cirrhosis. World J 
Gastroenterol. (2023) 29:1076–89. doi: 10.3748/wjg.v29.i6.1076

	4.	European Association for Study of Liver. EASL clinical practice guidelines: Wilson's 
disease. J Hepatol. (2012) 56:671–85. doi: 10.1016/j.jhep.2011.11.007

	5.	Xie JJ, Wu ZY. Wilson’s disease in China. Neurosci Bull. (2017) 33:323–30. doi: 10.1007/
s12264-017-0107-4

	6.	Wang J, Hu M, Zhu Q, Sun L. Liver stiffness assessed by real-time two-dimensional 
shear wave elastography predicts hypersplenism in patients with Wilson's disease: a pro-
spective study. BMC Med Imaging. (2022) 22:25–34. doi: 10.1186/s12880-022-00749-x

	7.	Zheng Z, Yu Q, Peng H, Zhang W, Shen Y, Feng H, et al. Research on portal venous 
hemodynamics and influencing factors of portal vein system thrombosis for Wilson's 

https://doi.org/10.3389/fmed.2026.1768024
https://www.frontiersin.org/journals/medicine
https://www.frontiersin.org
https://www.frontiersin.org/articles/10.3389/fmed.2026.1768024/full#supplementary-material
https://www.frontiersin.org/articles/10.3389/fmed.2026.1768024/full#supplementary-material
https://doi.org/10.1002/hep4.1922
https://doi.org/10.1186/s40035-022-00287-0
https://doi.org/10.3748/wjg.v29.i6.1076
https://doi.org/10.1016/j.jhep.2011.11.007
https://doi.org/10.1007/s12264-017-0107-4
https://doi.org/10.1007/s12264-017-0107-4
https://doi.org/10.1186/s12880-022-00749-x


Xuan et al.� 10.3389/fmed.2026.1768024

Frontiers in Medicine 12 frontiersin.org

disease after splenectomy. Front Surg. (2022) 9:834466–78. doi: 10.3389/
fsurg.2022.834466

	8.	Ozturk O, Eldem G, Peynircioglu B, Kav T, Görmez A, Cil BE, et al. Outcomes of 
partial splenic embolization in patients with massive splenomegaly due to idiopathic 
portal hypertension. World J Gastroenterol. (2016) 22:9623–30. doi: 10.3748/wjg.v22.
i43.9623

	9.	Marina RJ, Brannan KW, Dong KD, Yee BA, Yeo GW. Evaluation of engineered 
CRISPR-Cas-mediated systems for site-specific RNA editing. Cell Rep. (2020) 33:108350. 
doi: 10.1016/j.celrep.2020.108350

	10.	Ting Sim JZ, Fong QW, Huang W, Tan CH. Machine learning in medicine: what 
clinicians should know. Singapore Med J. (2023) 64:91–7. doi: 10.11622/
smedj.2021054

	11.	 Handelman GS, Kok HK, Chandra RV, Razavi AH, Lee MJ, Asadi H. eDoctor: 
machine learning and the future of medicine. J Intern Med. (2018) 284:603–19. doi: 
10.1111/joim.12822

	12.	 Ikegami T, Soejima Y, Taketomi A, Kawanaka H, Yoshizumi T, Shimada M, et al. 
Hypersplenism after living donor liver transplantation. Hepato-Gastroenterology. (2009) 
56:778–82.

	13.	 Steyerberg EW, Vergouwe Y. Towards better clinical prediction models: seven steps 
for development and an ABCD for validation. Eur Heart J. (2014) 35:1925–31. doi: 
10.1093/eurheartj/ehu207

	14.	 Ullah H, Huma S, Yasin G, Ashraf M, Tahir N, Tahir Uddin Q, et al. Comparison of 
different severity scores in correlating hemoglobin levels with the severity of hepatic 
decompensation: an observational study. World J Hepatol. (2025) 17:101212–22. doi: 
10.4254/wjh.v17.i1.101212

	15.	Adamantou M, Pergantina E, Kamiliou A, Rachiotis N, Lekakis V, Chrysavgis L, 
et al. Association of Hormonal Status with Sarcopenia, frailty and outcome in 
patients with decompensated cirrhosis. Liver Int. (2025) 45:e70384–400. doi: 
10.1111/liv.70384

	16.	 Li S, Wang Z, Zhu Z, Tao Y, Xiang J. Predicting the potential suitable distribution area 
of Emeia pseudosauteri in Zhejiang Province based on the MaxEnt model. Sci Rep. (2023) 
13:1806–17. doi: 10.1038/s41598-023-29009-w

	17.	 Li J, Xia F, Wang X, Jin Y, Yan J, Wei X, et al. Multiclassifier radiomics analysis of 
ultrasound for prediction of extrathyroidal extension in papillary thyroid carcinoma in 
children. Int J Med Sci. (2023) 20:278–86. doi: 10.7150/ijms.79758

	18.	 Lee IC, Huang JY, Chen TC, Yen CH, Chiu NC, Hwang HE, et al. Evolutionary learn-
ing-derived clinical-Radiomic models for predicting early recurrence of hepatocellular 
carcinoma after resection. Liver Cancer. (2021) 10:572–82. doi: 10.1159/000518728

	19.	 Meng S, Li Q, Zhou Z, Li H, Liu X, Pan S, et al. Assessment of an exhaled breath test using 
high-pressure photon ionization time-of-flight mass spectrometry to detect lung Cancer. 
JAMA Netw Open. (2021) 4:e213486–97. doi: 10.1001/jamanetworkopen.2021.3486

	20.	 Chen T, Shi Z, Zhao Y, Meng X, Zhao S, Zheng L, et al. LncRNA Airn maintains LSEC 
differentiation to alleviate liver fibrosis via the KLF2-eNOS-sGC pathway. BMC Med. 
(2022) 20:335–54. doi: 10.1186/s12916-022-02523-w

	21.	 Tao TY, Gitlin JD. Hepatic copper metabolism: insights from genetic disease. 
Hepatology. (2003) 37:1241–7. doi: 10.1053/jhep.2003.50281

	22.	 Deng Y, Jiang Y, Jiang T, Chen L, Mou HJ, Tuo BG, et al. Evaluation of the efficacy and 
safety of endoscopic band ligation in the treatment of bleeding from mild to moderate 
gastric varices type 1. World J Gastroenterol. (2024) 30:440–9. doi: 10.3748/wjg.v30.i5.440

	23.	 Wang Y, Pan W, Zhao D, Chen Y, Chen X, Xia H. Diagnostic value of serum procol-
lagen III N-terminal peptide for liver fibrosis in infantile cholestasis. Front Pediatr. (2020) 
8:131–9. doi: 10.3389/fped.2020.00131

	24.	 Hua D, Xuan Q, Sun L, Yu Q, Wang Q, Wang T, et al. LncRNA Meg3 expression level 
is negatively correlated with liver fibrosis severity in patients with Wilson disease. J South 
Med Univ. (2025) 45:2365–74. Available at: https://pubmed.ncbi.nlm.nih.gov/41311078/

	25.	 Huang Y, Wang N, Xu L, Wu Y, Li H, Jiang L, et al. Albumin-globulin score combined 
with skeletal muscle index as a novel prognostic marker for hepatocellular carcinoma 
patients undergoing liver transplantation. J Clin Med. (2023) 12:2237–53. doi: 10.3390/
jcm12062237

	26.	 Karsdal MA, Detlefsen S, Daniels SJ, Nielsen MJ, Krag A, Schuppan D. Is the total 
amount as important as localization and type of collagen in liver fibrosis attributable to 
steatohepatitis? Hepatology. (2020) 71:346–51. doi: 10.1002/hep.30969

	27.	 Zermatten MG, Fraga M, Moradpour D, Bertaggia Calderara D, Aliotta A, Stirnimann 
G, et al. Hemostatic alterations in patients with cirrhosis: from primary hemostasis to 
fibrinolysis. Hepatology. (2020) 71:2135–48. doi: 10.1002/hep.31201

	28.	 James G, Sidhu P, Raza M. First report of successful clearance of hepatitis B and D 
coinfection with tenofovir monotherapy. Hepatology. (2015) 62:317–8. doi: 10.1002/
hep.27446

	29.	 Peck-Radosavljevic M. Thrombocytopenia in chronic liver disease. Liver Int. (2017) 
37:778–93. doi: 10.1111/liv.13317

https://doi.org/10.3389/fmed.2026.1768024
https://www.frontiersin.org/journals/medicine
https://www.frontiersin.org
https://doi.org/10.3389/fsurg.2022.834466
https://doi.org/10.3389/fsurg.2022.834466
https://doi.org/10.3748/wjg.v22.i43.9623
https://doi.org/10.3748/wjg.v22.i43.9623
https://doi.org/10.1016/j.celrep.2020.108350
https://doi.org/10.11622/smedj.2021054
https://doi.org/10.11622/smedj.2021054
https://doi.org/10.1111/joim.12822
https://doi.org/10.1093/eurheartj/ehu207
https://doi.org/10.4254/wjh.v17.i1.101212
https://doi.org/10.1111/liv.70384
https://doi.org/10.1038/s41598-023-29009-w
https://doi.org/10.7150/ijms.79758
https://doi.org/10.1159/000518728
https://doi.org/10.1001/jamanetworkopen.2021.3486
https://doi.org/10.1186/s12916-022-02523-w
https://doi.org/10.1053/jhep.2003.50281
https://doi.org/10.3748/wjg.v30.i5.440
https://doi.org/10.3389/fped.2020.00131
https://pubmed.ncbi.nlm.nih.gov/41311078/
https://doi.org/10.3390/jcm12062237
https://doi.org/10.3390/jcm12062237
https://doi.org/10.1002/hep.30969
https://doi.org/10.1002/hep.31201
https://doi.org/10.1002/hep.27446
https://doi.org/10.1002/hep.27446
https://doi.org/10.1111/liv.13317

	Development and validation of a machine learning model for predicting hypersplenism in Wilson disease patients
	1 Introduction
	2 Materials and methods
	2.1 Study design and population
	2.2 Data processing
	2.3 Statistical analysis

	3 Results
	3.1 WD patient baseline characteristics
	3.2 Prediction model performance comparison
	3.3 Predictive model development
	3.4 SHAP dependence analysis and feature interaction
	3.5 ML model construction and performance comparison
	3.6 Model interpretability analysis

	4 Discussion
	5 Conclusion

	References

