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Abstract— Primary biliary cirrhosis (PBC)—an immune-mediated chronic liver disease destroying intrahepatic bile ducts, leading to 
cirrhosis/failure—was analysed using Mayo Clinic trial data (424 patients, 1974-1984): 312 in randomized D-penicillamine/placebo trial, 
130 observational. Machine learning models trained on demographic/biochemical features for survival/prognosis prediction identified 
MLP as optimal (96.07% accuracy, 94.34% sensitivity, 96.99% specificity), outperforming KNN and Decision Tree. Serum bilirubin and 
liver disease stage emerged as key prognostic indicators. These models support clinical decision-making for PBC 
identification/management. 

Index Terms—Primary biliary cirrhosis, predictive modelling, machine learning, survival analysis, clinical indicators, disease 
progression. 

I. INTRODUCTION 

Primary biliary cirrhosis is a chronic autoimmune liver disease that predominantly affects middle-aged women, leading to 

progressive bile duct destruction, fibrosis, cirrhosis, and potentially liver failure. Traditional prognostic tools like MELD and 

Child–Pugh scores, though useful, rely on linear assumptions and struggle to integrate complex, multidimensional clinical data. 

This study uses ML algorithms (MLP, KNN, Decision Trees, Random Forests) on the 424-patient Mayo Clinic PBC cohort (1974–

1984) to predict prognosis and survival, aiming to build accurate models, identify key predictors, compare methods, and assess 

clinical utility. By modeling nonlinear relationships and handling high-dimensional features, these ML approaches are positioned 

to improve risk stratification, monitoring, and precision medicine in hepatology. 

II. LITERATURE REVIEW 

Machine learning outperforms traditional scores (like MELD/MELD-Na) for predicting cirrhosis outcomes such as mortality, 

portal hypertension, readmission, HCC, fibrosis, microbiome-based severity, and encephalopathy, often reaching 

AUC/C-index around 0.8–0.9. However, these gains highlight the parallel need for better interpretability so models can be 

trusted and used in real-world clinical practice. 

III. DISCUSSION AND RESULTS 

The study uses the 424-patient Mayo Clinic PBC cohort and a Kaggle-formatted cirrhosis dataset with rich clinical and 

demographic features to build survival and prognosis models. Figure 1 indicates that more advanced cirrhosis stages cluster in 

older patients, suggesting a relationship between age and disease severity. 
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Fig. 1. Stage vs Age Plot 
 

Table I reports the performance of several machine learning models on the cirrhosis dataset using accuracy, sensitivity, 

specificity, and F-score as evaluation metrics. The MLP model achieves the highest accuracy of 0.9607, indicating superior 

ability to correctly predict patient outcomes and distinguish cirrhosis status in this cohort. 

Figure 2 shows that the MLP model has the lowest and most consistent errors, with a narrow spread and maximum error around 

0.20, confirming it as the most reliable model for PBC outcome prediction. 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Fig. 2. Comparison of Machine Learning Model Performance in Predicting PBC Outcomes: Boxplot Analysis 

 

Figure 3 shows that the MLP model has the highest Precision (around 0.95) and a similarly strong NPV, meaning it is best at 

correctly identifying both PBC and non-PBC cases. 

Figure 4 KDE plot shows the top model’s accuracy tightly concentrated around 0.87–0.89, indicating consistently high and reliable 

survival prediction performance. 

TABLE I 
PERFORMANCE METRICS OF MACHINE LEARNING MODELS ON THE CIRRHOSIS DATASET 

 
Model Accuracy Sensitivity (TPR) Specificity (TNR) Precision (PPV) Negative Predictive Value (NPV) F1-Score 

MLP 0.9607 0.9434 0.9699 0.9434 0.9699 0.9434 
K-Nearest Neighbors 0.9434 0.9259 0.9569 0.9434 0.9434 0.9346 
Decision Tree 0.9383 0.9146 0.9569 0.9434 0.9346 0.9288 

Random Forest 0.9284 0.9146 0.9390 0.9202 0.9346 0.9174 
 

 

 

 

 

 

 

 

 

 

 

 

 
 

Fig. 3. Precision and Negative Predictive Value Comparison of Machine Learning Models for Primary Biliary Cirrhosis Prediction 



 

Fig. 4. KDE Plot of Model Accuracy in Predicting PBC Survival 

 

Figure 5 shows that the best PBC model consistently achieves high accuracy, sensitivity, and specificity across runs, with CDFs 

rising sharply at strong performance levels, indicating stable and reliable predictive behavior. 

Fig. 5. Cumulative Distribution Functions of Accuracy, Sensitivity, and Specificity for PBC Prediction Model 

 

 Figure 6 shows density plots of the best model’s metrics for PBC prediction. Accuracy values cluster at the high end, specificity 

peaks near 0.95, and F1-score centers around 0.9, indicating consistently strong overall performance. 
 

 

Fig. 6. Density Distributions of Performance Metrics for PBC Prediction 

 

Figure 7 shows that, among all algorithms, the MLP’s performance values are most densely concentrated at the high end of the 

distribution, indicating it most frequently achieves superior predictive accuracy for PBC. 

 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 7. Density Distribution of Algorithm Performance in Predicting Primary Biliary Cirrhosis 



 

Figure 8 compares Accuracy and Sensitivity (TPR) for MLP, KNN, Decision Tree, and Random Forest in predicting PBC 

outcomes. MLP attains the highest accuracy (≈0.8), indicating strong correct classification of PBC-related cases. 

 

 

 

 

 

 

 

 

 

 

 

Fig. 8. Accuracy and Sensitivity of Machine Learning Algorithms for PBC Prediction 

 

Figure 9 compares Specificity (TNR) and Precision (PPV) for MLP, KNN, Decision Tree, and Random Forest in PBC prediction. 

Figure 10 uses a radar plot over Sensitivity, Specificity, Accuracy, F1-score, NPV, and Precision, where the Multilayer 

Perceptron shows the strongest overall performance profile among the models. 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 9. Specificity and Precision Comparison of Machine Learning Algorithms for PBC Prediction 

 
 

 

 
 

 

 
 

 

 
 

 

 
 

 

 
 

 

Fig. 10. Radar Plot Comparing Machine Learning Models for PBC Prediction 

 

Figure 11 plots Accuracy (objective function) for MLP, KNN, Decision Tree, and Random Forest on the PBC dataset. MLP 

attains the highest and most consistent performance, with maximum accuracy of about 0.978. 

IV. CONCLUSION 

Machine learning on the Mayo PBC cohort shows that key clinical and biochemical variables can be used to predict prognosis 

with high accuracy, with an MLP model achieving around 96% accuracy, 94% sensitivity, and 97% specificity. These models 

both complement existing prognostic scores and highlight the need for external validation and integration with multimodal and 

EHR data to enable scalable, explainable precision medicine tools in chronic liver disease. 



 

 

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
 

Fig. 11. Accuracy Comparison of Machine Learning Algorithms for Primary  
Biliary Cirrhosis Prediction 
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