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Abstract 

Chronic liver disease (CLD) represents a growing global health burden, yet the deployment of 

machine learning (ML) for risk stratification in hepatology has been constrained by persistent 

challenges in algorithmic transparency, governance, and bias mitigation. While ML models have 

demonstrated promise in predicting disease progression and mortality, existing approaches often 

operate as opaque "black boxes" that limit clinical adoption and raise concerns about equitable 

performance across diverse patient populations. This study addresses the critical gap between 

predictive accuracy and clinical implementability by developing a comprehensive framework 

that integrates governance protocols, bias detection mechanisms, and interpretability tools within 

a unified ML deployment architecture for CLD risk stratification. Using a retrospective cohort 

design with publicly available clinical datasets, we implemented and evaluated multiple ML 

architectures including ensemble methods (Random Forest, XGBoost, LightGBM) with 

integrated SHAP (SHapley Additive exPlanations) and LIME (Local Interpretable Model-

agnostic Explanations) for model transparency . The proposed framework achieved a predictive 

accuracy of 89.4% for 12-month CLD progression, with SHAP-based feature attribution 

identifying bilirubin, albumin, and platelet count as the most influential predictors. Crucially, the 

framework's fairness monitoring component detected and corrected a 4.2% performance 

disparity across demographic subgroups that would have remained hidden in standard model 

evaluation. The framework provides a replicable blueprint for ethically responsible ML 

deployment in hepatology, demonstrating that high predictive performance can be achieved 



without sacrificing transparency or equity. These findings have direct implications for clinicians 

seeking to implement ML-based decision support and for policymakers developing regulatory 

standards for algorithmic accountability in healthcare. 

Keywords: Machine learning, chronic liver disease, algorithmic transparency, bias mitigation, 

risk stratification, explainable AI, governance framework 

 

 

1. Introduction 

1.1 Background 

Chronic liver disease (CLD) encompasses a spectrum of progressive hepatic conditions, 

including metabolic dysfunction-associated steatotic liver disease (MASLD), viral hepatitis, 

alcoholic liver disease, and cirrhosis, which collectively affect approximately 1.5 billion people 

worldwide and contribute to over 2 million deaths annually . The clinical trajectory of CLD is 

characterized by gradual fibrosis accumulation, leading to cirrhosis, hepatocellular carcinoma, 

and decompensation events that significantly impact patient quality of life and healthcare 

utilization . Effective risk stratification is essential for guiding surveillance intensity, therapeutic 

interventions, and transplant allocation, yet traditional prognostic tools such as the Model for 

End-Stage Liver Disease (MELD) and Child-Pugh scores rely on limited clinical parameters and 

may not capture the complex, nonlinear interactions that determine disease progression . 

The proliferation of electronic health records (EHRs) has created unprecedented opportunities 

for applying machine learning to CLD prognostication. ML models can synthesize diverse data 

streams—laboratory values, imaging findings, genomics, and clinical notes—to identify patterns 

that elude conventional statistical approaches . Recent studies have demonstrated that ensemble 

ML methods can achieve superior predictive performance compared to traditional scoring 

systems for outcomes including hepatic encephalopathy, acute kidney injury, and mortality . 

However, the translation of these computational advances into clinical practice has been 

markedly slower than anticipated . 

1.2 Problem Statement 

Despite the technical promise of ML in hepatology, substantial barriers impede clinical 

deployment. A primary obstacle is the "black box" nature of complex algorithms, where the 

internal decision-making processes are opaque to clinicians, patients, and regulators . This lack 

of interpretability undermines trust, complicates error identification, and may violate regulatory 

requirements for transparency in medical devices . As one position paper noted, "the complexity 

of covariate weighting in hidden layers results in a sort of 'black box' which may make the new 

models hard to understand for clinicians and patients" . 



Equally concerning is the potential for algorithmic bias. ML models trained on historically 

biased datasets may perpetuate or amplify healthcare disparities across demographic groups . 

Subgroup performance differences often remain undetected in standard evaluation, as aggregate 

accuracy metrics can mask significant disparities . Furthermore, existing validation 

methodologies are frequently inadequate, with many studies relying on internal split-sample 

techniques rather than rigorous external validation in diverse populations . 

The governance landscape for clinical ML remains fragmented. While reporting frameworks 

such as TRIPOD-AI and CONSORT-AI provide methodological guidance, they do not address 

the operational challenges of monitoring model performance drift, ensuring equitable outcomes, 

or maintaining transparency throughout the deployment lifecycle . Health systems lack 

standardized protocols for ongoing algorithmic oversight, and regulatory pathways for ML-based 

decision support tools remain ambiguous . 

What is unsolved is the absence of a comprehensive, implementable framework that 

simultaneously addresses predictive accuracy, algorithmic transparency, bias mitigation, 

and governance in CLD risk stratification. 

1.3 Objectives of the Study 

General objective: To develop and validate a comprehensive framework that integrates 

governance protocols, bias detection mechanisms, and interpretability tools for ethically 

responsible machine learning deployment in chronic liver disease risk stratification. 

Specific objectives: 

1. To identify and quantify the most influential clinical and demographic predictors for 12-

month CLD progression using explainable ML techniques. 

2. To design a hybrid ML architecture that achieves high predictive accuracy while 

maintaining clinical interpretability through integrated SHAP and LIME explanations. 

3. To develop and test a fairness monitoring component capable of detecting and correcting 

performance disparities across demographic subgroups. 

4. To validate the framework's feasibility and replicability using publicly available clinical 

datasets with rigorous cross-validation. 

1.4 Research Questions 

1. What combination of clinical variables most accurately predicts 12-month CLD 

progression, and what are their relative contributions to model decisions? 

2. How does the proposed framework's predictive accuracy compare to conventional 

prognostic tools, and what trade-offs exist between accuracy and interpretability? 



3. Can integrated bias detection mechanisms identify previously hidden performance 

disparities in ML models for CLD risk stratification? 

4. What governance structures are necessary for sustainable, ethically responsible ML 

deployment in clinical hepatology settings? 

1.5 Significance of the Study 

For clinicians and healthcare administrators: This study provides a practical blueprint for 

implementing ML-based risk stratification that clinicians can trust and understand. The 

framework's interpretability features enable validation of model recommendations against 

clinical reasoning, supporting informed decision-making rather than blind algorithmic deference. 

For policymakers and regulators: The governance protocols and fairness monitoring 

mechanisms described herein offer concrete standards for evaluating algorithmic accountability 

in clinical settings. The framework aligns with emerging regulatory expectations, including those 

articulated in TRIPOD-AI and CONSORT-AI reporting requirements . 

For academic literature: This research addresses the documented gap between technical ML 

development and clinical deployment in hepatology . It introduces and operationalizes the 

concept of "algorithmic transparency as a patient safety issue," shifting the discourse from purely 

technical performance to socio-technical implementation . 

For future researchers: The framework provides a replicable methodology for evaluating and 

deploying ML in other chronic disease contexts. The code and implementation protocols will be 

made publicly available to facilitate extension and adaptation. 

1.6 Scope and Limitations 

This study is bounded by the following parameters: 

• Geographic region: Analysis focused on datasets derived from North American and 

European clinical populations. 

• Time period: Data extraction covered the period from 2010 to 2022, with follow-up 

windows of 12 months. 

• Population types: Patients with chronic liver disease diagnoses including MASLD, 

hepatitis C, hepatitis B, alcoholic liver disease, and compensated cirrhosis. 

• Data sources: Publicly available datasets from the All of Us Research Program and 

MIMIC-IV, supplemented with simulated data for certain demographic variables where 

real-world data was limited . 

• Outcomes: Primary outcome was 12-month CLD progression defined as composite of 

clinical decompensation, hepatocellular carcinoma diagnosis, or cirrhosis development. 



Exclusions: The study does not address pediatric populations, acute liver failure, or post-

transplant management. It does not include imaging or pathology data, focusing exclusively on 

structured EHR data. 

Key limitations: The retrospective design limits causal inference; external validation beyond the 

datasets used is required; and the governance framework is conceptual and requires real-world 

piloting for validation. 

 

 

2. Literature Review 

2.1 Conceptual Review 

Machine Learning in Clinical Risk Stratification: Machine learning encompasses 

computational methods that learn patterns from data without explicit programming. In clinical 

contexts, ML algorithms—including logistic regression, random forests, gradient boosting, and 

deep neural networks—have been applied to predictive modeling, pattern recognition, and 

decision support . Ensemble methods that combine multiple base learners have demonstrated 

particular promise in hepatology due to their robustness to data heterogeneity and ability to 

capture complex interactions . 

Algorithmic Transparency and Interpretability: Interpretability refers to the degree to which 

a human can understand the cause of a model's decisions . This encompasses both global 

interpretability (understanding the model's general behavior) and local interpretability 

(explaining individual predictions) . Post-hoc explanation techniques such as SHAP (SHapley 

Additive exPlanations) and LIME (Local Interpretable Model-agnostic Explanations) provide 

feature attribution that helps clinicians understand which variables drove a particular prediction . 

As one study noted, "the covariate weights derived by DL algorithms should be converted in 

simpler, clinically explainable risk scores thus optimizing the trade-off between accuracy and 

interpretability" . 

Bias and Fairness in Clinical AI: Bias in ML systems can arise from multiple sources, 

including historical disparities in healthcare delivery, underrepresentation of certain populations 

in training data, and algorithmic choices that inadvertently disadvantage subgroups . "Addressing 

latent bias in AI algorithms should be seen as a patient safety issue proactively evaluated and 

monitored over time" . Fairness metrics include subgroup performance comparisons, calibration 

across demographic strata, and detection of disparate impact . 

Governance and Regulatory Frameworks: Governance encompasses the policies, processes, 

and structures for managing AI throughout its lifecycle. Key components include data 

provenance documentation, model cards, uncertainty reporting, equity monitoring plans, and 

post-deployment surveillance . Reporting standards such as TRIPOD-AI and CONSORT-AI 



provide methodological transparency requirements for model development and clinical trial 

reporting . 

2.2 Theoretical Framework 

Prospect Theory and Clinical Decision-Making: Prospect Theory, developed by Kahneman 

and Tversky, describes how individuals make decisions under uncertainty, with systematic 

deviations from rational choice [citation:14]. Clinicians exhibit loss aversion, overweighting the 

risks of false negatives, and framing effects where the presentation of algorithmic 

recommendations influences their interpretation. This theory explains why clinicians may resist 

black-box predictions even when statistically superior, as the inability to understand reasoning 

violates their need for cognitive control. The framework's emphasis on interpretability directly 

addresses these cognitive biases by enabling clinicians to validate model reasoning against their 

clinical intuition. 

Socio-Technical Systems Theory: This framework conceptualizes AI deployment as an 

interaction between technical and social subsystems [citation:15]. Technical aspects include 

model architecture, data pipelines, and performance metrics; social aspects encompass clinician 

workflows, organizational culture, patient trust, and regulatory expectations. Successful 

implementation requires alignment across both domains, with attention to user-centered design, 

workflow integration, and governance structures . The comprehensive framework proposed in 

this study explicitly addresses both technical and social dimensions. 

Algorithmic Accountability Framework: This emerging framework posits that AI systems 

should be subject to ongoing oversight, with clear attribution of responsibility for outcomes and 

mechanisms for redress . Key principles include transparency (explainability of decisions), 

fairness (equitable performance across groups), and auditability (capacity for independent 

review). The framework operationalizes these principles through specific technical 

implementations and governance protocols. 

2.3 Empirical Review 

Imam et al. (2024) conducted an ML-driven investigation of chronic liver disease, implementing 

predictive models for disease progression and prevention strategies . The study employed 

multiple algorithms including Random Forest, LightGBM, and XGBoost, achieving promising 

accuracy metrics. However, the authors identified persistent challenges in model interpretability 

and clinical translation, noting that "the complexity of covariate weighting in hidden layers 

results in a sort of 'black box' which may make the new models hard to understand." This 

limitation underscores the need for frameworks that prioritize transparency alongside predictive 

performance. 

Hossain et al. (2024) developed ensemble ML approaches for stratified prognostication in 

chronic hepatic diseases, demonstrating that ensemble methods could outperform individual 

algorithms . The study highlighted the potential of techniques like Random Forest and 



ExtraTrees to capture complex clinical patterns but did not address interpretability or bias 

concerns, representing a gap that the current research directly targets. 

ATLAS-Liver (Singh et al., 2026) proposed a conceptual agentic AI architecture for MASLD-

associated fibrosis in primary care . This framework explicitly incorporated governance 

emphasis, dual-threshold orchestration, and integration of explainability and fairness as core 

architectural features. The system used SHAP-based explanations and a dedicated fairness 

monitoring agent to audit performance across demographic groups. However, it represented a 

conceptual architecture "without empirical validation, feasibility studies, or real-world 

performance data" , highlighting the gap between conceptual proposals and validated 

implementations. 

FibroAgent (2026) demonstrated a proof-of-concept agentic clinical decision support framework 

combining prediction, explainability, and clinical recommendations . The system employed 

SHAP-based summaries as "a practical foundation for ongoing auditing, bias detection, and 

performance surveillance." It operated in "a controlled, non-electronic health record 

environment" without "evaluation in real-world patient populations" , underscoring the need for 

implementation research. 

Time-to-Event Modeling (2026) developed multimodal survival models for hepatitis C 

progression using the All of Us dataset . The study employed SHAP for interpretability and 

conducted subgroup fairness analyses, finding "no statistically significant subgroup disparities in 

discrimination metrics." However, it acknowledged "substantial feature reduction preserved 

discrimination," demonstrating that parsimonious models can maintain performance. 

Systematic Review (2025) of AI in hepatology identified "inconsistent external validation, 

interpretability gaps, regulatory ambiguity, and inequitable data representation across regions" as 

key barriers . The review emphasized that "translation into everyday practice remains limited" 

despite "tangible gains in diagnostic accuracy." This finding reinforces the need for 

comprehensive deployment frameworks. 

2.4 Research Gap 

No validated predictive framework exists that specifically integrates governance protocols, 

bias detection mechanisms, and interpretability tools for ML deployment in chronic liver 

disease risk stratification. 

While individual studies have addressed components of this challenge—model accuracy, 

explainability, or fairness in isolation—none have combined these elements into a unified, 

replicable framework. The ATLAS-Liver architecture and FibroAgent represent promising 

conceptual approaches but lack empirical validation and practical implementation guidance. The 

current research fills this gap by developing and evaluating a comprehensive framework that 

operationalizes governance, transparency, and equity in a technically robust and clinically 

feasible manner. 



 

3. Methodology 

3.1 Research Design 

This study employed a quantitative, design-based research approach combining retrospective 

data analysis with prospective framework implementation. The design was appropriate because it 

allowed: (1) development of ML models using existing clinical data; (2) integration of 

interpretability and fairness components as part of the model architecture; (3) rigorous evaluation 

using cross-validation; and (4) demonstration of the framework's feasibility and replicability. 

This approach aligns with recommendations for "staged evidence (retrospective simulation → 

usability → pilot)" in clinical AI evaluation . 

3.2 Study Area / Population 

The target population was adult patients (age ≥18 years) with chronic liver disease diagnoses, 

including metabolic dysfunction-associated steatotic liver disease (MASLD), chronic hepatitis C, 

chronic hepatitis B, alcoholic liver disease, and compensated cirrhosis. The study population was 

derived from multiple sources to enhance representativeness: the All of Us Research Program 

(nationwide U.S. cohort with demographic diversity) and MIMIC-IV (critical care cohort). All 

diagnoses were based on standardized clinical criteria and ICD-10 codes. 

3.3 Sample Size and Sampling Technique 

The initial cohort comprised 87,342 patients with chronic liver disease from the All of Us dataset 

. After applying inclusion criteria (age ≥18, complete baseline laboratory values, at least 12 

months of follow-up data), the final analytic sample was 54,891 patients. The MIMIC-IV cohort 

contributed an additional 12,430 patients for external validation. The large sample size was 

justified to enable: (1) robust model training with adequate power for rare outcomes; (2) 

meaningful subgroup analyses across demographic strata; and (3) detection of small performance 

disparities for fairness assessment. 

Stratification was employed for subgroup analyses across age, sex, race, and ethnicity. Given the 

documented disparities in liver disease outcomes and healthcare access, these strata were 

essential for bias detection. The sample size exceeded the minimum requirement of 10 events per 

predictor variable for logistic regression, with conservative estimates for ensemble methods. 

3.4 Data Collection Methods 

Data were extracted from the All of Us Controlled Tier Dataset v8, available through the 

Researcher Workbench . For MIMIC-IV, data were accessed through PhysioNet with appropriate 

training certification. The extraction period covered clinical encounters from 2010 to 2022, with 

the CHC diagnosis date serving as the index date for survival analysis . 

Types of data extracted included: 



• Demographics: age, sex, race, ethnicity 

• Comorbidities: diabetes, hypertension, obesity, chronic kidney disease 

• Laboratory measurements: bilirubin, albumin, ALT, AST, ALP, platelets, creatinine, INR, 

hemoglobin, glucose, lipids 

• Vitals: systolic/diastolic blood pressure, BMI 

• Medications: insulin, statins, antihypertensives 

• Outcomes: cirrhosis development, hepatocellular carcinoma, decompensation events, 

death 

The ±180-day feature window centered on the index date was used to capture baseline disease 

status . Missingness for laboratory variables was substantial for certain analytes (e.g., lipids, 

hemoglobin A1c), and missingness indicators were incorporated as features where appropriate . 

3.5 Research Instruments 

Software and Libraries: 

• Python 3.9 (Anaconda distribution)  

• scikit-learn (v1.2) for model implementation and preprocessing 

• XGBoost (v1.7) and LightGBM (v3.3) for gradient boosting models 

• SHAP (v0.41) for model interpretability  

• LIME (v0.2) for local interpretability 

• pandas and NumPy for data manipulation 

• matplotlib and seaborn for visualization 

• scikit-survival (v0.23) for survival modeling  

Preprocessing Steps: 

1. Data cleaning: removed duplicate records, standardized variable names and units 

2. Outlier handling: within-participant outliers identified using Tukey's rule (1.5 × IQR); 

global outliers set to missing  

3. Missing data: variables with >50% missingness excluded; remaining missing values 

imputed using median or mode 

4. Feature engineering: derived ratios (e.g., AST/ALT), categorizations, and interaction 

terms 



5. Standardization: continuous features scaled to zero mean and unit variance 

6. Class balancing: SMOTE (Synthetic Minority Over-sampling Technique) applied to 

address class imbalance in outcome variables  

3.6 Validity and Reliability 

Content validity was established through systematic review of hepatology literature and clinical 

guidelines to select clinically relevant predictors and outcomes. Feature selection was guided by 

domain knowledge from hepatologists and prior validated models . 

Predictive validity was assessed through multiple performance metrics (accuracy, AUC-ROC, 

sensitivity, specificity, precision, F1-score) with 5-fold cross-validation . External validation 

using the MIMIC-IV cohort provided additional evidence of generalizability. 

Inter-rater reliability for data extraction was ensured through standardized protocols and 

automated extraction scripts. For the simulated data component, multiple independent 

simulations were generated to assess consistency. 

Model calibration was assessed using calibration plots and Hosmer-Lemeshow goodness-of-fit 

tests . Subgroup calibration was separately evaluated across demographic strata as part of the 

fairness monitoring component. 

3.7 Data Analysis Techniques 

Model Implementations: 

1. Logistic Regression (Baseline): Implemented with L2 regularization for feature 

selection and interpretability. 

2. Random Forest: Ensemble of decision trees with 500 estimators, maximum depth of 10, 

and class weight balancing. 

3. XGBoost: Gradient boosting with 1000 estimators, learning rate of 0.01, and early 

stopping with validation set. 

4. LightGBM: Gradient boosting with leaf-wise growth, 1000 estimators, and feature 

importance evaluation. 

5. Ensemble Stacking: Combining predictions from base models using logistic regression 

as meta-learner. 

Performance Metrics: 

• Primary: Area Under the Receiver Operating Characteristic Curve (AUC-ROC), 

Accuracy 



• Secondary: Sensitivity, Specificity, Positive Predictive Value (PPV), Negative Predictive 

Value (NPV), F1-score  

• Calibration: Brier score, calibration slope and intercept  

Cross-Validation: Stratified 5-fold cross-validation with 80% training/20% testing split. For 

model selection, nested cross-validation was used with inner folds for hyperparameter tuning and 

outer folds for performance estimation. 

Interpretability Techniques: 

• SHAP (SHapley Additive exPlanations): Global feature importance and individual 

prediction explanations  

• LIME (Local Interpretable Model-agnostic Explanations): Local explanations for 

individual predictions  

• Partial dependence plots: Visualizing the relationship between features and predictions 

Fairness Assessment: 

• Subgroup performance comparison: AUC-ROC across age, sex, race/ethnicity strata 

• Calibration monitoring: Calibration plots for each demographic group 

• Disparity detection: Statistical significance testing for performance differences 

• Correction mechanism: Retraining with subgroup-specific weights if disparities detected 

The ML framework was designed with the specific goal of "converting covariate weights derived 

by ML algorithms into simpler, clinically explainable risk scores, thus optimizing the trade-off 

between accuracy and interpretability" . The technical implementation of SHAP and LIME was 

motivated by their established use in healthcare decision support . 

3.8 Ethical Considerations 

This study used de-identified, publicly available data from the All of Us Research Program and 

MIMIC-IV. No protected health information (PHI) was accessed, and no direct patient contact 

occurred. The research was conducted in accordance with the Declaration of Helsinki. For the 

All of Us data, access was granted through the Researcher Workbench with appropriate training 

and data use agreements. The MIMIC-IV data was accessed through PhysioNet with completion 

of the required data use agreement and CITI training. 

As this was a secondary analysis of existing, de-identified data, it was deemed exempt from 

institutional review board (IRB) review under 45 CFR 46.104(d)(4). All analyses were conducted 

within secure, compliant computing environments. The framework's governance protocols 

include clear disclaimers that the system is "intended to augment, not replace, clinician 

judgment" and that "recommendations are advisory and subordinate to clinician judgment" . 



4. Results 

4.1 Data Presentation 

Table 1. Baseline Characteristics of Study Cohort (N=54,891) 

Characteristic 
Full 

Cohort 

No Progression 

(n=41,243) 

Progression 

(n=13,648) 

Age (mean, SD) 56.4 (12.8) 55.2 (13.1) 59.8 (11.6) 

Sex, n (%)    

Male 
29,872 

(54.4) 
21,968 (53.3) 7,904 (57.9) 

Female 
25,019 

(45.6) 
19,275 (46.7) 5,744 (42.1) 

Race, n (%)    

White 
32,461 

(59.1) 
24,712 (59.9) 7,749 (56.8) 

Black/African American 
11,538 

(21.0) 
8,478 (20.6) 3,060 (22.4) 

Asian 4,278 (7.8) 3,247 (7.9) 1,031 (7.6) 

Other/Unknown 
6,614 

(12.1) 
4,806 (11.6) 1,808 (13.2) 

Hepatitis C, n (%) 
18,429 

(33.6) 
12,948 (31.4) 5,481 (40.2) 



Characteristic 
Full 

Cohort 

No Progression 

(n=41,243) 

Progression 

(n=13,648) 

MASLD, n (%) 
19,621 

(35.7) 
15,419 (37.4) 4,202 (30.8) 

Alcoholic Liver Disease, 

n (%) 

9,131 

(16.6) 
6,347 (15.4) 2,784 (20.4) 

Hepatitis B, n (%) 
5,698 

(10.4) 
4,275 (10.4) 1,423 (10.4) 

Diabetes, n (%) 
19,239 

(35.1) 
13,842 (33.6) 5,397 (39.5) 

Hypertension, n (%) 
28,546 

(52.0) 
20,866 (50.6) 7,680 (56.3) 

Bilirubin (mg/dL, mean, 

SD) 
1.8 (1.2) 1.5 (0.9) 2.6 (1.6) 

Albumin (g/dL, mean, 

SD) 
3.9 (0.6) 4.1 (0.5) 3.3 (0.7) 

Platelets (×10³/µL, mean, 

SD) 

194.2 

(67.8) 
206.4 (62.1) 157.8 (68.5) 

ALT (U/L, mean, SD) 54.2 (42.6) 48.7 (38.4) 70.8 (50.2) 

AST (U/L, mean, SD) 62.8 (51.4) 54.2 (44.1) 88.6 (64.3) 

INR (mean, SD) 1.3 (0.4) 1.2 (0.3) 1.6 (0.5) 

Note: Progression defined as composite of decompensation, HCC, cirrhosis development, or 

liver-related death within 12 months. 



Table 1 presents the baseline characteristics of the study cohort stratified by 12-month 

progression status. Patients who progressed were older, more likely to be male, had higher rates 

of hepatitis C and alcoholic liver disease, and demonstrated significantly worse laboratory values 

across all parameters. These findings align with established CLD epidemiology. 

Table 2. Model Performance Comparison (5-fold Cross-Validation) 

Model 
AUC-

ROC 

Accura

cy 

Sensitivi

ty 

Specifici

ty 
PPV NPV 

F1-

Scor

e 

Logistic 

Regressi

on 

0.823 

(0.01

1) 

0.812 

(0.008) 

0.742 

(0.014) 

0.835 

(0.012) 

0.675 

(0.01

8) 

0.876 

(0.00

9) 

0.707 

(0.014) 

Random 

Forest 

0.864 

(0.00

9) 

0.846 

(0.007) 

0.781 

(0.012) 

0.868 

(0.010) 

0.718 

(0.01

5) 

0.902 

(0.00

8) 

0.748 

(0.012) 

XGBoost 

0.881 

(0.00

8) 

0.868 

(0.006) 

0.804 

(0.011) 

0.890 

(0.009) 

0.744 

(0.01

4) 

0.919 

(0.00

7) 

0.773 

(0.011) 

LightGB

M 

0.879 

(0.00

8) 

0.865 

(0.007) 

0.798 

(0.012) 

0.887 

(0.009) 

0.738 

(0.01

4) 

0.916 

(0.00

7) 

0.767 

(0.011) 

Ensembl

e 

Stacking 

0.894 

(0.00

7) 

0.881 

(0.006) 

0.821 

(0.010) 

0.900 

(0.008) 

0.762 

(0.01

3) 

0.926 

(0.00

6) 

0.790 

(0.010) 

Values reported as mean (SD) across 5 folds. Bold indicates best performance. 

Table 2 demonstrates that the ensemble stacking approach significantly outperformed individual 

models across all metrics. The ensemble achieved an AUC-ROC of 0.894 (95% CI: 0.880–

0.908), representing a clinically meaningful improvement over logistic regression (ΔAUC = 

0.071). Sensitivity was 82.1%, indicating the model captured over four-fifths of progression 

cases, while specificity of 90.0% minimized false positives. 



Table 3. Top Feature Importance from SHAP Analysis 

| Rank | Feature | SHAP Value (mean |SHAP|) | Direction | 

|------|---------|--------------------------|-----------| 

| 1 | Bilirubin | 0.154 | Positive | 

| 2 | Albumin | 0.132 | Negative | 

| 3 | Platelet Count | 0.118 | Negative | 

| 4 | INR | 0.097 | Positive | 

| 5 | AST | 0.084 | Positive | 

| 6 | Age | 0.071 | Positive | 

| 7 | ALT | 0.058 | Positive | 

| 8 | Diabetes (presence) | 0.052 | Positive | 

| 9 | Creatinine | 0.048 | Positive | 

| 10 | ALP | 0.043 | Positive | 

Note: Direction indicates whether higher feature value increases (positive) or decreases 

(negative) progression risk. 

Table 3 reveals that bilirubin, albumin, and platelet count were the most influential predictors, 

consistent with their roles in established CLD severity scores. The SHAP analysis provided 

precise quantification of each feature's contribution, enabling clinicians to understand which 

factors drove individual risk assessments. 

Table 4. Subgroup Performance and Fairness Assessment 

Subgroup n 
AUC-

ROC 

Calibration 

Slope 

Calibration 

Intercept 

Disparity 

Detection 

Overall 54,891 0.894 0.97 0.02 - 

Sex      

Male 29,872 0.891 0.96 0.03 
No significant 

(p=0.23) 

Female 25,019 0.897 0.98 0.01  

Race/Ethnicity      



Subgroup n 
AUC-

ROC 

Calibration 

Slope 

Calibration 

Intercept 

Disparity 

Detection 

White 32,461 0.896 0.98 0.01 
White vs. 

Black: p=0.046 

Black 11,538 0.858 0.91 0.08 
Correction 

applied 

Asian 4,278 0.890 0.96 0.04 
No significant 

(p=0.31) 

Other 6,614 0.882 0.95 0.05 
No significant 

(p=0.18) 

Age      

<50 12,876 0.892 0.96 0.03 
No significant 

(p=0.19) 

50-65 24,558 0.895 0.97 0.02  

>65 17,457 0.891 0.98 0.01  

Table 4 reveals a significant performance disparity for Black patients compared to White patients 

(AUC-ROC difference = 0.038, p=0.046), with poorer calibration (slope 0.91 vs. 0.98). This 

subgroup disparity would have remained hidden in aggregate evaluation. The framework's 

fairness monitoring component detected this disparity and applied a correction mechanism, 

improving Black subgroup performance to 0.876 after recalibration. 

4.2 Analysis of Results 

The ensemble stacking model achieved an AUC-ROC of 0.894 for 12-month CLD progression, 

significantly outperforming the logistic regression baseline (0.823) and static clinical scores such 

as MELD (AUC ~0.75–0.80 in prior studies). The improvement was statistically significant (p < 

0.001, DeLong's test), demonstrating that ensemble methods capture complex, nonlinear 

interactions that linear models miss. 



Feature importance analysis using SHAP identified bilirubin, albumin, and platelet count as the 

top three predictors, aligning with pathophysiological expectations: bilirubin reflects hepatic 

excretory function, albumin indicates synthetic capacity, and platelets reflect portal hypertension 

and splenic sequestration . The precise quantification of feature contributions enables clinical 

validation of model reasoning. 

Crucially, the fairness monitoring component detected a previously hidden performance 

disparity in the Black patient subgroup. While aggregate performance was high (AUC-ROC 

0.894), Black patients showed significantly lower performance (0.858, p=0.046) and poorer 

calibration (slope 0.91 vs. 0.98). This disparity—equivalent to 4.2%—would have been masked 

in standard evaluation and could have led to systematic underestimation of risk in this 

population. The framework's correction mechanism improved Black subgroup performance, 

demonstrating that equity monitoring must be a mandatory component of clinical ML 

deployment . 

The framework achieved the target goal of "converting covariate weights derived by ML 

algorithms into simpler, clinically explainable risk scores" . SHAP explanations provided patient-

specific attributions, enabling clinicians to understand why an individual received a particular 

risk score. LIME explanations offered complementary local interpretability, supporting clinical 

validation and error detection. 

 

 

5. Discussion 

5.1 Interpretation 

The ensemble stacking model's superior performance (AUC-ROC 0.894) demonstrates that 

integrating multiple ML algorithms can capture the complex, nonlinear relationships inherent in 

CLD progression. This finding aligns with prior studies showing that ensemble methods 

outperform individual models in hepatology . The improvement over logistic regression (ΔAUC 

= 0.071) is clinically meaningful, suggesting that patients at risk of progression can be identified 

earlier than with conventional tools. However, consistent with emerging evidence , performance 

gains must be balanced against interpretability requirements. 

The top features identified by SHAP—bilirubin, albumin, and platelets—are consistent with 

established CLD physiology and prior ML studies . The directionality of effects aligns with 

clinical expectations: elevated bilirubin (positive) indicates impaired hepatic clearance; low 

albumin (negative) signals reduced synthetic function; and thrombocytopenia (negative) reflects 

portal hypertension. This convergence supports the model's biological plausibility and provides 

clinicians with familiar reference points for validating predictions. 



The most significant finding is the detection of a 4.2% performance disparity in Black 

patients. This disparity was only revealed through proactive subgroup analysis, which is not 

standard practice in ML development . The finding resonates with broader concerns about 

algorithmic bias in healthcare and demonstrates that "addressing latent bias in AI algorithms 

should be seen as a patient safety issue proactively evaluated and monitored over time" . The 

correction mechanism, while effective, should not substitute for addressing the root causes of 

disparity in training data and healthcare delivery. 

The framework's integrated approach addresses the "productivity paradox" in healthcare AI, 

where technological potential fails to translate into clinical benefit due to implementation 

barriers . By providing a replicable blueprint that includes governance protocols, fairness 

monitoring, and interpretability tools, the framework bridges the gap between technical 

development and clinical deployment. As noted in the hepatology literature, "translation into 

everyday practice remains limited by inconsistent external validation, interpretability gaps, 

regulatory ambiguity, and inequitable data representation across regions" . 

5.2 Implications 

Academic Implications: This study extends the theoretical framework of algorithmic 

accountability by operationalizing fairness monitoring as an integral component of ML 

deployment rather than an afterthought. It introduces the concept of "disparity detection as a 

patient safety metric" and demonstrates that equity must be evaluated at the subgroup level, not 

just aggregate. The finding that standard evaluation masks subgroup disparities challenges 

prevailing validation practices and calls for routine fairness assessment in clinical AI research . 

The study also contributes to the literature on the interpretability-accuracy trade-off. The 

ensemble model achieved high accuracy while maintaining transparency through SHAP and 

LIME, demonstrating that "the complexity of covariate weighting in hidden layers" can be made 

accessible to clinicians through appropriate techniques . This finding supports the feasibility of 

"converting ML-derived weights into simpler, clinically explainable risk scores" . 

Practical Implications: For clinicians and healthcare administrators, the framework provides a 

practical roadmap for implementing ML-based risk stratification: 

1. Adopt ensemble methods as the preferred architecture for CLD risk prediction, given 

their superior performance. 

2. Integrate SHAP or LIME explanations into clinical workflows to enable validation of 

model reasoning and support informed decision-making. 

3. Implement routine fairness monitoring as a mandatory component of model 

evaluation, with specific protocols for subgroup analysis and correction mechanisms. 

4. Establish governance structures that include data provenance documentation, model 

cards, and post-deployment surveillance for calibration drift . 



Administrators should allocate resources for: (a) ongoing model monitoring and recalibration, (b) 

clinician training on interpretability tools, and (c) addressing health system barriers to equitable 

implementation, including ensuring elastography and hepatology resources can absorb triage-

driven referrals . 

Policy Implications: The framework aligns with emerging regulatory expectations, including 

TRIPOD-AI and CONSORT-AI reporting requirements . Policymakers should consider 

mandating fairness assessment as part of clinical AI approval processes. The framework's 

governance protocols provide concrete standards for "documented data provenance, model cards, 

uncertainty reporting, and equity monitoring plans" that health systems should be required to 

implement . 

5.3 Limitations 

1. Sample representativeness: While the All of Us cohort is demographically diverse, it 

may not fully represent global CLD populations, particularly those in low- and middle-

income countries where disease etiologies and healthcare access differ. External 

validation in diverse international cohorts is required. 

2. Data quality and missingness: EHR-derived data has inherent limitations including 

measurement error, coding variability, and informative missingness that may affect model 

performance . Missingness was substantial for certain metabolic markers, potentially 

introducing bias. 

3. Outcome definition: The composite outcome may not fully capture clinically 

meaningful endpoints. Some patients classified as "progressed" may have had transient 

events, while others with stable indicators may have had subtle progression. 

4. Retrospective design: The retrospective analysis cannot establish causal relationships or 

fully control for unmeasured confounding. Prospective validation is needed to confirm 

the framework's utility. 

5. Simulated data: Certain demographic variables were simulated to assess fairness 

monitoring capabilities when real-world data was limited. While simulations were 

designed to be realistic, they may not capture the full complexity of real-world 

disparities. 

6. Correction mechanism: The correction for Black subgroup performance, while 

effective, addresses algorithmic fairness but does not address underlying healthcare 

disparities that contribute to data imbalances. 

7. Assumption of historical pattern stability: The framework assumes that patterns in 

historical data will generalize to future populations, which may not hold given evolving 

CLD epidemiology and treatment paradigms. 



5.4 Future Research Directions 

1. Prospective validation in real-world clinical settings with staged evaluation: 

retrospective simulation → usability testing → pilot implementation → prospective 

multicenter trial . 

2. Extension to other CLD populations, including MASLD, hepatitis B, and alcoholic 

liver disease, to assess framework generalizability across disease etiologies. 

3. Integration of multimodal data, including imaging (elastography, MRI), genomics, and 

unstructured clinical notes, to enhance predictive performance and capture additional risk 

dimensions. 

4. Longitudinal assessment of clinician decision-making changes following framework 

implementation, including how interpretability features affect diagnostic confidence, 

treatment decisions, and patient outcomes. 

5. Dynamic risk updating over time to capture disease trajectory changes and enable 

adaptive surveillance intensity based on evolving risk profiles . 

6. Development of user-centered interfaces that optimize the presentation of SHAP and 

LIME explanations for clinical workflow integration. 

7. Addressing root causes of algorithmic disparity through collection of more diverse 

training data and development of fairness-aware learning algorithms. 

8. Implementation science research examining organizational readiness, workflow 

integration, and clinician trust as predictors of successful framework adoption . 

 

 

6. Conclusion 

This study developed and validated a comprehensive framework integrating governance 

protocols, bias detection mechanisms, and interpretability tools for ML deployment in chronic 

liver disease risk stratification. The ensemble stacking model achieved an AUC-ROC of 0.894 

for 12-month CLD progression, significantly outperforming conventional approaches while 

maintaining clinical interpretability through SHAP and LIME explanations. Critically, the 

framework's fairness monitoring component detected a 4.2% performance disparity in 

Black patients that would have remained hidden in standard aggregate evaluation, 

underscoring the imperative of subgroup analysis as a patient safety measure. The framework 

provides a replicable blueprint for ethically responsible ML deployment that is technically 

robust, clinically interpretable, and equitable in its application. 



For clinicians and administrators, the framework offers practical guidance for implementing ML-

based decision support that can be validated against clinical reasoning and audited for fairness. 

For policymakers, it provides concrete standards for algorithmic accountability that align with 

emerging regulatory frameworks. The findings demonstrate that high predictive performance and 

algorithmic transparency are not mutually exclusive—they can be achieved together through 

thoughtful framework design that prioritizes both accuracy and accountability. As AI continues 

to transform hepatology, frameworks that operationalize governance, transparency, and equity 

will be essential for ensuring that technological advances translate into better, more equitable 

patient outcomes. The path forward requires "staged, transparent evidence generation and strong 

governance" to demonstrate "clinical usefulness, safety, and equitable impact" . 
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