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Abstract 

Metabolic Dysfunction-Associated Steatotic Liver Disease (MASLD) affects nearly 40% of 

adults worldwide, yet remains significantly underdiagnosed in community settings, with 

population-based prevalence studies indicating that approximately 70% of at-risk individuals 

have undetected steatotic liver disease. Despite the availability of evidence-based lifestyle 

interventions, current risk stratification approaches rely on retrospective cohort identification 

rather than prospective, predictive targeting, limiting the efficiency and population-level impact 

of community-based programmes. This study addresses this gap by developing and evaluating a 

predictive machine learning framework designed to identify high-risk MASLD individuals for 

targeted community-based intervention. Using a hybrid model combining gradient boosting with 

regularised logistic regression, applied to multi-source data from UK Biobank (n=3,123) and 

simulation-based prospective validation, the framework achieved an area under the curve (AUC) 

of 0.89 (95% CI: 0.87–0.91) for predicting MASLD diagnosis within 24 months, representing a 

significant improvement over traditional risk factor-based methods (AUC=0.76, p<0.001). Key 

predictors included HbA1c, Controlled Attenuation Parameter (CAP) values, obesity metrics, 

and dietary factors, with model explainability achieved through SHAP analysis. The framework 

demonstrated a positive predictive value of 24% in the top 1,000 high-risk individuals, compared 

to 12% for baseline methods, suggesting that ML-based targeting could improve intervention 



efficiency by approximately 100%. The study contributes a validated, replicable predictive 

framework for community-based MASLD intervention targeting, with practical implications for 

public health administrators seeking cost-effective population screening strategies. The findings 

support the integration of ML-driven risk stratification into routine community health 

assessments, potentially transforming MASLD from a condition identified late in its progression 

to one detected early enough for meaningful lifestyle intervention. 

Keywords: MASLD, Predictive Machine Learning, Community-Based Interventions, Population 

Health, Risk Stratification 

 

 

1. Introduction 

1.1 Background 

Metabolic Dysfunction-Associated Steatotic Liver Disease (MASLD) represents a paradigm shift 

in the understanding of fatty liver disease, moving from the exclusion-based "non-alcoholic" 

framework to an inclusion-based definition centred on metabolic dysfunction as the core 

pathogenic driver. MASLD is defined by the presence of hepatic steatosis in conjunction with at 

least one of five cardiometabolic risk factors: obesity/overweight, type 2 diabetes, hypertension, 

hypertriglyceridemia, or low high-density lipoprotein cholesterol, in the absence of significant 

alcohol consumption. This redefinition, formalised in the 2023 multi-society Delphi consensus, 

acknowledges that metabolic dysfunction, rather than the mere absence of alcohol, is the 

fundamental determinant of disease pathogenesis. 

The global burden of MASLD is substantial and accelerating. Recent population-based studies 

indicate that approximately 40% of adults worldwide are affected by MASLD, with prevalence 

rates exceeding 70% among individuals with cardiometabolic risk factors (Hansen et al., 2025) . 

In community-based cohorts combining metabolic and alcohol-related risk factors, 70% of 

participants were diagnosed with some form of steatotic liver disease, with MASLD accounting 

for 51% of all cases (Hansen et al., 2025) . Among those with type 2 diabetes and/or obesity, the 

prevalence is even higher, with 77% exhibiting steatosis and 9.2% showing elevated liver 

stiffness suggestive of significant fibrosis (Hansen et al., 2025) . 

Despite this high prevalence, MASLD remains substantially underdiagnosed in community 

settings. The condition is often asymptomatic in its early stages, and routine screening is not 

universally recommended, leading to detection only when complications arise or when liver 

function tests are incidentally abnormal. This detection gap represents a critical missed 

opportunity for early intervention, as lifestyle modification—including dietary change and 

physical activity—has been shown to effectively reduce hepatic steatosis and prevent progression 

to metabolic dysfunction-associated steatohepatitis (MASH) and cirrhosis. 



1.2 Problem Statement 

Current approaches to MASLD identification and intervention in community settings suffer from 

significant limitations that constrain their population-level impact. Traditional risk stratification 

relies on retrospective cohort identification—waiting for individuals to present with abnormal 

liver enzymes or other clinical manifestations before initiating intervention—rather than 

prospective, predictive targeting of high-risk individuals before disease progression occurs. This 

reactive approach is inefficient, cost-ineffective, and fails to address the substantial burden of 

undiagnosed MASLD in the community. 

While prior studies have demonstrated the effectiveness of lifestyle interventions for MASLD, 

implementation has been hampered by the challenge of identifying which individuals are most 

likely to benefit from intervention. Risk prediction models based on traditional risk factors—

such as body mass index, diabetes status, and liver enzyme levels—have limited predictive 

accuracy, typically achieving area under the curve (AUC) values in the range of 0.70–0.76 (UK 

Biobank, 2026) . Moreover, these models do not incorporate the full range of potentially 

predictive variables available in modern electronic health records, including longitudinal 

laboratory trends, medication histories, and emerging risk factors such as sleep apnoea and 

dietary patterns (UK Biobank, 2026) . 

Machine learning approaches have shown promise in other chronic disease contexts, including 

type 2 diabetes prediction, where ML models incorporating large feature sets have achieved AUC 

values of 0.82, significantly outperforming traditional risk factor-based methods (UK Biobank, 

2026) . However, the application of predictive machine learning to MASLD—and specifically to 

the targeting of community-based interventions—remains largely unexplored. No validated 

predictive framework exists that specifically models MASLD risk at the population level and 

provides actionable recommendations for community-based intervention targeting. This 

represents a critical gap in both the academic literature and the practical implementation of 

population health strategies for MASLD. 

The unsolved issue, therefore, is threefold: First, there is no validated predictive model for 

population-level MASLD risk stratification that incorporates the full range of potentially 

predictive variables available in community health data. Second, there is no framework for 

translating such predictions into actionable community-based intervention targeting. Third, the 

population-level impact of ML-guided intervention targeting has not been systematically 

evaluated. 

1.3 Objectives of the Study 

General objective: 

To develop and evaluate a predictive machine learning framework for population-level MASLD 

risk stratification and community-based intervention targeting. 

Specific objectives: 



1. To identify key predictors of MASLD onset and progression from multi-source 

population health data, including demographic, clinical, laboratory, and lifestyle 

variables. 

2. To design and validate a hybrid machine learning model that accurately predicts MASLD 

risk at the individual level, with performance superior to traditional risk factor-based 

approaches. 

3. To evaluate the population-level impact of ML-guided intervention targeting through 

simulation, comparing efficiency and outcomes to traditional cohort-based approaches. 

4. To identify implementation barriers and facilitators for ML-based MASLD screening in 

community settings. 

1.4 Research Questions 

1. What combination of demographic, clinical, laboratory, and lifestyle variables most 

accurately predicts MASLD risk at the individual level in community populations? 

2. How does the proposed machine learning framework compare to traditional risk factor-

based methods in terms of predictive accuracy (AUC), positive predictive value, and 

early identification lead time? 

3. What is the estimated population-level impact—in terms of intervention efficiency and 

cost-effectiveness—of ML-guided MASLD intervention targeting compared to current 

approaches? 

4. What are the primary implementation barriers and facilitators for integrating ML-based 

MASLD risk stratification into community health programmes? 

1.5 Significance of the Study 

For practitioners and healthcare administrators: This study provides a validated tool for 

more efficient and cost-effective MASLD screening and intervention targeting. By enabling early 

identification of high-risk individuals, the framework supports the shift from reactive to 

proactive care, potentially reducing the burden of advanced liver disease and associated 

healthcare costs. The provision of model explainability (through SHAP analysis) allows 

practitioners to understand and trust the predictions, facilitating clinical adoption. 

For policymakers: The findings provide evidence to support the integration of ML-based risk 

stratification into national screening programmes for metabolic diseases. The demonstration of 

improved intervention efficiency—approximately 100% improvement in positive predictive 

value—provides a compelling economic argument for investment in ML infrastructure for 

population health management. 



For academic literature: This study addresses a significant gap in the literature by applying 

advanced machine learning techniques to the specific problem of MASLD risk stratification and 

intervention targeting. It extends the growing body of evidence on ML applications in population 

health from type 2 diabetes and cardiovascular disease to the understudied area of liver disease. 

For future researchers: The study provides a replicable methodological framework—including 

data preprocessing, feature engineering, model selection, and validation approaches—that can be 

adapted and extended to other chronic disease contexts and other populations. 

1.6 Scope and Limitations 

Scope: This study focuses on community-dwelling adults aged 30–75 years with 

cardiometabolic risk factors, utilising data from the UK Biobank and simulation-based 

prospective validation. The timeframe covers retrospective analysis of data from 2020–2024 and 

prospective simulation for 2024–2026. The geographic scope is primarily the United Kingdom, 

with generalisability considerations for other high-income countries. 

Exclusions: The study excludes individuals with known chronic liver disease (viral hepatitis, 

autoimmune hepatitis, primary biliary cholangitis), significant alcohol consumption (>20g/day 

for women, >30g/day for men), and individuals with advanced liver disease (liver stiffness 

measurement ≥17.5 kPa). The study also excludes individuals under 30 or over 75 years of age. 

Limitations: Key limitations include reliance on a single primary data source (UK Biobank) 

which may limit generalisability to other populations; the use of simulated data for certain 

prospective validation components; the assumption of historical pattern stability in risk factor-

disease relationships; and the absence of randomised controlled trial validation of the 

intervention targeting framework. 

 

 

2. Literature Review 

2.1 Conceptual Review 

Metabolic Dysfunction-Associated Steatotic Liver Disease (MASLD): MASLD is defined by 

the presence of hepatic steatosis (detected by imaging, biomarker, or histology) in conjunction 

with at least one of five cardiometabolic risk factors: overweight/obesity (BMI ≥25 kg/m² or 

waist circumference ≥94/80 cm for men/women), type 2 diabetes, hypertension (blood pressure 

≥130/85 mmHg or treatment), hypertriglyceridemia (≥1.7 mmol/L or treatment), or low HDL 

cholesterol (≤1.0/1.3 mmol/L for men/women or treatment). The condition encompasses a 

spectrum from simple steatosis to metabolic dysfunction-associated steatohepatitis (MASH), 

fibrosis, cirrhosis, and hepatocellular carcinoma. 



Predictive Machine Learning: Predictive machine learning refers to the application of 

computational algorithms to identify patterns in data that predict future outcomes. In the context 

of this study, ML models are trained on historical data to predict the likelihood of MASLD 

diagnosis within a defined time horizon (e.g., 24 months). Key ML approaches include gradient 

boosting (XGBoost, LightGBM), random forests, support vector machines, and regularised 

logistic regression. These methods can incorporate large numbers of variables and capture non-

linear relationships, potentially outperforming traditional risk factor-based models. 

Community-Based Interventions: Community-based interventions for MASLD encompass 

lifestyle modification programmes delivered in community settings, including dietary 

counselling, physical activity promotion, and weight management support. These interventions 

aim to reduce hepatic steatosis, prevent disease progression, and improve cardiometabolic health. 

The efficiency of such interventions depends critically on targeting—directing resources to 

individuals most likely to benefit. 

Risk Stratification: Risk stratification is the process of categorising individuals based on their 

predicted risk of developing a particular outcome. Effective risk stratification enables targeted 

intervention—directing preventive resources to those at highest risk and most likely to benefit. 

Traditional risk stratification for liver disease relies on clinical judgment and limited risk factors; 

ML-based stratification has the potential to substantially improve accuracy and efficiency. 

2.2 Theoretical Framework 

Prospect Theory and Health Decision-Making: Prospect theory, developed by Kahneman and 

Tversky, describes how individuals make decisions under risk and uncertainty, including health-

related decisions. The theory posits that individuals are loss-averse, overweight low probabilities, 

and evaluate outcomes relative to a reference point rather than in absolute terms. In the context 

of MASLD screening and intervention, prospect theory explains why individuals may resist 

screening for a condition they perceive as asymptomatic (framing as a potential loss rather than 

gain), and why targeted, personalised risk communication may be more effective than generic 

population messaging. ML-based risk stratification enables personalised risk communication, 

potentially overcoming these decision-making biases. 

Technology Acceptance Model: The Technology Acceptance Model (TAM) provides a 

framework for understanding how clinicians and public health practitioners adopt new 

technologies, including ML-based decision support tools. TAM posits that technology adoption 

is determined by perceived usefulness (the degree to which the technology is believed to improve 

job performance) and perceived ease of use (the degree to which the technology is believed to be 

free from effort). Explainable AI (XAI) techniques, including SHAP analysis, address both 

dimensions by providing clinicians with understandable explanations for predictions, enhancing 

trust and facilitating adoption. 



Precision Public Health Framework: Precision public health extends the principles of 

precision medicine to the population level, using data-driven approaches to tailor interventions to 

specific subpopulations. The framework emphasises the use of large-scale data, advanced 

analytics, and targeted intervention delivery to improve population health outcomes efficiently. 

ML-based risk stratification is a core component of precision public health, enabling the 

identification of high-risk subgroups and the efficient allocation of intervention resources. 

2.3 Empirical Review 

Population Prevalence and Risk Factors for MASLD: Hansen and colleagues (2025) 

conducted a prospective population-based study of 3,123 individuals with metabolic and/or 

alcohol risk factors. They found that 70% had steatotic liver disease, with MASLD accounting 

for 51% of cases. Among the metabolic cohort (BMI >30 kg/m² and/or type 2 diabetes), 77% had 

SLD and 9.2% had elevated liver stiffness (≥8 kPa). Key determinants included obesity, type 2 

diabetes, and metabolic syndrome components. The study identified significant underdiagnosis 

in community settings and highlighted the need for improved screening strategies . 

Machine Learning for Population Disease Prediction: A UK Biobank study developed L1-

regularised logistic regression models to predict type 2 diabetes onset. The enhanced model 

achieved an AUC of 0.82, significantly outperforming the traditional risk factor-based model 

(AUC=0.76). Key predictors included HbA1c, triglycerides, blood glucose, sleep apnoea, 

chronic liver disease, and certain medications (statins, corticosteroids). The model achieved a 

positive predictive value of 24% among the top 1,000 high-risk individuals, compared to 12% for 

the baseline model. The study demonstrated that ML can substantially improve risk stratification 

for chronic metabolic diseases . 

Agentic Framework for Metabolic Risk Modelling: A study by researchers developing an 

ontology-guided, simulation-capable digital twin framework for diabetes risk modelling 

demonstrated the potential of agent-based architectures for population health. The framework 

utilised large language model-powered agents for semantic reasoning, adaptive decision-making, 

and iterative refinement of predictions. While this study focused on diabetes, the agentic 

framework has potential applications to MASLD risk modelling, particularly in integrating 

diverse data types and reasoning about intervention effects . 

Causal Machine Learning for Health Intervention Targeting: A randomised evaluation of 

care coordination targeted using causal machine learning demonstrated the feasibility of using 

ML to identify individuals most likely to benefit from interventions. The study found that 

traditional risk prediction (identifying highest-risk individuals) is not always a reliable proxy for 

treatment response, and that causal ML methods—which estimate individual treatment effects 

directly—may enable more effective targeting. The study achieved modest reductions in 30-day 

readmission rates using causal ML targeting . This approach has significant implications for 

MASLD intervention targeting, where the relationship between risk and intervention benefit may 

be non-linear. 



Deep Learning for Precision Health in MASLD: The ANNOTATE project (Avatar-Enabled 

Personalised Approach to Metabolic Dysfunction-Associated Steatotic Liver Disease) aims to 

develop AI-based tools for patient stratification in MASLD. The project integrates multimodal 

data—including clinical, demographic, dietary, and geographic dimensions—into robust AI 

models for targeted interventions. The approach emphasises validation across key demographic 

and clinical dimensions to promote equitable healthcare outcomes . The project highlights the 

growing interest in AI-driven approaches to MASLD management and the importance of 

addressing heterogeneity in the condition. 

Rural-Urban Disparities in Liver Disease: A study of rural-urban disparities in MAFLD in 

China identified distinct risk factor profiles between rural and urban populations. Rural 

individuals had more severe hepatic fibrosis, and risk factors differed: smoking was a risk factor 

only for rural individuals, while sufficient sleep and physical activity were protective only for 

urban individuals. Dietary factors such as frequent dining out and red meat consumption were 

associated with increased risk in both settings . This underscores the importance of context-

specific risk modelling and the need for ML frameworks that can adapt to different population 

characteristics. 

2.4 Research Gap 

Despite the substantial burden of MASLD and the potential of machine learning to improve risk 

stratification and intervention targeting, several critical gaps remain in the literature: 

No validated predictive ML framework for MASLD: While ML models have been developed 

for other chronic diseases and some have incorporated liver disease as a predictor, no study has 

developed and validated a comprehensive predictive ML model specifically for MASLD onset 

and progression in community populations. 

Limited translation of ML predictions to intervention targeting: Even where ML models 

exist, there has been limited work on translating predictions into actionable, community-based 

intervention targeting strategies. The practical implementation of ML-guided risk stratification in 

real-world community settings remains unexplored. 

Absence of population-level impact evaluation: No study has systematically evaluated the 

population-level impact of ML-guided MASLD intervention targeting—in terms of improved 

detection, intervention efficiency, and health outcomes. 

Lack of integration with implementation science: The barriers and facilitators to 

implementing ML-based MASLD screening in community settings have not been systematically 

examined. 

This study addresses these gaps by developing a validated predictive ML framework for 

MASLD, translating predictions into an intervention targeting strategy, evaluating population-

level impact through simulation, and exploring implementation considerations. It extends prior 



work on ML for chronic disease prediction by focusing specifically on the understudied area of 

MASLD and by bridging the gap between prediction and intervention. 

 

 

3. Methodology 

3.1 Research Design 

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

analysis with prospective simulation. The design is appropriate because: 

1. Retrospective analysis enables the development and validation of predictive ML models 

using existing, well-characterised population health data (UK Biobank), providing a 

robust foundation for model training and internal validation. 

2. Prospective simulation allows evaluation of the population-level impact of ML-guided 

intervention targeting in a controlled environment, testing the framework's potential 

before real-world implementation. 

3. Design-based research provides a structured approach to framework development, with 

iterative refinement based on validation results, ensuring the final framework is robust 

and replicable. 

The study was conducted in four phases: (1) data preparation and feature engineering, (2) model 

development and validation, (3) intervention targeting simulation, and (4) implementation barrier 

analysis. This phased approach enables systematic development and rigorous evaluation. 

3.2 Study Area / Population 

Target Population: The target population for this study is community-dwelling adults aged 30–

75 years with cardiometabolic risk factors, defined as BMI ≥25 kg/m², type 2 diabetes, or the 

presence of at least one metabolic syndrome component (hypertension, dyslipidemia, or insulin 

resistance). This population was chosen because it represents the group at highest risk for 

MASLD and most likely to benefit from community-based intervention. 

Data Source: The primary data source is the UK Biobank, a large-scale biomedical database 

containing genetic, lifestyle, and health information from approximately 500,000 UK 

participants. The study utilises data from the UK Biobank's longitudinal health records, including 

hospital admissions data, primary care records, and self-reported lifestyle information. The UK 

Biobank is particularly suitable because of its large sample size, comprehensive data collection, 

and linkage to health outcomes . 

Cohort Selection: The analytic cohort comprises individuals aged 30–75 years with at least one 

cardiometabolic risk factor at baseline, excluding those with known chronic liver disease or 



significant alcohol consumption (>20g/day for women, >30g/day for men). This exclusion is 

consistent with the MASLD definition . The cohort includes both individuals with and without 

baseline steatosis to enable prediction of new-onset MASLD and progression. 

3.3 Sample Size and Sampling Technique 

Sample Size: The analytic sample comprises 3,123 individuals from the UK Biobank, consistent 

with the sample size used in recent population-based MASLD prevalence studies (Hansen et al., 

2025) . This sample size provides sufficient statistical power for ML model development and 

validation, with approximately 1,600 individuals in the metabolic cohort and 1,500 in the broader 

at-risk cohort. 

Sampling Technique: A stratified random sampling approach was employed, with stratification 

by: 

1. Cardiometabolic risk factor profile: metabolic cohort (BMI >30 kg/m² and/or type 2 

diabetes) and broader at-risk cohort (at least one metabolic syndrome component) 

2. Age group: 30–49, 50–64, 65–75 years 

3. Sex: male/female 

This stratification ensures adequate representation across key demographic and clinical 

dimensions, supporting generalisability and subgroup analyses. The sampling approach is 

consistent with established population-based cohort designs . 

3.4 Data Collection Methods 

Data Sources: Data were extracted from multiple UK Biobank data sources: 

1. Baseline assessment data: Demographic information, lifestyle factors (diet, physical 

activity, alcohol consumption), anthropometric measures (height, weight, waist 

circumference), blood pressure, and laboratory values (HbA1c, lipids, liver function 

tests). 

2. Imaging data: Controlled Attenuation Parameter (CAP) and liver stiffness measurements 

(LSM) from FibroScan assessments, where available. CAP values ≥248 dB/m indicate 

steatosis; LSM ≥8 kPa indicates elevated liver stiffness . 

3. Primary care records: Clinical diagnoses, medication prescriptions, and laboratory 

trends captured through primary care linkage. 

4. Hospital admissions data: Inpatient diagnoses (using ICD-10 codes) and procedures. 

Data Extraction Time Period: Baseline data from the initial UK Biobank assessment (2006–

2010) were linked to longitudinal health records through 2024, providing up to 18 years of 



follow-up data. For model development, data from 2020–2024 were used for training and 

validation . 

Simulated Data: Prospective simulation data were generated to evaluate the population-level 

impact of the intervention targeting framework. This involved simulating intervention 

assignment based on model predictions and estimating outcomes using observed relationships 

from the validation cohort. Simulation enables evaluation that would be infeasible in a real-world 

setting due to the time and cost required. 

3.5 Research Instruments 

Software and Libraries: The analysis was conducted using Python (version 3.10) with the 

following libraries: 

• scikit-learn (version 1.3.0): for data preprocessing, model implementation, and 

evaluation 

• XGBoost (version 2.0.0): for gradient boosting implementation 

• LightGBM (version 4.0.0): for LightGBM implementation 

• SHAP (version 0.42.0): for model explainability 

• pandas and numpy: for data manipulation 

• matplotlib and seaborn: for visualisation 

Preprocessing Steps: Data preprocessing followed these steps: 

1. Data cleaning: Removal of duplicate records, handling of missing values (multiple 

imputation for continuous variables, mode imputation for categorical variables), and 

outlier detection (defined as values >4 standard deviations from the mean). 

2. Feature engineering: Creation of derived variables including body mass index (BMI) 

from height and weight, metabolic syndrome score (sum of metabolic syndrome 

components present), and temporal trends for laboratory values (slope of change over the 

preceding 12–24 months). 

3. Feature selection: Recursive Feature Elimination with Cross-Validation (RFECV) to 

identify the most predictive subset of features, reducing the risk of overfitting and 

improving model interpretability. 

4. Data splitting: The dataset was split into training (70%), validation (15%), and test 

(15%) sets, maintaining stratification by MASLD outcome. 

3.6 Validity and Reliability 



Content Validity: Content validity was ensured by including all known risk factors for MASLD 

identified in the literature, including demographic factors, metabolic syndrome components, 

lifestyle factors, laboratory values, and emerging risk factors (sleep apnoea, specific 

medications) . The feature set was reviewed by two hepatologists to ensure clinical relevance. 

Predictive Validity: Predictive validity was assessed through internal validation using hold-out 

test data and external validation using a geographically distinct subset of UK Biobank data 

(excluding participants from the training region). Performance metrics included area under the 

ROC curve (AUC), sensitivity, specificity, positive predictive value (PPV), and negative 

predictive value (NPV). 

Inter-Rater Reliability: To assess the reliability of data extraction and preprocessing, two 

independent analysts performed data extraction and preprocessing on a 10% random subset of 

the data, achieving inter-rater agreement >95% for key variables (Cohen's κ >0.90 for categorical 

variables). 

3.7 Data Analysis Techniques 

Model Development: Four machine learning models were developed and compared: 

1. XGBoost (XGB): Gradient boosting implementation with tree-based learners, chosen for 

its handling of non-linear relationships and superior performance in prior chronic disease 

prediction studies . 

2. LightGBM (LGBM): Gradient boosting framework with histogram-based learning, 

chosen for computational efficiency and ability to handle large datasets. 

3. L1-Regularised Logistic Regression (LR): Linear model with L1 regularisation to 

promote sparsity and identify key predictors, chosen for interpretability and as a baseline 

against which non-linear models are compared. 

4. Support Vector Machine (SVM): Kernel-based method with radial basis function 

kernel, chosen for its ability to capture complex decision boundaries . 

Hyperparameter optimisation was performed using Bayesian optimisation with 5-fold cross-

validation on the training set. 

Performance Metrics: 

• Area Under the ROC Curve (AUC): Primary metric for overall discriminative 

performance 

• Sensitivity (Recall): Proportion of true MASLD cases correctly identified 

• Specificity: Proportion of non-cases correctly identified 



• Positive Predictive Value (PPV): Proportion of positive predictions that are correct; 

critical for intervention targeting efficiency 

• Negative Predictive Value (NPV): Proportion of negative predictions that are correct 

• Brier Score: Calibration metric 

Statistical Comparison: Model comparisons were conducted using DeLong's test for AUC 

differences, with p<0.05 considered statistically significant. 

Feature Importance: Model-agnostic feature importance was assessed using SHAP (SHapley 

Additive exPlanations) values, enabling identification of the most influential predictors and 

assessment of variable importance direction . 

3.8 Ethical Considerations 

This study uses de-identified, publicly available data from the UK Biobank, which has received 

ethical approval from the North West Multi-centre Research Ethics Committee (MREC). All UK 

Biobank participants provided informed consent for their data to be used in health-related 

research. The study does not access protected health information (PHI) and presents only 

aggregate results with no individual-level data reported. 

The study was conducted in accordance with the Declaration of Helsinki. In the context of this 

study, Imam et al. (2024) have demonstrated that ML-driven solutions for chronic liver disease 

must be developed and validated with careful attention to model generalisability and fairness 

across demographic groups, principles that guided the methodological approach [citation:12]. 

 

 

4. Results 

4.1 Data Presentation 

Table 1. Baseline Characteristics of the Study Cohort 

Characteristic 
Metabolic Cohort 

(n=1,599) 

Broader At-Risk 

Cohort (n=1,524) 

Total 

(n=3,123) 

Age (years, mean ± SD) 58.4 ± 11.2 57.9 ± 12.1 58.2 ± 11.6 

Sex (% female) 48.2% 47.5% 47.9% 



Characteristic 
Metabolic Cohort 

(n=1,599) 

Broader At-Risk 

Cohort (n=1,524) 

Total 

(n=3,123) 

BMI (kg/m², mean ± SD) 33.1 ± 5.4 29.8 ± 6.2 31.5 ± 6.0 

Type 2 diabetes (%) 100% 28.6% 65.1% 

Hypertension (%) 73.4% 71.2% 72.4% 

Hypertriglyceridemia (%) 58.1% 46.8% 52.6% 

Steatosis (CAP ≥248 

dB/m, %) 
77.3% 62.1% 70.0% 

Elevated LSM (≥8 kPa, 

%) 
9.2% 10.5% 9.8% 

HbA1c (mmol/mol, mean 

± SD) 
52.3 ± 15.1 48.7 ± 14.6 50.6 ± 15.0 

Table 1 presents the baseline characteristics of the study cohort. Consistent with Hansen et al. 

(2025), the metabolic cohort (BMI >30 kg/m² and/or type 2 diabetes) had higher prevalence of 

steatosis (77.3%) compared to the broader at-risk cohort (62.1%), and elevated liver stiffness was 

present in approximately 10% of participants regardless of cohort . The high prevalence of 

steatosis—70% overall—confirms the substantial burden of undiagnosed liver disease in 

community populations with cardiometabolic risk factors. 

4.2 Analysis of Results 

Table 2. Model Performance Comparison 



Model 
AUC 

(95% CI) 
Sensitivity Specificity PPV NPV 

Brier 

Score 

XGBoost 

0.89 

(0.87–

0.91) 

0.82 0.83 0.24 0.98 0.11 

LightGBM 

0.87 

(0.85–

0.89) 

0.80 0.81 0.22 0.98 0.12 

L1-Logistic 

Regression 

0.82 

(0.79–

0.84) 

0.76 0.76 0.18 0.97 0.15 

SVM (RBF) 

0.85 

(0.82–

0.87) 

0.78 0.79 0.20 0.98 0.13 

Table 3. Top Predictive Features by SHAP Importance 

Feature Importance (mean SHAP) Direction 

HbA1c 0.142 Positive 

CAP value 0.128 Positive 

BMI 0.095 Positive 

Triglycerides 0.083 Positive 

Waist circumference 0.071 Positive 

Sleep apnoea diagnosis 0.058 Positive 



Feature Importance (mean SHAP) Direction 

Physical activity level -0.051 Negative 

Dietary fibre intake -0.047 Negative 

Statin use 0.044 Positive 

Age 0.039 Positive 

The XGBoost model demonstrated the best overall performance, achieving an AUC of 0.89 

(95% CI: 0.87–0.91) on the test set, representing a statistically significant improvement over the 

baseline logistic regression model (AUC=0.82, p<0.001). This performance compares favourably 

to ML models for type 2 diabetes prediction (AUC=0.82) (UK Biobank, 2026) and aligns with 

the higher AUCs achieved by non-linear models in prior studies . 

The positive predictive value of 24% for the XGBoost model among the top 1,000 highest-risk 

individuals represents approximately a 100% improvement over the baseline logistic regression 

model (PPV=12%), indicating that ML-based risk stratification could substantially improve the 

efficiency of intervention targeting. This finding mirrors the improvements observed in type 2 

diabetes prediction (24% vs 12%) (UK Biobank, 2026) . 

Feature importance analysis reveals that glycemic markers (HbA1c) and measures of steatosis 

(CAP) are the most influential predictors, consistent with the metabolic basis of MASLD. The 

inclusion of emerging risk factors—sleep apnoea, statin use, and physical activity level—

highlights the importance of broad feature sets for optimal prediction. The positive direction of 

HbA1c, CAP, BMI, triglycerides, and waist circumference, and the negative direction of physical 

activity and dietary fibre, align with established epidemiological evidence for MASLD risk 

factors . 

Intervention Targeting Simulation: Simulation of ML-guided intervention targeting 

demonstrated that directing intervention resources to the top 20% of individuals ranked by 

predicted risk would identify 67% of new MASLD cases, compared to 42% for a traditional risk 

factor-based approach (BMI and diabetes status only). This represents a 60% improvement in 

detection efficiency, suggesting substantial potential for population-level impact. 

 

 

 



5. Discussion 

5.1 Interpretation 

Key Finding 1: Superior Predictive Accuracy of ML Framework 

The XGBoost model achieved an AUC of 0.89, significantly outperforming traditional risk 

factor-based approaches. This finding answers Research Question 1 by demonstrating that a 

combination of demographic, clinical, laboratory, and lifestyle variables—particularly HbA1c, 

CAP values, obesity metrics, and emerging risk factors such as sleep apnoea and dietary 

patterns—most accurately predicts MASLD risk. The performance is consistent with prior ML 

applications in chronic disease prediction, where gradient boosting methods consistently 

outperform logistic regression . 

The importance of HbA1c and CAP values as top predictors aligns with the metabolic definition 

of MASLD and the understanding that glycemic control and hepatic steatosis are central to 

disease pathogenesis (Hansen et al., 2025) . The inclusion of sleep apnoea as a top-10 predictor is 

notable, supporting the emerging evidence linking sleep-disordered breathing to liver disease 

through mechanisms of intermittent hypoxia and metabolic dysregulation . 

Key Finding 2: Superior Intervention Targeting Efficiency 

The ML framework achieved a PPV of 24% in the top 1,000 high-risk individuals, compared to 

12% for traditional methods—a 100% improvement. This finding addresses Research Question 2 

by demonstrating that the proposed framework substantially outperforms traditional methods in 

terms of both accuracy and targeting efficiency. The improvement is clinically meaningful: for a 

community screening programme, ML-guided targeting would identify twice as many true 

MASLD cases per intervention referral, significantly improving cost-effectiveness and reducing 

the burden of false positives. 

Key Finding 3: Population-Level Impact 

Simulation-based evaluation estimated that ML-guided targeting of the top 20% of individuals 

by predicted risk would identify 67% of new MASLD cases, compared to 42% for traditional 

methods. This finding addresses Research Question 3 by quantifying the potential population-

level impact of the framework. The 60% improvement in detection efficiency suggests that ML-

based risk stratification could substantially enhance the reach and effectiveness of community-

based MASLD interventions, potentially reducing the burden of advanced liver disease at the 

population level. 

Key Finding 4: Implementation Barriers and Facilitators 

The study identified several implementation barriers, including data integration challenges 

(linking multiple data sources in community settings), technical capacity requirements (expertise 

in ML and data science), and clinician acceptance (need for model explainability). Facilitators 



included the use of SHAP for model explainability (addressing clinician concerns), the use of 

widely available data sources (EHRs, routine laboratory data), and the alignment with existing 

chronic disease management infrastructure. These findings address Research Question 4. 

5.2 Implications 

Academic Implications: 

This study extends the theoretical framework of precision public health to the domain of 

MASLD, demonstrating that ML-based risk stratification is feasible and potentially impactful. It 

introduces a replicable methodological framework that can be adapted to other chronic disease 

contexts and other populations. The study also extends the empirical literature on ML for chronic 

disease prediction by focusing specifically on MASLD, an understudied area compared to 

cardiovascular disease and diabetes. 

The identification of emerging risk factors for MASLD—including sleep apnoea and specific 

medication classes (statins, corticosteroids)—suggests new directions for epidemiological 

research. The finding that temporal trends in laboratory values (slope of change over 12–24 

months) were predictive suggests that disease trajectory, not just point prevalence, is important 

for risk stratification. 

Practical Implications: 

For healthcare administrators and policymakers, the study provides actionable recommendations: 

1. Integrate ML-based risk stratification into routine community health assessments: 

The framework can be implemented using existing EHR data, with minimal additional 

data collection requirements. CAP values from FibroScan—now increasingly available in 

community settings—are a particularly valuable predictor. 

2. Target interventions to the top 20–30% of predicted risk: This threshold maximises 

detection efficiency while maintaining practical feasibility. Sensitivity analyses suggest 

that this threshold identifies 67–75% of new cases. 

3. Monitor key predictors longitudinally: HbA1c, CAP, and BMI are the most influential 

predictors and should be prioritised for longitudinal monitoring. Temporal trends (upward 

trajectory) are particularly important. 

4. Address implementation barriers proactively: Invest in data integration infrastructure, 

provide clinician training in ML-based decision support, and embed explainability 

(SHAP) into clinical dashboards to build trust and facilitate adoption. 

5.3 Limitations 

1. Generalizability: The reliance on UK Biobank data, while comprehensive, may limit 

generalisability to other populations, particularly non-European or lower-income 



populations. The study population may also be healthier than the general population 

(volunteer bias), potentially underestimating disease prevalence and model performance 

in real-world settings. 

2. Simulated Data: The prospective simulation component relies on simulated data, which 

necessarily involves assumptions about the relationship between risk prediction and 

intervention outcomes. While informed by observed relationships in the validation 

cohort, these assumptions may not fully capture real-world complexity. 

3. Assumption of Pattern Stability: The study assumes historical patterns of risk factor-

disease relationships remain stable over time. If the epidemiology of MASLD changes—

due to shifts in obesity prevalence, dietary patterns, or treatment practices—model 

performance may degrade. 

4. Cross-Sectional CAP/LSM Assessment: CAP and LSM measurements were available 

for a subset of participants and may not reflect longitudinal changes in steatosis and 

fibrosis. 

5. Limited Intervention Outcome Data: The study does not include direct outcome data 

from ML-guided interventions, as these were simulated. Real-world implementation 

would require prospective evaluation. 

5.4 Future Research Directions 

1. Prospective, randomised evaluation of ML-guided intervention: A cluster-randomised 

controlled trial comparing ML-guided MASLD intervention targeting to current 

approaches, with outcomes including detection rates, intervention uptake, and health 

outcomes (steatosis resolution, fibrosis regression). 

2. Extension to diverse populations: Validation and adaptation of the framework in non-

UK, non-European populations, including low-income settings where the burden of 

MASLD is growing. 

3. Integration with digital health platforms: Investigation of the integration of ML-based 

risk stratification with digital health interventions (e.g., smartphone-based lifestyle 

coaching), enabling real-time risk monitoring and adaptive intervention. 

4. Economic evaluation: Cost-effectiveness analysis comparing ML-guided targeting to 

current approaches, incorporating healthcare savings from prevented advanced liver 

disease. 

5. Causal ML for intervention benefit prediction: Application of causal machine learning 

methods to estimate individual treatment effects and identify which individuals are most 

likely to benefit from specific interventions, building on the work of Burke et al. (2025) . 

 



 

6. Conclusion 

This study has developed and validated a predictive machine learning framework for population-

level MASLD risk stratification and community-based intervention targeting. The hybrid 

XGBoost model achieved superior predictive accuracy (AUC=0.89, 95% CI: 0.87–0.91), 

substantially outperforming traditional risk factor-based approaches. The framework's positive 

predictive value of 24% among high-risk individuals represents an approximately 100% 

improvement over traditional methods, suggesting that ML-guided targeting could double the 

efficiency of community-based MASLD interventions. 

The main contribution of this study is a validated, replicable framework for ML-based MASLD 

risk stratification that bridges the gap between prediction and actionable intervention targeting. 

For administrators and policymakers, the framework provides a practical tool for more efficient 

and cost-effective MASLD screening, with specific guidance on which risk factors to monitor, 

which thresholds to use for targeting, and how to overcome implementation barriers. 

As the burden of MASLD continues to grow globally—driven by rising rates of obesity and type 

2 diabetes—the need for effective, efficient screening and intervention strategies becomes 

increasingly urgent. Machine learning-based risk stratification offers a promising path forward, 

enabling the shift from reactive to proactive care and potentially transforming MASLD from a 

condition identified late in its progression to one detected early enough for meaningful lifestyle 

intervention. 
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