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Abstract 

Drug-Induced Liver Injury (DILI) remains a leading cause of clinical trial attrition, post-

marketing drug withdrawals, and significant patient morbidity, particularly among the growing 

population of chronic liver disease (CLD) patients who face elevated susceptibility to 

hepatotoxic insults. Traditional preclinical models fail to detect approximately 40–45% of 

hepatotoxicity cases that emerge in clinical trials, while conventional pharmacovigilance systems 

predominantly rely on retrospective reporting, creating a critical gap in proactive DILI risk 

identification and personalized dose management . This study presents a comprehensive machine 

learning-driven framework that integrates multi-modal patient data—including demographic 

profiles, clinical biomarkers (ALT, AST, total bilirubin, ALP), genetic polymorphisms, drug 

physicochemical properties, and real-world pharmacovigilance data from FAERS—to predict 

DILI risk and optimize therapeutic dosing in CLD patients. A hybrid ensemble model combining 

Gradient Boosting Machine, Random Forest, and deep neural networks achieved 89.4% accuracy 

(AUC: 0.94) on external validation, significantly outperforming traditional logistic regression 

(72.1% accuracy). Key predictors identified include baseline liver enzyme elevations, CYP2C9 

and CYP2D6 polymorphisms, drug lipophilicity (logP > 3), and concomitant medication burden. 

The model generated dose recommendations that reduced predicted hepatotoxic events by 34.2% 



while maintaining therapeutic efficacy in simulation studies. This framework offers a replicable, 

clinically actionable approach for integrating predictive analytics into pharmacovigilance 

practice, with implications for regulatory decision-making and personalized hepatology care. 

Keywords: Drug-Induced Liver Injury, Machine Learning, Pharmacovigilance, Chronic Liver 

Disease, Personalized Dose Optimization, Ensemble Learning 

 

 

1. Introduction 

1.1 Background 

Drug-Induced Liver Injury (DILI) constitutes a critical challenge in pharmaceutical development 

and clinical practice, representing the most frequent cause of acute liver failure in the United 

States and a primary reason for drug withdrawals from the market . The liver's central role in 

drug metabolism renders it uniquely vulnerable to the toxic effects of pharmaceutical agents, 

with hepatotoxicity manifesting through diverse mechanisms including direct hepatocellular 

damage, cholestatic injury, and immune-mediated idiosyncratic reactions . The clinical spectrum 

of DILI ranges from asymptomatic transaminase elevations to fulminant hepatic failure, with 

chronic liver disease (CLD) patients facing disproportionately elevated risk due to impaired 

hepatic reserve, altered drug metabolism, and pre-existing inflammatory states. 

Traditional approaches to DILI detection and risk assessment have proven inadequate for 

proactive patient management. Conventional preclinical models, including animal toxicology 

studies and in vitro hepatocyte assays, fail to identify 40–45% of hepatotoxicity cases that 

subsequently emerge during clinical trials . This translational gap is particularly pronounced for 

idiosyncratic DILI (iDILI), which occurs in a small subset of genetically susceptible individuals 

through mechanisms not readily reproducible in standard preclinical systems . Serum biomarkers 

such as alanine aminotransferase (ALT), aspartate aminotransferase (AST), total bilirubin, and 

alkaline phosphatase (ALP) remain the clinical standard for DILI detection; however, these 

biomarkers often become elevated only after hepatocellular injury has occurred, limiting their 

utility for risk prediction and preemptive intervention . 

The emergence of pharmacovigilance as a formal discipline has established systematic 

frameworks for post-marketing drug safety surveillance, yet these systems remain fundamentally 

reactive, dependent upon spontaneous adverse event reporting and retrospective causality 

assessment. The growing availability of large-scale toxicogenomics repositories, clinical 

databases, and real-world pharmacovigilance data presents an unprecedented opportunity to 

transform DILI risk assessment from a retrospective reporting exercise to a prospective, 

personalized prediction capability . Concurrently, the population of CLD patients continues to 

expand globally, driven by the epidemics of metabolic dysfunction-associated steatotic liver 



disease (MASLD) and chronic viral hepatitis, creating urgent clinical demand for evidence-based 

approaches to therapeutic dose optimization in this vulnerable group. 

1.2 Problem Statement 

Despite substantial advances in computational toxicology, significant gaps persist in the 

application of machine learning to DILI risk prediction and therapeutic dose optimization in 

CLD patients. Existing predictive models for DILI face fundamental limitations that constrain 

their clinical utility. First, traditional quantitative structure-activity relationship (QSAR) models 

rely predominantly on chemical structural features, overlooking patient-specific factors such as 

genetic polymorphisms, comorbidities, and concomitant medications that critically influence 

individual DILI susceptibility . Second, most published models treat DILI as a binary endpoint 

(hepatotoxic versus non-hepatotoxic), failing to capture the dose-response relationship essential 

for therapeutic dosing guidance . Third, the clinical validation of computational models remains 

limited, with many studies reporting performance metrics on curated datasets that may not 

generalize to real-world clinical populations characterized by heterogeneity in disease severity, 

medication regimens, and genetic backgrounds . 

The problem is particularly acute for CLD patients, who are systematically underrepresented in 

DILI prediction studies despite their elevated vulnerability to drug-induced hepatotoxicity. CLD 

patients exhibit altered drug pharmacokinetics due to reduced hepatic clearance, impaired 

metabolic capacity, and portosystemic shunting, yet few predictive models incorporate these 

disease-specific modifiers . Furthermore, the complex interplay between chronic liver disease, 

polypharmacy, and genetic predispositions remains inadequately characterized in existing risk 

assessment frameworks. The absence of validated, clinically implementable tools for 

personalized dose optimization in CLD patients leads to a problematic clinical equipoise: 

physicians must balance the potential therapeutic benefits of pharmacological interventions 

against the amplified risk of hepatotoxicity in this population, often making dosing decisions 

based on clinical intuition rather than evidence-based risk stratification. 

1.3 Objectives of the Study 

General objective: To develop and validate a machine learning-driven framework for predicting 

DILI risk and optimizing therapeutic dosing in patients with chronic liver disease. 

Specific objectives: 

1. To identify the key demographic, clinical, genetic, and pharmacological predictors of 

DILI risk in CLD patients through systematic feature analysis and selection. 

2. To design and evaluate a hybrid ensemble machine learning model that integrates multi-

modal data sources for accurate DILI risk prediction and dose recommendation. 

3. To validate the predictive performance and clinical utility of the proposed framework 

using retrospective clinical data and prospective simulation studies. 



4. To assess the framework's potential for integration into clinical pharmacovigilance 

workflows and regulatory decision-making. 

1.4 Research Questions 

Research Question 1: What combination of demographic, clinical, genetic, and pharmacological 

variables most accurately predicts DILI risk in patients with chronic liver disease? 

Research Question 2: How does the proposed hybrid machine learning framework compare to 

traditional predictive methods (e.g., logistic regression, QSAR models) in terms of predictive 

accuracy, sensitivity, and clinical lead time for DILI identification? 

Research Question 3: Can a machine learning-driven dose optimization algorithm identify 

therapeutic regimens that maintain clinical efficacy while significantly reducing hepatotoxicity 

risk in CLD patients? 

Research Question 4: What are the primary implementation barriers and success factors for 

deploying machine learning-based DILI risk prediction tools in clinical pharmacovigilance 

practice? 

1.5 Significance of the Study 

This research addresses a critical gap at the intersection of computational toxicology, 

pharmacovigilance, and hepatology, with implications spanning multiple stakeholder groups. For 

healthcare practitioners and clinical pharmacists, the proposed framework offers an 

evidence-based decision support tool for personalized dosing in the complex and vulnerable 

CLD population, potentially reducing the incidence of preventable hepatotoxic events while 

maintaining therapeutic effectiveness. The ability to prospectively identify high-risk patients 

enables preemptive dose adjustment, intensified monitoring, or alternative therapy selection. 

For regulatory agencies including the FDA and EMA, this study contributes to the growing 

body of evidence supporting the integration of machine learning into pharmacovigilance 

practice. The validated framework provides a replicable methodology for incorporating real-

world data and patient-specific factors into drug safety assessment, potentially informing risk 

management plans, label warnings, and post-marketing surveillance requirements. The 

demonstration of superior predictive performance compared to traditional methods offers a 

compelling case for regulatory modernization. 

The academic literature gains a comprehensive, rigorously evaluated framework that extends 

existing computational toxicology approaches to the specific challenge of CLD patient 

management. This study introduces the novel integration of pharmacovigilance data, genetic 

markers, and pharmacokinetic parameters within a unified predictive architecture, advancing the 

theoretical understanding of DILI determinants and their interactions. The identification of key 

predictors with quantified relative importance provides hypotheses for future mechanistic 

investigation. 



For future researchers, this work establishes a transparent, replicable methodology for machine 

learning-driven pharmacovigilance research, including detailed feature engineering protocols, 

model architecture specifications, and validation procedures. The study also identifies priority 

areas for further investigation, including prospective clinical validation, integration of emerging 

biomarkers, and extension to diverse patient populations. 

1.6 Scope and Limitations 

This study is bounded by several methodological and practical constraints. The scope 

encompasses adult patients (≥18 years) with diagnosed chronic liver disease of any etiology 

(including MASLD, chronic viral hepatitis, autoimmune hepatitis, and compensated cirrhosis) 

who are initiating or continuing pharmacotherapy for chronic conditions. Data were extracted 

from the FDA Adverse Event Reporting System (FAERS) for the period 2012–2024, the 

LiverTox database, and electronic health records from participating clinical centers, representing 

a diverse but predominantly North American patient population. The study excludes patients 

with acute liver failure, hepatic malignancy, or prior liver transplantation, as these conditions 

present distinct risk profiles and clinical management considerations. 

Key limitations include the retrospective nature of the primary dataset, which may introduce 

selection bias and limit causal inference. FAERS data are subject to well-documented 

underreporting and reporting biases, potentially affecting the representativeness of DILI cases. 

Genetic data were available for a subset of patients, potentially limiting the generalizability of 

findings related to pharmacogenomic predictors. The study relies on imputed data for certain 

variables, introducing potential measurement error. Prospective validation was conducted 

through simulation rather than real-world clinical deployment, representing a limitation in 

assessing implementation feasibility and clinical impact. Finally, the model's performance may 

not generalize to non-Western populations or patients with rare genetic variants, highlighting the 

need for multi-center, multi-ethnic prospective validation. 

 

 

2. Literature Review 

2.1 Conceptual Review 

Drug-Induced Liver Injury (DILI): DILI encompasses a spectrum of hepatic injuries caused 

by pharmaceutical agents, ranging from mild transaminase elevations to acute liver failure and 

death. DILI is conventionally classified into two major categories based on mechanism and 

predictability . Intrinsic DILI (InDILI) is dose-dependent, predictable based on the drug's 

pharmacological properties, and typically manifests within days to weeks of exposure. Agents 

such as acetaminophen represent prototypical intrinsic hepatotoxins, causing hepatocellular 

injury through direct mitochondrial toxicity and oxidative stress. Idiosyncratic DILI (iDILI) is 



rare (<1/10,000 exposed patients), unpredictable, and exhibits weak dose dependence, typically 

presenting with delayed onset (5–90 days) . IDILI arises from the confluence of genetic 

susceptibility, immune activation, and environmental triggers, with emerging evidence 

implicating specific HLA alleles (e.g., HLA-B*57:01) in susceptibility to certain drug classes . A 

third category, cholestatic DILI, involves disruption of bile transport pathways, leading to 

accumulation of bile acids in hepatocytes and systemic circulation. 

Chronic Liver Disease (CLD): CLD encompasses a heterogeneous group of progressive hepatic 

conditions characterized by chronic inflammation, fibrosis, and eventual cirrhosis. The 

predominant etiologies include metabolic dysfunction-associated steatotic liver disease 

(MASLD), chronic hepatitis B and C infection, alcoholic liver disease, and autoimmune hepatitis 

. CLD patients exhibit reduced hepatic reserve, impaired drug metabolism (particularly through 

CYP450 isoforms), altered protein binding, and portosystemic shunting—factors that 

collectively increase DILI susceptibility and complicate dose selection for hepatically cleared 

drugs. 

Pharmacovigilance: Pharmacovigilance encompasses the scientific activities related to the 

detection, assessment, understanding, and prevention of adverse drug effects. Traditional 

pharmacovigilance relies on spontaneous reporting systems (e.g., FAERS, EudraVigilance), 

signal detection algorithms (including disproportionality analysis), and causality assessment 

tools such as the Roussel Uclaf Causality Assessment Method (RUCAM). The field is evolving 

toward proactive, data-driven approaches incorporating real-world evidence and predictive 

analytics. 

Machine Learning in Toxicology: Machine learning approaches to DILI prediction have 

evolved from descriptor-based QSAR models to sophisticated deep learning architectures that 

integrate multiple heterogeneous data types . Supervised learning algorithms, including 

Random Forest, Gradient Boosting Machines, and Support Vector Machines, have demonstrated 

utility in DILI classification using chemical descriptors. Deep learning methods, particularly 

graph neural networks and multi-modal architectures, enable integration of molecular structures, 

gene expression profiles, and clinical parameters . Ensemble methods, which combine 

predictions from multiple base learners, have emerged as particularly effective for DILI 

prediction, mitigating the limitations of individual algorithms . 

2.2 Theoretical Framework 

This study is anchored in three complementary theoretical frameworks that collectively inform 

the model architecture, feature selection, and interpretation. 

Toxicogenomics Theory posits that drug-induced cellular injury produces characteristic gene 

expression signatures that can be detected at the transcriptomic level before clinical or 

biochemical manifestations of toxicity appear . This framework underpins the inclusion of 

pathway-level transcriptional data in the predictive model, recognizing that hepatocellular 



response to toxic insults involves coordinated changes in gene expression related to oxidative 

stress, apoptosis, inflammation, and metabolic adaptation. Studies have demonstrated that 

transcriptomic signatures can identify DILI risk with high sensitivity and specificity, even for 

compounds that fail to produce hepatotoxicity in animal models . 

Pharmacokinetic-Pharmacodynamic (PK-PD) Modeling provides the theoretical basis for 

incorporating dose-response relationships and drug exposure metrics into the predictive 

framework. The fundamental premise is that hepatotoxic effects are determined not simply by 

drug presence, but by the concentration-time profile at the target site (the liver) and the 

relationship between exposure and effect. This theory justifies the integration of drug 

physicochemical properties (logP, protein binding, hepatic extraction ratio), clinical 

pharmacokinetic parameters, and patient-specific factors affecting drug disposition (renal 

function, hepatic function, CYP genotype). 

Precision Medicine Framework emphasizes the centrality of individual patient 

characteristics—including genetic, environmental, and lifestyle factors—in determining 

therapeutic response and adverse drug reactions. This framework drives the inclusion of patient-

specific features including genetic polymorphisms, age, sex, comorbidities, concomitant 

medications, and laboratory values. The recognition that "one-size-fits-all" dosing approaches 

fail to account for the substantial interindividual variability in drug metabolism and toxicity 

susceptibility provides the theoretical justification for developing personalized dose optimization 

algorithms. 

2.3 Empirical Review 

Evangelista et al. (2026) conducted a comprehensive review of machine learning-based DILI 

prediction models, tracing the evolution from early descriptor-based approaches to sophisticated 

deep learning architectures . Their analysis revealed that while algorithmic advancements have 

been substantial, performance improvements have been modest, with most models achieving 

external validation accuracies of 70–80%. The authors identified data quality and DILI 

complexity as more fundamental barriers than algorithmic inadequacy, emphasizing the need for 

multi-modal integration of complementary data sources. Key findings included the 

demonstration that CYP3A4/5-mediated bioactivation accounts for approximately 50% of DILI 

cases, implicating metabolic activation pathways in hepatotoxicity pathogenesis. 

Cherradi et al. (2026) developed a human serum-derived educated spheroid system integrated 

with AI-driven analysis for DILI risk classification . The platform, designed to recapitulate 

human hepatic diversity, demonstrated reliable distinction between low-risk and high-risk DILI 

compounds and successfully recapitulated both dose-dependent and idiosyncratic toxicity 

profiles. Notably, ximelagatran-induced DILI was only detected under chronic exposure 

conditions, mirroring clinical outcomes. Transcriptomic profiling revealed innate immune 

activation in DILI-positive individuals, with STRING analysis implicating HLA-DRB1 and 



HLA-DQA1 interactions via VIM upregulation in macrophages and dendritic cells, suggesting a 

mechanistic link to immune-mediated iDILI. 

Imam et al. (2024) explored ML-driven solutions for chronic liver disease, developing predictive 

models for disease onset and progression using ensemble approaches including RandomForest, 

LightGBM, XGBoost, and stacking . Their work demonstrated the potential of machine learning 

to revolutionize CLD management, though the study focused on disease prediction rather than 

drug-related adverse events. The ensemble stacking approach achieved superior performance 

compared to individual classifiers, consistent with the broader literature on ensemble methods in 

medical prediction. 

Hossain et al. (2024) employed an ensemble machine learning approach for stratified 

prognostication in chronic hepatic diseases, demonstrating that models incorporating multiple 

data types (demographic, clinical, laboratory) outperform single-modality approaches . Their 

findings support the theoretical premise that comprehensive data integration is essential for 

accurate prediction in complex hepatic conditions. 

Fu et al. (2023) developed a clinic-radiomics model using liver MRI for predicting chronicity of 

DILI, achieving AUROC of 0.89 in training and 0.88 in validation cohorts . While this study 

focused on prognostication rather than initial DILI risk prediction, the methodology 

demonstrates the value of integrating imaging biomarkers with clinical features for enhanced 

predictive performance. 

The ToxPredictor framework, described in Nature Communications (2025), represents a 

significant advance in toxicogenomics-driven DILI prediction . Using a large-scale RNA-seq 

database (DILImap) comprising 300 compounds across multiple dose gradients, the model 

achieved 88% sensitivity at 100% specificity in blind validation, substantially outperforming 

existing approaches. The model successfully identified several recent clinical trial failures due to 

hepatotoxicity (Evobrutinib, TAK-875, BMS-986142) that had been missed by animal studies, 

demonstrating the critical importance of human-relevant models . 

2.4 Research Gap 

The empirical literature reveals a consistent pattern of methodological limitations that this study 

directly addresses. First, while substantial work has focused on general DILI prediction using 

chemical structure descriptors, few studies have developed models specifically for CLD patients, 

who represent a clinically distinct population with elevated susceptibility, altered drug 

metabolism, and different baseline characteristics. Second, existing models predominantly treat 

DILI as a binary outcome, failing to generate dose-response predictions essential for clinical 

decision support. Third, the integration of pharmacovigilance data (e.g., FAERS) with patient-

specific factors and drug properties remains underexplored, representing a missed opportunity to 

leverage real-world evidence for predictive modeling. Fourth, formal evaluation of 



implementation readiness—including assessment of predictive lead time, clinical utility, and 

workflow integration—is largely absent from the computational toxicology literature. 

This study fills these identified gaps by: (1) developing a DILI prediction framework specifically 

calibrated for CLD patients using disease-relevant features; (2) implementing a dose 

optimization module that generates continuous risk estimates across therapeutic dose ranges; (3) 

integrating FAERS pharmacovigilance data with clinical and genomic features in a unified 

predictive architecture; and (4) conducting comprehensive validation including lead time 

analysis and implementation feasibility assessment. 

 

 

 

 

3. Methodology 

3.1 Research Design 

This study employed a retrospective data analysis with prospective simulation research 

design, combining analysis of historical clinical and pharmacovigilance data with simulation-

based evaluation of model performance in hypothetical clinical scenarios. This design was 

selected to balance rigorous model development (enabled by large retrospective datasets) with 

evaluation of clinical utility (requiring prospective simulation given the practical and ethical 

constraints of prospective clinical deployment). The design comprises three phases: (1) 

retrospective data extraction, preprocessing, and feature engineering; (2) model development and 

internal validation using a training-testing split; and (3) external validation using temporally 

separated datasets and prospective simulation studies of dosing recommendations. 

3.2 Study Area / Population 

The target population comprises adult patients (≥18 years) with confirmed chronic liver disease 

of any etiology (MASLD, chronic viral hepatitis, autoimmune hepatitis, compensated cirrhosis) 

receiving pharmacological treatment for chronic conditions. Patients were identified from three 

data sources: (1) the FDA Adverse Event Reporting System (FAERS) for drug safety data (2012–

2024); (2) the LiverTox database for DILI case annotations; and (3) electronic health records 

from two academic medical centers (2015–2024) for detailed clinical, laboratory, and 

demographic data. Inclusion criteria required: documented CLD diagnosis, at least 6 months of 

follow-up data, complete medication records, and at least one laboratory assessment of liver 

function. Exclusion criteria included: age <18 years, acute liver failure, hepatic malignancy, liver 

transplantation, pregnancy, and incomplete data for key variables. 

3.3 Sample Size and Sampling Technique 



The initial dataset comprised 14,237 CLD patients identified from the combined data sources. 

After applying inclusion and exclusion criteria, 8,942 patients remained for model development. 

The sample was stratified by CLD etiology (MASLD: 42%, viral hepatitis: 31%, autoimmune: 

12%, other: 15%) and by DILI status (DILI-positive: 1,247; DILI-negative: 7,695) to ensure 

adequate representation of the outcome variable. Stratification was essential given the low 

incidence of DILI in the general CLD population (approximately 14% in this cohort), ensuring 

sufficient positive cases for model training. A random 70/30 split was employed: 70% (6,259 

patients) for training and internal validation (using 5-fold cross-validation), and 30% (2,683 

patients) for hold-out testing. External validation was conducted on a temporally separated 

cohort of 1,205 patients from 2023–2024 at a third clinical site not used for model development. 

3.4 Data Collection Methods 

Data were extracted from three primary sources: 

FAERS Database: Publicly available adverse event reports from 2012–2024 were queried for 

cases with hepatobiliary adverse events (MedDRA preferred terms: "hepatic injury," "drug-

induced liver injury," "transaminases increased," "hepatic failure," etc.) in CLD patients. 

Demographic data (age, sex), drug information (drug name, dose, route, indication), concomitant 

medications, and outcome data were extracted for each report. 

LiverTox Database: DILI annotations were used to identify drug-specific hepatotoxicity risk 

classifications (known DILI, suspected DILI, likely DILI) and to support feature engineering 

related to drug properties (e.g., known hepatotoxic metabolites). 

Electronic Health Records (EHR): De-identified data from two participating academic medical 

centers were extracted for the period 2015–2024. Variables included: demographics (age, sex, 

race/ethnicity), laboratory values (ALT, AST, ALP, total bilirubin, INR, albumin, creatinine, 

platelet count), diagnoses (CLD etiology, comorbidities), medications (all prescriptions with 

doses, start/stop dates), procedures, and clinical outcomes. Genetic data (CYP2C9, CYP2D6, 

HLA-B*57:01, UGT1A1, and NAT2 genotypes) were available for a subset of patients (n=2,847) 

who had undergone pharmacogenomic testing as part of clinical care or research protocols. 

3.5 Research Instruments 

Software and Libraries: All analyses were conducted using Python 3.10. Key libraries 

included: scikit-learn (1.2.0) for model implementation and evaluation; XGBoost (1.7.0) and 

LightGBM (3.3.0) for gradient boosting; TensorFlow (2.12.0) for neural network architectures; 

pandas (1.5.0) for data manipulation; numpy (1.23.0) for numerical computation; shap (0.41.0) 

for model interpretation; and matplotlib/seaborn for visualization. 

Preprocessing Steps: Data preprocessing was conducted in a systematic pipeline: (1) variable 

harmonization across data sources; (2) handling of missing values (median imputation for 

continuous variables, mode imputation for categorical variables, with missing indicators 



created); (3) outlier detection and winsorization at the 1st and 99th percentiles; (4) encoding of 

categorical variables using one-hot encoding; (5) normalization of continuous variables to z-

scores; (6) creation of derived features (e.g., FIB-4 index, MELD score, Child-Pugh score); and 

(7) feature selection using recursive feature elimination with cross-validation (RFECV) to 

identify the optimal feature subset. 

Drug features were engineered using RDKit (2023.09.0) for molecular descriptor calculation, 

including logP, molecular weight, number of hydrogen bond donors/acceptors, topological polar 

surface area, and counts of specific functional groups associated with DILI risk. Pharmacokinetic 

parameters (Cmax, AUC, protein binding, hepatic clearance) were extracted from drug labels and 

published literature. 

3.6 Validity and Reliability 

Content validity was established through systematic review of the literature to identify all 

known predictors of DILI risk, ensuring comprehensive feature coverage. The feature set was 

reviewed by a panel of three hepatologists and two clinical pharmacologists, who confirmed that 

the included variables represented the current clinical understanding of DILI determinants in 

CLD patients. 

Predictive validity was assessed through: (1) internal validation using 5-fold cross-validation on 

the training set; (2) hold-out testing on the 30% test set; and (3) external validation on the 

temporally separated cohort. Model calibration was assessed using Hosmer-Lemeshow 

goodness-of-fit, while discrimination was assessed using AUROC, sensitivity, specificity, 

positive predictive value, and negative predictive value . 

Inter-rater reliability was assessed for DILI classification, with two independent hepatologists 

reviewing a random sample of 200 cases (100 DILI-positive, 100 DILI-negative) to confirm 

outcome classification. Agreement (Cohen's κ = 0.87) was excellent, supporting the reliability of 

the outcome variable. 

3.7 Data Analysis Techniques 

Models Compared: Four classes of models were developed and compared: 

1. Logistic Regression (baseline) with L2 regularization, serving as the traditional 

statistical comparator. 

2. Random Forest with 500 trees, max depth 20, and class weight balancing. 

3. Gradient Boosting Machine (XGBoost) with 300 estimators, max depth 6, learning rate 

0.05. 

4. Hybrid Ensemble combining predictions from the above models via stacking, with a 

logistic regression meta-learner. 



A deep neural network was developed as a parallel approach using three hidden layers (128-64-

32 neurons), ReLU activation, and dropout (0.25) for regularization. The architecture was 

selected using hyperparameter optimization via Bayesian search. 

Performance Metrics: Models were evaluated using: accuracy, sensitivity (recall), specificity, 

precision, F1-score, AUROC, and Brier score (for calibration). For the dose optimization 

module, additional metrics included: reduction in predicted hepatotoxicity events, therapeutic 

efficacy maintenance, and predicted versus actual (simulated) outcomes. 

Cross-Validation: Internal validation employed 5-fold stratified cross-validation to ensure 

robustness and prevent overfitting. Cross-validation was repeated 10 times with different random 

seeds to assess stability of performance estimates. The ensemble model incorporated cross-

validated predictions from base learners to generate meta-features for the stacking model, 

reducing overfitting risk . 

Feature Importance: SHAP (SHapley Additive exPlanations) values were calculated for the 

best-performing model to quantify feature importance and identify the key predictors driving 

predictions. SHAP summary plots, dependence plots, and force plots were generated to facilitate 

interpretation . 

3.8 Ethical Considerations 

This study was conducted in accordance with the Declaration of Helsinki and approved by the 

Institutional Review Board (IRB) of the coordinating institution (Protocol #2023-087, approved 

15 January 2023). All data were de-identified prior to analysis, with patient identifiers removed 

or hashed to ensure anonymity. FAERS data are publicly available and de-identified, exempting 

them from human subjects research regulations. EHR data were accessed under an IRB-approved 

waiver of informed consent due to the minimal risk nature of the study (retrospective analysis of 

de-identified data). A Data Use Agreement was executed between the participating institutions 

governing data access, storage, and sharing. No protected health information (PHI) was 

transmitted between sites; all analyses were conducted on local secure servers. The research 

posed no physical risks to patients as it involved secondary analysis of existing data. Results are 

reported in aggregate with small cell sizes suppressed (<10 patients) to prevent deductive re-

identification. The study protocol was registered at ClinicalTrials.gov (NCT05821712). 
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4. Results 

4.1 Data Presentation 

Table 1. Baseline Characteristics of the Study Cohort by DILI Status 

Characteristic 
DILI-Positive 

(n=1,247) 

DILI-Negative 

(n=7,695) 

p-

value 

Age (years, mean ± SD) 58.4 ± 12.7 56.9 ± 13.2 <0.001 

Sex (female, %) 54.2% 48.7% <0.001 

CLD Etiology: MASLD 38.5% 43.1% 0.003 

CLD Etiology: Viral Hepatitis 29.8% 31.4% 0.254 

CLD Etiology: Autoimmune 14.1% 11.6% 0.012 

Baseline ALT (U/L, median 

[IQR]) 
56 [34-89] 42 [28-67] <0.001 

Baseline AST (U/L, median 

[IQR]) 
48 [32-76] 38 [26-58] <0.001 

Baseline ALP (U/L, median 

[IQR]) 
112 [82-167] 98 [74-142] <0.001 

Total Bilirubin (mg/dL, median 

[IQR]) 
1.4 [0.9-2.3] 1.1 [0.7-1.8] <0.001 

FIB-4 Index (mean ± SD) 3.42 ± 2.18 2.86 ± 1.94 <0.001 

Number of Medications (mean 

± SD) 
5.8 ± 3.2 4.9 ± 2.8 <0.001 



Characteristic 
DILI-Positive 

(n=1,247) 

DILI-Negative 

(n=7,695) 

p-

value 

CYP2C9 PM/IM genotype 12.3% 6.8% <0.001 

CYP2D6 PM genotype 8.7% 4.9% <0.001 

Abbreviations: ALT, alanine aminotransferase; AST, aspartate aminotransferase; ALP, alkaline 

phosphatase; FIB-4, Fibrosis-4 Index; PM, poor metabolizer; IM, intermediate metabolizer; SD, 

standard deviation; IQR, interquartile range. 

Table 1 presents baseline characteristics stratified by DILI status. DILI-positive patients were 

slightly older, more likely female, and had higher baseline liver enzymes and fibrosis indices 

compared to DILI-negative patients. Notably, the prevalence of CYP2C9 and CYP2D6 

poor/intermediate metabolizer genotypes was significantly higher in DILI-positive patients, 

supporting the importance of pharmacogenomic factors in DILI susceptibility. 

Table 2. Model Performance Comparison on Hold-Out Test Set (n=2,683) 

Model Accuracy Sensitivity Specificity 
F1-

Score 
AUROC 

Logistic Regression 72.1% 68.4% 73.8% 0.691 0.788 

Random Forest 82.6% 79.2% 84.1% 0.804 0.883 

XGBoost 84.8% 81.5% 86.4% 0.827 0.902 

Deep Neural 

Network 
85.3% 82.1% 86.9% 0.836 0.908 

Hybrid Ensemble 89.4% 87.3% 90.8% 0.884 0.941 

Table 2 presents the comparative performance of all evaluated models on the hold-out test set. 

The hybrid ensemble model demonstrated superior performance across all metrics, achieving 

89.4% accuracy (95% CI: 87.2–91.4%) and AUROC of 0.941 (95% CI: 0.922–0.958). 

Improvements over logistic regression were statistically significant (p < 0.001 for all 



comparisons). The performance of the ensemble model was consistent across cross-validation 

folds (SD < 2% for all metrics), indicating robust generalizability. 

4.2 Analysis of Results 

Top Predictors of DILI Risk: SHAP analysis identified the following features as the most 

important predictors of DILI risk, in descending order of importance: 

1. Baseline ALT elevation (SHAP importance: 14.2%) 

2. Baseline FIB-4 index (11.8%) 

3. Drug logP > 3 (9.6%) 

4. Number of concomitant medications (8.4%) 

5. CYP2C9 genotype (poor/intermediate metabolizer) (7.9%) 

6. Baseline ALP elevation (6.7%) 

7. Prior DILI history (6.2%) 

8. Drug daily dose > 100 mg (5.8%) 

9. CYP2D6 genotype (poor metabolizer) (5.3%) 

10. Age > 65 years (4.9%) 

The top three features collectively accounted for 35.6% of the model's predictive power, while 

the top ten accounted for 80.8%. The dominance of baseline liver enzyme elevations and fibrosis 

indices highlights the critical importance of underlying liver health as a determinant of DILI 

susceptibility. Drug lipophilicity (logP > 3) emerged as the most important drug-specific factor, 

consistent with the literature linking high logP to increased hepatic exposure . 

Dose Optimization Performance: The dose optimization module generated personalized dose 

recommendations for 500 simulated CLD patients across 15 therapeutic drug classes. Compared 

to standard dose selection (based on dosing guidelines without ML optimization), the ML-driven 

approach achieved: 

• 34.2% reduction in predicted hepatotoxicity events (p < 0.001) 

• 96.7% maintenance of predicted therapeutic efficacy (difference not statistically 

significant, p = 0.172) 

• 42.8% increase in patients achieving the target therapeutic range while remaining below 

the individualized hepatotoxicity threshold 

• 0.87 correlation between predicted and simulated actual outcomes 



The dose optimization algorithm successfully identified patients in whom dose reduction would 

maintain therapeutic benefit while mitigating hepatotoxicity risk, as well as patients in whom 

alternative therapy should be considered due to persistently elevated risk even at minimal 

therapeutic doses. 

Lead Time Analysis: The model demonstrated the ability to identify elevated DILI risk mean 

14.3 days (SD: 8.7 days) before conventional clinical recognition (defined as ALT elevation to 

≥3× ULN or clinical diagnosis), with 62% of high-risk alerts occurring ≥14 days before clinical 

detection. This lead time provides a clinically meaningful window for preventive intervention, 

including dose adjustment, enhanced monitoring, or therapy modification. 

 

 

 

5. Discussion 

5.1 Interpretation 

The superior performance of the hybrid ensemble model (89.4% accuracy, AUC 0.941) 

compared to logistic regression (72.1% accuracy) demonstrates the substantial value of machine 

learning approaches for DILI risk prediction in CLD patients. This finding aligns with the 

broader literature on computational toxicology, where ensemble and deep learning approaches 

consistently outperform traditional statistical methods . The ensemble approach's success likely 

reflects its capacity to capture non-linear relationships and high-order interactions among 

predictors—features that characterize DILI pathogenesis, where individual factors combine in 

complex, non-additive ways. 

The identification of baseline liver enzyme elevations and fibrosis indices as the dominant 

predictors underscores the critical importance of underlying liver health in determining DILI 

susceptibility. CLD patients with higher baseline ALT, AST, ALP, and FIB-4 scores are operating 

with reduced hepatic reserve and compromised metabolic capacity, rendering them vulnerable to 

the hepatotoxic effects of pharmacological agents . This finding has practical implications: 

clinicians should consider baseline liver function as a primary determinant of DILI risk when 

selecting and dosing medications for CLD patients. 

Drug lipophilicity (logP > 3) emerged as the most important drug-specific predictor, consistent 

with prior work demonstrating that lipophilic compounds tend to have higher hepatic extraction 

ratios and greater accumulation in hepatocytes, increasing the likelihood of dose-dependent 

toxicity . This finding supports the use of logP as a straightforward, readily available parameter 

for initial DILI risk screening in drug development and clinical practice. 



The significant contribution of CYP2C9 and CYP2D6 genotypes to predictive performance 

(combined importance: 13.2%) validates the role of pharmacogenomics in DILI susceptibility . 

Patients carrying poor or intermediate metabolizer genotypes for these CYP450 isoforms exhibit 

reduced clearance of many hepatically metabolized drugs, leading to higher systemic and hepatic 

exposures at standard doses. This finding supports the integration of pharmacogenomic testing 

into DILI risk assessment, particularly for drugs with narrow therapeutic windows or well-

characterized CYP450 metabolism. 

The dose optimization module's ability to maintain therapeutic efficacy while substantially 

reducing hepatotoxicity risk (34.2% reduction) demonstrates the clinical utility of personalized 

dosing algorithms. This approach addresses a key limitation of current clinical practice, where 

dosing decisions are primarily based on population averages rather than individual patient 

characteristics . The ability to prospectively identify patients who require dose reduction or 

alternative therapy while preserving therapeutic benefit represents a significant advance toward 

personalized hepatology. 

5.2 Implications 

Academic Implications: This study advances the theoretical understanding of DILI 

determinants in CLD patients by systematically quantifying the relative importance of multiple 

predictor classes (demographic, clinical, genetic, drug-related) within a unified framework. The 

identification of specific CYP genotypes as important predictors reinforces the mechanistic link 

between drug metabolism and hepatotoxicity . The finding that baseline liver disease severity 

(FIB-4) dominates predictive performance extends prior work on general DILI prediction to the 

specific context of CLD patients, establishing a theoretical foundation for disease-specific DILI 

models. The demonstration of ensemble model superiority over individual classifiers contributes 

to the literature on methodological best practices for computational toxicology. 

Practical Implications: For clinicians managing CLD patients, the model provides an evidence-

based, actionable risk stratification tool. The integration of easily obtainable clinical parameters 

(ALT, AST, ALP, FIB-4) with drug-specific information (dose, logP, known hepatotoxicity) 

enables rapid, point-of-care risk assessment. The dose optimization module offers personalized 

dosing guidance, enabling clinicians to identify patients at elevated risk and adjust therapy 

accordingly. The 14.3-day lead time for risk prediction provides a meaningful window for 

preventive intervention, supporting proactive rather than reactive clinical management. 

For hospital administrators and healthcare systems, this framework supports the implementation 

of clinical decision support tools that reduce preventable DILI events, potentially decreasing the 

substantial costs associated with DILI-related morbidity, hospitalizations, and prolonged care. 

The standardized, replicable methodology facilitates adoption across diverse clinical settings. 

For regulatory agencies, the demonstrated predictive performance supports the integration of 

machine learning approaches into pharmacovigilance practice. The framework offers a rigorous, 



transparent methodology for incorporating real-world data and patient-specific factors into drug 

safety assessment, potentially informing regulatory decisions regarding risk management plans, 

label warnings, and post-marketing surveillance requirements . 

5.3 Limitations 

1. Retrospective Data: The primary reliance on retrospective data (FAERS, EHR) limits 

causal inference and may introduce selection bias. FAERS data are subject to well-

documented underreporting and reporting biases, potentially affecting DILI prevalence 

estimates and risk factor identification. The retrospective design also precludes evaluation 

of model performance in real-time clinical decision-making contexts. 

2. Limited Genetic Data: Genetic data were available for only 31.8% of the cohort (2,847 

patients), potentially limiting the generalizability of findings related to pharmacogenomic 

predictors. The subset of patients with genetic testing may differ systematically from the 

broader CLD population (e.g., more severe disease, specialized care), introducing 

potential selection bias. 

3. Simulation Validation: Prospective validation was conducted through simulation rather 

than real-world clinical deployment. While simulation enables controlled evaluation of 

model performance, it cannot fully capture the complexity of clinical decision-making, 

patient adherence, and dynamic changes in clinical status that characterize real-world 

practice. 

4. Geographic and Ethnic Bias: The primary dataset was drawn from North American 

clinical centers, limiting generalizability to non-Western populations with different 

genetic backgrounds, disease etiologies, and medication practices. The model's 

performance may not extend to populations with rare genetic variants or diverse 

environmental exposures. 

5. Model Assumptions: The model assumes stability of historical patterns and relationships 

between predictors and outcomes. Rapid changes in clinical practice, drug development, 

or patient populations could reduce predictive performance over time, necessitating 

regular model retraining and validation. 

6. Black-Box Concerns: While SHAP analysis provides interpretability for predictions, the 

ensemble model's internal mechanics are not fully transparent, potentially limiting 

clinician trust and adoption. Future work should prioritize the development of models 

that balance predictive performance with interpretability. 

5.4 Future Research Directions 

1. Prospective Clinical Validation: Conduct multi-center, prospective evaluation of the 

DILI prediction and dose optimization framework in real-time clinical practice. This 



should include assessment of clinical utility metrics (e.g., provider acceptance, impact on 

dosing decisions, effect on clinical outcomes) and comparison to standard of care. 

2. Integration of Emerging Biomarkers: Incorporate novel DILI biomarkers including 

genetic variants (HLA-B*57:01, HLA-DRB1*07:01), microRNA signatures (miR-122, 

miR-192), and metabolomic profiles into the predictive framework. Emerging evidence 

suggests these biomarkers may provide early detection capabilities exceeding traditional 

serum enzymes . 

3. Multi-Modal Extension: Extend the framework to incorporate structured and 

unstructured data from diverse sources including radiology reports, pathology images, 

and clinical narratives. Natural language processing of clinical notes may capture 

nuanced clinical information not available in structured databases. 

4. Dynamic Risk Modeling: Develop dynamic prediction models that incorporate time-

varying covariates (e.g., ALT trends, medication changes, disease progression) to 

generate continuously updated risk estimates. This would enable real-time, adaptive 

clinical decision support. 

5. Explainable AI Development: Prioritize the development of interpretable model 

architectures that maintain predictive performance while providing transparent, clinically 

understandable explanations for individual predictions. This is essential for clinician 

adoption and regulatory acceptance. 

6. Fairness and Bias Evaluation: Conduct systematic evaluation of model performance 

across demographic subgroups (race, ethnicity, sex, age, socioeconomic status) to identify 

and mitigate potential algorithmic biases. Fairness audits are essential before clinical 

deployment to ensure equitable care delivery . 

 

 

 

 

6. Conclusion 

This study demonstrates that a hybrid ensemble machine learning model integrating 

demographic, clinical, genetic, and pharmacological predictors achieves substantial performance 

for DILI risk prediction and therapeutic dose optimization in chronic liver disease patients. The 

model achieved 89.4% accuracy (AUC: 0.94) on external validation, significantly outperforming 

traditional logistic regression (72.1%). Baseline liver disease severity, drug lipophilicity, and 

pharmacogenomic factors emerged as the dominant predictors of DILI susceptibility. The dose 

optimization module achieved a 34.2% reduction in predicted hepatotoxicity events while 



maintaining therapeutic efficacy in 96.7% of simulated patients, with a mean predictive lead time 

of 14.3 days before conventional clinical recognition. 

The primary contribution of this work lies in the development of a replicable, clinically 

actionable framework for integrating machine learning-driven predictive analytics into 

pharmacovigilance practice for the vulnerable CLD population. For clinical practice, this 

framework offers a rational, evidence-based approach to personalized dosing that balances 

therapeutic benefit against hepatotoxicity risk. For regulatory and healthcare systems, the 

demonstrated performance supports the integration of such tools into pharmacovigilance 

workflows, with potential improvements in drug safety monitoring and patient outcomes. As the 

field of computational toxicology continues to evolve, the integration of multi-modal patient 

data, incorporation of emerging biomarkers, and commitment to robust prospective validation 

will be essential for translating predictive algorithms from research to clinical practice. The 

future of personalized hepatology lies not in replacing clinical judgment with algorithms, but in 

augmenting clinical wisdom with the analytical power of machine learning, enabling more 

precise, patient-centered therapeutic decision-making. 
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