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Purpose: Voriconazole (VCZ) exhibits nonlinear pharmacokinetics, a narrow therapeutic window, and substantial interindividual 
variability. Inaccurate dosing may lead to underexposure or overexposure, causing treatment failure or toxicity. Existing population 
pharmacokinetic (PPK)-machine learning (ML) models either lack mechanistic interpretability or inadequately characterize VCZ exposure. 
Therefore, we propose a hybrid model embedding ML within a PPK framework to associate clinical covariates with VCZ exposure.
Patients and Methods: A total of 489 inpatients receiving VCZ at the Third Affiliated Hospital of Soochow University between 
March 2020 and May 2024 were included. We identified candidate predictors of CL/F using dual-feature selection with Boruta and 
LASSO. Overlapping features were used to train four ML algorithms to estimate CL/F. The predicted CL/F values were incorporated 
into a steady-state PPK equation to back-calculate VCZ concentrations, followed by quadratic calibration to reduce bias. Causal 
mediation analysis assessed pathways from key covariates to VCZ concentration via CL/F, and Shapley Additive exPlanations (SHAP) 
values were used to quantify feature contributions.
Results: Under the PK-informed hybrid strategy, XGBoost achieved the best concentration prediction (R2 = 0.739, MAE = 0.357, 
RMSE = 0.526, MAPE = 7.78%), outperforming a direct ML approach treating PK-related variables as inputs (CatBoost: R2 = 0.459). 
The temporal external validation performance of the hybrid model remained stable (R2 = 0.661, MAE = 0.473, RMSE = 0.651, MAPE 
= 14.71%). Mediation analysis demonstrated that CRP affected VCZ exposure primarily through CL/F, whereas albumin and age acted 
as modifiers. A web-based calculator was developed for real-time individualized prediction and assistance with clinical-dose 
adjustment.
Conclusion: The hybrid model improved VCZ concentration prediction versus direct ML modeling while preserving CL/F-centered 
mechanistic interpretability. It may help guide dose adjustment and reduce clinically relevant misdosing. This framework may be 
generalizable to other narrow-therapeutic-window drugs.
Keywords: voriconazole, population pharmacokinetics, machine learning, hybrid modeling strategy, causal mediation analysis, 
plasma concentration prediction

Introduction
Voriconazole (VCZ) is a widely used triazole antifungal agent for treating invasive fungal infections. Its therapeutic 
efficacy hinges on achieving appropriate drug exposure within a narrow therapeutic window.1–4 However, VCZ is 
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associated with exposure-related hepatotoxicity and neurotoxicity, and exhibits nonlinear pharmacokinetics driven by 
saturable metabolism. This variability in drug exposure complicates prediction in routine clinical practice, necessitating 
individualized dosing and therapeutic drug monitoring (TDM).5,6 Factors such as CYP2C19 genotype, age, weight, 
hepatic impairment, and drug interactions have been identified as contributors to the variability in VCZ exposure.7 

Existing studies have mainly focused on a single or a limited number of covariates.8–10 However, in real-world 
populations, patients often present with complex pathophysiological conditions, where multiple interrelated clinical 
characteristics coexist. Therefore, a comprehensive framework is required to identify key influencing factors and 
elucidate their pathways in determining VCZ exposure, thereby providing a more clinically meaningful basis for 
individualized dosing, TDM-guided dose adjustment, and optimization of therapy in routine practice.

Methodologically, traditional population pharmacokinetic (PPK) models and machine learning (ML) approaches each 
offer distinct advantages: PPK models are based on a well-defined pharmacokinetic structure, ensuring strong biological 
interpretability,11,12 while ML methods provide greater flexibility in capturing complex, nonlinear relationships.13–16 

Recent research has attempted to integrate PK parameters into ML models for predicting VCZ concentrations.17–19 For 
example, Liu et al employed an ensemble model of three ML algorithms to forecast VCZ concentrations in elderly 
patients.5 However, these models primarily treat pharmacokinetic parameters as input features, with ML dominating the 
modeling process. Consequently, pharmacokinetic structure serves more as a source of features than as a structural 
constraint, limiting the mechanistic interpretability of the model and reducing its utility for clinical dosing decisions. In 
other words, although these approaches may improve predictive performance, they do not fully preserve the mechanistic 
relationship between clinical covariates, pharmacokinetic behavior, and final drug exposure, which is essential for 
individualized dosing in real-world settings.

Building on this foundation, we developed a hybrid PPK–ML framework that embeds ML within a PPK-guided 
structure rather than treating PK-related variables merely as model inputs. By preserving the mechanistic linkage 
between clinical covariates, CL/F, and VCZ exposure, this framework may provide a more interpretable and 
clinically relevant approach to exposure prediction. Accordingly, the objective of this study was to develop and 
validate this framework in real-world patients receiving VCZ therapy, thereby better supporting individualized 
dosing decisions.

Materials and Methods
Study Population
This retrospective study included adult inpatients (≥18 years) receiving VCZ for confirmed, probable, or suspected 
invasive fungal infections at the Third Affiliated Hospital of Soochow University. Data from March 2020 to July 2023 
constituted the internal dataset; data from August 2023 to May 2024 served as the temporal external validation dataset. 
Patients receiving concomitant antifungal agents or drugs with known significant VCZ interactions were excluded. Full 
inclusion and exclusion criteria were detailed in Supplementary S1. The study was approved by the institutional Ethics 
Committee (No. 2023–038) and conducted in accordance with the Declaration of Helsinki. The requirement for informed 
consent was waived given the retrospective design without additional biological sample collection.

Data Collection and VCZ Concentration Measurement
Demographic, genetic, laboratory, concomitant medication, and VCZ dosing data were extracted from electronic medical 
records (EMR). Given that the elimination half-life of VCZ is approximately 6–12 hours, steady state is typically 
achieved after 4–5 half-lives. Therefore, for patients receiving a loading dose, who can reach target exposure levels more 
rapidly, the first plasma sample was collected on day 3 of treatment. For patients not receiving a loading dose, plasma 
samples were collected after completing 5 days of treatment. All samples were obtained within 30 minutes before the 
next dose. VCZ plasma concentrations were measured using a validated high-performance liquid chromatography 
coupled with tandem mass spectrometry (HPLC–MS/MS) method (linear range: 0.1–20 mg/L; intra- and inter-day 
precision: 1.92% and 4.60%, respectively).9
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Genotyping and Phenotype Assignment
CYP2C19 genotyping was performed using a fluorescence-based commercial assay (Xi’an Tianlong Technology, China). 
Phenotypes were classified per Clinical Pharmacogenetics Implementation Consortium (CPIC) guidelines into ultrarapid 
(UM), rapid (RM), normal (NM), intermediate (IM), and poor metabolizers (PM). The genotype-to-phenotype mapping 
was provided in Supplementary S1.

Data Processing and Feature Selection
The internal dataset was randomly split into a training cohort and a testing cohort at a ratio of 8:2. After excluding 
variables with a missing rate exceeding 20%, missing values with less than 20% were imputed using K-nearest neighbors 
(KNN) fitted on the training cohort and applied to the testing cohort, followed by 1–99% Winsorization. Variables with 
potential information leakage or high multicollinearity were excluded. Categorical variables were one-hot encoded. The 
same preprocessing pipeline was applied to the internal and external datasets. Details were provided in 
Supplementary S2.

Feature selection combined Boruta and LASSO regression, both performed in the training cohort. The intersection 
was adopted as the core feature set. Multicollinearity was assessed using variance inflation factors (VIF < 5). This dual 
approach ensured that selected features captured nonlinear predictive information while avoiding redundancy. Moreover, 
individual CL/F values were derived from a validated one-compartment PPK model with first-order (linear) elimination.9

Hybrid PPK–ML Framework Construction
The modeling strategy comprised three steps: (i) ML-based prediction of individual apparent clearance (CL/F) to 
characterize metabolic capacity, (ii) PK equation-based back-calculation of steady-state VCZ concentrations, and (iii) 
calibration of the back-calculated concentrations by evaluating polynomial degree and trough-sampling window against 
clinically measured trough concentrations. Within this framework, the PK model served as a structural constraint, 
whereas ML was used to estimate individual CL/F from selected clinical covariates:

where dCL=Fi denotes the ML-predicted CL/F for patient i, and Xi denotes the corresponding features. This ML 
component was used to capture potentially nonlinear and heterogeneous relationships between clinical covariates and 
individual CL/F.

Specifically, we first constructed an ML-based CL/F prediction model. Four common ML algorithms were employed 
for modeling: categorical boosting (CatBoost), random forest (RF), light gradient boosting machine (LightGBM), and 
eXtreme Gradient Boosting (XGBoost). Each algorithm underwent parameter tuning via 5-fold cross-validation. Model 
performance was evaluated using the coefficient of determination (R2), mean absolute error (MAE), root mean square 
error (RMSE), and mean absolute percentage error (MAPE). The final hybrid PPK-ML model was selected based on both 
the robustness of CL/F prediction and plasma concentration prediction performance in the testing cohort.

The daily dose served as the known-dosing input in the pharmacokinetic formula, enabling subsequent concentration 
calculation and dose optimization scenario simulations. The predicted CL/F was then substituted into the pharmacoki
netic equation to calculate the theoretical steady-state average concentration (Css;avg):

It should be noted that Css;avg reflects the average exposure level within the dosing interval, whereas clinical monitoring 
employs trough concentration as the instantaneous minimum concentration prior to dosing. Additionally, blood sample 
collection timing in clinical practice exhibited a certain degree of deviation. Therefore, to map Css;avg to clinically 
measured trough concentrations, we compared multiple candidate calibration models and selected the final calibration 
model based on comparative post-calibration performance. The calibration step was generally expressed as:
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where gðÞ denotes a candidate calibration function mapping the theoretical steady-state average concentration to the 
measured trough concentration. For the quadratic candidate model, gðÞ was specified as:

The selected calibration model was then used for subsequent trough concentration prediction analyses. Although VCZ 
exhibits nonlinear pharmacokinetics, the steady-state equation serves as a local linear approximation within the observed 
therapeutic concentration range. Based on prior multiple-dose pharmacokinetic studies,20 VCZ was reported to reach 
relative steady state approximately 5–8 days after administration. Accordingly, to determine the optimal calibration time 
window, trough concentrations collected from days 5–8 after treatment initiation and thereafter were stratified for 
calibration assessment, and the window demonstrating the best calibration performance was selected for subsequent 
analyses.

Model Interpretability Analysis
To interpret the CL/F prediction model, SHapley Additive exPlanations (SHAP) values were computed for each feature. 
Global feature importance was summarized by the mean absolute SHAP value, and SHAP swarm plots were used to 
visualize feature effects. Additionally, a directed acyclic graph (DAG) was constructed to describe potential causal 
relationships among variables. Confounders, mediators, and the minimal sufficient adjustment set were defined based on 
the DAG. Causal inference analysis was used to supplement SHAP results and characterize the direction of effects.

Statistical Analysis
All statistical tests were two-sided, with p < 0.05 considered statistically significant. Statistical analyses were performed 
using R (version 4.2.2) and Python (version 3.9.0). Normality of continuous variables was assessed using the Shapiro– 
Wilk test. Based on normality test results, continuous variables were expressed as mean ± standard deviation (SD) or 
median ± interquartile range (IQR); categorical variables were expressed as counts (frequencies). Comparisons of 
continuous variables between groups were performed using independent samples t-tests or Mann–Whitney U-tests, 
while comparisons of categorical variables were performed using χ2-tests or Fisher’s exact tests.

Results
Participants and Baseline Characteristics
Patients were randomly assigned to the training cohort (n = 310) and the testing cohort (n = 77) (Table 1), and all trough 
concentration samples from a given patient followed the patient-level assignment. Given that patients with invasive 
fungal infections often present with unstable conditions and fluctuating gastrointestinal absorption capacity, intravenous 
infusion was uniformly administered to all hospitalized patients in this study to ensure reliable and predictable plasma 
drug exposure levels during the initial treatment phase. Among them, 135 patients received intravenous loading doses of 
600 mg or 400 mg twice daily, followed by maintenance doses of 300 mg or 200 mg twice daily; 252 patients received 
intravenous doses of 200 mg twice daily without a loading dose. The infusion rate was less than 3 mg/kg per hour. 
During subsequent treatment, physicians adjusted the dose based on VCZ concentrations. VCZ trough concentrations 
exhibited considerable variability, with a median of 4.10 mg/L and a range of 0.30–12.90 mg/L; 72.7% (397/546) of 
trough concentrations fell within the 0.5–5.0 mg/L range. Among study subjects, CYP2C19 phenotypes were predomi
nantly NM (37.4%), IM (48.5%), and PM (14.1%); no UM or RM phenotypes were included. The workflow for data 
processing, algorithm selection, and modeling process was depicted in Figure 1.

Overall Relationships Among Dose, Concentration, and CL/F
Individual CL/F was estimated using a PPK model developed from prior VCZ studies,9 with detailed model parameters 
provided in Supplementary Table 1. VCZ trough concentrations exhibited a positive correlation with the administered 
dose (Figure 2A), yet substantial inter-individual variability persisted at equivalent dose levels. CL/F showed high 
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Table 1 Baseline Characteristics of the Training and Testing Cohorts

Characteristics Overall (N=546) Training cohort (N=436) Testing cohort (N=110) P value

Plasma concentration
DV, mg/L 4.10 [3.40, 5.20] 4.20 [3.40, 5.20] 3.90 [3.40, 5.20] 0.46

Demographic information
Age, years 70.00 [59.00, 79.00] 70.00 [59.00, 79.00] 72.00 [58.25, 82.00] 0.463
Weight, kg 65.00 [57.00, 71.00] 65.00 [56.75, 72.00] 64.00 [57.25, 70.00] 0.567

Sex, n (%) 0.976

Female 157 (28.8) 126 (28.9) 31 (28.2)
Male 389 (71.2) 310 (71.1) 79 (71.8)

Voriconazole administration
TIME, day 5.50 [4.20, 10.00] 5.50 [4.20, 10.00] 5.50 [4.12, 9.25] 0.93

Daily dose, mg 400.00 [400.00, 400.00] 400.00 [400.00, 400.00] 400.00 [400.00, 400.00] 0.13

Total dose, g 2.40 [2.00, 4.00] 2.40 [2.00, 4.00] 2.40 [2.00, 3.80] 0.939
Genomic information
CYP2C19, n (%) 0.894

NM 204 (37.4) 163 (37.4) 41 (37.3)
IM 265 (48.5) 213 (48.9) 52 (47.3)

PM 77 (14.1) 60 (13.8) 17 (15.5)

Co-medication
GCs Dexamethasone, n (%) 0.702

Yes 4 (0.7) 4 (0.9) 0 (0.0)

No 542 (99.3) 432 (99.1) 110 (100.0)
GCs Methylprednisolone, n (%) 0.115

Yes 72 (13.2) 52 (11.9) 20 (18.2)

No 474 (86.8) 384 (88.1) 90 (81.8)
GCs Prednisone, n (%) 1

Yes 40 (7.3) 32 (7.3) 8 (7.3)

No 506 (92.7) 404 (92.7) 102 (92.7)
GCs Hydrocortisone, n (%) 0.766

Yes 6 (1.1) 4 (0.9) 2 (1.8)

No 540 (98.9) 432 (99.1) 108 (98.2)
PPI Omeprazole, n (%) 0.352

Yes 200 (36.6) 155 (35.6) 45 (40.9)

No 346 (63.4) 281 (64.4) 65 (59.1)
PPI Rabeprazole, n (%) 0.882

Yes 55 (10.1) 43 (9.9) 12 (10.9)

No 491 (89.9) 393 (90.1) 98 (89.1)
PPI Pantoprazole, n (%) 0.282

Yes 96 (17.6) 81 (18.6) 15 (13.6)

No 450 (82.4) 355 (81.4) 95 (86.4)
PPI Lansoprazole, n (%) 0.880

Yes 3 (0.5) 3 (0.7) 0 (0.0)

No 543 (99.5) 433 (99.3) 110 (100.0)
PPI Esomeprazole, n (%) 1.000

Yes 1 (0.2) 1 (0.2) 0 (0.0)

No 545 (99.8) 435 (99.8) 110 (100.0)
PPI Ilaprazole sodium, n (%) 0.562

Yes 22 (4.0) 16 (3.7) 6 (5.5)

No 524 (96.0) 420 (96.3) 104 (94.5)
Laboratory parameters
PLT, ×109/L 198.00 [147.00, 263.25] 201.00 [148.00, 269.00] 183.70 [143.07, 245.65] 0.133

AST, U/L 49.35 [29.18, 85.02] 48.40 [28.67, 86.80] 51.60 [33.15, 82.95] 0.413

(Continued)
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dispersion within each CYP2C19 metabolic phenotype, and the distribution ranges between phenotypes overlapped 
substantially (Figure 2B). In summary, these findings indicated that genotype alone cannot fully explain the variability in 
CL/F and VCZ exposure, necessitating the integration of non-genetic clinical covariates for analysis.

Hybrid PPK-ML Framework Performance
Dual-feature selection (Boruta and LASSO) identified seven core features for PPK-ML model construction: age, 
C-reactive protein (CRP), albumin (ALB), CYP2C19 genotype, sex, weight, and total bilirubin (TBIL). All variables 
exhibited VIF values below 5, indicating no significant multicollinearity (see Supplementary Table 2). Using this reduced 
seven-feature set, XGBoost showed better predictive performance than the 29-variable setting for CL/F prediction (R2 = 
0.916 vs. 0.898; RMSE = 0.383 vs. 0.423; Figure 2C and D), and additional algorithm comparisons were shown in 
Supplementary Figures 1–3.

To determine the final calibration strategy, polynomial calibration models of different degrees were evaluated across 
trough-sampling windows defined as ≥5, ≥6, ≥7, and ≥8 days after dosing. Quadratic calibration using trough concentra
tions collected ≥7 days after dosing achieved the best or near-best overall predictive performance across the evaluated 
combinations and was therefore selected as the final calibration strategy for subsequent analyses (Table 2). Further 
increasing the polynomial degree or extending the sampling threshold beyond ≥7 days did not provide material 
performance gains, and some metrics deteriorated in certain settings.

The final PPK–ML model was selected by jointly considering CL/F prediction and downstream concentration 
prediction performance. Although CatBoost showed slightly better overall fit for CL/F, XGBoost yielded lower 
concentration prediction errors after extrapolation and calibration (MAE = 0.357, RMSE = 0.526, MAPE = 7.78% vs. 
CatBoost: MAE = 0.391, RMSE = 0.563, MAPE = 8.36%; Table 3). Consequently, PPK–XGBoost was selected as the 

Table 1 (Continued). 

Characteristics Overall (N=546) Training cohort (N=436) Testing cohort (N=110) P value

ALB, g/L 35.40 [30.30, 41.00] 35.05 [30.40, 40.92] 36.40 [29.92, 41.65] 0.556

GLB, g/L 28.90 [24.30, 33.68] 29.15 [24.45, 34.20] 28.00 [23.80, 32.08] 0.051
BUN, mmol/L 10.39 [7.11, 15.70] 10.32 [6.80, 15.74] 10.67 [7.49, 15.38] 0.520

TBIL, μmol/L 14.65 [10.40, 30.80] 14.55 [10.17, 29.97] 15.40 [11.22, 33.62] 0.251

DBIL, μmol/L 7.95 [4.50, 19.48] 7.90 [4.47, 18.65] 8.20 [5.12, 22.70] 0.474
IBIL, μmol/L 7.40 [4.82, 11.67] 7.30 [4.60, 11.40] 7.65 [5.60, 12.10] 0.139

UA, μmol/L 208.35 [157.12, 269.55] 207.40 [154.20, 267.67] 210.35 [167.55, 273.48] 0.514

ALT, U/L 32.90 [19.90, 63.70] 32.10 [19.98, 63.62] 41.45 [18.47, 65.15] 0.485
HB, mmol/L 97.00 [87.00, 109.00] 97.00 [87.00, 109.00] 97.50 [86.25, 111.50] 0.955

GGT, U/L 115.40 [63.32, 214.85] 114.95 [62.65, 216.95] 120.05 [67.73, 194.50] 0.857

TP, μmol/L 65.30 [58.20, 71.77] 65.35 [58.20, 71.73] 64.70 [57.87, 71.52] 0.419
ALP, U/L 125.50 [91.00, 181.00] 126.00 [94.00, 180.25] 118.00 [84.75, 181.00] 0.602

Cr, μmol/L 92.00 [72.00, 133.75] 92.00 [71.75, 133.00] 94.00 [73.50, 135.00] 0.793

CRP, mg/L 61.20 [9.34, 111.07] 61.40 [12.08, 112.00] 59.15 [7.87, 109.25] 0.525
PPK parameter
CL/F, L/h 3.04 [2.37, 3.98] 3.02 [2.38, 3.97] 3.10 [2.36, 4.23] 0.789

Comorbidities
Hemodialysis, n (%) 0.097

Yes 106 (19.4) 78 (17.9) 28 (25.5)
No 440 (80.6) 358 (82.1) 82 (74.5)

Notes: None of the above p-values are statistically significant (all p>0.05). Data are presented as n (%), mean (SD), or median (IQR). Variables with normal 
distribution are presented as mean (standard deviation, SD); Variables without normal distribution are presented as median (interquartile range, IQR). 
Abbreviations: DV, voriconazole plasma concentration; NM, normal metabolizer; IM, intermediate metabolizer; PM, poor metabolizer; PLT, platelet; ALT, alanine 
aminotransferase; AST, aspartate transaminase; ALB, albumin; GLB, globulin; UA, uric acid; TBIL, total bilirubin; IBIL, indirect bilirubin; DBIL, direct bilirubin; BUN, 
blood urea nitrogen; HB, hemoglobin; GGT, γ-glutamyl transferase; TP, total protein; ALP, alkaline phosphatase; Cr, creatinine; CRP, C-reactive protein; PPK, 
population pharmacokinetic; CL/F, clearance.
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final model, and its results were shown in Figure 2E. After nonlinear calibration, concentration prediction achieved R2 = 
0.739, with most predictions within ±30% relative error, supporting reliable CL/F estimation and concentration 
extrapolation.

To further evaluate the contribution of the hybrid PPK–ML design, three VCZ concentration prediction strategies 
were compared: a concentration prediction model without PK parameters, a concentration prediction model incorporating 
PK parameters, and a hybrid model strategy predicting CL/F first and then extrapolating plasma concentrations. The 
hybrid strategy achieved the most favorable overall performance, indicating that using CL/F as an intermediate PK- 
linked target improved the consistency of concentration prediction (Table 4).

Feature Importance and Model Interpretability
The SHAP method was used to interpret the CL/F prediction process, quantifying feature importance and their 
contribution to prediction outcomes (Figure 2F and G). Scatter plot colors indicated the magnitude of the feature 
value, with red representing higher values and blue representing lower values. Results showed age and CRP exhibited 
the highest importance among all features. ALB showed a positive correlation with the prediction outcome, while age, 
CRP, weight, and TBIL exhibited negative correlations. The DAG (Supplementary Figure 4) illustrated the influence 
pathways of demographic factors (age, gender, weight), genetic factors (genotype), treatment-related factors (daily dose), 
inflammatory markers (CRP), and liver function indicators (ALB, TBIL) on the outcome variable (VCZ plasma 
concentration) through the pharmacokinetic mediator variable (CL/F).

To enhance clinical accessibility and usability of the developed PPK-ML hybrid prediction model, a real-time VCZ 
plasma concentration predictor has been deployed to the cloud for multi-stage utilization (https://voriconazole-mipd-tool. 

Figure 1 Schematic of the study workflow. 
Abbreviations: VCZ, voriconazole; TDM, therapeutic drug monitoring; CL/F, clearance; XGBoost, eXtreme Gradient Boosting; LightGBM, light gradient boosting machine; 
CatBoost, categorical boosting; RF, random forest; ML, machine learning; KNN, K-nearest neighbors; VIF, variance inflation factors; MAE, mean absolute error; RMSE, root 
mean square error; MAPE, mean absolute percentage error; PPK, population pharmacokinetic; SHAP, SHapley Additive exPlanations; ALB, albumin; CRP, C-reactive protein; 
TBIL, total bilirubin; DAG, directed acyclic graph.
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streamlit.app/). For specific details, see Figure 3. This web-based, user-friendly tool enables clinicians to obtain 
predictions by inputting relevant patient information.

Impact Effect Analysis of CYP2C19 Genotypes and CRP on CL/F
Given the prominent importance of CRP in the CL/F prediction phase as indicated by SHAP results, we further analyzed 
the association between CYP2C19 genotypes and CL/F under different inflammatory states. Using CRP as the 

Figure 2 Hybrid model performance of VCZ clearance and plasma concentration. (A) Scatter plot of VCZ dose versus plasma concentration. Solid red line indicates 
regression fit; shaded area denotes 95% confidence interval; dashed lines represent commonly used plasma concentration thresholds. (B) Distribution of CL/F across 
CYP2C19 genotypes (PM, IM, NM). Inner boxplots indicate median and interquartile range. (C) Full model for predicting VCZ CL/F using XGBoost. (D) Simplified model for 
predicting VCZ CL/F using XGBoost. (E) Performance of the hybrid model in predicting VCZ plasma concentration. The dashed line represents the ideal prediction line, and 
the gray shaded area indicates the ±30% prediction error range. (F) SHAP summary of feature effects on CL/F. (G) SHAP feature importance ranking for CL/F prediction. 
Abbreviations: VCZ, voriconazole; CL/F, clearance; XGBoost, eXtreme Gradient Boosting; SHAP, SHapley Additive exPlanations; ALB, albumin; TBIL, total bilirubin; CRP, 
C-reactive protein; NM, normal metabolizer; IM, intermediate metabolizer; PM, poor metabolizer; MAE, mean absolute error; RMSE, root mean square error; MAPE, mean 
absolute percentage error.

Table 2 Predictive Performance of PPK–ML Models After Polynomial Calibration Across Different Trough-Sampling Windows in 
Testing Cohort

PPK–ML Polynomial 
Calibration 

Degree

≥5 ≥6 ≥7 ≥8

PPK- 
XGBoost

Linear R2=0.479,MAE=0.683, 
RMSE=1.116, 

MAPE=23.13%

R2=0.687,MAE=0.382, 
RMSE=0.548, 

MAPE=8.26%

R2=0.722,MAE=0.377, 
RMSE=0.542, 

MAPE=8.50%

R2=0.701,MAE=0.361, 
RMSE=0.501, 

MAPE=7.99%

Quadratic R2=0.484,MAE=0.679, 

RMSE=1.097, 

MAPE=22.98%

R2=0.706,MAE=0.369, 

RMSE=0.539, 

MAPE=8.15%

R2=0.739,MAE=0.357, 

RMSE=0.526, 

MAPE=7.78%

R2=0.707,MAE=0.348, 

RMSE=0.542, 

MAPE=7.79%

Cubic R2=0.465,MAE=0.687, 

RMSE=1.118, 
MAPE=23.18%

R2=0.659,MAE=0.398, 

RMSE=0.581, 
MAPE=8.65%

R2=0.628,MAE=0.432, 

RMSE=0.627, 
MAPE=9.27%

R2=0.543,MAE=0.482, 

RMSE=0.675, 
MAPE=10.47%

(Continued)
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Table 2 (Continued). 

PPK–ML Polynomial 
Calibration 

Degree

≥5 ≥6 ≥7 ≥8

Quartic R2=0.462,MAE=0.688, 

RMSE=1.121, 

MAPE=23.13%

R2=0.681,MAE=0.385, 

RMSE=0.562, 

MAPE=8.41%

R2=0.681,MAE=0.392, 

RMSE=0.581, 

MAPE=8.36%

R2=0.616,MAE=0.409, 

RMSE=0.619, 

MAPE=8.56%

Quintic R2=0.457,MAE=0.696, 

RMSE=1.126, 
MAPE=23.08%

R2=0.700,MAE=0.374, 

RMSE=0.545, 
MAPE=8.24%

R2=0.726,MAE=0.369, 

RMSE=0.538, 
MAPE=8.01%

R2=0.667,MAE=0.390, 

RMSE=0.577, 
MAPE=8.71%

PPK-RF Linear R2=0.463,MAE=0.723, 
RMSE=1.119, 

MAPE=23.99%

R2=0.659,MAE=0.402, 
RMSE=0.575, 

MAPE=9.54%

R2=0.706,MAE=0.418, 
RMSE=0.559, 

MAPE=8.96%

R2=0.717,MAE=0.400, 
RMSE=0.542, 

MAPE=8.72%

Quadratic R2=0.473,MAE=0.715, 

RMSE=1.109, 

MAPE=23.89%

R2=0.674,MAE=0.431, 

RMSE=0.568, 

MAPE=9.45%

R2=0.715,MAE=0.415, 

RMSE=0.549, 

MAPE=8.94%

R2=0.718,MAE=0.390, 

RMSE=0.531, 

MAPE=8.64%

Cubic R2=0.407,MAE=0.754, 

RMSE=1.176, 
MAPE=24.66%

R2=0.639,MAE=0.455, 

RMSE=0.598, 
MAPE=10.07%

R2=0.645,MAE=0.480, 

RMSE=0.613, 
MAPE=10.71%

R2=0.613,MAE=0.480, 

RMSE=0.622, 
MAPE=11.19%

Quartic R2=0.381,MAE=0.756, 
RMSE=1.202, 

MAPE=24.76%

R2=0.612,MAE=0.451, 
RMSE=0.620, 

MAPE=9.84%

R2=0.597,MAE=0.476, 
RMSE=0.653, 

MAPE=10.49%

R2=0.588,MAE=0.484, 
RMSE=0.641, 

MAPE=11.17%

Quintic R2=0.378,MAE=0.756, 

RMSE=1.205, 
MAPE=24.70%

R2=0.609,MAE=0.458, 

RMSE=0.622, 
MAPE=10.04%

R2=0.614,MAE=0.446, 

RMSE=0.639, 
MAPE=9.69%

R2=0.639,MAE=0.419, 

RMSE=0.600, 
MAPE=9.34%

PPK- 
CatBoost

Linear R2=0.451,MAE=0.722, 
RMSE=1.121, 

MAPE=23.96%

R2=0.646,MAE=0.410, 
RMSE=0.592, 

MAPE=8.99%

R2=0.690,MAE=0.389, 
RMSE=0.573, 

MAPE=8.40%

R2=0.648,MAE=0.387, 
RMSE=0.593, 

MAPE=8.32%

Quadratic R2=0.466,MAE=0.699, 

RMSE=1.117, 

MAPE=23.41%

R2=0.653,MAE=0.405, 

RMSE=0.586, 

MAPE=8.82%

R2=0.701,MAE=0.391, 

RMSE=0.563, 

MAPE=8.36%

R2=0.670,MAE=0.373, 

RMSE=0.574, 

MAPE=8.04%

Cubic R2=0.471,MAE=0.699, 

RMSE=1.111, 
MAPE=23.35%

R2=0.638,MAE=0.412, 

RMSE=0.598, 
MAPE=8.95%

R2=0.640,MAE=0.419, 

RMSE=0.617, 
MAPE=8.94%

R2=0.586,MAE=0.432, 

RMSE=0.643, 
MAPE=9.28%

Quartic R2=0.465,MAE=0.701, 
RMSE=1.117, 

MAPE=23.37%

R2=0.635,MAE=0.414, 
RMSE=0.601, 

MAPE=8.99%

R2=0.634,MAE=0.417, 
RMSE=0.622, 

MAPE=8.84%

R2=0.582,MAE=0.418, 
RMSE=0.646, 

MAPE=8.76%

Quintic R2=0.473,MAE=0.709, 

RMSE=1.109, 

MAPE=23.42%

R2=0.641,MAE=0.413, 

RMSE=0.596, 

MAPE=8.96%

R2=0.637,MAE=0.429, 

RMSE=0.620, 

MAPE=9.05%

R2=0.545,MAE=0.463, 

RMSE=0.674, 

MAPE=9.99%

(Continued)
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Table 2 (Continued). 

PPK–ML Polynomial 
Calibration 

Degree

≥5 ≥6 ≥7 ≥8

PPK- 

LightGBM

Linear R2=0.365,MAE=0.787, 

RMSE=1.128, 

MAPE=25.19%

R2=0.605,MAE=0.446, 

RMSE=0.626, 

MAPE=9.75%

R2=0.628,MAE=0.436, 

RMSE=0.627, 

MAPE=9.35%

R2=0.551,MAE=0.448, 

RMSE=0.670, 

MAPE=9.42%

Quadratic R2=0.395,MAE=0.753, 

RMSE=1.188, 
MAPE=24.66%

R2=0.670,MAE=0.407, 

RMSE=0.572, 
MAPE=9.04%

R2=0.718,MAE=0.394, 

RMSE=0.546, 
MAPE=8.58%

R2=0.675,MAE=0.400, 

RMSE=0.570, 
MAPE=9.00%

Cubic R2=0.345,MAE=0.773, 
RMSE=1.236, 

MAPE=25.08%

R2=0.607,MAE=0.445, 
RMSE=0.623, 

MAPE=9.71%

R2=0.625,MAE=0.450, 
RMSE=0.630, 

MAPE=9.69%

R2=0.533,MAE=0.506, 
RMSE=0.683, 

MAPE=11.08%

Quartic R2=0.343,MAE=0.774, 

RMSE=1.238, 

MAPE=25.06%

R2=0.610,MAE=0.442, 

RMSE=0.621, 

MAPE=9.68%

R2=0.627,MAE=0.443, 

RMSE=0.628, 

MAPE=9.45%

R2=0.540,MAE=0.489, 

RMSE=0.678, 

MAPE=10.54%

Quintic R2=0.340,MAE=0.776, 

RMSE=1.241, 
MAPE=25.08%

R2=0.611,MAE=0.442, 

RMSE=0.621, 
MAPE=9.67%

R2=0.608,MAE=0.467, 

RMSE=0.644, 
MAPE=9.84%

R2=0.508,MAE=0.519, 

RMSE=0.701, 
MAPE=11.12%

Abbreviations: MAE, mean absolute error; RMSE, root mean square error; MAPE, mean absolute percentage error; PPK, population pharmacokinetic; RF, random forest; 
XGBoost, eXtreme Gradient Boosting; LightGBM, light gradient boosting machine; CatBoost, categorical boosting.

Table 3 Evaluating the Predictive Performance of Different PPK-ML Models for Voriconazole 
Clearance and Plasma Concentrations in Testing Cohort

Model Clearance Prediction Concentration Prediction

R2 MAE RMSE MAPE (%) R2 MAE RMSE MAPE (%)

PPK-RF 0.797 0.451 0.597 15.75 0.715 0.415 0.549 8.94

PPK-XGBoost 0.916 0.279 0.383 9.21 0.739 0.357 0.526 7.78
PPK-LightGBM 0.900 0.315 0.420 10.21 0.718 0.394 0.546 8.58

PPK-CatBoost 0.928 0.275 0.355 9.40 0.701 0.391 0.563 8.36

Abbreviations: MAE, mean absolute error; RMSE, root mean square error; MAPE, mean absolute percentage error; 
PPK, population pharmacokinetic; RF, random forest; XGBoost, eXtreme Gradient Boosting; LightGBM, light gradient 
boosting machine; CatBoost, categorical boosting.

Table 4 Comparison of Model Predictive Performance Under Different Plasma Concentration Prediction Strategies in Testing Cohort

Model Direct Concentration Prediction 
Without PPK

Direct Concentration Prediction 
with PPK

PPK-Constrained Hybrid Model

R2 MAE RMSE MAPE (%) R2 MAE RMSE MAPE (%) R2 MAE RMSE MAPE (%)

RF 0.390 0.954 1.363 33.43 0.442 0.899 1.304 31.52 0.715 0.415 0.549 8.94

XGBoost 0.378 0.963 1.377 34.02 0.458 0.904 1.285 31.39 0.739 0.357 0.526 7.78

LightGBM 0.369 0.981 1.387 33.31 0.436 0.900 1.311 31.34 0.718 0.394 0.546 8.58
CatBoost 0.416 0.924 1.334 32.41 0.449 0.889 1.296 31.42 0.701 0.391 0.563 8.36

Abbreviations: MAE, mean absolute error; RMSE, root mean square error; MAPE, mean absolute percentage error; PPK, population pharmacokinetic; RF, random forest; 
XGBoost, eXtreme Gradient Boosting; LightGBM, light gradient boosting machine; CatBoost, categorical boosting.
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stratification variable, patients were categorized into low-inflammation and high-inflammation groups based on a CRP 
threshold of ≥100 mg/L,21 and CL/F distributions across metabolic phenotypes were compared within each CRP stratum.

Results (Figure 4A) showed significant differences in CL/F across CYP2C19 genotypes in the low-CRP group 
(n=382, p=7.89×10−10), with substantial intergroup variability (PM: 2.97 ± 1.27 L/h; IM: 3.52 ± 1.14 L/h; NM: 4.19 ± 
1.57 L/h). Under high-CRP conditions (n = 164), although CL/F differences among genotypes remained statistically 
significant (p = 2.66 × 10−8), the magnitude of inter-phenotype differences was markedly decreased, and distributional 
overlap increased substantially (PM: 1.88 ± 0.99 L/h; IM: 2.27 ± 0.62 L/h; NM: 2.98 ± 0.98 L/h). These findings 
indicated that high-level inflammation more strongly attenuated the effect of CYP2C19 genotype on CL/F.

Concurrently, counterfactual causal mediation analysis (Table 5) revealed a significant total effect (TE > 0) between 
CRP and VCZ plasma concentration. Decomposition of the TE indicated that CRP predominantly exerted a substantial 
natural indirect effect (NIE) by reducing CL/F, while the natural direct effect (NDE) was relatively minor. These findings 
suggest that CL/F plays a dominant mediating role in the influence of CRP on VCZ exposure. This mediating effect 
demonstrated robust stability in bootstrap analysis (Figure 4B). Figure 4C illustrated the negative correlation between 
CL/F and plasma concentration, with a steeper decline observed at high-CRP states (CRP > 100 mg/L). These findings 
indicated that increased inflammation further amplified CL/F reduction, thereby increasing the risk of elevated VCZ 
concentrations.

Overall, elevated inflammatory burden significantly attenuated the influence of CYP2C19 genotype on CL/F yet did 
not completely eliminate genotype-related differences. This manifested as a reduction in inflammation-related genotype 
effects rather than complete phenotypic reversal.

Figure 3 Real-time prediction network calculator for VCZ plasma concentration. Users can predict plasma concentrations by clicking the “Estimate Concentration & 
Optimize Dose” button via the online link. 
Abbreviations: VCZ, voriconazole; CL/F, clearance; CRP, C-reactive protein.
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Age and ALB Effects on the Modulation of Inflammation–PK Relationships
Stratified analysis revealed heterogeneity in the association between CRP and PK parameters across different population 
characteristics (Figure 4D). After stratification by age, the negative correlation between elevated CRP and CL/F was 
more pronounced in the elderly group (>65 years) than in the younger group (≤65 years), with a steeper trend observed. 
Figure 4E indicated that the association pattern between CRP and VCZ plasma concentrations differed across ALB strata. 
In the low-ALB group (≤35 g/L) and moderate-ALB group (35–55 g/L), elevated CRP showed a significant positive 
correlation with increased plasma concentrations. In contrast, this association was markedly attenuated or even direc
tionally reversed in the high-ALB group (>55 g/L).

Path Decomposition Analysis of the CL/F-Dominated Mediating Mechanism
Path decomposition analysis quantified the relative contributions of predictors to VCZ pharmacokinetics. Figure 4F 
demonstrated that in the multivariate regression model with CL/F as the outcome, CYP2C19 genotype and sex exhibited 

Figure 4 Results of causal mediation analysis. (A) Distribution of VCZ CL/F across CYP2C19 genotypes in different inflammatory states. Boxes denote interquartile ranges, 
the median line indicates the median, and individual observations are represented as scatter points. (B) Distribution of standardized NIE estimated from 1000 bootstrap 
resamples. (C) Scatter plots and regression lines of VCZ plasma concentration versus CL/F. Stratified by CRP level (Low CRP: ≤100 mg/L; High CRP: >100 mg/L). 
(D) Relationship between CL/F and CRP. Stratified by age group (Age ≤65 years; Age >65 years). (E) Relationship between VCZ plasma concentration and CRP. Stratified by 
ALB level (ALB ≤35 g/L; ALB 35–55 g/L; ALB >55 g/L). (F) Standardized regression coefficients of predictors for CL/F from multivariable linear regression. (G) Standardized 
regression coefficients of predictors for VCZ plasma concentration from multivariable linear regression. 
Abbreviations: VCZ, voriconazole; CL/F, clearance; NIE, natural indirect effect; CRP, C-reactive protein; ALB, albumin; TBIL, total bilirubin.

Table 5 Counterfactual Mediation Analysis of the Effect of CRP on Voriconazole 
Exposure Mediated by CL/F

Effect Main Model Sensitivity Model (+ ALB, TBIL, Cr)

TE 0.153 (0.099, 0.259) 0.111 (0.055, 0.203)

NDE −0.106 (−0.158, 0.007) −0.121 (−0.174, −0.008)
NIE 0.259 (0.169, 0.341) 0.231 (0.149, 0.301)

Proportion Mediated 1.69 (0.97, 2.30) 2.09 (1.06, 3.50)

Notes: Main model: The baseline causal mediation analysis model excluding ALB, TBIL, and Cr. Sensitivity model: 
The validated model incorporating ALB, TBIL, and Cr as additional variables based on the main model. TE 
represents the overall effect of CRP on VCZ exposure, NDE represents the direct effect not mediated by CL/F, 
and NIE represents the indirect effect through CL/F. The positive NIE and relatively small NDE indicate that CRP 
affected VCZ exposure predominantly through the CL/F-mediated pathway. 
Abbreviations: VCZ, voriconazole; TE, total effect; NDE, natural direct effect; NIE, natural indirect effect; CRP, 
C-reactive protein; ALB, albumin; TBIL, total bilirubin; Cr, creatinine; CL/F, clearance.
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strong predictive effects while the direct effects of CRP and certain liver function indicators (eg, ALB, TBIL) were 
relatively weaker. CRP remained associated with CL/F after multivariable adjustment, but with a smaller effect size. 
After further controlling for key pharmacokinetic intermediate variables, the direct effects of most covariates on VCZ 
plasma concentrations approached zero, with only a few variables (such as CRP or certain liver function markers) 
retaining a slight direct association (Figure 4G).

Overall, these results indicated that covariate effects on VCZ exposure were largely mediated through CL/F, 
consistent with the causal mediation analysis and supporting CL/F as a key intermediary in the inflammation–exposure 
association.

Figure 5 Performance of the hybrid model in temporal external validation and dose-adjustment scenarios. (A) Temporal external validation performance of the hybrid 
model (CL/F prediction). (B) Temporal external validation performance of the hybrid model (Concentration prediction). (C) Dose-adjustment scenario simulation 
performance. 
Abbreviations: CL/F, clearance; MAE, mean absolute error; RMSE, root mean square error; MAPE, mean absolute percentage error.
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Temporal External Validation and Dose-Adjustment Scenario Simulation
The temporal external validation cohort included 102 patients with 166 blood samples. The model maintained good 
performance in predicting CL/F (R2 = 0.765) (Figure 5A). Furthermore, after nonlinear calibration, plasma concentration 
prediction achieved R2 = 0.661, MAE = 0.473, RMSE = 0.651, MAPE = 14.71%, with 84.9% of prediction points falling 
within ±30% relative error (Figure 5B). These results indicated that the model retained acceptable predictive performance 
in the temporal external validation cohort.

A predefined dose-adjustment scenario simulation was then performed in 147 high-exposure individuals with plasma 
concentrations >5.0 mg/L. Simulations assumed steady-state conditions and short-term stability of key covariates. As 
shown in Figure 5C, after simulated dose adjustment, predicted trough concentrations shifted toward the therapeutic 
range, with a mean theoretical daily-dose reduction of 192 mg. Individualized simulated-dose recommendations and 
corresponding predicted trough concentrations were summarized in Supplementary Table 3. No predicted trough 
concentrations fell below 0.5 mg/L in this simulation. This analysis was based on model-generated projections under 
predefined assumptions and did not represent evidence of clinical efficacy after actual dose adjustment.

Discussion
In this study, we developed a hybrid PPK–ML framework that predicts VCZ exposure by embedding ML-estimated CL/F 
within a pharmacokinetic structural model. Using dual-feature selection (Boruta and LASSO), seven predictors were 
identified: CYP2C19 genotype, CRP, age, ALB, sex, weight, and TBIL. XGBoost was applied to estimate individual CL/ 
F values, which were subsequently mapped to steady-state concentrations through a PK-derived algebraic equation with 
nonlinear calibration. The model achieved R2 = 0.739 (MAE = 0.357, RMSE = 0.526, MAPE = 7.78%) in internal 
validation and R2 = 0.661 (MAE = 0.473, RMSE = 0.651, MAPE = 14.71%) in temporal external validation, with 84.9% 
of external predictions falling within ±30% relative error.

A major strength of our framework is that it uses the PPK model as an explicit structural constraint rather than merely 
a source of input features. Within this structure-constrained, data-driven framework, CL/F serves as the key intermediate 
linking clinical covariates to drug exposure. By embedding ML into a predefined pharmacokinetic structure, the model 
enhances predictive performance while preserving interpretability. Unlike purely data-driven concentration models, our 
approach maps covariate effects to CL/F and then to exposure through the PPK equation, providing a clearer basis for 
individualized dosing decisions. Dose-adjustment simulations further support the feasibility of model-informed decision- 
making under steady-state assumptions, which is particularly relevant for drugs with narrow therapeutic windows.22 This 
strategy is conceptually consistent with prior PK/PK–PD and Monte Carlo–based dose optimization frameworks.23–25 

However, many existing ML approaches have incorporated PK information only as model inputs, rather than using PK 
structure as an explicit constraint, which may limit mechanistic interpretability.5,17–19 In addition, despite achieving 
predictive performance broadly comparable to ours, they generally did not incorporate CYP2C19 genotype and CRP, two 
clinically important determinants of VCZ metabolism that reflect inherited metabolic capacity and inflammatory status. 
Our framework therefore provides a more biologically informed, interpretable, and clinically actionable approach to 
individualized dosing support.

Consistent with this, a key biological finding is the significant interaction between CYP2C19 genotype and inflammatory 
burden. Under low-CRP conditions, CL/F differed markedly across metabolic phenotypes. Under high inflammatory burden 
(CRP ≥100 mg/L), these differences narrowed substantially, although they remained statistically significant. This pattern is 
consistent with cytokine-mediated suppression of CYP expression during systemic inflammation,26–28 and supports the meta- 
analytic findings of Bolcato et al, which demonstrated attenuation of genotype effects under inflammatory stress.29 

Importantly, genotype-related differences were not fully abolished, supporting a “partial masking” rather than complete 
phenoconversion. From a clinical perspective, this suggests that genotype-based dosing should not be interpreted in isolation, 
but rather in conjunction with the patient’s current inflammatory status.

Counterfactual causal mediation analysis provided additional mechanistic insight: CRP influenced VCZ concentra
tions predominantly through an indirect pathway via CL/F reduction, whereas its direct effect independent of CL/F was 
minimal. This finding is biologically coherent with inflammation-mediated suppression of CYP activity, leading to 
reduced metabolic capacity and elevated exposure.30–32 Path decomposition further confirmed that, after conditioning on 
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CL/F, the direct effects of most covariates (including CRP) on VCZ concentrations approached zero, reinforcing CL/F as 
the dominant mechanistic intermediary. These results suggest that CRP-related increases in VCZ exposure are largely 
mediated by reduced CL/F, emphasizing the clinical relevance of monitoring inflammatory status when assessing 
individualized dosing risk.

Beyond inflammation and genetics, host-state variables demonstrated effect-modifier characteristics. The CRP–CL/F 
association was steeper in elderly patients (>65 years), consistent with age-related reductions in hepatic metabolic 
reserve. Low ALB (≤35 g/L) amplified the positive association between CRP and VCZ concentrations, likely reflecting 
ALB as an inverse acute-phase reactant and a marker of impaired hepatic synthetic capacity or greater inflammatory 
burden, rather than serving as an independent mediating pathway.32 These observations indicate that age and overall host 
inflammatory status may further modify exposure risk in the presence of inflammation. Therefore, a more integrated 
assessment of patient status is necessary when making dosing decisions.

Based on these findings, our clinical decision tool may be more appropriately considered as an adjunct to TDM rather 
than a replacement for it. Its potential value lies in helping clinicians identify situations in which exposure risk may be 
changing. For instance, when CRP rises rapidly, ALB decreases, or medication changes occur, the system alerts clinicians 
to an increased exposure risk and recommends closer monitoring. Similarly, it strengthens warnings about out-of- 
therapeutic-window risks in patients with genetically indicated low metabolic capacity and high inflammatory burden. 
In this way, the tool is intended to support earlier recognition of overexposure risk and more individualized decisions on 
monitoring or dose reassessment, rather than providing a single definitive concentration estimate. Previous studies have 
demonstrated an association between TDM and clinical outcomes, with risks particularly concentrated during periods of 
excessive or insufficient exposure.33–36 Future prospective studies should evaluate whether integrating this tool into 
routine TDM workflows can improve earlier risk recognition and individualized dose adjustment in clinical practice.

Although the model demonstrated stability in temporal external validation, several limitations should be noted. First, 
individual CL/F values used as ML targets were post-hoc empirical Bayes estimates derived from a validated PPK model.9 

Although η-shrinkage was low (16.2%), suggesting substantial information from observed TDM data, some degree of 
estimation uncertainty may propagate through the ML–PK prediction chain. Second, the steady-state algebraic equation is 
structurally consistent with the source PPK model; however, its performance may be reduced at higher exposure ranges 
where saturable metabolism becomes clinically relevant. Third, despite consecutive screening, training-cohort–anchored 
preprocessing, calibration, and temporal external validation, residual bias from the retrospective design, missing data, real- 
world trough-sampling variability, and the absence of geographic validation cannot be excluded. Finally, the dose-adjustment 
simulation was based on hypothetical scenarios under idealized assumptions rather than on direct evidence of clinical benefit. 
Prospective multicenter validation, implementation studies in routine TDM practice, and comparison with Bayesian MIPD 
approaches will be important for determining the real-world utility of this framework.

Conclusions
In summary, we developed a novel hybrid PPK–ML framework that combines ML-based prediction of CL/F with PPK structure- 
based inference of VCZ exposure. By retaining pharmacokinetic structure within the prediction process, this approach achieves 
robust predictive performance while preserving mechanistic interpretability. Our results further support a biologically and 
clinically meaningful pathway in which inflammation suppresses metabolic capacity, reduces CL/F, and increases drug exposure. 
In clinical practice, this framework may help identify overexposure risk earlier, support safer and more individualized dose 
adjustment during TDM, and ultimately improve VCZ treatment management. It also provides a practical basis for future 
multicenter prospective studies to determine whether model-informed dosing can translate into better clinical outcomes. In 
addition, this structure-constrained strategy may be extended to other drugs with narrow therapeutic windows, where both 
predictive accuracy and interpretability are essential.

Data Sharing Statement
All generated datasets can be obtained by contacting Professor Nan Hu. For reproducibility, our code is available at 
GitHub: https://github.com/Harkool/Voriconazole.
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