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Introduction. Raltegravir (RAL) displays high pharmacokinetic variability, and trough concentrations are poor surrogates of total drug exposure (Blonk et al., 2015). Estimation of the area under the plasma concentration–time curve (AUC0–12) is therefore desirable but impractical in routine care due to the need for intensive sampling.
Aims. To develop and externally validate a machine learning (ML)–based limited sampling strategy (LSS) to predict steady-state RAL AUC0–12 from a small number of plasma samples.
Methods. ML models were trained on 4,400 simulated pharmacokinetic profiles derived from a published population model of RAL 400 mg twice daily. Four algorithms (XGBoost, random forest, GLMNet, and SVM) were evaluated using all possible combinations of two or three samples collected within 4 h post-dose. Performance was assessed by cross-validation, testing set, independent simulations from another population model, and real clinical data.
Results. XGBoost using concentrations at 0.5, 2, and 4 h post-dose provided the best performance. In the test set, bias and relative RMSE were 0.8% and 8.7% (R² = 0.987). Performance remained good in independent simulated data (bias 1.9%, relative RMSE 14.3%) and acceptable in real patients (bias 5.0%, relative RMSE 24.1%).
Discussion. This study demonstrates that ML can reliably estimate RAL AUC0–12 using only three early post-dose samples, overcoming key limitations of traditional LSS and Bayesian approaches. The robustness observed across two independent simulation frameworks and real patient data supports the generalizability of the method. By reducing the need for intensive sampling, this approach facilitates exposure-based analyses in clinical pharmacokinetic and PK/PD studies and may enable broader application of individualized RAL dosing, particularly in special populations.
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