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Background: Long-acting injectables (LAls) improve treatment for chronic Drug release/ time profile
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diseases by extending drug release, but development is slow due to complex i O i o OoN 0 i
formulation testing. Machine learning (ML) can accelerate this by predicting ] N i LI
release kinetics. i Z ! !
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« Trained CART, Random Forest, and XGBoost models to predict release curves ] | i Q i
Identified key release drivers (drug/polymer properties, particle size) and i i i i

created a tool to speed up LAI development.
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- N o Various dissolution apparatus and separation methods were used. i data, improving generalization in machine learning models.
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« The model demonstrated desired predictive accuracy for triphasic release { ¢ The additive Weibull-Korsmeyer-Peppas model demonstrated superior performance in predicting drug release profiles,
profiles but exhibited weaker performance for other release kinetics. This § § particularly for diffusion-dominated release kinetics. i
discrepancy may arise from class imbalance in the training data or inherent * Reduced predictive accuracy was observed when multiple formulation variables exhibited simultaneous deviations, suggesting
\ limitations of a single-model approach. } =\\ limitations in modeling complex multifactorial release mechanismes.
O Experimental data - Machine learning model prediction BRT_L: BRT long-term release microsphere DNP_L: DNP long-term release microsphere DNP_M: DNP medium-term release microsphere
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