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ABSTRACT

MACHINE LEARNING-BASED PREDICTION OF METFORMIN DISSOLUTION
RATES USING MICRONIR SPECTRAL DATA AND COMPUTATIONAL ANALYSIS

By

Antoinetta Kayla Ajani
Dr. Ir. Eka Budiarto, S.T., M.Sc., Advisor
Joseph Andreas, S.Kom., B.Eng., M.Sc., Co-Advisor

SWISS GERMAN UNIVERSITY

The dissolution testing of metformin tablets at a nation-wide pharmaceutical industry relies on
conventional laboratory analysis, which is slow and destructive. This research develops a
machine learning model that predicts tablet dissolution rates from MicroNIR spectral data and
integrates it into graphical user interfaces for non-technical users. The model was developed
following the CRISP-DM methodology, using 900 spectral scans across 125 wavelengths
(908.1-1676.2 nm), comparing tree-based ensembles and an Artificial Neural Network with
several preprocessing variants, evaluated using a batch-stratified split with per-fold feature
selection, and tuned using Bayesian optimization and Grid Search. The model was developed
in both MATLAB and Python, and integrated into a MATLAB desktop application and a
Python web application. The MATLAB implementation achieved a test R of 0.93 and MAPE
of 0.31% at the 45-minute regulatory time point using Boosted Trees with PCA, while Python
achieved R? of 0.98 and MAPE of 0.15% using ANN with SNV. Both models showed higher
error at the early time points (5—20 minutes) and MAPE below 3% at the 45-minute time point
on new validation data. This research concludes that MicroNIR spectral data combined with
machine learning provides a viable alternative for fast and non-destructive dissolution
prediction.

Keywords: Machine Learning, Dissolution Rate Prediction, MicroNIR Spectral Data,
Metformin, Pharmaceutical Quality Control, Regression Models, MATLAB, Python.
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