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Digital Medicines Manufacturing (DM?)

We use computational modelling and artificial intelligence (Al) to

sater-driven + Mechanistic/ develop an autonomous digital workflow for drug product
| manufacturing and testing system. The hybrid machine uses critical raw
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Figure 3 - Prediction performance of particle size and shape probabilistic model vs. measured distributions Compression Process
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PC Scores - Particle Size PC Scores - Aspect Ratio Mixture Code Figure 2 - Hybrid Machine (hybrid system of mixture and process models).
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Figure 4 - Principal scores of particle size and shape distributions for different mixtures predicted by probabilistic model. Figure 5 - Prediction performance of true density mixture model. Figure 6 — Prediction performance of bulk density mixture model.
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