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PREDICTION OF OSN PERFORMANCE IS HARD

Due to the complexity of the membrane separation process, C¢OMPLEX OSN INTERACTIONS
INFLUENCE PERFORMANCE

Influenced by all mutual solute-solvent-membrane swelling
Interactions and properties, the transport mechanism is not Aff'n't\,f \Aff'n'tv

well understood. This leads to a slow, trial-and-error based
—

development process. To speed up the development
process, and to try and understand the separation Solubility
mechanism, we resort to data science.

YET, MUCH INVOLVED PHYSICS IS KNOWN INTEGRATION OF PHYSICS IS BENEFICIAL

The physics underlying the OSN separation mechanism is Results: Providing the neural net RETENTION
generally too complex to build a predictive model. Still, much with physical information of any {MAE = 5.24 °

of the physics Is known, although post factum used to kind improves prediction accuracy 7088 :
explain measurement outcomes. and transparency.

E.g., Flux scales linearly with transmembrane pressure: Implementing the Spiegler-Kedem

IS possible: it increases accuracy
Flux = F(O-; L) — L(Ap o O-AH); and provides interpretability, while
granting access to its hidden

while retention monotonically increases with flux, as _{j T R
- - : L and P
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