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Key property in the
design of these
processes.: Solubility

e Crystallization
e Liquid Chromatography
e Liquid - Liquid extraction

Introduction

* Developing a machine learning-based predictive model to

Solubility

Solubility can be performed by several experimental methods: labor-intensive and time-consuming.

estimate the solubility of five key wool grease lipids
(cholesterol, palmitic acid, oleic acid, stearic acid, and
linolenic acid) along with naphthalene in a variety of

organic solvents.

* Solubility models: powerful tool to accelerate solvent selection processes in process design.

* Not specific for lipids:

Model based on thermodynamic properties: Hildebrand [7].

Model based on thermodynamic and molecular descriptor: Abraham [8].

* Model is trained using experimentally derived data sourced
from scientific articles and handbooks.

Hybrid model based on free energy and solvation enthalpy using ANN [9].

Data Collection
15 scientific papers and handbooks

Data Preprocessing Data-driven modeling
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Results and discussion Future work
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