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Fig. 1 Framework for ionic liquids enhanced acid-hydrocarbon interfacial property prediction(a) and reasonable design (b)
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FP 0.934 0.151 0.198 0.890 0.032 0.044
One-hot 0.927 0.093 0.149 0.896 0.018 0.023
CDDD 0.952 0.077 0.123 0.908 0.016 0.022
Test DFT — 0.219 0.343 — 0.044 0.057
FP — 0.268 0.436 — 0.051 0.067
One-hot — 0.228 0.380 — 0.044 0.058
CDDD — 0.200 0.333 — 0.046 0.060
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Fig. 5 Correlation plots of different interfacial properties based on training and test data from four ML models
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Table 2 Prediction results of different interfacial properties based on training and test data from four ML models
0w/ Y1
Data Model
R, MAE RMSE R, MAE RMSE
Training GBM 0.955 0.136 0.212 0.923 0.030 0.039
MLP 0.963 0.067 0.097 0.922 0.031 0.039
SVM 0.954 0.100 0.149 0.902 0.045 0.055
RF 0.952 0.077 0.123 0.908 0.016 0.022
Test GBM — 0.196 0.317 — 0.046 0.059
MLP — 0.210 0.345 — 0.044 0.057
SVM — 0.227 0.345 — 0.048 0.061
RF — 0.200 0.333 — 0.046 0.060
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Table 3 Ionic liquids generated in potential space by the SHADE algorithm and their predicted interface properties
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Machine Learning-Based Acid-Hydrocarbon Interface Prediction and
Ionic Liquids Design

TIAN Yifan', GAO Weiqun®®, LU Jingyi', ZHENG Weizhong*?, SUN Weizhen>*
(1. School of Information Science and Engineering; 2. State Key Laboratory of Chemical Engineering and Low-Carbon
Technology; 3. School of Chemical Engineering, East China University of Science and Technology,
Shanghai 200237, China)

Abstract: Ionic liquids, with their green chemistry attributes and tunable properties, have garnered significant
interest as potential additives in sulfuric acid-catalyzed C4 alkylation. Given the vast combinatorial possibilities of
anion-cation pairs, traditional experimental screening methods are inefficient in exploring extensive chemical spaces,
thus falling short. To address this challenge, we employed machine learning techniques—most notably the random
forest (RF) algorithm—to establish correlations between the structural features of ionic liquids and their enhanced acid-
hydrocarbon interfacial properties. This approach enabled the development of predictive models based on diverse
descriptors, advancing our understanding and facilitating the selection of ionic liquids for specific
applications.Furthermore, to streamline the rational design of novel ionic liquid combinations, we utilized continuous
and data-driven molecular descriptors (CDDD) derived from the SMILES codes of the compounds. These descriptors
were fed into the Success-History based Adaptive Differential Evolution (SHADE) algorithm, which efficiently
navigates and decodes the potential space to identify promising candidates. Substructure constraints were also
integrated to ensure the rationality and feasibility of the generated structures.Focusing on key parameters such as
interfacial thickness (J,,) and tension (y) in C4 alkylation, the constructed predictive models achieved a determination
coefficient (R?) of 0.952 for interfacial thickness and 0.901 for interfacial tension on the test set, indicating high
predictive accuracy. Additionally, through optimization via the SHADE algorithm, 328 ionic liquid combinations
meeting the requirements for interfacial thickness and tension were successfully generated, significantly expanding the
feasible range of qualifying ionic liquid combinations. This work not only enhances the capability to predict acid-
hydrocarbon interfacial properties but also provides novel methodologies and insights for the rational design of ionic
liquids.

Key words: ionic liquid; machine learning; acid-hydrocarbon interface property; rational design; evolutionary

algorithm
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