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Fig. 1 Comparisons between the calculated and experimental values of the u-MLR model
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Table 1 Performance parameters of the u-MLR model

Data set N R AARD/% RMSE/(m-s") RDy./%
Training set 4114 0.9708 1.57 30.54 8.19
Testingset 1000 0.9696 1.63 31.42 7.70

Total 5114 09706 1.59 30.68 8.73
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# 2 u-ANN BRI TERESSL

Table 2 Performance parameters of the u-ANN model

Data set N R® RMSE/m's") AARD/% RDp./%
Training st 4091  0.9995 4.04 0.10 3.82
Validation set 512 0.9997 3.01 0.09 1.86
Testingset 511 0.9991 5.47 0.13 3.54

Total 5114 0.9995 4.12 0.10 3.82
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Table 3 Comparison of this work with related models

Item Method ILs N T/K R AARD/%
Literature [10] ePC-SAFT 52 1570 273.15—413.10 — >10
Literature [11] PC-SAFT 11 — 273.00—413.00 — 354
Literature [13] GCM 41 446 278.15—343.15 0.9970 0.36
Literature [14] GCM 96 4478 278.14—343.15 — 2.34
Literature [15] ACM 140 3790 278.15—343.15 — 333
Literature [16] GFA-QSPR 41 446 278.15—343.15 0.9862 0.92
Literature [17] FFAN-QSPR 31 2257 278.15—413.10 0.9890 0.81
Literature [18] MLR-QSPR 218 5702 273.13—413.10 0.8700 3.63
Literature [18] GBT-QSPR 218 5702 273.13—413.10 0.9900 0.58

u-MLR MLR-QSPR 171 5114 278.15—413.15 0.9706 1.59
u-ANN BPANN-QSPR 171 5114 278.15—413.15 0.9995 0.10
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Prediction of Sound Speed of Ionic Liquids Based on Multiple Linear
Regression and Back-Propagation Artificial Neural Networks

JI Changzheng, WAN Ren, SHI Zhaochong, PENG Changjun, LIU Honglai
(School of Chemistry and Molecular Engineering, East China University of Science and

Technology, Shanghai 200237, China)

Abstract: Sound speed of ionic liquids (ILs) can be obtained using various methods, including experimental
measurements, semi-empirical models, and theoretical research. Among these methods, the quantitative structure-
property relationship (QSPR) model has gained wide attention. However, constructing an effective QSPR model
depends on the selection of appropriate molecular descriptors. In this study, there are two descriptors for model
construction, namely, the charge density distribution area of ILs at a specific interval obtained using the conductor-like
screening model for the segment activity coefficient (COSMO-SAC) and the cavity volume of ILs. Using the multiple
linear regression (MLR) approach and the back-propagation artificial neural network (BP-ANN) method, two
quantitative structure-property relationship (QSPR) models, namely u-MLR and u-ANN, were proposed respectively to
describe the sound speed () of ILs. These models incorporated temperature and molecular weight of ILs The evaluated
data set comprised 171 ILs with 5114 data points. For the entire data set, -MLR and u-ANN exhibited determination
coefficients (R?) of 0.9706 and 0.999 5, respectively. Furthermore, the calculated average absolute relative deviations
(AARD) were 1.59% and 0.10% with root mean square errors (RMSE) of 30.68 m/s and 4.12 m/s, respectively.
Therefore, the prediction performance of the u-ANN model based on back-propagation artificial neural networks is
significantly better than that of the u-MLR based on multiple linear regression.

Key words: sound speed; ionic liquids; artificial neural networks; multiple linear regression; quantitative

structure-property relationship
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