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Abstract

with other models reported in the literature.

Keywords

In this study, the solubility of 145 solid solutes in supercritical CO, (scCO,) was correlated using computational intelligence
techniques based on Quantitative Structure-Property Relationship (QSPR) models. A database of 3637 solubility values has
been collected from previously published papers. Dragon software was used to calculate molecular descriptors of 145 solid
systems. The genetic algorithm (GA) was implemented to optimise the subset of the significantly contributed descriptors. The
overall average absolute relative deviation MAARD of about 1.345 % between experimental and calculated values by support
vector regress SVR-QSPR model was obtained to predict the solubility of 145 solid solutes in supercritical CO,, which is better
than that obtained using ANN-QSPR model of 2.772 %. The results show that the developed SVR-QSPR model is more accu-
rate and can be used as an alternative powerful modelling tool for QSAR studies of the solubility of solid solutes in supercritical
carbon dioxide (scCO,). The accuracy of the proposed model was evaluated using statistical analysis by comparing the results

Solubility, solid solutes, supercritical-fluids, computational intelligence techniques, quantitative structure-property relationship

1 Introduction

Supercritical carbon dioxide (scCO,) is generally used in
separation processes applied in the food, chemistry, phar-
maceutical, and other industries. The design and optimisa-
tion of extraction, fractionation, and purification processes
are mainly based on the knowledge of the solubility of solid
solutes in scCO,." The experimental measurement of the
solubility (thermo-physical property) of such compounds
in scCO, is laborious and costly.? To avoid expensive and
tedious experiments, and to fulfil the lack of solubility data
and/or pure component property data required to estimate
solubility, a need exists to develop flexible and robust pre-
dictive models to estimate the solubility of solid solutes in
supercritical solvents using limited information. Literature
reports three major modelling approaches have been used
to model the solubility of a solid solute in scCO, using
equations of state,> semi empirical equations,? and com-
putational intelligence techniques such as artificial neural
networks and support vector machine.* The solid solute
solubility in scCO, is mostly modelled using density-based
correlations, such as in ®>. Moreover, MLP-ANN also has
been used successfully to model the solid solute solubil-
ity in scCO, based only on thermodynamic parameters.®
The least square support vector machine LS-SVM may be
considered an alternative for classical approaches, such as
semi empirical correlations to model the solid solute sol-
ubility in scCO,.” The most common type of ANN model
that is being used nowadays is multilayer perceptron (MLP)
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feedforward neural network (FNN) trained by back-prop-
agation (BP) algorithm.? This ANN type has also been suc-
cessfully used for mapping complex highly nonlinear input/
output relationships between one dependent variable and
more independent variables of any systems. But there are
numerous limitations, for instance, difficulty in deciding
the criterion for the number of hidden neurons and layers,
as well as over-fitting.” To avoid these problems, SVM is
formulated as a quadratic optimisation problem and en-
sures a global optimal solution. Some studies have prov-
en the superiority of SVM over ANN." SVM method has
gained a wide range of engineering applications in fore-
casting and regression analysis due to its attractive features
and remarkable generalization performance." Therefore
the present study was carried out to evaluate the predic-
tive performance of computational intelligence techniques
including MPL-FNN as the most used neural network type
and SVM to foretell the solubility of 145 different solid
solutes in scCO, based on a mixture between thermody-
namic properties and molecular descriptors. The novelty
of the developed model in contrast to previous models is
its ability to extrapolate or interpolate the solubility of sev-
eral solid solutes in scCO, with only one combination of
the fitted parameters obtained during the training stage.
In addition, the independent parameters were a mixture
between thermodynamic properties and structural de-
scriptors. Moreover, a simple and convivial graphical user
interface was designed to compute the solubility without
learning MATLAB software. Finally, a sensitivity analysis
was computed by calculating the relative importance of
each input parameter on the output.
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Phase of collectingexperimental database of solubility of solid
solutes in scCO,
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Phase of calculation, pretreatment, reduction,and selection of molecular descriptors
1. Generation of SMILES notation by ChemDraw;
2. Calculation of descriptors by E-Dragon;
3. Removal of error descriptors (—999);
4. Take off all colon descriptors that have identical values for >75 %;
5. Eliminate all descriptors that have RSD <0.05;
6. Eliminate all descriptors that have inter correlation coefficient >0.75;
7. Selection of the relevant descriptors using genetic algorithm method
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Fig. T —Procedure of construction and optimisation of ANN-QSPR and SVR-QSPR models

2 Methodology

In order to develop an ANN-QSPR or SVR-QSPR mod-
el, several steps are required, as specified in the following
section (Fig. 1).? Before sample data were given to one of
the machine learning models, relevant descriptors of each
system were calculated and optimised, and added to the
thermodynamic parameters of each system. The data were
then scaled so as to solve the problems of noise and corre-
lated data. Next, splitting of data into two samples training
and test, respectively. After settling each model architec-
ture, its parameter optimisation was processed during the
training phase. The next phase was to evaluate the perfor-
mance of the optimised models using other data not used
during the training stage. Lastly, statistical parameters had
to be calculated to assess the accuracy of each model and
validate it to be used for further prediction of solid solute
solubility in scCO,. The modelling procedure was run in
MATLAB R2018a on the Windows 7 system.

2.1 Data preparation

Reliability and effectiveness of any model highly depends
on the availability of accurate experimental data. For that,
the required data for training and testing of the computa-
tional intelligence techniques were extracted from previ-
ous experimental investigations in literature.

Table 1 displays several properties of the 145 selected bi-
nary solute-scCO, systems counting 3637 data points of
experimental solubility in scCO,, among these parameters,
the name of the corresponding drugs, molecular weight,
range of working temperature and pressure, experimental
solubility, and references of the 145 selected systems.
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Table T - Sources and ranges of solubility data of solid drugs in supercritical carbon dioxide

N° Solid solutes M/gmol™! T/K p/bar peo,/ kgm™? —log;(ys) N; | Refs.
1 1/5'NaF(’1ht;‘f‘[Le[‘)‘§‘)jiami”e 158.204 | 313.15~333.15 110.00~200.00 357.88~840.66 4.7905~5.7212 27 | 13
2 4'4'Diami?gi}§2my'metha”e 198.269 ' 313.15~333.15 110.00~200.00 357.88~840.66 3.7940~5.0269 27 |
3 4-Aminoantipyrine 203.240 308.20~328.20 100.30~220.40 338.62~879.62 | 3.4353~4.9830| 21 =
4 Aspirin 180.157 | 308.15~328.15 120.00~250.00 504.51~901.23 | 3.4597~4.2007 | 24

5 Cholesteryl acetate 428.701 |308.15~328.15|90.00~240.00 | 385.30~893.89 | 2.9830~5.3615 24 16
6 Cholesteryl benzoate 490.772 |308.15~328.15|120.00~270.00| 120.00~270.00 | 4.2774~5.2765 20

7 Cholesteryl butyrate 456.755 | 308.15~328.15 100.00~240.00 54.47~893.89 1 3.0491~4.6497 20

8 Atorvastatin 558.640 |308.00~348.00121.60~354.60 327.00~955.00  2.8398~6.0000 | 45

9 Simvastatin 418.566 |308.00~348.00(121.60~354.60/ 327.00~955.00| 3.2716~5.6990 45

10 Lovastatin 404.550 | 308.00~348.00|121.60~354.60/ 327.00~955.00| 3.9431~4.9586 45 7
11 Rosuvastatin 481.538 |308.00~348.00(121.60~354.60/ 327.00~955.00| 3.6126~5.5229 45

12 Fluvastatin 411.470 |308.00~348.00(121.60~354.60/ 327.00~955.00| 3.2211~5.3010 45

13 Atropine 289.369 1 308.00~348.00122.00~355.00/327.00~955.00 | 2.7773~4.2218 45

14 Carbamazepine 236.269 1 308.00~348.00 122.00~355.00/477.00~955.00 | 4.0269~5.5229 | 39

15 Codeine 299.364 | 308.00~348.00 122.00~355.00/327.00~955.00  2.9101~4.3979 45

16 Diazepam 284.740 1 308.00~348.00 122.00~355.00/ 327.00~955.00 | 2.9547~3.7959 45 18
17 Acenaphthene 154.212 1308.15~348.15 121.60~354.60 327.00~955.00 | 1.8540~2.8938 | 45

18 Fluoranthene 202.256 1 308.15~348.15121.60~354.60| 327.00~955.00 | 2.8195~3.9829 45

19 Triphenylene 228.294 1 308.15~348.15121.60~354.60/ 327.00~955.00 | 4.0222~5.6989 45

20 Azelaic acid 188.221 313.15~333.15/100.00~300.00| 289.95~909.89 | 4.9948~6.3768 14 "
21 Benzocaine 165.189 308.00~348.00/122.00~355.00/ 327.00~955.00| 1.9165~3.5686 40 20
22 Benzoin 212.248 | 308.15~328.15121.60~236.10 433.42~897.99 | 3.3872~4.3872 | 19

23 Mandelic acid 152.150 1 308.15~328.15 101.00~230.60 356.78~892.63 | 2.5370~4.5686 | 21 2
24 Propyl 4-hydroxybenzoate 180.203 1 308.15~328.1594.10~220.90 | 361.93~885.02 | 3.2132~4.7212 | 21

25 Bisacodyl 361.400 |308.00~348.00122.00~355.00 396.00~955.00 | 3.2343~5.0458 39 2
26 Caffeine 194.190 313.00~353.00/199.00~349.00 591.75~934.98 | 2.9469~3.5482 24 2
27 Naproxen 230.259 313.10~333.10| 89.60~193.10 | 394.16~840.87 | 4.4976~5.7212| 18

28 Ketoprofen 254.280 |313.15~328.15|90.00~250.00 | 422.63~889.59 | 3.7258~5.4815 | 15 5
29 Flurbiprofen 244.261 |303.15~323.15| 89.00~245.50 | 521.40~929.10 | 3.7059~4.7768 | 27

30 Ibuprofen 206.281 1 308.15~318.15 | 80.00~220.00 | 290.96~890.04 | 2.1675~4.5229 | 29

31 Gemfibrozil 250.340 308.20~328.20 100.10~220.20 400.28~879.40 | 2.3778~4.5317| 21 .
32 Clofibric acid 214.645 308.2~328.2 [100.10~220.20 337.35~879.40 3.0675~4.4934| 21

33 | Irgacure® 2959 photoinitiator | 224.256 | 308.20~328.20 101.00~254.00 326.90~901.80 | 3.5481~5.2840 | 21 26
34 Dichlone 227.040 313.00~ 333.00| 70.70~325.80 | 160.80~905.80 | 3.6003~5.1549 23 .
35 Menadione 172.183 1 313.00~333.00| 97.20~306.70 | 273.50~306.70|2.9974~3.1249 18

36 Methimazole 114.166 1 308.00~348.00|122.00-355.00| 327.00~955.00| 2.7215~4.2676 40

37 Phenazopyridine 213.244 1 308.00~348.00|122.00-355.00|327.00~955.00 | 2.6944~4.3565 45 2
38 Propranolol 259.349 |308.00~348.00122.00~355.00 327.00~955.00 | 1.6205~3.4461 | 45

39 Nicotinamide 122127 1313.15~373.15| 54.00~305.00 | 90.15~905.74 | 2.5031~5.0000 | 24 2o
40 Nicotinic acid 123110 1313.15~373.15|45.00~302.00 | 78.13~908.18 | 4.9825~6.5086 | 22
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Table 1 — (continued)

N° Solid solutes M/gmol~! T/K p/bar peo,/ kgm™? —log;(ys) N; | Refs.
41 Oxymetholone 332477 308.00~328.00 121.00~305.00 411.00~858.00 3.8268~4.7959 20 =
42 Cefiximetrihydrate 507.489 | 308.00~328.00 183.00~335.00 634.00~875.00 6.5199~6.7958 18

43 Progesterone (steroids) 314.460 | 313.15~338.15 120.00~260.00 387.40~884.80 2.8386~4.8539 18 | 3
44 Sinapic acid 224.212 | 313.00~333.00 200.00~400.00 725.00~956.00 6.1524~8.1549 9

45 Protocatechuic acid 154.121 | 313.00~333.00 200.00~400.00 725.00~956.00 5.9731~ 6.8182 9 | 32
46 Chrysin 254.241 | 313.15~333.15 200.00~400.00 725.00~956.00 6.9469~7.7447 9

47 Pyrocatechol 110.112  308.15~363.15 100.00~400.00 203.00~975.00 2.3388~3.9136 g; 333435
48 Phenol 94.113 333.15~363.15 100.00~350.00 208.00~864.00 1.0427~2.9431 33 | 3
49 Resorcinol 110.112 | 308.15~338.15 120.00~400.00 296.00~975.00 3.0119~3.9586 32 %
50 Quinine 324.424 308.15~328.15 80.00~240.00 210.62~906.51 5.0915~7.0809 27 | %
51 Salicylic acid 138.120  308.15~318.15 92.60~157.90 463.00~824.00 3.4001~4.0132 20 & ¥
52 Uracil 112.080 313.00~333.00 100.00~299.90 289.40~910.00 3.8861~5.6383 12 | 3
53 Tributylphosphate 266.318 | 303.00~363.00 150.00~250.00 372.00~923.00 1,0459~1,3152 24 |
54 N-phenylacetamide 135.166  308.00~328.00 104.40~225.00 356.70~889.20 3,3408~4,5331 24 =
55 o-Phthalic acid 166.132 | 308.00~328.00 80.00~210.00 206.80~875.60 5,2899~5,9957 15 |
56 1-Aminoanthraquinone 223.231 323.15~383.15 125.00~250.00 236.98~834.01 4.4543~6.2596 18
57 1-Nitroanthraquinone 253.213 | 323.15~383.15 125.00~250.00 236.98~834.01 4.0788~4.6253 18

58 4'H(¥)‘f'£%’;yrﬁi;r?§g’cifdfdd 164.160 313.00~ 333.00 150.00~500.00 607.00~992.00 5.5930~6.8110 24

59 3'4'Dihy(g;?f’;yi(fi;‘;:ja)mic acid | 180159 1313.00~ 333.00150.00~500.00 607.00~992.00 7.3261~9.0969 24 =
60 4'Hydr§:iyd'3(f'e”r‘§|ti';°axcyigi)””amic 194.186  313.00~333.00 150.00~500.00 607.00~992.00 4.3633~5.4356 24

61 a-Tocopherol 430.717 |313.00~ 353.00199.00~349.00 591.60~935.00 2.4473~3.1938 24
62 B-Carotene 536.888 313.00~353.00 200.00~350.00 594.20~935.40 3.9281~7.0457 23

63 2-Methylbenzoic acid 136.150  313.20~333.20 110.00~246.00 369.00~882.00 2.2441~3.6198 18

64 3-Methylbenzoic acid 136.150 | 313.20~333.20 110.00~246.00 369.00~882.00 2.2724~3.7352 18 %
65 4-Methylbenzoic acid 136.150 | 313.20~333.20 110.00~246.00 369.00~882.00  3.1537~4.3665 18

66 Erythromycin 733.937 | 308.00~348.00 122.00~355.00 327.00~955.00  3.5058~4.3665 45 | *
67 Naphthalene 128.174  308.15~338.00 71.90~321.50 66.95~777.02 0.4898~3.2881 109  +4
68 | Amiodaronehydrochloride = 681.778 |313.42~343.20 120.00~300.00| 347.04~909.94 | 2.9948~4.6003 28 48
69 hydrol'y’;rr:’ti}:‘r;tinone 239.230 | 323.15~383.15 125.00~250.00 236.79~834.01 4.6117~6.3635 20 )
70 nitg&;{g;’gzﬁ(‘)ne 269.212 | 323.15~383.15 150.00~250.00 303.03~834.00 5.0634~6.2034 15

71 Bisphenol A 228.291 | 308.00~328.00 110.00~210.00 417.06~874.40 5.5212~6.9281 15 & 50
72 p-Nitroaniline 138.126 | 308.00~328.00 110.00~210.00 414.90~873.67 4.3705~5.2055 15 | 5
73 Methyl salicylate 152.149 | 343.15~423.15 90.00~310.00 129.10~613.47 1.1230~3.2924 44 | 5
74 Juglone 174.155  308.20~328.20 92.00~244.00 267.40~895.50 2.7986~4.6989 18 |
75 1-Eicosanol 298.555 | 308.20~328.20 36.20~412.30 71.30~976.40 2.6556~4.8268 24
76 Eicosanoicacid 312.538 308.20~328.20 33.70~211.20 62.90~971.80 2.5654~5.2006 21

77 1-Octadecanol 270.501 | 318.00~338.00 139.90~452.80 536.80~955.10 1.6402~2.9830 17
78 Stearic acid 284.484 | 318.00~338.00 145.40~467.50 591.17~935.92 1.8327~3.2069 17

79 Squalene 410.730  313.00~333.00 100.00~400.00 389.00~956.00 1.1124~3.3010 9 |
80 Carbazole 167.211 308.20  103.00~201.00 706.22~865.71 4.5591~4.8447 5 |
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Table 1 — (continued)

N° Solid solutes M/gmol™! T/K p/bar peo,/ kgm™? —logo(y,) N; | Refs.

81 Anthraceneoil 178.234 | 308.20~333.15 80.00~470.00 206.49~981.24  3.6439~5.4828 ?s 756,59
23

82 Ascorbylpalmitate 414.539 | 308.10~313.10 130.00~200.00 720.15~865.50 5.2358~5.8041 8

83 | Butyl hydroxy anisole (BHA) = 360.494 | 313.10~333.10 130.00~200.00 604.38~840.15 1.2218~1.8416 7

84 Dodecyl gallate 338.444 | 313.50~333.10 150.00~250.00 604.38~878.02 4.6840~55086 8 | ©

85 Propyl gallate 212.201 ' 313.10~333.10 150.00~250.00 604.38~878.02 4.1586~5.2840 8

86 Ascorbic acid 176.124 31310 130.00~200.00 720.14~840.15 4.4962~4.7328 4

87 Chrysene 228.294 308.15  84.00~251.00 539.86~901.61 5.0535~6.1373 11 = ©

88 Triphenylene 228.294 308.15~328.15 85.00~252.00 381.25~898.90 4.3747~5.9957 28  ©

89 Lactic acid 90.078 | 313.00~328.00 58.20~197.10 143.07~836.03 2.7695~4.6197 29 |

90 = 2-Hydroxyhexanoicacid | 132.159 ' 311.00~328.00 74.00~198.30 265.60~848.89 2.5834~4.6383 34

91 Octacosane 394772 308.15~318.15 80.00~275.00 485.60~894.80 3.4089~4.9101 28

92 Triacontane 422.826 308.15~318.15 90.00~250.00 529.90~250.00 3.5210~5.2924 18

93 Hexadecanoicacid 256.430 308.00~3018.00128.00~226.00 639.60~884.56 | 2.9809~3.5884 10

94 Octadecanoicacid 284.484 | 308.00~318.00 128.00~226.00 639.60~884.56 3.4894~4.1308 10 = ©

95 Tetradecanoic acid 228.376 | 308.00~318.00 99.00~226.50 641.91~884.92 2.1278~2.9508 11

96 Artemisinin 282.336 | 310.10~338.10 100.00~270.00 278.81~904.26 2.5753~4.0088 36

97 Ergosterol 396.659 | 318.15~333.15 120.00~240.00 421.84~848.03 4.5230~5.5324 15

98 Cholesterol 386.664 |313.15~333.15 100.00~250.00 384.40~879.60 3.8386~5.6383 24 | 1607

99 (2'4'Dic:cl%r;)&hj_”g)xyacetic 221.033  313.10~333.10 104.40~207.90 448.05~846.42 3.9508~4.7852 16 | ©

100 Methyl gallate 184.147 | 313.00~333.00 10.00~50.00 295.00~992.00 5.3727~7.7190 27

101 Protocatechualdehyde 138.122 1 313.00~333.00 10.00~50.00  295.00~992.00 5.4270~8.4948 24

102)  1,4-Naphthoquinone 158.156 | 308.20~328.20 91.00~242.00 267.80~894.93 2.3071~4.3010 18 = 7

103 p-Quinone (1,4-benzoquinone) 108.096 | 308.15~318.15 86.10~292.10 331.97~923.84 1.5028~2.9730 18

104 9,10-Anthraquinone 208.216 | 273.15~318.15 84.10~306.30 379.83~1055.76 4.1308~6.0545 17

105 Syringic acid 198.174 | 313.00~333.00 100.00~500.00 291.41~991.63 | 4.8959~9.0000 27 |

106 Vanillic acid 168.148 | 313.00~333.00 85.00~500.00 291.42~991.63 4.2167~6.0283 28

107 | Paracetamol (acetaminophen) = 151.165 | 313.00~353.00 11.00~250.00 19.63~880.24 '5.0894~7.1427 10 7

108 Lycopenepe 536.885 | 323.15~353.15 200.00~400.00 595.40~923.80 5.7277~6.1864 20 = 7

109 Testosterone (steroids) 288.431 308.15~328.15 87.02~242.82  243.85~895.47 4.1543~6.4089 39 & 75

110, o-Hydroxy benzoicacid | 138.122 | 273.15~328.15 81.10~202.60 263.59~1182.34 3.2426~5.1549 48 7

111 Acetanilide 135.166 | 308.20~323.20  90.00~400.00 383.93~972.04 0.3003~4.8706 29

112 Propanamide 73.095 | 308.20~323.20 90.00~400.00 284.75~972.04 2.2453~3.6769 30 77

113 Butanamide 87.122 | 308.20~323.20 90.00~400.00 284.75~972.04 0.9780~4.1026 30

114 Cinnamic acid 148.161 | 308.20~328.20 12.30~23.61 546.67~889.50 3.3716~4.4559 19 7

115 (1(§i;aé‘eylebr:’£iyéé§§id) 184.279  308.00~333.00 100.00~180.00 291.42~845.47 1.7594~3.3979 18

116 10-Undecenoic acid 184.279 | 308.00~333.00 100.00~180.00 291.42~845.47 1.7594~3.3979 18

117 | 2-Trifluoromethylbenzoic acid | 190.121 | 308.20~323.20 93.40~226.00 370.04~883.63 2.0680~3.5850 21

118 | 3-Trifluoromethylbenzoic acid = 190.121 | 308.20~323.20 94.10~225.40 345.25~883.06 1.3288~3.1487 21 |

119 | 4-Trifluoromethylbenzoic acid | 190.121 | 308.20~323.20 96.80~224.40 364.09~882.48 3.3410~4.5086 21

120 Cannabinol 310.437 | 314.00~334.00 130.00~202.00 472.66~836.80 3.3458~3.8996 34  ©
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Table 1 — (continued)

N° Solid solutes M/gmol™! T/K p/bar peo,/ kgm™? —log;(ys) N; | Refs.
121 Ethanamide (acetamide) 59.068 | 308.20~323.20 | 90.00~400.00 | 284.75~972.04 2.5000~3.6228 | 30 o
122 2-Propenamide (acrylamide) = 71.079 |308.20~323.20 90.00~400.00 284.75~972.04 | 2.7875~3.9233 28

123 Hinokitiol 164.204 1 313.20~333.20 101.40~378.30 523.33~946.73 2.6038~23.2284 30 8
124 | lodopropynylbutylcarbamate | 281.093 |313.15~333.15 87.60~341.50 417.44~930.67 | 2.3279~2.9208 27 o
125 Phenanthrene 178.234 308.15 113.00~332.00 729.62~943.89 2.5952~3.1249 11

126 Levulinicacid 116.116 |313.00~342.40 84.10~188.30 | 268.20~824.70 | 2.0457~3.3089 | 34 8
127 m-Dinitrobenzene 168.108 | 308.00~328.00 | 95.00~145.00 299.78~803.41|2.2565~3.7212 | 18 o
128 | 1-Chloro-2,4-dinitrobenzene | 202.550 | 308.00~313.00 95.00~145.00 | 560.16~803.41 | 2.2083~2.7495| 12

129 Meloxicam sodium salt 391.392 | 303.00~323.00 149.00~255.00/ 704.40~921.60 |4.89.41~5.3556 15 &7
130 N'(“e'tit:r?;‘zﬁgg”y') 386.665 | 308.00~328.00 90.00~190.00 401.55~855.74 4.3685~5.0409 16
131 Ketotifenfumarate (KTF) 425.50 308.2~338.2 120.00~300.00 384.17~929.68  2.9679~4.6757 | 28 8
132 Sertraline hydrochloride 342.69 | 308.00~338.00120.00~300.00| 347.04~909.94 4.0315~6.0000 | 28 %0
133 Aprepitant 534.40 |308.15~338.15/120.00~300.00| 384.00~944.00 4.1152~5.3468 32 o
134 Coumarin-7 333.38 | 308.00~338.00 | 90.00~330.00 | 220.59~944.01 4.9961~5.3819 | 20 2
135 Letrozole 285.30 | 318.20~348.20 120.00~360.00 318.90~922.00 | 5.0701~5.7959 | 20 93
136 Imatinibmesylate 589.71 308.20~338.20 |120.00~270.00| 388.00~914.00 5.3559~7.0000 | 24 94
137 Esomeprazole 345.417 1 308.20~338.20 120.00~270.00 382.44~912.88 | 3.0409~4.9586 | 24 %
138 Loratadine 382.88 | 308.15~338.15|120.00~270.00| 388.00~914.00 2.8855~5.3468 | 24 %
139 Lansoprazole 369.363 | 308.20~338.20 120.00~270.00 382.44~912.88 | 3.1331~4.9208 | 27 7
140 Sunitinib malate 532.56 | 308.00~338.00|120.00~270.00| 388.00~914.00 4.0675~4.8894 | 24 %
141 Azathioprine 277.263 1 308.00~338.00 120.00~270.00 388.00~914.00 4.7375~5.5686 24 99
142 Sorafenibtosylate 637.03 | 308.00~338.00|120.00~270.00| 388.00~914.00 4.9006~6.1675 | 24 100
143 Repaglinide 452.595 | 308.00~338.00{120.00~270.00 384.00~914.00 4.0214~5.5376| 24 101
144 Oxcarbazepine 252.273 1 308.00~338.00 120.00~270.00 384.00~914.00 | 4.5726~6.9586 | 24 102
145 Pigment (Phthalocyanine green) 1127.154 | 308.00~338.00 120.00~270.00 384.00~914.00 | 3.9165~7.0000 24 103

2.2 Determination of descriptors

Quantitative Structure-Property Relationship (QSPR) mod-
els can also be used to perform property estimation since
they establish quantitative correlations between diverse
molecular properties and the chemical structure.> A QSPR
model consists of a mathematical relationship between
the property or activity and several molecular descriptors,
such as structural/topological indices or electronic/quan-
to-chemical properties. One of the most important steps
in the construction of QSPR models is the quantification
of structure information of the studied molecules,'** which
are called molecular descriptors. Actually, there exist more
than 11145 molecular descriptors that can be used to solve
several problems in different fields, such as chemistry, bi-
ology, and other related sciences.'™ In this study, 1666
molecular descriptors were calculated online by E-Dragon
1.0 software.’® The computation of these descriptors was
preceded by a very interesting step, i.e., the generating
of simplified molecular input-line entry system (SMILES)
strings with the use of the “ChemDraw” software. After
the calculation of the molecular descriptors, constant and

near-constant descriptor values were removed, all missing
values or at least one missing value were removed, any
descriptor with a relative standard deviation < 0.001 was
removed, also descriptors with pair correlation larger or
equal to = 0.95 were removed. Finally, a total set of 641
remaining descriptors was reduced as possible using step-
wise regression method to select only the relevant subset
of descriptors that have significant contributions to the sol-
ubility of solid solutes. After this pre-treatment, three per-
tinent descriptors were obtained for each system to build
the ANN and SVR models'"” (Table 2).

2.3 Statistical performance evaluation criteria

The internal predictive capability of the ANN and SVR
models was evaluated by root mean square error (RMSE),
average absolute relative deviation (AARD), leave-one-
out (LOO) cross validation Q%o on the training set, and
the coefficient of determination (COD). The definitions of
these measures are given in Table 3, where N represents
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Table 2 —The three 2D molecular descriptors used in QSPR
model

Descriptors  Definition Type

MPC2 molecular path count of topological
order 2 descriptors

WTPT-1 molecular ID ’éopolpglcal

escriptors
averaged Moreau-Broto
. autocorrelation of lag 0 autocorrelation

AATSOI . S .
weighted by ionization descriptors
potential

the number of observations, y,*" and y,“ are the desired
(observed or experimental) and the predicted output val-
ues, respectively, y;* is the average of experimental values
of y,*P.

The value of RMSE and AARD ranges from 0 to oo, where
the R? is used to determine the degree of similarity be-
tween the predict value and its observed value. In general,
the best value for R? and Q? o is 1, and the best value of
RMSE and AARD is zero which indicates high performance
of the model.

3 Results and discussion
3.1 ANN-QSPR model results

Multi-layer perceptron networks are the most widely used
feedforward artificial neural networks, and are considered
a powerful nonlinear black-box model for learning com-
plex nonlinear relationships between input and output var-
iables. The multi-layer perceptron neural networks consist
of 03 connected layers: input, hidden, and output layers.
The first layer receives input data and sends them to the
hidden layer. After adjusting weights and biases by inter-
connected neurons using several non-linear transfer func-

Table 3 — Definitions of performance measures'1%
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tions and different variables, the results from the hidden
layer are sent to the output layer for the outputs.'°

The weights of the ANN model are modified using the
training algorithm until the error criterion is satisfied. In
this study, the Bayesian regularisation backpropagation al-
gorithm was used in training the ANN models. An objec-
tive function, which is the mean squared error between
the outputs of the network and the target (experimental)
values is used to calculate the bias and weights of the feed-
forward neural network. To avoid fitting problems, the
number of hidden neurons is usually determined by a tri-
al-error methodology.

In this study, this number was changed from 10 to 30 neu-
rons using one and two hidden layers. Results have shown
that ANN-QSPR with two hidden layers performs better in
comparison to single layer. This procedure is repeated until
the best precision is achieved for each architecture. The
input parameters for the proposed model were tempera-
ture, pressure, density of scCO,, critical temperature, crit-
ical pressure, acentric factor, and the most accurate three
selected 2D descriptors {MPC2, WTPT-1, and AATSOi},
while the output was the logarithm of the molar fraction
solubility.

In the ANN model, as the inputs have different magnitudes
and in order to decrease the error, a normalization must be
performed on the inputs and outputs of the artificial neu-
ral network (usually between —1 and +1) to achieve fast
convergence. The data set was randomly split into three
subsets (66 %) for the training phase, (17 %) for the testing
phase, and (17 %) for the validation phase of the ANN
model.

The best developed three-layer FFNN for the solubility
has the structure of 9-25-20-1. This means that the ANN
model has nine independent variables (thermodynamic
properties and descriptors), 25 numbers of neurons in the
first hidden layer, 20 numbers of neurons in the second
hidden layer, and one output which is the solubility for
each system. Table 4 shows the structure of the optimised
ANN model. Hyperbolic tangent sigmoid (tansig) and line-

Measure

Formula

Coefficient of determination (COD)
Validation criteria > 0.8

o R0

Z/ 1(yzexp

Mean average absolute relative deviation (MAARD /%)

)
- ‘p)
( e><p( ) cal( ))‘

(vs* (1)

100 &
MAARD /% =——

Root mean square error (RMSE)

IR ORIE

N

RMSE =

Leave-one-out (LOO) cross validation Q?
Validation criteria > 0.5

N1(y2exp train (’) y;:al train (I))2
-y i)

2
Qoo =

z

( exp_ traln I
i=1
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Table 4 - Architecture of the optimised ANN model
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Input Hidden layer
| . . Output layer
ANN | layer 1" hidden layer 2" hidden layer Traini .
tvpe raining algorithm
YPE ' Neurons Neurons Transfer function Neurons Transfer function Neurons| Transfer
number  number number number function
hyperbolic tangent sigmoid hyperbolic tangent sigmoid . IBayesian regularisation
MLP| 09 25 TANSIG 20 TANSIG ! purelin backpropagation

ar (purelin) functions were used as the transfer function for
the hidden and output layers, respectively.

Fig. 2 displays the scatter plot of all data set of the solid
solute solubility calculated using the ANN-QSPR model vs.
experimental solubility (3637 experimental points). These
plots were generated using the postreg function of MAT-
LAB, tracing the calculated solubility as a function of ex-
perimental solubility.

In Fig. 2, the first bisector shows the exact fit between the
correlated solubilities and experimental data, whereas the
cross points demonstrate the real correlated solubility data
by the proposed correlation vs. experimental data. In de-
tail, the closer the points are to the solid line, the more
accurate are the correlated solubility data.

The logarithmic scale of the experimental against calcu-
lated solubility is plotted in Fig. 2. On the basis of the ob-
tained results, it can be concluded that the ANN-QSPR
model was able to correlate the solubility of solids in scCO,
with an acceptable deviation (Table 5).

Linear fit: —logly,”) = (0.99)*(—logly,*?) + (0.079)

o Train data
Best linear fit
—|0g(yzexp) = _log()/zca‘)
o Test data &
20r| = Validation data = 1
_15¢ .
oo
°
|
107 1
=3
5r R =0.99153 .
; o
@ o]
O " " L |
0 5 10 15 20 25

—logly,*?)

Fig. 2 — Comparison between experimental and predicted val-
ues of the solubility of 145 solutes in scCO, using ANN

The statistical and validation values of the ANN model are
listed in Table 5.

Table 5 - Statistical and validation results of the ANN-QSPR
model
Training | Test  Validation All data set
R? 0.9895 0.9733 0.9665 0.9830
mean AARD /% 2.637 2.900 3.189 2.772
RMSE /% 0.2932  0.4633 0.5241 0.3726
QYoo 0.9895 09731 0.9667 = 0.9830

3.2 SVR modelling

Support vector regress (SVR) has found many applications
in different regression problems."" This approach was first-
ly proposed by Vapnik."* The quality of SVR models de-
pends on the proper setting of SVR parameters for a given
data set. The selection of these parameters (kernel width
parameter o, penalizing parameter C, and error-accuracy
parameter €) is investigated in this section.

The same ANN inputs have been adopted to build the SVR
model. The data set was randomly split into two subsets
(66 %) for the training phase, (33 %) for the testing phase
of the SVR model. The optimisation procedure was repeat-
ed several times in order to find the most probable global
optimum of the fitness function.

In this study, radial basis function (RBF) was selected as the
most common kernel function used in literature; details of
the other selected parameters are summarized in Table 6.

Table 6 - Details of the proposed SVR model

Type Value/comment
number of data used for training 2425
number of data used for testing 1212

Sequential Minimal
Optimisation (SMO)

Radial Basis Function (RBF)

penalising parameter “C” 92

optimisation routine (solver)

kernel function

kernel width parameter “¢” 1.8
2568

quantity of support vectors
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Table 7 — Statistical analyses for the suggested SVR model

Train Test All data set
R? 0.9952 0.9666 0.9857
mean AARD /% 0.895 2.247 1.345
RMSE 0.1968 0.5177 0.3393
Q%00 0.9953  0.9675 0.9859

Table 7 shows a comparison between experimental and
predicted values of solubility for the training, test, and all
data set. Results show that the model has captured the fea-
tures quite accurately with relatively high regression {R?}
and low errors {AARD and RMSE and Q?%o0}.

Linear fit: —log(y,) = (0.98)*(—log(y,>?)) + (0.14)

o Train data

Best linear fit

.......... —|Og(yzexp) = —|0g(y2‘33|)
o Test data

20 ¢

R =0.99295

0 5 10 15 20 25
_|Og(y2cxp)
Fig. 3 —Comparison between experimental and predicted val-

ues of the solubility of 145 solutes in scCO, using SVR
model

In Fig. 3, the capability of the model was evaluated by plot-
ting experimental values of solubility against the predicted
values by the model for all data set. The large correlation
coefficient 0.9857 and a small average absolute relative
deviation of 1.345 reveal the capability of the model to
correlate the solubility of solid solutes in scCO, by knowing
their physical properties.

4 Comparison

The comparative study between ANN-QSPR and SVR-
QSPR models in terms of regression and different errors
using all data set was conducted (Fig. 4). The results show
that the solubility data of solid solutes in scCO, are better
correlated by SVR-QSPR model than with the ANN-QSPR
model. Statistical analyses show that support vector regress
(SVR) predictions have an excellent agreement with the ex-
perimental data set.

3} =SVR-QSPR 2772
2.5 = ANN-QSPR

2 4
1.51

986_0.983

0.3393 0.3726

RMSE R2

MAARD / %

Fig. 4 — Statistical comparison between ANN and SVR models

In addition to the statistical validation of the developed
models, further evaluation of the accuracy and the regres-
sion was obtained from the most relevant papers developed
by other researchers (Table 8 and Fig 5). Despite numerous
previously published papers in literature, the developed
models in this study showed better performance in cor-

Table 8 — Comparison between the developed SVR-QSPR model in this study and other smart models reported in literature for all

data set in binary solute-scCO, systems

Studies = Methods Conrzg]obuer:ds Experimental data ﬁgﬂtesl R RMSE  MAARD/% | Q%00 Year
Thiswork QR 145 3637 9 | 0os0 03726 | 27720 09830 | 200
n7 LSSVR 33 1162 5 0.9975 - 5.6100 - 2018

18 ANN 6 155 4 0.91999 - 5.9300 - 2018

19 ANN 20 439 6 0.9955 - 5.4200 - 2017

120 ANFIS 29 795 6 0.9830 0.156 4.6617 - 2017

21 GWO-SVR 18 1148 3 0.9936 - 3.20 - 2017

122 ANN 8 198 5 0.99699 - 4.99 - 2013

123 FENN 21 795 6 0.9533 - 14.000 - 2011
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relating the solubility of solid solutes in scCO, based on
some relevant descriptors. The obtained models were able
to correlate 145 systems (3637 data points) with lowest
errors. The QSPR-SVM model was obtained with very ac-
ceptable statistical parameters, such as R?* of 0.9857, RMSE
of 0.3393, and MAARD of 0.9859, as presented in Table 8.
However, the global comparison in terms of the correlated
systems indicated that the proposed model performed 145
systems with low errors and high collection coefficient in
contrast to the other correlations, as depicted in Fig. 5.

1l ¢ feeespeee e 140
,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,, I MAARD /% L
121 -@- Number of systems 120
| | 7]
rrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrr - 100
§10— EJ
wv
L >~
2 8- G
< o
S O B L NNy = -60 =
> 64 2
,] -4OZ§
r20
2
-0
0+
3 .5 E_ £5 2§ 3T %5 2= 23
£5 25 3% 28 %= %= B8 2= &=
£ FE ZT

Fig. 5 —Comparison between the developed models in this
study and those previously published in literature in
terms of mean average absolute relative deviation
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The performance of our model (SVR-QSPR) was compared
again to six density-based models previously published (Ta-
ble 9).

The parameters of the selected literature models were ad-
justed using genetic algorithms (ga MATLAB function).

The global comparison for 145 compounds was calculated
for each of the 07 studied correlations. The correlation re-
sults of the experimental data from this study are presented
in terms of a comparative table of (AARD) and R? grouped
in Table 10 and Fig 6.

L E S B A S T 1.00
244 | RZ % |
224 R 2 —&— MAARD /%
2042 A\ ‘ L0.98
= 184
S~
164
g -0.96
§ 14 .
S 124 &
104 -0.94
8
6
+0.92
4 4
2 4
0 - 0.90
Chrastil MST Hezave  Keshmiri ~ Bian  SiMoussa  SVR
1982 1999 2013 2014 2016 2018  This work

Fig. 6 — Clobal graphical comparison for each of the 06 densi-
ty-based models and our SVR-QSPR model

Table 10 — Global comparison for each of the 06 density-based models and our SVR-QSPR model

Errors Chrastil | Mendez-Santiago | Hezave and Lashkarbolooki — Keshmiri Bian Si Moussa | Our model
(1982)"* | and Teja (1999)"* (2013)° (2014)"5 (2016)'° (2018)*> | SVR-QSPR
mean AARD /% 19.3312 22.4011 13.0631 12.5889 11.4792 8.6026 1.345
R? 0.9664 0.9727 0.9740 0.9820 0.9828 0.9848 0.9857
Table 9 - Density-based models for the correlation of solid solutes in scCO,
Models Equations Refs.

Chrastil, 1982

In(y,) =a, +aln(p,)

113

Meéndez-Santiago and Teja (MST), 1999

114

Hezave and Lashkarbolooki, 2013

P(y, —dxT) b
|”(YZPT] = a+?+C(P1 = Pur)

Keshmiri et al., 2014

In(y,) = a, +%+a2P2 +[a3 +a74j|n(p1)

115

Bian et al., 2016

a a
In(y,) = a, +?1+2?”1+ (a,+a,p,)In(p,)

116

Si Moussa et al., 2018

In(y,) =a, +a,p, +a,p, +a,p,l +a,T +a;T* +aln(p,) +a77




M. MOUSSAOUI et al.: Artificial Neural Network and Support Vector Regression Applied..., Kem. Ind. 69 (11-12]) (2020) 611-630

Sharing the obtained results by SVR model with users might
be interesting using a simple interface. In Fig. 7, a convivial
graphical user interface based on MATLAB software and
using the trained SVR model was developed to evaluate
the solubility of 145 solid solutes in scCO.,.

@ R
[4] Solubility_In_SC_CO2 =
File Edit Help
Solubility in SC_C02
Inputs Solid solute
T (K) 31315 1,5-Naphthalenediamine (1,5-NDA} ~ OK
P (Bar) 10
Rho Calculate |
(Kgim3) | 58438
Te (K} 8863 Reset |
Pc(Bar} 4338
- log(Y2)
Omega | 0.7141
11.9274
MPC2 18
WTPT-1| 243575
AATSDI | 160.891 D pped by
University of 2020. -
Comments: .................... @gmail.com Help | Exit |
\

Fig. 7 —A MATLAB calculator to evaluate the solubility of 145 sol-
id solutes in scCO, using support vector machine model

5 Global Sensitivity analysis

The objective of the global sensitivity analysis is a math-
ematical technique applied to find which input variable
is considered more important for prediction of solubility
values.’12> In this work, the cosine amplitude method
(CAM) was employed to assess the effect of each input
on the output.’”® The used data pairs build a data array
X which are defined as X = {X;, X, X;,...,X.,}, where X, is
a vector of lengths m, expressed as: X; = {Xi;,Xi/Xi3-- Xim} -
The r; values are defined as the strength relationships be-
tween the output x; and input x; parameters, and can be
calculated using Eq. (1).

m
Zk:1xi’<X/"<

(1)

= \/ﬁ
Zkﬂx"f Zk=1xﬂ<
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where i and k are the dimensions of the input matrix (i = 1
to 3637, k = 1 to m), j is the dimension of the output
vector (j = 1 to 3637), and m is the number of input pa-
rameters (m = 9).

The importance of input parameters in QSPR-SVM for sol-
id solute solubility in scCO, is shown in Fig. 8. As observed,
all parameters have approximately the same effects as well.
The results prove that all of the designated input param-
eters in this study have crucial effects on the solid solute
solubility in scCO,, hence, they have been appropriately
selected.

11 0.94409 () 97947 0.95784
0.85008

0.94537
0.85427 0.8764

0.66065

T P p Tc Pc 1) D1 D2 D3
Input parameters

Fig. 8 —Sensitivity analysis between the input variables and the
calculated —log(y,) in scCO,

6 Extrapolation capability

In this section, the extrapolation capability of the proposed
model was discussed using the experimental measure-
ments reported in the following papers.”?-"** The pre-
dicted solubility values obtained by the SVR-QSPR model
were correlated to the experimental ones of eight systems
and also depicted clearly in terms of scCO, density. The
results of the comparison, shown in Figs. (9-16), indicated
that the model performed well with a high goodness of fit R
during the prediction of the solubility of eight systems, and
almost all predicted solubility values of the eight systems
fall inside the experimental ones. These results demon-
strated clearly that the performance of SVR-QSPR based
forecasting model is quite satisfactory.



622 M. MOUSSAOQUI et al.: Artificial Neural Network and Support Vector Regression Applied..., Kem. Ind. 69 (11-12) (2020) 611-630

12Unear fit: —logly,) = 0.99*(=log(y,"") + 0.055 (Solubility of Carvedilol) R =1 R? =1 MAARD = 0.78
12 ' ' ' i i I i
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Fig. 9 —a) Plot of predicted solute solubility values in scCO, vs experimental ones for Carvedilol system, b) Comparison between
experimental data'?” and SVR-QSPR predicted results for Carvedilol system vs scCO, density

Linear fit: —log(y,”) = (0.98)*(—log(y,"") + (0.23) (Solubility of Cephalexin) R = 0.97 R> = 0.94 MAARD = 1.5
12 12 T . . : : :
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Fig. 10 —a) Plot of predicted solute solubility values in scCO, vs experimental ones for Cephalexin system, b) Comparison between
experimental data'?® and SVR-QSPR predicted results for Cephalexin system vs scCO, density
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Fig. 11 —a) Plot of predicted solute solubility values in scCO, vs experimental ones for Cyproheptadine system, b) Comparison be-
tween experimental data'® and SVR-QSPR predicted results for Cyproheptadine system vs scCO, density

Linear fit: —log(y,) = 0.97*(—log(y,*")) + 0.33
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Fig. 12 — a) Plot of predicted solute solubility values in scCO, vs experimental ones for Fluoxetine hydrochloride system, b) Comparison
between experimental data' and SVR-QSPR predicted results for Fluoxetine hydrochloride system vs scCO, density
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Fig. 13 —a) Plot of predicted solute solubility values in scCO, vs experimental ones for Gabapentin system, b) Comparison between
experimental data'*" and SVR-QSPR predicted results for Gabapentin system vs scCO, density
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Fig. 14 — a) Plot of predicted solute solubility values in scCO, vs experimental ones for Phenylephrine Hydrochloride system, b) Compar-
ison between experimental data’? and SVR-QSPR predicted results for Phenylephrine Hydrochloride system vs scCO, density

7 Conclusion

In this study, a comparison was conducted between sup-
port vector machine (SVM) and artificial neural network
(ANN) to predict non-linear variation of the solubility of
145 different compounds in supercritical carbon dioxide.
Results show clearly that coupling the SVR approach with
QSPR is more accurate with R? and AARD% of 0.9857 and
1.345 %, respectively, in comparison with ANN-QSPR for
estimating the drug solubility in scCO,. The predictive abil-
ity index of the optimal model was estimated with a leave-
one-out cross-validated coefficient (Q? ) of 0.9859.

Based on the calculated statistical parameters, the QSPR-
SVM has better performance than QSPR-ANN. Therefore,
advantageously, the proposed QSPR-SVM as a simple ap-
proach to forecasting solid solute solubility in scCO, can
be used in commercial software in the absence of experi-
mental data. Also, QSPR-SVM modelling for the prediction
of solubility of solid solute in scCO, provided in this study
shows better performance in comparison with the other
previous correlations. A sensitivity analysis has been con-
ducted to show the influence of each input parameter on
the output variable. All parameters have approximately the
same effects as well.
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Fig. 15 —a) Plot of predicted solute solubility values in scCO, vs experimental ones for Piroxicam system, b) Comparison between
experimental data'** and SVR-QSPR predicted results for Piroxicam system vs scCO, density
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SAZETAK

Primjena umjetne neuronske mreze i regresije potpornih vektora
u modeliranju kvantitativnog odnosa strukture-svojstva i topljivosti
otopljenih ¢vrstih tvari u superkriticnom CO,

Mohammed Moussaoui,*®" Maamar Laidi;* Salah Hanini® i Mohamed Hentabli®

U ovom je istrazivanju korelirana topljivost 145 ¢vrstih otopljenih tvari u superkriticnom CO,
(scCO,) primjenom tehnika racunalne inteligencije zasnovanim na modelima kvantitativne struk-
ture i svojstva (QSPR). Baza podataka 3637 topljivosti prikupljena je iz prethodno objavljenih
radova. Program Dragon primijenjen je za izracunavanje molekularnih deskriptora 145 ¢vrstih
sustava. Genetski algoritam (GA) implementiran je kako bi se optimizirao podskup deskriptora
sa znacajnim doprinosom. Ukupno prosjecno apsolutno relativno odstupanje MAARD od oko
1,345 % izmedu eksperimentalnih i izracunatih vrijednosti pomocu regresije potpornih vektora
modelom SVR-QSPR dobiveno je za predvidanje topljivosti 145 ¢vrstih otopljenih tvari u superkri-
ticnom CO,, $to je bolje od onog dobivenog primjenom modela ANN-QSPR (2,772 %). Rezultati
pokazuju da je razvijeni model SVR-QSPR precizniji i da se moze primijeniti kao alternativni alat
za modeliranje QSAR studija topljivosti otopljenih ¢vrstih tvari u superkriticnom ugljikovu dioksi-
du (scCO,). Tocnost predlozenog modela procijenjena je statistickom analizom usporedivanjem
rezultata s ostalim modelima zabiljezenim u literaturi.
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