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The solubitity of C, in a variety of solvents was estimated with multi-layer feedforward neural networks using
as independent variables four solvent parameters: n, the index of refraction, ¢, the DC dielectric constant, 7, the
molar volume, and 8, the Hildebrand solubility parameter. The neural network model gives better results than
the multiple linear regression one. The study presents the influence of three activation functions (hyperbolic
tangent, linear and bell) on the network performances, both in calibration and prediction.

INTRODUCTION

The solubility of Cg, in organic solvents plays an important role in its extraction, chromato-
graphic separation, and reactions.2-> An understanding of the physical factors which influence the inter-
action of fullerenes with various solvents will allow a better design of their extraction and purification.
The solubility of C, in 47 solvents was recently reported,’ and the substituted naphthalenes such as
1-methyl, 1-chloro, and 1-phenyl were found to exhibit the highest room temperature solubility for C,.
Despite some qualitative predictions concerning the dependence between Cg, solubility and physical
parameters of the solvents, no quantitative relationship was obtained.

In recent years, Artificial Neural Networks (ANN) were used as universal approximators that
can model Quantitative Structure-Property Relationships (QSPR). A neural network is a simplified
brain model that can detect patterns and correlations in data.>® Unlike the usual Multi-Linear Regres-
sion (MLR) model used in QSPR, ANN can explore the nonlinear relationship between structural para-
meters and physico-chemical properties. The use of ANN has some important advantages, due to the
fact that the mathematical form of the relationship between the input and output data does not need to
be provided, and ANN are able to represent nonlinear relationships between input and output pattems,

as well as interaction between the independent parameters.
Recent reports have demonstrated the utility of ANN in investigating chemical phenomena.

Among them, related to the present investigation are the estimation of the aqueous solubility of organic

compounds !!2 and the computation of the partition coefficient.!?
The scope of the present paper is to model the solubility of the fullerene C in different sol-

vents by using Multi-Layer Feedforward (MLF) neural networks.
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RESULTS AND DISCUSSION

The solubility data of C., were taken from literature:® [C,], the concentration of Cg, in
mg/mL, and X(C;), the mole fraction of C,. Four solvent parameters were considered to influence the
solubility of C,: n, the index of refraction (Na D line); €, the DC dielectric constant; V, the molar vol-
ume, which is equal to the molecular weight divided by the density at 298 K; and 8, which is the
Hildebrand solubility parameter. The list of solvents, experimental solubility, and solvent parameters
are presented in Table 1 for the 42 solvents with complete characterization of the parameters in ref. 5.

Table 1

Solvents, refraction index, n, dielectric constant, €, molar volume in cm¥mo), ¥, Hildebrand solubility parameter in
cal"?/cm 2, 8, solubility of C,, in mg/mL, [Cg,], and mole fraction, X(Cg,)* 104

Solvent n € V 3 [Cl X(Cg)x10°
n-pentane 1.36 1.84 115 7.0 0.005 0.008
cyclopentane 1.41 1.97 93 8.6 0.002 0.003
n-hexane 1.38 1.89 131 7.3 0.043 0.073
cyclohexane 1.43 2.02 108 8.2 0.036 0.059
n-decane 1.41 1.99 195 8.0 0.071 0.19
decalins 1.48 2.20 154 8.8 4.6 9.8
dichloromethane 1.42 9.08 60 9.7 0.26 0.27
chloroform 1.45 4.81 86 9.3 0.16 0.22
carbon tetrachloride 1.46 2.24 80 8.6 0.32 0.4
1,2-dibromoethane 1.54 4.79 72 104 0.5 0.6
trichloroethylene 1.48 3.40 89 9.2 1.4 1.7
tetrachloroethylene 1.51 2.46 102 93 1.2 1.7
1,1,2,2-tetrachloroethane 1.49 8.20 64 9.7 53 7.7
methanol 1.33 33.62 41 14.5 0 0
ethanol 1.36 24.3 59 12.7 0.001 0.001
nitromethane 1.38 35.9 81 12.7 0 0
nitroethane 1.39 28.0 105 11.1 0.002 0.002
acetone 1.36 20.7 90 9.8 0.001 0.001
acetonitrile 1.34 375 52 11.8 0 0
benzene 1.50 2.28 89 9.2 1.7 2.1
toluene 1.50 2.44 106 8.9 2.8 4
xylenes 1.50 2.40 123 8.8 5.2 8.9
1,3,5-trimethylbenzene 1.50 2.28 139 8.8 1.5 3.1
tetralin 1.54 2.76 136 9.0 16 31
o-cresol 1.54 11.50 103 10.7 0.014 0.029
benzonitrile 1.53 25.60 97 8.4 0.41 0.71
fluorobenzene 1.47 542 94 9.0 0.59 0.78
nitrobenzene 1.56 35.74 103 10.0 0.8 1.1
bromobenzene 1.56 5.40 105 9.5 3.3 4.8
anisole 1.52 433 109 9.5 5.6 8.4
chlorobenzene 1.52 5.7 102 9.2 7 9.9
1,2-dichlorobenzene 1.55 9.93 113 10.0 27 53
1,2 4-trichlorobenzene 1.57 3.95 125 9.3 8.5 15
1-methylnaphthalene 1.62 2.92 142 9.9 33 68
dimethylnaphthalenes 1.61 2.90 156 9.9 36 78
1-phenyinaphthalene 1.67 2.50 155 10.0 50 131
1-chloronaphthalene 1.63 5.00 136 9.8 51 97
carbon disulfide 1.63 2.64 54 10.0 7.9 6.6
tetrahydrofuran 1.41 7.60 81 9.1 0 0
tetrahydrothiophene 1.50 2.28 88 9.5 0.03 0.036
2-methylthiophene 1.52 2.26 96 9.6 6.8 9.1
pyridine 1.51 12.30 80 10.7 0.89 0.99







