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Abstract Fullerenes are sparingly soluble in many
solvents. The dependence of fullerene’s solubility on
molecular structure of the solvent must be understood
in order to manage efficiently this class of compounds.
To find such dependency ab initio quantum-chemical
calculations in combination with quantitative structure–property relationship (QSPR) tool were used to
model the solubility of fullerene C60 in 122 organic
solvents. A genetic algorithm and multiple regression
analysis (GA-MLRA) were applied to generate correlation models. The best performance is accomplished by the four-variable MLRA model with
prediction coefficient r2test = 0.903. This study reveals
a correlation of highest occupied molecular orbital
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energy (HOMO), certain heteroatom fragments, and
geometrical parameters with solubility. Several other
important parameters of solvents that affect the C60
solubility have been also evaluated by the QSPR
analysis. The employed GA-MLRA approach
enhanced by application of quantum-chemical calculations yields reliable results, allowing one to build
simple, interpretable models that can be used for
predictions of C60 solubility in various organic
solvents.
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Introduction
It is well known that the fullerenes are sparingly
soluble in various solvents (Ruoff et al. 1993). This
phenomenon has crucial consequences for both the
basic studies on fullerenes and their industrial
applications. The dependence of fullerene’s solubility
on both molecular structure of the solvent and
temperature must be understood in order to efficiently
separate different members of the fullerene family
from each other and from their precursors or derivatives (Korobov and Smith 2000). Though experimental data on fullerene solubility is available, there
is still no reliable theory to explain (or predict)
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absolute values of fullerene solubility and variations
in solubility when changing the solvent or using
different fullerenes. This serious limitation is one of
the reasons why separation of fullerenes on a large
scale is still rather difficult without the aid of
chromatography. Moreover, the data on solubility of
the fullerene C60 in organic solvents could help to
develop its various applications in chemistry and
technology.
At present, the only approach allowing construction of predictive model of fullerene C60 solubility in
different organic solvents is quantitative structure–
property relationship (QSPR) based on molecular
descriptors (i.e., parameters) calculated with molecular graphs of the solvents (Estrada and Gutman
1996; Simon 1987; Balaban 1983). The first attempt
to explain the trends in C60 solubility was carried out
by Sivaraman et al. (1992) who found a correlation
between experimental fullerene’s solubility and calculated solubility parameter of solvent by studying
fullerene’s solubility for 15 solvents. The same group
also published another study devoted to fullerene
solubility. For a series of solvents they plotted the
fullerene solubility versus the Hildebrand solubility
parameter (Sivaraman et al. 1994). In another study,
Ruoff et al. (1993) studied the C60 solubility in 47
solvents. They examined the dependence of solubility
on the polarizability, polarity, molecular size, and
cohesive energy density (energy difference between
solid phase and free atoms system) of the solvents.
However, they found no distinctive parameter that
universally explains the solubility of C60 and no
predictive model was built in their study. Smith et al.
(1996) employed the theoretical linear solvation
energy approach with solubility dataset of 101
organic solvents. The correlation coefficient was
r2 = 0.67 and statistically significant descriptors that
were revealed in their study are molar volume, Lewis
acidity, Lewis basicity, and electrostatic basicity.
Thus, a good solvent for C60 should have a large
molar volume and also be both a good Lewis acid and
a good Lewis base. However, it should possess
minimal polarity of the regions of negative charge.
Though it is an interesting idea, the drawback of this
study is too low correlation coefficient of the
modeled relationship. In addition, a study has been
published where authors aimed to apply molecular
dynamics approach to model the solubility of fullerene in two solvents, water and carbon disulfide
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(Vanin et al. 2008). However, this approach is
extremely time-consuming to apply it for large
dataset of solvents and therefore not desirable to
use in QSPR. There were also other articles regarding
the solubility of C60 in different solvents (Marcus
1997, Marcus et al. 2001; Abraham et al. 2000;
Hansen and Smith 2004; Kiss et al. 2000). The recent
study in this field was published by Liu et al. (2005).
The authors used the biggest to date dataset of 128
solvents. They built a model using least-squares
support vector machine (LSSVM) method and the
obtained correlation coefficients were r2 = 0.761 for
the whole set and r2 = 0.861 for the 122 compounds
(six compounds, i.e., outliers, removed). The correlation coefficients for the splitted dataset to training
(92 compounds) and test (30 compounds) sets were
0.910 and 0.908, respectively. The authors used
CODESSA software (Katritzky et al. 1994, 1995) to
generate a set of descriptors and semiempirical
quantum–mechanical approach to calculate quantum-chemical parameters for the considered solvents.
They showed that such descriptors as Randic index
(order 3), relative molecular weight, HOMO-1 energy
(highest occupied molecular orbital), relative negative charge, average bonding information content,
and average one-electron reactivity index for a C
atom are involved in correlation model. In our recent
study (Toropov et al. 2007a) devoted to solubility of
C60 the QSPR model based on SMILES (Simplified
Molecular Input line Entry System) notations and
optimal descriptors was developed. This model
allows to achieve correlation coefficient for the
training set of r2 = 0.861 and for the external set of
r2test = 0.890. The approach implemented in the
current study differs considerably from the previous
studies because in the earlier investigations only a
very simple linear model with one complex parameter (correlation weight based on SMILES notation)
was used that provided a good predictive ability. In
addition, recently the authors of this study in
collaboration with the experimental biology group
published the study where they aimed to choose a
better solvent for C60 fullerene in biological systems,
based on cytotoxicity tests (Cook et al. 2010).
As it was pointed out above, there are many
different approaches to calculate and predict C60
solubility in organic solvents. Some of them are fully
mechanistic (Marcus 1997, Marcus et al. 2001;
Abraham et al. 2000; Hansen and Smith 2004;
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Stukalin et al. 2003), developed from the thermodynamical point of view; others are statistically based,
with good correlation coefficients, but not transparent
and complicated in interpretation (Kiss et al. 2000;
Liu et al. 2005; Toropov et al. 2007a, b, 2008, 2009).
In this study, we aimed to find simple, transparent
relationship and computationally fast approach, possibly mechanistically interpretable, to predict the
solubility of C60 in various solvents. In addition,
the study intends to estimate predictive potential of
the topological descriptors and quantum-chemical
parameters obtained by high level ab initio calculations in QSPR modeling of the fullerene C60 solubility in organic solvents.

Methods
Data preparation
The splitting of the experimental data into training
and test sets for solubility of C60 in 122 different
solvents was taken from ref (Liu et al. 2005), but
originally these data were published previously in
review paper (Beck and Mandi 1997). The solvents’
data are listed in Table S1 (see Supplementary
material) and in Table 2. The solubilities are not
given in weight units (e.g., mg/mL), but in terms of
logarithmic values of molar fractions (log S) because
the log S values correspond to the free energy
changes in the solvation process. The data splitting
into training and test sets was carried out according to
refs. (Liu et al. 2005; Toropov et al. 2007c), i.e., to
training set of 92 solvents and test set of 30 solvents,
where it was splitted randomly.
Quantum-chemical calculations and statistical
GA-MLRA approach
To find proper parameters that are responsible for C60
solubility in organic solvents we used two
approaches: (1) structurally based additive descriptors calculation, and (2) quantum-chemically calculated descriptors. The set of descriptors obtained by
the first approach represents the set of constitutional,
topological, and molecular descriptors that were
calculated by the DRAGON software (Todeschini
and Consonni 2003). A set of 1,060 molecular
descriptors of different types was used to describe
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the chemical diversity of the considered solvent compounds. The descriptor’s typology involves: (a) constitutional (atom and group fragments), (b) functional
groups, (c) atom-centered fragments, (d) empirical,
(e) topological, (f) walk counts, (g) various autocorrelations from the molecular graph, (h) Randic molecular
profiles from the geometry matrix, (i) geometrical,
(j) WHIM, and (k) GETAWAY descriptors, and various
indicator descriptors. The meaning of these molecular
descriptors and the calculation procedures are
summarized elsewhere (Todeschini and Consonni
2000).
Considering the importance of the electronical
molecular properties for QSAR/QSPR, the additional
descriptors were calculated by the second approach—
the quantum-chemical descriptors (Hehre et al. 1986;
Becke 1993). Quantum-chemical descriptors have
been calculated using Gaussian 03 software (Frisch
et al. 2004) by Density Functional Theory (DFT)
methodology. The global minimum-energy conformation was identified for each molecule. A combination of Becke’s three-parameter adiabatic
connection exchange functional with Los Alamos
National Lab effective core potential with doublezeta basis set for valence electrons (B3LYP/
LANL2DZ) was employed in order to obtain reliable
energetics and accurate data on electronic properties
of the considered molecules. Some of considered
solvents contain Br and I atoms and therefore
LANL2DZ basis set has been applied. The
LANL2DZ basis set has been developed for predictions of heavy atoms, beyond the third row (Foresman and Frisch 2000). Overall, different kinds of
quantum-chemical descriptors were used based on
performed calculations, including dipole moments
(total dipole moment, X, Y, and Z components);
orbital energies, EHOMO, ELUMO; HLgap (gap between
EHOMO and ELUMO), and finally, heats of formation
and ionization potentials.
The correlation coefficients for all pairs of
descriptor variables used in the applied models were
evaluated in order to identify highly correlated
descriptors and to avoid redundancy in the data set.
Any type of redundancy might lead to an overexploitation of a chemical property in the explanation of
the dependent variable. Hence, some highly correlated and constant descriptors (cross-correlation
r2 [ 0.9) were removed from the further consideration. Furthermore, at the process of each model
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The solvents’ names and CAS numbers for all used
compounds and also descriptors’ names, which have
been involved in all best models, are showed in the
Table S1 of Supplementary material. One can see
from the data in Table 1 that the four-variable model
(Eq. 4) yields the best predictive potential for the
solubility of C60 in organic solvents. While constructing the models, great care was taken in order to
avoid inclusion of highly collinear descriptors. All
collinear descriptors were eliminated from the further
consideration.
One-variable model can be described as follows:

building (i.e., inside of each final model), the
descriptors with cross-correlation coefficient larger
than 0.6 are avoided.
The correlation between solubility and structural
properties was obtained by using a variable selection
Genetic Algorithm (GA) and MLRA methods. GA has
been applied in recent years as a powerful tool to
address many problems in drug design (Davis 1991;
Devillers 1996). We applied GA to select from the set
of all calculated descriptors only the best combinations
of those the most relevant for obtaining models with
the highest predictive power of solubility. Overall, the
combined GA-MLRA technique was utilized to select
the appropriate descriptors and to generate different
QSPR models. The GA technique started with a
population of 30 random models and was carried out
up to 5500 iterations for evolution, mutation—35%,
fitness/scoring function—correlation coefficient (r).
For GA analysis and the derivation of the QSPR
models, the BuildQSAR program (de Oliveira and
Gaudio 2001) was used. A final set of QSARs was
validated by applying the ‘‘leave-one-out’’ technique
with its predicting ability being evaluated and confirmed by cross-validation coefficient q2.

log S ¼ 0:787 X1sol  6:880
2

ð1Þ

2

r ¼ 0:641; q ¼ 0:617; F ¼ 160:35; s ¼ 0:649
2
¼ 0:502; F ¼ 28:26; s ¼ 0:803
rtest

Two-variable model:
log S ¼ 0:706 X1Sol  0:383 J3D  5:275

ð2Þ

r 2 ¼ 0:796; q2 ¼ 0:775; F ¼ 173:89; s ¼ 0:492
2
¼ 0:766; F ¼ 91:40; s ¼ 0:551
rtest

Three-variable model:
log S ¼ 3:459 HOMO þ 0:678 X1sol  0:365 J3D
 4:333

Results
2

ð3Þ

2

r ¼ 0:804; q ¼ 0:776; F ¼ 120:09; s ¼ 0:485
Statistical characteristics of the best one-, two-,
three-, four- and five-variable models are shown in
Table 1. As a rule of thumb, for providing reliable
results we calculated different models by increasing
number of involved descriptors until the model with a
higher number of descriptors gives lower prediction
coefficient (because of overfitting) for the test set, in
comparing to the previous model (Figure S1
(Supplementary material)).

2
¼ 0:808; F ¼ 117:74; s ¼ 0:499
rtest

Four-variable model:
log S ¼ 0:532 TI2 þ 0:698 X1Sol þ 15:694 FDI
 0:103 H-052  21:218

ð4Þ

r 2 ¼ 0:861; q2 ¼ 0:841; F ¼ 134:80; s ¼ 0:411
2
¼ 0:903; F ¼ 259:56; s ¼ 0:355
rtest

Table 1 Statistical characteristics for the selected models with one to five descriptors
Model

Descriptors

Training set (n = 92)
2

r

q

2

Test set (n = 30)
s

F

r2

s

F

1

X1sol

0.641

0.617

0.649

160

0.502

0.803

2

X1sol, J3D

0.796

0.775

0.491

174

0.766

0.551

91

3

X1sol, HOMO, J3D

0.804

0.776

0.485

120

0.808

0.499

117

4

X1sol, TI2, FDI, H-052

0.861

0.841

0.411

135

0.903

0.355

260

5

GAP, AMW, X3, FDI, nHacc

0.857

0.828

0.419

102

0.734

0.587

77
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Five-variable model:
log S ¼ 3:284 HLgap þ 0:040 AMW þ 0:740 X3
þ 10:702 FDI  0:262 nHAcc  15:333 ð5Þ
r 2 ¼ 0:857; q2 ¼ 0:828; F ¼ 102:75; s ¼ 0:419
2
¼ 0:734; F ¼ 77:16; s ¼ 0:587
rtest

Graphical representation of the experimental and
predicted solubility values according to the best
model (Eq. 4) for the training and test sets are shown
in Fig. 1. Experimental and predicted values of
log S for Eq. 4 are displayed in Table 2.
As it can be seen, all models include mostly well
explainable and transparent descriptors, including
quantum-chemical parameters.
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The first four models include topological descriptor X1sol, which represents solvation connectivity
index (chi-1) that encodes the solvation property of
the compound (Todeschini and Consonni 2003). This
molecular descriptor is defined in order to model
solvation entropy and dispersion interactions in
solution. The descriptor relates the characteristic
dimension of the molecule to the atomic parameters
(quantum number, bond indexes, etc.). The bidimensional descriptor X1sol was proposed in 1991 by the
group of Zefirov and Palyulin (Antipin et al. 1991) in
order to treat the enthalpies of non-specific solvation.
For instance, as it was described in this study
(Duchowicz et al. 2008), the solvation enthalpy of
propane (CH3CH2CH3) and dimethyl-mercury
(CH3HgCH3) differs enormously, but both of these
molecules are represented by the same hydrogen
depleted graph, and, hence, they have the identical
topological indexes, which do not take into account
the atom types. The solvation index was created
exactly to differentiate such cases, providing the
general formula (see below) when calculated for
hydrogen- and fluorine-depleted molecular graphs.
The descriptor is defined by the following equations. If the characteristic dimensions of the molecules by atomic parameters are taken into account,
they are defined as:
0
 1
k
Q
 mþ1 X
La C
k B
1
B a¼1
k C
Xm solsq ¼

B
1=2 C
n
@
A
2
Q
kþ1
da
a¼1

k

where La is the principal quantum number (2 for C,
N, O atoms, 3 for Si, S, Cl, etc.) of the ath atom in the
kth subgraphs; da represents the corresponding vertex
degree; k is the total number of mth order subgraphs
and n is the number of vertices in the subgraph. The
normalization factor 1/(2m?1) is defined in such a
way that the indexes Xm and Xmsol for compounds,
which contain only second-row atoms do coincide.
The 1st order solvation connectivity index is
!
1 ðLi  Lj Þb
X1sol ¼
4 ðdi  dj Þ1=2
b

Fig. 1 Plot of experimental versus calculated fullerene C60
solubility for the training and test sets

where b runs over all the B bonds; Li and Lj are the
principal quantum numbers of the two vertices
related to the considered bond. The positive coefficient of X1sol indicates that an increase in the
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Table 2 List of training and test sets, experimental and calculated with Eq. 4 values of solubility of fullerene C60 in organic solvents
No.

CAS No.

Solvent name

log Sexpr

log Scalc

log Sexpr

1

109-66-0

Pentane

-6.10

-5.64

-0.46

2
3

110-54-3
111-65-9

Hexane
Octane

-5.10
-5.20

-5.28
-4.65

0.18
-0.55

4

26635-64-3

Isooctane

-5.20

-4.94

-0.26

5

124-18-5

Decane

-4.70

-4.27

-0.43

6

112-40-3

Dodecane

-3.50

-4.00

0.50

7

493-01-6

cis-Decahydronaphthalene

-3.30

-3.05

-0.25

8

493-02-7

trans-Decahydronaphthalene

-3.50

-2.97

-0.53

9

137-43-9

Cyclopentyl bromide

-4.20

-4.02

-0.18

10

542-18-7

Cyclohexyl chloride

-4.10

-4.10

0.00

11

108-85-0

Cyclohexyl bromide

-3.40

-3.79

0.39

12

626-62-0

Cyclohexyl iodide

-2.80

-3.48

0.68

13

5401-62-7

1,2-Dibromocyclohexane

-2.60

-2.93

0.33

14

110-83-8

Cyclohexene

-3.80

-4.11

0.31

15

108-87-2

Methylcyclohexane

-4.50

-4.44

-0.06
-0.45

Training set

16

6876-23-9

trans-1,2-Dimethylcyclohexane

-4.60

-4.15

17

75-09-2

Dichloromethane

-4.60

-4.75

0.15

18
19

56-23-5
74-95-3

Carbon tetrachloride
Dibromomethane

-4.40
-4.50

-3.86
-4.26

-0.54
-0.24

20

75-25-2

Bromoform

-3.20

-3.64

0.44

21

74-88-4

Iodomethane

-4.20

-4.31

0.11

22

74-97-5

Bromochloromethane

-4.20

-4.51

0.31

23

74-96-4

Bromoethane

-5.20

-5.33

0.13

24

75-03-6

Iodoethane

-4.50

-4.82

0.32

25

79-34-5

1,1,2,2-Tetrachloroethane

-3.10

-3.68

0.58

26

107-06-2

1,2-Dichloroethane

-5.00

-4.60

-0.40

27

71-55-6

1,1,1-Trichloroethane

-4.70

-4.03

-0.67

28

540-54-5

1-Chloropropane

-5.60

-5.62

0.02

29

107-08-4

1-Iodopropane

-4.60

-4.72

0.12

30

75-29-6

2-Chloropropane

-5.90

-5.77

-0.13

31

75-26-3

2-Bromopropane

-5.40

-5.35

-0.05

32

75-30-9

2-Iodopropane

-4.80

-4.93

0.13

33

78-87-5

1,2-Dichloropropane

-4.90

-4.62

34

142-28-9

1,3-Dichloropropane

-4.80

-4.46

-0.28
-0.34

35

78-75-1

1,2-Dibromopropane

-4.30

-4.17

-0.13

36

627-31-6

1,3-Diiodopropane

-3.40

-3.47

0.07

37

96-11-7

1,2,3-Tribromopropane

-2.90

-3.10

0.20

38

96-18-4

1,2,3-Trichloropropane

-4.00

-3.80

-0.20

39

513-36-0

1-Chloro-2-methylpropane

-5.40

-5.23

-0.17

40

513-38-2

1-Iodo-2-methylpropane

-4.30

-4.44

0.14

41

507-19-7

2-Bromo-2-methylpropane

-5.00

-4.84

-0.16

42

540-49-8

1,2-Dibromoethylene

-3.70

-4.11

0.41

43

127-18-4

Tetrachloroethylene

-3.80

-3.68

-0.12
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Table 2 continued
No.

CAS No.

Solvent name

log Sexpr

log Scalc

log Sexpr

44

513-37-1

1-Chloro-2-methylpropene

-4.50

-4.89

0.39

45

71-43-2

Benzene

-4.00

-3.78

-0.22

46
47

95-47-6
108-38-3

1,2-dimethylbenzene
1,3-dimethylbenzene

-2.90
-3.30

-3.46
-3.45

0.56
0.15

48

526-73-8

1,2,3-trimethylbenzene

-3.10

-3.29

0.19

49

95-63-6

1,2,4-Trimethylbenzene

-2.50

-3.19

0.69

50

108-67-8

1,3,5-Trimethylbenzene

-3.50

-3.11

-0.39

51

527-53-7

1,2,3,5-Tetramethylbenzene

-2.40

-2.93

0.53

52

119-64-2

Tetralin

-2.50

-2.61

0.11

53

103-65-1

N-propylbenzene

-3.50

-4.06

0.56

54

98-82-8

iso-Propylbenzene

-3.60

-3.70

0.10

55

104-51-8

n-Butylbenzene

-3.40

-3.55

0.15

56

98-06-6

tert-Butylbenzene

-3.70

-3.65

-0.05

57

462-06-6

Fluorobenzene

-4.10

-4.08

-0.02

58

108-90-7

Chlorobenzene

-3.00

-3.47

0.47

59

108-86-1

Bromobenzene

-3.30

-3.27

-0.03

60

95-50-1

1,2-Dichlorobenzene

-2.40

-2.92

0.52

61

108-36-1

1,3-Dibromobenzene

-2.60

-2.64

0.04

62
63

694-80-4
108-37-2

1-Bromo-2-chloro-benzene
1-Bromo-3-chloro-benzene

-2.40
-3.00

-2.72
-2.84

0.32
-0.16

64

120-82-1

1,2,4-Trichlorobenzene

-2.80

-2.55

-0.25

65

100-42-5

Styrene

-3.20

-3.57

0.37

66

98-95-3

Nitrobenzene

-3.90

-3.40

-0.50

67

100-47-0

Benzonitrile

-4.20

-3.57

-0.63

68

100-66-3

Anisole

-3.10

-3.76

0.66

69

100-52-7

Benzaldehyde

-4.20

-3.57

-0.63

70

103-71-9

Phenyl isocyanate

-3.40

-3.51

0.11

71

99-08-1

3-Nitrotoluene

-3.40

-3.14

-0.26

72

108-98-5

Thiophenol

-3.00

-3.47

0.47

73

100-39-0

Benzyl bromide

-3.10

-3.07

-0.03

74

30583-33-6

Trichlorotoluene

-3.00

-2.21

-0.79

75

90-12-0

1-Methylnaphthalene

-2.20

-2.34

0.14

76

28804-88-8

Dimethylnaphthalene

-2.10

-2.10

0.00

77

605-02-7

1-Phenylnaphthalene

-1.90

78

64-17-5

Ethanol

-7.10

-1.13
-6.95

-0.77
-0.15

79

71-36-3

1-Butanol

-5.90

-5.90

0.00

80

71-41-0

1-Pentanol

-5.30

-5.54

0.24

81

67-64-1

Acetone

-7.00

-6.49

-0.51

82

68-12-2

N,N-Dimethylformamide

-5.30

-5.86

0.56

83

110-01-0

Tetrahydrothiophene

-5.40

-4.15

-1.25

84

110-02-1

Thiophene

-4.40

-3.74

-0.66

85

554-14-3

2-Methylthiophene

-3.00

-4.01

1.01

86

872-50-4

N-methyl-2-pyrrolidone

-3.90

-4.02

0.12

87

110-86-1

Pyridine

-4.00

-3.78

-0.22

-

log Scalc
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Table 2 continued
CAS No.

Solvent name

log Sexpr

log Scalc

log Sexpr

88

91-22-5

Quinoline

-2.90

-2.61

-0.29

89

62-53-3

Aniline

-3.90

-3.67

-0.23

90
91

100-61-8
121-69-7

N-methylaniline
N,N-Dimethylaniline

-3.80
-3.20

-3.74
-3.78

-0.06
0.58

92

4904-61-4

1,5,9-Cyclododecatriene

-2.70

-2.81

0.11

1

629-59-4

Tetradecane

-4.30

-3.73

-0.57

2

110-82-7

Cyclohexane

-5.30

-4.36

-0.94

3

591-49-1

1-Methyl-1-cyclohexene

-3.80

-3.96

0.16

4

2207-01-4

cis-1,2-Dimethylcyclohexane

-4.60

-4.06

-0.54

5

1678-91-7

Ethylcyclohexane

-4.30

-4.10

-0.20

6

67-66-3

Chloroform

-4.80

-4.24

-0.56

7

106-93-4

1,2-Dibromoethane

-4.20

-4.11

-0.09

8

106-94-5

1-Bromopropane

-5.20

-5.19

-0.01

No.

-

log Scalc

Test set

9

109-64-8

1,3-Dibromopropane

-4.20

-3.97

-0.23

10

78-77-3

1-Bromo-2-methylpropane

-4.90

-4.81

-0.09

11

507-20-0

2-Chloro-2-methylpropane

-5.70

-5.84

0.14

12

558-17-8

2-Iodo-2-methylpropane

-4.40

-5.16

0.76

13
14

79-01-6
108-88-3

Trichloroethylene
Toluene

-3.80
-3.40

-4.11
-3.67

0.31
0.27

15

106-42-3

1,4-Dimethylbenzene

-3.30

-3.49

0.19

16

488-23-3

1,2,3,4-Tetramethylbenzene

-2.90

-3.05

0.15

17

100-41-4

Ethylbenzene

-3.40

-3.72

0.32

18

135-98-8

sec-Butylbenzene

-3.60

-3.52

-0.08

19

591-50-4

Iodobenzene

-3.50

-3.07

-0.43

20

541-73-1

1,3-Dichlorobenzene

-3.40

-3.05

-0.35

21

583-53-9

1,2-Dibromobenzene

-2.60

-2.52

-0.08

22

88-72-2

2-Nitrotoluene

-3.40

-3.06

-0.34

23

100-44-7

Benzyl chloride

-3.40

-3.32

-0.08

24

90-13-1

1-Chloronaphthalene

-2.00

-2.14

0.14

25

2586-62-1

1-Bromo-2-methylnapthalene

-2.10

-1.70

-0.40

26

71-23-8

1-Propanol

-6.40

-6.57

0.17

27

111-27-3

1-Hexanol

-5.10

-5.43

0.33

28
29

111-87-5
107-13-1

1-Octanol
Acrylonitrile

-5.00
-6.40

-4.81
-5.97

-0.19
-0.43

30

111-96-6

2-Methoxyethyl ether

-5.20

-4.92

0.28

descriptor value results in an increase in solubility of
C60 in the considered solvent (see Fig. 3). The J3D
descriptor represents 3D-Balaban index, the geometrical descriptor (Todeschini and Consonni 2003). The
Balaban index describes the distance connectivity of
the molecule, which is the average distance sum
connectivity. J3D contributes negatively to the solubility of C60 in a solvent. HOMO descriptor
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represents a quantum chemical descriptor, the energy
of the highest occupied molecular orbital, obtained by
the B3LYP/LANL2DZ level calculations using the
DFT approach. This descriptor describes the nucleophilic properties of solvent. According to Eq. 3
the higher energy of the HOMO of solvent results in
the higher solubility of C60. The next similar
descriptor from quantum-chemical calculations is

J Nanopart Res (2011) 13:3235–3247

the HOMO–LUMO gap, which also shows a good
correlation with the C60 solubility (see Fig. 3). The
TI2 descriptor is topological descriptor, second
Mohar index TI2. The Mohar index is derived from
Laplacian matrix (Todeschini and Consonni 2003;
Mohar 1989), a distance matrix. As it can be seen
from the Eq. 4, the higher value of TI2 descriptor
results in the lower solubility of C60 in this solvent.
Another important descriptor selected by genetic
algorithm is FDI descriptor, which is geometrical
descriptor representing a folding degree index. The
FDI descriptor is defined as the largest eigenvalue
obtained by the diagonalization of the distance/
distance matrix, and then normalized and divided
by the number of atoms (Todeschini and Consonni
2003; Randic et al. 1994; Randic and Krilov 1999).
The values of the descriptor are in range
0 B FDI B 1. This descriptor converges to one for
linear molecules (of infinite length) and decreases in
accord with the folding degree of the molecule. The
FDI descriptor can be used as indicator of the degree
of departure of a molecule from a strict linearity. FDI
contributes positively to the log S value of C60
solubility. It indicates that the more linear (less
foldings) molecule of the solvent is, the better is
solubility of C60 in this solvent. The H-052 descriptor
is among atom-centered fragments, describing H
(hydrogen) attached to C(sp3) with 1X (heteroatom)
attached to the next C (Todeschini and Consonni
2003). The higher value of this descriptor relates to
the lower solubility of C60. The nHAcc descriptor
represents a number of acceptor atoms for H bonds
(N, O, F, etc.). This descriptor is among the
functional group descriptors. X3 descriptor represents
connectivity index chi-3, and this is a topological
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descriptor (Todeschini and Consonni 2003). And
AMW, a constitutional descriptor that describes an
average molecular weight. This descriptor shows a
positive correlation with the solubility of C60.

Discussion
In the recently published book on fullerenes (Korobov
and Smith 2000), a statement was given that there is
no single parameter to correlate C60 solubility. Our
comprehensive study reveals that one X1sol descriptor provides good, and quite satisfactory correlation
for both sets—training and test set (r2 = 0.641 and
r2test = 0.502). The ability of this descriptor to encode
several important for solubility characteristics in one
parameter makes it a good predictor for C60 solubility.
Of course, the predictive ability of this descriptor is
still not enough for complete estimation, but it can be
used for fast preliminary evaluation of fullerene
solubility. One might note that X1sol contributes to
all four best models and that the contribution of this
descriptor to each model is significant. As it can be
seen from the Fig. 2, the X1sol descriptor describes
C60 solubility very well for each compound. There are
even no evident outliers among the studied solvents
(except of tetradecane (1) in the test set), although all
points are distributed slightly sparse along a trend line.
The presence of tetradecane (1) as outlier is caused by
high calculated value of X1sol, i.e., according to the
molecular structure the tetradecane should have better
solubility properties than actually observed. We
believe that because of the linear structure of the
tetradecane molecule some other factors are predominant for C60 solubility in this particular solvent.

Fig. 2 Plot of solubility of C60 versus X1sol descriptor for both sets
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Interestingly, also the other descriptor FDI confirmed
some prediction uncertainness for linear molecules
like tetradecane, and this is discussed later in the text.
Considering that this is only one-parameter model,
one may conclude that the proposed model provides a
good result, r2test = 0.502. The descriptor basically
encodes the presence of heteroatoms that mainly
determine the solvent properties, as well as number
and connectivity between subgraphs that include these
heteroatoms. Such subgraphs determine the strength
and pattern of the lattice that is built by the molecules
of solvent, and this lattice, most likely, determines the
C60 dissolution rate in the solvent. This conclusion is
in accordance with explanation from the recent study
(Herbst et al. 2005). The authors of this study
underlined that H-bonding character of the solvent is
an obvious discriminating factor and C60 has a lower
solubility in solvents that organize themselves
through polar or H-bond interactions, because the
dissolution of C60 would result in the disruption of the
solvent structure since the nonpolar solute does not
participate in H-bonds. The presence of nHAcc
descriptor in the model 5 also confirms importance
of H bonds.
The two- and three-variable models (Eqs. 2, 3)
include J3D descriptor that encodes heteroatoms’
content and bond multiplicity. This descriptor
improves the performance of two-variable model
greatly, from r2 = 0.6 for one-variable model to
almost 0.8 for the two-variable one. The J3D
descriptor is not cross-correlated with X1sol descriptor. It encodes different features and only informationally supplements the X1sol descriptor as well as
amplifies the model performance. The J3D descriptor
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indicates the importance of heteroatoms’ content
in solvent structure, because the presence of
heteroatoms dramatically changes the solubility
property of the compound. Although both X1sol
and J3D descriptors partially encode the presence
of heteroatoms in the molecule, they work independently and only improve the performance of
each other.
Looking for the best performance model that
works better for the prediction of the test set values
we generated four- and five-variable models. We
finally establish that four-variable model has the best
performance, its predictive r2 value for the test set is
0.903, including all compounds (Table 1, Fig. 1). The
model 5 (Eq. 5) shows much worse performance for
the test set (most) probably because of overfitting.
The other two worthy of note descriptors are
HOMO energy and HOMO-LUMO gap (HLgap).
The Eqs. 3 and 5 illustrate importance of these
parameters (HOMO and HLgap). There is a correlation between them, i.e., they encode mainly similar
information. Such a correlation between these two
parameters can be explained by main contribution of
HOMO energy parameter to HOMO–LUMO gap.
After closer analysis of the HOMO–LUMO gap
parameter one can see that there are three different
types of solvents. They markedly differ from each
other—alkanes (a), alcohols (b) and other compounds
(c), which contain heteroatom(s) (see Fig. 3). This
situation is observed in both sets (training and test),
Fig. 3. It can be seen that compounds of the three
groups are energetically very different and trends of
‘‘HOMO–LUMO gap versus the Solubility of C60’’
relationships are different for each group. It means

Fig. 3 Plot of solubility C60 data versus HOMO–LUMO gap for both sets: (a) alkanes, (b) alcohols, (c) other compounds
(heteroatom-containing)
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that using only HOMO–LUMO gap parameter for
each group of these solvents separately one can build
more precise models for different solvent groups.
However, our aim was to build universal C60
solubility model that can describe as many various
compounds as possible.
Rather interesting descriptor, involved in Eq. 4 is
H-052, the number of hydrogens at the considered
molecular fragment. One concludes that large number
of substituents at the carbon atoms that are next to
carbon atom with heteroatom results in lower solubility. But this statement is only exact for solvents
that do not have full substitution at the neighbor
carbon atoms, i.e., where there are still 1–4 hydrogen
atoms. Interestingly, in case of unsubstituted neighbor carbon atoms the solubility in such solvents
became lower (H-052 = 6). Furthermore, the solvents with fully substituted carbon atoms (no hydrogens at the neighbors around the carbon atom with
heteroatom) are the best solvents for C60, and their
behavior differs from the others, hydrogen-containing
solvents.
Another important descriptor for C60 solubility is
the FDI descriptor. According to the plot of FDI
descriptor and solubility data one can see that there is
a positive correlation—the higher FDI value, the
higher solubility is. But this relationship works fine
only for nonlinear molecules (folded molecules), one
can see an apparent trend for such molecules (Fig. 4).
In the case of linear molecules (FDI = 1, i.e., no
foldings) the situation is not clear. Most likely, the
other factors (which were mentioned before) also
play an important role in solubility for both types of
solvents, but in the case of molecules that have
molecular structures close to linear the other factors
are predominant (such factors as molecular weight
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AMW, HOMO energy, HOMO–LUMO gap, number
and type of heteroatoms, etc.).
As it was showed above, all descriptors that are
included in the models are quite simple and transparent. They can easily be calculated using available
software, and by using the developed models the
predictive value of C60 solubility in a particular
solvent can be calculated. This is one of the
advantages of the models obtained in this study,
comparing to Liu et al. (2005) investigation, where
models are not represented and therefore can not be
reproduced to predict solubility for new solvents.
Overall, among all models generated the fourvariable model is a good candidate for further use for
C60 solubility predictions. It has a good predictive
power, transparent descriptors and includes only
easy-to-calculate descriptors. The contribution and
structural influence of each descriptor involved in
four-variable model is discussed above.

Conclusions
In this study we have compared the performances of
one-, two-, three- four- and five-variable models
constructed by GA-MLRA approach for prediction of
solubility of C60. The four-variable model provides
the best predictive ability (r2test = 0.903), while the
other models give only satisfactory prediction values.
For one-, two-, and three-variable models it can be
explained by insufficient information providing by
the small number of descriptors in the model, and for
five-variable model it is due to its overfitting that
leads to bad prediction.
The study reveals a correlation of HOMO energy
(HOMO–LUMO gap), heteroatom fragments and

Fig. 4 Plot of solubility of C60 versus FDI descriptor for both sets
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geometrical parameters with solubility. Although the
X1sol descriptor alone displayed the statistically not
so significant correlation, it still provides a main
contribution to solubility. The presence of quantumchemical descriptor—HOMO energy confirmed the
importance of nucleophilic properties of solvents for
solubility of C60. Higher HOMO value for solvent
results in the higher solubility of C60. Also, various
distribution behavior of HOMO–LUMO gap energies
for different types of solvents have been concluded.
Another descriptor, which encodes number of hydrogens at certain fragments (H-052), indicates that the
solvents with fully substituted carbon atoms (no
hydrogens at the neighbors around the carbon atom
with heteroatom) are the best solvents for C60, and
their behavior differs from the others, hydrogencontaining solvents. Surprisingly, the folding descriptor FDI showed certain correlation with solubility,
asserting that the closer structure of solvent to
linearity the higher solubility of C60 in this solvent
is. Several other important parameters of solvents that
affect C60 solubility also have been discussed based
on the QSPR analysis. They lead to better understanding of the solvent structure required for improving of the fullerene solubility.
This study demonstrates that an application of the
GA-MLRA technique in combination with quantumchemical and topological descriptors yields reliable
models. They are quite simple, interpretable, transparent, and comparable to the previously published
results. The best performance is accomplished by the
four-variable MLRA model with prediction coefficient r2test = 0.903. An applied approach based on
topological and quantum-chemical data provides the
model for fullerene C60 solubility which is comparable with the model from the previous study (Liu
et al. 2005) and model suggested in the recently
published paper (Toropov et al. 2007c), in addition of
having an advantage of being transparent and mechanistically interpretable. These conclusions allow us
to believe that the constructed models can be used for
future predictions of C60 solubility in various organic
solvents (for industry and laboratory experiments)
and that they provide basics for understanding of this
phenomenon.
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