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The large number of quantitative structure-property/activity relationships (QSPRs/QSARs) for nano-
materials were published. Majority of these are latent traditional QSPR/QSAR in spite of labels such as
“nano-QSPR” or “nano-QSAR”. Traditional QSPR/QSAR are calculated with molecular descriptors. In the
case of nanomaterials, the molecular descriptors are unavailable or poorly suitable for the QSPR/QSAR
analysis. The CORAL software gives possibility to build up QSPR/QSAR models using simplified molecular

input-line entry-system (SMILES). Recently, the quasi-SMILES were suggested as an alternative for the
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traditional SMILES. In this work, quasi-SMILES are used to build up united model for solubility of ful-
lerenes C60 and C70 in organic solvents.

© 2019 Elsevier B.V. All rights reserved.

1. Introduction

Physicochemical [1—3] and biochemical [4] endpoints of
fullerene are object of studies in the field of mathematical chem-
istry. Usually, theoretical (computational) prediction of endpoints
related to nanomaterials can be carried out via quantitative struc-
ture—property/activity relationships (QSPRs/QSARs). However,
factually, QSPR/QSAR, which are aimed to predict endpoints related
to nanomaterials, often are “latent traditional QSPR/QSAR” [5—8].

Attempts to build up predictive model for solubility of fullerene
C60 in organic solvents using optimal descriptors calculated with
simplified molecular input-line entry systems (SMILES) [9] are
described in the literature [1,2]. There is also similar attempt to
build up predictive model for solubility of fullerene C70 [3].

Quasi-SMILES [10—14] are an expansion of traditional SMILES
[9]. The expansion is reached via additional symbols, which reflect
different conditions and circumstances [10,14].

The CORAL software (http://www.insilico.eu/coral) is a tool to
build up predictive models for different endpoint using SMILES as
representation of the molecular structure [15—24]. However, after
the above expansion, the quasi-SMILES can be used for the CORAL
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software by the same manner as traditional SMILES.

The aims of this study are (i) building up and estimation of
models for solubility of fullerenes C60 and C70; and (ii) estimation
of ability of the Index of Ideality of Correlation [25,26] to improve
predictive potential of the above models.

2. Method
2.1. Data

The numerical data on the solubility of fullerene C60 and C70
(mole fraction) in different organic solvents are taken in the liter-
ature [8]. The models have been built up for solubility transformed
into the decimal logarithm (logS). The total number of quasi-
SMILES, which are representing solubility of C60 and C70 in
organic solvents is 212. These data were randomly distributed into
the training (=30%), invisible training (=30%), calibration (=20%),
and validation ( =20%) sets. The above sets take part in building up
the CORAL model. The essence of tasks for these sets can be
described as the following.

The training set is the “builder” of the model. The Monte Carlo
optimization of the correlation weights is carrying out for molec-
ular features extracted from quasi-SMILES related to this set.

The invisible training set is the “inspector” of the model. The
calculation of descriptor for quasi-SMILES of this set should confirm
(or reject) suitability of the model for substances which are not
involved directly to the optimization process.
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The calibration set should detect the beginning of overfitting.
Computational experiments are indicating, the optimization im-
proves correlation between descriptor and an endpoint for training
and invisible training sets, but with increase of the number of
epochs of the optimization, the correlation coefficient between
descriptor and endpoint for calibration set gradually decrease. The
external validation set is the final estimator of the predictive po-
tential of the model.

The traditional SMILES [9], for solvents examined here, were
built up with ACD/ChemSketch software [10]. Supplementary
materials contain the list of quasi-SMILES used to build up pre-
dictive models for the logS. The scheme of translation of traditional
SMILES into the quasi-SMILES is described below.

2.2. Hybrid optimal descriptor

The CORAL software at the beginning was aimed to build up
QSPR/QSAR models of various endpoints by paradigm

Endpoint = F(SMILES) (1)

However, further development and checking up of the software
have shown that hybrid descriptors [17,25,28] calculated with both
SMILES attributes and graph invariants can have higher predictive
potential. This can be expressed by paradigm

Endpoint = F(SMILES, Molecular graph) (2)

In the near future, an updates of the CORAL software by the
possibility to use combinations of topological parameters of the
molecular structure for development of predictive models of
various endpoints [29] become available. The updated software is
used here to build up predictive model for solubility of fullerene
C60 and C70 in form

logS = F(quasi-SMILES, [LI;+LI;]) (3)

where local invariant (LI) of the hydrogen suppressed graph (HSG)
is one element of the list of (i) Morgan extended connectivity (e0,
el, e2, e3); (ii) Paths of length 2,3,4 (p2, p3, p4); (iii) Valence shells
of second and third orders (s2, s3); and (iv) nearest neighbour code
(nn).

Quasi-SMILES for the case of a system “solvent — C60” are rep-
resented by SMILES of solvent plus symbol “x”, e.g. C1CCC=CC1x,
C1CCC2CCCCC2C1x, etc., for the case of a system “solvent — C70”
the representation is SMILES of solvent plus symbol “y”, e.g.
CCCCCy, C1CCCCC1y, etc.

Hybrid descriptor used here is defined as the following:

HYBIDCW (T, N") = SMIESDCW (T*, N*) + SRAPHDCW (T, N')
(4)

SMILESDCW (T*, N™) = CW(HARD) + CW (Cmax)+

STCW(S) + > CW(SS) + > CW(SSS) (%)

CRAPHDCW (T*,N") = CW/(C5) + CW(C6)+

Table 1
Example of representation for the Sy, SSi, and SSSy.in the case SMILES = Cclccc(O)
c(C)nl.

—_

ID Comment 2 3 45 6 7 8 9 10 11 12

1  Representation of Sy

2 Representation of SSj

3 Representation of SSSi

=D TN T om0 nNo0o0n0nNSS NN o0NNONNNONNO =5 T N7 07T 0700 n=0nNn

S ATC AT O T A0 RA R I A N A A R (T e e e e e

Molecular features extracted from SMILES or from graph are
represented by sequences of twelve symbols. Table 1 contains an
example of representation for the S, SSk, and SSS. Fig. 1 contains
the elucidation for HARD, Cmax, C5 and C6. Table 2 contains ex-
amples of Cmax, C5 and C6 for different molecules.

Fig. 2 contains example of the combination of graph invariant
for 3,3-dimethylhexane.

Fig. 3 contains fragment of the user interface of the CORAL
software. User can select list of molecular features to define optimal
descriptor via interface represented at Fig. 3. Fig. 4 contains the
definition of the optimal descriptor that is calculated with Eq. (4).

The general scheme of building up model for the solubility of

D> CW(ely) + > CW(ely +e2y) + > CW(je2 — ey|) + Y CW(e2y)+

D CW(P2) + > CW(p2, +p3g) + Y CW(Ip3 — p2i)) + ) CW (p3i)+

(6)

D CW(s2) + > CW(s2, +53k) + D CW(Is3y — 52¢]) + > CW(s3y)
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For instance, SMILES is

"C1=CC=C (C=C1) CH#N"

HARD is
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Fig. 1. The representation of molecular features extracted from SMILES and HSG. The HARD is sequence of twelve symbols which encode molecular status: presence/absence of
double (=), triple (#), and stereo chemical (@) covalent bonds; presence/absence of nitrogen (N), oxygen (O), sulphur (S), phosphorus (P), fluorine (F), chlorine (Cl), bromine (Br),
and iodine (I). Cmax is indicator of number of rings in a molecule (from 0 to 9); C5 and C6 are sequences of twelve symbols which encode specificity of molecular five member and

six member rings: “A” indicates presence of aromaticity, absence is indicated by dot “.”; “H” indicates presence of heteroatom, absence is indicated by dot

fullerenes C60 and C70 in organic compounds is the following:

1. Definition of the total list of quasi-SMILES available to build up
the model;

2. Distribution of all available data into the training, invisible
training, calibration, and validation sets;

3. Building up predictive model for solubility of fullerenes C60 and
C70 in organic compounds (logS) for the training, invisible
training, and calibration sets using the Monte Carlo method;

4. Estimation of the predictive potential of the model with the
statistical quality of the model for external validation set. Fig. 5
contains the graphical representation of steps 1—4.

The Monte Carlo method is optimization of the correlation
weights (CWs) involved in Eq. (5) and Eq. (6) with a target function.
Two versions of target function TF; and TF, are examined here

(7)

TF, = rign + Titrn — |FIRN — TiTRn[*0.1

TF, = TF, +HCCLB*O~1 (8)

The rigy and rirgy are correlation coefficient between observed
and predicted endpoint for the training and invisible training sets,
respectively.

wn

The Index of Ideality of Correlation IIC¢p [26,27] is calculated
with data on the calibration (CLB) set as the following:

min(~ MAE ¢z, TMAE ciB)

HICqp =T 9
B = "B rnax("MAE cp. * MAE i) ®)
1N
“MAE ¢ = = > |4kl, 4 <0;"N is the number of 4, <0
=
(10)

“N
TMAE ¢ = % > |4kl 4y = 0; 7N is the number of 4; >0
=1

(11)

4y, = observed), — calculated, (12)

The observed and calculated are corresponding values of the
endpoint.

The model for solubility C60 and C70 fullerenes in organic sol-
vents is the following:
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Table 2
Clarification of molecular features, which are related to quality and quantity of rings.
Structure SMILES c5 Cc6 Cmax
Cclcccecl c5...... 0.. C6...A.1 ... Cmax.1 ......
<: :)—CH3
SC1CCCC1 G5, 1... C6...... 0... Cmax.1 ......
O
— clccecenl C5 ... 0.. C6 ... AH.1 ... Cmax.1......
\ N
. l clccec2cececcl12 C5...... 0.. C6...A.2 ... Cmax.2 ......
N clc3cccee3nc2eccecl2 G5 0.. C6 ... AH3 ... Cmax.3 ......
=
N
@\&C/ C(C(CC1CCCC1)C(CC2CCNC2)c3cccec3)C4Ccccc4 C5...H3 ... C6...A.1 Cmax4 ......
NH
SMILES = CCCC(C)(C)CC
5
8
Graph = 3 4 7
1 2 6
Adjacency Matrix Graph invariants
1 2 3 4 5 6 7 8 el |el|e2|e3 | p2 | p3 | p4 [s2|s3 | mn
1|]o0f1]J]0)JOfOfO]JO]O 1 21318 1 1 3 2 [ 4] 110
2(1/0jJ1j0ojJO0OJOJO]O 2 [ 318 ([12] 1 3 1 141422
3(0f1[0)J1[0]JO0fJO]O 2169 127] 4 1 0[5 ] 1] 22
4 10[0f1T)JOofJ1fT1])1(0O 4 1619129 2 1 0 [ 3 [ 1] 440
510]0(0]J1[0]0O0JO]O 1146 [19] 3 2 1 513 [ 110
6(0[0[O0O)J1|]O0O]JOJO]O 1146 (19] 3 2 1 513 [ 110
710(0]J]0]1[0]0]O0|1 2 |58 ([24] 3 1 1 (4] 2] 22
81 0J]0fOJOfO]JOf1]O 1121518 1 3 1 [ 414 110
el; = 2,3,6,6,4,4.5.2 P2 =11423331 s2) = 2,453.5,544
e2; = 3,8,9,19.6,6.8,5 3 =1311.221.3 s3; =44113324%

ely +e2, =5,11,15,25,10,10,13,7
e2; —el, =153132233

P2. + p3; = 24,535,544
P35, — p2; = 0,2,3,1,1,1,2,2

s3j + 52, = 6,8,6,4,8.8.6,8
$3, — 52, = 2,0,4,2,2,2,2,0

Fig. 2. Example of calculation of graph invariants and their combinations for the optimal descriptor in the case of 3,3-dimethylhexane. It should be noted combinations such as

e2+p3, p3+s2, s3+nn, etc. are also possible.

logS = Co + C,"PMpCw (T*,N") (13)

Having the results of several runs of the optimization one can

extract statistically significant molecular features with positive
value of the correlation weight for all runs, which are promoters of
solubility increase, and vice versa, the features with negative value
of the correlation weight for all runs, which are promoters of
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[quasi] - SMILES for TRN, iTRN, and CLB

l #TotalSet.txt
v GraphDCW [¥ HSG [~ HFG [~ GAO v SMILESDCW
e0 el ¢2 e3 p2 p3 p4 s2 s3 nn v s
SFCCCCCCECE MG s
d T CCCC IR Mo s
QWM IrT — W cs Eggg}}
SCCCRIOCCCLCT Mo [hato
2 I M I I W c7 |¥HARD
prrrrrrr¥»rrrr [~ PAIR
T T Irrse»rr ¥ Cmax
Il I rCrV¥rr [~ Nmax
sCrrrrrrrer- [T omax
m[C O rrrrrw [ s max

Fig. 3. Interface for definition of the optimal descriptor: the diagonal is place for traditional graph invariants: extended connectivity of zero (e0), first (e1), second (e2), third (e3)
orders; paths of length two (p2), three (p3), four (p4), valence shells of second (s2) and third orders; and nearest neighbour code (nn). The selection of pair el and e2 (upper
triangle) means absolute value of the arithmetic operation “e1 plus e2”. The selection of pair e2 and e1 (low triangle) means absolute value for arithmetic operation “e1 minus e2”.

[quasi] - SMILES for TRN, iTRN, and CLB

l #TotalSet.txt
v GraphDCW [¥ HSG [~ HFG [~ GAO v SMILESDCW
e0 el e2 e3 p2 p3 p4 s2 s3 nn v s
SCCCCCCEECE DS Fs
d MO rr [ ca s
2 WP Fes [ BOND
SO M ce HaLo
P2 I WMWMI I I Cc7 |¥HARD
prrrevvic O r [~ PAIR
pdl I rrrrr-r-rr- ¥ Cmax
s T IF'Irrrir¥wri [ Nmax
S rrrrrrrsvwi I~ omax
mrrrrrrrrnr [ smax

Fig. 4. The scheme of definition for descriptor calculated with Eq. (4).

decrease for solubility. Table 3 contains examples of promoters for
increase of solubility fullerenes C60 and C70, which have been
detected in this study.

Estimation of the quality of distribution into the above-
mentioned sets via (i) defects of molecular features extracted
from quasi-SMILES and from HSG; (ii) defects of quasi-SMILES; and
(iii) defect of distribution. The definition of statistical defect for
each molecular feature (Fy) which is involved (non blocked) to build
up the model is the following:

IP(Fy) — P'(Fy)]|
Y= NF) + N(Fy) (1)
where P(Fy) and P'(Fg) are probability of F; in the training and
calibration sets, respectively;

N(Ag) and N’(Ag) are frequencies of Fy in the training and cali-
bration sets, respectively.

The calculation for all substances the statistical defect of quasi-
SMILES and HSG-defect (D) is the following

NF
D= dy (15)
k=1

where NF is the number of non-blocked molecular features
extracted from SMILES or HSG
A j-th substance falls in the domain of applicability if

Dj< 2*D (16)

where D is average of the statistical defect of quasi-SMILES and HSG
for the training set.

3. Results and discussion

The CORAL models for solubility of fullerenes C60 and C70 in
organic solvents are the following:
Split 1, TF;
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Distribution into Calculation by the Monte Carlo method
Training set (+); Invisible training set (-); for each molecular feature F correlation weight CW(F)
Calibration set (#); and Validation set (*) F CW(F)
Total data available — Sh% —
to build up model — — Chusix 0.0
il -0.52015
- . 2.35811
.C 0.e
*107-83-5 CCCC(C)Cx -5.490 .e 2.43093
-96-14-0 CCC(C)CCx -5.350 } - é;ﬁg
*142-82-5 CCCCCCCx -5.010 0. s ©.35268
+75.52. +(= x - 3ics ©.33629
quasi-SMILES 1] Mo g o 2 elessie
pes-GMILEE 7] +110-89-4 é_u;:z\)rccm 2.140 Ll e
quasi-SMILES[3] gl s i2ies 2.40934
P -123-75-1 C1CCNCl1x -2.270 .1e. -0.82742
: ; +109-66-0 CCCCCy -6.572 -2.16901
-SMILES
L ™ *110-54-3 CCCCCCy -5.683 oo
#142-82-5 CCCCCCCy -5.083 ©.25157
2.42315
+111-65-9 CCCCCCCCy -5.095 el 5 agses
+124-18-5 CCCCCCCCCCy -4.913 P3P2BI. . e.47319
+112-40-3 CCCCCCCCCCCCy -4.578 i::::: = ::;;;::
*110-82-7 C1CCCCCly -4.987 P3P2I...0-.. 2.45395
- P3P2I...1-.. .6377@
P3P2I...2-.. 0.07976
L ] L ook _
— Hybrid *ONJF
logS = C, + C,HYPrdDCW (T*, N*)
H Please see results for validation set in file .../model/#ModelForValidationSet.tdt; Now you can study plots "expr vs calc” - [m] X
[quasi] - SMILES for TRN, iTRN, and CLB
IﬁTlainingSet.lxl
i W Gaph ey @ msoI” HFGT Gao W 48 pyeqy
Y Jl- ; 5 e0 el e2 &3 p2p3pdsd &3 nn v =
g o | erFrrrEFrrr- £ 6 P
dCPPCCCCCCD B¢ B
-, QMR rrrrr Bes I nosP
Training set (TRN) | i SCOCCCCrrrrr Mo — gato
[a=67: R2=0.8882: 5=0.441: MAE=0.322: F=516 == - RCCCCMMICITCC T ¢ ¥ HARD
Builing up #PseudoS BdCCCCMPMCCCC [~ PAR
o - s CCrrrcrere [V Cmax
= g 2 CCCCECRPD [ Nemax
= e SCCIrrrrrver I~ Omax
. Phase 2; Building up preferable model (T*N*) I OO I fenax
Y > :
Tnvisible Training set (TRN)| C" ° Dostwiams = Tk
n=67: R2=0.5064: s=0.415: MAE=0.298: F=625 [T Classification modal
l e co= -7.2527502 Cl=- I0.0799423 [V Index of Ideality of Corralation  ICweight log—
E o [~ Target R{TRN] 2nd CCC[iTRN]
= ST Insert a SMILES for calculation of DCW and EndPoint L N
. Dytant |10 Ay [0 Epoch [15
P — 1 jececeececccoy i] Threshold stat |1
Calibration set (CLB) | Threshold maximal [
ln=3g: R2=0.8560: s=0.483: MAE=0.357 F=221 Demo of calculation of DCW and endpoint will be in file ‘ DemoD CW/ txt Number of probes [;—
u g i DCW(1,15)= [38.0914723 EndPoint = [4.2076301
E‘ .r,i'.'
Ap e = Start of DCW and Endpoint calculation for SMILES from 'wl |#validationSet b [#ModelForv alidationSet tet

——— "EXPR

S
set (VL) I Model Details. txt

|n=38: R2=0.9172: 5=0.469: MAE=0.365: F=410 Wi Nift NUO N1O1 NiDO Nai Defest  NORM Defect Tt lb—-

splitinfo [54  [462 |2os |2s |157 |ss2 |373.95s5 |0.4338

DEMO plots "EXPR vs. CALC"

o ¥ DemoDCW
[ Seacth for duplicates in SMILES [ Search for duplicates in CAS (ID) Cortinue optimizetion | | STOP and SAVE current Cws | 7 EvolutionCorr

Fig. 5. Graphical representation of the general scheme of building up a CORAL model.

Endpoint = —7.7530513(+0.0112580) Endpoint = —7.2527502(+ 0.0220563)

+0.1127878(+0.0003266)*DCW(1, 1) (17) +0.0799423(+0.0004969)*DCW(1, 15)

Split 1, TF, Split 2, TF;

(18)
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Table 3
A collection of molecular features, which are promoters of increase for solubility of C60 and C70 fullerenes.
Split Molecular features, Fy CW(Fy) Probe 1 CW(F) Probe 2 CW(F) Probe 3 N1¢ N2 N3 Examples
1 X oeee een e 0.29092 0.20955 0.15487 58 57 35
2 b QORI 0.05410 0.08207 0.67886 63 63 27
3 b QT 0.28179 0.43144 0.41658 61 56 35
1 p2p3C ... 3+.. 0.44287 0.04536 0.04385 36 29 23 5
2 p2p3C ... 3+. 0.03826 0.30465 0.16629 37 34 15 8
3 p2p3C ... 3+. 0.12807 0.38603 0.32834 36 29 20 3 e
1 2 6
1 EC2-C...6 ... 0.02235 0.20091 0.48699 30 31 18
EC2-C...6 ... 0.19209 0.00721 0.46186 33 33 13
3 EC2-C...6 ... 0.22087 0.17727 0.08613 33 33 13

2 N1 = number of quasi-SMILES in the training set; N2 = number of quasi-SMILES in the invisible training set; N3 = number of quasi-SMILES in the calibration set.

Endpoint = —7.5092233(+0.0093407)
+ 0.1079987(+0.0002635)*DCW(1, 2)

Split 2, TF,

Endpoint = —7.2588610(+0.0207275)
+0.0943503(+0.0005490)*DCW(1, 15)

Split 3, TF;

Endpoint = —7.2023643(+0.0082713)
+0.1576026(+0.0003704)*DCW(1, 1)

Split 3, TF,

(19)

(20)

(21)

Endpoint = —7.2321532(+0.0241920)
+0.0771553(+0.0005233)*DCW(1, 15) (22)

Table 4 contains the statistical characteristics of these models.
The Monte Carlo optimization with target function TF, gives models
with better predictive potential than the optimization with TF;. In
other words, the Index of Ideality of Correlation gives possibility to
improve predictive potential of described models.

At present, there is trend to establishing predictive models for
physicochemical properties of mixtures [30—32]. Factually, the
number of tasks related to prediction of endpoints related to
mixtures is larger than the number of tasks related to pure sub-
stances. Described quasi-SMILES is an approach able to be used to
solve the above task.

In addition, model for solubility of fullerene C60 based on

Table 4
The statistical characteristics of the CORAL models for solubility of C60 and C70 fullerenes in organic solvents.
Split? TF Set n r? ccc 1c q? Q2p; Q25 Q2p3 s MAE F
1 1 TRN 67 0.9583 0.270 0.191 1494
iTRN 67 0.9575 0.317 0.244 1464
CLB 39 0.8050 0.8802 0.5485 0.7831 0.7370 0.7296 0.7542 0.659 0.550 153
VLD 39 0.8479 0.561 0.415
2 TRN 67 0.8882 0.441 0.322 516
iTRN 67 0.9064 0.415 0.298 629
CLB 39 0.8560 0.9189 0.9252 0.8438 0.8586 0.8547 0.8679 0.483 0.357 220
VLD 39 0.9172 0.470 0.365
2 1 TRN 72 0.9692 0.234 0.158 2200
iTRN 71 0.9713 0332 0.279 2332
CLB 34 0.8526 0.9185 0.7622 0.8272 0.8409 0.8407 0.8765 0.497 0.364 185
VLD 35 0.6760 0.649 0.402
2 TRN 72 0.8674 0.485 0.404 458
iTRN 71 0.8673 0.545 0.447 451
CLB 34 0.9336 0.9641 0.9662 0.9266 0.9324 0.9323 0.9475 0324 0.253 450
VLD 35 0.8991 0.351 0.271
3 1 TRN 67 0.9675 0.248 0.171 1935
iTRN 67 0.9671 0.266 0.185 1910
CLB 39 0.6052 0.7710 0.6142 0.5646 0.5612 0.5161 0.6950 0.782 0.591 57
VLD 39 0.6548 0.694 0.532
2 TRN 67 0.8645 0.506 0.380 415
iTRN 67 0.8880 0.490 0.382 515
CLB 39 0.8619 0.9273 0.9284 0.8446 0.8718 0.8587 0.9109 0.423 0.329 231
VLD 39 0.9099 0.357 0.273

2 Split = number of split; TF = target function; Set: TRN = training; iTRN = invisible training; CLB = calibration; VLD = validation sets; n=number of solvents in set;
1? = correlation coefficient; CCC = concordance correlation coefficient; IIC = index of ideality of correlation; q? = cross-validated correlation coefficient; the best statistical

characteristics indicated by bold.
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Table 5
Comparison of predictive models for solubility of C60 fullerene in organic
compounds.
Method Set n r? References
MLR* Training set 92 0.861 [33]
Validation set 30 0.903
PLS Training set 80 0.674 [34]
Validation set 28 0.692
SVM Training set 92 0.871 [35]
Validation set 30 0.940
DTB Training set 145 0.970 [8]
Validation set 36 0.964
Monte Carlo Training set 55 0.947 This work
Invisible training set 55 0.939
Calibration set 36 0.918
Validation set 35 0.915

a

MLR multiple linear regression; PLS partial least square regression; SVM support

vector machine; DTB decision tree boost.

traditional SMILES is examined here (Table S7 and Table S8 in
Supplementary materials). Table 5 contains the comparison of
models for solubility of fullerene C60 in organic solvent suggested
in the literature. One can see (Table 5) the statistical quality of the
CORAL model is comparable with models from the literature.

Thus, the CORAL models examined here are associated with the

following information:

. A defined endpoint is solubility of fullerenes C60 and C70 in

organic solvent.

. An unambiguous algorithm is the Monte Carlo optimization

using the CORAL software.

. A defined domain of applicability is defined via inequality 16.
. Appropriate measures of goodness-of-fit, robustness and pre-

dictivity are estimated by the correlation coefficient and root
mean squared error for the external validation set.

. A mechanistic interpretation is available via described stable

promoters of increase for the solubility (Table 3).

The application of traditional QSPR/QSAR in order to build up

models, which are more or less related to phenomena of physico-
chemical or biochemical impact of various nanomaterials is
described in the literature [5—8]. However, are there works where
the QSPR/QSAR analysis of nanomaterials contains ideas and
techniques not used for traditional QSPR/QSAR?

The difference between traditional QSPR and nano-QSPR is the

following: the latter should be sensitive to presence of nano-
materials. Factually, quasi-SMILES are a tool conceptually inequi-
valent to traditional approaches of the QSPR/QSAR analyses,
because quasi-SMILES are able to be sensitive to presence of
nanomaterials and to factors, which influence nanomaterials.

4.

Conclusions

The described approach based on quasi-SMILES gives good

model of solubility for fullerenes C60 and C70 in organic solvents.
The index of ideality of correlation improves the predictive po-
tential of the CORAL models. The CORAL models are comparable
with similar models for solubility of fullerenes suggested in the
literature (Table 5). The described approach build up models in
accordance with the OECD principles [28]. The proposed approach
can be useful to build up predictive models of the physico-chemical
or biochemical behavior of multicomponent systems subjected to
various impacts. For example, it can be systems of nanomaterials,
peptides, and multicomponent mixtures.
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