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a b s t r a c t

The development of quantitative structure—activity relationships for nanomaterials needs representa-
tion of molecular structure of extremely complex molecular systems. Obviously, various characteristics
of nanomaterial could impact associated biochemical endpoints. Following features of TiO2 and ZnO
nanoparticles (n¼42) are considered here: (i) engineered size (nm); (ii) size in water suspension (nm);
(iii) size in phosphate buffered saline (PBS, nm); (iv) concentration (mg/L); and (v) zeta potential (mV).
The damage to cellular membranes (units/L) is selected as an endpoint. Quantitative features—activity
relationships (QFARs) are calculated by the Monte Carlo technique for three distributions of data
representing values associated with membrane damage into the training and validation sets. The
obtained models are characterized by the following average statistics: 0.78or2trainingo0.92 and
0.67or2validationo0.83.

& 2014 Elsevier Inc. All rights reserved.

1. Introduction

To characterize nanoparticles (NPs) and their potential hazards
sufficiently, empirical data are necessary. Since the early days of
the REACH (2006) proposals, it has been agreed by all partners
that the number of animals used to gain toxicity information on
chemicals should be kept to an absolute minimum. There is
evidence that in vitro and in silico methods for acute chemical
toxicity are able to provide sufficient data to permit classification
and labelling. However, for those substances with no available
toxicity data a read-across and quantitative structure–activity
relationship techniques (QSAR) are not possible, therefore in vivo
testing is required to identify rapidly hazardous substances
(Drobne et al., 2009).

The development of quantitative structure–property/activity
relationships (QSPRs/QSARs) that links property (activity) of series
of molecules with their structural characteristics is one of the
important tasks of modern natural sciences (Afantitis et al., 2011;

Furtula and Gutman, 2011; García et al., 2011; Garro Martinez
et al., 2011; Ibezim et al., 2012; Mullen et al., 2011). The main aim
of QSPR/QSAR analyses is design of predictive models which
provide tools for estimation of various properties (endpoints) of
chemical compounds from analysis of their molecular structures.
In the case of “classic” QSPR/QSAR analysis the paradigm can be
described by the following statement: endpoint is a mathematical
function of molecular structure. In the case of nanomaterials
(Fourches et al., 2010; Petrova et al., 2011; Puzyn et al., 2009;
Toropova and Toropov, 2013), this paradigm encounters a funda-
mental problem. More information including size and shape, in
additon to the molecular structure are necessary to characterize
fully a nanomaterial. Consequently, classic descriptors cannot be a
used as a tool to design predictive models for endpoints related to
various nanomaterials which are widely involved in the modern
everyday life (food packaging, forestry and paper, drugs, cosmetics,
plastics and paints, microelectronics, etc.). Optimal descriptors
(Toropov and Toropova, 2002, 2003; Toropov et al., 2008, 2011, 2012,
2013; Toropova et al., 2011) provide an approach that offers an
alternative to QSPR/QSAR analyses based on the molecular structure.
It could be used for evaluation of nanomaterials. This approach
involves application of all available eclectic information related
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to genesis and various features of nanomaterials, in order to
develop predictive models that links these information with
desired endpoint (Toropov, et al., 2008; Toropova and Toropov,
2013).

Two NPs types are used in such large amounts that they are
particularly likely to accumulate in the environment: nanoparti-
culate titanium dioxide (nano-TiO2) and zinc oxide (nano-ZnO)
(Ge et al., 2012). These NPs are used in applications as diverse as
sunscreens, cosmetics, and coatings, and therefore are increasingly
being introduced into the environment (Gottschalk et al., 2009;
Robichaud et al., 2009). Both of these NPs can alter the composi-
tion of the soil bacterial community, and the effects increase with
dose (Ge et al., 2011).

Here, we attempt to identify a set of properties of two specific
metal oxide nanomaterials TiO2 and ZnO that could be used to
characterize and predict the induced cellular membrane damage
of immortalized human lung epithelial cells (Sayes and Ivanov,
2010). It is to be noted that the approach gives good results for the
case of separated TiO2 nanoparticles (Toropova and Toropov, 2013).

The aim of the present study is evaluation of optimal descrip-
tors based on such approach, for two nanometal oxides. The
calculations are performed using the Monte Carlo method. We
study influence of TiO2 and ZnO nanoparticles, chracterized by
various sets of physicochemical features, upon the membrane
damage.

2. Method

2.1. Data

Experimental data on the physicochemical features of TiO2 and ZnO nanopar-
ticles and their influence on the membrane damage (Table 1) are taken from the
literature (Sayes and Ivanov, 2010). The considered features include: (i) engineered
size (nm); (ii) size in water suspension (nm); (iii) size in phosphate buffered saline
(PBS, nm); (iv) concentration (mg/L); and (v) zeta potential (mV). The above-
mentioned characteriscics of nanoparticles as well as presence of TiO2 and/or ZnO
in process that impacts on cells are the features which are applied in order to build
up the quantitative features – activity relationships (QFARs). The SMILES (Weininger,
1988, 1990; Weininger et al., 1989) are using to represent molecular structure
for the “classic” QSPR/QSAR (Veselinović et al., 2013; Achary, 2014a, 2014b;
Worachartcheewan et al., 2014). The quasi-SMILES (Table 2) are used in this work
to represent data on various nanoparticles under different physicochemical condi-
tions. Membrane damage values related to TiO2 and ZnO nanoparticles (character-
ized by different physicochemical features) are examined as the endpoint. Analysis
of the results of three random splits of the data into the sub-training, calibration,
and test set and invisible validation sets is performed for the developed QFAR
approach

2.2. Optimal descriptors

The optimal descriptors are calculated as the following (Toropova and Toropov,
2013):

DCWðThreshold;NepochÞ ¼∑CWðCIkÞ ð1Þ

where CIk is code of kth impact; CW(CIk) is the correlation weight for CIk; The
Threshold and Nepoch are parameters of the Monte Carlo optimization. The threshold
is a tool to define two classes of impacts: rare (noise) and not rare, i.e. active.
The optimal descriptors are calculated with the correlation weights related to the active
impacts. Correlation weights for rare impacts are fixed equal to zero, i.e. these are
not involved in building up model; The Nepoch is the number of epochs of the Monte
Carlo optimization.

Considered here codes of impacts are defined by the following scheme:

1. Normalization of impact Xk according to formula

NormðXkÞ ¼
min XkþXk

min Xkþ max Xk
ð2Þ

Table 1 contains experimental data on the impacts; Table 2 contains SMILES-like
representation of nanoparticles (NPs) according to the coding defined below.

2. Discrimination of impact according to scale (Fig. 1) into one of categories from
1,2,…,9. Following symbols: A, B, C, D, E are used to define engineered size
(nm); size in water suspension (nm); size in phosphate buffered saline (PBS,
nm); concentration (mg/L); and (v) zeta potential (mV), respectively. Table 2
contains representation of different TiO2 and ZnO nanoparticles using corre-
sponding codes. TiO2 and ZnO are denoted by T and Z characters in the strings
of NPs representation (coding). Defining such representations of nanoparticles,
one can carry out calculation analogous to QSPR/QSAR analysis with SMILES-
based optimal descriptors. However, SMILES-like (quasi-SMILES) strings exam-
ined in this work (Table 2) are not the traditionally used SMILES (Weininger,
1988, 1990; Weininger et al., 1989), since elements of their strings are
representations of various physicochemical conditions, not the molecular
structure. In fact, each quasi-SMILES can contain: (i) type of NP, i.e. “T” for
TiO2 and “Z” for ZnO; (ii) two symbols for representation of the engineered size
(i.e. “A0”, “A1”, …, “A9”); (iii) size in water suspension (i.e. “B0”, “B1”, …,”B9”);
(iv) size in PBS (i.e. “C0”, “C1”, …, “C9”); (v) concentration (i.e. “D0”, “D1”, …,
“D9”); and (vi) zeta potential (i.e. “E0”, “E1”, …, “E9”). One can see, some of
these binary combinations are absent in the available dataset (Table 3).

Having the representation of available data by list of the quasi-SMILES, one can
carry out calculation by means of the CORAL software (http://www.insilico.eu/
coral) described in the literature (Toropov et al., 2013). The essence of these
calculations is the following (i) the definition of the threshold and the number of
epochs of the Monte Carlo optimization which give the best statistical quality of the
model for the test set; and (ii) the checking up of the predictive potential of the
model with invisible (during building up the model) validation set. This approach

Table 1
Experimental data on features (impacts) of TiO2 and ZnO nanoparticles, and their
denotations.

ID NPs Enginered
size (nm)

Size in
water
(nm)

Size in
PBS (nm)

Concentration
(mg/L)

-Zeta
potential
(mV)

A B C D E

1. TiO2 30 125 1250 25 10
2. – 30 102 987 25 12
3. – 30 281 1543 50 15
4. – 30 101 1045 50 9
5. – 30 299 1754 100 11
6. – 30 134 961 100 11
7. – 30 600 1876 200 12
8. – 30 298 1165 200 12
9. – 45 129 2567 25 9
10. – 45 129 2309 25 10
11. – 45 201 2431 50 9
12. – 45 201 2987 50 11
13. – 45 451 2941 100 11
14. – 45 451 1934 100 9
15. – 45 876 1965 200 11
16. – 45 876 2109 200 10
17. – 125 136 3215 25 11
18. – 125 136 2667 25 10
19. – 125 149 3782 50 10
20. – 125 149 2144 50 15
21. – 125 343 3871 100 12
22. – 125 343 2890 100 9
23. – 125 967 3813 200 9
24. – 125 967 2671 200 8
25. ZnO 50 55 158 25 55
26. – 60 68 208 25 45
27. – 70 71 198 25 50
28. – 50 56 258 50 50
29. – 60 78 386 50 50
30. – 70 95 279 50 50
31. – 50 168 314 100 25
32. – 60 151 385 100 30
33. – 70 172 354 100 29
34. – 1000 1245 1319 25 44
35. – 1200 1268 1325 25 33
36. – 1500 1198 1381 25 25
37. – 1000 1268 1459 50 30
38. – 1200 1301 1587 50 32
39. – 1500 1283 1523 50 29
40. – 1000 1243 1925 100 20
41. – 1200 1124 1805 100 21
42. – 1500 1269 2109 100 21

A.P. Toropova et al. / Ecotoxicology and Environmental Safety 108 (2014) 203–209204

http://www.insilico.eu/coral
http://www.insilico.eu/coral


can be used to build up predictive models of endpoints related to nanomaterials in
general (Toropova et al., 2013; Toropov and Toropova, 2014) as well as for
membrane damage by nanoparticles in particular (Toropova and Toropov, 2013).
In fact, the list of quasi-SMILES (Table 3) are extended version of the previous data

examined in the recent work (Toropova and Toropov, 2013) which are prepared by
the same scheme.

3. Results and discussion

Table 3 contains list of TiO2 and ZnO nanoparticles examined in
this work. The QFAR models for the membrane damage (MD),
calculated with three random splits are the following:

Split 1

MD¼ �0:3708ð70:0499Þþ0:2378ð70:0081Þ
�DCWð1;5Þ ð3Þ

n¼17, r2¼0.8131, q2¼0.7582, s¼0.114, F¼65 (sub-
training set)
n¼14, r2¼0.8062, s¼0.256 (calibration set)

n¼5, r2¼0.9952, s¼0.241, R2
m ¼ 0.7354, ΔR2

m ¼ 0.0669
(test set)
n¼6, r2¼0.8362, s¼0.244, (validation set)

Split 2

MD¼ 0:5784ð70:0187Þþ0:1596ð70:0051Þ � DCWð3;19Þ ð4Þ

Table 2
The normalization of data on physicochemical properties (Eq. (2)) and build up
codes of impacts for the quasi-SMILES.

ID NPs A B C D E

1 T A0 B1 C3 D2 E2
2 T A0 B1 C2 D2 E3
3 T A0 B2 C4 D3 E3
4 T A0 B1 C2 D3 E2
5 T A0 B2 C4 D5 E3
6 T A0 B1 C2 D5 E3
7 T A0 B4 C5 D9 E3
8 T A0 B2 C3 D9 E3
9 T A0 B1 C6 D2 E2
10 T A0 B1 C6 D2 E2
11 T A0 B1 C6 D3 E2
12 T A0 B1 C7 D3 E3
13 T A0 B3 C7 D5 E3
14 T A0 B3 C5 D5 E2
15 T A0 B6 C5 D9 E3
16 T A0 B6 C5 D9 E2
17 T A1 B1 C8 D2 E3
18 T A1 B1 C7 D2 E2
19 T A1 B1 C9 D3 E2
20 T A1 B1 C5 D3 E3
21 T A1 B2 C9 D5 E3
22 T A1 B2 C7 D5 E2
23 T A1 B7 C9 D9 E2
24 T A1 B7 C7 D9 E2
25 Z A0 B0 C0 D2 E9
26 Z A0 B0 C0 D2 E8
27 Z A0 B0 C0 D2 E9
28 Z A0 B0 C1 D3 E9
29 Z A0 B0 C1 D3 E9
30 Z A0 B1 C1 D3 E9
31 Z A0 B1 C1 D5 E5
32 Z A0 B1 C1 D5 E6
33 Z A0 B1 C1 D5 E5
34 Z A6 B9 C3 D2 E8
35 Z A8 B9 C3 D2 E6
36 Z A9 B9 C3 D2 E5
37 Z A6 B9 C4 D3 E6
38 Z A8 B9 C4 D3 E6
39 Z A9 B9 C4 D3 E5
40 Z A6 B9 C5 D5 E4
41 Z A8 B8 C4 D5 E4
42 Z A9 B9 C5 D5 E4
Minimum 30 55 158 25 8
Maximum 1500 1301 3871 200 55

Fig. 1. Discrimination of normalized physicochemical features (A, B, …, E) into
categories 0, 1, 2, …, 9 according to its value (Eq. (2)).

Table 3
The coding (quasi-SMILES) of representation of NPs and experimental membrane
damage values.

ID The coding (quasi-SMILES) Membrane damage (units/L)

1 TA0B1C3D2E2 0.90
2 TA0B1C2D2E3 1.00
3 TA0B2C4D3E3 0.75
4 TA0B1C2D3E2 0.70
5 TA0B2C4D5E3 1.04
6 TA0B1C2D5E3 1.09
7 TA0B4C5D9E3 1.15
8 TA0B2C3D9E3 1.20
9 TA0B1C6D2E2 0.90

10 TA0B1C6D2E2 0.85
11 TA0B1C6D3E2 0.75
12 TA0B1C7D3E3 0.78
13 TA0B3C7D5E3 1.40
14 TA0B3C5D5E2 1.50
15 TA0B6C5D9E3 1.35
16 TA0B6C5D9E2 1.40
17 TA1B1C8D2E3 1.25
18 TA1B1C7D2E2 1.17
19 TA1B1C9D3E2 1.00
20 TA1B1C5D3E3 1.10
21 TA1B2C9D5E3 1.50
22 TA1B2C7D5E2 1.42
23 TA1B7C9D9E2 1.60
24 TA1B7C7D9E2 1.65
25 ZA0B0C0D2E9 1.10
26 ZA0B0C0D2E8 1.03
27 ZA0B0C0D2E9 1.08
28 ZA0B0C1D3E9 1.00
29 ZA0B0C1D3E9 0.92
30 ZA0B1C1D3E9 0.99
31 ZA0B1C1D5E5 1.12
32 ZA0B1C1D5E6 1.25
33 ZA0B1C1D5E5 1.19
34 ZA6B9C3D2E8 1.58
35 ZA8B9C3D2E6 1.69
36 ZA9B9C3D2E5 1.59
37 ZA6B9C4D3E6 0.92
38 ZA8B9C4D3E6 0.95
39 ZA9B9C4D3E5 0.84
40 ZA6B9C5D5E4 1.25
41 ZA8B8C4D5E4 1.39
42 ZA9B9C5D5E4 1.45
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Table 4
Correlation weights of codes of impacts (CI) for calculation of the optimal descriptor for splits 1, 2, and 3.

CIk CW(CIk) Frequency of CIk in
training set

Frequency of CIk in
calibration set

Frequency of CIk
in test set

Split 1
A0 0.49800 6 11 3
A1 1.36250 5 1 1
A6 1.18950 3 0 0
A8 1.70300 1 1 1
A9 0.92600 2 1 0
B0 0.68250 1 2 0
B1 0.50500 6 4 3
B2 0.54600 2 1 1
B3 0.0 0 2 0
B4 0.0 0 1 0
B6 1.50400 1 1 0
B7 2.00500 1 1 0
B8 0.0 0 1 0
B9 1.07100 6 1 1
C0 0.90400 1 1 0
C1 0.54900 1 3 0
C2 0.0 0 2 0
C3 2.00200 4 0 1
C4 0.55200 3 2 0
C5 1.45300 3 4 0
C6 0.0 0 0 3
C7 1.55500 3 2 0
C9 1.27900 2 0 1
D2 1.18450 5 2 3
D3 0.50300 6 2 1
D5 2.00300 3 7 1
D9 1.52100 3 3 0
E2 1.00100 5 3 3
E3 0.93000 4 5 1
E4 1.09500 1 2 0
E5 1.45400 3 1 0
E6 0.87400 2 0 1
E8 1.05100 1 1 0
E9 1.27800 1 2 0
T 1.10950 9 8 4
Z 0.98450 8 6 1
Split 2
A0 �0.13550 11 8 3
A1 2.05500 4 2 2
A6 0.0 2 0 0
A8 0.0 0 2 0
A9 0.0 1 2 0
B0 0.0 2 1 1
B1 �0.90000 7 5 3
B2 0.0 2 2 1
B3 0.0 1 1 0
B6 0.0 2 0 0
B7 0.0 1 1 0
B8 0.0 0 1 0
B9 0.40400 3 3 0
C0 0.0 1 0 1
C1 0.63650 3 2 1
C2 0.0 1 1 1
C3 0.99150 3 1 0
C4 0.0 1 4 0
C5 0.74500 4 2 0
C6 0.0 1 1 0
C7 0.0 2 3 0
C8 0.0 0 0 1
C9 0.0 2 0 1
D2 1.79700 7 1 2
D3 0.05950 4 5 1
D5 2.53950 4 6 2
D9 2.84700 3 2 0
E2 0.90100 8 2 1
E3 0.98750 3 6 2
E4 0.0 1 2 0
E5 0.0 2 1 1
E6 0.0 0 2 0
E8 0.0 2 0 0
E9 0.0 2 1 1
T 0.40100 11 8 3
Z 1.91150 7 6 2
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n¼18, r2¼0.7845, q2¼0.7308, s¼0.129, F¼58 (sub-
training set)
n¼14, r2¼0.8197, s¼0.110 (calibration set)

n¼5, r2¼0.9873, s¼0.056, R2
m ¼ 0.8839, ΔR2

m ¼ 0.0228
(test set)
n¼5, r2¼0.7159, s¼0.157, (validation set)

Split 3

MD¼ 0:4544ð70:0209Þþ0:0974ð70:0027Þ � DCWð1;13Þ ð5Þ

n¼19, r2¼0.9255, q2¼0.8932, s¼0.068, F¼211 (sub-
training set)
n¼11, r2¼0.6693, s¼0.354 (calibration set)

n¼7, r2¼0.8866, s¼0.102, R2
m ¼ 0.6710, ΔR2

m ¼ 0.1513
(test set)
n¼5, r2¼0.6763, s¼0.318, (validation set)

In Eqs. (3)–(5), n is the number of nanoparticles in a set
(training, test, and validation); r is correlation coefficient; q is
leave-one-out cross-validated correlation coefficient; RMSE is

root-mean-square error; R2
mand ΔR2

mare metrics of predictability
(Ojha et al., 2011; Roy et al., 2012). According to the rules of QSAR/
QSPR approaches a developed model has predictability if R2

m 40.5
and ΔR2

mo0.2.
Table 4 contains the correlation weights for various codes of

impacts which are involved in building up model. Fig. 2 contains
the graphical representation of these models.

Having data on several runs of the Monte Carlo optimization,
the impacts of four kinds can be detected. The first, impacts with
positive correlation weights for all runs (these are promoters of
endpoint increase). The second, impacts with negative correlation
weights for all runs (these are promoters of endpoint decrease).
The third, impacts with mixed correlation weights: there are both
positive and negative values of the correlation weights in several
runs of the Monte Carlo optimization. The role of these impacts is
undefined. Finally, blocked (rare) impacts, which are not involved
in building up model since they are “noise” which can lead to
“overtraining”. The analysis of this information gives possibility to
extract impacts which are promoters of increase of the endpoint or
vice versa which are promoters of decrease of the endpoint.

Table 4 (continued )

CIk CW(CIk) Frequency of CIk in
training set

Frequency of CIk in
calibration set

Frequency of CIk
in test set

Split 3
A0 �0.20300 13 4 6
A1 0.0 0 6 0
A6 1.49900 3 0 0
A8 2.57600 1 0 1
A9 1.75200 2 1 0
B0 0.10400 4 0 1
B1 �0.30300 5 6 3
B2 0.0 0 3 1
B3 3.04900 2 0 0
B4 1.10300 1 0 0
B6 2.38450 1 0 1
B7 0.0 0 1 0
B8 2.33350 1 0 0
B9 1.21550 5 1 1
C0 0.34900 3 0 0
C1 2.05400 4 0 2
C2 �0.29700 1 1 0
C3 0.72400 1 3 0
C4 �0.29600 3 0 2
C5 1.80100 5 1 1
C6 0.64250 1 0 2
C7 1.40300 1 3 0
C8 0.0 0 1 0
C9 0.0 0 2 0
D2 1.72500 5 3 1
D3 �0.21250 5 3 4
D5 3.50200 7 3 1
D9 3.20300 2 2 1
E2 1.52500 4 4 2
E3 1.14900 2 6 2
E4 �0.22100 3 0 0
E5 0.68650 2 1 1
E6 1.14900 2 0 1
E8 3.02900 2 0 0
E9 2.52900 4 0 1
T 0.85400 6 10 4
Z 1.69700 13 1 3

Example of DCW(1,5) calculation for Split 1; Quasi-SMILES¼“ T.A0.B1.C3.D2.E2”

DCWðThreshold;NepochÞ ¼∑CWðCIkÞ ¼
CWðTÞþCWðA0ÞþCWðB1ÞþCWðC3ÞþCWðD2ÞþCWðE2Þ ¼
1:1095þ0:4980þ0:5050þ2:0020þ1:1845þ1:0010¼ 6:3000

MD(calculated)¼�0.3708þ0.2378�6.3000¼1.1273 (units/L)
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In the case of examined data (Table 2) the following statis-
tically significant promoters of increase for membrane damage
were extracted (Table S4 in Supplementary materials): “D2”, “D3”,
and “E2”. The physical meaning of the result is the following: (i) the
range of concentration of nanoparticles from 25 to 50 mg/L is
promoter of the endpoint increase; and (ii) the range of zeta potential
from �15 to �10 is promoter of the endpoint increase. Vice versa, the
“A0”, “B0”, “B1” and “C4” are statistically significant promoters of the
endpoint decrease. The physical meaning of the result is the following:
(i) the range of engineering size of nanoparticles from 30 to 70 nm is
the promoter of the endpoint decrease; (ii) the range of size in water
from 55 to 299 nm is the promoter of the endpoint decrease; and (iii)
the range of size in PBS from 1523 to 1805 nm also is the promoter of
decrease for the membrane damage by ZnO and TiO2 nanoparticles.
In fact, the suggested QFAR models can have mechanistic interpreta-
tion like in the case of “classic QSAR models”. The domain of
applicability for the QFAR models can be defined as the quasi-
SMILES containing codes which are involved in building up the model.
Thus, suggested approach gives models built up in accordance with
OECD principles (OECD, 2007).

Statistical quality of regression model for membrane damage
described in the literature for the same group of 24 nanoparticles

is 0.15or2o0.7, without distribution of the considered data into
the training and test sets (Sayes and Ivanov, 2010). Thus, we
concluded that developed by us models, calculated with Eqs. (3)–
(5) can be estimated as quite good. The proposed approach has
established fundation for novel way of evaluation properties of
nanoparticles. We do believe that it could be succesfully applied to
a larger pool of nanomaterials and endpoints.

The Supplementary materials section contains the details of three
splits into the sub-training, calibration, test and validation sets and
correlation weights of physicochemical features of NPs studied here
for models calculated with Eqs. (3)–(5) (Tables S1–S4); contains the
extraction of features (impacts) which are statistically significant
promoters of increase or decrease for the membrane damage.

4. Conclusions

The response of a biological system to nanoparticles appeared to be
unique and depends on the physico-chemical characteristics of
nanoparticles, dose and duration of exposure. The data from biological
tests should therefore be interpreted and processed differently from
data for chemicals. This is in line with the recommendations provided
by the European Commission Scientific Committee on Emerging and
Newly-Identified Health Risks (SCENIHR, 2007). At the present state of
knowledge comparative information on the biological activity of
nanoparticles would serve best for characterization of hazard and
prioritization of nanosized material.

The suggested QFARs give possibility to solve the task. Our study
confirmed that optimal descriptors can be an efficient tool for
modelling of membrane damage caused by TiO2 and ZnO nanoparti-
cles. The models developed here successfully apply the optimal
descriptors based on representation of both metal oxide nanoparticles
by its physicochemical features to evaluate membrane damage. The
results of this work (Eqs. (3)–(5)) indicate that the distribution of
available data into the training and test sets influences the statistical
quality of models: the average correlation coefficient is equal to 0.743
(70.068) and the average root mean standard error is equal to 0.240
(70.066). In other words the best prediction (Split 1) characterized by
r2validation¼0.8362 and the worst prediction (Split 3) characterized by
r2validation¼0.6763 are significantly different.

Thus, the optimal descriptors calculated by the Monte Carlo
method which are many times checked up in the role of a tool for
the “classic” QSPR/QSAR analyses (Toropova et al., 2011; García et al.,
2011; Garro Martinez et al., 2011; Ibezim et al., 2012; Mullen et al.,
2011; Veselinović et al., 2013; Achary, 2014a,b; Comelli et al., 2014;
Deng et al., 2014a,b; Toropova et al., 2014; Toropova and Toropov,
2014; Singh and Gupta, 2014; Worachartcheewan et al., 2014), can be
gradually involved as a tool of QFAR analysis for nanomaterials when
the large databases on these substances will become available.
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