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Abstract

Quantitative structure activity relationships (QSAR) were obtained describing the antioxidant activity of the main pharmacologically active
polyphenols of wine, using molecular properties and descriptors derived from the 2D and 3D representations of molecules. The best models for
the prediction of the ability to scavenge the ABTS radical cation were obtained by polynomial regression analysis using zero-order connectivity
index and molar refractivity. Statistically, significant models for lipid peroxidation inhibiting effects of flavonoids were obtained by polynomial
and multiple regression using lipophilicity, Balaban index, Balaban-type index and 3D GETAWAY descriptor. The 3D descriptors possess the
ability for discrimination of stereoisomers, like catechin and epicatechin. We demonstrated that a size and shape of molecules, as well as steric
properties, play an important role in the antioxidant activity of polyphenols.

© 2008 Elsevier Masson SAS. All rights reserved.
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1. Introduction

Polyphenols are secondary plant metabolites, widely distrib-
uted in plants and foods of plant origin [1]. Wines contain
a wide range of polyphenols that include phenolic acids, the tri-
hydroxystilbene resveratrol, flavonols (e.g. quercetin and myri-
cetin), flavan-3-ols (e.g. catechin and epicatechin), as well as
polymers of the latter, defined as procyanidins and anthocyanins
that are the pigments responsible for the colour of red wines.
These dietary compounds have been reported to have multiple bi-
ological activities including vasodilatatory, anti-inflammatory,
anticancerogenic, antiviral and antibacterial effects, and they
are responsible for the healthy effects of moderate wine con-
sumption. Health benefits of polyphenols arise from the antioxi-
dative effects of these phytochemicals, which are based on their
ability to scavenge different free radicals leading to the protec-
tion of biological molecules against oxidation [2,3]. Various
measurements have been employed to determine the antioxidant
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activity of polyphenols, such as the determination of free radical
scavenging activity against the active oxygen species (for exam-
ple, peroxyl radical and hydroxyl radical) [4,5] and enzymatic or
nonenzymatic inhibition activity against lipid peroxidation [6]. A
commonly used method is the determination of the ability of hy-
drogen-donating antioxidants to scavenge the 2,2'-azinobis(3-
ethylbenzothiazoline-6-sulfonic acid) radical cation (ABTS™)
which is expressed in Trolox equivalent antioxidant capacity
(TEAC) [7]. TEAC is defined as the concentration of Trolox so-
lution with equivalent antioxidant potential to a 1 mmol L™ con-
centration of compound under investigation and for an individual
antioxidant it represents the number of the ABTS™" radical-
cations consumed per molecule of antioxidant [6,8]. Lipid perox-
idation inhibitory effect is frequently monitored by the detection
of the formation of lipid peroxidation products (such as malono-
dialdehyde) using thiobarbituric acid (TBA) [9].

The antioxidant activity of polyphenols can largely be
predicted on the basis of their chemical structure. Antioxidant
and antiradical activities of flavonoids are related to the presence
of two neighboring hydroxyl groups on the B-ring, the number of
free hydroxyl groups, a C2—C3 double bond in the C-ring, or the
presence of a 3-hydroxyl group. For the antioxidant activity
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of phenolic acids and their esters an important parameter is the
number of hydroxyl groups in the molecule and the presence
of steric hindrance [8,10]. Several structure—activity studies
(SAR) of flavonoids and phenolic acids as antioxidants have
been published, however, most of them have only been descrip-
tive and they assayed flavonoids and phenolic acids separately
[8,11,12]. Moreover, attention has been paid to the relationship
between the structure and inhibition of lipid peroxidation. Re-
cently, quantitative structure—activity relationships (QSAR)
have been used extensively to develop models in order to esti-
mate and predict antioxidant activity of flavonoids and phenolic
acids using descriptors derived from chemical structure and
various physicochemical parameters calculated with adequate
programs [13—16]. There are many numerical descriptors avail-
able in chemistry, including topological indices, 3D descriptors,
quantum chemical indices and physicochemical parameters as-
sociated with the molecular structure in QSAR researches
[17—19]. Among them, topological indices are the most popular
since they can effectively characterize molecular size, branching

and variation in molecular shapes [20,21]. Hansch et al. [22]
were the first who used electronic and steric parameters together
with hydrophobic parameters based on n-octanol/water partition
coefficient (log P) for developing QSAR models.

The main aim of this study is to develop a quantitative
structure—activity relationship between ‘‘two-dimensional”
(2D) topological indices, ‘‘three-dimensional”” (3D) descrip-
tors, calculated physicochemical parameters and antioxidant
activity of polyphenols that are usually present in wine. Exper-
imental data used in this study were taken from literature and
consisted of antioxidant activity of 10 wine polyphenols deter-
mined using ABTS test expressed in TEAC (per mmol L™")
values [7] and lipid peroxidation inhibitory effects of 8 flavo-
noids expressed as the concentration for 50% inhibition of
lipid peroxidation (ICs/pmol LY [9]. The compounds and
their activities reported in the literature were limited to poly-
phenols that had been identified previously in wine by differ-
ent analytical methods (TLC, HPLC) [23,24]. The structures
of all polyphenols used in this work are shown in Fig. 1.
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Fig. 1. Structural formulas of polyphenols used in the present study.
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We have investigated linear, polynomial and multiple linear
relationships between topological indices: Wiener index (W);
connectivity index (x); Balaban index (J); Balaban-type indi-
ces from atomic number-, from mass-, from van der Waals-,
from electronegativity-, from polarizability-weighted distance
matrix (Jz, Jm, Jy, Je, Jp); information-theoretic index (/) and
Schultz index (MTI)), selected properties (molecular weight
(M); n-octanol/water partition coefficient (log P); van der
Waals volume (Vy,); molar refractivity (MR); polar surface
area (PSA) of polyphenols and values of ABTS test and lipid
peroxidation inhibitory effects. Calculated topological indices
are shown in Table 1 and physicochemical properties for the
studied compounds are shown in Table 2. Since some of the
studied compounds contain two stereoisomers with different
activities (catechin and epicatechin), it was necessary to use
molecular descriptors calculated from three-dimensional rep-
resentation of molecules [25]. Four groups of 3D descriptors
have been used to generate QSAR models: geometrical; GET-
AWAY (geometry, topology, and atom weights assembly); 3D-
MOoRSE and RDF (radial distribution function) descriptors.
Values of 3D descriptors selected within four different groups
by best-subset regression are given in Table 3.

The present work should provide a better understanding of
the beneficial effects of wine on human health, since the ab-
sorption and metabolism of polyphenols is influenced by their
solubility and chemical structure [26].

2. Results and discussion

2.1. Quantitative structure—activity relationship of the
antioxidant potential of polyphenols against radicals
generated in the aqueous phase

QSAR models for the prediction of antioxidant activity of
polyphenols determined by using ABTS™" radical scavenging
assay were developed. Models obtained by the linear and mul-
tivariate regression analysis were not statistically satisfactory.
Best models were obtained by polynomial regression analysis
with the zero-order connectivity index (°x) and with molar

Table 1
Topological indices calculated for polyphenols used in the present study

Comp. no. N(G) W(G) %G 'w(G) JG) Ju(G) IG) MTI

1 12 246 5.696 2925 3371 3.541 2.774 1330
2 13 417 6.336 3.201 3.079 3.032 3.453 2890
3 14 444 7.520 3.873 3.018 3.118 3.309 2398
4 21 1057 10.70  6.269 2.109 2.187 3.353 5828
5 21 1057 10.70  6.269 2.109 2.187 3.353 5828
6 22 1252 10.74  6.026 2269 2353 3.417 7174
7 22 1226 10.74  6.026 2290 2383 3.381 7042
8 21 1111 1041 5905 2260 2.333 3.392 6488
9 23 1403 11.08  6.147 2303 2.384 3.434 7874
10 20 1006 10.08  5.778 2.162 2.238 3.407 5992
11 20 952 1029  6.033 2.105 2.177 3.341 5524
12 17 795 8921 5.076 2179 2267 3.573 4689

W(G) = Wiener index, Ox(G) = zero-order connectivity index, 'x(G) = first-
order connectivity index, J(G) = Balaban index, J,,(G) = Balaban-type index
from mass-weighted distance matrix, /(G) = information-theoretic index,
MTI = Schultz index.

Table 2
Physicochemical properties for studied compounds

Comp. no. M ALOGPS CLOGP MLOGP MR PSA 'V,

1 170.1  1.17 0.425 0.029 3790 17.07 1.405
2 180.2 1.67 0.975 1.116  43.60 17.07 1.569
3 1942 1.58 1.421 1.419 47.02 2630 1.702
4 290.3  1.02 0.534 0246 7024 923 2.688
5 290.3 1.02 0.534 0246 7024 923 2.489
6 3043 1.07 0.771 —0.746  71.22 26.30 2.476
7 3022 223 1.134 —-0.746  71.22 26.30 2476
8 286.2 1.99 1.368 0.014 69.52 2630 2.374
9 3182 1.66 0.837 —1.494 7291 2630 2.578
10 270.3 3.07 2.905 0.785 67.83 26.30 2315
11 2723 247 2.445 0.900 67.58 26.30 2.303
12 228.3 2.57 2.833 2631 63.67 0.00 2342

M = molecular weight, log P (ALOGP, CLOGP, MLOGP) = partition coeffi-
cients, MR = molar refractivity, PSA = polar surface area, V,, = van der Waals
volume.

refractivity (MR). Experimental and calculated TEAC values
using the obtained models and associated 95% confidence in-
tervals are given in Table 4.

Among all the topological indices used, the zero-order con-
nectivity index was found to correlate well with TEAC values
of analyzed polyphenols. TEAC values can be expressed
through the following equation:

TEAC = 13.66( £ 2.21) — 3.092( £ 0.546)°x

+0.178(£0.032)(°x)* (1)
n=10; R*=0.833; §=0.186; F = 17.47.

Since the connectivity index is closely related to the size of
the molecule, the negative coefficient of OX in the model indi-
cates that a bigger size of molecules reduces the ability to
scavenge the ABTS™ radical cation. Valence connectivity in-
dices encode important structural features such as size,
branching, unsaturation, cyclicity and heteroatom content,
therefore are especially suitable for the QSAR of the different
biological activities of flavonoids [27,28].

Polynomial regression resulted in the following statistically
significant model using molar refractivity (MR) as descriptor:

TEAC = 16.45( 4 2.59) — 0.574( +0.097)MR
+ 0.005( +0.001)MR? (2)
n=10; R*> =0.845; S=0.180; F = 19.05.

In order to confirm the found relationship between molar
refractivity and antioxidant activity of polyphenols, TEAC
values have been correlated with predicted TEAC values de-
rived from Eq. (2). The obtained statistical parameters are:
R*=0.845; S =0.165; F = 43.54. A scatter plot of the exper-
imental data (TEAC,s.) versus the predicted TEAC values
(TEAC,,.) using Eq. (2) is presented in Fig. 2.

Molar refractivity is related to the size and polarizability of
substituents. A negative coefficient (—0.574) in Eq. (2) reflects
stereochemical hindrance between substituents and free radi-
cal, and as a consequence, compounds with a smaller MR
value possess higher activity [29]. This is specially expressed
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Comp. no. 3Dy G(O---0) DISPe QXXe Mor02u Mor22u Mor26u H;(u) Hs(m) HATS;(m) H,(v) H;(p) Ri(m) RDF025u RDF055¢
1 5559  45.05 0.074 48.96 14.37 0211 -0.123 0.017 0.004 0.017 0.002 0.003 0.004 9.79 0.104
2 803.7 27.44 0.239 55.28 16.21 0.182 0.017 0.000 0.001 0.148 0.000 0.000 0.044 10.75 0.511
3 1129 27.44 0.237 78.16 18.65 —0.099 0.056 0.083 0.004 0.111 0.007 0.012 0.029 11.44 0.434
4 2990 98.28 0.095 1244  27.06 0.299 0.146 0.197 0.127 0.135 0.022 0.031 0.027 24.53 0.893
5 2978 96.90 0.070  120.1  26.25 0.329 0.172 0315 0.151 0.148 0.039 0.052 0.036  26.08 0.221
6 2575 129.9 0.154 122.0 26.46 0.189 —0.175 0.072 0.149 0.206 0.007 0.011 0.034 20.07 0.330
7 2529 120.8 0.201 1202 2443 —-0.024 —-0.073 0.102 0.155 0.176 0.013 0.018 0.027 19.76 0.468
8 2374 88.86 0.200 109.1 25091 0.188 —0.077 0.089 0.145 0.157 0.009 0.013 0.027 20.27 0.553
9 2785 175.0 0.169 132.1  26.30 0211 -0.192 0.072 0.163 0.230 0.007 0.010 0.033 19.80 0.829
10 2216 63.60 0.237 92.87 26.80 0.235 0.038 0.192 0.115 0.085 0.042 0.052 0.016 21.04 0.917
11 2461 63.38 0219 101.6 26.12 0.271 0.017 0.121 0.050 0.124 0.012 0.018 0.018 22.38 0.158
12 2072 26.44 0.142 72.98 27.00 0.063 0.086 0.292 0.063 0.066 0.060 0.075 0.016 21.06 0.436

Molecular descriptors: 3Py — 3D-Wiener number; G(O-+-O) = sum of geometrical distances between O---O; DISPe and QXXe =d COMMA?2 and Qxx value/
weighted by atomic Sanderson electronegativities; Mor02u, Mor22u and Mor26u = 3D-MoRSE/unweighted; H,(u), Hs(m), H,(v), H;(p) and HATS,(m) = H-GE-
TAWEY; R; (m) = R-GETAWEY; RDF025u and RDF055e = Radial Distribution Function/unweighted and weighted by atomic Sanderson electronegativities.

for phenolic acids. Verma and Hansch [30] studied the anti-
HIV activity of caffeic acid and its derivates and found that
the activity of investigated compounds increased with decreas-
ing MR values. The substituent that causes a steric hindrance
is a carboxylate group in benzoic acid because it has negative
influence on the H-donating abilities of hydroxy benzoates.
Hence, hydroxybenzoic acids are less effective than hydroxy-
cinnamic acids with equal positions of hydroxyl groups in the
ring [8]. The radical scavenging activity of flavonoids depends
on molecular structure and the substitution pattern of free hy-
droxyl groups on the flavonoid skeleton [14].

The application of 3D descriptors for prediction of TEAC
values by simple linear and polynomial regression did not re-
sult in statistically significant models, so we tried to build
a better model with multiple regression. Independent variables
for multiple regression were selected using the best-subset
method. In order to obtain quality models as simple as possi-
ble, with as small a number of independent variables as possi-
ble with respect to the number of compounds used for model
generation (n = 10), only two variables were included in the
model. However, the best possible model obtained with two
3D descriptors (RDF055e and HATS,(m)) had a poor statistics
(R*=0.76; S = 0.220; F =10.97).

Table 4

Exact comparison of our results with similar ones reported
earlier is not possible because we used a different set of com-
pounds and different parameters to obtain models for the pre-
diction of the ability to scavenge the ABTS™ radical cation.

2.2. Quantitative structure—activity relationship for the
inhibitory effects of flavonoids

Models for the prediction of inhibitory effects (ICsy) with
good statistical parameters were obtained by polynomial and
multiple regressions. Experimental and calculated TEAC
values using obtained models and associated 95% confidence
intervals are shown in Table 5.

Among the three different computer programs for the cal-
culation of partition coefficients (CLOGP, ALOGPS and
MLOGP), the best results were achieved using the MLOGP
program. The relation between the lipid peroxidation inhibi-
tory effects of flavonoids and lipophilicity can be described
by the following equation:

ICsp = 28.69( £ 7.06) + 53.26( & 7.80)MLOGP
+30.62( 4 8.95)MLOGP?
n=8; R>=0.904; S=11.00; F=23.55.

(3)

Experimental (TEAC,.) and calculated (TEAC. ) TEAC values using models expressed by Eqgs. (1) and (2), with residual (resid.) and associated 95% confi-

dence intervals (cnf. int.)

Comp. no. TEAC g */mmol L! Model number 1 Model number 2
TEAC.,. Resid. 95% Cnf. int. TEAC.,. Resid. 95% cnf. int.

1 1.98 +0.01 1.78 0.20 1.37,2.23 1.89 0.09 1.45, 2.32
2 1.01 £ 0.00 1.18 0.17 0.89, 1.48 0.94 0.07 0.66, 1.22
3 0.23 £0.00 0.43 —0.20 0.10, 0.76 0.52 —0.29 0.20, 0.85
4 0.57 £0.01 0.87 —-0.30 0.66, 1.07 0.81 —-0.24 0.63, 1.00
5 0.99 £ 0.00 0.87 0.12 0.66, 1.07 0.81 0.18 0.63, 1.00
6 1.14 £0.09 0.90 0.24 0.69, 1.11 0.94 0.20 0.74, 1.15
7 0.83 £0.00 0.90 —0.07 0.69, 1.11 0.94 —0.11 0.74, 1.15
8 0.79 £0.08 0.68 0.11 0.49, 0.88 0.72 0.07 0.54, 0.91

9 1.02 +0.03 1.16 —0.14 0.889, 1.43 1.19 —-0.17 0.92, 1.46
12 0.40 £0.01 0.18 0.22 —0.17, 0.53 0.18 0.22 —0.13, 0.50

# Experimental values were taken from Ref. [7]. Values represent means = standard deviations of the duplicate of 5 or 6 concentrations within the linear interval.
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Fig. 2. Relationship of observed (TEAC,,.) and calculated (TEAC,,.) TEAC
values derived from Eq. (2).

Yang et al. [9] obtained a QSAR model to describe the an-
tioxidant activity of 23 flavonoids by multiparameter equation
with the half-wave potential of the first oxidation step and cal-
culated log P values as descriptors (R = 0.852). Our model in-
cludes a smaller set of substances, but it has a higher
correlation coefficient (R =0.951; R2:0.904) and contains
only one descriptor. The positive term of MLOGP in Eq. (3)
suggests that the antioxidant activity of the investigated com-
pounds increases with increasing lipophilicity. It means that
flavonoids with higher lipophilicity have a better ability of in-
teraction with lipid membranes and intercorporation into cells,
thus exhibiting higher protective effect against lipid
peroxidation.

The recent QSAR study [31] of inhibitory effect of phenolic
antioxidants on lipid peroxidation indicates that the partition
coefficient of phenolic compounds may define the antioxidant
activities in lipophilic phase. QSAR model was obtained by
multiple regression analysis with the 7 descriptors on the set
of 15 compounds. Erlejman et al. [32] suggest that interaction
of flavonoids with the polar head groups of phospholipids is
the main factor that contributes to their antioxidant activity

Table 5

in liposomal membranes and that the increased lipophilicity
of compounds is reflected on good antioxidant activity. Never-
theless, in a QSAR study of the same activity of 12 flavonoids
with regard to the lipophilicity (CLOGP) Rackova et al. [15]
obtained a poor model with R = —0.580. The model did not
improve with the use of experimental values of log P. In the
present study, we used the values of the partition coefficient
calculated by a different program that is based on Moriguchi
method (MLOGP). The polynomial regression with CLOGP
as variable, gave a model with a smaller correlation coefficient
(R =0.910). Besides, our investigation was performed on a dif-
ferent set of compounds than the study of Rackova group [15].

The inhibition activity of studied compounds was also
found to have a good polynomial correlation with the van
der Waals volume, which is expressed by Eq. (4):

ICso=1.112x 10*(£2.381 x 10°) —8.789 x 10°
X (£1.920x 10°)Vy,+1.738 x 10°(£3.87x 10*) V2 (4)
n=8; R?=0.858; $=13.40; F=15.09.

Previous structure activity relationship (SAR) studies have
shown that 3’-C hydroxyl group determines the inhibitory ef-
fects of flavonoids in lipophilic phases as well as a 2,3-double
bond in conjugation with 4-oxo and 3-hydroxyl groups [8,33].
These structural features of flavonoids are essential for the sta-
bilization of phenoxyl radical by electron delocalization across
the aromatic ring.

The van der Waals volume is widely used as the parameter
for the description of size and steric contribution to the behav-
ior of biologically active compounds. Therefore, a QSAR
model for the antibacterial activity of 10 benzaldehydes ob-
tained by multiple linear regressions includes van der Waals
volume as a steric parameter together with some electronic—
steric parameters. Molar refractivity could be used instead of
van der Waals volume in the same model [34]. Beside the par-
tition coefficient (log P) of phenolic compounds, the number
of physicochemical parameters such as the enthalpy of phe-
noxyl radical formation (AH ) and hydration energy (Eyypr)
may define the antioxidant activities in the lipophilic phase
[15,31]. However, there are no literature data for the contribu-
tion of van der Waals volume to the lipid peroxidation inhib-
itory effects of flavonoids. The present study indicates that this

Experimental (obs.) and calculated (calc.) ICsq values using models expressed by Egs. (3)—(6) with residual (resid.) and associated 95% confidence intervals (cnf.

int.)

Comp. ICspps./ Model number 3 Model number 4

Model number 5 Model number 6

no. mmol L ICsocale. Resid.  95% Cnf. int. ICspcue. Resid.  95% Cnf. int. ICspcue. Resid.  95% Cnf. int. ICsgeue. Resid.  95% Cnf. int.
4 51.0 43.65 736 28.09,59.20 53.03 —203 13.53,9252 37.99 13.01 20.41,5557 4290 8.10  23.60, 60.20
5 25.0 4365 —18.65 28.09,59.20 11.15 13.85 —9.80,32.09 37.99 —12.99 2041,5557 23.27 173 8.49, 38.06
6 8.50 6.00 250 —11.78,23.78 1320  —4.70 —7.544,33.95 10.51 —201 —2.05,23.07 21.11 —1261 9.52, 3270
7 23.0 6.00  17.00 —11.78,23.78 13.20 9.80 —7.54,33.95 17.13 5.87 3.74,30.53 18.94 406  7.87,30.02
8 19.0 2944 —1044 1225,46.63 4972  —30.72 31.36,68.08 30.87 —11.87 19.49 4226 16.78 222 3.23,30.33
9 10.5 1747  —697 —14.40,4934 1286  —236 —823,3395 5.15 535 —9.58,19.88 14.62 —4.12 —3.19, 32.42
10 100.0 8937  10.63  68.59, 10.16 87.35 12.65 61.37,113.3 99.58 042 80.06,119.1 110.6 —10.60 90.33, 130.8
11 100.0 1014  —14  76.45,2641 96.49 351 67.45,1255 97.79 221 80.55,1150 8879 1121 71.16, 106.4

% Experimental values were taken from Ref. [9].
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parameter is quite satisfactory for the prediction of antioxidant
activities of flavonoids.

For the prediction of IC5y a multiple regression was also ap-
plied. A statistically significant model is obtained by employ-
ing CLOGP and Balaban index (J):

ICso = 480.1( £ 103.6) — 217.4( £ 46.4)J
+30.84( + 4.54)CLOGP (5)
n=8; R2=0.945; §=18.290; F =43.33.

The best model that includes 3D descriptor H;(p) in combi-
nation with Balaban-type index from mass-weighted distance
matrix (J,,) was chosen by the best-subset regression:

ICso = 320.3( £247.9) + 17.46( & 1.92)J,,
+19.63( +2.59)H-(p) (6)
n=8; R*=095; S=7.87; F=47.66.

The obtained models demonstrate the significance of Bala-
ban and Balaban-type indices for the modeling of biological
activities of flavonoids. The Balaban index is a good descriptor
for the shape of the molecule. Its large and negative coefficient
in model 5 indicates that a bigger size and high branching of
molecules reduce the lipid peroxidation inhibitory effect of
flavonoids. On the contrary, the positive sign of Balaban-
type index from mass-weighted distance matrix (J,,,) in model
6 indicates that molecules with larger mass, flavonoid mole-
cules with more hydroxyl groups, are better inhibitors of lipid
peroxidation. Despite the fact that examples of QSAR studies
based on Balaban index and Balaban-type indices are rare in
literature, a few recent studies [35,36] and the present study
show that this index can be successfully used for this purpose.

H(p) descriptor belongs to the group of H-GETAWAY de-
scriptors that have been calculated from the molecular influ-
ence matrix H. These descriptors are sensitive to significant
conformational changes and to the bond lengths that account
for atom types and bond multiplicity. H;(p) is an autocorrela-
tion descriptor calculated for 3D-spatial molecular geometry
based on lag (topological distance) and weighted by atomic
polarizabilities [37]. Considering that the H,(p) descriptor
has a positive coefficient in Eq. (6), we may conclude that en-
hanced values of polarizability are favourable for lipid perox-
idation inhibitory effects of flavonoids. GETAWAY descriptors
have shown great potential as powerful variables in QSAR
modeling of different biological activities because they encode
information about molecular shape, size and atom distribution
[38,39]. Considering that GETAWAY descriptors were
developed recently, there has been no literature evidence on
their application in QSAR study of antioxidant activity until
now.

3. Conclusion

Simple and significant QSAR models have been obtained
by polynomial regression for the prediction of antioxidant ac-
tivity of wine polyphenols. Zero-order connectivity index (°x)
and molar refractivity (MR) are found to be useful parameters
for modeling free radical scavenging activity of polyphenols
belonging to different groups (phenolic acids and flavonoids

— flavans, flavonols and stilbene). The results of modeling
lipid peroxidation inhibitory effects of flavonoids indicate
that lipophicity and van der Waals volume (V) are significant
molecular descriptors for the prediction of antioxidant activity
of flavonoids in the lipophilic phase. We demonstrated that the
antioxidant activity of polyphenols, as hydrogen-donating free
radical scavengers, is closely related to their chemical struc-
ture, especially with the number and the arrangement of free
hydroxyl groups on the flavonoid skeleton, or on the phenol
ring of phenolic acids. Moreover, considerable effect on anti-
oxidant activity of polyphenols has a size, mass and shape of
molecules, as well as, steric properties, which have been de-
scribed by Balaban index, Balaban-type index from mass-
weighted distance matrix, molar refractivity, van der Waals
volume, as well as the descriptor derived from three-dimen-
sional molecular structure, GETAWAY descriptor H(p). Al-
though 3D descriptors possess the ability to discriminate
between stereoisomers, some models with 2D topological de-
scriptors are of better quality.

All the above-mentioned parameters could be used for fu-
ture QSAR investigations of wine polyphenols, extended to
a larger number of substances, including anthocyanins and di-
meric procyanidins as the most active polyphenols in wine
[40].

4. Calculation
4.1. Antioxidant activities

The antioxidant activities (TEAC and ICsg) for the set of
polyphenols used in the present study were taken from litera-
ture [7,9].

4.2. Calculation of topological indices

Five topological indices (Wiener index, connectivity index,
Balaban index, information-theoretic index and Schultz index)
[41,42] used in our work were calculated using TAM [43] pro-
gram. The total number of vertices, N(G), in the molecular
graph was considered as a topological parameter. It is identical
to the number of atoms in the hydrogen-depleted molecular
structure. The calculation of Balaban-type indices is described
in Section 4.3.

4.2.1. Wiener index, W(G)

The Wiener index W of a structure G can be simply ob-
tained from the distance matrix D of the corresponding hydro-
gen-depleted chemical graph G as half-sum of the elements of
D [44]:

W(G) =53 0), )

where (D);; represent off-diagonal elements of D(G) which
stand for the shortest distance in terms of the number of bonds
between atoms i and j in G. The distance i—j can also be
weighted in the case of heteroatomic systems [45]. In the
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case studied, all the structures considered are depicted by
weighted graphs.

4.2.2. Valence connectivity index, X"(G)

The connectivity index, when it includes heteroatoms, is
called valence connectivity index and is denoted by x"(G).
This index is defined as [46]

X'(6) = Y l6()a() " (8)

where 6(i) and 6(j) are weights (valence delta values) of ver-
tices (atoms) i and j making up i—j edge (bond) in a vertex-
weighted graph Gy,

Depending on the number of atoms included in computa-
tion, the connectivity index may be extended on a set of
indices:

(a) The zero-order connectivity index (Ox) is defined as
- 1/2

x=> la(i)] " 9)
i=1

where N is the total number of vertices in G.

(b) The first-order connectivity index ('y) is defined as
£ 1/2
X =>_la(i)a(j)] " (10)
ij=1

where E is the total number of edges in G.

4.2.3. Balaban index, J(G)
Balaban index can be described as the average distance sum
connectivity [47]:

E

Q=5

—1/2

((1S[(1Sj)

edges

(11)

where FE is the number of edges in G, u is the cyclomatic num-
ber of G and ds; (i =1, 2,..., N; N is the number of vertices in
G) is a distance sum.

The distance sum, ds;, for a vertex i represents the sum of
all entries in the corresponding row (or column) of the dis-
tance matrix D:

ds;=Y (D), (12)

Balaban-type indices are obtained by weighting the contri-
butions of atoms and bonds with parameters based on atomic
number (J7), mass (J,,), van der Waals (J,), electronegativity
(Jo) and polarizability (J,,) [42].

4.2 4. Information-theoretic index, I(G)
The information-theoretic index /(G) was calculated by the
application of information-theoretic formalism on the

chemical graph, by means of the total information content or
by the modification of Shannon’s relation [48]:

"N, 2N,
1@) :7;N(N— T (13)

where n is the number of different sets of elements, N, is the
number of elements in the i-th set of elements and the sum
is over all sets of elements.

4.2.5. Schultz index, MTI

This index has been introduced by Schultz [49] and is de-
noted by MTI (molecular topological index). The Schultz in-
dex is based on the adjacency (N x N) matrix (A), the
distance (N x N) matrix (D), and the valency (/ x N) matrix
(v) of an alkane tree. The sum of elements ¢; (I =1,2,...N)
of the row matrix v[A + D] gives the Schultz index:

N
MTI = "e; (14)
i=1

4.3. Calculation of molecular descriptors derived from
3D structure and Balaban-type indices

The 2D structures of all compounds were drawn using ISIS/
Draw 2.3 [50]. The 3D structures of 12 polyphenols were op-
timized using the quantum chemical semi-empirical method
AM1 applying the HyperChem 8.0 Evaluation software pack-
age [51]. The Balaban-type indices (Jz, Jm, Jv, Je, Jp) and the
3D molecular descriptors used in this study have been calcu-
lated applying the on-line software Parameter Client
(PCLIENT) [52]. PCLIENT is an extension of E-Dragon,
on-line version of Dragon program and makes it possible to
generate more than 3000 indices. SMILES notations, created
on-line by Demo-CONVERT Interactively [53], were used
as chemical structure input for PCCLIENT program.

We calculated descriptors of the geometrical, GETAWAY,
3D-MoRSE and RDF series to generate the QSAR models.
Different kinds of conformationally dependent descriptors
based on molecular geometry, belong to the group of geomet-
rical descriptors. In this work we used a few geometrical de-
scriptors: 3D-Wiener (3DW), 3D-Balaban (3DJ ), 3D-Harary
index (*°H), average distance/distance degree (ADDD) and
spherosity (SPH) [54]. GETAWAY descriptors are derived by
the use of geometrical information given by the molecular ma-
trix (H-GETAWAY) or the combination of this information
with geometric interatomic distances in molecules (R-GET-
AWAY) [37]. The 3D-MoRSE (molecule representation of
structures based on electron diffraction) descriptors are devel-
oped from equation used in electron diffraction studies and
represent the 3D structure of molecules by a fixed (constant)
number of values [55]. The RDF descriptors are obtained by
radial basis functions centered on different interatomic dis-
tances. This function can be interpreted as a probability to
find an atom in spherical volume of radius r [19,56].
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4.4. Calculation of physicochemical properties of
polyphenols

Molecular lipophilicity was calculated using three com-
puter programs based on different theoretical approaches.

ALOGPS was developed using the Efficient Partition Algo-
rithm [57] and an associative neural network (ASNN) ap-
proach [58]. This method combines electronic and
topological characters to predict lipophilicity of the analyzed
molecules.

MLOGP program is based on the method developed by
Moriguchi et al. [59]. The method begins with a straightfor-
ward counting of lipophilic atoms (all carbons and halogens
with a multiplier rule for normalizing their contributions)
and hydrophilic atoms (all nitrogen and oxygen atoms). The
Moriguchi method then applies 11 correction factors, four
that increase the hydrophobicity, and seven that increase the
lipophilicity. ALOGP and MLOGP values were calculated us-
ing Parameter Client.

Mannhold and van de Waterbeemd [60] described the
CLOGP program as substructure approaches where the final
log Ky, is determined by summing the single-atom or frag-
ment contributions. The calculation result is accompanied by
the picture of chemical structure as generated by the DEPICT
algorithm. Software-predicted lipophilicity of the compounds
was calculated on-line with the CLOGP program that is avail-
able at the Daylight Website [61].

Molecular weight (M/gmol '), molar refractivity (MR/
m’ molfl) and polar surface area (PSA/AZ) were also calcu-
lated using PCLIENT program. The molar refractivity is a con-
stitutive—additive property used in QSPR/QSAR and in the
radiation of infinite wavelength represents the real volume of
the molecules contained in 1 mol of the substance. MR is cal-
culated from the Lorentz—Lorentz equation and is described
as follows:

where M is the molecular weight, and d is the density of the
substance [62].

Polar surface area is defined as the area of its van der Waals
surface that arises from oxygen or nitrogen atoms or hydrogen
atoms attached to the oxygen or nitrogen atoms [63]. van der
Waals volume (Vw/lgf’) was calculated according to the method
described by Moriguchi et al. [64]. The volumes of spheres are
calculated using the atomic radii and the overlapping volumes
are subtracted.

4.5. Statistical analysis

The statistical analysis was performed using STATISTICA
6.0 [65].

Relationship between 2D and 3D descriptors, physico-
chemical properties and antioxidant activities of polyphenols
was investigated by simple linear, polynomial (quadratic)
and multiple regression analysis. The selection of predictor

variables for multiple regression was performed by best-subset
method in which regression equation is fitted to every subset
of independent variables. The criterion used to determine
“best” is based on the R* values of analyzed models.

To test the quality and accuracy of derived models, the fol-
lowing statistical parameters were used: squared correlation
coefficient (RZ), standard deviation of regression (S) and
Fisher ration values (F). Standard deviation of regression
(S) was calculated using the following equation:

S = Z:’:l(yi_yDz (16)

n

where n denotes the total number of cases (molecules); y; and
y/ denote the calculated value and value obtained by regres-
sion model. The best possible QSAR models, which are pre-
sented in this paper, were selected on the basis of the
highest correlation coefficients and F-test and lowest standard
deviations.

For the best models we also gave a 95% confidence interval
for predicted values of each compound (Tables 4 and 5). This
interval specifies the ranges of values that will contain the
value of the regression function with a pre-specified
probability.
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