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We performed a predictive analysis based on Quantitative Structure-Activity Relationships (QSAR) of the
radical scavenging activities of a set of compounds consisting of di(hetero)arylamine derivatives of benzo-
[b]thiophenes, halophenols, and caffeic acid analogues. Given the importance of this activity in medicinal
chemistry it is of interest to develop a theoretical method for its prediction. The selection of the descriptors
from a pool containing more than a thousand geometrical, topological, quantum-mechanical and electronic
Keywords: types of descriptors was performed using a new advanced version of the Enhanced Replacement Method
QSAR (ERM). The best QSAR linear model was constructed using 52 molecular structures not previously used in
this type of quantitative structure-property study, and showed good predictive attributes. The model analy-
sis suggested that the activity depends on the atomic van der Waals volumes and on the atomic electro-
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negativity; and that the conformation of the molecule does not present a relevant role in the activity.

© 2012 Elsevier B.V. All rights reserved.

1. Introduction

Free radicals play an important role in many physiological and
pathological conditions [1]. As a general rule, excess free radicals
caused by an imbalance between the creation and neutralization of
radicals (known as scavenging), can lead to the development of
many different diseases [2].

The disruption of living cells resulting from free radical imbalance can
damage membranes, proteins, enzymes and DNA, increasing the risk of
diseases such as cancer, Alzheimer's, Parkinson's, angiocardiopathy, ar-
thritis, asthma [3], diabetes, and degenerative eye disease [4,5].

By understanding the action of free radicals and their spread mech-
anism in vivo, the associated damage can be decreased and therefore re-
duce the expense of treating consequent diseases [6].

The diarylamine skeleton and the benzo[b]thiophene system [7] are
often present in biologically active compounds, and there exist many ex-
amples of biological activities found for small molecules based on the
benzo[b]thiophene moiety. Namely, they can be inhibitors of herpes sim-
plex virus type I (HSV-1) replication, antimitotics, inhibitors of cysteine
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and serine proteases, opioid receptor analgesics, and 5-HT6 antagonists,
making this a very attractive structure for medicinal chemists [8].

Bromophenols frequently isolated from various marine algae,
ascidians, and sponges have attracted much research interest due to
their wide spectrum of bioactivities, including antioxidative, antithrom-
botic, antimicrobial, anti-inflammatory, enzyme inhibition, cytotoxic
and feeding deterrent activities [9-11].

Caffeic acid and its analogues are widely distributed in the plant king-
dom and are found in coffee beans, olives, propolis, fruits, and vegetables.
They are usually found as various simple derivatives, including amides,
esters, sugar esters, and glycosides, or sometimes in rather more com-
plex forms such as rosmarinic acid (dimer), lithospermic acid (trimer),
verbascoside (heterosidic ester and glycoside of dihydroxyphenethyl-
ethanol and caffeic acid), and flavonoid-linked derivatives [12]. The
physiological functionality of caffeic acid, and its analogues has attracted
much attention and has been studied by many research groups in recent
years. The compounds are known to have antibacterial, antiviral, anti-
inflammatory, antiatherosclerotic, antioxidative, antiproliferative, cyto-
toxic, immunostimulatory, neuroprotective and antifungal properties.
These properties are associated with either their roles as antioxidants
and enzyme inhibitors, or their binding activity with specific receptors
[6,13,14].

A generally accepted remedy for the lack of experimental data in
complex chemical phenomena is the analysis based on Quantitative
Structure-Activity Relationships (QSAR) [15,16]. As a result, there exists
a permanently renewed interest focused on the development of such
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kind of predictive models [ 17-20]. Recently, a QSAR study on the radical
scavenging activity of the di(hetero)arylamine derivatives of benzo[b]
thiophenes was reported [21] using a pairwise correlation analysis as
the descriptor selection methodology.

The pairwise correlation analysis consists on: selecting the descrip-
tor with the highest correlation coefficient to the experimental data,
then all the remaining molecular descriptors with a correlation coeffi-
cient to that selected descriptor higher than 0.75 (r>0.75) are classified
as collinear and are not included in the model. Afterwards the same pro-
cedure is repeated on the molecular descriptor, still remaining on the
list, with the highest correlation to experimental data. The process is
continued until reaching the end of the list [21].

The main objective of the present study, is to develop a model for the
prediction of the radical scavenging activity of a larger set than the pre-
viously reported one, in order to reach a more reliable, wider and more
general model. In addition, a model using the original dataset and a dif-
ferent descriptor selection technique will be developed, aiming to make
a progress on the previous findings. To carry out these tasks, a large
number of structural molecular descriptors, including the definitions
of all classes, were explored by the recently proposed Enhanced Re-
placement Method (ERM) [22], to select the best subset of variables.
All data were obtained by a universal DPPH radical scavenging assay
[23], to ensure continuity with the results. Results were obtained
using the di(hetero)arylamine derivatives of benzo[b]thiophenes [21],
halophenols [24] and caffeic acid amide and ester analogues [6].

2. Methods
2.1. Data set

In the present study we used two different size training and test sets.
The first set previously reported in a QSAR study by Abreu et al. [21] was
composed of 26 di(hetero)arylamine derivatives of benzo[b]|thio-
phenes. To carry out a fair comparison, the original 18 molecule training
set and 8 molecule test set from the previous report were used.

For future references, it is important to state that in the previous re-
port there were some errors in the dataset that required many tests to
check and correct. These errors were as follows: i) in the representation
of the molecule 5 there was a hydroxyl at position R, that should have
been at position Ry; ii) structure representation of compound 6 pre-
sented a similar mistake showing fluorine at position R, whereas in
the correct representation, it should have been at Ry; iii) the molecule
24 had a CN group at position R; when the correct position should
have been R;; and iv) molecules 17 and 18 were switched one by the
other. To verify these mistakes the original papers with the experimen-
tal data were explored [25,26] and the authors were consulted.

The second structurally wider set was conformed by the addition of 18
halophenols [24], 5 caffeic acid analogues and 3 reference compounds [6]
to achieve a 52 molecule total set, which was divided into 38 training and
14 test set molecules. The training and test set compounds were separat-
ed at random with the constraint that the training set compounds
should have a normal distribution in the experimental values.

The experimental radical scavenging activity of the samples was
expressed in terms of ICsq (concentration in mol/l required for a 50% de-
crease in absorbance of DPPHe radical at 517 nm). The halophenols
added in the second test set were measured with a novel amperometric
method [27], assuming that this difference will not have a significant ef-
fect on the data since there is an excellent correlation between the am-
perometric method and classic spectroscopic method (R%=0.9993)
[27]. Table 1 summarizes the molecular structures and experimental
—log ICsq of the antioxidants mentioned above.

2.2. Molecular descriptors

The structures of the compounds were firstly pre-optimized with
the Molecular Mechanics Force Field (MM+) procedure included in

the Hyperchem 6.03 package [28], and the resulting geometries were
further refined by means of the semiempirical method AM1 (Austin
Method 1) using the Polak-Ribiére algorithm and a gradient norm
limit of 0.01 kcal A= . The molecular descriptors were computed using
the software e-Dragon [29,30] which calculates parameters of all types
such as Constitutional, Topological, Geometrical, Charge, GETAWAY
(Geometry, Topology and Atoms-Weighted AssemblY), WHIM (Weight-
ed Holistic Invariant Molecular descriptors), 3D-MoRSE (3D-Molecular
Representation of Structure based on Electron diffraction), Molecular
Walk Counts, BCUT descriptors, 2D-Autocorrelations, Aromaticity Indices,
Randic Molecular Profiles, Radial Distribution Functions, Functional
Groups and Atom-Centered Fragments [31]. E-Dragon requires MOL2
(Sybyl) input format; in order to translate the structures to this format
the software Open Babel was employed [32]. The initial descriptor matrix
from e-Dragon contained 1600 descriptors. Nevertheless, some molecules
did not permit the calculation of a number of descriptors; after removing
these descriptors and linear dependant ones, the resulting total pool con-
sisted of D=1273 and 1327 descriptors for the datasets with N=26 and
52 respectively.

2.3. Model search

It is our purpose to search the set D, containing D descriptors, for an
optimal subset d, with d << D, and with minimal standard deviation S,

S= —1 3 2 1
W= L (1)

by means of the Multivariate Linear Regression (MLR) technique. In this
equation N is the number of molecules in the training set, and res; the
residual for molecule i, is the difference between the experimental
property (p) and predicted property (Pprea). More precisely, we want
to obtain the global minimum of S(d) where d is a point in a space of
size D!/[d!(D —d)!]. A full search (FS) of optimal variables is impractical
because it requires D!/[d!(D—d)!] linear regressions. Therefore, an
alternative method is necessary. We selected the optimum set of de-
scriptors using a new advanced version of the Enhanced Replacement
Method (ERM) [22] as a search algorithm that produces linear regres-
sion QSAR models with results similar to the FS, but with much less
computational work. This technique approaches the minimum of S by
judiciously taking into account the relative errors of the coefficients of
the least-squares model given by a set of d descriptors d ={X;,X>....,
Xg}. The ERM [33] gives models with better statistical parameters than
the Forward Stepwise Regression procedure [34], and the more elabo-
rated Genetic Algorithms [35].

ERM combines two algorithms, first a Replacement Method (RM)
[36-38] is used, then a Modified RM (MRM) [33], and finally a RM
is used again.

The RM consists of the following steps:

* An initial set of descriptors d, is chosen at random, one of the de-
scriptors is replaced, denoted as Xy;, with all the remaining D —d
descriptors, one by one, and the set with the smallest value of S is
kept. That is what is defined as a ‘step’

From this resulting set, the descriptor with the greatest standard
deviation in its coefficient is chosen (the one changed previously
is not considered) and substituted with all the remaining D —d de-
scriptors, one by one. This procedure is repeated until the set re-
mains unmodified. In each cycle the descriptor optimized in the
previous one is not modified. Thus, the candidate d{? that comes
from the so-constructed path i is obtained.

It should be noticed that if the replacement of the descriptor with
the largest error by those in the pool does not decrease the value
of S, then that descriptor is not changed.
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The above process is carried out for all the possible pathsi=1,2,...,d
and the pointd,,, with the smallest standard deviation: min; S <d,<7’,)) is
kept.

MRM follows the same strategy as RM except that in each step the
descriptor with the largest error is substituted even if that substitu-
tion is not accompanied by a smaller value of S (the next smallest
value of S is chosen). The main difference in MRM is that it adds
some sort of noise that prevents the selected model to stay in a
local minimum of S [33].

For the theoretical validation of all models, we chose the well-
known Leave-One-Out (loo) and the Leave-More-Out Cross-Validation
procedures (I-n%-o0) [39], where n% accounts for the number of mole-
cules removed from the training set. We generated 1,000,000 cases of
random data removal for 5 molecules in the case of Leave-More-Out.
In our calculations we used the computational environment Matlab
5.0 (MathWorks, Natick, Massachusetts, U.S.A.).

The applicability domain (AD) for the QSAR models was explored in
order to obtain a reliable prediction for external samples. The AD is a
theoretical region in the chemical space, defined by the model descrip-
tors and modeled response, and thus by the nature of the chemicals in
the training set, as represented in each model by specific molecular de-
scriptors [40]. The AD can be characterized in various ways such as the
leverage approach [41], which allows to verify whether a new chemical
can be considered as interpolated and with reduced uncertainty or ex-
trapolated outside the domain. If it is outside the model domain, a
warning must be given. The leverage (h) is defined as [41]:

h,-:x,-(XTX>_]x,-T (i=1,....M) 2)
where ¥; is the descriptor row-vector of compound i, M is the number of
compounds in the dataset, and X is the N xd matrix of the training set (d
is the number of model descriptors, and N is the number of training set
samples). The leverage is suitable for evaluating the degree of extrapo-
lation, its limit of normal values is set as h*=3(N+1)/M=3(2h; + 1)/
M, and a leverage greater than h* for the training set means that the
chemical is highly influential in determining the model, while for the
test set, it means that the prediction is the result of substantial extrapo-
lation of the model and may not be reliable.
The standardized residual (o) for molecule i is defined as:

o=t 3)

where res; is the residual of molecule i and S, is the standard devia-
tion of the training set.

In order to visualize the AD of a QSAR model a Williams plot of stan-
dardized residuals (0) vs leverage values (h) can be used to obtain an
immediate and simple graphical detection of both the response outliers
(Y outliers) and the structurally influential chemicals (X outliers) of a
model.

3. Results and discussion

By means of the ERM we searched the total pool of D=1273 de-
scriptors in the first set of molecules and obtained two optimal
models with d =2 and d =4 parameters linking the molecular struc-
ture of the compounds with their radical scavenging activity. The op-
timal QSAR model according to ERM for two descriptors was:

—10gICs = 2.6052(£0.1) + 0.725(£0.01)T(0 ..S)+2.647(+0.4)MATS5v  (4)

N =18, R=0.9444, S=0.2765, FIT =5.6244, p<10~*
Ripo = 0.9198, S, = 0.3314, R,_ys5 , = 0.8532, S;_ys_, = 0.7267
RMSE;s = 0.3433

The optimal four descriptor model was:

— 10gICsy = 3.4908(+0.3) + 2.0703(+0.3)MATS5v + 0.0762(+0.005)G(0..S)
—6.4439(:1)Ds +5.7488(-:1)HATS1m (5)

N =18, R=0.9861, S=0.1501, FIT = 13.472, p<10~>
Rioo = 0.9681, S, = 0.2280, Ry 55 , = 0.9426, S 55 , = 0.3425
RMSE;s = 0.2993

Using ERM the 1327 molecular descriptors of the second set of
molecules were searched, arriving at the following four parameter
optimal model:

—logiCs = 31.5327(+2)—1.1331(+:0.2)MATSGv + 2 4862(+0.2)MATSSe (¢
+1.021(+0.1)EEig15x—7.0408(=0.6)BEHV1

N =38, R=0.9374, S=0.2039, FIT = 4.4247, p<10~°
Ripo = 0.9139, S, = 0.2378, R, 105, = 0.8349, S, 155 , = 0.3350
RMSE5 = 0.3642

Here, the absolute errors of the regression coefficients are given in
parentheses; p is the significance of the model, and RMSE7s stands for
root mean squared errors of the test set.

A summary of the linear models calculated by ERM is shown in
Table 2. The details of the molecular descriptors of Table 2 are dis-
played in Table 3.

To demonstrate that Egs. (4), (5) and (6) are not the result of hap-
penstance, we resorted to a widely used approach to establish the
model robustness: the so-called y-randomization [42]. It consists of
scrambling the experimental p property, so that activities do not cor-
respond to the respective compounds. After analyzing 1,000,000
cases of y-randomization, the smallest S value obtained in this way
was 0.3620, 0.2574 and 0.3240 respectively. These values were larger
than those coming from the true calibration (0.2765, 0.1501 and
0.2039 respectively). For Egs. (5) and (6), the results suggest that the
models are robust, that their calibration is not a fortuitous correlations,
and that we have derived reliable structure-activity relationships. In
the case of Eq. (4) the difference between the y-randomization and
the calibration is lower; however, as mentioned, this model is only pre-
sented as a contrast of Eq. (5) and previous findings.

A complete contrast of the models shown in Egs. (4) and (5) with
the previously reported model [21] was not possible due to the above
mentioned errors in the dataset, which prevented a complete repro-
duction of the previous work. Nevertheless, by looking at the calibra-
tion parameters of the previous work (R=0.9386, S=0.2731,
Rioo = 0.9187, Ri_25%.0 =0.9039) it can be concluded that Eq. (5) out-
performs the previous model and that Eq. (4) using only two param-
eters shows a similar performance. The root mean square errors for
the test set of the previous work (RMSEys=0.2216) is lower than
the one from Eq. (5), nevertheless this value is also lower than the
standard deviation of models calibration implying that it could be for-
tuitous. The model in Eq. (5) is superior to the model in Eq. (4) in its
calibration and validation parameter; Eq. (4) is only presented as a
comparison to previous findings.

The plot of values predicted by Eq. (6) vs. experimental —log
ICso shown in Fig. 1 suggests that the 38 compounds from the train-
ing set and 14 from the test set fit a straight line. The predicted
radical scavenging activities given by Eq. (6) for the training and
test sets are shown in Table 1. The Williams plot of the standardized
residual in terms of the leverages illustrated in Fig. 2 shows that most
compounds lie within the AD of Eq. (6) and were calculated correctly.
Compounds 50 and 13 are X outliers of the training set reinforcing the
model. Compound 12 slightly exceeds the h limit, but is between
compounds 50 and 13 of the training set and hence its prediction can
be considered as reliable as those of the training chemicals. Compound
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Table 1
Structure of compounds, experimental — log ICsy, predicted — log ICsq by Eq. (6), predicted —log ICso by Eq. (5), and residuals. (Uppercase “t” indicates test set substances for the
complete dataset and uppercase “u” test set of the first smaller data set.).

Ry _S
Rq |
NH
R2
Compound Ry R R3 Exp. Pred. Eq. (6) Res. Pred. Eq. (5) Res.
1 OCH3 OCHj3 H 4.06 3.79 0.27 4,08 —0.02
2 OCH; OCH3 COOH 3.61 3.67 —0.06 3.66 —0.05
3¢ OCH; OCH; COOCH,CH3 3.77 3.75 0.02 3.82 —0.05
4 OH OH COOCH,CH3 3.84 3.85 —0.01 3.81 0.03
5 OH H COOCH,CH3 3.91 3.69 0.22 3.84 0.07
6 F H H 3.81 3.85 —0.04 335 0.46
R
z N
R3 ™YY7 “NH &
R4
Compound Ry Ry R3 R4 Rs Rs Y Exp. Pred. Eq. (6) Res. Pred. Eq. (5) Res.
7 OCH3 OCH3 H H H CH; C 4.07 3.77 0.30 4.06 0.01
8t H OCH; OCH; H H CH3 C 43 4.06 0.24 427 0.03
9 H OCH; H CH3 CH3 H C 3.89 412 —0.23 4.01 —0.12
10" H OCH; H H H CH3 C 3.38 3.21 0.17 4.06 0.08
1 H H OCH3 H H CH3 C 2.39 2.65 —0.26 3.29 0.09
124 H CHO H H H CHs C 229 2.48 —0.19 2.88 —0.49
13 H CN H CH3 CH3 H C 3.81 4.06 —0.25 1.99 0.30
14 Br OCH; OCH; H H CH; C 3.98 3.73 0.25 3.85 —0.04
15 Br OCH; H CH3 CH3 H C 3.69 3.76 —0.07 4.13 —0.15
16" Br OCH3 H H H CH3 C 3.69 3.76 —0.07 3.85 —0.16
17" Br H H CH; CH; H C 3.05 2.76 0.29 293 0.12
18 Br H H H H CH; C 2.43 2.69 —0.26 2.70 —0.27
19 [ H H H H CHs C 291 2.82 0.09 2.93 —0.02
20" H H H CH3 CH3 H N 2.1 2.93 —0.83 2.30 —0.20
Ry
R, = |
Zx,
b'd NH =
N
Compound Ry R> Y Z Exp. Pred. Eq. (6) Res. Pred. Eq. (5) Res.
21" OCH3 OCH3 C C 4.26 3.94 0.32 3.88 0.38
22 OCH3 H C C 2.81 3.11 —0.30 2.77 0.05
23 H OCH;3 C C 43 4.10 0.20 415 0.15
24" H CN C C 1.84 231 —047 2.10 —0.26
25 H H C N 25 2.73 —0.23 249 0.01
26" H H N C 2.26 2.96 —0.70 2.12 0.14
Compound Ry Ry R3 R4 Rs Rs R, Exp. Pred. Eq. (6) Res.
27 H Br OH H H Br H 421 3.81 0.40
28 OH H H Br H Br H 4.10 417 —0.07
29 H H H H H Br Br 4.06 4.13 —0.08
30 H H H H H Br H 4.08 4.03 0.04
31" Br OH OH OH Br H H 4.02 411 —0.09
32 cl OH OH OH cl H H 4.06 422 —0.16
39 cl H H H H H H 3.95 3.80 0.15
40 H Cl H H H H H 3.96 430 —0.34
1 H H a H H H H 3.99 4,01 —0.02
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Table 1 (continued)

R Re
H

RS R,
Compound R, Ry R3 Rs Rs R, Exp. Pred. Eq. (6) Res.
33 H Br OH H H Br H 4.06 3.93 0.13
34 OH H H Br H Br H 4.05 413 —0.08
35 H H H H H Br Br 4.06 3.98 0.07
36 H H H H H Br H 3.79 391 —0.13
37 Br OH OH OH Br H H 4,07 3.88 0.20
38t Cl OH OH OH Cl H H 3.99 418 —0.19
42 Cl H H H H H H 3.88 3.56 0.32
43t H Cl H H H H H 3.65 3.70 —0.05
44 H H Cl H H H H 3.69 3.73 —0.03
Ry
i ’\/©/ )
HO'
Compound Ry Ry Y Exp. Pred. Eq. (6) Res.
45 H H [0} 4.29 4.30 —0.01
46 H H NH 437 447 —0.10
47 OH H NH 438 448 —0.10
48" OH OH NH 4.62 4.32 0.30
Compound number Structure Exp. Pred. Res.
Eq. (6)
49 o SH 4.63 492 —0.29
HOW NHJ;(O ~
HO ©
50 (o) 4.27 4.19 0.08
HO
HO
51" | (o) 4.24 438 —0.14
(0]
o
HO
4.33 4.26 0.08

52
HO
o
o OH

24 does not present a standardized residual higher than the limit
(30), however has leverage much greater than the warning limit le-
verage h*, which means that the compound predicted response was
extrapolated from the model, and therefore, the predicted value
must be used with great care [41]. Chemical 20 has a standardized
residual higher than the limit and hence is considered an outlier,
but belongs to the model AD; this erroneous prediction could prob-
ably be attributed to wrong experimental data rather than to the
molecular structure. Compound 26 is a similar case with a standard-
ized residual close to the limit.

Fig. 3 shows the plot of values predicted by Eq. (5) vs. experimental
—log ICsp. The Williams plot of Eq. (5) (Fig. 4) shows that most com-
pounds lie within the AD. Compound 6 is an X outlier hence its predic-
tion was extrapolated from the model, in addition the standardized
residual is close to 30. Chemical 12 belongs to the model AD butisa Y
outlier.

The model obtained using the larger and wider set of molecules
presented in Eq. (6) showed good calibration and validation param-
eters. Since this model is based on a more diverse and larger group of
compounds, its spectrum of application will be broader. Hence, in

general terms it is preferable to the other models and for that reason
further analysis will be performed on this model.
Variance inflation factor (VIF) is defined as [43]:

1/(1-R) (7)

where Ry is the coefficient of determination for regression of the i™
independent variable on all the other independent variables.

The correlation matrix shown in Table 4 reveals that the descriptors
of the linear model are not seriously inter-correlated (VIF<2.202,
R;j<0.6507), which justifies the appearance of all parameters in the
equation.

The predictive power of the linear model is satisfactory as
revealed by its stability upon the inclusion and/or exclusion of
compounds, measured by the statistical parameters R;,, =0.9139
and |—n%—oR,_12%_,=0.8349. As a general rule R _,ys_,
should be higher than 0.71 to have a validated model [44].

The molecular descriptors appearing in the linear Eq. (6) merge
two- and three-dimensional aspects of the molecular structure, and
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Table 2
Linear QSAR models for the training set of —log ICsq.

Model N Descriptors used S R Sioo Rioo RMSE7s

0.2765 0.9444 0.3314 0.9198 0.3433
0.1501 0.9861 0.2280 0.9681 0.2993

M1 18 T(0.S), MATS5v
M2 18 MATS5v, Ds, G(0.S),
HATSIm
M3 38 MATS6v, MATS5e,

EFig15x, BEHv1

0.2039 0.9374 0.2378 0.9139 0.3642

can be classified as follows: (i) two 2D autocorrelation descriptors:
MATS6v, Moran autocorrelation — lag 6/weighted by atomic van der
Waals volumes; and MATS5e Moran autocorrelation — lag 5/weighted
by atomic Sanderson electronegativities; (ii) an Edge adjacency indices
descriptor: EEig15x, Eigenvalue 15 from edge adj. matrix weighted by
edge degrees; and (iii) a BCUT descriptor: BEHv1, highest eigenvalue
n. 1 of Burden matrix/weighted by atomic van der Waals volumes.

Different structural variables introduced by Broto, Moreau, and
Geary [45] account for bi-dimensional autocorrelations between
pairs of atoms in the molecule, and were defined in order to reflect
the contribution of a considered atomic property to the experimental
observations under investigation, in this case, -loglCso. The atomic
properties that can be adopted to differentiate the nature of atoms
are the mass (m), the polarizability (p), the electronegativity (e), or
the volume (v). These indices can be readily calculated, i.e.: by sum-
ming products of atomic weights (employing atomic properties
such as atomic polarizabilities, molecular volumes, etc.) of the termi-
nal atoms of all the paths of a prescribed length. For the case of
MATS6v, the path connecting a pair of atoms has length 6 and involves
the van der Waals volumes as weighting scheme to distinguish their
nature. MATS5e involves the atomic Sanderson electronegativities as
weighting scheme and has a length of 5 for the path that connects
the pair of atoms.

Edge adjacency indices are topological molecular descriptors de-
rived from the edge adjacency matrix E. Derived from the molecular
graph, E encodes the connectivity between graph edges. It is a square
symmetric matrix of dimension B x B, where B is the number of bonds,
and is usually derived from an H-depleted molecular graph [46]. The
entries [E]; of the matrix equal one if edges e; and e; are adjacent (the
two edges thus forming a path of length two) and zero otherwise. For
multigraphs, the edge adjacency matrix can be augmented by a row
and a column for each multiple edge. The edge degree ¢; provides

Table 3
Symbols for molecular descriptors involved in the different models.

Molecular  Type
descriptor

MATS5v 2D
autocorrelation

Description

Moran autocorrelation — lag 5/weighted by
atomic van der Waals volumes

T(0.S) Topological Sum of topological distances between 0..S
G(0.S) Geometrical Sum of geometrical distances between O..S.
HATSTm GETAWAY Leverage-weighted autocorrelation of lag 1/

weighted by atomic masses
Moran autocorrelation — lag 5/weighted by
atomic Sanderson electronegativities

MATS5e 2D
autocorrelation

Ds WHIM D total accessibility index/weighted by atomic
electrotopological states

nBM Constitutional Number of multiple bonds

T(N..O) Topological Sum of topological distances between N..O.

MATS6v 2D
autocorrelations.

Moran autocorrelation — lag 6/weighted by
atomic van der Waals volumes

EEig15x Edge adjacency  Eigenvalue 15 from edge adj. matrix weighted by
indices edge degrees
BEHv1 BCUT Highest eigenvalue n. 1 of Burden matrix/

weighted by atomic van der Waals volumes
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Fig. 1. Predicted (Eq. (6)) vs experimental —log ICsq for the training (rhombus) and
test (circles) sets.
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Fig. 2. Williams plot of Eq. (6) showing the Application Domain. The vertical dashed
line indicates the limiting leverage h*.

the simplest information related to the considered bond and is calcu-
lated from the edge adjacency matrix as follows:

Mm

& =Ri(E) = ) _[El; )

-
Il
—_

where R; is the row sum operator.

BCUT descriptors are the eigenvalues of a modified connectivity ma-
trix, the Burden matrix (B) [47,48]. The matrix is an H depleted molecular
graph, defined as follows: diagonal elements are atomic numbers of the
elements (Z); off diagonal elements (Bj), representing bonded atoms i
and j are equal to .10~ ! where 7" is the conventional bond order (i.e.
1, 2, 3, 1.5 for single, double, triple and aromatic bonds respectively); off
diagonal elements corresponding to terminal bonds are increased by
0.01 and all other matrix elements are set to 0.001. The ordered sequence
of the n smallest eigenvalues of B was proposed as a molecular descriptor
based on the assumption that the lowest eigenvalues contain contribu-
tions from all the atoms and thus reflects topology of the molecule. The
BCUT descriptors are an extension of the Burden eigenvalues and consider
3 classes of matrices, whose diagonal elements account for atomic charge
related values, atomic polarizability related values and atomic H bond
abilities. A variety of definitions have been used for the off diagonal
terms and both 2D and 3D approaches are considered. The highest and
lowest eigenvalues of these matrices have been shown to be
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discriminating descriptors. BEHv1 is the highest eigenvalue of B involving
atomic van der Waals volumes as weighting scheme.

The standardization of the regression coefficients of Eq. (6) allows
assigning greater importance to the molecular descriptors that exhibit
the largest absolute standardized coefficients [34]. In our case we have,

BEHv1(1.1406) > MATS5e(0.8503) > EEig15x(0.6411) > MATS6v(0.502) (9)

where the standardized coefficients are shown in parentheses. The
ranking of contributions given by Eq. (9) suggests that BCUT descriptor
BEHv1 is the most relevant variable for the present set of molecules,
thus indicating a significant dependence of the radical scavenging activ-
ity on the volume of the atoms that form the molecule. This is further

Table 4
Correlation (R;;) matrix for descriptors and variance inflation factor of Eq. (6) (N=38).
Boldface indicates highest R;; and highest VIF.

MATS6v MATS5e EEig15x BEHv1 VIF
MATS6v 1 0.6485 0.2119 0.1520 1.818
MATS5e 1 0.1413 0.2370 1.857
EEig15x 1 0.6507 2.176
BEHv1 1 2.202

supported by the presence in Eq. (9) of the 2D autocorrelation
MATS6v that is also weighted by atomic van der Waals volumes. The
second descriptor in Eq. (9) is the 2D autocorrelation MATS5e implying
that the activity has a significant dependence on the electronegativity of
the atoms present in the molecules.

Since none of the descriptors depends on the conformation of the
molecule, it is possible to argue that the radical scavenging activity of
the present set of compounds has no considerable dependence on
conformational changes.

4. Conclusion

In this paper we developed a predictive QSAR model for radical
scavenging activity, of a group of 52 molecules that include di(hetero)
arylamine derivatives of benzo[b]thiophenes, halophenols and caffeic
acid analogues, using four molecular descriptors that take into account
2D- and 3D-aspects of the molecular structure. The model, showed a
good predictive ability established by the theoretical and test set valida-
tions. The analysis of the model suggests that the activity depends on
the atomic van der Waals volumes and electronegativity of the atoms
in the molecules; the conformation of the molecule appears to have
no role in the activity.

Using a previously reported smaller sized dataset containing only
di(hetero)arylamine derivatives of benzo[b|thiophenes a second pre-
dictive model was obtained that presented better statistical features
compared to the original work.

The proposed models are useful tools in the prediction of the anti-
oxidant activity, in a fast and costless manner, for any future studies
that may require an estimate of this activity, such as the determina-
tion of candidates for synthesis.
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Appendix A. Supplementary data

The descriptor matrix of the dataset along with the compounds
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