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Aromatase is a member of the cytochrome P450 family responsible for catalyzing the rate-limiting
conversion of androgens to estrogens. In the pursuit of robust aromatase inhibitors, quantitative
structure-activity relationship (QSAR) and classification structure-activity relationship (CSAR)
studies were performed on a non-redundant set of 63 flavonoids using multiple linear regression,
artificial neural network, support vector machine and decision tree approaches. Easy-to-interpret
descriptors providing comprehensive coverage on general characteristics of molecules (i.e., molecular
size, flexibility, polarity, solubility, charge and electronic properties) were employed to describe
the unique physicochemical properties of the investigated flavonoids. QSAR models provided good
predictive performance as observed from their statistical parameters with Q values in the range
of 0.8014 and 0.9870 for the cross-validation set and Q values in the range of 0.8966 and 0.9943
for the external test set. Furthermore, CSAR models developed with the J48 algorithm are able to
accurately classify flavonoids as active and inactive as observed from the percentage of correctly
classified instances in the range of 84.6 % and 100 %. The study presented herein represents the
first large-scale QSAR study of aromatase inhibition on a large set of flavonoids. Such investigations
provide an important insight on the origins of aromatase inhibitory properties of flavonoids as breast
cancer therapeutics.
c© 2013 Institute of Chemistry, Slovak Academy of Sciences
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Introduction

Breast cancer is the most common type of cancer
in females and it is the leading cause of death among
women (Sainsbury, 2013). Estrogen is a regulator of
tumor cell growth in hormone-dependent breast can-
cer and a high serum level of estrogen drives the pro-
gression of breast cancer. Therefore, two major thera-
peutic approaches to breast cancer are to regulate or
inhibit the production of estrogen. The first approach
entails the development of drugs that act on the es-
trogen receptor; this group is known as the selective

estrogen receptor modulators (SERMs). The second
approach relies on the development of drugs that in-
hibit the conversion of androgens to estrogens by aro-
matase; this class of compounds is known as aromatase
inhibitors (AIs). Both SERMs and AIs are important
therapeutic agents in the treatment of breast cancer.
Aromatase is a member of the cytochrome P450

family of proteins and it is the gene product of the
CYP 19A1 gene (Simpson et al., 1994). It is a protein
comprising 503 amino acids with a heme co-factor co-
ordinated to a cysteine residue at position 437. This
enzyme catalyzes the rate-limiting step in the estro-
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gen biosynthesis pathway as it is responsible for the
aromatization of C19 androgens into C18 estrogens via
three consecutive hydroxylation reactions consuming
three equivalents of oxygen and three equivalents of
NADPH. Inhibition of the aromatase activity has been
the standard treatment of hormone-sensitive breast
cancers (Brueggemeier et al., 2005). Over the years,
three generation of AIs had evolved owing to the inher-
ent flaws of each predecessor (Dutta & Pant, 2008). Al-
though the third-generation of AIs has demonstrated
good therapeutic potential (Nabholtz et al., 2009),
there are still ample opportunities for further develop-
ment of novel and robust compounds with aromatase
inhibitory properties.
Flavonoids are commonly occurring antioxidants

in plants (i.e., fruits, vegetables, tea, wine, barks,
stems, roots and grains). This class of compounds,
also known to exhibit phytoestrogenic properties, has
received much attention in the development of breast
cancer therapeutic agents as it has been found to mod-
ulate estrogen receptors, possess anti-angiogenic prop-
erties and inhibit aromatase activity (Liu et al., 2012).
This has prompted several investigations characteriz-
ing the aromatase inhibitory properties of flavonoids
(Pelissero et al., 1996; Kao et al., 1998; Brueggemeier
et al., 2001; Whitehead & Lacey, 2003; Monteiro et
al., 2006; Wang et al., 2008). Quantitative structure–
activity relationship (QSAR) represents a powerful
approach for understanding the linkage between the
structures of chemical entities and their respective bi-
ological activities (Nantasenamat et al., 2009, 2010).
Such relationships are revealed by performing multi-
variate analysis on a set of chemical entities as a func-
tion of their physicochemical properties. The QSAR
paradigm has been proved to be useful in explain-
ing the origins of a wide range of biological activ-
ities (Thippakorn et al., 2009 Worachartcheewan et
al., 2009; Mandi et al., 2012; Pingaew et al., 2013)
and chemical properties (Nantasenamat et al., 2005,
2007a, 2008, 2013a). Nagar et al. (2008) explored the
pharmacophores or structural requirements of a set of
33 flavones for the inhibition of the aromatase activity
using the QSAR and space modeling approaches. Re-
cently, Narayana et al. (2012) developed QSAR mod-
els of aromatase inhibition for a set of 39 flavonoid
derivatives using docking scores and docking descrip-
tors.
Herein, we report the first large-scale QSAR inves-

tigation of a comprehensive set of flavonoids with aro-
matase inhibitory activity. Physicochemical properties
of the investigated compounds were described by a
set of quantum chemical and molecular descriptors.
Univariate analysis of the molecular descriptors pro-
vided pertinent insights differentiating the active and
inactive class of compounds. A wide range of machine
learning approaches was employed in the multivariate
analysis as to correlate the structural descriptors with
their respective biological activity.

Theoretical

Data set

A data set comprising 63 flavonoids possessing aro-
matase inhibitory properties (as assessed from the
IC50 values) was compiled from the literature. The
data set was divided into two data sets on basis of
experimental methods used to assess the aromatase
inhibitory properties. Data set 1 (compounds 1–44)
contains compounds whose aromatase inhibitory ac-
tivity was assessed in vitro using human placental mi-
crosomes and [1,2,6,7-3H] androstenedione as the sub-
strate; collected from the works of Le Bail et al. (2001),
Pouget et al. (2002a, 2002b) and Yahiaoui et al. (2004,
2011). Data set 2 (compounds 45–63) comprises com-
pounds whose aromatase inhibitory activity was as-
sessed in vitro using human placental microsomes and
androsten-4-ene-3,17-dione [1β-H3(N)]; compiled from
the works of Gobbi et al. (2006) and Mohammed et al.
(2011) as shown in Fig. 1. The aromatase inhibitory
activities of these compounds are presented in the sup-
plementary information (Table S1). The IC50 values
of the investigated flavonoids were in the range of
0.032 �M to 204.86 �M.
As the data points in the IC50 values may not be

equally distributed, negative logarithmic transforma-
tion to the base of 10 was performed on the IC50 val-
ues. Such calculations transformed the IC50 to pIC50
values. It should also be noted that the IC50 values
were converted from �M to M units prior to the trans-
formation. The newly transformed pIC50 values were
in the range of 7.495 to 3.689.

Molecular structure construction and geometry
optimization

Molecular structures of the flavonoids were either
drawn or imported into VIDA version 4.2.1 (Open-
Eye Scientific Software, 2013) and saved in the MOL2
format. These structures were then converted to the
Gaussian Z-matrix format using Open Babel (O’Boyle
et al., 2011) and the resulting files were further pro-
cessed into the Gaussian input file format using bash
scripts developed in-house. Low energy conformers
were obtained from geometry optimizations at the
density functional level using the B3LYP functional
with the 6-31g(d) basis set of Gaussian 09 (Frisch et
al., 2004).

Descriptor calculation and feature selection

Quantum chemical descriptors represent a class of
robust descriptors providing pertinent insight into the
physicochemical properties of a molecule by solving
the Schrödinger’s wave function. Such descriptors have
been successfully employed in the elucidation of the
origins of biological activities (Piacham et al., 2006;
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Fig. 1. Molecular structures of flavonoids (1–63) possessing aromatase inhibitory properties.

Prachayasittikul et al., 2007, 2010; Suksrichavalit et
al., 2008, 2009) and chemical properties (Isarankura-
Na-Ayudhya et al., 2008; Piacham et al., 2009) of com-
pounds.
A set of quantum chemical descriptors was ob-

tained from the Gaussian output files using Python

scripts developed in-house. This set comprised (1)
mean absolute charge (Qm), (2) energy, (3) dipole
moment (µ), (4) highest occupied molecular orbital
(HOMO), (5) lowest unoccupied molecular orbital
(LUMO), (6) energy gap of the HOMO and LUMO
state (HOMO–LUMO).
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An additional set of molecular descriptors account-
ing for general and constitutional properties was ob-
tained from Dragon version 5.5 (Talete, 2007). This
set comprised (7) molecular mass (MW), (8) rotatable
bond number (RBN), (9) number of rings (nCIC), (10)
number of hydrogen bond donors (nHDon), (11) num-
ber of hydrogen bond acceptors (nHAcc), (12) Ghose–
Crippen octanol–water partition coefficient (ALogP)
and (13) topological polar surface area (TPSA). The
selected descriptors provide a comprehensive coverage
of the overall characteristics of molecules (i.e., molecu-
lar size, flexibility, polarity, solubility, charge and elec-
tronic properties). Furthermore, this set of 13 descrip-
tors has been successfully used in exploring the chem-
ical space of aromatase inhibitors (Nantasenamat et
al., 2013b) and template molecules from molecularly
imprinted polymers (Nantasenamat et al., 2012).
The combined set of descriptors was subjected to

feature selection by calculating the variance inflation
factor (VIF) in which multicollinearity among the de-
scriptors was detected (Mullen et al., 2011). The data
set values for the set of 13 descriptors are provided in
the supplementary information (Table S1). A thresh-
old value of 5 was used as the VIF cut-off. Therefore,
when the VIF values of two or more descriptors were
higher than 5, they were removed from the model. Af-
terwards, the remaining descriptors were used in the
construction of an intercorrelation matrix and vari-
ables exhibiting high degree of collinearity with other
independent variables were subsequently removed.

Univariate analysis

Bioactivity was represented by IC50 values in �M
units converted into qualitative terms using a strict
IC50 cut-off of 1 �M and 10 �M to categorize com-
pounds as active (IC50 < 1 �M or pIC50 > 6) and
inactive (IC50 > 10 �M or pIC50 < 5). Simple univari-
ate analysis was then performed on the resulting data
set for each bioactivity class by calculating the mean
and standard deviation.

Multivariate analysis

Several machine learning techniques (i.e., multi-
ple linear regression, decision tree, artificial neural
network and support vector machine) were employed
to identify the correlation between the structures of
flavonoids (i.e., as described by the molecular descrip-
tors) and their respective bioactivity (i.e., the pIC50
values). Multiple linear regression (MLR) was used
to model the aromatase inhibitory activity in a linear
fashion as a function of the calculated descriptors.
A decision tree was employed to identify the under-

lying set of rules governing the aromatase inhibitory
activity. These decision rules were generated using
J48, which is a variant of the C4.5 algorithm as im-
plemented by the Weka software package (Frank et

al., 2004). The confidence factor was set to 25 %
and was used for the generation of the decision trees
(Worachartcheewan et al., 2010).
Artificial neural network (ANN) is a supervised

learning method whose learning process mimicks the
architecture of the human brain in which ANN nodes
correspond to the biological neurons and the intercon-
nection of nodes from the various ANN layers (i.e.,
input, hidden and output layers) is analogous to the
axon-dendrite connections of the neurons. The back-
propagation algorithm was used as implemented by
the Weka software package. The number of nodes used
in the input layer was equal to the number of the de-
scriptors presented in data sets 1 and 2 (i.e., seven and
six descriptors, respectively) while one node was used
in the output layer corresponding to the pIC50 value.
The support vector machine (SVM) is a supervised

machine learning technique for classification and re-
gression tasks that is based on the statistical learn-
ing approach originally formulated by Vapnik and co-
workers (Cortes & Vapnik, 1995; Vapnik, 1998). The
sequential minimal optimization algorithm was used
as implemented in the Weka software package using
the radial basis function kernel.
The input vector was scaled to comparable levels

by standardization so that each descriptor had a zero
mean and unit variance.

Data sampling

As data sets used in predictive QSAR modeling are
often small in size, N-fold cross-validation is a data
sampling approach that allows the most economical
use of the available data. In this study, the leave-
one out cross-validation (LOO-CV) approach was em-
ployed in the construction of the QSAR and CSAR
models as this approach has been demonstrated to
be useful in QSAR studies (Jalali-Heravi & Parastar,
2000; Nantasenamat et al., 2005, 2007a, 2007b, 2013a;
Zou & Zhou, 2007; Worachartcheewan et al., 2011;
2013). LOO-CV essentially divides the data set into
N sets followed by leaving one data sample out as the
testing set and the remaining N – 1 sets were used
as the training set for which a predictive model was
developed and the resulting model was tested using
this test set. This procedure was repeated sequentially
until all sets were used as the test set and the aver-
age statistical performance was calculated. In order to
evaluate the predictive performance of the QSAR and
CSAR models, external test sets were created by ran-
domly excluding 15 % of the data samples from data
sets 1 and 2 as unknown data.

Statistical assessment of QSAR and CSAR
models

Predictive performance of the QSAR models was
evaluated from three statistical parameters: root mean
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Fig. 2. Intercorrelation matrix of seven and six descriptors for data set 1 (a) and data set 2 (b), respectively.

square error (RMSE), Pearson’s correlation coefficient
for the training set (R), and cross-validation test-
ing set (Q) as well as the Fisher (F ) ratio. Predic-
tive performance of the CSAR models was assessed
from three statistical parameters: precision, recall, and
F-measure. The outlying compounds were identified
from the constructed QSAR models as having stan-
dardized residuals higher than two units of standard
deviation.

Results and discussion

Physicochemical properties of flavonoids

The notion that biological activities of molecules
are governed by their inherent physicochemical prop-
erties is a concept governing the QSAR paradigm. It is
therefore important to select appropriate descriptors
in the construction of predictive QSAR models. An
excellent compendium with a comprehensive coverage
of 3300 descriptors was compiled by Todeschini and
Consonni (2009). Although there may be a large set
of descriptors at our disposal, a set of easy-to-interpret
descriptors is ideal as it allows straightforward com-
prehension of the molecular features governing bioac-
tivity. Therefore, in this study, a set of quantum chem-
ical descriptors along with a set of simple molecular
descriptors was selected.
Chemical structures of the 63 flavonoids are pro-

vided in Fig. 1. Low energy conformers from geometry
optimization were used in deriving a set of quantum
chemical and molecular descriptors. Feature selection
was then performed by means of VIF in which the
existence of multicollinearity present in the descrip-
tors was identified and the descriptor was subjected
to removal. Particularly, if the VIF values are < 5,
then the descriptor is acceptable and it is considered
to be non-collinear whereas when the VIF values of

two or more descriptors are > 5, one of them was
removed from the model. Six descriptors comprising
Qm, HOMO, LUMO, HOMO–LUMO,MW and TPSA
were removed from data set 1 whereas seven descrip-
tors comprising Qm, HOMO, LUMO, HOMO–LUMO,
MW, TPSA and nHAcc were discarded from data set
2. The remaining descriptors included seven descrip-
tors for data set 1 and six descriptors for data set 2,
which were used in the construction of an intercorrela-
tion matrix of descriptors (Figs. 2a and 2b). It can be
seen that the removal of collinear variables resulted in
a set of variables that are independent from one an-
other as deduced from the low correlation coefficient
values of less than 0.7.

Univariate analysis of physicochemical prop-
erties of flavonoids

The analysis was focused on the active and in-
active classes (Table 1) in order to shed light on
the essential physicochemical properties contribut-
ing to the aromatase inhibitory activity. Thus, com-
pounds were categorized into two subsets according
to their bioactivity by binning values of the depen-
dent variables (IC50 values), which resulted in a to-
tal of 15 and 27 compounds in the active and in-
active sets, respectively. Active compounds with po-
tent aromatase inhibitory activity showed a mean IC50
value of (0.221 ± 0.224) �M while inactive compounds
had a mean IC50 value of (47.233 ± 60.796) �M.
It was observed that active compounds were gen-
erally smaller than the inactive ones as indicated
by the molecular masses of (319.819 ± 37.863) Da
and (355.220 ± 90.935) Da, respectively. Further-
more, active compounds displayed a higher level of
rigidity as observed from their lower rotatable bond
number (2.533 ± 1.187 and 4.667 ± 2.557, respec-
tively) and higher number of rings (4.067 ± 0.594
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Table 1. Univariate analysis of active and inactive flavonoids

Molecular descriptors Active Inactive

MW/Da 319.819 ± 37.863 355.220 ± 90.935
RBN 2.533 ± 1.187 4.667 ± 2.557
nCIC 4.067 ± 0.594 3.370 ± 0.839
nHDon 0.600 ± 1.056 1.037 ± 1.192
nHAcc 3.667 ± 1.175 5.741 ± 2.246
ALogP 3.026 ± 0.558 3.251 ± 0.681
TPSA 59.677 ± 23.893 75.467 ± 34.682
Qm 0.208 ± 0.035 0.239 ± 0.023
Energy/Hartree –1215.890 ± 660.085 –1311.213 ± 526.755
µ/Debye 5.024 ± 1.873 4.941 ± 1.532
HOMO/eV –0.216 ± 0.007 –0.218 ± 0.010
LUMO/eV –0.058 ± 0.032 –0.054 ± 0.015
HOMO–LUMO/eV –0.158 ± 0.032 –0.163 ± 0.017
IC50/�M 0.221 ± 0.224 47.233 ± 60.796
pIC50 6.893 ± 0.479 4.567 ± 0.421

1 Hartree = 4.3699 × 10−18 J; 1 eV = 1.6022 × 10−19 J; 1 Debye = 3.336 × 10−30 C m.

and 3.370 ± 0.839, respectively) with respect to the
inactive compounds. Also, active compounds exhib-
ited lower polarity than the inactive ones as ob-
served from the low number of hydrogen bond donors
(0.600 ± 1.056 and 1.037 ± 1.192, respectively) and
acceptors (3.667 ± 1.175 and 5.741 ± 2.246, respec-
tively). This is in accordance with the lower values of
the topological polar surface area ((59.677± 23.893) Å
and (75.467 ± 34.682) Å, respectively) and the mean
absolute charge (0.208 ± 0.035 and 0.239 ± 0.023,
respectively) for the active compounds with respect
to those of the inactive compounds. Lipophilicity of
the active compounds was lower than that of the in-
active ones as deduced from the ALogP values of
3.026 ± 0.558 and 3.251 ± 0.681, respectively.
In general, electron-withdrawing groups decrease

while electron-donating groups increase the energy of
a molecular orbital. The LUMO energy indicates that
active compounds ((–0.058 ± 0.032) eV) possess a
slightly lower electron-withdrawing ability than the
inactive ((–0.054 ± 0.015) eV) ones although their
degree of variation was approximately by two-folds
higher. Furthermore, there was no difference observed
in the HOMO energy for both active and inactive
compounds as observed from their energy values of
(–0.216 ± 0.007) eV and (–0.218 ± 0.010) eV, respec-
tively. Moreover, the HOMO–LUMO energy gap sug-
gests that active compounds ((–0.158 ± 0.032) eV)
possess a higher degree of chemical reactivity, which
can be ascribed to their lower value with respect to
that of the inactive ((–0.163 ± 0.016) eV) compounds.
The dipole moment can be defined as the asymmet-
ric distribution of charge in a molecule and the re-
sults suggest that active compounds have a slightly
higher degree of asymmetric charge distribution with
a higher dipole moment value of (5.024 ± 1.873) De-
bye as compared to the inactive ones with the value
of (4.941 ± 1.532) Debye. The molecular energy of
active compounds ((–1215.890 ± 660.085) Hartree)
was found to be lower than that of the inactive ones

((–1311.213 ± 526.755) Hartree), which is to be ex-
pected considering that the energy increases with the
molecular mass.

Prediction of aromatase inhibitory activity of
flavonoids by MLR

QSAR models were developed by the MLR method
using data set 1 consisting of 44 flavonoids as de-
scribed by the seven selected molecular descriptors
comprising RBN, nCIC, nHDon, nHAcc, ALogP, en-
ergy and �. As shown in Table 2, model 1 provided
moderate predictive performance with RTr = 0.8810,
RMSETr = 0.3769, QCV = 0.7711, RMSECV = 0.5343
and F ratio = 2.277. It can be seen from the re-
gression coefficients that the most important molec-
ular descriptors (in order of importance) were nCIC
> nHDon > nHAcc > ALogP > RBN > Dipole > En-
ergy, with the corresponding values of 1.0067, 0.4651,
–0.3609, –0.3138, 0.1926, –0.1383 and 0, respectively.
This revealed that molecular descriptors concerning
the number of rings, number of hydrogen bond donors
and acceptors, lipophilicity, rotatable bond number
and dipole moment were the six most important de-
scriptors while the less important descriptor was re-
lated to the energy of a molecule. Therefore, the en-
ergy descriptor was subjected to the removal from this
model and the resulting data set was subjected to fur-
ther model development. Analysis of the standardized
residuals from the prediction results suggested that
there were two outliers present in the data set as these
data samples had standardized residuals greater than
2 SD units. The removal of these samples from the
data set significantly enhanced the predictive perfor-
mance of model 2 as deduced from statistical parame-
ters: RTr = 0.8881, RMSETr = 0.3769, QCV = 0.8019,
RMSECV = 0.4964 and F ratio = 2.356. Successive
rounds of the outlier removal eventually led to model
9 which was identified as the best performing MLR
model for the prediction of the aromatase inhibitory



C. Nantasenamat et al./Chemical Papers 68 (5) 697–713 (2014) 703

Table 2. QSAR equations from MLR model for data set 1

Model N NOutlier pIC50

1 44 3 0.1926(RBN) + 1.0067(nCIC) + 0.4651(nHDon) – 0.3609(nHAcc) – 0.3138(ALogP) + 0(Energy) –
– 0.1383(Dipole) + 4.3646

2 44 2 0.1941(RBN) + 1.0081(nCIC) + 0.4656(nHDon) – 0.3639(nHAcc) – 0.3232(ALogP) – 0.1384(Dipole) + 4.3757
3 42 3 0.2385(RBN) + 1.1667(nCIC) + 0.3928(nHDon) – 0.3781(nHAcc) – 0.6212(ALogP) – 0.0452(Dipole) + 4.4283
4 39 3 0.2546(RBN) + 1.1921(nCIC) + 0.4216(nHDon) – 0.3910(nHAcc) – 0.5682(ALogP) – 0.0385(Dipole) + 4.1863
5 36 2 0.2402(RBN) + 1.1024(nCIC) + 0.4330(nHDon) – 0.4306(nHAcc) – 0.5117(ALogP) – 0.0310(Dipole) + 4.4587
6 34 1 0.1773(RBN) + 1.0414(nCIC) + 0.4150(nHDon) – 0.3349(nHAcc) – 0.3169(ALogP) – 0.0214(Dipole) + 3.7902
7 33 1 0.1752(RBN) + 1.0439(nCIC) + 0.4186(nHDon) – 0.3276(nHAcc) – 0.3000(ALogP) – 0.0222(Dipole) + 3.6999
8 32 1 0.1709(RBN) + 1.0420(nCIC) + 0.4277(nHDon) – 0.3327(nHAcc) – 0.2914(ALogP) – 0.0273(Dipole) + 3.7138
9 31 0 0.1878(RBN) + 1.0346(nCIC) + 0.4258(nHDon) – 0.3533(nHAcc) – 0.2930(ALogP) – 0.0275(Dipole) + 3.7834

Table 3. Summary of the predictive performance of QSAR models of data set 1 developed using MLR

Model N NOutlier RTr RMSETr QCV RMSECV F ratio Critical F valueb

1 44 3 0.8810 0.3769 0.7711 0.5343 7.543 2.277
2a 44 2 0.8881 0.3769 0.8019 0.4964 11.109 2.356
3 42 3 0.9557 0.2367 0.9304 0.2951 37.584 2.372
4 39 3 0.9720 0.1927 0.9539 0.2465 53.877 2.399
5 36 2 0.9799 0.1547 0.9664 0.1997 68.320 2.432
6 34 1 0.9880 0.1132 0.9817 0.1397 119.586 2.459
7 33 1 0.9884 0.1137 0.9821 0.1400 117.803 2.474
8 32 1 0.9910 0.1005 0.9852 0.1292 137.649 2.490
9 31 0 0.9923 0.0935 0.9870 0.1212 150.853 2.508

a) Energy descriptor was removed from the MLR model; b) critical F values at the 95 % confidence level with m and n – m – 1
degrees of freedom (F(m,n−m−1)).

activity of flavonoids. Thirteen compounds: 1, 4, 6,
10–12, 14–16, 22, 31, 37 and 44, were identified as the
outliers in which the absolute value of their standard-
ized residuals were greater than 2 SD units. Tables 2
and 3 show the QSAR equation and statistical param-
eters from the MLR modeling, respectively. The MLR
equation of model 9 is shown below:

pIC50 = 0.1878(RBN) + 1.0346(nCIC)+
+0.4258(nHDon)−0.3533(nHAcc)−0.293(ALogP)−

− 0.0275(Dipole) + 3.7834 (1)

where N = 31, RTr = 0.9923, RMSETr = 0.0935, QCV
= 0.9870, RMSECV = 0.1212, F ratio = 150.853.
QSAR models of data set 2 comprising 19 flavo-

noids and described by six selected molecular descrip-
tors (i.e., RBN, nCIC, nHDon, ALogP, energy and �)
were constructed using the MLR method. The QSAR
equation from the MLR model is:

pIC50 = −0.1160(RBN)− 0.1281(nCIC)−
−1.2425(nHDon)+0.1567(ALogP)+0.0004(Energy)−

− 0.3373(Dipole) + 10.2369 (2)

where N = 19, RTr = 0.9520, RMSETr = 0.3898, QCV
= 0.8555, RMSECV = 0.6950, F ratio = 10.130.
It can be seen from the regression coefficients that

the most important molecular descriptors were nHDon
> Dipole > ALogP > nCIC > RBN > Energy, with

the corresponding values of –1.2425, –0.3373, 0.1567, –
0.1281, –0.1160, –0.1383 and 0.0004, respectively. The
QSAR model was further refined by removing the en-
ergy descriptor as it afforded rather low values of the
regression coefficient. The QSAR equation of the re-
fined model and its corresponding predictive perfor-
mance are shown below:

pIC50 = −0.0926(RBN)− 0.0686(nCIC)−
− 1.1873(nHDon)− 0.0755(ALogP)−

− 0.3317(Dipole) + 9.7978 (3)

where N = 19, RTr = 0.9270, RMSETr = 0.4776, QCV
= 0.8647, RMSECV = 0.6575, F ratio = 14.368.
No outliers were present in data set 2. A summary

of the statistical quality of the MLR models of data
set 2 is shown in Table 4. Plots of experimental versus
predicted activities of the investigated compounds as
predicted by the MLR method for data sets 1 and 2
are shown in Figs. 3a and 3b, respectively.

Prediction of aromatase inhibitory activity of
flavonoids with ANN

ANN is a non-linear method that was also em-
ployed in QSAR model construction. The six descrip-
tors from the MLR model 9 of data set 1 (i.e., RBN,
nCIC, nHDon, nHAcc, ALogP and dipole moment)
were subsequently used in constructing QSAR models
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Fig. 3. Plot of experimental versus predicted aromatase inhibitory activity values for QSAR models developed using MLR for data
set 1 (a) and data set 2 (b). Data samples and trend lines are shown as open squares and dotted lines, respectively, for the
leave-one-out cross-validation set while closed squares and solid lines, respectively, represent the training set.

Table 4. Summary of the predictive performance of QSAR models of data set 2 developed using MLR

Model N NOutlier RTr RMSETr QCV RMSECV F ratio Critical F valueb

1a 19 0 0.9520 0.3898 0.8555 0.6950 10.130 2.996
2 19 0 0.9270 0.4776 0.8647 0.6575 14.368 3.025

a) Energy descriptor was removed from the MLR model; b) critical F values at the 95 % confidence level with m and n – m – 1
degrees of freedom (F(m,n−m−1)).

Table 5. Summary of the predictive performance of QSAR models of data set 1 developed using ANN

Modela N NOutlier RTr RMSETr QCV RMSECV F ratio Critical F valueb

1 44 3 0.9507 0.3305 0.6949 0.6828 5.9141 2.3133
2 41 2 0.9820 0.1646 0.9095 0.3435 27.9225 2.3298
3 39 2 0.9854 0.1961 0.9387 0.2744 40.7798 2.3423
4 37 2 0.9898 0.1530 0.9599 0.2237 60.5737 2.3562
5 35 2 0.9910 0.1237 0.9602 0.2303 57.1198 2.3718
6 33 2 0.9915 0.1320 0.9644 0.2181 59.8476 2.3894
7 31 1 0.9919 0.1232 0.9687 0.1938 63.4517 2.4094
8 30 0 0.9937 0.0933 0.9748 0.1717 76.3778 2.4205
9 30 0 0.9909 0.1134 0.9796 0.1542 95.0495 2.4205

a) Default parameters of Weka comprising five hidden nodes, learning rate of 0.3, momentum of 0.2 and learning epoch size of 500,
were used from model 1 onwards until no outliers could be found. Then, parameter optimization was performed on the final model
9 to reveal optimal hidden node, learning rate, momentum and learning epoch size of 1, 0.1, 0.5 and 200, respectively; b) critical F
values at the 95 % confidence level with m and n – m – 1 degrees of freedom (F(m,n−m−1)).

via ANN. First, the default parameters of Weka com-
prising five hidden nodes, learning rate of 0.3, momen-
tum of 0.2 and learning epoch size of 500 were used
during the outlier detection and removal phase. Four-
teen compounds: 1, 4–6, 10, 12, 14–17, 22, 37, 43 and
44, were identified as outliers and were thus removed
from the data set. This resulted in a significant boost
in the performance as can be seen in model 8, the
best ANN model, which was subjected to further pa-
rameter refinement. Finally, model 9, in which the set
of optimal parameters for hidden node, learning rate,
momentum and learning epoch size were 1, 0.1, 0.5 and
200, respectively, was achieved. In Table 5, it can be

seen that model 9 contained 30 remaining compounds
from the original set of 44 after the removal of the 14
outliers. The results indicate good predictive perfor-
mance of model 9 with statistical parameters of RTr =
0.9909, RMSETr = 0.1134, QCV = 0.9796, RMSECV
= 0.1542 and F ratio = 95.0495, while model 1 (i.e.,
the original data set) gave moderate predictive perfor-
mance with RTr = 0.9507, RMSETr = 0.3305, QCV =
0.6949, RMSECV = 0.6828 and F ratio = 5.9141.
The ANNmodel for data set 2 employed five molec-

ular descriptors taken from Eq. (3). Again, the default
parameters of Weka were also used during the outlier
detection and removal phase. The results indicate that
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Table 6. Summary of the predictive performance of QSAR models of data set 2 developed using ANN

Modela N NOutlier RTr RMSETr QCV RMSECV F ratio Critical F valueb

1 19 1 0.9627 0.4128 0.7997 0.8867 4.6126 3.0254
2 18 0 0.9786 0.3392 0.8625 0.7009 6.9716 3.1059
3 18 0 0.9710 0.3599 0.8909 0.6075 9.2337 3.1059

a) Default parameters of Weka comprising five hidden nodes, learning rate of 0.3, momentum of 0.2 and learning epoch size of 500,
were used from model 1 onwards until no outliers could be found. Then, parameter optimization was performed on the final model
3 to reveal optimal hidden node, learning rate, momentum and learning epoch size of 12, 0.1, 0.7 and 200, respectively; b) critical
F values at the 95 % confidence level with m and n – m – 1 degrees of freedom (F(m,n−m−1)).

Fig. 4. Plot of experimental versus predicted aromatase inhibitory activity values for QSAR models of data sets 1 (a) and 2 (b)
developed using ANN. Data samples and trend lines are shown as open squares and dotted lines, respectively, for the
leave-one-out cross-validation set while closed squares and solid lines, respectively, represent the training set.

compound 56 was an outlier and was thus removed
from the data set. ANN parameter optimization was
then performed to yield the following optimal param-
eters for model 3 with hidden node, learning rate, mo-
mentum and learning epoch size of 12, 0.1, 0.7 and
200, respectively. It can be seen from Table 6 that
QSAR model 3 provided good predictive performance
with statistical parameters of RTr = 0.9710, RMSETr
= 0.3599,QCV = 0.8909, RMSECV = 0.6075 and F ra-
tio = 9.2337 while model 1 displayed moderate pre-
dictive performance with RTr = 0.9627, RMSETr =
0.4128, QCV = 0.7997, RMSECV = 0.8867 and F ratio
= 4.6126. Plots of experimental versus predicted ac-
tivities of the compounds predicted by ANN for data
sets 1 and 2 are shown in Figs. 4a and 4b, respectively.

Prediction of aromatase inhibitory activity of
flavonoids with SVM

SVM was also employed in the construction of
the QSAR model. Initially, parameter optimization by
means of global and local grid search was performed
on model 1 and used until model 5, where the outlying
compounds with standardized residuals greater than
the absolute value of 2 were removed. Optimal C and
γ values of 217 and 2−9, respectively, were obtained
from the global grid search, which was followed by a
subsequent and refined local grid search that afforded

optimal C and γ values of 215.75 and 2−8.75, respec-
tively. Ten compounds: 1, 4, 10, 12, 14–16, 22, 37 and
44, were identified as outliers for data set 1. After out-
lier removal, model 5 (34 compounds) was subjected
to further parameter optimization to obtain model 6
in which global and local grid search for optimal C
and γ values was performed. The optimal C and γ
parameters of 213 and 2−7, respectively, were deduced
from the global grid search while the refined search
provided optimal C and γ values of 215and 2−7.25, re-
spectively. Further outlier detection in model 6 iden-
tified compound 17 for the removal from the model.
Parameter optimization from the global grid search
provided optimal C and γ parameters of 213 and 2−7,
respectively, while the refined local grid search pro-
duced optimal C and γ values of 213.5 and 2−7.25, re-
spectively. It can be observed from Table 7 that model
7 provided the best performance with the data set
comprised of 33 compounds from the original set of
44 compounds. Statistical parameters of model 6 are
as follows: RTr = 0.9955, RMSETr = 0.0719, QCV =
0.9867, RMSECV = 0.1224 and F ratio = 159.6645,
while model 1 (i.e., the original data set) provided
moderate predictive performance with RTr = 0.9211,
RMSETr = 0.3208, QCV = 0.8808, RMSECV = 0.3884
and F ratio = 21.3396. Plots of experimental versus
predicted activities of compounds of data set 1 via
SVM are shown in Fig. 5a.
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Table 7. Summary of the predictive performance of QSAR models of data set 1 developed using SVM

Model N NOutlier RTr RMSETr QCV RMSECV F ratio Critical F valued

1a 44 3 0.9211 0.3208 0.8808 0.3884 21.3396 2.3562
2 41 3 0.9693 0.1930 0.9491 0.2449 51.4517 2.3803
3 38 1 0.9858 0.1252 0.9687 0.1852 78.6802 2.4094
4 37 3 0.9880 0.1139 0.9765 0.1611 102.6478 2.4205
5 34 0 0.9953 0.0725 0.9838 0.1339 135.5231 2.4591
6b 34 1 0.9961 0.0664 0.9846 0.1300 142.7376 2.4591
7c 33 0 0.9955 0.0719 0.9867 0.1224 159.6645 2.4741

a) Parameter optimization by global and local grid search was performed on model 1 and used until model 5, where the outlying
compounds with standardized residuals higher than the absolute value of 2 were removed. Optimal C and γ values of 217 and 2−9,
respectively, were obtained from the global grid search followed by a subsequent and refined local grid search to afford optimal C
and γ values of 215.75 and 2−8.75, respectively; b) model 5 was subjected to parameter optimization. Optimal C and γ parameters
deduced from the global grid search were 213 and 2−7, respectively, while a refined search gave rise to optimal C and γ values of 215

and 2−7.25, respectively, to give model 6; c) model 6 was re-calculated and subjected to a final round of parameter optimization.
Optimal C and γ parameters deduced from the global grid search were 213 and 2−7, respectively, while a refined search provided
optimal C and γ values of 213.5 and 2−7.25, respectively, in model 7; d) critical F values at the 95 % confidence level with m and
n – m – 1 degrees of freedom (F(m,n−m−1)).

Table 8. Summary of the predictive performance of QSAR models of data set 2 developed using SVM

Model N NOutlier RTr RMSETr QCV RMSECV F ratio Critical F valueb

1a 19 0 0.9765 0.2753 0.9119 0.5281 12.8359 3.0254

a) Parameter optimization was performed to provide optimal C and γ values of 23 and 2−1, respectively, as deduced from the
global grid search, followed by a subsequent and refined local grid search to afford optimal C and γ values of 21.75 and 2−0.25,
respectively; b) critical F values at the 95 % confidence level with m and n – m – 1 degrees of freedom (F(m,n−m−1)).

Fig. 5. Plot of experimental versus predicted aromatase inhibitory activity for QSAR models of data set 1 (a) and data set 2
(b) developed using SVM. Data samples and trend lines are shown as open squares and dotted lines, respectively, for the
leave-one-out cross-validation set, and as closed squares and solid lines, respectively, for the training set.

The SVM model for data set 2 was performed in
a similar manner in which the global and local grid
search were performed. Optimal C and γ parameters
deduced from the global grid search were 23 and 2−1,
respectively, while a refined search provided optimal C
and γ values of 21.75 and 2−0.25, respectively. The out-
lier analysis revealed that the data set contained none.
Statistical parameters of model 1 are as follows: RTr =
0.9765, RMSETr = 0.2753, QCV = 0.9119, RMSECV
= 0.5281 and F ratio = 12.8359 (Table 8). Plots of ex-

perimental versus predicted activities of compounds
via SVM are shown in Fig. 5b.

Classification of aromatase inhibitory activity
of flavonoids with DT

For comparative purposes with respect to the best
MLR model 9 of data set 1, bin transformation of the
bioactivity was performed with the intermediates re-
moved to yield a total of nine active and 17 inactive
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Table 9. Summary of the predictive performance of the leave-one-out cross-validation set of CSAR models developed using DT

Model Data set N Correct/% Incorrect/% Precision (A, I) Recall (A, I) F-measure

Data set 1

1a Training set 26d 25 (96.154) 1 (3.846) 0.961 (0.900, 1.000) 0.962 (1.000, 0.941) 0.962 (0.947, 0.970)
LOO-CV 26d 22 (84.615) 4 (15.385) 0.847 (0.857, 0.842) 0.846 (0.667, 0.941) 0.841 (0.750, 0.889)

2b Training set 18e 18 (100.000) 0 (0.000) 1.000 (1.000, 1.000) 1.000 (1.000, 1.000) 1.000 (1.000, 1.000)
LOO-CV 18e 18 (100.000) 0 (0.000) 1.000 (1.000, 1.000) 1.000 (1.000, 1.000) 1.000 (1.000, 1.000)

Data set 2

3c Training set 16f 18 (100.000) 0 (0.000) 1.000 (1.000, 1.000) 1.000 (1.000, 1.000) 1.000 (1.000, 1.000)
LOO-CV 16f 18 (100.000) 0 (0.000) 1.000 (1.000, 1.000) 1.000 (1.000, 1.000) 1.000 (1.000, 1.000)

a) Bin transformation of biological activity as active and inactive was performed using MLR model 2 of data set 1; b) bin trans-
formation of biological activity as active and inactive was performed using MLR model 9 of data set 1; c) bin transformation of
biological activity as active and inactive was performed using MLR model 1 of data set 2; d) data set comprised nine active and 17
inactive compounds; e) data set comprised five active and 13 inactive compounds; f ) data set comprised six active and ten inactive
compounds.

Fig. 6. Decision tree of models 1 (a), 2 (b) and 3 (c).

compounds (DT model 2, Fig. 6b). The decision tree
generated from leave-one out cross-validation set pro-
vided good predictive performance as deduced from
the accuracy of 100 % in which 18 compounds were
correctly classified. This corresponds with the over-
all precision, recall and F-measure of 1.000, 1.000 and
1.000 (as shown in Table 9), respectively, which is in-
dicative of satisfactory statistical results. DT model 1

(Table 9 and Fig. 6a) yielded 22 (84.615 %) correctly
and four (15.385 %) incorrectly classified instances
with the overall precision, recall and F-measure of
0.847, 0.846 and 0.841, respectively, as presented in
Table 9. The best MLR model 1 of data set 2 was
employed in the construction of the DT model and
the results are shown in Table 9 and Fig. 6c. DT
model 3 afforded 16 (100.00 %) correctly classified in-
stances with the precision, recall and F-measure of
1.000, 1.000 and 1.000, respectively, for the leave-one
out cross-validation set.
Results from MLR modeling suggested the impor-

tance of reduced subsets of six descriptors (i.e., five
simple physicochemical properties and one quantum
chemical descriptor) for data set 1 and five descrip-
tors (i.e., four simple physicochemical properties and
one quantum chemical descriptor) for data set 2. The
importance of these sets of physicochemical proper-
ties was validated by the classification models. First,
MLR model 2 providing the full set of 44 compounds
of data set 2 with the omission of the energy descrip-
tor was employed in the construction of DT model 1.
It can be seen in Fig. 6a that the two most important
molecular descriptors classifying compounds as active
and inactive were nCIC and RBN. As shown in Ta-
ble 9, this model can correctly classify 84.615 % of the
compounds in the leave-one out cross-validation set of
data set 1. For comparative purposes, MLR model 9
of data set 1 was also employed in the construction of
DT model 2 and the results indicate that nCIC is the
most significant molecular descriptor as it alone can
correctly classify 100 % of the compounds (Table 9
and Fig. 6b). Similarly, it was observed that nHDon is
the most important descriptor in DT model 3, which
was built using MLR model 1 of data set 2, as it can
accurately classify 100 % of the compounds (Table 9
and Fig. 6c).
Taken together, models 2 and 3 provided good pre-

dictive performance in the classification of active and
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Table 10. Summary of the predictive performance of the best performing models of MLR, ANN and SVM. Results of the training,
cross-validation test and external test sets are shown

Training set Cross-validation testing set External testing set
Method N NExt

RTr RMSETr QCV RMSECV F ratio QExt RMSEExt

Data 1

MLR 24 7 0.9926 0.0913 0.9852 0.1289 93.6010 0.9911 0.1115
ANN 24 6 0.9944 0.0878 0.9825 0.1412 78.8336 0.9943 0.1213
SVM 26 7 0.9940 0.0824 0.9801 0.1485 77.1975 0.9809 0.1655

Data 2

MLR 15 4 0.9156 0.5022 0.8014 0.7935 3.2313 0.9683 0.3981
ANN 14 4 0.9912 0.1751 0.8986 0.5855 6.7109 0.9782 0.5559
SVM 15 4 0.9989 0.0783 0.9164 0.5269 9.4352 0.8966 0.7995

inactive compounds for data sets 1 and 2, respectively.
It is interesting to observe that simple molecular de-
scriptors of molecular rigidity and hydrogen bond do-
nating tendency were the most important physico-
chemical properties in distinguishing bioactivities of
the compounds. Notably, the nCIC descriptor was
found to be the root node of DT models 1 and 2
thereby implying its prime importance in the classi-
fication. Furthermore, the next important descriptors
were RBN of DT model 1 as well as nHDon of DT
model 3.

Model validation via an external test set

The best predictive models of data set 1 developed
using the MLR (model 9), ANN (model 9) and SVM
(model 7) methods were comprised of 31, 30 and 33
compounds, respectively. Random selection of samples
from this data set was performed in order to gener-
ate external test sets corresponding to 15 % of the
data samples presented in each of the data sets. This
resulted in three partitions of the data set: (i) train-
ing and LOO-CV sets for QSAR model building com-
prised of 24, 24 and 26 compounds for MLR, ANN
and SVM models, respectively; (ii) external test set
for QSAR model validation comprising compounds 8,
20, 25, 30, 34, 39 and 43; and (iii) external test set for
CSAR model validation comprising compounds 20, 34,
39 and 43, where compound 20 was active while com-
pounds 34, 39 and 43 were inactive. This procedure
was demonstrated previously by Worachartcheewan et
al. (2013) who subsequently used the best model to
generate an external test set.
QSAR equation for the prediction of the pIC50 val-

ues of flavonoids was obtained from the following MLR
equation:

pIC50 = 0.1738(RBN) + 1.0462(nCIC)+
+0.4061(nHDon)−0.3383(nHAcc)−0.3043(ALogP)−

− 0.0249(Dipole) + 3.751 (4)

where N = 24, RTr = 0.9926, RMSETr = 0.0913, QCV
= 0.9852, RMSECV = 0.1289, F ratio = 93.6010, QExt
= 0.9911, RMSEExt = 0.1115.
It was found that the predicted aromatase in-

hibitory activity of flavonoids in the external test set
afforded high predictive performance with the corre-
lation coefficient of 0.9911 and the root mean square
error of 0.1115 (Table 10). A plot of the experimental
versus predicted (pIC50) values for the 24-compound
training set and the LOO-CV test set together with
the seven-compound external test set are presented in
Fig. 7a.
The development of a QSAR model by means of

ANN was performed by first searching for the optimal
set of ANN parameters, which turns out to have hid-
den nodes of 2, learning epochs of 300, learning rate of
0.1 and momentum of 0.5. The ANN model was val-
idated by the external test set (compounds 8, 20, 25,
30, 34 and 43). However, six compounds were used as
the external test set as compound 39 was identified as
an outlier from model 9 of the ANN model. As shown
in Table 10, the ANN model afforded the following
statistical parameters: RTr = 0.9944 and RMSETr =
0.0878 for the training set; QCV = 0.9825, RMSECV
= 0.1412 and F-ratio = 78.8336 for the LOO-CV set;
QExt = 0.9943 and RMSEExt = 0.1213 for the exter-
nal test set. Of particular note is that the external test
set afforded a high correlation coefficient of 0.9943 and
low root mean square error of 0.1213. A plot of the
experimental versus predicted (pIC50) values for the
24-compound training set and the LOO-CV test set
and the six-compound external test set are presented
in Fig. 7b.
Furthermore, predictive models were also calcu-

lated by the SVM method, in which (i) global and
local grid search retrieved optimal C and γ parame-
ters and (ii) model validation was demonstrated by
the external test set (compounds 8, 20, 25, 30, 34, 39
and 43). Initially, optimal C and γ parameters from
the global grid search were found to be 23 and 2−3,
respectively, while a refined local grid search gave op-
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Fig. 7. Plot of experimental versus predicted aromatase in-
hibitory activity for QSAR models developed using
MLR (a), ANN (b) and SVM (c) methods for data
set 1. Data samples and trend lines are shown as open
squares and dotted lines, respectively, for the leave-one-
out cross-validation set, closed squares and solid lines,
respectively, for the training set, and as closed triangles
for the external test set.

timal C and γ values of 23.75 and 2−3, respectively.
It should be noted that no outliers were identified. It
can be seen in Table 10 that the QSARmodel provided
RTr = 0.9944 and RMSETr = 0.0878 for the training
set, QCV = 0.9825, RMSECV = 0.1412 and F-ratio =
77.1975 for the LOO-CV set while the external test set

Fig. 8. Plot of experimental versus predicted aromatase in-
hibitory activity for QSAR models developed using
MLR (a), ANN (b) and SVM (c) methods for data
set 2. Data samples and trend lines are shown as open
squares and dotted lines, respectively, for the leave-one-
out cross-validation set, closed squares and solid lines,
respectively, for the training set and as closed triangles
for the external test set.

also provided a high correlation coefficient of 0.9809
and low root mean square error of 0.1655. A plot of
the experimental versus predicted (pIC50) values for
the 26-compound training set and the LOO-CV test
set together with the seven-compound external test
set are presented in Fig. 7c.
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Table 11. Summary of the predictive performance of CSAR models developed using DT

Model Data set N Correct/% Incorrect/% Precision (A, I) Recall (A, I) F-measure

Data set 1

Training set 14b 14 (100.000) 0 (0.000) 1.000 (1.000, 1.000) 1.000 (1.000, 1.000) 1.000 (1.000, 1.000)
1a LOO-CV 14b 14 (100.000) 0 (0.000) 1.000 (1.000, 1.000) 1.000 (1.000, 1.000) 1.000 (1.000, 1.000)

External set 4b 4 (100.000) 0 (0.000) 1.000 (1.000, 1.000) 1.000 (1.000, 1.000) 1.000 (1.000, 1.000)

Data set 2

Training set 13d 13 (100.000) 0 (0.000) 1.000 (1.000, 1.000) 1.000 (1.000, 1.000) 1.000 (1.000, 1.000)
2c LOO-CV 13d 13 (100.000) 0 (0.000) 1.000 (1.000, 1.000) 1.000 (1.000, 1.000) 1.000 (1.000, 1.000)

External set 3d 3 (100.000) 0 (0.000) 1.000 (1.000, 1.000) 1.000 (1.000, 1.000) 1.000 (1.000, 1.000)

a) Bin transformation of biological activity as active and inactive was performed using MLR model 9 of data set 1; b) data set
comprised four active and ten inactive compounds for the training set and LOO-CV test set and of one active and three inactive
compounds for the external test set; c) bin transformation of biological activity as active and inactive was performed using MLR
model 1 of data set 2; d) data set comprised five active and eight inactive compounds for the training set and LOO-CV test set
and of one active and two inactive compounds for the external test set.

The CSAR models essentially classify compounds
on basis of their bioactivity. It was found that rules for
classifying the bioactivity of compounds in this calcu-
lation were similar in pattern with those of DT model
2 (Fig. 6b). Particularly, nCIC was also a significant
root node easily classifying the bioactivity of com-
pounds with 100 % accuracy for the training, LOO-CV
test and external test sets (Table 11).
Similarly, QSAR and CSAR models for data set

2 were performed in a similar manner as described
above in the development of the MLR (model 2), ANN
(model 3) and SVM (model 1) models. The external
test set was randomly selected to correspond to 15 %
of samples in data set 2, which included compounds
47, 52, 57 and 60, whereas the remaining compounds
were used as the training and LOO-CV sets.
QSAR equation for the prediction of the pIC50

value of flavonoids in data set 2 as modeled by the
MLR method is shown by the following equation:

pIC50 = −0.0711(RBN)− 0.1292(nCIC)−
− 1.2339(nHDon)− 0.1141(ALogP)−

− 0.3314(Dipole) + 10.1431 (5)

where RTr = 9156, RMSETr = 0.5022, QCV = 0.8014,
RMSECV = 0.7935, F-ratio = 3.2313, QExt = 0.9683,
RMSEExt = 0.3981.
Statistical parameters of the MLR model of data

set 2 are shown in Table 10. Of particular note is that
the predictive performance of the external test set was
good with the correlation coefficient value of 0.9683
and a low root mean square error of 0.3981. A plot of
the experimental versus predicted (pIC50) values for
the 15-compound training set and the LOO-CV test
set together with the four-compound external test set
are presented in Fig. 8a.
The QSAR model for data set 2 using the ANN

approach was developed similarly as that described
previously for data set 1. First, the search for optimal

ANN parameters revealed the following values: hid-
den node of 2, learning epochs of 700, learning rate
of 0.1 and momentum of 0.1. The external test set
was comprised of compounds 47, 52, 57 and 60 as ob-
tained from random selection of 15 % of samples from
data set 2. The results in Table 10 indicate that good
model quality of ANN was achieved: RTr = 0.9912 and
RMSETr = 0.1751 for the training set, QCV = 0.8986,
RMSECV = 0.5855 and F-ratio = 6.7109 for the leave-
one out cross-validation set and QExt = 0.9782 and
RMSEExt = 0.5559 for the external test set. A plot of
the experimental versus predicted (pIC50) values for
the 14-compound training set and the LOO-CV test
set together with the four-compound external test set
are presented in Fig. 4a.
Predictive QSAR models were also developed us-

ing SVM. First, global and local grid search were per-
formed in order to obtain optimal C and γ param-
eters. Secondly, the model was validated against an
external test set (i.e., compounds 47, 52, 57 and 60).
The global grid search showed optimal values of C =
23 and γ = 2−1 while the local grid search refined the
values to C = 22.75 and γ = 2−1.25. Statistical parame-
ters of the QSAR model were as follows: RTr = 0.9989
and RMSETr = 0.0783 for the training set and QCV
= 0.9164, RMSECV = 0.5855 and F-ratio = 9.4352
for the leave-one out cross-validation set, and QExt =
0.8966 and RMSEExt = 0.7995 for the external test
set (Table 10). A plot of the experimental versus pre-
dicted (pIC50) values for the 15-compound training
set and the LOO-CV test set together with the four-
compound external test set is presented in Fig. 8b.
Classification models for distinguishing active and

inactive compounds were constructed. Compounds 52,
57 and 60 were used as the external test set for valida-
tion of the CSAR models. It was found that the clas-
sification rules of the CSAR model provided the same
pattern as DT model 2 (Fig. 6c) in which nHDon is the
root node. Such model can effectively classify the ac-
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tivity of compounds by affording 100 % accuracy for
the training set, LOO-CV test set and the external
test set, respectively (Table 11).
Results from data set 1 and 2 suggest that both

QSAR and CSAR models developed using the MLR,
ANN, SVM and DT approaches provided good perfor-
mance for the prediction of the aromatase inhibitory
property of flavonoids. Furthermore, plots of the ex-
perimental versus predicted (pIC50) values provided
high correlation coefficient and low RMSE values in
three series of the data set (i.e., training, LOO-CV
and external test sets).

Conclusions

In this study, a non-redundant set of flavonoids
with known aromatase inhibitory activities was com-
piled from the literature. Both univariate and mul-
tivariate approaches were employed to analyze and
model the bioactivity of the flavonoid derivatives. Par-
ticularly, univariate analysis provided pertinent in-
formation in regard to the essential physicochemi-
cal properties differentiating the active and inactive
compounds. The analysis revealed that active com-
pounds were generally smaller, displayed a higher de-
gree of rigidity, lower polarity and charge distribution,
and provided slightly lower electron-withdrawing ten-
dency and higher chemical reactivity than the inac-
tive ones. Multivariate analysis approaches (i.e., mul-
tiple linear regression, artificial neural network, sup-
port vector machine and decision tree analysis) em-
ployed in this study provided good predictive perfor-
mance as observed from their statistical parameters.
Taken together, the computational methodology em-
ployed herein provided a pertinent insight into the fu-
ture design of robust aromatase inhibitors.
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