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A data set of 22 curcumin derivatives with DPPH free radical scavenging activity was used for classification
and quantitative structure-activity relationship (CSAR and QSAR) study. Geometry optimization was per-
formed at B3LYP/6-31g(d) level to generate descriptors based on electronic properties, which comprised of
dipole moment, hardness, softness, energy difference of highest occupied molecular orbital energy
(HOMO) and lowest unoccupied molecular orbital energy (LUMO). CSAR models were constructed using par-
tial least squares (PLS) and support vector machine (SVM) methods for classifying compounds based on their
antioxidant activity as a function of the calculated descriptors. Descriptors based on structural property (e.g.
number of hydroxyl groups) and electronic properties were shown to be important in classifying the com-
pounds. The PLS and SVM models were 100% accurate. The descriptors were further employed in the devel-
opment of QSAR regression model using PLS, multiple linear regression (MLR), and SVM. Various data
sampling approaches and statistical parameters were employed to assess the predictivity and validity of
the developed models. CSAR models achieved accuracies in the range of 84.21 to 100% while QSAR models
exhibited correlation coefficients in the range of 0.942 and 0.999 along with root mean square error between
0.108 and 0.175. In both CSAR and QSAR studies, SVM was the best performing model for predicting the an-
tioxidant activity of curcumin derivatives. The models described herein have great potential for the rational
design of novel curcumin derivatives with promising free radical scavenging activities. Particularly, it was ob-
served for high activity compounds that the chemical stability was high as suggested by the lower hardness,
higher softness and higher HOMO–LUMOgap values than those of low activity compounds. Moreover, high ac-
tivity compounds also possessed lower dipole moment value and higher number of hydroxyl groups than
that of low activity compounds.
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1. Introduction

Free radicals are atoms with unpaired electrons and are mainly di-
vided into two groups: reactive oxygen species (ROS) and reactive ni-
trogen species (RNS) [1–3]. The roles of free radicals in normal cells
are to maintain homeostasis and to serve as signaling molecules in
cell growth, metabolism, and physiology. For example, generated
ATP from oxidative phosphorylation is used in killing microorganisms
and cancer cells. Free radicals occurring on the cellular level can be
neutralized by antioxidants, including both enzymatic (e.g. catalase,
superoxide dismutase) and non-enzymatic systems (e.g. glutathione,
antioxidant food constituents, vitamins A, C, and E) [4,5]. Excessive
free radicals can damage biological molecules, such as lipids, DNA,
and proteins leading to pathological problems [3]. In addition, free
radicals have been reported to cause cancer [6], cardiovascular dis-
eases [7], coronary heart diseases [8], and neurodegenerative diseases
[9,10]. Therefore, antioxidant compounds from natural sources have
attracted much attention due to their significant medicinal potential.

Curcumin, 1,7-bis-(4-hydroxy-3-methoxyphenyl)-1,6-heptadiene-
3,5-dione, is a polyphenolic compound and a natural phytochemical
product, which is responsible for the yellow color found in the rhizomes
of Curcuma longa Linn. (Zingiberaceae), also known as turmeric [11,12].
Themolecular structure of curcumin consists of phenolic andβ-diketone
groups. Various biological and pharmacological activities of curcumin,
such as antioxidant [13], anticancer [14], anti-inflammatory [15], antimi-
crobial [16], and antiviral properties [17] and prevention of cardiovascular
diseases [18] have been reported. Moreover, curcumin derivatives have
been synthesized to improve the anti-inflammatory, antimicrobial and
antioxidant activities [15,19–21]. It is therefore lucrative to discern such
quantitative structure-activity relationship of the curcumin derivatives
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using machine learning approaches as has successfully been demonstrat-
ed on a wide range of biological activities and properties [22–29].

The aim of this study is to investigate the molecular properties of
curcumin derivatives that is responsible for antioxidant activity, par-
ticularly the DPPH free radical scavenging activity, by means of QSAR
studies using statistical and machine learning techniques.

2. Methodology

2.1. Data set

The data set of 22 curcumin derivatives and their antioxidant ac-
tivity values as presented in Table 1 were obtained from the work
of Venkateswarlu and coworkers [19]. The structures and numberings
of the compounds are shown in Figs. 1 and 2. The DPPH free radical
scavenging values were represented by the IC50 value, which indi-
cates the pharmacological potency and represents the 50% inhibitory
concentration in inhibiting DPPH radical formation. Such values were
subjected to data transformation by taking the negative logarithm to
base 10 of the numerical indicator for the IC50 activity (− log IC50 or
pIC50) as to obtain a more uniformly distributed value. Compounds
shown in Table 1 and Figs. 1 and 2 were divided into two groups:
group A, which is composed of the low activity compounds (compounds
1–14), and group B,which consists of the high activity compounds (com-
pounds 15–22). Compounds are considered to have high antioxidant ac-
tivity if their value surpasses the threshold of IC50b10 μM or pIC50b
−1.0.

2.2. Descriptor generation

2.2.1. Construction of molecular structures
The molecular structures of the compounds were drawn using

GaussView [30] and the molecular descriptors were derived from
quantum chemical calculations performed by Gaussian 03W [31].

2.2.2. Calculation of quantum chemical descriptors
All of the molecular structures of the compounds were initially op-

timized geometrically using the semi-empirical method AM1 (Austin
Model 1). Quantum chemical calculations were performed at density
functional theory (DFT) level using Becke's three-parameter hybrid
Table 1
Value obtained for the five most important properties (variables) of 22 curcumin deriv-
atives and their respective activity values (pIC50).

Compound μ HOMO–LUMOgap η S nOH pIC50 Activity

1 4.820 −0.134 0.067 7.463 2 −1.322 Low
2 3.530 −0.141 0.071 7.092 2 −1.531 Low
3 3.793 −0.143 0.072 6.993 2 −1.519 Low
4 5.910 −0.124 0.062 8.065 2 −1.380 Low
5 3.566 −0.142 0.071 7.042 2 N−2.699 Low
6 4.228 −0.141 0.071 7.092 0 N−2.699 Low
7 5.819 −0.127 0.064 7.874 0 −1.716 Low
8 7.447 −0.133 0.067 7.519 2 −1.415 Low
9 6.721 −0.129 0.065 7.752 2 −1.407 Low
10 5.501 −0.133 0.067 7.519 2 −1.633 Low
11 4.584 −0.142 0.071 7.042 2 −1.681 Low
12 5.270 −0.139 0.070 7.194 2 −1.633 Low
13 5.122 −0.142 0.071 7.042 2 N−2.000 Low
14 3.643 −0.146 0.073 6.849 2 N−2.000 Low
15 3.277 −0.134 0.067 7.463 4 −0.778 High
16 3.949 −0.134 0.067 7.463 3 −0.845 High
17 6.099 −0.125 0.063 8.000 4 −0.903 High
18 2.758 −0.138 0.069 7.246 3 −0.881 High
19 1.995 −0.129 0.065 7.752 4 −0.732 High
20 3.507 −0.127 0.064 7.874 4 −0.799 High
21 3.901 −0.129 0.065 7.752 5 −0.716 High
22 4.116 −0.127 0.064 7.874 6 −0.663 High
method using the Lee-Yang-Parr correlation functional (B3LYP) to-
gether with the 6–31g(d) basis set, were used to fulfill the geometry
optimization using the Gaussian 03W package. The quantum chemi-
cal descriptors (variables) [32–35] obtained for model building in
this work include:

Total energy (Etotal), highest occupied molecular orbital energy
(EHOMO), lowest unoccupied molecular orbital energy (ELUMO), total
dipole moment (μ) of the molecule, the electron affinity (EA) (calcu-
lated from -ELUMO) and the ionization potential (IP) (calculated from
−EHOMO).

The energy difference of HOMO and LUMO was obtained from the
following equation:

HOMO−LUMOgap ¼ EHOMO−ELUMO ð1Þ

Mulliken electronegativity (χ) was calculated from the following
equation:

χ ¼ EHOMO þ ELUMOð Þ=2 ð2Þ

Hardness (η) was calculated from the following equation:

η ¼ ELUMO−EHOMOð Þ=2 ð3Þ

Electrophilicity (ω) was calculated from the following equation:

ω ¼ EHOMO þ ELUMO=2ð Þ2=2η ð4Þ

Softness (S) was calculated from the following equation:

S ¼ 1=2η ð5Þ

Electrophilicity index (ωi) was calculated from the following
equation:

ωi ¼ c
2
=2η ð6Þ

In addition, the mean absolute atomic charge (Qm) was calculated
from the Mulliken population analysis according to the following
equation [36]:

Qm ¼ ∑
N

a¼1
Qaj j=N ð7Þ

where |Qa| and N are the absolute value of the charges on all atoms
and the total number of atoms present in the compound, respectively.

The number of hydroxyl groups (nOH) present in the molecular
structures was also used as an important measure of the structural
features of antioxidant compounds.

2.3. Data pre-processing

Before performingmultivariate analysis, the calculated descriptors
(variables) were standardized comparable on the same scale with a
mean of zero and a standard deviation of one, according to the follow-
ing equation:

xstnij ¼ xij−xj

∑
N

i¼1
xij−xj

� �2
=N

ð8Þ

where xij
stn represents the standardized value, xij represents the value

of each sample, xj represents the mean of each descriptor, and N rep-
resents the sample size of the data set.
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Fig. 1. Molecular structures of the low activity curcumin derivatives used in this study.
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2.4. Multivariate analysis

The independent variables (e.g. quantum chemical and structural
descriptors) and the dependent variable (e.g. antioxidant activity)
were analyzed using two statistical methods, namely Multiple Linear
Regression (MLR) and Partial Least Squares (PLS), and the machine
learning approach, namely Support Vector Machine (SVM), to find
the correlation between the independent and dependent variables
of the antioxidant curcumin derivatives. The statistical analyses (e.g.
PLS and MLR) employed in this work were performed using the Un-
scrambler 9.5 software package [37] while SVM analysis was carried
out using the Waikato Environment for Knowledge Analysis (Weka),
version 3.4.5. [38]. Selection of the important variables was performed
using the jackknife method based on Martens’ uncertainty test [39,40]
as implemented in the Unscrambler program.
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Fig. 2. Molecular structures of the high activity
2.4.1. Multiple linear regression
The MLR models were calculated to obtain the following equation:

Y ¼ B0 þ∑BnXn ð9Þ

where Y is the pIC50 of the curcumin derivative compounds, B0 is the
intercept, and Bn are the regression coefficients of the descriptors Xn.

2.4.2. Partial least squares regression
The PLS models were derived from calculations using the PLS1 al-

gorithm. The PLS1 reduced the descriptors matrix to a few latent vari-
ables, known as Principal Components (PCs), which maintain the core
information from the original data set. The optimal number of PCs
was determined according to the method of Haaland and Thomas
[41] from a plot of PCs versus the mean squared error (MSE) using
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Fig. 3. The score plot of two principal components (PC1×PC2) for the 19 curcumin analogs with antioxidant activity. The PLS method separated the compounds into two groups:
low activity (group A) and high activity (group B).
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leave-one-out cross validation (LOO-CV). The MSE was calculated
according to the following equation:

MSE ¼
∑
n

i¼1
pi−aið Þ2

n
ð10Þ

where pi is the predicted output, ai is the actual output, and n is the
number of compounds present in the data set.

2.4.3. Support vector machine
SVM is a machine learning method developed by Vapnik and co-

workers based on Statistical Learning Theory [42,43], which is a pow-
erful technique for classification [44,45] and regression [23,46–49].
The SVM method, which is based on the principle of Structural Risk
Minimization (SRM), has generalization properties and is superior
when compared to the Empirical Risk Minimization (ERM) principle
of artificial neural networks (ANNs). The theory of SVM is described
Fig. 4. Three-dimensional surface plot of the coarse grid search of the percenta
in a review article [50] and by Sánchez et al. [51]. Briefly, the samples
were divided into two separate classes to create a maximum margin
(maximum distance between the plane and nearest data) by con-
structing a hyperplane in the linear data. The data was mapped onto
a high-dimensional feature space using kernel functions K(x, xi) for
finding the optimal separating hyperplane to classify the data where
the linear classification was possible.

The kernel functions used in the support vector regression includ-
ed linear, polynomial, radial base function (RBF), and sigmoid kernels.
However, the radial basis function (RBF) kernel is commonly used
according to the following equation:

K x; xið Þ ¼ exp −γ
���x−xi

���2
� �

ð11Þ

The SVM regression analysis was performed using Weka. John
Platt's Sequential Minimal Optimization was used for support vector
classification while Alex Smola and Bernhard Scholkopf's Sequential
ge of the correctly classified compounds vs. C and γ by the SVM method.



Table 2
The results of the SVM classification model for curcumin derivatives.

Method Global grid
search

Local grid search Accuracy
(% Correct)

C γ C γ

SVM (N=19)
LOO-CV 5 −1 – – 100
2-fold CV 9 −9 10.75 −10.75 84.21
4-fold CV 7 −3 6.5 −3 100
8-fold CV 9 −5 – – 100
10-fold CV 7 −3 – – 100

SVM (N=16)
LOO-CV 5 −1 – – 100
2-fold CV 5 −3 – – 100
4-fold CV 7 −3 – – 100
8-fold CV 7 −3 – – 100
10-fold CV 5 −1 – – 100

Compounds 3, 15, 20 used as external validation for SVMmodel (N=16) showed 100%
correct in classifying antioxidant activity.

Table 3
Statistical qualities of the PLS, MLR, and SVM models of 19 curcumin derivatives.

Method rTr
a rCV

b RMSTrc RMSCVd F ratioe

PLS 0.962 0.929 0.120 0.163 16.384
MLR 0.938 0.940 0.162 0.159 19.737
SVM 0.970 0.954 0.116 0.135 26.326

a rTr: correlation coefficient of training set.
b rCV: correlation coefficient of leave-one-out cross validation testing set.
c RMSCV: root mean square error of training set.
d RMSTr: square error of testing set.
e Critical F value at the 95% confidence level with 5 and 13 degrees of freedom is

3.025.
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Minimal Optimization was used for support vector regression. The
two parameters of the RBF kernel, the complexity parameter (C)
and gamma parameter (γ), were optimized for finding the ideal con-
figuration of the SVM model. This machine learning method was per-
formed by two-level grid searches consisting of i) a coarse grid search
performed by exponentially adjusting the values of C and γ and ii) a
local grid search of the optimal regions discovered in the coarse grid
search were selected for refinement of the model.
2.4.4. Data sampling
Leave-one-out cross-validation (LOO-CV) was used as a data sam-

pling approach to separate the data set as training and testing sets.
LOO-CV is a practical and reliable method for testing significance as
well as makes the most use of the available small data set. Briefly, one
Fig. 5. Plot of the predicted and experimental activity (pIC50) for the training set (□; regress
regression line is represented as a solid line) of the PLS (a) and MLR (b) method.
data sample was left out and used as the testing set and the remaining
N−1 samples were used as the training set. In this respect, each mem-
ber of the data set had a chance to be used as the testing set to predict
the dependent variable, Y. Additional data sampling approaches were
performed to evaluate the predictive performance of the developed
QSAR model by employing 2, 4, 8 and 10-fold cross validation. Further-
more, to truly evaluate the predictive power of the QSAR model on un-
known data, an external testing set was employed.

2.4.5. Statistical analysis
Sample outliers were identified using ±2 standardized residual as

cutoff criteria where values exceeding the cutoff will be removed.
Standardization of the residuals (difference of actual and predicted
values) was calculated according to Eq. (8).

The accuracy of the classification model was computed as follows:

Accuracy ¼ TP þ TN
TP þ TN þ FP þ FN

ð12Þ

where TP is the true positives, TN is the true negatives, FP is the false
positives, and FN is the false negatives.

3. Results and discussion

3.1. Classification models of antioxidant curcumin derivatives using PLS
and SVM

Prior to model development, the descriptor matrix of independent
variables was standardized according to Eq. (8) and reduced to a few
latent variables (referred to as PCs) using Eq. (10). Compounds 5, 6,
and 10 were identified as outliers as indicated by standardized resid-
ual values greater than ±2. Therefore, the remaining 19 compounds
were used for further multivariate analysis. Identification of impor-
tant descriptors was performed to obtain good classification model
of compounds having high and low antioxidant activity. It should be
noted that the quantum chemical descriptors used in this study
were previously shown to be useful in modeling anti-HIV activity
[52], cytotoxicity against cancer [53], anti-Trypanosoma cruzi [54],
peroxynitrite scavenging [55] and spectral properties of green fluo-
rescent protein [24]. Thus, the best variables for classifying com-
pounds were elucidated by Martens’ uncertainty test [39,40] to be 4
electronic properties (e.g. μ, η, S, HOMO-LUMOgap) and 1 structural
property (e.g. nOH) as shown in Table 1.

Dipole moment is a quantity used to describe the polarity of mol-
ecules to account for the asymmetric electron localization within the
molecule. As shown in Table 1, μ was revealed to have relatively low
ion line is represented as dotted line) and the leave-one-out cross-validated test set (■;

image of Fig.�5


Table 4
The experimental and predicted activities (pIC50) determined by three regression
methods of 19 curcumin derivatives.

Compound Experimental
(pIC50)
activity

Predicted (pIC50) activity

PLS MLR SVM

1 −1.322 −1.247 −1.207 −1.300
2 −1.531 −1.509 −1.530 −1.525
3 −1.519 −1.741 −1.712 −1.690
4 −1.380 −1.463 −1.308 −1.357
5 N−2.699 − − −
6 N−2.699 − − −
7 −1.716 −1.523 −1.414 −1.835
8 −1.415 −1.540 −1.319 −1.617
9 −1.407 −1.371 −1.234 −1.400
10 −1.633 − − −
11 −1.681 −1.695 −1.668 −1.700
12 −1.633 −1.525 −1.480 −1.591
13 N−2.000 N−1.690 N−1.697 N−1.736
14 N−2.000 N−1.947 N−1.998 N−1.812
15 −0.778 −0.807 −0.918 −0.861
16 −0.845 −1.049 −1.057 −1.061
17 −0.903 −1.196 −1.179 −1.067
18 −0.881 −1.129 −1.179 −1.121
19 −0.732 −0.547 −0.773 −0.641
20 −0.799 −0.783 −0.877 −0.846
21 −0.716 −0.625 −0.773 −0.697
22 −0.663 −0.454 −0.704 −0.585
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values for high activity compounds and vice versa for low activity
compounds. Hardness is an indicator used in accounting for the stability
of the molecular system and is the inverse of softness. High activity
compounds have lower hardness and higher softness than compounds
with low activity. HOMO–LUMOgap is essentially the necessary energy
to promote an electron from the highest occupied molecular orbital to
the lowest unoccupied molecular orbital, thereby serving as a measure
of the energy stabilization within a system as well as a measure of the
chemical reactivity of compounds. As shown in Table 1, the values of
HOMO–LUMOgap were found to be higher in high activity compounds
than in the low activity compounds. The number of hydroxyl groups
in polyhydroxy curcumins is an important measure of free radical scav-
engers where compounds with high activity were found to have more
hydroxyl groups.

The PLS calculation yielded the first four principal components
(PC1, PC2, PC3, and PC4), describing 100% of the total variance as fol-
lows: PC1=49.683%, PC2=44.732%, PC3=5.585% and PC4=0.000%.
Fig. 6. Three-dimensional surface plot of the coarse grid search (a) and the local
The optimal component was found to be PC4. The score plots of the
principal components (PC1 versus PC2) are shown in Fig. 3. It can
be clearly seen that the plotwas able to distinctively separate the curcu-
min derivatives into two groups, A and B. Group A comprises of curcu-
min derivatives with low antioxidant activity (compounds 1–4, 7–9,
and 11–14) while group B contains curcumin derivatives with high an-
tioxidant activity (compounds 15–22). Particularly, the results indicated
that PC1 is greater than 0 for high activity compounds and PC1 is less
than 0 for low activity compounds.

In developing the QSAR classification model, 5 descriptors (μ, η, S,
HOMO–LUMOgap and nOH) and 19 compounds selected from the PLS1
model were then used for SVM calculation. The LOO-CV approach was
used for data sampling and the accuracy of the SVM classification
model was determined according to Eq. (12). Parameter optimization
was performed to obtain the best SVM classification model. Values of
the complexity parameter (C) and the gamma parameter (γ) of the
RBF kernels were optimized in order to determine regions of the pa-
rameter space affording good accuracy. This was performed in two
phases. Firstly, during the global grid search, the C and γ were varied
from −15 to 15 in increments of 2n. The optimal parameters were
found to be C=5 and γ=−1, with the prediction accuracy for the
training and testing sets being 100%. A 3D surface plot of the accuracy
of the model is presented in Fig. 4 and the results of the SVM classifi-
cation are displayed in Table 2. Owing to the accuracy of 100% that
was achieved during the initial coarse search, we did not perform any
further refinement searches. Several data sampling methods compris-
ing of 2, 4, 8 and 10-fold cross-validationwere used to evaluate the pre-
dictive performance of the QSAR model on the 19 tested compounds
and the results suggested that almost all of the cross-validation
method performed well with accuracies of 100% (Table 2). To further
evaluate the external predictivity of the QSAR models, an external
testing set was constructed by randomly selecting 3 compounds. As
a result, the remaining 16 samples were used as the training set for
QSAR model development. At the same time, the five types of
cross-validation methods comprising of 2, 4, 8 and 10-fold CV as
well as LOO-CV were tested on the new set of 16 compounds
(Table 2). Favorable results were achieved, as all methods were
able to attain an accuracy of 100%. Such models were calculated
using optimal parameters obtained from two phases of parameter
optimization search. This is followed by a set of five calculations
tested against the external testing set where the QSAR models
were trained on the 16 sample training set while employing optimal
parameters obtained from the previously described parameter
search for each of the five cross-validation methods. Similarly, the
grid search (b) of the correlation coefficient vs. C and γ by the SVM method.

image of Fig.�6


Table 5
Statistical qualities of the SVM models.

Method Global grid
search

Local grid search Training set Cross-validation testing set External testing set

C γ C γ r RMS r RMS F ratio r RMS

SVM (N=19)a

LOO-CV 3 −3 2.25 −2.5 0.970 0.116 0.954 0.135 26.326 – –

2-fold CV 9 −5 7.75 −4.5 0.979 0.092 0.959 0.125 29.771 – –

4-fold CV 3 −3 1.5 −2 0.969 0.117 0.944 0.145 21.283 – –

8-fold CV 1 −1 1.25 −1.5 0.973 0.108 0.952 0.136 25.149 – –

10-fold CV 3 −3 1 −1.75 0.969 0.117 0.956 0.132 27.610 – –

SVM (N=16)b

LOO-CV 19 −7 21 −8 0.992 0.057 0.964 0.118 26.287 0.975 0.175
2-fold CV 3 −1 2 −1 0.990 0.064 0.942 0.158 15.756 0.993 0.155
4-fold CV 3 −1 1.75 −0.25 0.993 0.056 0.945 0.154 16.696 0.987 0.172
8-fold CV 3 −3 1 −1.75 0.969 0.121 0.955 0.141 20.734 0.999 0.108
10-fold CV 3 −3 1 −1.75 0.969 0.121 0.956 0.140 21.239 0.999 0.108

a Critical F value at the 95% confidence level with 5 and 13 degrees of freedom is 3.025 for data set with N=19.
b Critical F value at the 95% confidence level with 5 and 10 degrees of freedom is 3.326 for data set with N=16. Compounds 3, 15, 20 used as external validation for SVM model

(N=16).
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QSARmodel trained on the 16 sample training set performed well on
the external testing set on all five calculations yielding an accuracy of
100%.
3.2. Regression analysis of antioxidant curcumin derivatives by PLS, MLR
and SVM

The same set of 5 descriptors and 19 curcumin derivatives were in-
cluded in the regression analysis by means of PLS1, MLR, and SVM. The
molecular descriptors used in the multivariate analysis are shown in
Table 1 and the statistical qualities, particularly the r and RMS values,
of the PLS1 and MLR models are listed in Table 3. A plot of the experi-
mental versus the predicted values of pIC50 for PLS and MLR model
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Fig. 7. Plot of the predicted and experimental activity (pIC50) for the training set (□; regressi
is represented as a solid line) of LOO-CV (a), 2-fold CV (b), 4-fold CV (c), 8-fold CV (d) and
are shown in Fig. 5a and b, respectively while their predicted values
are given in Table 4.

SVM regression was performed on the 19 compound data set
using LOO-CV as the data sampling approach. A search for the suitable
parameters was carried out in a stepwise manner. Initially, a global
grid search of the C and γ values were increased by 2n where n=
−15 to 15. The optimal parameters were found to be C=3 and γ=
−3, as shown in Fig. 6a, with the optimal region being within the cir-
cle area (training set: r=0.969, RMS=0.117 and testing set:
r=0.953, RMS=0.137). Next, a local grid search was performed
and their optimal values were determined to be C=2.25 and γ=
−2.5 as shown in Fig. 6b as highlighted within the circle area and
the predictive performance (training set: r=0.970, RMS=0.116
and testing set: r=0.954, RMS=0.135) are shown in Table 3. The
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Table 6
The experimental and predicted activities (pIC50) of 19 curcumin derivatives deter-
mined by SVM method.

Compound Experimental
(pIC50)
activity

Predicted (pIC50) activity

LOO-CV 2-fold
CV

4-fold
CV

8-fold
CV

10-fold
CV

1 −1.322 −1.300 −1.174 −1.266 −1.262 −1.298
2 −1.531 −1.525 −1.461 −1.588 −1.503 −1.519
3 −1.519 −1.690 −1.757 −1.708 −1.696 −1.690
4 −1.380 −1.357 −1.354 −1.291 −1.256 −1.341
5 N−2.699 – – – – –

6 N−2.699 – – – – –

7 −1.716 −1.835 −1.673 −1.667 −1.660 −1.706
8 −1.415 −1.617 −1.621 −1.592 −1.566 −1.608
9 −1.407 −1.400 −1.277 −1.309 −1.345 −1.401
10 −1.633 – – – – –

11 −1.681 −1.700 −1.752 −1.738 −1.718 −1.715
12 −1.633 −1.591 −1.592 −1.615 −1.581 −1.593
13 N−2.000 N−1.736 N−1.764 N−1.730 N−1.736 N−1.734
14 N−2.000 N−1.812 N−1.879 N−1.785 N−1.752 N−1.781
15 −0.778 −0.861 −0.748 −0.877 −0.868 −0.857
16 −0.845 −1.061 −0.921 −1.072 −1.061 −1.061
17 −0.903 −1.067 −1.059 −1.043 −1.058 −1.035
18 −0.881 −1.121 −0.978 −1.148 −1.069 −1.132
19 −0.732 −0.641 −0.617 −0.737 −0.669 −0.649
20 −0.799 −0.846 −0.810 −0.823 −0.851 −0.843
21 −0.716 −0.697 −0.634 −0.603 −0.627 −0.701
22 −0.663 −0.585 −0.542 −0.537 −0.583 −0.644
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predicted pIC50 values of the compounds by the three methods are
displayed in Table 4. Results indicated that SVM (rCV and RMSCV of
0.954 and 0.135) outperformed both PLS (rCV and RMSCV of 0.929
and 0.163) and MLR (rCV and RMSCV of 0.940 and 0.159) approaches
and was therefore used for further investigations.

Further evaluation on the predictive performance of the QSAR
model on the 19 compound data set was performed using several data
sampling approaches including 2, 4, 8 and 10-fold cross-validation. All
cross-validation methods achieved good performance with rCV in
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Fig. 8. Plot of the predicted and experimental activity (pIC50) for the training set (□; regress
represented as a solid line) and the external testing set (△) of LOO-CV (a), 2-fold CV (b), 4
excess of 0.944, particularly all approaches except for 4-fold CV
achieved performance with rCV between 0.952 and 0.959 (Table 5).
A scatter plot of the experimental versus predicted values is pre-
sented in Fig. 7a–e while their predicted values are shown in
Table 6. The external predictivity of the QSAR models were assessed
through the use of an external testing set that was constructed by
random selection of 3 compounds. Consequently, the remaining 16
compounds were used as the training set for QSAR model develop-
ment. Prior to testing on the external test set, the 16 sample data
set was calculated using five types of cross-validation methods,
which included 2, 4, 8 and 10-fold CV as well as LOO-CV (Table 5). It
should be noted that parameter optimization of the C and γ parame-
ters were performed for all the calculated QSAR models. Subsequent-
ly, the 16 sample training set was tested on the external testing set on
five separate calculations with each using different optimal parame-
ters from each of the five cross-validation runs. The predictive perfor-
mance for these five calculations resulted in high accuracy as
observed from rCV that is in excess of 0.975 to as high as 0.999
(Table 5). Fig. 8a–e represented plots of the experimental against pre-
dicted values for the 16 compounds data set while the predicted
values of the external testing set are shown in Table 7.

4. Conclusions

Perturbation to host systems may compromise the intricate bal-
ance between oxidants and antioxidants to give rise to a plethora of
disease related to oxidative stress. It is therefore, a major endeavor
to seek out ways to combat the deleterious effects caused by free rad-
icals. This study has demonstrated the potential usage of QSAR as a
useful tool in modeling the antioxidant activities of a set of curcumin
derivatives with traditional statistical approaches, such as MLR and
PLS, as compared to machine learning method, namely SVM. Results
demonstrated that SVM is a robust method for predicting the free
radical scavenging activity of curcumin derivatives as verified by sev-
eral cross-validation methods. The molecular descriptors used to
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Table 7
The experimental and predicted activities (pIC50) of 16 curcumin derivatives deter-
mined by SVM method.

Compound Experimental
(pIC50) activity

Predicted (pIC50) activity

LOO-CV 2-fold
CV

4-fold
CV

8-fold
CV

10-fold
CV

1 −1.322 −1.135 −1.176 −1.228 −1.310 −1.310
2 −1.531 −1.502 −1.472 −1.397 −1.520 −1.614
3^ −1.519 −1.758 −1.768 −1.783 −1.685 −1.685
4 −1.380 −1.380 −1.332 −1.265 −1.343 −1.343
5 N−2.699 – – – – –

6 N−2.699 – – – – –

7 −1.716 −1.935 −1.646 −1.772 −1.721 −1.721
8 −1.415 −1.498 −1.568 −1.596 −1.581 −1.581
9 −1.407 −1.308 −1.324 −1.301 −1.384 −1.384
10 −1.633 – – – – –

11 −1.681 −1.796 −1.677 −1.714 −1.676 −1.676
12 −1.633 −1.673 −1.500 −1.562 −1.588 −1.588
13 N−2.000 N−1.759 N−1.714 N−1.664 N−1.725 N−1.725
14 N−2.000 N−1.98 N−1.715 N−1.753 N−1.791 N−1.795
15^ −0.778 −0.687 −0.729 −0.689 −0.857 −0.857
16 −0.845 −0.956 −0.995 −1.000 −1.070 −1.070
17 −0.903 −1.076 −1.009 −1.062 −1.083 −1.068
18 −0.881 −0.861 −1.161 −1.077 −1.164 −1.164
19 −0.732 −0.757 −0.606 −0.736 −0.691 −0.730
20^ −0.799 −0.961 −0.885 −0.904 −0.836 −0.836
21 −0.716 −0.668 −0.589 −0.614 −0.711 −0.711
22 −0.663 −0.732 −0.778 −0.772 −0.669 −0.669

^ used as external testing set.
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describe the physicochemical profiles of the curcumin derivatives could
broadly account for the substituent effects in terms of electron density
(e.g. dipolemoment), chemical reactivity (e.g. HOMO-LUMOgap), chem-
ical stability (e.g. hardness and softness) and functional group substitu-
ents (e.g. nOH). It is anticipated that the findings described herein could
potentially be applied for the design of novel antioxidants based on cur-
cumin derivatives.

Acknowledgements

This project was financially supported in part by a research grant
from Mahidol University (B.E. 2551-2555). This project is supported
by the Office of the Higher Education Commission andMahidol Univer-
sity under the National Research Universities Initiative. C.N. gratefully
acknowledges financial support from Goal-oriented Research Project
Grant of Mahidol University and Science and Technology Research
Grant from the Thailand Toray Science Foundation. A.W. is supported
by the Royal Golden Jubilee (Ph.D.) scholarship of the Thailand Research
Fund under the supervision of V.P.

References

[1] T.P. Devasagayam, J.C. Tilak, K.K. Boloor, K.S. Sane, S.S. Ghaskadbi, R.D. Lele, Free
radicals and antioxidants in human health: current status and future, The Journal
of the Association of Physicians of India 52 (2004) 794–804.

[2] H.K. Biesalski, Free radical theory of aging, Current Opinion in Clinical Nutrition
and Metabolic Care 5 (2002) 5–10.

[3] M. Valko, D. Leibfritz, J. Moncol, M.T. Cronin, M. Mazur, J. Telser, Free radicals and
antioxidants in normal physiological functions and human disease, The Interna-
tional Journal of Biochemistry & Cell Biology 39 (2007) 44–84.

[4] P.G. Winyard, C.J. Moody, C. Jacob, Oxidative activation of antioxidant defence,
Trends in Biochemical Sciences 30 (2005) 453–461.

[5] T.P. Devasagayam, K.B. Sainis, Immune system and antioxidants, especially those
derived from Indian medicinal, Indian Journal of Experimental Biology 40 (2002)
639–655.

[6] R. Franco, O. Schoneveld, A.G. Georgakilas, M.I. Panayiotidis, Oxidative stress, DNA
methylation and carcinogenesis, Cancer Letters 266 (2008) 6–11.

[7] M.M. Elahi, B.M. Matata, Free radicals in blood: evolving concepts in the mecha-
nism of ischemic heart, Archives of Biochemistry and Biophysics 450 (2006)
78–88.

[8] D. Jay, H. Hitomi, K.K. Griendling, Oxidative stress and diabetic cardiovascular
complications, Free Radical Biology & Medicine 40 (2006) 183–192.
[9] E. Trushina, C.T. McMurray, Oxidative stress and mitochondrial dysfunction in
neurodegenerative diseases, Neuroscience 145 (2007) 1233–1248.

[10] G. Perry, A. Nunomura, K. Hirai, X. Zhu, M. Pérez, J. Avila, R.J. Castellani, C.S. Atwood,
G. Aliev, L.M. Sayre, A. Takeda, M.A. Smith, Is oxidative damage the fundamental
pathogenic mechanism of Alzheimer's and other neurodegenerative diseases? Free
Radical Biology & Medicine 33 (2002) 1475–1479.

[11] G.K. Jayaprakasha, L. Jagan Mohan Rao, K.K. Sakariah, Chemistry and biological activi-
ties of C. longa, Trends in Food Science and Technology 16 (2005) 533–548.

[12] C.C. Araújo, L.L. Leon, Biological activities of Curcuma longa L, Memórias do Insti-
tuto Oswaldo Cruz 96 (2001) 723–728.

[13] J.C. Tilak, M. Banerjee, H. Mohan, T.P. Devasagayam, Antioxidant availability of
turmeric in relation to its medicinal and culinary uses, Phytotherapy Research
18 (2004) 798–804.

[14] A. Simon, D.P. Allais, J.L. Duroux, J.P. Basly, S. Durand-Fontanier, C. Delage, Inhibitory
effect of curcuminoids on MCF-7 cell proliferation and structure-activity relation-
ships, Cancer Letters 129 (1998) 111–116.

[15] C. Selvam, S.M. Jachak, R. Thilagavathi, A.K. Chakraborti, Design, synthesis, biolog-
ical evaluation and molecular docking of curcumin analogues as antioxidant, cy-
clooxygenase inhibitory and anti-inflammatory agents, Bioorganic & Medicinal
Chemistry Letters 15 (2005) 1793–1797.

[16] S. Han, Y. Yang, Antimicrobial activity of wool fabric treated with curcumin, Dyes
and Pigments 64 (2005) 157–161.

[17] S.B. Kutluay, J. Doroghazi, M.E. Roemer, S.J. Triezenberg, Curcumin inhibits herpes
simplex virus immediate-early gene expression by a mechanism independent of
p300/CBP histone acetyltransferase activity, Virology 373 (2008) 239–247.

[18] W. Wongcharoen, A. Phrommintikul, The protective role of curcumin in cardio-
vascular diseases, International Journal of Cardiology 133 (2009) 145–151.

[19] S. Venkateswarlu, M.S. Ramachandra, G.V. Subbaraju, Synthesis and biological
evaluation of polyhydroxycurcuminoids, Bioorganic & Medicinal Chemistry 13
(2005) 6374–6380.

[20] G. Liang, S. Yang, L. Jiang, Y. Zhao, L. Shao, J. Xiao, F. Ye, Y. Li, X. Li, Synthesis and
anti-bacterial properties of mono-carbonyl analogues of curcumin, Chemical and
Pharmaceutical Bulletin 56 (2008) 162–167.

[21] G. Liang, S. Yang, H. Zhou, L. Shao, K. Huang, J. Xiao, Z. Huang, X. Li, Synthesis, crys-
tal structure and anti-inflammatory properties of curcumin, European Journal of
Medicinal Chemistry 44 (2009) 915–919.

[22] C. Nantasenamat, C. Isarankura-Na-Ayudhya, T. Naenna, V. Prachayasittikul,
Quantitative structure-imprinting factor relationship of molecularly imprinted
polymers, Biosensors and Bioelectronics 22 (2007) 3309–3317.

[23] C. Nantasenamat, C. Isarankura-Na-Ayudhya, T. Naenna, V. Prachayasittikul, Pre-
diction of bond dissociation enthalpy of antioxidant phenols by support vector
machine, Journal of Molecular Graphics and Modelling 27 (2008) 188–196.

[24] C. Nantasenamat, C. Isarankura-Na-Ayudhya, N. Tansila, T. Naenna, V. Prachayasittikul,
Prediction of GFP spectral properties using artificial neural network, Journal of Com-
putational Chemistry 28 (2007) 1275–1289.

[25] C. Nantasenamat, T. Piacham, T. Tantimongcolwat, T. Naenna, C. Isarankura-
Na-Ayudhya, V. Prachayasittikul, QSAR model of the quorum-quenching
N-acyl-homoserine lactone lactonase activity, Journal of Biological Systems
16 (2008) 279–293.

[26] T. Piacham, C. Isarankura-Na-Ayudhya, C. Nantasenamat, S. Yainoy, L. Ye, L.
Bülow, V. Prachayasittikul, Metalloantibiotic Mn(II)-bacitracin complex mimick-
ing manganese superoxide dismutase, Biochemical and Biophysical Research
Communications 341 (2006) 925–930.

[27] C. Thippakorn, T. Suksrichavalit, C. Nantasenamat, T. Tantimongcolwat, C. Isarankura-
Na-Ayudhya, T. Naenna, V. Prachayasittikul, Modeling the LPS neutralization activity
of anti-endotoxins, Molecules 14 (2009) 1869–1888.

[28] A. Worachartcheewan, C. Nantasenamat, T. Naenna, C. Isarankura-Na-Ayudhya, V.
Prachayasittikul, Modeling the activity of furin inhibitors using artificial neural
network, European Journal of Medicinal Chemistry 44 (2009) 1664–1673.

[29] S. Prachayasittikul, O. Wongsawatkul, A. Worachartcheewan, C. Nantasenamat, S.
Ruchirawat, V. Prachayasittikul, Elucidating the structure-activity relationships of
the vasorelaxation and antioxidationproperties of thionicotinic acid derivatives,
Molecules 15 (2010) 198–214.

[30] R. Dennington II, T. Keith, J.Millam, K. Eppinnett,W.L. Hovell, R. Gilliland, GaussView,
Version 3.09, Semichem, Inc., Shawnee Mission, KS, USA, 2003.

[31] M.J. Frisch, G.W. Trucks, H.B. Schlegel, G.E. Scuseria, M.A. Robb, J.R. Cheeseman, J.J.
A. Montgomery, T. Vreven, K.N. Kudin, J.C. Burant, J.M. Millam, S.S. Iyengar, J.
Tomasi, V. Barone, B. Mennucci, M. Cossi, G. Scalmani, N. Rega, G.A. Petersson,
H. Nakatsuji, M. Hada, M. Ehara, K. Toyota, R. Fukuda, J. Hasegawa, M. Ishida, T.
Nakajima, Y. Honda, O. Kitao, H. Nakai, M. Klene, X. Li, J.E. Knox, H.P. Hratchian,
J.B. Cross, V. Bakken, C. Adamo, J. Jaramillo, R. Gomperts, R.E. Stratmann, O.
Yazyev, A.J. Austin, R. Cammi, C. Pomelli, J.W. Ochterski, P.Y. Ayala, K. Morokuma,
G.A. Voth, P. Salvador, J.J. Dannenberg, V.G. Zakrzewski, S. Dapprich, A.D. Daniels,
M.C. Strain, O. Farkas, D.K. Malick, A.D. Rabuck, K. Raghavachari, J.B. Foresman, J.V.
Ortiz, Q. Cui, A.G. Baboul, S. Clifford, J. Cioslowski, B.B. Stefanov, G. Liu, A. Liashenko,
P. Piskorz, I. Komaromi, R.L. Martin, D.J. Fox, T. Keith, M.A. Al-Laham, C.Y. Peng, A.
Nanayakkara, M. Challacombe, P.M.W. Gill, B. Johnson, W. Chen, M.W. Wong,
C. Gonzalez, J.A. Pople, Gaussian 03, Revision C.02, Gaussian, Inc., Wallingford
CT, 2004.

[32] R.G. Parr, L.v. Szentpaly, S. Liu, Electrophilicity index, Journal of the American
Chemical Society 121 (1999) 1922–1924.

[33] R.G. Parr, R.G. Pearson, Absolute hardness: companion parameter to absolute
electronegativity, Journal of the American Chemical Society 105 (1983)
7512–7516.

[34] R.G. Parr, R.A. Donnelly, M. Levy, W.E. Palke, Electronegativity: the density func-
tional viewpoint, Journal of Chemical Physics 68 (1978) 3801–3807.



216 A. Worachartcheewan et al. / Chemometrics and Intelligent Laboratory Systems 109 (2011) 207–216
[35] P. Thanikaivelan, V. Subramanian, J. Raghava Rao, B. Unni Nair, Application of
quantum chemical descriptor in quantitative structure activity and structure
property relationship, Chemical Physics Letters 323 (2000) 59–70.

[36] M. Karelson, V.S. Lobanov, A.R. Katritzky, Quantum-chemical descriptors in QSAR/
QSPR studies, Chemical Reviews 96 (1996) 1027–1044.

[37] The Unscrambler, version 9.5, Camo Process As, Norway, 2006.
[38] I.H.Witten, E. Rrank, DataMining: Practical Machine Learning Tools and Techniques,

2nd ed. Morgan Kaufmann, San Francisco, USA, 2005.
[39] H. Martens, M. Martens, Modified Jack-knife estimation of parameter uncertainty

in bilinear modelling by partial least squares regression (PLSR), Food Quality and
Preference 11 (2000) 5–16.

[40] S. Wold, M. Sjöström, L. Eriksson, PLS-regression: a basic tool of chemometrics,
Chemometrics and Intelligent Laboratory Systems 58 (2001) 109–130.

[41] D.M. Haaland, E.V. Thomas, Partial least-square methods for spectral analyses. 1.
Relations to other quantitative calibrationmethods and the extraction of qualitative
information, Analytical Chemistry 60 (1988) 1193–1202.

[42] C. Cortes, V. Vapnik, Support-vector network, Machine Learning 20 (1995)
273–297.

[43] V. Vapnik, Statistical Learning Theory, Wiley, New York, USA, 1998.
[44] H. Du, J.Wang, J.Watzl, X. Zhang, Z. Hu, Classification structure–activity relationship

(CSAR) studies for prediction of genotoxicity of thiophene derivatives, Toxicology
Letters 177 (2008) 10–19.

[45] H.X. Liu, R.S. Zhang, X.J. Yao, M.C. Liu, Z.D. Hu, B.T. Fan, QSAR and classification
models of a novel series of COX-2 selective inhibitors: 1,5-diarylimidazoles
based on support vector machines, Journal of Computer-Aided Molecular Design
18 (2004) 389–399.

[46] B. Niu, W.C. Lu, S.S. Yang, Y.D. Cai, G.Z. Li, Support vector machine for SAR/QSAR of
phenethyl-amines, Acta Pharmacologica Sinica 28 (2007) 1075–1086.
[47] N. Dong, W.C. Lu, N.Y. Chen, Y.C. Zhu, K.X. Chen, Using support vector classification
for SAR of fentanyl derivatives, Acta Pharmacologica Sinica 26 (2005) 107–112.

[48] C.Y. Zhao, H.X. Zhang, X.Y. Zhang, M.C. Liu, Z.D. Hu, B.T. Fan, Application of sup-
port vector machine (SVM) for prediction toxic activity of different data sets, Tox-
icology 217 (2006) 105–119.

[49] X. Li, F. Luan, H. Si, Z. Hu, M. Liu, Prediction of retention times for a large set of pes-
ticides or toxicants based on support vector machine and the heuristic method,
Toxicology Letters 175 (2007) 136–144.

[50] A.Widodo, B.S. Yang, Support vector machine inmachine conditionmonitoring and
fault diagnosis, Mechanical Systems and Signal Processing 21 (2007) 2560–2574.

[51] V.D. Sánchez, Advanced support vector machines and kernel methods, Neuro-
computing 55 (2003) 5–20.

[52] J. Lameira, C.N. Alves, V. Moliner, E. Silla, A density functional study of flavonoid
compounds with anti-HIV activity, European Journal of Medicinal Chemistry 41
(2006) 616–623.

[53] H.L. Yang, G.H. Chen, Y.Q. Li, A quantum chemical and statistical study of ganoderic
acids with cytotoxicity, European Journal of Medicinal Chemistry 40 (2005) 972–976.

[54] V.R.S. Malta, A.V. Pinto, F.A. Molfetta, K.M. Honório, C.A. de Simone, M.A. Pereira,
R.H.A. Santos, A.B.F. da Silva, The influence of electronic and steric effects in the
structure–activity relationship (SAR) study of quinone compounds with biologi-
cal activity against Trypanosoma cruzi, Journal of Molecular Structure (THEO-
CHEM) 634 (2003) 271–280.

[55] A.K. Calgarotto, S. Miotto, K.M. Honório, A.B.F. da Silva, S. Marangoni, J.L. Silva, M.
Comar Jr., K.M.T. Oliveira, S.L. da Silva, A multivariate study on flavonoid com-
pounds scavenging the peroxynitrite free radical, Journal of Molecular Structure
(THEOCHEM) 808 (2007) 25–33.


	Predicting the free radical scavenging activity of curcumin derivatives
	1. Introduction
	2. Methodology
	2.1. Data set
	2.2. Descriptor generation
	2.2.1. Construction of molecular structures
	2.2.2. Calculation of quantum chemical descriptors

	2.3. Data pre-processing
	2.4. Multivariate analysis
	2.4.1. Multiple linear regression
	2.4.2. Partial least squares regression
	2.4.3. Support vector machine
	2.4.4. Data sampling
	2.4.5. Statistical analysis


	3. Results and discussion
	3.1. Classification models of antioxidant curcumin derivatives using PLS and SVM
	3.2. Regression analysis of antioxidant curcumin derivatives by PLS, MLR and SVM

	4. Conclusions
	Acknowledgements
	References


