
1. Introduction
Coumarins are found in nature in a great variety of plants 
where they have an important effect on plant biochemistry 
and physiology. They are involved in many metabolic 
processes [1]. Their antioxidant [2], anti-inflammatory [3] 
and antiviral activities [4] have been studied previously. 
The hydroxycoumarins are some of the most active 
compounds from the coumarin family, previously being 
used as chelators and radical scavengers [5]. Some 
hydroxycoumarins perform single-electron reduction 
of free radicals, in which the phenoxyl radical can be 
stabilized by bulky or electron-withdrawing groups on 

the ring system or by the reduction caused by another 
hydroxy group to generate and stabilize the quinone-like 
product [6]. This mechanism is common in most vitamin 
E-like antioxidants, although not all coumarins tested for 
antiradical activity follow such mechanism [7].

The production of free radicals in mammals is promoted 
by environmental chemicals, stress or even metabolic 
processes capable of oxidizing biomolecules, resulting 
in inflammation, coronary heart disease and cancer 
[8]. For this reason the development of new antioxidant 
compounds are of much interest in medicinal chemistry.

The production of reactive oxygen species (ROS) 
is associated with some redox enzymatic processes, 
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including the activation of NADPH oxidase, phagocyte 
oxidase (PhOx) [9], kinase protein [10] and the xanthine 
oxidase (XO) [11]. The O2 and H2O2 produced by the 
XO enzyme are associated with oxidative stress in 
inflammatory process, e.g. in arthrosclerosis. The 
inhibition of the XO enzyme prevents the development 
of endothelial dysfunction and atherosclerosis in mice 
[12].

In pharmacology, the use of in silico techniques like 
molecular docking and quantitative structure activity 
relationships (QSAR) has improved the process of selecting 
a number of quality compounds to test on biological 
systems [13]. QSAR is a powerful tool for the discovery of 
the underlying relationship between a molecular structure 
and the biological activity of a compound, supported by 
rigorous statistical parameters [14]. 

QSAR studies using density functional theory 
(DFT) descriptors such as hardness, softness and 
electrophilicity have been accurate when predicting 
DPPH• radical scavenging in systems like flavonoids, 
flavones and hydroxychalcones [15,16]. 

The present study works on the elucidation of the 
relationship between molecular structure of a series 
of coumarins (Fig. 1) and their ability to scavenge 
1,1-diphenyl-2-picrylhydrazyl (DPPH•) free radicals. 
A genetic algorithm-assisted QSAR was employed to 
propose a predictive mathematical model.

Fukui functions were calculated here for coumarin 
derivatives in order to delve into the mechanics by which 
they work as primary antioxidants. The Fukui function 
[17-21] measures the tendency of a point or region in 
the molecule to release or accept electrons. Formally, 
it is obtained by taking a derivative of the density with 
respect to the number of electrons, N, at fixed external 
potential, v(r).
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Derivative discontinuity ill-defines the Fukui function. 
As a result, left and right-hand derivatives have been 
defined [21-24].
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In the context of the Kohn and Sham (KS) [25] 
implementation of DFT [26,27], the Fukui function for 
electron removal can be derived as [28]

                     (3)

Where  are exact KS orbitals and HOMO is the 
energy of the highest occupied molecular orbital. The 
second term of this equation is a correction that takes 
into account the relaxation of the inner orbitals when 
an electron is removed. This relaxation term can be 
calculated analytically employing linear response theory 
[29-34].

It is known that some substituted coumarins, like 
esculetin and scopoletin, are good inhibitors of the XO 
enzyme. Chen Lin et al. in 2008 carried out molecular 
dockings and an in vitro study of the XO inhibition by 
selected coumarins. The in silico results highlighted the 
lactonic ring and the ability to form hydrogen bonds as 
determinant on the enzyme inhibition [35]. In this work, 
the set of coumarins were evaluated as secondary 
antioxidants by molecular docking with the XO enzyme.

2. Experimental procedure

2.1. DPPH• radical scavenging activity
Free radical scavenging activity was measured with a 
DPPH• assay as described by Lin et al. [12] with some 
modifications. The reaction was performed in 1mL of 
methanol containing 250 mM of DPPH•. The scavenging 
activities of coumarins (100 mM) were measured as 
the decrease in absorbance of DPPH• at 517 nm in a 
microplate reader after 90 min at room temperature 
expressed as a percentage of the absorbance of a 
control DPPH• solution without coumarins.

The DPPH• radical scavenging activity of eight 
coumarins synthesized by Martinez-Martinez et al. 
[36] was evaluated employing the parameters reported 
by Lin et al. [35]. The resulting activities are shown in 
Table 1. Despite the structural similarities between the 
groups of coumarins, their activities are considerably 
different. Table 1 shows that esculetin, 4-methylesculetin 
and 4-hydroxylcoumarine were the three most potent 
agents in reducing DPPH•. Other tested coumarins had 
no significant effect in scavenging DPPH• radicals. In an 
effort to clarify the source of such difference, a structure-
activity relationship was made.

3. Computational Details

3.1. Dataset preparation
Semiempirical calculations using the parametric 
method number 3 (PM3) [37] on 16 neutral coumarins 
were performed in SPARTAN 08 program [38] to 
determine the minimum energy conformers. The lowest 
energy neutral structures were further optimized without 
symmetry constrains in cartesian coordinates, within 
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the DFT framework, using the B3LYP [39] functional 
in conjunction with a 6-31+G(d,p) basis set [40], as is 
implemented in Gaussian 09 code [41]. A frequency 
analysis was carried out to ascertain the stability of the 
calculated neutral minima.

3.2. Molecular descriptors selection
In past studies of DPPH• radical scavengers of very 
similar systems (flavones), it has been demonstrated 
that molar refractivity (MR) and octanol-water partition 
coefficient (LogP) descriptors are relevant for the 
development of the antiradical activity [42]. From a 
previous study [36], we determined that hydrophilic 
factor (Hy) [43] is a crucial descriptor for the DPPH• 
radical scavenging in coumarins. For this reason, we 
have used the above descriptors also for hardness (η) 
[44], dipole moment and electrophilicity (ω) [45,46]. 

This study proposes the use of Randic Path/walk shape 
indices (PWk, k=2, 3, 4) because this kind of descriptor 
is very useful in systems where the molecular structures 
are very similar but possess different biological activities 
[47]. The PWk, Ghose-Crippen-Viswanadhan octanol-
water partition coefficient (ALOGP) [48], Ghose-Crippen 
molar refractivity (AMR) [49] and Hy descriptors were 
calculated within the DRAGON’05 program [50]. In 
Table 2, we show the descriptors used to calculate the 
best mathematical model.

In order to obtain η and ω, we use the finite difference 
approximation to calculate the vertical electron affinity 
(A) and the vertical ionization potential (I):
     

0EEI −= +                                            (4)
     

−−= EEA 0                 (5)

Where +E  is the total energy of the cationic structure, 
−E  is the total energy of the anionic structure and 

E0 is the total energy of the optimized structure. To 
determine if the coumarins could present resistance to 
the change in their electronic distribution, we calculated 
the hardness (η).

                                                 (6)

Figure 1. General structure of coumarins.

Table 1. DPPH• radical scavenging activity of coumarin derivatives.

Molecule R1 R2 R3 R4 Y (%DPPH•
Scavenging)

Ln Y

1a H H H H 4.4 1.49

2 H H H H 3.76 1.32

3 H OH H H 32.98 3.50

4 H H OH H 4.58 1.52

5 H CH3 OH H 3.26 1.18

6 H H OH OH 85.41 4.45

7 H CH3 OH OH 83.95 4.43

8 H H OH OCH3 8.73 2.17

9 COCH3 H H H 1.98 0.68

10 COCH3 H H NO2 1.80 0.59

11 COCH3 H H OH 3.89 1.36

12 COCH3 H H OCH3 2.40 0.88

13 COOEt H H H 1.72 0.54

14 COOEt H H NO2 2.77 1.02

15 COOEt H H OH 6.53 1.88

16 COOEt H H OCH3 1.74 0.55

aDihydrocoumarin molecule.
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Another electronic descriptor calculated was the 
index of electrophilicity (ω), which represents the 
stabilization energy of the molecular system when it is 
saturated by electrons coming from the surroundings.

                                                                       (7)

The Pearson correlation matrix for all descriptors 
(see Table C1 in supplementary section) implemented 
using the Molegro Virtual Docker program [51] was 
obtained. The resulting values, ranging from - 1 to 1, 
determine whether there is linear dependence between 
two variables, where 0 is null dependence and 1 or -1 
equals total linear dependence.

3.3. Calculation of the Fukui functions
The calculations for the Fukui functions ( )(rf − ) for all 
the coumarin molecules were made in deMon2k [52] 
employing the local density approximation by combining 
Dirac’s exchange functional [53] and the Vosko, Wilk 
and Nusair correlation functional [54]. The DZVP [55] 
was the general basis set while the A2 set was the 
auxiliary function of choice [56,57]. The Fukui functions’ 
images were rendered on Sinapsis [58].

3.4. Molecular docking
To validate our docking methodology, we reproduced 
the conformation of the salicylate molecule in the XO 
protein crystal (PDB: 3FIQ). We performed the flexible 
molecular docking using the MolDock Simplex Evolution 
(SE) algorithm. This function performs a heuristic 
conformational search of the ligand and is often used 
with the MolDock score (GRID) which is a scoring 
function; both functions are implemented in Molegro 

Virtual Docker 5.5 program. The docking calculation was 
focused on the XO protein cavity (v= 66.05 Å3) where 
the salicylate molecule was previously bonded. We 
employed a sphere diameter of 15 Å and a population 
size of 500 with a maximum of 5000 interactions in 
20 runs. We established 36 amino acids as flexible. 
They were the amino acids at 7 Å from the salicylate 
molecule in the XO crystal structure. 

The coumarins synthetized by our group are 
structurally similar to those proposed by Lin group, 
which are competitive inhibitors of XO protein, then 
probably our molecules are inhibitors too. In order to 
demonstrate these arguments, we use the allopurinol 
molecule, which is a well-known competitive inhibitor of 
XO protein [35]. The docking between them will show us 
the key interaction amino acids. Molecules 1 and 2 were 
omitted due to the lack of competition with the xanthine 
molecule [35]. The parameters used for the coumarins 
and allopurinol docking procedures were the same that 
the previous validation process. 

4. Results and discussion

4.1 Multilinear regression modeling
The DPPH• radical scavenging data obtained in this 
work, in addition to the results of Lin et al. [35], were 
used to formulate a mathematical model to relate the 
molecular descriptors to the coumarins antioxidant 
activity. In order to search the best mathematical 
model, genetic algorithms (G.A.) [59] implemented 
in MobyDigs’01 program [60] were applied. The best 
mathematical model was:

       (8)

Where the statistical parameters are:

        s= 0.447    F= 38.0

2
fittingR  is the linear correlation and regression coefficient 

and gives us the total variation between the experimental 
and the calculated biological activity. 2

adjustedR  is a fitness 
parameter adjusted for the degrees of freedom, so 
that it can be used for comparing models with different 
numbers of predictor variables. The standard deviation 
(s) is used to determine the variation of data according 
to the mean value. On the other hand, high values of 
the Fisher function (F) test indicate reliable models [61]. 
The values of the molecular descriptors for the best 
mathematical model (Table 3) are shown.

The logarithmic of calculated vs logarithmic of 
experimental biological activity is shown in Fig. 2.

Table 2. Descriptors used to calculate the mathematical model.

Program Descriptor Type Description

DRAGON PW2, PW3, PW4 Topological Path/walk Randic 
shape indices

DRAGON Hy Molecular 
properties Hydrophilic factor

DRAGON AMR Molecular 
properties Molar refractivity

DRAGON ALOGP Molecular 
properties

Ghose-Crippen-
Viswanadhan 
octanol-water 

partition 
coefficient

GAUSSIAN Molecular dipole Quantum-
chemical

Molecular dipole 
moment

GAUSSIAN η Quantum-
chemical Hardness

GAUSSIAN ω Quantum-
chemical Electrophilicity
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The molecular shape is the determining factor to 
develop radical scavenging properties according to 
the mathematical model. The Path/walk Randic shape 
indices are calculated by adding the ratios of the atomic 
path count over the atomic walk count of the same order 
k and then dividing by the number of non-H atoms. The 
topological feature of a molecule is commonly used in 
QSAR analysis when working with molecular similarity, 
in which the shape is a crucial factor. 

The hydrophilic factor can predict the ability of 
molecules to donate a hydrogen atom and this makes it 
an important descriptor on DPPH• radical scavenging. In 
the present case of the study, hydrophilicity is primordial 
because most of the stabilization process of the DPPH• 

radical is due to hydrogen donation. The hydrophilic 
factor is calculated using the equation:

     (9)

Where NHy is the number of hydrophilic groups (-NH2, 
-SH and -OH), nC is the number of carbon atoms 
and the nSK is the number of atoms in the molecule 
excluding hydrogen.

The hardness descriptor has a positive contribution 
in our mathematical model indicating that the electronic 
factor is very important for the development of the 
DPPH• radical scavenging in coumarins. This positive 
contribution is contrary to the hardness value obtained 
from the Jana group [46] in which it has a negative 
contribution to the radical scavenging activity.

4.2. Validation of the mathematical model
Another validation criteria used were the QUIK [62], 
REDUNDANCY and OVERFITTING rules. The first 
rule is a simple test that allows the rejection of models 
with high predictor co-linearity that can lead to chance 
correlation. The QUIK rule is based on the K multivariate 
correlation index [63] that measures the total correlation 
of a set of variables, defined as: 

                                      pj ,...,1=  and 10 ≤≤ K     (10)

Where λj is the data from the joint X(n,p) matrix 
eigenvalues, n is the number of objects and p the number 
of variables in the model. The total correlation in the set 
given by the model predictors X plus the response Y 
(KXY) should always be greater than that measured only 

Table 3. Coumarins descriptor values.

Molecule PW3 Hy η (Hartrees)

1 0.325 -0.79 0.172

2 0.325 -0.79 0.154

3 0.338 -0.164 0.154

4 0.323 -0.164 0.146

5 0.334 -0.202 0.144

6 0.341 0.605 0.141

7 0.35 0.547 0.136

8 0.346 -0.166 0.136

9 0.342 -0.766 0.138

10 0.343 -0.634 0.138

11 0.340 -0.200 0.130

12 0.347 -0.734 0.128

13 0.338 -0.734 0.139

14 0.340 -0.621 0.139

15 0.336 -0.198 0.132

16 0.343 -0.709 0.129

Figure 2. Graph of logarithmic calculated activity against logarithmic experimental biological activity.
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in the set of predictors (KX), this is, if  
the model is rejected, where δK has values of 0.01-0.05. 
In this work Kx = 41.49, Kxy= 55.13 and ΔK= 13.84 
values were obtained, becoming acceptable under this 
rule [64].

The REDUNDANCY and OVERFITTING rules 
are R function based rules. The goal of these rules is 
to detect models with an excess of “good” predictors 
as well as models with an excess of “bad” predictors. 
REDUNDANCY rule ( PR ) stipulate that if PP tR <  
then the model is rejected. Depending on the data, the 

Pt  values range from 0.01 to 0.1.
The OVERFITTING rule ( NR ), tells us that if 

  the model is rejected. The  values 
are calculated by the equation: 

                                                       (11)

Where ε values range from 0.01 to 0.1, p is the number 
of variables in the model (see [64] for details). pR  and 

NR  are defined by:

∏
+

=
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Where Mj is defined by the equation:

pR
R

M jY
j

1
−= , 

p
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p j
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(14)

jYR is the absolute value of the regression coefficient 
between the j-th descriptor and the response Y. The 

pR  values represent a penalty for the descriptors of 
the model. When a descriptor has a high correlation 
with the response, pR  takes low values, coming to 0 
when jYR  is equal to R and p >1. NR  accounts for an 
excess of non-modelling or useless variables and can 
be thought to be a measure of overfitting due to noisy 
variables. It takes the maximum value equal to zero 
when non-noisy variables are in the model [64].

In this work, pR  and NR  are ( )100.0105.0 =pt  and 
( )323.0323.0 −=− Nt , respectively. These results indicate 

that the model variables are not correlated with the 
response and the model does not present overfitting.

4.3. Evaluation  of  the  predictive  ability  and 
       results
In order to evaluate the predictive ability of our 
mathematical model, a technique was adopted whereby 
one molecule is omitted from the theoretical study 

( 2
LOOQ ).This technique consists in trying to recreate a 

model after removing one of the molecules from the 
study and then calculating Ypred. This process is done for 
each one of the molecules [65]. The 2

LOOQ  equation is 
defined as:

                                          (15)
       

         

For our model 2
LOOQ = 84.34, where this value is 

acceptable for a QSAR model; however the best QSAR 
models have values above 90.00. 

Another form to evaluate the predictive ability of 
our mathematical model is by the asymptotic squared 
Q rule ( 2

ASYMQ ) which states that a model is predictive 
if QQQ ASYMLOO d>− 22 , where Qd  values range from 
-0.005 up to 0.005. 2

ASYMQ  is defined as:

    
( )

2
22 .11 








′−

−−=
pn

nRQASYM
            (16)

Where n is the number of objects and ´p is the number 
of variables in the model. Our model satisfies this rule, 

Q∆  = 0.013, (-0.005), therefore the model is predictive 
[66]. In Fig. 3, the logarithmic predictive activity against 
experimental biological activity and R2 are shown.

For external validation of the model, we used the 
statistical parameters 2

m̂r  and 2
mr∆  [67,68], where for 

a good QSAR model 2
m̂r  value must be higher than 0.5 

and 2
mr∆  lower than 0.2. For our model, we obtained 

values of 0.823 for 2
m̂r  and 0.068 for 2

mr∆  being 
acceptable under the criteria of this rule. 

According to the Jana group, if the residual value 
of the difference between the biological activity and the 
predicted one overpass two times its standard deviation, 
we can consider this molecule as outlier data [46]. 
Outliers are molecules that do not fit in a QSAR model 
because they present unexpected biological activity. 
In Table 4, the experimental (Yexp) and calculated (Ycal) 
activity are shown as well as the difference between 
both ( )calYYresidual −= exp . Also, the predicted activity 
(Ypred) and its difference with respect to experimental 
biological activity ( )predYYresidual −= exp  are shown. 
In Table 4, we can perceive that molecule 5 (7-methyl 
4-hydroxi coumarin) can be considered an outlier 
because its residual value is bigger than two times the 
standard deviation.

The construction of a new mathematical model was 
performed discarding molecules 2, 5 and 10. Molecule 5 
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was omitted because it is an outlier and molecules 2 and 
10 were randomly selected to use them in the evaluation 
process. The new mathematical model obtained is:

          (17)

       s= 0.293   F= 86.5

The mathematical model’s predictive ability was 
enhanced as evidenced in the following statistical data: 

, ΔK=0.172, ΔQ=0.001 with dQ=-0.005, 
pR = ( )100.0107.0 =pt , NR = ( )323.0281.0 −=− Nt , 

2
m̂r = 0.922 and 2

mr∆ = 0.034. 

In Table 5 Yexp, and the new values of Ycal and Ypred 
are shown.

The descriptors obtained for the improved QSAR 
model were the same. This highlights the descriptors’ 
significance on the development of the DPPH• radical 
scavenging in coumarins. The hardness (η), the 
hydrophilic factor (Hy) and the shape of the molecule 
(PW3) are the most important features in these 
coumarin systems. In Fig. 4, the logarithmic predictive 
against logarithmic experimental biological activities 
of the second model is shown. The value for the 
correlation and linear regression factor R2 increased to 
0.902.

Figure 3. Logarithmic predictive activity versus logarithmic experimental biological activity.

Table 4. Experimental, calculated and predicted radical scavenging activity of coumarins.

Molecule Ln Yexp Ln Ycal Residual Ln Ypred Residual

1 1.49 1.71 -0.22 2.05 -0.56

2 1.32 0.68 0.64 0.44 0.88

3 3.50 2.9 0.6 2.73 0.87

4 1.52 1.66 -0.14 1.8 0.28

5 1.18 2.07 -0.89 2.17 -0.99

6 4.45 4.29 0.16 4.2 0.25

7 4.43 4.35 0.08 4.28 0.15

8 2.17 2.36 -0.19 2.39 -0.22

9 0.68 0.71 -0.03 0.72 -0.04

10 0.59 1.13 -0.54 1.21 -0.62

11 1.36 1.6 -0.24 1.65 -0.29

12 0.88 0.49 0.39 0.36 0.52

13 0.54 0.66 -0.12 0.68 -0.14

14 1.02 1.05 -0.03 1.06 -0.04

15 1.88 1.48 0.4 1.36 0.52

16 0.55 0.42 0.13 0.39 0.16
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4.4. Fukui functions
Plots of the Fukui function for electron removal ( )(rf − ) 
over an isodensity for molecules 3, 6 and 7 are shown in 
Fig. 5. Red coloring indicates a high value for the Fukui 
function, which indicates where an electron might be 
removed from the system. Molecules 6 and 7 show the 
hydroxyl groups from the R4 position, the oxo group and 
carbons 3, 6 and 10 are the most likely to let go of an 
electron.

On the other hand, molecule 3 does not show the 
same patron, in this case the region that is more likely 
to lose an electron is at the oxo group and carbon 3 and 
6. We propose that these differences are due to the lack 
of hydroxyl groups in the benzyl ring. In Fig. 6, we show 
the resonance structures of molecule 7.

We can see that the positive charge is delocalized in 
the 2, 4, 5, 7 and 9 positions, which correspond to low 
values of )(rf − . This explains why the OH group from 
the R3 position has a very low value of Fukui function. In 
molecule 3, the OH group stabilizes the positive charge 
from position 4, decreasing the )(rf −  value of the 
hydroxyl group.

The Fukui function )(rf − is a good tool to predict 
the regions of the coumarins that are most likely to let 
go of an electron toward DPPH• by an electron-transfer 
mechanism.

4.5. Molecular docking
In Table C2 (Supplementary Data), the energy of the 
interaction per amino acid between the allopurinol 
molecule and XO protein are shown. From the results, 
we can see that Thr 1010, Arg 880, Phe 914 and 
Phe 1009 amino acids interact most strongly with the 
allopurinol molecule and, to a lesser extent, the Glu 802, 
Ser 876 and Val 1011 amino acids.

The allopurinol interacts strongly with Thr 1010, Arg 
880, Ser 876 and Glu 802 amino acids. This compound 
forms two hydrogen bonds with each Thr 1010 and Arg 
880 amino acid; moreover, with Ser 876 and Glu 802 it 
forms a single hydrogen bond (Fig. 7). The formation of 
these hydrogen bonds can explain the high values of the 
interaction energy of these amino acids in the catalytic 
site of XO protein. 

In Fig. 8, the Phe 1009 and Phe 914 amino acids 
interact strongly with the allopurinol molecule by 
hydrophobic interaction due to their aromatic rings (see 
Table 2C). The blue surface represents the hydrophobic 
region and the red one represents the hydrophilic zone. 
Residue atoms are colored according to the Kyle and 
Doolittle hydropathy index. Hydrophobic residues are 
colored blue and hydrophilic residues are colored red. 

Using the experimental IC50 data reported by 
Lin et al. [35], we found a pattern of amino acids of XO 

Table 5. Experimental, calculated and predicted radical scavenging activity of coumarins from the second mathematical model.

Molecule Ln Yexp Ln Ycal Residual Ln Ypred Residual

1 1.49 1.63 -0.14 2.01 -0.52

2 1.32 --- 0.59 0.73

3 3.50 2.97 0.53 2.8 0.7

4 1.52 1.59 -0.07 1.71 -0.19

5 1.18 --- ---

6 4.45 4.42 0.03 4.40 0.05

7 4.43 4.55 0.12 4.66 -0.23

8 2.17 2.48 -0.31 2.54 -0.37

9 0.68 0.77 -0.09 0.79 -0.11

10 0.59 --- 1.2 -0.61

11 1.36 1.67 -0.31 1.74 -0.38

12 0.88 0.59 0.29 0.48 0.40

13 0.54 0.69 -0.15 0.71 -0.17

14 1.02 1.1 -0.08 1.12 -0.04

15 1.88 1.51 0.37 1.39 0.49

16 0.55 0.49 0.06 0.47 0.08
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Figure 4. Logarithmic predicted activity against logarithmic experimental biological activity from the improved model.

                                                       3                     6                      7

Figure 5. Fukui functions for electron removal over an isodensity: a) Molecule 3, b) Molecule 6, c) Molecule 7.

Figure 6. Resonance structures of molecule 7.
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protein which interact with allopurinol and coumarin 3, 
6, 7, 12 and 13. In Table C2, we see that allopurinol 
interacts strongly (below to -10 kcal mol-1) with Arg 
880, Phe 914, Phe 1009 and Thr 1010 amino acids. 
The coumarins reported by Lin group only show two 
interactions with Phe 914 and Phe 1009 with lower 
energy than those for allopurinol. In contrast, our 
coumarin 13 shows three interactions with Phe 914, 
Phe 1009 and Thr 1010 with lower energy than those for 
allopurinol. These results indicate that molecule 13 may 
be a good inhibitor of the XO protein where biological test 
should be made. In order to propose coumarin 13 as a 

new secondary antioxidant, we compared its hydrogen 
bonds, hydrophobic and electrostatic interactions in the 
catalytic pocket of XO with those of coumarin 6 which is 
the most potent inhibitor reported by Lin.

Molecule 6 forms nine hydrogen bonds, two of them 
with Thr 1010 and the rest with Glu 802, Glu 1261, Arg 
1079, Val 1011, Ser 876, crystal water 517 and 457, as 
shown in Fig. 9.

On the other hand, molecule 13 forms ten hydrogen 
bonds, four with Thr 1010, three with Arg 880 and the 
rest of the bonds with Ser 876, Val 1011 and crystal 
water 457. The increment in the number of hydrogen 

Figure 7. Hydrogen bond interactions of allopurinol molecule and XO protein. Blue lines indicate hydrogen bonds.

Figure 8. Hydrophobic interactions of allopurinol molecule and XO protein. Blue and red surface indicate hidrophobic and hydrophilic region 
                            respectively.
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bonds in molecule 13-XO protein complex is due to the 
incorporation of an ester group in R1 of this coumarin.

The hydrophobic and hydrophilic regions calculated 
for molecule 6-XO and molecule 13-XO systems are 
shown in Fig. 10. Just like allopurinol, molecules 6 
and 13 are stabilized by strong aromatic interactions 
with Phe 914 and Phe 1009. Due to the OH groups, 
molecule 6 interacts favorably with Glu 802 and Arg 880 
by hydrophilic interactions. Instead, molecule 13, due 
to its ethyl group, interacts positively with Leu 873, Leu 
1014 and Val 1011 by hydrophobic interactions.

In Fig. 11, the electrostatic interactions calculated 
between each molecule 6 and molecule 13 with the 
pocket of XO are shown. The blue color surface 
represents a positive charge region. We can appreciate 
that all areas of interaction in coumarin-XO protein is a 
positive charge surface, which is suitable for a better 
interaction with OH and oxo groups of both coumarins. 

5. Conclusions
The developed QSAR model gives us information about 
the importance of the molecular shape (PW3), the 
hardness (η) and the Hydrophilic factor (Hy) have over 
DPPH• antiradical biological activity. Its predictive ability 
was evaluated using different statistical parameters, like 

2
LOOQ , 2

ASYMQ , 2
m̂r  and 2

mr∆ all of which were validated 
with the model. It is worth noting that the Fukui functions 
for the only two coumarins (6 and 7) with a positive 
Hy factor contribution show high values over the OH 
groups. The Fukui function )(rf − is a good tool to 
predict the regions of the coumarins that most likely to let 
go of an electron toward DPPH• by an electron-transfer 
mechanism. Further studies in coumarins’ mechanism 
as antioxidants are recommended.

Coumarin 13 showed three strong interactions with 
Phe 914, Phe 1009 and Thr 1010 with lower energy 

Figure 9. Hydrogen bonds in molecule 6-XO protein (left) and molecule 13-XO protein systems (right). Blue lines indicate hydrogen bonds.

Figure 10. Hydrophobic interactions in molecule 6-XO protein (left) and molecule 13-XO protein systems (right). Blue color surface indicates a 
                              hydrophobic region and the red color surface indicates a hydrophilic region.
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than those for allopurinol. This result may indicate that 
molecule 13 would be a good inhibitor of the XO protein, 
but it is necessary to carry out biological test to prove 
this hypothesis.
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