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Abstract—A new set of bond-level molecular descriptors (bond-based linear indices) are used here in QSAR (quantitative structure–
activity relationship) studies of tyrosinase inhibitors, for finding functions that discriminate between the tyrosinase inhibitor
compounds and inactive ones. A database of 246 compounds was collected for this study; all organic chemicals were reported as
tyrosinase inhibitors; they had great structural diversity. This dataset can be considered as a helpful tool, not only for theoretical
chemists but also for other researchers in this area. The set used as inactive has 412 drugs with other clinical uses.
Twelve LDA-based QSAR models were obtained, the first six using the non-stochastic total and local bond-based linear indices as
well as the last six ones, the stochastic molecular descriptors. The best two discriminant models computed using the non-stochastic
and stochastic molecular descriptors (Eqs. 7 and 13, respectively) had globally good classifications of 98.95% and 89.75% in the
training set, with high Matthews correlation coefficients (C) of 0.98 and 0.78. The external prediction sets had accuracies of
98.89% and 89.44%, and (C) values of 0.98 and 0.78, for models 7 and 13, respectively. A virtual screening of compounds reported
in the literature with such activity was carried out, to prove the ability of present models to search for tyrosinase inhibitors, not
included in the training or test set. At the end, the fitted discriminant functions were used in the selection/identification of new
ethylsteroids isolated from herbal plants, looking for tyrosinase inhibitory activity. A good behavior is shown between the theoret-
ical and experimental results on mushroom tyrosinase enzyme. It might be highlighted that all the compounds showed values under
10 lM and that ES2 (IC50 = 1.25 lM) showed higher activity in the inhibition against the enzyme than reference compounds kojic
acid (IC50 = 16.67 lM) and LL-mimosine (IC50 = 3.68 lM). In addition, a comparison with other established methods was carried to
prove the adequate discriminatory performance of the molecular descriptors used here. The present algorithm provided useful clues
that can be used to speed up in the identification of new tyrosinase inhibitor compounds.
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1. Introduction

Melanin production is principally responsible for skin
color and plays an important role in prevention of
sun-induced skin injury. Melanin is produced by mel-
anocytes in the basal layer of epidermis.1 Melanocytes
have specialized lysosome-like organelles, termed mel-
anosomes, which contain several enzymes that mediate
the production of melanin.2 Enzyme tyrosinase (EC
1.14.18.1) is involved in this process. This copper-con-
taining enzyme is widely distributed in nature. It cat-
alyzes two different reactions using molecular oxygen:
the oxidation of amino-acid tyrosine into DOPA (3,4-
dihydroxy-LL-phenylalanine) (monophenolase activity)
and subsequently into DOPA-quinone (diphenolase
activity) the rate-limiting step for the melanin
biosynthesis.3

Various dermatologic disorders result in the accumula-
tion of excessive levels of melanin in the epidermal pig-
mentation. These hyperpigmented lentigenes include
melasma, age spots or liver spots, and sites of actinic
damage (i.e., due to solar ultraviolet irradiation).4

Unfortunately, several purportedly active agents (e.g.,
arbutin and kojic acid, among others) have not been
demonstrated yet to be clinically efficacious when criti-
cally analyzed in carefully controlled studies, pharma-
ceutical products containing 2–4% hydroquinone (HQ)
are moderately efficacious, but HQ is considered to be
cytotoxic to melanocytes and potentially mutagenic to
mammalian cells.4–6

Therefore, the current therapies are considered inade-
quate for these conditions. Although many compounds
have been reported as tyrosinase inhibitors,7–10 their
activities are not potent enough or harmful adverse ef-
fects are shown. Taking into account this consideration,
the search for new natural products and synthetic com-
pounds with such activity still continues.11–13

In this sense, one of our group’s researches has been
focused on finding new potent tyrosinase inhibitors
through ‘trial-and-error’ techniques; recently, Khan
et al. reported 2,5-disubstituted-1,3,4-oxadiazole ana-
logues14 exhibiting strong inhibitory activity against
the enzyme. In another publication, the same research
group has reported that (+)-androst-4-ene-3,17-dione
as well as its five metabolic analogues having steroi-
dal skeletons, namely androsta-1,4-diene-3,17-dione,
17b-hydroxyandrosta-1,4-dien-3-one, 11a-hydroxyand-
rost-4-ene-3,17-dione, 11a,17b-dihydroxyandrost-4-en-
3-one, and 15a-hydroxyandrosta-1,4-dien-17-one,
exhibited moderate inhibitory activities against the
tyrosinase.15 In 2004, Ahmad et al.16 reported that a
new coumarinolignoid 8 0-epi-cleomiscosin A together
with the new glycoside 8-O-b-DD-glucopyranosyl-6-
hydroxy-2-methyl-4H-1-benzopyrane-4-one exhibited
strong inhibition against the tyrosinase enzyme, when
compared to the standard tyrosinase inhibitors kojic
acid and LL-mimosine. The new coumarinolignoid exhib-
ited twice more potency than that of the standard potent
inhibitor LL-mimosine.16
On the other hand, the usually expensive and time-con-
suming experimental tests (based on ‘trial and error’
screening), specially pharmacological and toxicological
tests in developing new drugs, coupled with candidate
attrition rates during the discovery and development
processes, highlight the need for a ‘sea change’ in the
drug discovery paradigm.17

To reduce costs, pharmaceutical companies have to find
new technologies to replace the old ‘hand-crafted’ syn-
thesis and test new chemical entities (NCE) approach-
es.18 In this sense, cheminformatics can be used to
analyze data from high-throughput screening (HTS)
and other forms of chemistry, thereby aiding in the iden-
tification of optimal lead structures.19

There are two main ways in virtual screening techniques
according to their particular modeling of molecular rec-
ognition and the type of algorithm used in database
searching.18,19 The principle of similarity (ligand-based
methods)—similar compounds are assumed to produce
similar effects20—and the principle of complementarity
(receptor-based methods)–the receptor of a biologically
active compound is complementary to the compound it-
self (i.e., a lock-and-key model). The selection of the
method depends on the knowledge of the active mole-
cules and their receptor.

Structure-based drug design is an approach routinely
used in medicinal chemistry. This receptor-based meth-
od needs the NMR or X-ray crystallography structure
of the macromolecule, in this case, the tyrosinase en-
zyme, which is still not discovered. However, use of
3D (three-dimensional) structural information suffers
from the fact that the binding affinity for the ligands
cannot be predicted with high degree of accuracy with
the presently available methods.21 Therefore, consider-
ing that many tyrosinase inhibitor compounds are
known, ligand-based methods founded on QSAR
(quantitative structure–activity relationships) models
can be applied, in order to describe the biological activ-
ity of tyrosinase inhibitors.

In addition, when computational approaches based on
discrimination functions are used, it is possible to classi-
fy active chemicals from inactive ones, and predict
beforehand the biological activity of new lead com-
pounds with better therapeutic profiles, providing a use-
ful tool to solve the ancestral problem of the ‘trial and
error’ methods for selecting a compound with a desired
property.

Therefore, cheminformatical in silico methods are play-
ing an important role in the drug discovery paradigm,
and have the potential for transforming early stage drug
discovery, particularly in terms of time and cost sav-
ings.22 In relation to it, several authors report a high
incidence of the use of novel molecular descriptors to
develop QSAR studies of in silico drug screening.23–29

In this context, another of our research groups has
recently introduced the novel computer-aided molecular
design scheme TOMOCOMD-CARDD (acronym of
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topological molecular computer design-computer aided
‘rational’ drug design).30

This useful approach based on chemical graph and alge-
braic theory has been widely used in several QSAR/
QSPR studies related to physicochemical and biological
properties of chemicals and drugs,31–35 including studies
of nucleic acid–drug interactions36,37 and discovery of
novel antimalarial compounds.38

Although some SAR and QSAR studies in tyrosinase
inhibitors have been carried out using congeneric data-
sets,14,16,39–41 these do not provide lead compounds for
future drug development. This kind of data can be only
applied to structural lead optimization improving the
activity of a selected organic chemical by rearrangement
of its substituents. Therefore, a database of heteroge-
neous compounds may be a successful tool in QSAR re-
search of tyrosinase inhibitors and the discovery of
novel lead compounds with different structural features
and more effective activity.42–44

In the present report, is shown the use of a new set of
molecular descriptors (MDs) namely non-stochastic and
stochastic bond-based linear indices, to find various sta-
tistical linear discriminant analysis (LDA) models to dis-
criminate tyrosinase inhibitor compounds from inactive
ones. Later, a ligand-based virtual screening of series of
compounds was carried out. Finally the in silico selec-
tion, isolation, and later pharmacological test of a new
set of chemicals are presented, to show the potentialities
of the new MDs for drug-discovery processes.
2. Results and discussion

2.1. TOMOCOMD approach

The theory of the bond-based linear indices used in this
study was discussed in detail in previous research
Table 1. Values of the atom weights used for linear indices calculation71,77–7

ID Atomic mass (g/mol) VdWa volume (Å3) Mulliken elec

H 1.01 6.709 2.592

B 10.81 17.875 2.275

C 12.01 22.449 2.746

N 14.01 15.599 3.194

O 16.00 11.494 3.654

F 19.00 9.203 4.000

Al 26.98 36.511 1.714

Si 28.09 31.976 2.138

P 30.97 26.522 2.515

S 32.07 24.429 2.957

Cl 35.45 23.228 3.475

Fe 55.85 41.052 2.000

Co 58.93 35.041 2.000

Ni 58.69 17.157 2.000

Cu 63.55 11.494 2.033

Zn 65.39 38.351 2.223

Br 79.90 31.059 3.219

Sn 118.71 45.830 2.298

I 126.90 38.792 2.778

a van der Waals.
papers,45 for an exhaustive overview, see also the Sup-
plementary data.

Molecular fingerprints were generated by means of the
interactive program for molecular design and bioinfor-
matic research TOMOCOMD.30 It is composed of four
subprograms; each one of them allows both drawing the
structures (drawing mode) and calculating molecular
2D/3D descriptors (calculation mode). The modules are
named CARDD (Computer-Aided ‘Rational’ Drug De-
sign), CAMPS (Computer-Aided Modeling in Protein
Science), CANAR (Computer-Aided Nucleic Acid Re-
search), and CABPD (Computer-Aided Bio-Polymers
Docking).The CARDD module was selected for drawing
all structures and for the computation of non-stochastic
and stochastic bond-based linear indices. The main steps
for the application of this method in QSAR/QSPR and for
drug design can be briefly summarized as follows.

1. Drawing of the molecular pseudographs for each
molecule in the dataset, using the drawing mode.

2. Use appropriate weights in order to differentiate the
molecular atoms. The weights used in this work are
those previously proposed for the calculation of the
DRAGON descriptors,46–48 that is, atomic mass
(M), atomic polarizability (P), atomic Mulliken elec-
tronegativity (K), van der Waals atomic volume (V),
plus the atomic electronegativity in Pauling scale
(G).49 The values of these atomic labels are shown
in Table 1.46–49

3. Computation of the total and local (atom and atom-
type) bond linear indices of the molecular pseudog-
raph’s atom adjacency matrix can be carried out in
the software calculation mode, where one can select
the atomic properties and the descriptor family before
calculating the molecular indices. This software gen-
erates a table in which the rows correspond to the
compounds, and the columns correspond to the
bond-based (both total and local) linear maps or
other MD family implemented in this program.
9

tronegativity Polarizability (Å3) Pauling electronegativity

0.667 2.2

3.030 2.04

1.760 2.55

1.100 3.04

0.802 3.44

0.557 3.98

6.800 1.61

5.380 1.9

3.630 2.19

2.900 2.58

2.180 3.16

8.400 1.83

7.500 1.88

6.800 1.91

6.100 1.9

7.100 1.65

3.050 2.96

7.700 1.96

5.350 2.66
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4. Development of a QSPR/QSAR equation by using
several multivariate analytical techniques, for
instance, linear discrimination analysis. Therefore,
one can find a quantitative relationship between an
activity A and the bond-based linear fingerprints hav-
ing, for example, the following appearance:

A ¼ a0f 0ðwÞ þ a1f 1ðwÞ þ a2f 2ðwÞ þ . . .þ akf kðwÞ þ c

ð1Þ
where A is the measured activity, f k(w) are the kth
non-stochastic total bond-based linear indices, and
the a0ks and c are the coefficients obtained by the lin-
ear regression analysis.

5. Test of the robustness and predictive power of the
QSPR/QSAR equation by using internal [leave-one-
out (LOO)] and external (using a test set and an exter-
nal predicting set) validation techniques.

The bond-based TOMOCOMD-CARDD descriptors
computed in this study were the following:

(1) kth (k = 15) total non-stochastic bond-based linear
indices not considering and considering H-atoms
in the molecular graph (G) [fk(w) and f H

k ðwÞ,
respectively].

(2) kth (k = 15) total stochastic bond-based linear
indices not considering and considering H-atoms
in the molecular graph (G) [sfk(w) and sf H

k ðwÞ,
respectively].

(3) kth (k = 15) bond-type local (group = heteroatoms:
S, N, O) non-stochastic linear indices not consider-
ing and considering H-atoms in the molecular
graph (G) [fkL(wE) and f H

kLðwEÞ, correspondingly].
These local descriptors are putative molecular
charge, dipole moment, and H-bonding acceptors.

(4) kth (k = 15) bond-type local (group = heteroa-
toms: S, N, O) stochastic linear indices not consid-
ering and considering H-atoms in the molecular
graph (G) [sfkL(wE) and sf H

kLðwEÞ, correspondingly].
These local descriptors are putative molecular
charge, dipole moment, and H-bonding acceptors.

2.2. Chemical database selection

In order to assure an adequate extrapolation power in a
classification (or any QSAR) model, it is important to
take into account one of the most critical aspects, a
dataset with a great molecular diversity for it. In our
case we have selected 658 compounds for making up
the database, having a great degree of structural vari-
ability, 246 of them with tyrosinase inhibitor activity
considering different inhibition modes and diverse struc-
tural patterns, and the rest inactive ones.

The subset of the active chemicals (246 tyrosinase inhib-
itors) was chosen from the literature, with different
structural subsystems, to warrant enough structural
diversity; it includes many representative families such
as: chalcones,13 phenolic compounds,50 kojic acid trip-
eptides,51 novel N-substituted N-nitrosohydroxylam-
ines,52 vitamin B6 compounds,53 steroids,54 and so on.
A representative sample of the active chemicals selected
for this study is depicted in Figure 1. The names of com-
pounds in the database, together with their experimental
values taken from the literature, are summarized in Sup-
plementary data (Table 1). The molecular structures of
tyrosinase inhibitors are given as Table 2 of Supplemen-
tary data. The great degree of variability in the structure
of active compounds in the training and prediction sets,
as well as their different mechanisms of inhibition,
increases the possibilities in the process of selection/de-
sign. Therefore, novel leads can be discovered, including
compounds with new modes of inhibition of the enzyme
activity. The data of tyrosinase inhibitors presented here
can be considered as a helpful tool, not only for the the-
oretical research, but also for the general scientific work
in the tyrosinase inhibitor field.

In the case of the inactive compounds selected for both,
training and test sets, we chose at random 412 drugs,
having a series of other clinical uses. In this inactive
group, they were included, for example, antibiotics,
antivirals, sedatives/hypnotics, diuretics, anticonvul-
sants, hemostatics, oral hypoglycemics, antihyperten-
sives, anthelminthics, anticancer, antifungal, and so
on, to warrant enough structural diversity.

These reported organic-chemicals were taken from the
Negwer Handbook55 where their names, synonyms
and structural formulas can be found. The classification
of these compounds as ‘inactive’ (non-inhibitors of
tyrosinase) does not assure that any inhibitory activity
does not exist for those organic-chemicals that have
not been detected. This problem can be reflected in the
results of classification for the series of inactive
chemicals.56

Besides, the developed LDA-based QSAR models can
help us to identify new tyrosinase inhibitors from a com-
binatorial library or large database of chemicals. This
aspect is also shown in this work through a ‘simulated’
virtual screening.

However, it is necessary to split the active and inactive
series into the training and test sets, to find the classifi-
cation functions. In the first instance, the structural
diversity of these datasets should be proved; for that rea-
son, we performed hierarchical cluster analyses (CAs) of
the active and inactive series, respectively.57,58 The sta-
tistical software package STATISTICA59 was used to
develop these CAs. The resulting dendrograms are
depicted in Figures 2 and 3, using the Euclidean distance
(X-axis) and the complete linkage (Y-axis), illustrating
the results of the k-NNCA (k-nearest neighbors cluster
analysis) developed into active and inactive sets, corre-
spondingly. As it can be observed in both binary trees
there are a great number of different structural patterns,
which demonstrate the molecular variability of the
selected chemicals in this database.

This procedure allows choosing the organic-chemicals
for the training and test sets, using a ‘rational’ way. Be-
cause of the difficulty in evaluating the output dendro-
gram, other kind of CA is usually performed. In this
case, we perform two partitional (non-hierarchical)
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Figure 1. Random, but not exhaustive, sample of the molecular families of tyrosinase inhibitors studied here.

Compounds
0

20

40

60

80

100

120

L
in

ka
g

e 
D

is
ta

n
ce

Figure 2. A dendrogram illustrating the results of the hierarchical k-NNCA of the set of tyrosinase inhibitors used in the training and prediction sets

of the present work.
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Figure 3. A dendrogram illustrating the results of the hierarchical k-NNCA of the set of inactive compounds (non-inhibitors of tyrosinase) used in

the training and prediction sets of the present work.
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CAs formerly called k-MCAs (k-means cluster analy-
ses): this procedure permits dividing the whole group
into two datasets (training and predicting ones). The
main idea of this procedure consists in making a parti-
tion of either active or inactive series of chemicals into
several statistically representative classes of compounds.
This procedure ensures that any chemical subsystems (as
determined by the clusters derived from k-MCA) will be
represented in both compounds’ series. This ‘rational’
design of the training and predicting series permitted
us to design both sets that are representative of the
whole ‘experimental universe.’

A k-MCA was made first with active compounds and,
afterwards, with inactive ones. The first k-MCA
(k-MCA I) partitioned the tyrosinase inhibitors into
10 clusters. A second k-MCA (k-MCA II) was realized
to split the data of inactive compounds, resulting in 12
clusters; kth non-stochastic bond-based linear indices
Table 2. Main results of the k-MCAs, for tyrosinase inhibitors and inactive

Variables Between SSa Within S

Analysis of variance

Tyrosinase inhibitors clusters (k-MCA I)
Mf0L(xE) 599.37 40.08
Pf H

0LðxEÞ 276.96 27.69
Mf1L(xE) 613.51 141.56
Mf2L(xE) 640.17 82.52
Mf4(x) 149.61 41.54
Kf1L(xE) 233.38 29.07

Inactives clusters (k-MCA II)
Mf0L(xE) 2.97 0.90
Pf H

0LðxEÞ 519.05 63.84
Mf1L(xE) 10.39 1.20
Mf2L(xE) 12.20 1.08
Mf4(x) 626.02 56.32
Kf1L(xE) 468.22 47.13

a Variability between groups.
b Variability within groups.
c Level of significance. The 0.00 values mean lesser than 0.005.
were used, with all variables showing p-levels <0.005
for the Fisher test. The results are depicted in Table 2.

By this way, the selection of the training and prediction
sets was performed by taking, in a random way, com-
pounds belonging to each cluster. As we have remarked
these 658 chemicals were divided into training set with
478 chosen at random, being 183 of them actives and
295 inactive ones. The remaining subsets composed of
180 chemicals, 63 tyrosinase inhibitors and 117 com-
pounds with different pharmacological uses, were pre-
pared as the test set for the external validation of the
classification models. The compounds in the external
set were not used in the development of the LDA mod-
els. In Figure 4 the above-described whole procedure
performed to select a representative sample for the train-
ing and test sets through independent CAs is shown
graphically.
drug-like compounds

Sb Fisher ratio (F) p-levelc

392.17 0.00

262.29 0.00

113.64 0.00

203.42 0.00

94.45 0.00

210.51 0.00

119.55 0.00

295.64 0.00

314.43 0.00

412.07 0.00

404.17 0.00

361.26 0.00
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2.3. Developing discriminant models

The next step, once we perform a representative selection
of training series, is to use different statistical techniques
to fit discriminant functions. These classification func-
tions permit the classification of chemicals as either active
(tyrosinase inhibitors) or inactive, using the linear dis-
criminant analysis (LDA),60 a method broadly used in
drug design.27,28,35,61–64,56,60,65,66 The total and bond-type
non-stochastic and stochastic linear indices were used as
independent variables. These new MDs were computed
using the weighting schemes previously proposed in Sec-
tion 2.1: ‘TOMOCOMD Approach’ (see Table 1).

The classification models are shown in Table 3. In total
12 LDA-based QSAR models were obtained, the first six
models using the non-stochastic total and local bond-
based linear indices (Eqs. 2–7) and the six remaining
models with the stochastic molecular descriptors (Eqs.
8–13). In adittion, in Table 4 we give the prediction per-
formances and the Wilks’ statistics (k), the square of the
Mahalanobis distances (D2), and the Fisher ratio (F) for
the LDA-based QSAR models with the training set. The
equations showed to be statistically significant at p-level
(p < 0.0001).

The first five LDA models in both sets were obtained by
using each one of the five atomic properties employed as
atomic weight (atomic labels) and a sixth model combin-
ing molecular indices computed with the whole pro-
posed weighting schemes.

As it can be observed in Table 4, the best results were
obtained with the fitted models by using a combination
of the weighted schemes, including the non-stochastic
and stochastic bond-based linear indices (Eqs. 7 and
(13, respectively). These best models correctly classified
the 98.95% and 89.75% (accuracy) of the training set.
High Matthews’ correlation coefficients (C of 0.98 and
of 0.78, respectively) are also observed.67

In the same Table 4, we also depict most of the param-
eters commonly used in medical statistics [sensitivity,
specificity, and false-positive rate (also known as
‘false-alarm rate’)] for the whole set of developed mod-
els. While the sensitivity is the probability of correctly
predicting a positive case, the specificity (also known
as ‘hit rate’) is the probability that a positive prediction
is correct.67

The best model (Eq. 7) shows a percentage of false ac-
tives in this dataset of 0.3%, that is, only 1 inactive com-
pound was classified as actives out of 295 cases. In the
group of 183 actives, 4 compounds were misclassified
as inactive ones (2.19% misclassification). Although
the model of Eq. 13 exhibits good results, no compound
for the inactive group was classified as active out of 295.
In addition, 1.09% misclassification, 2 compounds were
observed as false inactives of a total of 183 actives.

We also checked the linear discriminant canonical statis-
tics: canonical correlation coefficient (Rcanonical),
Chi-square and its p-level [p(v2)]; the results are shown
in Table 4.68

The canonical transformation of the LDA results with
non-stochastic (Eq. 7) and stochastic (Eq. 13) bond-
based linear fingerprints gives rise to canonical roots
with good canonical correlation coefficients of 0.85
and 0.72. The chi-square test permits us to assess the sta-
tistical significance of this analysis as having a p-level
<0.0001.

2.4. External validation and orthogonalization

Although the statistical parameters in the training data-
set had a good behavior, this does not assure the predic-
tive power of the models. The validation process using
an external set is one of the most important criteria to
evaluate the predictive ability of a QSAR model.69,70

In this case, the discriminant functions were used to pre-
dict the activity of the compounds in the test set. The
best two TOMOCOMD-CARDD models (Eqs. 7 and
13) show globally good classifications of 98.89% and
89.44%, respectively, in the prediction series (Table 5).
Furthermore, a high value of C can be observed in the
Eqs. 7 and 13. Figures 5 and 6 give a plot of the DP%
(see Experimental Section) for the classification of all
compounds in both training and test sets from models
7 and 13, correspondingly.



Table 3. Discriminant models obtained with total and local non-stochastic and stochastic bond-based linear indices used in this study

LDA-based QSAR models obtained using non-stochastic linear indices

Class ¼� 1:614þ 1:016� 10�4 M f 4ðwÞ � 2:097� 10�2 Mf H
0LðwEÞ � 1:687� 10�2 Mf H

1LðwEÞ
þ 4:477� 10�3 Mf 0LðwEÞ þ 5:351� 10�3M f 1LðwEÞ � 1:311� 10�3 Mf 2LðwEÞ ð2Þ

Class ¼� 1:481� 4:814� 10�2V f H
0 ðwÞ þ 0:110V f H

1 ðwÞ � 4:316� 10�2V f H
2 ðwÞ þ 7:366� 10�4V f H

4 ðwÞ
þ 1:122� 10�2 Vf 2ðwÞ � 3:120� 10�4 Vf 4ðwÞ þ 2:546� 10�3 Vf H

2LðwEÞ þ 3:631� 10�2 Vf 0LðwEÞ
� 2:964� 10�2 Vf 1LðwEÞ ð3Þ

Class ¼� 0:884þ 1:243Pf H
1 ðwÞ � 0:670Pf H

2 ðwÞ þ 7:675� 10�2 P f H
3 ðwÞ � 0:338Pf 0ðwÞ þ 0:184Pf 2ðwÞ

� 2:762� 10�2 P f 3ðwÞ � 0:474Pf H
0LðwEÞ þ 0:162Pf H

1LðwEÞ þ 0:746Pf 0LðwEÞ � 0:481Pf 1LðwEÞ
þ 3:066� 10�2P f 2LðwEÞ ð4Þ

Class ¼� 2:145þ 0:153Kf H
1 ðwÞ � 5:552� 10�2 Kf H

2 ðwÞ þ 3:072� 10�9 Kf H
12ðwÞ þ 0:165Kf 0ðwÞ

þ 0:167Kf H
1LðwEÞ � 4:461� 10�2 Kf H

2LðwEÞ þ 0:113Kf 0LðwEÞ � 0:230Kf 1LðwEÞ þ 4:319� 10�2 Kf 2LðwEÞ
� 1:085� 10�7 Kf 10LðwEÞ ð5Þ

Class ¼� 2:143þ 0:165Gf H
1 ðwÞ � 5:998� 10�2Gf H

2 ðwÞ þ 3:311� 10�9 Gf H
12ðwÞ þ 0:177Gf 0ðwÞ

þ 0:173Gf H
1LðwEÞ � 4:659� 10�2Gf H

2LðwEÞ þ 0:118Gf 0LðwEÞ � 0:244Gf 1LðwEÞ þ 4:608� 10�2Gf 2LðwEÞ
� 1:171� 10�7 Gf 10LðwEÞ ð6Þ

Class ¼� 1:317þ 9:556� 10�5M f 4ðwÞ þ 4:854� 10�3M f 0LðwEÞ þ 6:346� 10�3M f 1LðwEÞ � 1:591� 10�3M f 2LðwEÞ
� 0:335Pf H

0LðwEÞ � 7:217� 10�2 Kf 1LðwEÞ ð7Þ

LDA-based QSAR models obtained using stochastic linear indices

Class ¼� 0:957þ 8:321� 10�2 Mf H
1 ðwÞ þ 0:169Mf H

2 ðwÞ � 0:880Mf H
4 ðwÞ þ 1:503Mf H

5 ðwÞ � 0:906Mf H
6 ðwÞ

þ 7:455� 10�2 Mf H
15ðwÞ � 2:912� 10�2 Mf 1ðwÞ þ 3:139� 10�2 Mf H

1LðwEÞ þ 5:731� 10�2 Mf 1LðwEÞ
� 7:704� 10�2 Mf 2LðwEÞ þ 7:140� 10�2M f 14LðwEÞ ð8Þ

Class ¼� 0:526þ 0:387V f H
3 ðwÞ � 0:485V f H

4 ðwÞ þ 0:116V f H
15ðwÞ � 6:560� 10�2V f 0ðwÞ þ 5:855� 10�2V f 15ðwÞ

� 5:054� 10�2 Vf H
0LðwEÞ þ 8:017� 10�2 Vf H

1LðwEÞ þ 0:216V f H
8LðwEÞ � 0:258V f H

15LðwEÞ
þ 0:102V f 0LðwEÞ � 0:120V f 2LðwEÞ ð9Þ

Class ¼� 1:197þ 0:349Pf H
0 ðwÞ þ 1:252Pf H

1 ðwÞ � 7:146Pf H
3 ðwÞ þ 28:133Pf H

5 ðwÞ � 23:662Pf H
6 ðwÞ

þ 1:568Pf H
15ðwÞ � 1:903Pf 1ðwÞ þ 2:464Pf 4ðwÞ � 2:384Pf 9ðwÞ þ 1:480Pf 15ðwÞ � 0:777Pf H

0LðwEÞ
þ 0:470Pf H

5LðwEÞ ð10Þ

Class ¼� 1:038� 0:383Kf 9ðwÞ þ 0:424Kf 15ðwÞ þ 0:338Kf H
1LðwEÞ þ 2:597Kf H

3LðwEÞ � 3:117Kf H
4LðwEÞ

þ 0:348Kf H
15LðwEÞ þ 0:179Kf 0LðwEÞ þ 0:318Kf 1LðwEÞ � 2:216Kf 3LðwEÞ þ 1:387Kf 4LðwEÞ ð11Þ

Class ¼� 1:031� 0:405Gf 9ðwÞ þ 0:449Gf 15ðwÞ þ 0:356Gf H
1LðwEÞ þ 2:755Gf H

3LðwEÞ � 3:306Gf H
4LðwEÞ

þ 0:373Gf H
15LðxEÞ þ 0:190Gf 0LðxEÞ þ 0:342Gf 1LðxEÞ � 2:381Gf 3LðxEÞ þ 1:494Gf 4LðxEÞ ð12Þ

Class ¼� 0:275� 4:813� 10�2M f 1LðwEÞ � 0:356Pf H
0 ðwÞ þ 0:297Pf H

15ðwÞ � 0:445Kf H
1LðwEÞ þ 0:271Kf 0LðwEÞ

� 0:353Kf 3LðwEÞ þ 1:716Gf H
3LðwEÞ � 1:981Gf H

4LðwEÞ ð13Þ

1490 G. M. Casañola-Martı́n et al. / Bioorg. Med. Chem. 15 (2007) 1483–1503



Table 4. Prediction performances and statistical parameters for LDA-based QSAR models in the training set

Modelsa Matthews

correlation

coefficient (C)

Accuracy

‘QTotal’ (%)

Specificity

(%)

Sensitivity

‘hit rate’ (%)

False positive

rate (%)

Wilks’ k D2 F Chi-square

(v2)

CanonicalR

ðRcanÞb

LDA-based QSAR models obtained using non-stochastic linear indices

Eq. 2 (6) 0.96 98.11 99.4 95.6 0.3 0.29 10.08 187.8 577.7 0.84

Eq. 3 (9) 0.82 91.63 88.6 89.6 7.1 0.48 4.58 56.5 346.6 0.72

Eq. 4 (11) 0.82 91.63 91.3 86.3 5.1 0.48 4.51 45.3 342.3 0.72

Eq. 5 (10) 0.80 90.79 89.3 86.3 6.4 0.47 4.85 53.7 349.1 0.72

Eq. 6 (10) 0.80 90.79 89.3 86.3 6.4 0.47 4.85 53.7 347.1 0.72

Eq. 7 (6) 0.98 98.95 99.4 97.8 0.3 0.28 10.97 204.3 606.2 0.85

LDA-based QSAR models obtained using stochastic linear indices

Eq. 8 (11) 0.78 89.75 86.4 86.9 8.5 0.48 4.57 45.9 345.4 0.72

Eq. 9 (11) 0.72 86.40 80.7 84.7 12.5 0.5 4.27 42.9 329.0 0.71

Eq. 10 (12) 0.68 85.15 83.7 76.0 9.2 0.53 3.72 34.2 297.4 0.68

Eq. 11 (10) 0.73 87.24 82.8 84.2 10.8 0.49 4.47 49.5 340.6 0.72

Eq. 12 (10) 0.73 87.03 82.4 84.2 11.2 0.49 4.47 49.5 340.3 0.72

Eq. 13 (8) 0.78 89.75 86.0 87.4 8.8 0.48 4.63 64.4 349.9 0.72

a Between brackets the quantity of variables of the models.
b Canonical correlation coefficient obtained from the linear discriminant canonical analysis.

Table 5. Prediction performances for LDA-based QSAR models in the test set

Models Matthews Corr. Coefficient (C) Accuracy ‘QTotal’ (%) Specificity (%) Sensitivity ‘hit rate’ (%) False positive Rate (%)

LDA-based QSAR models obtained using non-stochastic linear indices

Eq. 2 0.96 98.33 100 95.2 0

Eq. 3 0.74 88.33 85.0 81.0 7.7

Eq. 4 0.78 90.00 86.9 84.1 6.8

Eq. 5 0.72 87.22 83.3 79.4 8.5

Eq. 6 0.72 87.22 83.3 79.4 8.5

Eq. 7 0.98 98.89 100 96.8 0

LDA-based QSAR models obtained using stochastic linear indices

Eq. 8 0.73 87.22 79.4 85.7 12.0

Eq. 9 0.70 84.44 71.1 93.7 20.5

Eq. 10 0.69 86.11 82.8 76.2 8.6

Eq. 11 0.72 87.22 80.3 84.1 11.1

Eq. 12 0.71 86.67 79.1 84.1 12.0

Eq. 13 0.77 89.44 82.4 88.9 10.3
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Figure 5. Plot of the DP% from Eq. 7 (using non-stochastic linear indices) for each compound in the training and test sets. Compounds 1–183 and

184–246 are active (tyrosinase inhibitors) in training and test sets, respectively; chemicals 247–541 and 542–658 are inactive (non-inhibitors of

tyrosinase) in both training and test sets, correspondingly.
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Figure 6. Plot of the DP% from Eq. 13 (using stochastic linear indices) for each compound in the training and test sets. Compounds 1–183 and 184–

246 are active (tyrosinase inhibitors) in training and test sets, respectively; chemicals 247–541 and 542–658 are inactive (non-inhibitors of tyrosinase)

in both training and test sets, correspondingly.
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In Table 5 are summarized the results of the statistical
parameters using the non-stochastic and stochastic
bond-based linear indices. Consequently, the models
validated by these results can be used to generate a vir-
tual in silico screening.

The classification results (including the canonical
scores) for all the compounds (active and inactive
ones) in the training database with all the models
are depicted in Tables 3–6 of Supplementary data.
In the same way, the results of classification using
all the developed models for the test set are shown
in Tables 7–10 (Supplementary data). The SMILES
notation for these active and inactive dataset is given
in Tables 11 and 12 of Supplementary data,
respectively.

However, when we analyze the molecular descriptors
included in the best LDA-based QSAR models, a
strong interrelation between these molecular finger-
prints is observed (data not shown). To overcome
this difficulty, in the interpretation of the QSAR
model, we used the Randić’s orthogonalization
process of the molecular descriptors. This process
is an approach in which molecular descriptors are
transformed in such a way that they do not mutually
correlate, to avoid the exclusion of descriptors
included in the model.64,71–76 As expected, the non-
orthogonal descriptors and derived orthogonal
descriptors contain the same information, as well
as the statistical parameters continue being the same
for both models. Moreover, the coefficients of the
QSAR model based on orthogonal descriptors allow
us to interpret the correlation coefficient and to
evaluate the role of individual fingerprints in the
QSAR model.

The results of the orthogonalization process for the non-
stochastic and stochastic bond-based linear indices are
shown in Eqs. 14 and 15, respectively.
Class ¼ � 2:771þ 3:4671OðMf 0LðwEÞÞ

� 2:5582OðPf H
0LðwEÞÞ

þ 2:3443OðMf 1LðwEÞÞ

� 4:5844OðMf 2LðwEÞÞ þ 1:3285OðMf 4ðwÞÞ

� 2:2676OðKf 1LðwEÞÞ
N ¼ 478; k ¼ 0:28; D2 ¼ 10:97;

F ¼ 204:3; canonical R ¼ 0:85;

v2 ¼ 606:2; QTotal ¼ 98:95%; C ¼ 0:98: ð14Þ

Class ¼ 0:019� 0:8581OðMf 1LðwEÞÞ
þ 4:6432OðKf H

1LðwEÞÞ
� 5:0813OðGf H

4LðwEÞÞ
þ 0:4924OðPf H

15ðwÞÞ � 3:0625OðPf H
0 ðwÞÞ

þ 15:5686OðGf H
3LðwEÞÞ

þ 1:5787OðKf 0LðxEÞÞ
� 3:9658OðKf 3LðxEÞÞ
N ¼ 478; k ¼ 0:48; D2 ¼ 4:63;

F ¼ 64:4; canonical R ¼ 0:72;

v2 ¼ 349:9; QTotal ¼ 89:75%; C ¼ 0:78: ð15Þ
Here, we used the symbols mO[f k(w)], where the super-
script m expresses the order of importance of the vari-
able fk(w) after a preliminary forward-stepwise analysis
and O means orthogonal.

It is important to stand out that, as expected, the
orthogonal descriptor-based models coincide with the
collinear (i.e., ordinary) TOMOCOMD-CARDD
descriptors-based models in all the statistical parame-
ters. Again, the statistical coefficients of LDA-QSARs
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k, F, C and accuracy are the same whether we use a set
of non-orthogonal descriptors or the corresponding set
of orthogonal indices. Notice that in the process of
orthogonalization the data were standardized so that
each variable has a mean of zero and a standard devia-
tion of 1, because the different molecular descriptors
used entirely ‘different types of scales.’
2.5. New tyrosinase inhibitors through ligand-based vir-
tual screening

Recent advances in the pharmaceutical industry are fo-
cused on resolving the ancient problem of massive cost
in the development of new drugs. These novel approach-
es to answer the major challenges most commonly
expected in drug discovery are based on automation
and information technologies. The mentioned tools have
provided the pharmaceutical industry with platforms to
translate clinical liabilities into simple, fast, and cost-ef-
fective in vitro screening assays, applicable to the early
phases of drug discovery.77

High-throughput screening (HTS) has emerged as the
paradigm chosen by the pharmaceutical companies as
a solution to query large databases of compounds
searching for a desired activity.78 Despite the great
advances in the biological screening of large number
of organic-chemicals by using the HTS techniques, the
process of drug discovery is still an arduous task.

Therefore, the development of computational methods
that can serve for this purpose is necessary. Computers
scientists may regard virtual high-throughput screening
(vHTS) as a highly sophisticated way, and as a strongly
simplified simulation of their high-throughput screening
assays. Indeed, vHTS attempts to integrate computer
science with biophysics using their synergy: the flexibili-
ty, cost-effectiveness, and speed of computational algo-
rithms and biophysical knowledge of molecular
recognition.19

Therefore, they have emerged the computational meth-
ods permitting theoretical-in silico-evaluations of such
activity for virtual libraries of chemicals before these
compounds are synthesized in the laboratory, as an
interesting alternative to the HTS in the bottleneck of
the drug-discovery pipeline.

The term ‘virtual’ encompasses in the pharmaceutical
industry all aspects related to the electronic business
paradigm. This type of ‘virtual’ strategy developed in
the last five years has the potential to increase the effi-
ciency of drug commercialization. Nevertheless, it
should not be confused with ‘in silico’ drug discovery
approaches enlarging the use of computational software
to generate and evaluate molecules that are also
‘virtual.’79

This in silico search is presented as an alternative to the
screening approaches to drug discovery. The main fea-
ture that any theoretical approach should have is its
ability to identify new active compounds from databases
of chemicals. Therefore, the computational methods can
permit the ‘virtual essay’ of tyrosinase inhibitory activity
from virtual libraries of chemicals, before the biological
tests are carried out, or even these compounds are syn-
thesized in the laboratory. The process mentioned is
known today as computational (virtual or in silico)
screening.17–28

With the aim of evaluating the applicability of the
QSAR models obtained in the present work, we carried
out a simulated virtual screening of tyrosinase inhibi-
tors. A dataset of 85 compounds, whose names are given
in Table 6, was evaluated in the ligand-based virtual
screening. The collected organic-chemicals are reported
as active in the literature (see the last column of Table
6: Ref.). The molecular structures of these compounds
are depicted in Table 13 of Supplementary data.

First, we develop a k-NNCA to observe the molecular
diversity in the database of the virtual screening. In
the dendrogram of Figure 7 a great number of different
subsets can be visualized proving the large molecular
variability of the chemicals.

The results of the classification of the compounds in the
screening are depicted in Table 6. Together with these,
we show the results of DP% (posterior classification
probabilities) and canonical scores of the compounds
using all the models developed in the present report
(see Table 14 of Supplementary data). In addition, pic-
torial representations of the good classification of these
compounds obtained with the best two models 7 and 13
are given in Figures 8 and 9.

As it can be seen in Figure 8, a total of 36 compounds
[57.64% (49/85)] were misclassified by Eq. 7. However,
the Eq. 13, had a adequate behavior in this external ser-
ies, showing a 92.94% of good classification (79/85).
Other obtained models showed intermediate results
according to its accuracy in training and test sets. The
values of predictions were checked out from recent re-
ports in the literature (see the last column of Table 6:
Ref.). Therefore, in the virtual screening experiments
using this computational system is very important to
use the following criterion to choose a compound as
good-inhibitor candidate (hit or lead): (1) If the 75%
of the total 12 LDA-based QSAR models pick the com-
pound as active, then we classify the compound with the
biological activity under consideration.

By this way, the following step would be the inclusion
of these ‘novel’ compounds in the training set and
then to carry out new discrimination models. This
novel discrimination functions can have some variabil-
ity from the previous one, due to the inclusion of a
new structural pattern, but they should be able to
create a broad spectrum of compounds that allow
recognizing a greater number of structural subsets
from databases as tyrosinase inhibitors. Hence, the
improvement of the quality of the models incorporat-
ing new compounds is considered as an iterative pro-
cess of great impact in the construction of adequate
datasets.



Table 6. Results of the virtual screening

Compounda Classb Ref.c

Active compounds (tyrosinase inhibitors)

1 p-Nitrophenol ++++++ A

++++++ B

2 3-(3,4-Dihydroxyphenyl)-LL-alanine ++++++ C

++++++

3 3-Amino-4-hydroxybenzoic acid ++++++ C

++++++

4 4-Amino-3-hydroxybenzoic acid ++++++ C

++++++

5 3,4-Diaminobenzoic acid ++++++ C

++++++

6 3-Aminobenzoic acid ++++++ C

++++++

7 4-Aminobenzoic acid ++++++ C

++++++

8 4,6-O-Hexahydroxy diphenylglucose ++++++ D

++++++

9 Tunicamycin +����+ E

++�+++

10 Methyl p-coumarate ++++++ F

++++++

11 o-Phenylphenol �++++� F

++++++

12 Phenylhydroquinone ++++++ F

++++++

13 Chamaecin ++++++ F

++�+++ G

14 Stearyl glycyrrhetinate ++++++ H

++++++

15 2-(4-Methylphenyl)- 1,3- ������ I

selenazol-4-one +����� J

16 ������ I

+�����
17 ������ I

+�+���
18 ������ I

+�����
19 3-Fluorotyrosine ++++++ K

++++++

20 N-Acetyltyrosine +����+ K

++++++

21 N-Formyltyrosine ++++++ K

++++++

22 Gentisic acid ++++++ L

++++++

23 6-BH4 +����+ M

�+���+

24 7-BH4 +����+ M

�+���+

25 Propylparaben ++++++ N

++�+++

26 Phenylalanine ++++++ K

++++++

27 Dithiothreitol ++++++ O

++++++

28 Azelaic acid +��+++ P

++�+++

29 Undecandioic acid +��+++ P

++�+++

30 Suberic acid +��+++ P

++�+++

31 Sebacic acid +��+++ P

++�+++

32 Dodecandioic acid +��+++ P

++�+++

33 Tridecandioic acid +��+++ P

++�+++

Table 6 (continued)

Compounda Classb Ref.c

34 Traumatic acid +��+++ P

++�+++

35 Pantothenic acid ++++++ K

++�+++

36 5-(Hydroxymethyl)-2-furfural +����+ Q

+��+++ R

37 Hinokitiol �++++� S

++++++

38 Penicillamine +++��+ T

++++++

39 Toluic acid ++++++ A

++++++

40 ++++++ U

++++++

41 ++++++ U

++++++

42 3,5-Dihydroxy- ++++++ V

4 0-O-Methoxystilbene ++++++

43 p-Hydroxybenzoic acid ++++++ W

++++++

44 o-Hydroxybenzoic acid ++++++ W

++++++

45 Cysteine ++++++ X

++++++

46 Methimazole +�+��+ X

+++���
47 BMY-28438 �++++� X

++++++

48 Captopril +�+��+ Y

+��+++

49 Yohimbine +++��+ Z

++�+++

50 4-(Phenylazo)phenol ++++++ a

++++++

51 SACat ++++++ A

++++++

52 NPACat ++++++ A

++++++

53 DNPACat ++++++ a

++++++

54 EDTA +����+ b

���+++

55 Dodecyl gallate ++++++ c

++�+++

56 Gallic acid ++++++ c

++++++

57 (±)-Flavanone ���+��� d

+++���
58 (�)-Pinocembrin �++++� d

++++++

59 (±)-Naringenin �++++� d

++++++

60 (+)-Dihydromorin �++++� d

++++++

61 Flavone �++++� d

++++�+

62 Myricetin �++++� d

++++++

63 Artocarpin �++++� d

++++++

64 Artocarpesin �++++� d

++++++

65 Isoartocarpesin �++++� d

++++++

66 (�)-Angolensin �++++� d

++++++
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Table 6 (continued)

Compounda Classb Ref.c

67 Pinosylvin �++++� d

++++++

68 4-Prenyloxyresveratrol �++++� d

++++++

69 26 �++++� d

++++++

70 27 �++++� D

++++++

71 28 �++++� D

++++++

72 29 �++++� D

++�+++

73 30 �++++� D

++++++

74 31 �++++� D

++++++

75 32 �++++� D

++++++

76 34 �++++� D

++++++

77 35 �++++� D

++++++

78 36 �++++� D

++++++

79 37 �++++� d

++++++

80 38 �++++� d

++++++

81 39 �++++� d

++�+++

82 40 �++++� d

++++++

83 41 �++++� d

++�+++

84 2 0-O-Feruloylaloesin �++++� e

++++++

85 Barbaloin �++++� e

++++++

a The molecular structures of these tyrosinase inhibitors are given as

Supplementary data (see Table 13).
b Results of the classification of compounds in this set: (i) Above,

classification of each compound using the obtained models with non-

stochastic bond-based linear indices in the following order: Eqs. 2–7;

and (ii) Below; classification of each compound using the obtained
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03-03 09:09:51). ETakahashi, H.; Parsons, P. G. J. Invest. Dermatol.

1992, 98, 481–487. FKubo, I.; Niheia, K.; Tsujimoto, K. Bioorg.

Med. Chem. 2004, 12, 5349–5354. GNihei, K-I.; Yamagiwa, Y.;

Kamikawab, T.; Kubo, I. Bioorg. Med. Chem. Lett. 2004, 14, 681–

683. HUm, S.-J.; Park, M.-S.; Park, S.-H.; Han, H.-S.; Kwonb, Y.-J.;

Sin, H.-S. Bioorg. Med. Chem. 2003, 11, 5345–5352. IBarlocco, D.;

Barrett, D.; Edwards, P.; Langston, S.; Pérez-Pérez, M. J.; Walker,

M.; Weidner, J.; Westwell, A. Drug Discovery Today 2003, 8, 372–

373. JKoketsu, M.; Choi, S. Y.; Ishihara, H.; Lim B. O.; Kim, H.;

Kim, S. Y. Chem. Pharm. Bull. (Tokyo) 2002, 12, 1594–1596.

http://www.thecosmeticsite.com/formulating/959621.htlm (April-00).
LCurto, E. V.; Kwong, C.; Hermersdorfer, H.; Glatt, H.; Santis, C.;

Virador, V.; Hearing, V. J.; Dooley, T. P. Biochem. Pharmacol. 1999,

Table 6 (continued)

57, 663–672. MWood, J. M.; Schallreuter-Wood, K. U.; Lindsey, N.
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Invest. Dermatol. 1978, 71, 205–208. QSharma, V. K.; Choi, J.;

Sharma, N.; Choi, M.; Seo, S.-Y. Phytother. Res. 2004, 18, 841–844.
RKang, H. S.; Choi, J. H.; Cho, W. K.; Park, J. C.; Choi, J. S. Arch.

Pharm. Res. 2004, 7, 742–750. SSakuma, K.; Ogawa, M.; Sugibay-

ashi, K.; Yamada, K.; Yamamoto, K. Arch. Pharm. Res. 1999, 4,

335–339. TLovstad, R. A. Biochem. Pharmacol. 1976, 25, 533–535.
UKubo, I.; Kinst-Hori, I.; Yokokawa, Y. J. Nat. Prod. 1994, 57, 545–

551. VRegev-Shoshani, G.; Shoseyov, O.; Bilkis, I.; Kerem, Z. Bio-

chem. J. 2003, 374, 157–163. WBernard, P.; Berthon, J-Y. Int. J.
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Makimura, T.; Kobayashi, T.; Hamada, N.; Watanabe, E. Fish Sci.

2001, 67, 1151–1156. YEspı́n, J. C.; Wichers, H. J. Biochim. Biophys.

Acta. 2001, 1544, 289-300. ZFuller, B. B.; Drake, M. A.; Spaulding,
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jerdi, S. S.; Haghbeen, K.; Karkhane, A. A.; Fazli, M.; Sabouryc, A.

A. Biochem. Biophys. Res. Commun. 2004, 314, 925–930. bKong, K.-

H.; Hong, M.-P.; Choi, S.-S.; Kim, Y.-T.; Cho, S.-H. Biotechnol.

Appl. Biochem. 2000, 31, 113–118. cKubo, I.; Chen, Q.-X.; Nihei,

K.-I. Food Chem. 2003, 81, 241–247. dShimizu, K.; Kondo, R.; Sakai,
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Several drug-like compounds were identified by the
QSAR models as possible tyrosinase inhibitors. There
is great variability in the functions of these chemicals,
for example, one antirheumatic compound (Penicilla-
mine, also used as copper chelating agent in Wilson’s
hepatolenticular degeneration disease), one antihyper-
thyroid chemical (Methimazole), one antihypertensive
agent (Captopril), one mydriatic lead (Yohimbine; also
used as pharmacological probe for the study of alpha-
2 adrenoreceptor as well as in the treatment of impo-
tence), one antibacterial molecular entity (BMY-
28438), one analgesic and antiinflammatory compound
(Gentisic acid), and so on. A great diversity is observed
in the molecular structures of these chemicals. Among
them, one can find from well-known drugs with different
biological properties to natural products.

The above-shown result is one of the most important
validations for the models developed here, because we
have demonstrated that the present algorithm is able
to detect as active a series of compounds from a library,
and these chemicals have shown the predicted activity. It
is important to recall the fact that most of these drugs
selected from the ligand-based virtual screening can
have well-established methods of synthesis, as well as
their toxicological, pharmacodynamical, and pharma-
ceutical properties are well known.

2.6. In silico discovery of new tyrosinase inhibitors and
experimental assays

The main importance and usefulness of QSAR models
developed here is the selection of lead compounds from
a large group of chemical-organics. In order to exempli-
fy the possibilities of the TOMOCOMD-CARDD

http://open.cacb.org.tw/index.php
http://www.thecosmeticsite.com/formulating/959621.htlm
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Figure 7. A dendrogram illustrating the results of the hierarchical k-NNCA of the set of active chemicals used for evaluating the predictive ability of

the QSAR models for ligand-based virtual screening.
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Figure 8. Plot of the DP% from Eq. 7 (using non-stochastic linear indices) for each compound selected in virtual screening protocols.
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Figure 9. Plot of the DP% from Eq. 13 (using stochastic linear indices) for each compound selected in virtual screening protocols.
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approach for the in silico screening, a search for new
bioactive chemicals was carried out.

As it was mentioned in other part of this report, one of
our research teams has focused mainly on trial–error
searching for new tyrosinase inhibitors.14–16 Together
with this fact, we are also identifying new drug candi-
dates using computational screening (based on QSAR
techniques). In order to find promising active agents,
we selected a pool of compounds not yet described in
the literature as tyrosinase inhibitors. In the following
step, we perform in silico essays from a library of ethyls-
teroids isolated and characterized from natural sources,
looking for activity against the tyrosinase enzyme, using
the QSAR models obtained with the TOMOCOMD-
CARDD method.

We evaluated six compounds with the LDA-based
QSAR models and, in order to corroborate the predic-
tions, the chemicals were isolated through simple meth-
ods, and in vitro assays against the enzyme were made.
The DP% values and canonical scores of the compounds
in the data using all the discriminant functions are
depicted in Table 7.

A good agreement is observed between the experimental
antityrosinase activity and theoretical predictions for all
the compounds. In the study of the inhibitory activity all
six compounds showed effectiveness in mushroom tyros-
inase inhibition (see Table 7).80 Two compounds, ES3
(IC50 = 7.89 lM) and ES4 (IC50 = 5.95 lM), exhibited
lesser activity than standard tyrosinase inhibitor
LL-mimosine, but more power than Kojic acid
(IC50 = 16.67 lM), another reference drug. The remain-
ing chemicals, ES1 (IC50 = 2.61 lM), ES2
(IC50 = 1.53 lM), ES5 (IC50 = 3.46 lM) and ES6
(IC50 = 1.72 lM), exhibited higher activities when com-
pared with LL-mimosine (IC50 = 3.68 lM). The structures
of the compounds are shown in Figure 10.
Table 7. Results of ligand-based in silico screening and tyrosinase inhibitory

Compound* DP%a Scoresa DP%b Scoresb DP%c Scoresc DP%

ES1 65,84 �1,02 96,90 2,42 97,43 �2,52 95,67

84,84 1,31 96,74 �2,21 77,70 1,55 83,62

ES2 69,18 �1,06 97,37 2,49 96,82 �2,42 97,87

69,62 0,94 88,43 �1,57 62,22 1,23 83,50

ES3 63,18 �0,99 97,10 2,45 97,80 �2,59 94,22

88,75 1,46 97,14 �2,27 92,27 2,14 83,73

ES4 58,49 �0,94 97,49 2,51 97,81 �2,59 98,02

90,41 1,54 98,11 �2,47 79,79 1,61 93,51

ES5 66,73 �1,03 97,54 2,52 97,28 �2,49 97,15

76,74 1,09 89,46 �1,62 85,71 1,80 83,60

ES6 62,40 �0,98 97,86 2,59 97,28 �2,49 99,05

80,98 1,19 93,32 �1,85 66,66 1,31 93,46

a,b,c,d,e,fDP% = [P(Active) � P(Inactive)] · 100 as well as canonical scores of

compound using the obtained models with non-stochastic linear indices in the

compound using the obtained models with stochastic linear indices in the fo

against the enzyme tyrosinase and SEM is the standard error of the mean.
* The molecular structures of these chemicals are shown in Figure 10.
It must be highlighted here that all compounds have an
IC50 < 10 lM, the minor value to consider a compound
as a hit for drug discovery. For that reason, we also
made a k-NNCA for all the active compounds of the
training, test, virtual screening, and the new bioactive
chemicals. The hierarchical cluster analysis was devel-
oped to compare similarities among the novel discov-
ered compounds and the complete active database.
The dendrogram of Figure 11 shows the great diversity
of subsystems in the set.

An exhaustive analysis of each cluster reveals that new
bioactive agents were included in the same cluster that
an ethylsteroid family, 234–238 and 244–246, com-
pounds belonging in the main to the training set. This
result can be considered adequate because the novel
chemicals are ethylsteroids too. In adition, it could be
observed from the cluster that ES2 (IC50 = 1.53 lM) is
at the same distance as that compound 238
(IC50 = 1.25 lM), reasonable, taking into account that
they share similar structural shapes and strong tyrosi-
nase inhibitory activity (see Figure 2 of Supplementary
data and Fig. 10).

From these results, we can conclude that the models
developed here permit, at least, the identification of these
nuclei bases that are simple derivatives of known class of
tyrosinase inhibitors as novel tyrosinase inhibitors which
may be used to prevent or treat pigmentation disorders.

All this new small library of compounds may be used as
starting point for further optimization and refinement of
novel compounds with potent tyrosinase activity. ES2
can be selected in search for drug-like compounds with
such activity, after examining the pharmacological, tox-
icity, pharmacokinetic properties, and good activity in
clinical animal essays. Finally, it is important to remark
that our aim in this study is to show how the models can
be used for potential drug discovery.
activities of new ethylsteroid compounds

d Scoresd DP%e Scorese DP%f Scoresf IC50 ± SEMg (lM)

�2,13 95,56 �2,13 66,11 �1,01 2.61 ± 0.0373

1,37 83,05 1,35 82,65 �1,23

�2,46 97,81 �2,47 67,87 �1,03 1.53 ± 0.0011

1,37 82,89 1,35 87,43 �1,40

�1,95 94,09 �1,94 64,58 �1,00 7.89 ± 0.0013

1,38 83,16 1,36 79,74 �1,15

�2,47 97,99 �2,48 59,60 �0,95 5.95 ± 0.0008

1,83 93,31 1,82 94,85 �1,83

�2,28 97,07 �2,28 66,40 �1,02 3.46 ± 0.0105

1,37 82,99 1,35 85,15 �1,31

�2,81 99,03 �2,82 61,63 �0,97 1.72 ± 0.0009

1,83 93,25 1,82 96,33 �1,99

each compound in this set: (i) Above in bold, classification of each

following order: Eqs. 2–7; and (ii) Below in italic; classification of each

llowing order Eqs. 8–13. gIC50 are the 50% inhibitory concentrations
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Figure 11. A dendrogram illustrating the results of the hierarchical k-NNCA of the set of all active chemicals (tyrosinase inhibitors) included in

training, test, virtual screening, and new active ethylsteroids discovered in the present work.
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2.7. Bond-based linear indices versus other simple molec-
ular fingerprints

Besides, a comparison with other standard methods was
also carried out to corroborate the performance of our
own molecular descriptors. With this purpose were used
three standard descriptor families, the molecular walk
counts (2D), functional groups (1D) and the atom cen-
tered fragments (1D).81 The LDA-based QSAR models
obtained for these three molecular fingerprints are
shown in Table 8.

The statistical parameters for these three models and for
our best two non-stochastic and stochastic bond-based
descriptors are shown in Tables 9 and 10, for the train-
ing and prediction series, respectively. As can be ob-
served the Eqs. 16–18 present low values of accuracy,
specificity, and sensitivity than those presented by our
models 7 and 13. In this sense the reliability of these sim-
ple molecular fingerprints used here [molecular walk
counts (2D), functional groups (1D), atom centered
fragments (1D)] cannot provide an adequate discrimina-
tion between the tyrosinase inhibitors and inactive ones.
Therefore, the use of most complex molecular descrip-
tors like the bond-based linear indices to describe the
biological activity is necessary.
3. Concluding remarks

The research involving the discovery of new tyrosinase
inhibitors is considered an impacting field in pharma-
ceutical, cosmetic, food, and more recently agrochemical
industries. This fact is due to their potential applications
in such areas as food additives, skin depigmentation
agents, insect pests, melanogenesis disorders, and so
on.9–13,41 The broad spectrum of the tyrosinase enzyme
makes it a useful target for drug discovery of new inhib-
itors with the bioactivity.

Methods saving in effectiveness and rationality have be-
come a principal objective for the pharmaceutical re-



Table 8. Discriminant models obtained with the 0D–2D dragon descriptors

Class ¼ �0:830� 2:899� 10�2SRW05þ 2:094� 10�2MWC04 ð16Þ

Class ¼ �0:260þ 2:623nCO� 1:104nNR2� 1:762nSO2N � 0:181nCqþ 0:772nCOOR

þ 1:062nCrHR� 2:244nNO2þ 0:691nRORPh� 7:790� 10�2nCrR2þ 1:103n

¼ CR2þ 0:698nC ¼ N � 0:256nCONR2 ð17Þ

Class ¼� 0:1085� 0:1520S� 110� 1:575S� 107� 1:211S� 108� 0:655Br� 094

� 0:694Cl� 090� 1:082P� 117 ð18Þ

Table 9. Prediction performances and statistical parameters for LDA-based QSAR models in the training set

Modelsa Matthews correlation

coefficient (C)

Accuracy

‘QTotal’ (%)

Specificity

(%)

Sensitivity

‘hit rate’ (%)

False positive

rate (%)

Wilks’

k
D2 F Chi-Square

(v2)

Canonical

R

LDA-based QSAR models obtained using the dragon descriptors

Eq. 16 (2) 0.072 54.64 42.25 49.45 42.12 0.96 0.19 10.4 20.4 0.21

Eq. 17 (12) 0.54 78.48 86.36 52.19 5.13 0.65 2.25 20.6 200.0 0.59

Eq. 18 (6) 0.35 58.01 47.68 96.15 65.75 0.88 0.59 11.0 61.9 0.35

Eq. 7 (6) 0.98 98.95 99.4 97.8 0.3 0.28 10.97 204.3 606.2 0.85

Eq. 13 (8) 0.78 89.75 86.0 87.4 8.8 0.48 4.63 64.4 349.9 0.72

Table 10. Prediction performances for LDA-based QSAR models in the test set

Modelsa Matthews correlation coefficient (C) Accuracy ‘QTotal’ (%) Specificity (%) Sensitivity ‘hit rate’ (%) False positive rate (%)

LDA-based QSAR models obtained using the dragon descriptors

Eq. 16 0.25 65.36 50.7 55.6 29.3

Eq. 17 0.48 77.09 73.9 54.0 10.3

Eq. 18 0.41 61.45 47.7 96.8 57.8

Eq. 7 0.98 98.89 100 96.8 0

Eq. 13 0.77 89.44 82.4 88.9 10.3
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search. In this sense, the use of in silico approaches has
emerged as a replacement alternative to in vivo test as-
says. For example, the virtual high-throughput-screen-
ing techniques could do parallel testing of libraries of
compounds, accelerating the lead generation process
or even new drug candidates.82,83

In this way, other approaches have been proposed to
evaluate and complement the HTS in virtual assays.
The introduction and use of the described graph theoret-
ical MDs are also attractive and efficient for research in
drug design. Taken all these facts and, in spite of some
criticism, the vTHS together with the classification-
based QSAR models can become a common tool for
testing compounds before entering more refined and
costly assays to be conducted later, thus speeding up
drug discovery.

In this way and knowing that most of the tyrosinase
inhibitors discovered until present have been discov-
ered by trial–error methods, we have shown the
biological in silico evaluation through QSAR models
of new compounds isolated and characterized from
herbal plants.
In the current report, the usefulness of the TOMO-
COMD-CARDD MDs non-stochastic and stochastic
bond-based linear indices was shown to discriminate nov-
el active compounds from inactive ones as tyrosinase
inhibitors. The obtained discriminate functions were ap-
plied to pools of chemicals in the simulated virtual
screening of compounds with the activity under study,
exhibiting adequate performances. This new method is
proposed for increasing the speed of prediction of the
biological property considered here, permitting much
better results for the in silico discovery of new candi-
dates as possible lead compounds, making use of a min-
imum of resources. The data collected in this work can
be used by all scientists in natural-product, medicinal
or theoretical chemistry area of tyrosinase inhibitor
researches.

At the same time, the novel MDs were used with the
LDA technique as an experimental screening of the nov-
el ethylsteroids. This was proved experimentally, with an
in vitro pharmacological essay of the isolated and char-
acterized compounds. In this case, the new six chemicals
presented activity on mushroom tyrosinase, which
proves that the TOMOCOMD-CARDD approach is a
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useful tool in the rational design of novel pharmacolog-
ically active compounds.

The present algorithm constitutes a step forward in the
search for efficient ways of discovering new tyrosinase
inhibitors. This strategy will ‘deliver substantial benefits
and act as the bedrock for NCE selection’79 shedding
some new light into the drug-discovery pipeline, improv-
ing the quality during the hit-to-lead stage of novel
bioactive compounds, looking for more potent-safety-
selective tyrosinase inhibitors, which may be used to pre-
vent or treat pigmentation disorders.
4. Experimental

4.1. Chemoinformatic tools

Calculations were carried out on a PC Pentium-4
2.0 GHz. The CARDD module implemented in the
TOMOCOMD software was used in the calculation of
total and local non-stochastic and stochastic bond-
based linear indices for the dataset of chemicals. The
atom weights used were the same as those for the calcu-
lation of the DRAGON descriptors.46–48

The three standard descriptor families molecular walk
counts (2D), functional groups (1D) and the atom cen-
tered fragments (1D) were calculated using the Dragon
Software.84

4.2. Chemometric methods

4.2.1. k-Means cluster analysis (k-MCA). The statistical
software package STATISTICA59 was used to develop
the k-MCA.59 The number of members in each cluster
and the standard deviation of the variables in the cluster
(kept as low as possible) were taken into account, to
have an acceptable statistical quality of data partitions
into the clusters. The values of the standard deviation
(SS) between and within clusters, of the respective Fisher
ratio and their p level of significance, were also
examined.57,58 Finally, before carrying out the cluster
processes, all the variables were standardized. In stan-
dardization, all the values of selected variables (molecu-
lar descriptors) were replaced by standardized values,
which are computed as follows: Std. score = (raw scor-
e � mean)/Std. deviation.

4.2.2. Linear discriminant analysis (LDA). LDA was
carried out with the STATISTICA software.59 The
considered tolerance parameter (proportion of vari-
ance that is unique to the respective variable) was
the default value for minimum acceptable tolerance,
which is 0.01. A forward-stepwise search procedure
was fixed as the strategy for variable selection. The
principle of parsimony (Occam’s razor) was taken into
account as a strategy for model selection. In connec-
tion, we selected the model with the highest statistical
significance, but having as few parameters (ak) as
possible. The quality of the models was determined
by examining Wilks’ k parameter (U statistic), the
square Mahalanobis distance (D2), the Fisher ratio
(F), and the corresponding p-level [p(F)] as well as
the percentage of good classification in the training
and test sets. Models with a proportion between the
number of cases and variables in the equation lower
than 5 were rejected. The biological activity was cod-
ified by a dummy variable ‘Class’. This variable indi-
cates the presence of either an active compound
(Class = 1) or an inactive compound (Class = �1).
The classification of cases was performed by means
of the posterior classification probabilities. By using
the models, one compound can then be classified as
either active, if DP% > 0, being DP% =
[P(Active) � P(Inactive)]100, or inactive, otherwise.
P(Active) and P(Inactive) are the probabilities with
which the equations classify a compound as either
active or inactive, respectively.

The statistical robustness and predictive power of the
obtained model were assessed using a prediction (test)
set. Finally, the calculation of percentages of global
good classification (accuracy), sensibility, specificity
(also known as ‘hit rate’), false positive rate (also known
as ‘false alarm rate’), and Matthews’ correlation coeffi-
cient (MCC) in the training and test sets permitted the
assessment of the model.67

4.2.3. Orthogonalization of descriptors. In this study,
the Randić method of orthogonalization was
used.64,71–76 This orthogonalization process of molec-
ular descriptors was introduced by Randić several
years ago as a way to improve the statistical interpre-
tation of the models by using interrelated indices.
This method has been described in detail in several
publications.

Thus, we will give only a general overview here. As a
first step, an appropriate order of orthogonalization
was considered following the order with which the
variables were selected in the forward-stepwise search
procedure of the statistical analysis.68 The first vari-
able (V1) is taken as the first orthogonal descriptor
1O(V1), and the second one (V2) is orthogonalized
with respect to it [2O(V2)]. The residual of its correla-
tion with 1O(V1) is that part of the descriptor V2 not
reproduced by 1O(V1). Similarly, from the regression
of V3 versus 1O(V1), the residual is the part of V3 that
is not reproduced by 1O(V1), and it is labeled 1O(V3).
The orthogonal descriptor 3O(V3) is obtained by
repeating this process in order to make it orthogonal
to 2O(V2) also. The process is repeated until all vari-
ables are completely orthogonalized, and the orthogo-
nal variables are then used to obtain the new
model.64,71–76

Because the different molecular descriptors included
here used entirely ‘different types of scales,’ the data
were standardized so that each variable has a mean of
0 and a standard deviation of 1. In standardization, all
the values of selected variables (molecular descriptors)
were replaced by standardized values, which are com-
puted as follows: Std. score = (raw score � mean)/Std.
deviation.
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4.3. Chemical methods

The isolation and characterization of the ethylsteroids,
their biological studies, and cross references have been
reported by others of our research team.85

4.4. In vitro assay of tyrosinase activity

Tyrosinase inhibition assay was performed with kojic
acid and LL-mimosine as standard inhibitors for the
tyrosinase in a 96-well microplate format using a Spec-
traMax 340 micro-plate reader (Molecular Devices,
CA, USA) according to the method developed by Hear-
ing.80 Briefly, the compounds were first screened for the
o-diphenolase inhibitory activity of tyrosinase using
LL-DOPA as substrate. All the active inhibitors from
the preliminary screening were subjected to IC50 studies.
Compounds were dissolved in methanol to a concentra-
tion of 2.5%. Thirty units of mushroom tyrosinase
(28 nM from Sigma Chemical Co., USA) were first pre-
incubated with the test compounds in 50 nM Na-phos-
phate buffer (pH 6.8) for 10 min at 25 �C. Then the LL-
DOPA (0.5 mM) was added to the reaction mixture
and the enzymatic reaction was monitored by measuring
the change in absorbance at 475 nm (at 37 �C) due to the
formation of the DOPAchrome for 10 min. The percent-
age of inhibition of the enzyme was calculated as fol-
lows, by using MS Excel�TM 2000 (Microsoft Corp.,
USA) based program developed for this purpose:

Percent inhibition ¼ ½ðB� SÞ=B� � 100 ð19Þ

Here, B and S are the absorbances for the blank and
samples, respectively. After the screening of the com-
pounds, 50 percent inhibitory concentrations (IC50)
were also calculated. All the studies have been carried
out at least in triplicate, and the results represent the
mean ± SEM (standard error of the mean). Kojic acid
and LL-mimosine were used as standard inhibitors for
the tyrosinase and both of them were purchased from
Sigma Chem. Co., USA.
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