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Prostate cancer (PCa) is the second-leading cause of cancer deaths among men in the around the world.
Understanding the biology of PCa is essential to the development of novel therapeutic strategies, in order
to prevent this disease. However, after PCa make metastases, chemotherapy plays an extremely impor-
tant role. With the pass of the time, PCa cell lines become resistant to the current anti-PCa drugs. For this
reason, there is a necessity to develop new anti-PCa agents with the ability to be active against several
PCa cell lines. The present work is an effort to overcome this problem. We introduce here the first
multi-target approach for the design and prediction of anti-PCa agents against several cell lines. Here,
a fragment-based QSAR model was developed. The model had a sensitivity of 88.36% and specificity
89.81% in training series. Also, the model showed 94.06% and 92.92% for sensitivity and specificity,
respectively. Some fragments were extracted from the molecules and their contributions to anti-PCa
activity were calculated. Several fragments were identified as potential substructural features responsible
of anti-PCa activity and new molecular entities designed from fragments with positive contributions
were suggested as possible anti-PCa agents.

� 2011 Elsevier Ltd. All rights reserved.
1. Introduction

Prostate cancer (PCa) is the most enigmatic of the common solid
malignancies. Second only to lung cancer as a killer of men beyond
middle age, it warrants more attention than it currently receives
from governments, researchers and the general public worldwide.1

With the exception of skin cancers, PCa is the most commonly
diagnosed cancer among men and the second leading cause of can-
cer death in many industrialized nations. In 2004, the American
Cancer Society estimates that 29,900 American men will die from
PCa and 230,110 will be diagnosed with this disease.2 New tech-
nologies such as the da Vinci robot to facilitate laparoscopic radical
prostatectomy and low dose brachytherapy both offer this pros-
pect, and are rapidly becoming the dominant active treatment op-
tions in regions such as North America.1 By contrast, locally
advanced PCa is probably best managed by conformal external
beam radiotherapy (EBRT) with pre and sometimes post-treatment
hormonal ablation, although high dose brachytherapy is looking
very interesting. However, once prostate cancer has spread to
either lymph nodes or bones, hormonal therapy is usually the first
ll rights reserved.
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line of treatment and may be effective for many months or years.
Eventually, however, hormone relapse develops and second line
treatments need to be considered. Chemotherapy with taxotere
has now been shown to improve survival and several newer ther-
apies in this context including endothelin A antagonists look prom-
ising.3 In this sense, the search of new and more potent anti-PCa
agents constitutes a challenge for the scientific community in order
to avoid problems related with resistance to the current anti-PCa
drugs.

In the last 10 years, several chemical families of compounds
have been synthesized and evaluated for anti-PCa activity and
computer-aided drug design (CADD) methodologies have played
an important role toward the design of anti-PCa compounds.4–10

Some disadvantages of the CADD methodologies employed in drug
discovery for anti-PCa therapy is that they have been applied to
small and homogeneous databases of compounds usually consider-
ing only one PCa cell line or referred to only one target like protein
associated with PCa. In this sense, the discovery of anti-PCa com-
pounds against several important and highly cited PCa cell lines
constitutes a major interest. In order, to overcome this problem
we develop the first multi-target approach for the design and pre-
diction of anti-PCa agents against several cell lines. This approach
represents a fragment-based QSAR model using a heterogeneous
database of compounds for the efficient and fast extraction of sub-
structural alerts responsible of anti-PCa activity depending on the
type of PCa cell line.

http://dx.doi.org/10.1016/j.bmc.2011.09.015
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2. Materials and methods

2.1. Functional group counts

Functional group counts (FGCs) are descriptors which express
certain fragmental features. They are simple molecular descriptors
defined as the number of specific functional groups in a molecule
and they are calculated from the molecular composition and atom
connectivity.11–13 Many of the functional groups defined here, are
those which are traditionally used in Organic Chemistry. FGCs
are descriptors that have relation with the indicator variables in
a Free-Wilson analysis.14
2.2. Atom-centered fragments

Atom-centered fragments (ACFs) have demonstrated to be very
useful descriptors, and have been employed in some QSAR stud-
ies.15–18 As the FGCs descriptors, ACFs are related with variable
of the Free-Wilson analysis. They provide important information
about hydrophobic and dispersive interactions which are involved
in biological processes such as transport and distribution of drugs
through the membrane19 and about drug–receptor interac-
tions.17,19–21 ACFs are simple molecular descriptors which are de-
fined as the number of specific atom types in a molecule. They
are calculated from the molecular composition and atom connec-
tivities. Each type of atom in the molecule is described in terms
of its neighboring atoms. Hydrogen and halogen atoms are classi-
fied by the hybridization and oxidation states of the carbon atom
to which they are attached. For hydrogen atoms, heteroatoms
which are attached to a carbon in a-position are further consid-
ered. Carbon atoms are classified by their hybridization state and
depending on whether their neighbors are carbon or heteroatoms.
2.3. Spectral moments of the bond adjacency matrix

The approach that encloses the calculation of the spectral mo-
ments of the bond adjacency matrix, is known as TOPS-MODE
(TOPological Substructural MOlecular DEsign) approach and it
has been applied for the modeling of pharmacological activi-
ties,22–24 and in quantitative structure-toxicity relationship (QSTR)
studies.25–29 The theoretical background about the spectral mo-
ments of bond adjacency matrix has been described in many pa-
pers; however, we will focus our explanation on the most
important aspects. In this approach the molecular structure is en-
coded by mean of the edge adjacency matrix E (commonly called
the bond adjacency matrix B). The E or B matrix is a square table
of order m (the number of chemical bonds in the molecule). The
elements of this matrix (eij) are equal to 1 if bonds i and j are adja-
cent (which means that i and j are incident in the same vertex or
atom) and 0 otherwise. In order to encode information of heteroat-
oms, the TOPS-MODE approach uses B(wij) weighted matrices in-
stead of B. The weights (wij) are chemically meaningful numbers
such as bond distances, bond dipoles, or mathematical expressions
involving atomic weights. The weights are introduced in the main
diagonal of matrix B(wij). Then, the spectral moments of this ma-
trix can be used as molecular fingerprints in QSAR studies for the
codification of molecular structures. By mathematical definition,
the term spectral moments must be understood as the sum of
the elements (eij) in the natural powers of B(wij).30–32 Then the
spectral moment of order k (lk) is the sum of the main diagonal
elements (eii) of matrix B(wij)k. The spectral moments of the bond
matrix are defined as:

lk ¼ TrðEkÞ ¼
X

i¼j

ðeijÞk ð1Þ
where Tr means the trace of the matrix, that is the sum of the diag-
onal entries of the matrix and the elements (eii)k are the diagonal
entries of the kth power of the bond matrix. The spectral moments
of the bond adjacency matrix have topological nature. The principal
advantage of these descriptors is the possibility to calculate the rel-
ative contribution of any fragment to the desired activity.33 That is
possible because they can be expressed as linear combinations of
the number of times in which a fragment appears in the molecule.
Another advantage of the spectral moments of the bond adjacency
matrix is the ability to explain in a reasonable way, a considerable
part of spatial phenomena.34 That is a particular characteristic of
topographical descriptors.

2.4. Selection of the data set: calculation of the descriptors and
development of the model

The data set was formed by 816 compounds with anti-PCa
activity against four PCa cell lines.35 These PCa cell lines were:
CWR22R, LAPC4, LNCaP and PC-3. Not all the compounds were
tested against all the subtypes. We had also 213 drugs which have
been reported in the Merck Index. These compounds present other
activities that do not include anti-PCa activity and have been used
as inactive.36 The FGCs and ACFs were calculated using DRAGON
v5.3.11 The spectral moments of the weighted bond adjacency ma-
trix (from order 1 to 15), were calculated using MODESLAB v1.5.37

In this case, the spectral moments were weighted by physicochem-
ical properties such as atomic weights and by two Abraham terms:
the first containing information about the relation dipolarity/
polarizability and the second containing information about the
hydrogen bond basicity. Linear Discriminant Analysis (LDA) was
used to construct the classifier model.38 The most important step
in this work was the organization of the spreadsheet containing
the raw data used as input for the LDA, because this was not a clas-
sical LDA problem. For this reason we employed the multi-target
QSAR methodology which was applied by González-Díaz and
coworkers for the prediction of enzyme classes in Leishmania infan-
tum.39 Here, we formulated a 2 group discriminant function to
classify compounds: compounds that belonged to a particular
group (anti-PCa activity against a specific cell line) and compounds
that did not belong to this group (inactive). For this, we had to con-
struct an approach to define the groups predicted in each case. The
following steps were used:

First, the 816 compounds belonging to the group of compounds
with anti-PCa activity were divided according to their activity
against different PCa cell lines. Each PCa cell line had a cutoff
value of anti-PCa activity. This value represented that at which
a compound was considered as active. The variable of activity
selected was IC50, the concentration that inhibits at 50% the
proliferation (or growth) of the PCa cell line. So, the cutoff val-
ues of IC50 to consider the compounds as active were the fol-
lowing: 65.0 lM for CWR22R, 66.0 lM for LAPC4, 610.0 lM
for LNCaP and 69.8 lM for PC-3.
We created a raw data file by assigning to each compound 322
structural variables (inputs): 99 FGCs, 88 ACFs and 135 descrip-
tors like lk. We had also; one output variable and one classifi-
cation variable related the type of PCa cell line (PCaCL). This
last variable is an auxiliary variable which was not used to con-
struct the model. Thus, the row for each compound input con-
tained 324 elements in total.
The output variable is a dummy variable (Boolean) called anti-
PCa activity (APCa); APCa = 1 if the compound has anti-PCa activ-
ity against a defined type of PCa cell line and �1, otherwise
(APCa = �1). The last case corresponds to the 213 drugs which
were considered as inactive. We can repeat each of these 213
drugs more than one time in the raw data. In fact, we repeated



Table 1
Molecular descriptors used in the model

Descriptor Definitiona

R@Cs Number of aliphatic secondary Csp2 atoms
Ct Number of total tertiary Csp3

RCOOH Number of aliphatic carboxyl groups
RCOOR Number of aliphatic ester groups
RCONR2 Number of disubstituted aliphatic amides
ArNO2 Number of aromatic nitro groups
Pyrr Presence or absence of pyrrole rings
H-046 Number of hydrogen atoms which are attached to C0sp3 no X

attached to adjacent C
Cl-089 Number of Cl atoms attached to C1sp2 atoms
N-075 Number of Nsp2 atoms present in the fragments of structures

Z–N—Z⁄/Z–N–X
Br-094 Presence or absence of Br atoms attached to C1sp2 atoms
�lðAtoÞ

15
Average spectral moment of order 15 weighted by the atomic
weights

DlðAbp2HÞ
12

Deviation spectral moment of order 12 weighted by the
Abraham dipolarity/polarizability term

DlðAb-sum2HÞ
12

Deviation spectral moment of order 2 weighted by the
Abraham hydrogen bonding basicity

⁄ Pyridine-type structure.
a The superscript over carbon atoms represents the formal oxidation number. The

formal oxidation number of a carbon atom equals the sum of the conventional bond
orders with electronegative atoms; the C–N bond order in pyridine may be con-
sidered as 2 while we have one such bond and 1.5 when we have two such bonds;
the C� � �X bond order in pyrrole or furan may be considered as 1. X represents any
electronegative atom (O, N, S, P, Se, halogens). Z represents any group linked
through carbon.
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each compound four times corresponding to the four PCa cell
lines. In this work, we used only the PCaCL code which relates
a compound with its corresponding type of PCa cell line, and
thus, these compounds entered only once. Conversely, inactive
compounds (decoys) have more than one line entry with differ-
ent PCaCL classes.

The problem in this type of organization for raw data is that the
‘traditional’ 45 lk are not able to discriminate the structural infor-
mation about all the anti-PCa compounds which are active against
the different PCa cell lines. Consequently, a LDA model based only
on 45 lk (or any of the other 99 FGCs or 88 ACFs) will necessarily
fail. The problem is that we need four specific probabilities: each of
them confirming the real PCaCL class. We can solve this problem
by introducing variables characteristic of each PCaCL class. For this,
we used the average value of each spectral moment ð�lkÞ for all
compounds that belong to the same PCaCL class. We also calcu-
lated the deviation of the lk from the respective group (Dlk) indi-
cated in PCaCL. In the case of these last descriptors they were
calculated as the difference between the original descriptor of each
compound and �lk. In total, we therefore have (45 lk values) +
(45 �lk values) + (45 Dlk like deviation values) = 135 input vari-
ables like spectral moments. It is very important to understand
that we never used PCaCL as input, so the model only include as in-
put FGCs, ACFs, the lk values for the compounds entry and �lk and
Dlk values from the PCaCL. The names or codes of all the com-
pounds used in this work appear in the supplementary material
1 file (Supplementary data 1).

We were able to collect 1668 cases (compounds/PCaCL pairs) in
total. In order to perform a rigorous design, the dataset was divided
in two series: training and prediction series. The training set was
formed by 1250 cases, 610 of them considered anti-PCa agents
and 640 inactive compounds, and the prediction set was composed
by 418 cases, 206 with anti-PCa activity and 212 inactive com-
pounds. The general expression for this LDA model is presented
in the following form:

APCa ¼ a0 þ
X

k

bk�xk þ
X

k

ck�xk þ
X

k

dk�Dxk ð2Þ

where APCa is not the probability, but a real value score that predicts
the propensity of a compound to have anti-PCa activity. The term
described as a0 is the constant, bk, ck and dk are the corresponding
coefficients of the variables in the model. The symbol xk represents
the different (FGCs, ACFs and/or lk) descriptors while �xk and Dxk are
average and deviation values (referred only to lk), respectively. The
discriminant function was obtained by employing the LDA modules
of STATISTICA 6.0.40 The default parameters of this program were
used for the development of the model. The variables which were
included in the discriminant model were selected using a forward
stepwise procedure as the variable selection strategy. The selection
of the best model was subjected also, to the principle of parsi-
mony.14 Then, the model with high statistical significance, but hav-
ing as few parameters as possible, was chosen.

The statistical quality of the model was determined, examining
some statistical indices such as the Wilks’ lambda (k), the chi-
square v2 and the p-level and the proportion between compounds
and variables used to develop the model q. Another important as-
pect is that the compounds used in the prediction set, were never
used to develop the discrimination function. On the other hand, to
confirm the quality of the model, and to validate it, we employed
other statistics such as sensitivity (sens) as the ability for the classi-
fication of active cases, specificity (spec) as the ability for the classi-
fication of inactive cases and accuracy (acc) as the overall
predictability. These statistical indices were calculated for both,
training and prediction series according to the following equations:
sens ¼ TP
TA
� 100% ð3Þ

spec ¼ TN
TI
� 100% ð4Þ

acc ¼ TPþ TN
TAþ TI

� 100% ð5Þ

where TP means the cases (compounds) classified correctly by the
model as active, TA the total active compounds, TN means the cases
classified correctly by the model as inactive and TI represents the
total inactive compounds.

2.4.1. ROC curve
The sensitivity and the specificity can describe adequately the

quality of a model. However, these two statistical indices have dis-
advantages. The most important one is that they cannot provide
information about how many times the probabilities indicate that
a compound, observation or case will be predicted more as positive
(active) than negative (inactive), and this is very important since it
confirms together with the positive predictive value if a given case
is active. However, that information can be provided by a Receiver-
Operating Characteristic (ROC) analysis. ROC is a classic methodol-
ogy from signal detection theory.41 The ROC curve is created by
plotting the true-positive rate against false-positive rate, or sensi-
tivity against (1—specificity). The ROC curve going along the diag-
onal from bottom left to upper right represents pure-chance
performance. Thus the area under the ROC curve can contribute
in very important way to the assessment of the quality and predic-
tive ability of a model as classifier.

3. Results and discussion

3.1. Discriminant model

Taking into consideration the previous ideas about the strategy
of variable selection and the principle of parsimony, the best model
obtained by us, contains 14 descriptors. This model had three types
of descriptors calculated by us: FGCs, ACFs and descriptors like lk:



Figure 1. ROC curve.
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APCa ¼ 0:303ðR ¼ CsÞ � 0:337ðCtÞ � 0:923ðRCOOHÞ
þ 0:538ðRCOORÞ � 0:648ðRCONR2Þ þ 1:013ðArNO2Þ
þ 0:661ðPyrrÞ þ 0:057ðH� 046Þ � 0:515ðCI� 089Þ

þ 0:622ðN� 075Þ þ 1:029ðBr� 094Þ þ 8:865 � 10�30 �lðAtoÞ
15

� 4:291 � 10�8DlAb�p2H
12 þ 0:017DlðAb-SumB2HÞ

2 � 1:994

N ¼ 1250 k ¼ 0:347 v2 ¼ 1312:15 p < 0:001 q ¼ 89:28 ð6Þ

The symbology of the different descriptors together in the Eq. 6,
with their corresponding meaning appear summarized in Table 1.
It is necessary to point out that with 15 descriptors we raised a good
performance of the model. The increment in the number of vari-
ables did not improve the quality of the model in a significant
way, while a diminution in the number of variables, conducted to
Figure 2. Different fragments which
an appreciable lack of quality and predictive ability. The sensitivity
of the model was 88.36% and the specificity 94.06% in the training
series, for an accuracy of 91.28%. We examined all the compounds,
searching misclassified cases because they can be outliers and this
fact can have influence in the quality of a model. We checked the
Mahalanobis distance of each molecule with respect the two cen-
troids of both groups (active and inactive compounds). Generally,
in the case of abnormal values, the case should be excluded of the
model. In our case, no outliers were detected and the deletion of
the misclassified compounds did not improve the quality of the
model. In order to validate our model, we took into consideration
the sensitivity, the specificity and the accuracy in the prediction
series. The sensitivity of the model in prediction series was
89.81% and the specificity was 92.92%, for an accuracy of 91.39%.
The names or codes, and probabilities of anti-PCa activity of each
compound (expressed as percentages) are recorded in the supple-
mentary material 2 file (Supplementary data 2). We took also as
determinant statistics for the good performance of the model the
areas under the ROC curves. These values were 0.97 for both, train-
ing and prediction series (Fig 1). These values of area can be inter-
preted as follows: in that value of area (0.97), means that a
randomly selected compound or case from the active group will
has a larger value of probability than a randomly selected com-
pound or case from the inactive group, 97% of the times. A similar
deduction can be made from the area under the ROC curve for pre-
diction series. Altogether, this proves that our model is not a ran-
dom classifier because the areas under the ROC curves are
different and statistically significant from those obtained by ran-
dom classifiers (area = 0.5). According to the statistical indices and
the values of sensitivity, specificity, accuracy and areas under the
ROC curves, the model has a good quality and this in strong agree-
ment with the reports of the literature.39,42–46

3.2. Extracting substructural alerts responsible of anti-PCa
activity

It should be understood that the model obtained by the present
approach has two principal advantages. First, the model can deter-
mine quickly and efficiently the probability of a compound to be an
anti-PCa agent taking into consideration the different PCa cell lines.
were found in the molecules.



Table 2
Quantitative contributions of some fragments to anti-PCa activity

ID CWR22R LAPC4 LNCaP PC-3

F1 0.019 0.097 1.265 1.018
F2 �0.167 �0.089 1.079 0.833
F3 �1.662 �1.584 �0.416 �0.663
F4 �1.288 �1.210 �0.041 �0.288
F5 �0.014 0.064 1.233 0.986
F6 �1.084 �1.006 0.162 �0.085
F7 0.459 0.538 1.706 1.459
F8 �0.333 �0.255 0.913 0.666
F9 0.609 0.687 1.856 1.609
F10 �0.468 �0.390 0.778 0.531
F11 �0.738 �0.660 0.508 0.261
F12 �0.666 �0.588 0.581 0.334
F13 �0.739 �0.661 0.507 0.260
F14 0.021 0.100 1.268 1.021
F15 0.019 0.097 1.265 1.018
F16 0.059 0.137 1.306 1.059
F17 0.543 0.621 1.790 1.543
F18 �0.741 �0.663 0.505 0.258
F19 �0.565 �0.487 0.682 0.435
F20 �0.014 0.064 1.232 0.985

Table 3
Probabilities of the suggested molecules to have anti-PCa activity

ID PCa cell lines

CWR22R LAPC4 LNCaP PC-3

M1 96.06 96.79 99.87 99.74
M2 93.73 94.88 99.78 99.57
M3 93.73 94.88 99.78 99.57
M4 93.78 94.92 99.78 99.57
M5 94.34 95.38 99.80 99.61
M6 99.70 99.76 99.99 99.98
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The second advantage of the model is related to the nature and
interpretation of the descriptors. Some of them express specific
contributions of characteristic fragments which are present in
the compounds with anti-PCa activity. This is the case of the FGCs
and ACFs. These descriptors will contain structural information,
essentially describing hydrophobic interactions of specific frag-
ments with the biological receptors it was stated in previous
works.15–21 The signs of the coefficients in the equation will ex-
press the influence (favorable or unfavorable) of corresponding
fragments to anti-PCa activity. On the other hand, descriptors like
spectral moments take into account some physicochemical proper-
ties. For example, descriptor such as �lðAtoÞ

15 encodes information re-
lated to the increment of molecular accessibility depending on the
type of PCa cell line against the compounds were tested. On the
other hand, DlðAb�p2HÞ

12 encodes the ability of the compounds to
interact with their respective biological targets (inside the PCa cell
line) by using regions in which there is a diminution in the relation
dipolarity/polarizability. This means that only regions in which di-
pole of the bonds decrease and the polarizability is increased will
have positive influence in the development of the anti-PCa activity.
Figure 3. New molecular entities sugg
Finally DlðAb�sumB2HÞ
2 gives information about the ability of the mol-

ecules to interact as hydrogen bonding acceptors. The increment of
these regions will be favorable for the increment of the anti-PCa
activity. The last two descriptors will depend on both: the struc-
ture of the molecules and the PCa cell line against which they were
tested. As all the descriptors employed in the model encode frag-
ments and at the same time comply with the rule of linear additiv-
ity, we can calculate the contribution of any fragment to anti-PCa
activity. These molecular fragment contributions can indicate the
potential relation between molecular fragments with the anti-pro-
liferative activity against different PCa cell lines. Thus, some frag-
ments were represented (Fig. 2) and their contributions to the
anti-proliferative activity against four different PCa cell lines were
calculated and summarized in Table 2. If we compare the variation
in the contribution of each fragment to anti-PCa activity in the four
cell lines we can deduce that CWR22R and LAPC4 could be less
sensitive to the anti-PCa compounds than LNCaP and PC-3. On
the other hand, some suitable fragments can be chosen for the de-
sign of new anti-PCa agents. For example, F7, F9 and F17 (in less
degree, F1 and F14-F16) can be considered as potential fragments
for the discovery of anti-PCa agents because they have appreciable
high positive contribution against the four PCa cell lines. Thus, in
principle, new molecular entities can be generated from these frag-
ments. We need to point out that some fragments with positive
contribution can be in inactive molecules. At the same time, some
fragments with negative contribution can be in molecules with
anti-PCa activity. It is evident that only the combination of the dif-
ferent fragments will determine if a given molecule will be anti-
PCa agent or not. Also, another important aspect of the model is re-
lated with the information provided by the descriptors, because
ested as possible anti-PCa agents.
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they are sensitive to small structural variations in the molecules,
and for this reason they can result very useful in the design of
anti-PCa agents.

3.3. New molecular entities as possible anti-PCa agents

In an attempt to show how our approach works, we extracted
the fragments represented in the Figure 2 to construct new molec-
ular entities. In this sense we designed 6 molecules taking into
consideration the favorable contributions of the fragments men-
tioned above to the anti-PCa activity (Fig. 3). Thus we were able
to calculate the probabilities of these molecules to anti-PCa agents
against the four PCa cell lines. All the molecules were predicted by
the model where their probabilities to be anti-PCa agents were cal-
culated in order to check if the design was correctly realized. The
probabilities of the molecules are higher than 90% (Table 3). These
compounds could be, in principle, synthesized and after, they could
be tested against the four PCa cell lines.

4. Conclusions

In this work a multi-target QSAR model based on substructural
descriptors and using a large heterogeneous database of com-
pounds was developed for the search, design and prediction of
anti-PCa agents against different PCa cell lines. This fact can allows
us to predict anti-PCa activity of compounds in more general situ-
ations than classical QSAR models which have as principal limita-
tion the assessment of biological activity against only one type of
PCa cell line. Our model has an appropriate statistical quality and
as important element, it provides a promising methodology for
the efficient and fast extraction of fragments which can be consid-
ered as substructural alerts responsible of the anti-PCa. Our model
permitted also, to suggest new molecular entities that could be
experimentally analyzed for the future assessment of the anti-
PCa activity. To our knowledge, this work constitutes the first in
silico methodology for the design of anti-PCa agents which may
be able to inhibit more than one PCa cell line.
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