
Bioorganic & Medicinal Chemistry 13 (2005) 1005–1020
Atom, atom-type and total molecular linear indices as a
promising approach for bioorganic and medicinal chemistry:
theoretical and experimental assessment of a novel method

for virtual screening and rational design of new lead anthelmintic

Yovani Marrero-Ponce,a,b,* Juan A. Castillo-Garit,b,c Ervelio Olazabal,d

Hector S. Serrano,d Alcidez Morales,d Nilo Castañedo,b,d Froylán Ibarra-Velarde,e
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Abstract—Helminth infections are a medical problem in the world nowadays. In this paper a novel atom-level chemical descriptor
has been applied to estimate the anthelmintic activity. Total and local linear indices and linear discriminant analysis were used to
obtain a quantitative model that discriminates between anthelmintic and non-anthelmintic drug-like compounds. The discriminant
model has an accuracy of 90.11% in the training set, with a high Matthews� correlation coefficient (MCC = 0.80). To assess the
robustness and predictive power of the obtained model, internal (leave-n-out) and external validation process was performed.
The QSAR model correctly classified 88.55% of compounds in this external prediction set, yielding a MCC of 0.77. Another
LDA model was carried out to outline some conclusions about the possible modes of action of anthelmintic drugs. It has an accu-
racy of 93.50% in the training set, and 80.00% in the external prediction set. After that, the developed model was used in the vir-
tual—in silico—screening and several compounds from the Merck Index, Negwer�s Handbook and Goodman and Gilman were
identified by the model as anthelmintic. Finally, the experimental assay of an organic chemical (a furylethylene derivative) by an
in vivo test permits us to carry out an assessment of the model. An accuracy of 100% with the theoretical predictions was observed.
These results suggest that the proposed method will be a good tool for studying the biological properties of drug candidates during
the early state of the drug-development process.
� 2004 Elsevier Ltd. All rights reserved.
1. Introduction

Anthelmintic drugs are used to control, prevent, and
treat nematode, cestode, and trematode parasite infesta-
0968-0896/$ - see front matter � 2004 Elsevier Ltd. All rights reserved.
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tions in humans and domestic animals.1 Regrettably,
with the increased use of these compounds, anthelmintic
resistance (see Table 1) has appeared and increased in
frequency.2 If resistance to a particular anthelmintic
has occurred, it is likely that another anthelmintic with
the same mode of action will also be ineffective although
other anthelmintics with another mode of action.3

Moreover, continued economic losses in animal produc-
tion and human diseases due to parasites are still of con-
cern to industrial chemists looking for new anthelmintic
agents.1 The great cost associated with the development
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Table 1. Resistances to anthelmintics

Host Parasite Drug

Humans Schistosomes5,6 Oxamniquine

Praziquantel

Hookworms7,8 Tetrahydropyrimidines

Extensive

grazing pigs

Trichostrongylids9,10 Benzimidazoles

Macrocyclic lactones

Oesophagostomum9,10 Benzimidazoles

Macrocyclic lactones

Tetrahydropyrimidines

Sheep

and goats

Trichostrongylids9,10 Benzimidazoles

Levamisole

Tetrahydropyrimidines

Macrocyclic lactones

Fasciola9,11,12 Benzimidazoles

Triclabendazol

Closantel

Horses Small strongyles9,10 Benzimidazoles

Tetrahydropyrimidines

Piperazine
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of new compounds and the small market for anthelmin-
tics makes slow this development.4

At present, it is not possible to carry out a rigorous
classification of the anthelmintic drugs according to
their mechanisms of action. However, there are two
major modes of action of these drugs: (i) the first one
group acts on the ion channels of parasite membranes
and usually has more rapid therapeutic effect, and (ii)
the second group acts more slowly on a range of bio-
chemical target sites found in parasites (see original
work in Ref. 1).

At present, virtual (computational) screening13 of chem-
ical libraries has emerged as a complementary approach
to high-throughput screening (HTS).14,15 By this means,
computational techniques are used to select a reduced
number of potentially active compounds from large
available chemical or combinatorial libraries. This in sil-
ico procedure will be used here in order to find predic-
tive models that permit us the �rational� selection/
identification or design of new anthelmintics with the re-
quired properties.16,17

Recently, a novel scheme to the rational—in silico—
molecular design (or selection/identification of chemi-
cals) and to QSAR/QSPR studies has been introduced
by one of the present authors. It is the so-called Topo-
logical MOlecular COMputer Design (TOMOCOMDTOMOCOMD).18

This method has been developed to generate molecular
descriptors based on the linear algebra theory. In this
sense, atom, atom-type, and total quadratic and linear
indices have been defined in analogy to the quadratic
and linear mathematical maps.19,20 This approach has
been successfully employed in QSPR19,21 and QSAR20,22

studies, including studies related to nucleic acid–drug
interactions.23 The approach describes changes in the
electron distribution with time throughout the molecu-
lar backbone. The TOMOCOMD-CARDDTOMOCOMD-CARDD (acronym of the
Computed-Aided �Rational� Drug Design) strategy is
very useful for the selection of novel subsystems of com-
pounds having a desired property/activity, which can be
further optimized by using some of the many molecular
modeling methods at the disposition of the medicinal
chemists. The method has also demonstrated flexibility
in relation to many different problems. In this sense,
the TOMOCOMD-CARDDTOMOCOMD-CARDD approach has been applied to
the fast-track experimental discovery of novel antima-
larial compounds.25 The prediction of the physical,
chem-physical, and chemical properties of organic com-
pounds is a problem that can also be addressed using
this approach.19,26 Codification of chirality and other
3D structural features constitute another advantage of
this method.27 The latter opportunity has allowed the
description of the significance-interpretation and the
comparison to other molecular descriptors.20,26

The article is organized as follows. First, the TOMO-TOMO-

COMDCOMD--CARDDCARDD method (atom, atom-type, and total linear
indices) is used to find a quantitative model that discrimi-
nates anthelmintic compounds from the inactive ones.
Next, these total and local molecular descriptors are
used in the generation of a discriminant function that
permits the classification of anthelmintic compounds
taking into account the different modes of action. After
that, is performed a simulated experiment of virtual—in
silico—screening for the search of new lead. Finally, an
experimental assay (by an in vivo test) of a 2-furylethyl-
ene derivative is carried out, with the aim to prove the
predictive power of the obtained models.
2. Theoretical approach: atom, atom-type,
and total linear indices

The atom, atom-type, and total linear indices of the
�molecular pseudograph�s atom adjacency matrix� for
small-to-medium sized organic compounds have been
explained in some detail elsewhere.20 However, an over-
view of this approach will be given.

For a given molecule composed of n atoms, the �molec-
ular vector� (X) is constructed and the kth atom linear
indices, fk(xi) are calculated as a linear maps on
Rn[f kðxiÞ : Rn ! Rn; thus fk(xi): endomorphism on Rn]
in canonical basis as shown in Eq. 1,
f kðxiÞ ¼
Xn

j¼1

kaijX j ð1Þ
where kaij =
kaji (symmetric square matrix), n is the num-

ber of atoms of the molecule, and X1, . . . ,Xn are the
coordinates or components of the �molecular vector�
(X) in a system of canonical basis vectors of Rn. The
components of the �molecular� vector are numeric val-
ues, which can be considered as weights (atom-labels)
for the vertices of the pseudograph. Certain atomic
properties (electronegativity, density, atomic radius,
etc.) can be used with this propose. In this work Mulli-
ken electronegativity was selected as atom weights.28
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The coefficients kaij are the elements of the kth power of
the symmetric square matrix M(G) of the molecular
pseudograph (G) and are defined as follows:19–27
Table 2. De

of the 2-am
aij ¼ P ij if i 6¼ j and 9ek 2 EðGÞ
¼ Lii if i ¼ j ð2Þ

¼ 0 otherwise

finition and calculation of total (whole-molecule) and local (atom

inobenzaldehyde molecule
where E(G) represents the set of edges of G. Pij is the
number of edges (bonds) between vertices (atoms) vi
and vj and Lii is the number of loops in vi (see Table 2).

Note that atom linear indices are defined as a linear
transformation fk(xi) on a molecular vector space Rn.
This map is a correspondence that assigns to every
vector X in Rn a vector f(x) in such a way that for any
) linear indices of the molecular pseudograph�s atom adjacency matrix
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f ðk1X 1 þ k2X 2Þ ¼ k1f ðX 1Þ þ k2f ðX 2Þ ð3Þ

scalar k1, k2 and any vector X1, X2 in Rn. The defining
equation 1 for fk(xi) may be written as a single matrix
equation:
f kðxiÞ ¼ ½X 0�k ¼Mk½X � ð4Þ

where [X] is a column vector (a n · 1 matrix) of the coor-
dinates of X in the canonical basis of Rn and Mk the kth
power of the matrix M of the molecular pseudograph
(map�s matrix).

Note that this approach is rather similar to the LCAO-
MO (Linear Combinations of Atomic Orbitals- Molecu-
lar Orbitals) method. Really, our approach (for k = 1)
is a quite similar approximation to the Hückel MO
method, because in our formalism each MO wi is
composed of n valence AOs of atoms in a molecule.

The main idea of the LCAO-MO method is that the
electrons in a molecule are accommodated in definite
MOs just as in an atom they are accommodated in def-
inite AOs. Normally MOs are made up as LCAO of
atoms composing the system, that is, are written in the
form,
wi ¼
Xn

j¼1

cijuj ð5Þ
where i is the number of the MO w [in our case, f1(xi)]; j
are the numbers of atomic u-orbitals (in our case, Xj); cij
(in our case, 1aij) are the numerical coefficients defining
the contributions of individuals AOs into the given
MO. Such a way of constructing a MO is based on the
assumption that an atom represented by a definite set
of orbitals remains distinctive in the molecule.

Total (whole-molecule) linear indices are linear function-
als (some mathematicians use the term linear form,
which means the same as linear functional) on Rn.
That is, the kth total linear index is a linear map
from Rn to the scalar R½f kðxÞ : Rn ! R�. The mathe-
matical definition of these molecular descriptors is the
following:
fkðxÞ ¼
Xn

i¼1

fkðxiÞ ð6Þ
where n is the number of atoms and fk(xi) are the atom�s
linear indices (linear maps) obtained by Eq. 1. Then, a
linear form fk(x) can be written in matrix form,
f kðxÞ ¼ ½u�t½X 0�k ð7Þ

or
f kðxÞ ¼ ½u�tMk½X � ð8Þ

for each molecular vector X 2 Rn. [u]t is a n-dimensional
unitary row vector. As can be seen, the kth total linear
index is calculated by summing the local (atom) linear
indices of all atoms in the molecule.

In addition to atom linear indices computed for each
atom in the molecule, a local-fragment (atom-type)
formalism can be developed. The kth atom-type linear
index of the molecular pseudograph�s atom adja-
cency matrix is calculated by summing the kth atom
linear indices of all atoms of the same atom type in
the molecule. Consequently, if a molecule is parti-
tioned in Z molecular fragments, the total linear
indices can be partitioned in Z local linear indices
fkL(x), L = 1, . . . ,Z. That is to say, the total linear
indices of order k can be expressed as the sum of
the local linear indices of the Z fragments of the same
order:
fkðxÞ ¼
XZ

L¼1

fkLðxÞ ð9Þ
In the atom-type linear indices formalism, each atom in
the molecule is classified into an atom-type (fragment),
such as heteroatoms (O, N, and S), H-bonding to het-
eroatoms, halogens atoms, aliphatic carbon chain, aro-
matic atoms (aromatic rings), and so on. For all data
sets, including those with a common molecular scaffold
as well as those with very diverse structure, the kth frag-
ment (atom-type) linear indices provide much useful
information.
3. Results and discussion

3.1. Development of the classification model

The general data set (see Experimental)1,3,29,30 was ran-
domly divided into two subsets, training and test set,
both of them containing anthelmintic and non-anthel-
mintic compounds. The active chemicals were selected
by considering representatives of most of the different
structural patterns and action mechanisms of anthelmin-
tic activity. In this sense, the inactive chemicals were se-
lected in a random way of a great database, with
different pharmacological uses. The classification ob-
tained model (to discriminate anthelmintic from non-
anthelmintic compounds belonging to the training set)
is given below together with the LDA-statistical
parameters:
Class ¼ 3:30919 þ 0:04397f0ðxÞ � 0:30477f1LðxEÞ
þ 0:05313f2LðxEÞ þ 0:860526f1LðxE–HÞ
� 1:349f3LðxE–HÞ þ 0:28659f5LðxE–HÞ
� 0:0171f7LðxE–HÞ þ 3:9229 
 10�6f12LðxE–HÞ

N ¼ 273 k ¼ 0:46 D2 ¼ 4:68

F ð8:264Þ ¼ 38:529 p < 0:0000 ð10Þ
where N is the number of compounds, k is the Wilks�
statistic, D2 is the squared Mahalanobis distance and
F is the Fisher ratio.

The training set involved 144 active (anthelmintic) com-
pounds and 129 inactive ones. In this set, the obtained
model (Eq. 10) has a positive predictive value of
95.14% and 84.50% as negative predictive value, for an



Table 3. Results of the classification of compounds in training set

Compounds DP%a Compounds DP%a Compounds DP%a

Training active group

Tetrachloromethane 92.86 Nitroscanate 43.45 Lucanthone 74.02

Perchloroethane 92.39 G-572 90.37 Diamphenetide 93.04

Antimony sodium thioglycollate 66.33 Resurantel 91.03 Miracil C 1.12

Tartaric acid 39.16 Dichlorophen 94.76 Dimantine 95.75

Chlolorobutane 93.55 Phenzidole 90.75 Alazanine Triclofenate 87.32

Disophenol 43.97 Cyclobendazole 65.54 Closantel 97.37

Stibomen 80.23 Oxantel embonate 66.55 Becanthone 77.08

Lindane 86.41 Eliminoxy 96.83 Dithiazanine iodide 89.42

Dimethylpiperazine 56.85 Parbendazole 80.19 Methylrosanilunium chloride 59.64

Oltipraz 43.30 Amidantel 64.90 Bunamide 97.19

Metyridine 83.15 Mirasan 76.30 Pyruinium 92.82

Certuna 81.14 SRC-4402 77.06 Agrimophol 94.54

Butonate 18.05 Nocodazole 52.40 Desoine 84.27

Punicine 87.57 Tolibenzate 97.43 Tymoloverm 99.46

Antienite 53.05 Diphenan 84.94 Pretamazium iodide 94.63

Carbendazim 57.65 Haloxon 66.57 Chuanliansu 9.39

Wormin 92.81 Cambendazole 58.71 Hedaquinium chloride 97.67

Thiabendazole 56.49 Ftalofyne 89.58 Dryocrassin 99.53

Lobendazole 70.84 Coralox 82.54 Phenithionate 83.75

Bromothymol 94.20 Thiophanate 68.87 Abamectin A 57.92

p-Cymine 97.73 Evultin 97.85 Abamectin B 33.49

Acidum kainicum 47.43 Brotianide 95.08 Amocarzine 93.19

Ascaridole 90.52 Afesal 59.42 Antimony potassium tartrate 88.25

Geraniol 75.19 Furodazole 11.96 Aspidin 93.24

Eucalyptol 96.98 Fenbendazole 67.93 Aspidinol 85.33

R 8231 72.61 Santolactone 97.24 1,4-Bis(trichloromethyl)-bencene 96.13

Antafenite 75.21 Ticarbodine 95.59 Bithionol 92.57

Thiacetaisamide �50.30 Butamisole 82.95 Carvacrol 96.37

Tetramisole 68.47 Spirazine �50.92 Embelim 97.66

Levamisole 68.47 Hydroxypethidine 70.18 Epsiprantel 89.44

Vincofos 57.51 Lubisan 89.35 Acid filix (b) 99.17

Bromofenofos 12.07 Meclorazepam 50.06 Acid filix (c) 99.06

Feniodium chloride 96.23 Flubendazole 80.59 Glycarsamide 58.60

Phenotiazine 96.97 RP 12869 45.77 Hectolin 90.09

Phoxim �1.80 Piperamide maleate 32.09 Mibbemycin A4 88.01

Albendazole 45.33 Imcarbofos �84.47 Moxidectin 83.88

Anthiolimine �32.18 Etibendazole 57.83 Naphthalene 97.73

Morantel 70.00 Agrimonulide 83.30 2-Naphthol 94.70

Nitazoxanide �43.70 Egressin 91.26 a-Kosin 56.30

Bendamizole 16.23 Artemether 76.65 b-Kosin 75.01

Tioxidazole 56.74 Bephenium hydroxynaphthoate 83.03 Mibbemycin A3 88.99

Cetovex 67.91 Flurantel 64.95 Nitroxynil 36.75

4-Hexylresorcinol 95.09 Amphotaline 85.22 Paraherquanude 84.25

Pexantel 66.63 Difesyl 73.53 Thymol 95.11

Butynorate 96.01 Praziquantel 96.07 Rafoxanide 96.86

Oxyclozanide 93.84 153 C 51 81.39 a-Santonin 97.24

Hexachlorophenimonophosphate 11.05 Trichlorophen 95.81 Tenium Closylate 63.23

Nirtroclofene �34.46 Miracil B 75.06 Quinacrine 64.17

Training inactive group

Anfotericina B �87.96 Prontosil �97.70 Chlortetracycline �39.38

Melfalan �32.97 Primaquina �57.51 Caffeine �32.74

Busulfan �73.63 Dauronobicina �59.98 Dipyrrone �50.24

Estreptozocina �96.58 Doxorrubicina �95.59 Isoprenalina �4.11

Clorzotozina �96.96 Hydroxyurea �88.26 Methaminodiazepoxide �12.85

Metatrexato �99.73 Tolbutamide �77.54 Metapyrilene 23.07

Fluorouracilo 84.32 Acetohexamide �50.75 Trimethoprin �81.88

Floxundina �70.01 Clorpropamide �83.22 Dipyridamole �100.00

Clorodeoxiundina �73.72 IPTD �92.72 Theophyline �13.28

Bromodeoxiundina �74.63 Carbutamide �91.90 Papaverine 74.66

Trimidina �72.57 Metahexamida �89.30 Gentamicina �99.96

Indoxuridina �75.37 Glibenclamida �96.93 Ticarcillin �46.11

Citanabina �83.75 Ceftriaxona �99.97 Furosemida �99.01

Azaundina �97.37 Gliburida �94.13 Clozapina 83.02

Mercaptopurina �34.87 Gliburnurida �74.13 Periciazina 35.12

(continued on next page)
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Table 3 (continued)

Compounds DP%a Compounds DP%a Compounds DP%a

Nafalina 6.95 Vinblastina �2.68 Nitrazepan 31.88

Ampicilina �76.74 Azatioprina �98.36 Brorizolan 50.50

Amoxicilina �85.77 Ergotamina 17.60 Lormetazepan 34.45

Meticilina �45.73 Ciplatino �92.53 Hidroxizina �32.62

Oxacilina �25.01 Procarbazina �95.14 Zopicolona �72.27

Dicloxacilina �44.68 Vindesina �38.64 Piritinol �90.25

Cloxacilina �29.68 Adnamicina �83.23 Carbucisteina �35.83

Floxacilina �27.25 Mostasa vacilica �2.92 Ganciclovir �99.93

Cefalofina 0.08 Clindamicina �4.12 Nifuratel �71.70

Aurotioglucosa �56.43 Aciclovir �99.81 Ketoconazol �22.71

Mephenesin �94.30 Alupurinol �34.07 Capreomicina �99.99

Cloranfenicol �79.32 Tioguanina �81.81 Pentostatina �99.81

Isoniazida �98.79 Mitoxantrona �99.99 Vinorelbina �8.70

Rifampicina �98.02 Zalcitabina �68.73 Nifenazona 80.48

Piperacilina �70.81 TEM �71.57 Ranitidina �85.51

Nitrofurantoina �59.26 Tiotepa �21.66 Labetalol �68.56

Cefazolina �99.69 HMN �86.63 Atenolol �61.46

Cefalexina �78.70 Pentamethyl melamina �77.66 Bisaprolol �5.86

Cefradina �55.04 Carmustina �52.28 Carvediol �76.44

Cefamandol �99.55 Dacarbazina �95.47 Timolol �90.10

Dapsona 42.91 Pentaquina 10.93 Ziduvudina �99.92

Sulfuxona �96.75 Probenecid 32.49 Nimodipina 48.27

Tiosemicarbazona 12.32 Melfalano �32.97 Dinitrato de Isosurbide �93.11

Sulfanilamida �94.57 Cimetidina �85.65 Nitroglicerina �98.82

Sulfisuxazol �67.76 Acebutolol 38.34 Tetranitrato �99.96

Sulfametoxipiridazina �93.93 Carbimazol 40.52 Hidralazina �99.37

Sulfapiridina �49.60 Primidona 23.01 Minoxidilo �83.27

Sulfaguanidina �98.90 Chlorothiazide �99.98 Pirazinamida �26.69

a DP% = [P(Active) � P(Inactive)] · 100 (see Chemometric method).

Table 4. Overall measures of accuracy obtained in the training and predictive sets for the obtained model

Matthews Corr.

coefficient

Accuracy

(%)

Sensitivity

(%)

Specificity

(%)

Predictive

value (+) (%)

Predictive

value (�) (%)

Training set 0.80 90.11 87.26 93.97 95.14 84.50

Test set 0.77 88.55 84.21 92.22 90.14 87.37

Median
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Figure 1. Behavior of the overall accuracy (Eq. 10) in jackknife (leave-

n-out cross-validation) experiment.
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accuracy of 90.11% (correct classification). This model
showed a high Matthews� correlation coefficient
(MCC) of 0.80; MCC quantified the strength of the lin-
ear relation between the molecular descriptors and the
classifications.31 Table 3 depicts the results of the classi-
fication for the training set. These result and the two
most commonly used operating characteristics of �diag-
nostic� tests (sensitivity and specificity) are depicted in
Table 4.

For a more exhaustive testing of the predictive power of
the model found a leave-n-out cross-validation proce-
dures was carried out. This model shown an 82.63%,
88.04%, 88.92%, 89.55%, 89.89%, 89.20%, 88.42%,
89.89%, 89.93%, 89.51%, 89.16%, 88.42%, 88.38%,
88.77%, 88.38%, 88.38%, 88.77%, 89.16%, and 88.38%
of global good classification when n varied from 2 to
20 in the leave-n-out cross-validation procedures (see
Fig. 1).

An important point of view to accept or reject a
model as Eq. 10, are the statistics for the external
prediction set.32 The discriminant model correctly classi-
fies 90.14% (positive predictive value) of active



Table 5. Results of the classification of compounds in an external prediction set

Compounds DP%a Compounds DP%a Compounds DP%a

Test active group

Tetrachloroethylene 92.57 Oxfendazole 8.95 Acid filix (a) 98.92

Dichlorvos 17.85 Dribendazole 62.97 Gentian violet 68.20

Fospirate 13.49 Domoic acid 35.88 Clorsulon �100.00

Piperazine �50.01 Mebendazole 75.24 8-Hydroxyquinoleine 82.16

Bitoscanate 70.43 Benacyl 66.24 Dichlorophenersine 56.79

Methylarecaidine 70.62 Santoperonim 99.50 Hycanthone �34.68

Sodium antimony

dimethylcysteine tartrate

96.31 Tetrachlorodifluoroethane 94.68 Diaamphenethide

deacetylated (metabolite)

49.27

Triclabendazole sulfoxide 89.24 Pararosaniline embonate 91.87 Mandelic acid isoamyl ester 88.70

Iodothymol 94.21 Bemosat 81.57 Naftalofos 32.51

Diethylcarbamazine 6.91 Salantel 96.13 Arsamilate 94.20

Pyrantel 66.93 Febantel 62.85 Stibophen �100.00

Niridazole �85.28 Miracil A 76.94 Kainic acid 47.43

Oxibendazole 45.46 Desaspidin 97.61 Hexachlorophene 94.92

Carbantel 98.29 Dicroden 43.55 Dibromsalam 93.80

Crufomate 6.60 Bidimazium iodide 88.79 F 30066 0.63

Niclosamide 52.04 RO 2-9009 68.97 Dibutyltin dilarate 99.92

Amoscanate 62.83 Oxamniquine �87.10 Ivermectin 88.23

Netobimin �99.68 Bisbendazole 42.22 Doramectin 54.15

Ontianil potassium 95.74 Teroxalene 93.34 Milbemycin D 94.66

Atractyl 85.18 Stilbazium iodide 92.96 Dymanthine 95.75

Triclabendazole 79.80 Artesunate 73.92 Tribromsalam 93.66

Styrylpyridinium chloride 93.77 Alantolactone 97.80 Bromoxanide 79.52

Coomafos 81.64 Arecoline 70.62 Tetrachloroethane 87.36

Clioxanide 93.98 Urea stibamine 59.71

Test inactive group

Trifluoromethyl deoxiundina �51.68 Sucrida �96.60 Carbenicillin �21.06

Azanibina �96.38 Mitomicina �82.26 Diflunisal 92.79

Carbenicilina �21.06 Ciclofosfamida �12.26 Loprazolan �78.73

Cefapirina �69.00 PGE1 65.42 Chlorpromazine 76.94

Cefoxilina �75.26 Epinubicina �99.30 Pentamidina �66.23

Phenobarbital 81.95 TEPA �22.90 Metronidazol �88.57

Halazepan 96.85 Etoposido �20.56 Propatilnitrato �99.00

Sulfametazina �83.79 Difenilhidramina 88.28 Ac.mefenamico 96.56

Sulfatiazol �80.25 Novobiocin �24.90 Clofibrato 94.85

Bufeina 85.52 Amrinona �22.96 Supazine �99.75

Mannitol �88.23 Lamotrigine �90.68 Mepartircin B �99.77

Gentiopicrim �68.62 Homofasalazine �85.96 Peralopride �15.67

Sulfametoxazol �82.74 Phenytoin 88.35 Teniposiclo �60.10

Carteolol 66.84 Benazeprilo 87.74 Disopiramina �99.93

Sulfacetamida �66.43 Tetraciclina �47.28 Procainamida �1.21

Sulfadiazina �82.02 Acetazolamida �99.64 Mononitrato de liusurbida �75.22

Gossypol �88.69 Cisapride �3.63 Mepartricin A �99.89

Tolazamida �74.67 Disulfiran �16.82 Cycloquin �37.79

Sucrose �99.88 Acido oxidronico �95.81 N-Methylglucamine �95.58

Sumatriptan �96.54 Acarbose �100.00 Narceina �49.48

Taurocholic acid �98.10 Gramsetron �30.73 Folcodina �49.25

Gly-Pro �83.71 Glucin �93.24 Etonitazene �14.85

DD-Glucose �66.19 Saccharin �69.88 Gobad �67.52

Raffinose �99.99 Urapidil �57.07 Tironamine �31.23

Sidenafil �98.24 Cycloserine �3.55 Fluopsin C �39.53

Lactulose �99.84 Loracarbef �84.79 Taurultam �98.90

Bosentan �98.53 Flurnithine �19.20 Noxytiolin �78.44

Glycine �93.20 AAFC �56.88 Acivicin �10.83

Phe-Pro �40.86 Xamoterol �90.52 Thiram �59.19

Gabapentin �48.53 Gliclazide �85.25 Metenamine �80.66

BVARAU �92.43 Cromolym sodium �38.17 Diamide �48.04

Lucifer yellow �100.00 Lissoclinotoxin A �99.46

a DP% = [P(Active) � P(Inactive)] · 100 (see Chemometric method).
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compounds and 87.37% (negative predictive value)
of inactive compounds in the test set, this model
showed a Matthews� correlation coefficient (MCC)
of 0.77 (88.55% of correct classification). In Table
5, we give the classification of compounds in this
set.
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3.2. Development of the discriminant functions to predict
the mode of action of anthelmintic drugs

In order to develop a QSAR model that permits to pre-
dict the main modes of action of the anthelmintic drugs
selected as active with the use of the discriminant model
(Eq. 10), we used a series of five more representative and
studied action modes of the anthelmintic compounds.
The targets selected to develop this in silico study con-
tain three pharmacological targets �coupled� to ions
channels and other two unrelated action places (at least
directly) with ions channels (see General data set). The
linear classification functions to describe the main
modes of action of the anthelmintic drugs are given be-
low together with their statistical parameters:
Table 6

(NAA

(AchI

(GR)

(t)

(H)

Figure 2. Graphical representation of the results of the canonical

analysis.
Nicotine AcetylChol: Agonist ðNAAÞ
¼ �5:3963 þ 0:20257f0ðxÞ

� 0:3519f0LðxEÞ0:01745f2LðxEÞ ð11Þ
AcetylCholinest: Inh: ðAChIÞ
¼ �17:3075 þ 0:057155f0ðxÞ

� 0:44064f0LðxEÞ þ 0:160097f2LðxEÞ ð12Þ
GluCl Receptor ðGluClRÞ
¼ �33:5675 þ 0:488608f0ðxÞ

þ 0:224602f0LðxEÞ � 0:07562f2LðxEÞ ð13Þ
b-Tubulin ðtÞ ¼ �8:03235 þ 0:119206f0ðxÞ
� 0:25502f0LðxEÞ
þ 0:072003f2LðxEÞ ð14Þ
H-Ionophores ðHÞ ¼ �9:5741 þ 0:083876f0ðxÞ
þ 0:77098f0LðxEÞ
� 0:06161f 2LðxEÞ

N ¼ 73 k ¼ 0:033 F ð12,174Þ ¼ 38:193

p < 0:0000 ð15Þ
We use a data set of 93 compounds, for which a specific
mode of action has been reported. It was randomly split
in two subsets, one of them (training set) with 73 com-
. Squared Mahalanobis distance (D2) among groups (modes of actio

(NAA) (AchI) (GR) (t) (H)

) 0 23.77 33.51 5.45 11.10 (NA

) 0 56.65 6.74 24.56 (Ac

0 37.35 27.84 (GR

0 9.33 (t)

0 (H)

Tot
pounds and the other (test set) with 20 compounds.
The obtained model achieved an accuracy of 93.50%
in the training set and 80.00% in the test set. Table 6
shows the squared Mahalanobis distance (D2) between
the groups and the classification matrix for the training
set and we show the graphical results of canonical anal-
ysis in Figure 2. In addition, Table 7 depicts the results
for the both series (training and test sets) when the dis-
criminant function was used.

3.3. Virtual screening of anthelmintic compounds

The massive cost of developing new drugs, coupled with
candidate attrition rates during the discovery and devel-
opment process highlights the need for a �sea change� in
the drug discovery paradigm. Predictive in silico models
could be used for the desired property identification,
accelerating the selection process of lead compounds
and predicting their modes of action.33 One of the most
important features of any QSAR model is its ability to
predict the desired property for new compounds from
databases of chemicals.17 Computational �in silico�
screening of large databases considering the use of such
models has emerged as an interesting alternative to HTS
and an important drug-discovery tool.34,35 With the aim
of prove the possibilities of the TOMOCOMD-CARDDTOMOCOMD-CARDD ap-
proach to detect new leads, we performed a simulated
virtual screening of 10 compounds reported in the med-
ical literature as promissory anthelmintic 36–38 whose
structures are given in Table 8.
n) and percentage of good classification (%) for the training set

% (NAA) (AchI) (GR) (t) (H)

A) 100 14 0 0 0 0

hI) 70 0 7 0 3 0

) 100 0 0 8 0 0

90.90 1 1 0 20 0

100 0 0 0 0 19

al 93.15 15 8 8 23 19



Table 7. Results of the classification of anthelmintic compounds for the training and test series

Compounda (NAA)b (AChI)b (GR)b (t)b (H)b Compounda (NAA)b (AChI)b (GR)b (t)b (H)b

Nicotinic acetylcholine agonist (NAA)

Metyridine 90.26 0.00 0.00 7.86 1.88 Butamisole 51.28 0.17 0.00 47.97 0.58

R 8231 67.16 0.03 0.00 31.23 1.57 Bephenium hydroxynaphthoate 98.82 0.00 0.00 1.02 0.16

Levamisole* 83.80 0.01 0.00 15.76 0.43 Bemosat 93.06 0.00 0.00 4.32 2.62

Antafenite 79.73 0.02 0.00 19.98 0.27 Difesyl 94.78 0.00 0.01 3.38 1.83

Tetramisole 83.80 0.01 0.00 15.76 0.43 Morantel* 87.21 0.01 0.00 12.43 0.36

Pyrantel 84.52 0.01 0.00 15.00 0.47 Stilbazium iodide 99.18 0.00 0.28 0.55 0.00

Oxantel embonate 93.39 0.00 0.00 3.40 3.21 Arecoline 73.41 0.00 0.00 17.31 9.28

Styrylpyridinium chloride 96.57 0.00 0.00 3.28 0.15 Tenium Closylate 95.75 0.00 0.00 3.84 0.40

Antienite* 51.17 0.16 0.00 47.84 0.83

Acetylcholinesterase inhibitors (AChI)

Trichlorfon* 0.05 0.06 0.00 2.99 96.90 Coralox 0.01 90.46 0.00 9.53 0.00

Haloxon* 0.01 85.16 0.00 14.70 0.13 Imcarbofos 0.00 99.87 0.00 0.13 0.00

Fospirate 0.25 34.85 0.00 63.13 1.77 Butonate* 0.10 78.07 0.00 19.63 2.20

Famophos 0.00 98.31 0.00 1.69 0.00 Uredofos 0.00 100.00 0.00 0.00 0.00

Dichlorvos* 0.67 50.02 0.00 46.80 2.51 Diuredosan 0.00 99.81 0.00 0.19 0.00

Vincofos 3.92 1.47 0.00 67.94 26.67 Zilantel 0.00 99.42 0.00 0.58 0.00

Coomafos 0.03 83.67 0.00 16.30 0.00 Crufomate* 14.77 0.86 0.00 78.56 5.81

Metrifonate* 0.05 0.06 0.00 2.99 96.90 Naftalofos 0.67 31.71 0.00 67.39 0.23

GluCl receptor (GR)

Abamectin A 0.00 0.00 100.00 0.00 0.00 Moxidectin 0.02 0.00 99.97 0.00 0.01

Abamectin B 0.00 0.00 100.00 0.00 0.00 Ivermectin 0.00 0.00 100.00 0.00 0.00

Mibbemycin A3 1.87 0.00 96.81 0.36 0.95 Doramectin 0.00 0.00 100.00 0.00 0.00

Mibbemycin A4 3.80 0.00 92.64 0.92 2.64 Milbemycin D 0.85 0.00 98.93 0.04 0.18

b-Tubulin binding (t)

Carbendazm 18.05 0.87 0.00 79.00 2.08 Furodazole 46.01 0.21 0.00 52.94 0.84

Thiabendazole* 46.70 0.23 0.00 52.71 0.37 Oxfendazole 3.69 9.91 0.00 86.15 0.26

Lobendazole 19.33 0.92 0.00 78.42 1.32 Dribendazole 23.16 0.83 0.00 74.89 1.11

Bendamizole 14.98 2.93 0.00 82.03 0.07 Flubendazole 27.97 0.68 0.00 70.46 0.88

Oxibendazole 13.69 1.10 0.00 81.27 3.94 Fenbendazole* 20.73 1.08 0.00 77.38 0.81

Mebendazole* 21.82 0.94 0.00 76.15 1.09 Etibendazole 6.61 0.71 0.00 58.66 34.02

Cyclobendazole 12.50 1.70 0.00 84.21 1.59 Febantel 0.55 7.51 0.00 56.23 35.71

Nocodazole 5.94 4.07 0.00 88.49 1.51 Benomyl 3.85 8.15 0.00 87.52 0.49

Tioxidazole 13.41 1.12 0.00 81.42 4.05 Benacyl 6.68 4.77 0.00 87.88 0.67

Parbendazole 67.96 0.04 0.00 31.12 0.88 Bisbendazole 2.41 32.20 0.00 65.39 0.00

Triclabendazole* 11.65 0.06 0.00 27.00 61.30 Luxabendazole 0.00 97.80 0.00 2.20 0.00

Cambendazole 1.93 21.42 0.00 76.60 0.05 Triclabendazole sulfoxide 12.46 0.18 0.00 44.43 42.93

Thiophanate 0.19 40.31 0.00 57.47 2.03 Albendazole sulfoxide 2.56 10.22 0.00 86.53 0.69

Albendazole* 15.07 1.17 0.00 81.48 2.28

Proton ionophores (H)

Disophenol 1.96 0.01 0.00 6.51 91.52 Ticarbodine 14.04 0.01 0.00 16.04 69.91

Bromofenofos 0.02 0.01 0.00 1.10 98.86 Flurantel 0.00 0.00 0.00 0.02 99.98

Niclofolan* 0.01 0.01 0.00 0.49 99.49 Clioxanide* 12.33 0.11 0.00 36.17 51.39

OK sinid 0.01 0.01 0.00 0.54 99.44 Salantel 1.42 0.00 0.06 0.57 97.95

Oxyclozanide 0.01 0.00 0.00 0.04 99.94 Trichlorophen 4.91 0.00 0.18 0.20 94.70

(continued on next page)
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The first compound (I) it is a new pro-drug of the benz-
imidazole type, which has shown activity �in vivo�
against Echinococcus.36 This compound was classified
as anthelmintic by the obtained model. The compounds
II–III were taken from the medical literature of the last
decade.37 Most of these compounds have been recog-
nized as anthelmintic and classified as cholinergic ago-
nist, which is coherent if we take into consideration
the structural features for the cholinergic agonist activ-
ity and the modes of action of drugs like pirantel, mor-
antel, and oxantel which have similar structure. The last
four compounds (U-series) belong to the family of the b-
ketoamides.38 These compounds have shown a potent
activity against nematodes (�1 lM against H. contor-
tus); they have been predicted as anthelmintic and
classified as oxidative phosphorylase uncoplers (H-
ionophores).

After that, we use some compounds obtained from the
literature 39–41 the structures of this compounds are
shown in Figure 3. The compound (IV), named Dioxa-
pyrrolomycin39 was classified as active by Eq. 11 and
was predicted as oxidative phosphorylase uncoplers
(H-ionophores). It could be related with the protonic
H-atom in the pyrrol ring. The fifth set (V; a new family
of cyclic depsipeptides)40 was correctly selected as
anthelmintic by the discriminant function. Finally, a
subsystem of 5-substituted pyrimidine derivatives (VI)
was evaluated. These compounds have been reported
as trematocide (mainly fasciolicide) and nematocide;41

and have been predicted as anthelmintic by the obtained
model (Eq. 10). Most of them were classified as inhibitor
of b-tubulin polymerization. However, this result is pre-
liminary and must be corroborated experimentally.
Table 9 shown results when the discriminant function
was used.

No compound with this kind of structure was included
in the training data set and in this sense; its evaluation
is equivalent to the discovery of new lead compounds.
Evidently, the quality of these predictions is not acciden-
tal, because the calculations of these descriptors not only
give explanation of the molecule in a global way, but
also certain subfragments are considered too, which
are structural features responsible for the activity. These
results confirm that the TOMOCOMD-CARDDTOMOCOMD-CARDD descriptors
used in the work are able to a priori selection/identifica-
tion and to predict the mode of action of new lead
anthelmintics, starting from a set consisting of structur-
ally different compounds.

On the other hand, the pharmaceutical industry as a
whole embraced this novel paradigm for drug discovery,
based on the HTS, as solutions to the time and cost-cut-
ting problem, even though no guarantees for success
were provided.42 While the impact of HTS has yet to
be established, the drug discovery rate did not improve
in the past decade. In fact, the number of new chemical
entities (NCEs) has remained rather constant—an aver-
age of 37 NCEs per year—between 1990 and 2000, even
though the number of compounds is being initially
screened has increased by several orders of
magnitude.43,44



Table 8. Results of the evaluation of compounds reported as anthelmintic

NO2

N
H

F3C

NHCOOCH3

S

I

N

Ar
II III

N
G O O

OH

R1

N
H

O
R2

Serie U

No or code Structure MEDa (mg/kg) DP%b (NAA)c (AchI)c (GR)c (t)c (H)c

Ar

I — 76.79 0.01 0.01 0.00 0.51 99.48

II-1 C6H5 125 88.61 95.04 0.00 0.00 4.88 0.08

II-2 o-CH3C6H4 15 89.66 95.77 0.00 0.00 4.17 0.06

II-3 o-ClC6H4 31 87.66 92.52 0.00 0.00 7.01 0.47

III-1 N-Allyl 500 81.44 90.46 0.00 0.00 9.22 0.32

III-2 N-Methyl 500 75.46 88.48 0.00 0.00 10.93 0.59

Structure Act. Obs.

R1 R2

U-86996 H p-BrC6H5 90.72 26.36 0.00 0.00 13.79 59.85

U-87407 Cl p-BrC6H5 �1 lM 89.70 6.60 0.00 0.00 5.10 88.29

U-88509 Cl
N N

S
CF3 66.67 0.00 0.00 0.00 0.14 99.86

U-89605 Cl
N N

S
CF2CF3 83.50 0.00 0.00 0.00 0.00 100.00

a Anthelmintic activity measured experimentally.
b Anthelmintic activity predicted by Eq. 10; DP% = [P(Active) � P(Inactive)] · 100 (see Chemometric method).
c Percentage of probability with which the drug is predicted to be anthelmintic having NAA, AChI, GR, t, H as mechanism of action, respectively,

using Eqs. (11)–(15).
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Figure 3. Basic molecular backbone of compounds reported in anthelmintic patent.
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At present, dataset of drugs with some pharmacological
uses can be assayed in the virtual screening process. This
approach is very interesting, because compounds selected
with this in silico procedure have well-established meth-
ods of synthesis; although in many cases their toxicolog-
ical, pharmacodynamical and pharmaceutical behaviors
are well known. For this reason, we have selected this
method of search for the novel anthelmintic compounds.

We had performed an exhaustive search in the Merck
Index,30 Negwer handbook,29 and Goodman and Gil-
man45 looking for compounds to be evaluated in the
models. A reduced group was identified by the discrim-
inant function as a possible anthelmintic. Well-known
drugs, with other pharmacological properties, were se-
lected as possible anthelmintic by the obtained model.
These compounds identified as active, but they have
not been reported in the literature as anthelmintic, are
now in assay in order to prove their anthelmintic activity
experimentally.
Interestingly, one of the compounds selected as anthel-
mintic was colchicine (DP% = 70.57), which unites to
the b-tubulin blocking the polymerization and the for-
mation of the microtubules.46 Although there are no re-
ports for the use of colchicine as anthelmintic, it has
been demonstrated experimentally that anthelmintic
benzimidazole competed with the binding site for colchi-
cine in b-tubulin.3

3.4. Experimental versus theoretical result

Current research in the Chemical Bioactive Center has
been focused on the microcidal potential of 2-furylethyl-
enes. For example, G-1 [Z-1-bromo-1-nitro-2-(5-bromo-
fur-2-yl)ethylene] has shown a pronounced double
effect (antifungal/antibacterial).47 It was therefore of
major interest for us to develop a general model for pre-
dicting the anthelmintic activity for a given molecular
structure, with the major emphasis on the case of 2-
furylethylenes.



Table 9. Results of the classification of compounds included in anthelmintic patents

Compound (no or code)a DP%b (NAA)c (AchI)c (GR)c (t)c (H)c

(IV) 20.83 0.05 0.00 0.00 0.57 99.38

(V) Substituents

R1 and R4 R2, R3, R5, and R6

Ethyl Ethyl 85.81 2.00 13.26 0.00 84.09 0.65

Propyl propyl 92.94 26.28 0.57 1.23 71.56 0.36

p-Br-phenyl CH2Cl 52.58 0.02 0.04 0.26 1.38 98.30

phenyl (CH2)2Cl 75.11 0.53 0.15 19.21 12.04 68.07

Cyclo-propyl Ethyl 90.18 2.06 15.49 0.00 82.15 0.30

Cyclo-pentyl Ethyl 93.37 4.21 8.80 0.04 86.73 0.22

Ethyl CH2Cl 27.64 0.02 0.06 0.00 1.95 97.97

(VI) Substituents Doses (mg/kg) Post mortem

no adults

Fascioles
B W R7

Cl — H 35 0 42.04 43.13 0.04 0.00 49.64 7.19

Cl — CH3CO– 35 0 63.57 15.87 0.62 0.00 80.77 2.73

Br — H — — 41.29 44.44 0.05 0.00 50.09 5.42

Cl –OCH2CH2– CH3CO– 60 2 42.41 13.37 0.46 0.00 76.18 9.98

Cl –(OCH2CH2)2– CH3CO– 75 5 13.91 9.40 0.29 0.00 59.92 30.40

Cl –O(CH2)3– CH3CO– 35 0 46.72 15.54 0.39 0.00 75.07 9.00

Br –O(CH2)3– CH3CO– 100 0 46.02 16.18 0.42 0.00 76.55 6.85

CF3 –O(CH2)3– CH3CO– 50 0 87.99 0.16 0.02 0.00 3.34 96.49

CH3 –O(CH2)3– CH3CO– 100 0 54.09 25.90 0.30 0.00 71.82 1.98

I –O(CH2)3– CH3CO– 100 0 45.59 16.66 0.44 0.00 77.34 5.56

Cl –O(CH2)4– CH3CO– 50 1 50.80 17.97 0.33 0.00 73.62 8.08

Cl — @C@S 50 0 8.16 14.23 0.98 0.00 83.64 1.15

a The chemical substituents of the compounds represented with numbers or codes, are shown in Table 9 and the molecular structure or the backbone

are shown in Figure 3.
b Anthelmintic activity predicted by Eq. 10; DP = [P(Active) � P(Inactive)] · 100 (see Chemometric method).
c Percentage of probability with which the drug is predicted to be anthelmintic having NAA, AChI, GR, t, H as mechanism of action, respectively,

using Eqs. 11–15.
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In this sense, good agreement between the experimental
anthelmintic (effectivity around of 67% at 45mg/kg
against Fasciola hepatica) activity test and the predicted
activities (DP = 51.70%) for compound 1 [1-nitro-2-(5-
bromo-fur-2-yl)ethylene] (see Table 10) was found. As
Tables 10 and 11 depicts, compound 1 was identified
as anthelmintic (potentially active) DP = 51.70% by the
obtained model (Eq. 10) and had an effectivity around
of 67% at 45 mg/kg against Fasciola hepatica. So we
can say that chemical 1 could be a new anthelmintic lead
compound. The result can be considered as a very prom-
issory starting point for the future design and refinement
Table 10. Results in the treatment on Fasciola hepatica two week old with c

OBr

H

P Dose

(mg/kg)

Number Fasciola

mean (±SD)

IE (%) Weight gain (g)

mean (±SD)

M (%)

1 16 0.86 (0.58) 86 �0.05 (0.13) 0

45 0.33 (0.37) 33 �0.05 (0.01) 57

Infected 0.5 (1.7) 50 �1.25 (0.18) 14

1 (0.54) 33 0.78 (0.08) 63

Control no infected 1.48 (0.07) —

0.89 (0.1) —

The location of the dissociating proton (H) is shown in the shaded bo

IE = Invasion extensity.
of novel chemicals with higher anthelmintic activity. In
this sense, we are looking forward at improving this re-
sult in the future by finding more potent candidates.
However, our current results are significant because they
demonstrate the straightforward way in which molecu-
lar linear indices can identify new drug candidates, par-
ticularly anthelmintic.

Additionally, chemical 1 was predicted as oxidative
phosphorylase uncoplers (P = 0.54%). This is a logic re-
sult, because each anthelmintic molecule with this mode
of action (proton ionophores) possesses a detachable
ompound 1 in Balb/c mice

NO2

H

Affected

liver (%)

Hepatic index

mean (±SD)

Splein relative

weight (g) mean (±SD)

Effectivity

E (%)

86 6.49 (0.26) 1.1 (0.02) 0

33 6.5 (0.1) 1.15 (0.01) 67

50 7.24 (0.05) 1.05 (0.02) —

33 5.8 (0.1) 0.99 (0.03) —

— 5.8 (0.17) 0.46 (0.02) —

— 4.5 (0.17) 0.37(0.02) —

x. P = Product, (±SD) = ±standard deviation, M = Mortality mice,



Table 11. Comparison between experimental (effectivity) and theoretical activity

Product Dose (mg/kg) E (%)a DP%b (NAA)c (AchI)c (GR)c (t)c (H)c

Compound 1 45 67 51.70 0.11 0.00 0.00 0.34 0.54

a Anthelmintic activity measured experimentally (see Biological activity and in vivo experiment).
b Anthelmintic activity predicted by Eq. 10; DP% = [P(Active) � P( Inactive)] · 100 (see Chemometric method).
c Percentage of probability with which the drug is predicted to be anthelmintic having NAA, AChI, GR, t, H as mechanism of action, respectively,

using Eqs. 11–15.
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proton and is very lipophilic. As can be seen in molecu-
lar structure of compound 1 (see Table 10), the H-atom
in the a-carbon of the exocyclic double bond and their
lipophilic features (Br-atom, nitro-group and aromatic
ring), can explain the mode of action hypothesis, be-
cause this lipid soluble substance is capable of carrying
protons across membrane, therefore, may act to uncou-
ple oxidative phosphorylation preventing the produc-
tion of the proton gradient across the inner
mitochondrial membrane. Table 10 shows the position
of the proton that is able to dissociate from compound
1. However, this theoretical result must be considered
only as preliminary screening results and an experimen-
tal corroboration is necessary in the future.
4. Concluding remarks

Computational—in silico—screening has become a very
important tool in the development of drug discovery
today; although it is clear that in silico predictive model-
ing does not represent a panacea for the industry.33 In
virtual (computational) screening studies as well as in
molecular diversity analysis of large data set of com-
pounds, many of the traditional QSAR descriptors are
not applicable as they apply to congeneric series.17 In
this paper, atom, atom-type and total linear indices were
used to obtain a quantitative LDA model that discrim-
inate anthelmintic compounds from inactive ones; and
to perform another model to classify the anthelmintic
compounds taking into consideration their modes of ac-
tion. The obtained models were significant of the statis-
tical point of view. So, we can say that TOMOCOMDTOMOCOMD--

CARDDCARDD approach is not only able to discriminate be-
tween anthelmintic and non-anthelmintic compound,
but also to select anthelmintic compounds from a pool
of novel structure. Besides, virtual screening of drugs
was carried out by us to prove the usefulness of the pres-
ent approach to discover new anthelmintic compounds
from 2D chemical structure databases or combinatorial
libraries. Finally, using the developed models, a new
lead candidate has been identified as a promising start-
ing point for the rational design of new 2-furylethylenes
derivatives with potent anthelmintic activity. Some
works in this direction are at the moment in progress
and will be published in a forthcoming paper.
ð16Þ
5. Experimental

5.1. Computational methods: TOMOCOMD-CARDDTOMOCOMD-CARDD

approach

TOMOCOMDTOMOCOMD is an interactive program for molecular
design and bioinformatics research.18 The program
consists of four subprograms, each one dealing
with drawing structures (drawing mode) and calculat-
ing 2D and 3D molecular descriptors (calculation
mode). The modules are named CARDDCARDD (Computed-
Aided �Rational� Drug Design), CAMPSCAMPS (Computed-
Aided Modeling in Protein Science), CANARCANAR

(Computed-Aided Nucleic Acid Research) and CABPDCABPD

(Computed-Aided Bio-Polymers Docking). In this
paper, we outline salient features concerned with only
one of these subprograms: CARDDCARDD. This subprogram
was developed based on a user-friendly philosophy.
That is to say, this computer graphics software shows
a great efficiency of interaction with user, without prior
knowledge of programming skills (e.g. practicing phar-
maceutics and organic chemist, teacher, university stu-
dent, and so on).

The calculation of total and local (atom and atom-type)
linear indices for any organic molecule (or any drug-like
compound) was implemented in the TOMOCOMDTOMOCOMD--CARDDCARDD

software.18 The main steps for the application of this
method in QSAR/QSPR and drug design can be briefly
summarized as follows:

1. Draw the molecular pseudographs for each molecule
of the data set, using the software drawing mode.
This procedure is carried out by a selection of the
active atomic symbols belonging to different groups
in the periodic table.

2. Use appropriated atom weights in order to differenti-
ate the molecular atoms. In this work, we used as
atomic property the Mulliken electronegativity28 for
each kind of atom.

3. Compute the total and local linear indices of the
molecular pseudograph�s atom adjacency matrix.
They can be carried out in the software calculation
mode, from which one can select the atomic proper-
ties and the family descriptor previously to calculate
the molecular indices. This software generates a table
in which the rows correspond to the compounds and
columns correspond to the total and local linear indi-
ces or any other family of molecular descriptors
implemented in this program.

4. Find a QSPR/QSAR equation by using mathematical
techniques, such as multilinear regression analysis
(MRA), neural networks (NN), linear discrimination
analysis (LDA), and so on. That is to say, one can
find a quantitative relation between a property P
and the linear indices having, for instance, the follow-
ing appearance,
P ¼ a0f 0ðxÞ þ a1f 1ðxÞ þ a2f 2ðxÞ þ � � � þ akf kðxÞ þ c
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where P is the measurement of the property, fk(x) is
the kth total (atom and atom-type) linear indices,
and the ak�s are the coefficients obtained by the linear
regression analysis.

5. Test the robustness and predictive power of the
QSPR/QSAR equation by using internal and external
cross-validation techniques.

Develop a structural interpretation of obtained QSAR/
QSPR model using total and local (atom and atom-type)
linear indices as molecular descriptors.

The descriptors calculated in this work were the follow-
ing: (1) fk(x) are the kth total linear indices of the H-sup-
pressed molecular pseudograph, (2) fkL(xE) are the kth
local (atom-type = heteroatoms: S, N, O) linear indices
of the H-suppressed molecular pseudograph, and (3)
fkL

H(xE–H) are the kth local (atom-type = H-atoms
bonding to heteroatoms: S, N, O) linear indices consid-
ering H-atoms in the molecular pseudograph.

5.2. General data set

The quality of the classification models relies in a great
percentage on the quality of the selected training data
set. The most critical aspect of the construction of this
series is to guarantee a great molecular structural vari-
ability. Here we consider a data set consisting of a great
number of molecular entities, some of them reported as
anthelmintics1,3,29,30 and the rest with a series of other
pharmacological uses.29,30

The data set of active compounds was selected by con-
sidering representatives of most of the different struc-
tural patterns and action mechanisms of anthelmintic
activity. In this sense, we included compounds with
the following modes of action: (1) cholinergic agonists
of the imidazothiazole type (levamisole and butamisole),
tetrahydropyrimidines (pyrantel, morantel, and oxan-
tel), quaternary ammonium salts (bephenium and the-
nium), and the pyrimidines (methyridine), (2)
cholinesterase inhibitors (dichlorvos and haloxon), (3)
GABA agonist (piperazine), (4) glutamate-gated chlo-
ride receptor potentiators (ivermectin, abamectin, and
doramectin), (5) increased calcium permeability (prazi-
quantel), (6) inhibition of microtubule formation,
b-tubulin binding (benzimidazoles, albendazole, and
netobimin), (7) oxidative phosphorylase uncoplers, often
called proton ionophores (salicylanilides and substituted
phenols), (8) inhibitors of malate metabolism (diamphen-
ethide), (9) inhibition of phosphoglycerate kinase and
mutase (clorsulon), and (10) inhibitors of arachidonic
acid metabolism (diethylcarbamzine).1,3 Other com-
pounds that have not been found or defined a specific
mode of action, but had been reported as anthelmintics
were also included, such as nitroimidazoles and hican-
tone derivatives.

The inactive compounds were selected in a random way
of a great database, with different pharmacological uses
(antibacterial, antifungal, antihypertensive, anticancer,
hipnotic/sedative, antidepressant, and so on). The classi-
fication of these compounds as �inactive� (without
anthelmintic activity) does not guarantee that some of
these compounds present some anthelmintic activity
even not detected. The data set was randomly divided
into two subsets; one of these was used as training
(learning) set and the other one as test set.

5.3. Chemometric methods

All statistical analyses were performed with STATISTICASTATISTICA

software package.48 The tolerance parameter (propor-
tion of variance that is unique to the respective variable)
used was the default value for minimum acceptable
tolerance, which is 0.01. Forward stepwise was fixed as
the strategy for variable selection. The principle of parsi-
mony (Occam�s razor) was taken into account as strat-
egy for model selection. In this connection, we select
the model with higher statistical signification but having
as few parameters (ak) as possible. The LDA is used in
order to generate the classifier functions on the basis
of the simplicity of the method.17,22,49–51 In order to test
the quality of the discriminant function derived we used
the Wilks� k (U-statistic) and the Mahalanobis distance
(D2). The Wilks� k statistical helpful to value the total
discrimination and can take values between zero (perfect
discrimination) and one (no discrimination). In D2, D
indicates the separation of the respective groups. After-
ward, the classification trees module was used to carry
out the leave-n-out cross-validation routine. In addition,
to assess the predictive power of the model an external
(test) set were used. In this case, the values of 1 and
�1 were assigned to the active and inactive compounds,
respectively. The classification of cases was performed
by means of the posterior classification probabilities.
By using the models one compound can then be classi-
fied as active, if DP% > 0, being DP% = [P(Active) �
P(Inactive)] · 100 or as inactive otherwise. P(Active)
and P(Inactive) are the probabilities that the equations
classify a compound as active and inactive, respectively.
The probability that a case belongs to a particular group
is basically proportional to the Mahalanobis distance
from that group centroid. In closing, the posterior prob-
ability is the probability, based on our knowledge of the
values of other variables that the respective case belongs
to a particular group.

5.4. Biological activity and in vivo experiment

We developed an in vivo experiment to measure the
chemical effectiveness against F. hepatica; in this case,
an experimental technique reported in the literature
was selected for biological material processing and
F. hepatica egg extraction.52 Mitterpak et al.�s technique
for host (Lymnaea cubensis) invasion was carried out.53

Afterwards we followed the steps reported by Olazábal
et al. to obtain the metacercariae.54 Metacercariae were
conserved in cold until the in vivo experiment.52

Balb/c mice were selected as the biological model.
Healthy Balb/c mice of both sexes and food were pur-
chased from the �Centro Nacional de Animales de
Laboratorio (CENPALAB)�, Cuba. Quarantine, label-
ing, acclimatization and good maintenance conditions
of animals were strictly obeyed.52,55



Table 12. Experimental design

Product Dose (mg/kg) Safety index

Compound 1 16 4

45 1.42

Safety index = maximum tolerated dose/applied dose.
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The CBQ organic synthesis laboratory synthesized the
compound 1, with 98% purity. This chemical was tested
in order to evaluate their effectiveness against F. hepat-
ica according to the following experimental conditions
(see also Table 12). Three treatment groups with five
mice per group were arranged for the test. One group
(infected control group) was treated with Miglyol
810N (administration vehicle). The second group was
neither infested nor treated. The remaining group was
treated with chemical 1 (see Table 12).

The compound 1 was previously diluted in 10 mL of
Miglyol. All mice received 0.2 mL of the compound 1,
for intraperitoneal route. Mouse invasion with metacer-
cariae of F. hepatica, two weeks old, 14 days before
drug administration, was carried out by Corba et al.�s
method.56 The effectiveness was evaluated based on:
(1) Determination of the E% index. This is a quantita-
tive indicator of effectiveness introduced by Steward57

and defined as E% = [(XC � XT)/XC] · 100.58 Here
E% is the percentage of effectiveness, XC is the aver-
age amount of Fasciola in the control group and XT is
the average amount of Fasciola in the treated group.
The effectiveness was measured based on the elimina-
tion or not of F. hepatica, in its juvenile stage, as
shown by laboratory diagnostics, using the helmintho-
logical necropsy on day 7 after the inoculated treat-
ment.56 (2) Determination of the hepatic index,59 by
use of the formula A = (B/C) · 100. In this case, A =
hepatic index, B = liver weight and C = body weight.
(3) Degrees of lesions of the liver.56 (4) Spleen relative
weight.60 (5) Intensity of invasion making use of the
formula I Æ I = A/B, where A = total amount of para-
sites, B = total amount of positives. (6) Extension of
invasion by use of the formula % E Æ I = [T(t)/T(a)]
· 100, where %E Æ I = % of invasion extensity,
T(t) = number of total positives, T(a) = total of infected
animals.61 (7) Gain of weight (final weight) � (initial
weight).

From these different effectiveness indexes,59–61 the E%
index was selected. We used this index in spite of the
existence of other (more recently defined) effectiveness
parameters because is a direct expression of effectiveness
that one can compare with DP%.
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