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1. Introduction

ABSTRACT

There are many drugs described with very different affinity to a large number of receptors. In this work,
we selected Drug-Target pairs (DTPs/nDTPs) of drugs with high affinity/non-affinity for different targets
like proteins. Quantitative Structure—Activity Relationships (QSAR) models become a very useful tool in
this context to substantially reduce time and resources consuming experiments. Unfortunately, most
QSAR models predict activity against only one protein. To solve this problem, we developed here a multi-
target QSAR (mt-QSAR) classifier using the MARCH-INSIDE technique to calculate structural parameters
of drug and target plus one Artificial Neuronal Network (ANN) to seek the model. The best ANN model
found is a Multi-Layer Perceptron (MLP) with profile MLP 32:32—15—1:1. This MLP classifies correctly
623 out of 678 DTPs (Sensitivity = 91.89%) and 2995 out of 3234 nDTPs (Specificity = 92.61%), corre-
sponding to training Accuracy = 92.48%. The validation of the model was carried out by means of
external predicting series. The model classifies correctly 313 out of 338 DTPs (Sensitivity = 92.60%) and
1411 out of 1534 nDTP (Specificity = 91.98%) in validation series, corresponding to total
Accuracy = 92.09% for validation series (Predictability). This model favorably compares with other LDA
and ANN models developed in this work and Machine Learning classifiers published before to address
the same problem in different aspects. These mt-QSARs offer also a good opportunity to construct drug
—protein Complex Networks (CNs) that can be used to explore large and complex drug—protein receptors
databases. Finally, we illustrated two practical uses of this model with two different experiments. In
experiment 1, we report prediction, synthesis, characterization, and MAO-A and MAO-B pharmacological
assay of 10 rasagiline derivatives promising for anti-Parkinson drug design. In experiment 2, we report
sampling, parasite culture, SEC and 1DE sample preparation, MALDI-TOF MS and MS/MS analysis,
MASCOT search, MM/MD 3D structure modeling, and QSAR prediction for different peptides of hemo-
globin found in the proteome of the human parasite Fasciola hepatica; which is promising for anti-
parasite drug targets discovery.

© 2011 Elsevier Masson SAS. All rights reserved.

bioinformatics and proteome research toward drug discovery.
Therefore, there is a strong incentive to develop new methods

The fast and accurate prediction of interactions between drugs capable of detecting these potential drug-target interactions effi-
and target proteins is a keystone piece on the combination of ciently [1]. In this sense, graphs and complex network theory may

play an important role at different stages of modeling process with
different degrees of organization of matter [2—9]. In a first stage, we
can use molecular graphs to represent and calculate structural
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parameters for drugs sometimes called Topological Indices (TIs) but
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also estimate physicochemical parameters based on a graph
method, see our recent reviews [10]. At a higher level we can use
graphs to represent structure of the drug-target proteins and
calculate characteristic TIs and/or physicochemical parameters of
proteins structure or protein interactions networks, see for instance
the works of Giuliani [11—17], or our recent reviews [18,19]. Next,
we can develop a kind of computer program with network topology
called Artificial Neural Networks (ANNs) that after adequate
training learn predicts target proteins for a given drug. It means,
ANNSs are network-like software that may use as inputs TIs and/or
physicochemical parameters calculated in the previous steps to
predict which network-like molecular structures present or not
a desire property, see for instance the works after Caballero and
Fernandez et al. [20—23] with applications to both drugs and
proteins or works of Zbilut et al. [24,25]. In particular, using the
parameters of the drug and the target ANNs may select Drug-Target
pairs of drugs with high affinity (DTPs) out of those pairs for drugs
with none affinity for different targets (nDTPs). In general, this
technique (using or not ANNs) lie within the kind of studies called
Quantitative Structure—Activity Relationships (QSAR) models and
may become a very useful tool in this context to substantially
reduce time and resources consuming experiments. In a last step,
the prediction of all possible DTPs/nDTPs in the global set of rela-
tionships between protein targets and all drugs form the complex
network of drugs and/or targets. For instance, Yildirim and Goh
et al. [26] have built a bipartite graph composed of US Food and
Drug Administration (US FDA) approved drugs and proteins linked
by drug-target binary associations. The resulting network connects
most drugs into a highly interlinked giant component, with strong
local clustering of drugs of similar types according to Anatomical
Therapeutic Chemical classification. Topological analyses of this
network quantitatively showed an overabundance of ‘follow-on’
drugs, that is, drugs that target already targeted proteins.

In a previous work, our group have reported a QSAR model base
on the MARCH-INSIDE method to predict a large network of DTPs
[27]. However, even when this model is useful to predict targets for
many proteins it lack of availability for public research due to it was
not implemented as an online web server. The problem with many
QSAR models is more serious because many of them work only for
one target protein or for a limited family of organic compounds. We
then develop new statistical methods to predict simultaneously on
a large scale unknown DTPs from chemical structure and 3D
structure of target proteins. In principle, we can select between
more than 1600 different molecular descriptors to solve the former
problem [28]. However, not many methods offer one unique soft-
ware platform to calculate parameters for both drugs and protein
structures based on unified theoretic background more easily to
rationalize. Our group has introduced elsewhere a Markov Chain
Model (MCM) method named MARkov CHains Invariants for
Network SImulation and DEsign (MARCH-INSIDE). The MARCH-
INSIDE approach makes use of the same MCM theoretic formula-
tion to calculate the average values of different molecular TIs and
physicochemical properties from 2D, 3D, and/or sequence chemical
structures including drugs, DNA, RNA, and proteins, see a recent
review [29]. MARCH-INSIDE parameters not only offer these
advantages but also may used as inputs to train ANNs with the
software STATISTICA (e.g.) [30—35].

In this work, we developed a multi-target QSAR (mt-QSAR)
classifier using the MARCH-INSIDE technique to calculate structural
parameters of drug and target plus one ANN to seek the model. The
validation of the model was carried out by means of external pre-
dicting series. We also compare this model with other ANN models
developed in this work and Machine Learning (ML) classifiers
published before to address the same problem. A very good
MARCH-INSIDE-QSAR model was obtained, and the subsequent

combined QSAR-CN analysis may become of major importance for
the prediction of the activity of new compounds against different
targets or the discovery of new targets. In this sense we reported
two illustrative experiments that combine both experimental and
theoretical studies to show how to use this model in practical
situations. In experiment 1, we report by first time mt-QSAR and CN
prediction, synthesis, characterization, and MAO-A and MAO-B
pharmacological assay of 8 rasagiline derivatives. In experiment 2,
we report sampling, parasite culture, sample preparation, 2-DE,
MALDI-TOF and -TOF/TOF MS, MASCOT search, MM/MD 3D struc-
ture modeling, and QSAR prediction of CN for peptidome of
hemoglobin found in parasite Fasciola hepatica. In Fig. 1 we depict
a flowchart with the main steps given in this work to train and
validate the ANN classifier.

2. Materials and methods
2.1. Computational methods

2.1.1. MARCH-INSIDE technique

Entropy parameters for drug graphs. The MARCH-INSIDE
approach applied to drugs (D) is based on the calculation of the
different physicochemical molecular properties as an average of
atomic properties for all the molecules or groups of atoms (G)
[10,19,29]. For instance, it is possible to derive average estimations
of information about molecular structure using entropy indices
Pg,(G) [36,37].

P9,(G) = > *pj(G)-log[p(G)| (1)
jeG

It is possible to consider isolated atoms (k = 0) in the estimation of
the molecular properties P8y(G). In this case the probabilities Op(ﬂj)
are determined without considering the formation of chemical
bonds (simple additive scheme). However, it is possible to consider
the gradual effects of the neighboring atoms at different distances
(k > 0) in the molecular backbone. In order to reach this goal the
method uses an MM, which determines the absolute probabilities
pi(6;) with which the atoms placed at different distances k affect the
contribution of the atom j to the molecular property in question.
Finally, it is interesting to note that one can sum only the atoms
included in a specific group of atoms (G) rather than all atoms. In
this way we can approach specific classes of average properties
such as average entropy for sp3 carbon atoms (Csp,) or average
entropy for heteroatoms (Het). All calculations were performed
using the program MARCH-INSIDE [10,19,29], which was developed
in-house, see recent reviews for details.

Entropy parameters of protein residue networks. In previous
works we have predicted protein function based on different
protein structural parameters derived from a Markov matrix that
account for electrostatic interactions between aminoacid pairs in
the 3D structure of the protein. One of the classes of parameters
used was called the Shannon Entropy "f(R) of the markov matrix.
These values are used here as inputs to describe information about
the structure of the drug-target proteins (T) in order to construct
the mt-QSAR models for DTPs. The detailed explanation has been
published before [30,38—45] and reviewed in detail more recently
[29]. As follows we give the formula for T6;(R) values and some
general explanations:

T0(R) = = > *p;(R)-log[*p;(R)] (2)
jeR

Where, ¥pi(R) values are the absolute probabilities with which the
effect of the electrostatic interaction propagates from the
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Fig. 1. Flowchart of all steps given in this work to develop the new model.

aminoacid i to other aminoacids j™ next to it and returns to i"
after k-steps. These probabilities refer to: aminoacids considered
isolated in the space (k = 0), interaction between aminoacids in
direct contact (k = 1) or spatial (k > 1) indirect interactions
between aminoacids placed at a distance equal to k-times the cut-
off distance (rjj = k-Tcut-off) in the residue network. Euclidean 3D
space r3 = (X, y, z) coordinates of the C, atoms of aminoacids listed
in protein PDB files. For calculation, all water molecules and metal
ions were removed [19]. All calculations were carried out with our
in-house software MARCH-INSIDE 2.0 [19]. For the calculation, the
MARCH-INSIDE software always uses the full matrix, never a sub-
matrix, but the last summation term may run either for all ami-
noacids or only for some specific protein regions (R) denoted as: ¢
for core, i for inner, m for middle, and s for surface regions,
respectively). Consequently, we can calculate different ",(R) for the
aminoacids contained in the regions (c, i, m, s, or t) and placed at
a topological distance k each other within this orbit (k is the order)
[32,38,39,46,47]. In this work, we have calculated altogether 5

(types of regions) x 6(orders considered) = 30 T4,(R) indices for
each protein.

Statistical analysis. Let be P8;(G) entropy descriptors molecular
that codify information about drug structure and T6(R) entropy
descriptors that codify information about drug-target proteins; we
attempt to develop a simple mt-QSAR model in the form of a linear
classifier with the general formula:

5 5
S(DTP)prea = 3 agi-"0k(G) + > bri-"0x(R) + co 3)
k=0 k=0

We used Linear Discriminating Analysis (LDA) to fit this discrimi-
nant function. The model deals with the classification of
a compound set with or without affinity on different receptors.
A dummy variable Affinity Class (AC) was used as input to codify the
affinity. This variable indicates either high (AC = 1) or low (AC = 0)
affinity of the drug by the receptor. S(DTP)preq or DTP affinity pre-
dicted score is the output of the model and it is a continuous
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dimensionless score that sorts compounds from low to high affinity
to the target coinciding DTPs with higher values of S(DTP)preq and
nDTPs with lowest values. In equation (3), b represents the coeffi-
cients of the classification function, determined by the LDA module
of the STATISTICA 6.0 software package [48]. We used Forward
Stepwise algorithm for a variable selection. The statistical signifi-
cance of the LDA model was determined calculating the p-level (p)
of error with Chi-square test. We also inspected the Specificity,
Sensitivity, and total Accuracy to determine the quality-of-fit to
data in training. Cases for training set were selected at random out
of the cases in full dataset. The remnant cases were used to validate
the model. The validation of the model was corroborated with
these external prediction series; these cases were never used to
train the model. The ration between training/validation set was 2/1
approximately. This procedure to select training and validation sets
is largely known and used to train QSAR models [49—55].

Dataset. The dataset was formed by a set of marketed and/or
reported drugs/receptors (proteins) pairs where affinity of drugs
with the receptors was established taking into consideration the
Drug Bank. The dataset was formed to more than 526 drugs with
respectively 323 protein receptors, so we were able to collect
already 5784 cases (drug/protein receptors) instead of 526 x 323
cases. The dataset were used to perform an LDA model. Overall
model classification accuracy was 88.83% (3475/3912 cases) in
training, 88.51% (1657/1872) in validation. In addition the dataset
was used to develop ANN models to performance the model.
Overall ANN model classification accuracy was 92%. To know if the
model works well, the model used 8 own compounds rasagiline
derivates to predict their protein receptor. The names or codes for
all compounds are depicted in Table 1SM and Table 2SM of the
supplementary material, due to space constraints, as well as the
references consulted to compile the data in this table.

Drug—Protein (DP) network construction. In order to achieve the
drug and protein affinity with a network approach where one node
represents a drug, target, or drug-target pair and the edges express
relationships between pairs of drugs and/or targets [26]. We built
a bipartite graph composed of Drug Bank and Protein Data Bank-
approved drugs and proteins linked by drug-target binary associ-
ations. The resulting network connects most drugs into a highly
interlinked giant component, with strong local clustering of drugs
of similar types. We build two complex networks, a first for the
observed data and the second with the data predicted by the
model. First, using the Excel software in a column we introduce all
the proteins, the drugs used quotation marks in our database. Then
in another column lists all the cases, in total 837 vertices. At the
beginning of this column puts the total number of vertices, there
are currently two columns of the name of drug and protein and
their corresponding number of vertices. At the end of the columns
are placed bows in the first column put the number of vertices for
the drug and in another column corresponding to the protein. The
file was saved as a .txt format file. After we had renamed the .txt file
as a .net file we read it with the CentiBin software [56,57]. Using
CentiBin we can not only represent the network but also highlight
all Drugs and Protein (nodes) connected to a specific DRP. To
analyze the relationships between drug targets, we measured and
calculating closeness parameter, and the centrality. Lastly, the
protein and drug centralities were used as input in STATISTICA in
order to study the distribution of the network and compare it with
other ideal network distributions including normal, exponential.

2.1.2. Theoretical study of hemoglobin peptidome of parasite F.
hepatica

MM/MD. Molecular Mechanics (MM) and Molecular Dynamics
(MD) study. For MM study we first introduced the sequence of the 30
peptides in the HyperChem [58]; the optimization of their

geometries was carried out by the Molecular Mechanics Force Field
BIO + (CHARMM). In setup we keep the options implemented by
default, but allowing a cut-off switching truncation ri, = 15 A and
Tout = 17 A. We refer here to MD in the sense of MD stochastic
simulation by the Monte Carlo (MC) method, although some authors
understand MD as only the MD deterministic search. The Molecular
Dynamics Trajectories (MDTs) or energetic profiles of all the starting
structure of peptides were obtained by means of MC method, with
the HyperChem package [59,60]. In this sense, the force field AMBER
[61] of molecular mechanics was used with distant-dependent
dielectric constant (scale factor 1), electrostatic and van der Waals
values by default and a cut-off switched function with rj; = 15 and
Tout = 17 A (see Fig. 2). All the components in the force field were
included and the atom type was recalculated by maintaining the
current charges. Finally, MD simulation was carried out by use of the
Monte Carlo algorithm in the vacuo at 300 K and 1000 optimization
steps, thus obtaining MDTs with 100 potential energy dEj (G=1,2,3,
...100) values for each. We obtained 22 MDTs for 19 peptides. In
order to obtain realistic MDTs we monitored an additional param-
eter in MD algorithms; this is known as the acceptance ratio (ACCR).
It appears as ACCR on the list of possible selections in the MC
Averages dialog box of HyperChem (see Fig. 2). The ACCRis arunning
average of the ratio of the number of accepted moves to attempted
moves. Varying the step size can have a large effect on the ACCR
value. The step size, Ar, is the maximum allowed atomic displace-
ment used in the generation of trial configurations. The default value
of r in HyperChem is 0.05 A [59]. For most organic molecules, this
will result in an ACCR of about 0.5 A, which means that about 50% of
all moves are accepted. Increasing the size of the trial displacements
may lead to a more complete search of configuration space, but the
acceptance ratio will, in general, decrease. Smaller displacements
generally lead to higher acceptance ratios but result in more limited
sampling. There has been little research to date as regards the
optimum value of the acceptance ratio.

2.2. Experimental methods

2.2.1. Study of rasagiline analogs

Identification. Melting points are uncorrected and were deter-
mined in a Reichert Kofler Thermopan or in capillary tubes in
a Biichi 510 apparatus. Infrared spectra were recorded in a Per-
kin—Elmer 1640 FTIR spectrophotometer. 'H NMR spectra
(300 MHz and 500 MHz) and '>C NMR spectra (75 MHz) were
recorded in a Bruker AMX 300 and DRX 500 spectrometer using
TMS as internal reference (chemical shifts in ¢ values, J in Hz). Mass
spectra were recorded on a HP5988A spectrometer. FABMS were
obtained using MICROMASS AUTOSPEC mass spectrometer.
Microanalyses were performed in a Perkin—Elmer 240B elemental
analyzer by the Microanalysis Service of the University of Santiago
see Table 3SM. Most of reactions were monitored by TLC on pre-
coated silica gel plates (Merck 60 F254, 0.25 mm). Synthesized
products were purified by flash column chromatography on silica
gel (Merck 60, 230—240 mesh) and crystallized if necessary.
Solvents were dried by distillation prior use.

Compound 2. (+)-3-Amino-3-(thiophen-3-yl)propanoic acid. A
solution of thiophen-3-carbaldehyde (2.00 g, 17.83 mmol) in EtOH
(5.5 mL) was added ammonium acetate (2.74 g, 35.58 mmol) and
malonic acid (1.85 g, 17.78 mmol). The reaction mixture was stirred
was refluxed for 7 h. The precipitate formed was filtered and washed
with boiling EtOH (3 x 10 mL) to give 2 (2.20 g, yield 72%) as a white
solid. Mp 223—224°C.IR (KBr): v = 2954, 2152,1532,1403,1101, 992,
925, 786 cm~ L. "H NMR (300 MHz, TFA-d): é = 11.03 (br s, 3H, D,0
exch., OH + NHy), 6.97—6.91 (m, 2H, 2-Hghiophene and 5-Hihiophene),
6.63—6.61 (m, 1H, 4-Hihiophene ), 4.58—4.54 (m, 1H, 3-H), 2.92 (dd, 1H,
J=18.4,9.6 Hz, 2-HH), 2.72 (dd, 1H, ] = 18.4, 4.2 Hz, 2-HH) ppm. °C
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Fig. 2. Snapshot of software HyperChem with MM/MD study for one peptide.

NMR (75 MHz, TFA-d): 6 = 175.01 (CO), 131.92 (C2thiophene)» 126.76
(C4thiophene), 123.48 and 122.45 (C3thiophene and CSehiophene), 47.01
(CH), 34.12 (CH,) ppm. EIMS: m/z (%) = 172 (2) [M + 1]*, 171 (17)
[M*],112 (100) [M* — CH,COOH], 111 (3), 110 (17), 85 (54), 84 (4), 83
(3) [MT — C3HgNO-], 70 (5), 58 (13). Anal. calcd. for C;HgNO,S
(171.21): C49.10, H 5.30, N 8.18; found C 49.43, H 5.37, N 8.05.

Compound 3. (&4)-2,2,2-Trifluoro-N-(5,6-dihydro-6-oxo-4H-
cyclopenta[b]thiophen-4-yl)acetamide. A solution of 2 (9.50 g,
55.49 mmol) in trifluoracetic acid (22 mL) was stirred for 30 min at
room temperature under argon and then trifluoracetic anhydride
(22 mL) was added. The reaction mixture was refluxed for 5 h and
evaporated to dryness and the crude residue (18 g) so obtained was
purified on a silica gel column using 1:1 hexane/EtOAc as eluent, to
giving pure 3 (10.70 g, 77%) as a white solid. Mp 138—141 °C[Lit. mp
141 °C]. TH NMR (300 MHz, CDCl3): 6 = 7.97 (d, 1H, ] = 4.9 Hz, 2-H),
717 (d, 1H, ] = 4.8 Hz, 3-H), 7.00 (br s, 1H, D0 exch., NH), 5.59 (t, 1H,
J = 7.5 Hz, 4-H), 3.50 and 2.83 (AB part of an ABM system, 2H,
J = 186, 71, 2.2 Hz, 5-Hy) ppm. C NMR (75 MHz, CDCls):
6 = 192.78 (C6), 165.31 (CO), 143.05 (C6a), 142.57 (C2), 123.82 (C3),
117.93 (C3a), 114.12 (CF3), 48.90 (C5), 46.08 (C4) ppm. EIMS: m/z
(%) =250 (6) [M + 1], 249 (49) [M*], 232 (3) [M" — OH], 180 (17)
[M* — CFs], 152 (33), 137 (42) [MT — NHCOCFs], 136 (100)
[M* — NH,COCF3], 134 (23), 124 (10), 109 (31), 108 (22), 97 (25), 69
(48). Anal. calcd. for CgHgF3NO,S (249.21): C 43.38, H 2.43, N 5.62;
found C 43.67, H 2.65, N 5.49.

Compounds 4a and 4b. (+)-2,2,2-Trifluoro-N-(cis-5,6-dihydro-6-
hydroxy-4H-cyclopenta[b]thiophen-4-yl)acetamide and (&)-2,2,2-
trifluoro-N-(trans-5,6-dihydro-6-hydroxy-4H-cyclopenta[b]thiophe-
n-4-yl)acetamide. NaBH4 (0.60 g, 15.86 mmol) is added to a solution of
compound 3 (2.00 g, 8.02 mmol) in MeOH (8 mL). The resulting
mixture is stirred at room temperature for 10 min. The solvent was

removed under reduced pressure and the residue so obtained was
partitioned between H,0 (100 mL) and EtOAc (75 mL). The aqueous
phase was extracted with EtOAc (15 x 75 mL), and the pooled organic
extracts were dried over NaySQOy, after which removal of the solvent
under reduced pressure afforded 1.72 g of an oily yellow residue that
was fractionated chromatographically on a column of silica gel using
6/1 hexane/acetone as eluent. From the first non-void fractions eluted
the cis-isomer 4a was isolated (0.65 g, 32%). A second group of frac-
tions afforded a mixture of trans/cis-isomers 4a/b (0.40 g, 20%) and the
last group of fractions afforded the cis-isomer 4b (0.62 g, 31%).
Compound (+)-4a: mp 135—136 °C. IR (KBr): v = 3272, 3093,
2893, 1697, 1555, 1190, 1041, 995, 939 cm~’. 'H NMR (300 MHz,
DMSO-dg): 6 = 9.78 (d, 1H, D,0 exch., J = 7.5 Hz, NH), 7.52 (d, 1H,
J =4.9Hz, 2-H), 6.81 (d, 1H, J = 4.9 Hz, 3-H), 5.55 (d, 1H, D,0 exch.,
J=6.2 Hz, OH), 5.11-5.01 (m, 2H, 4-H + 6-H), 3.15 (dt, 1H, ] = 13.3,
7.4 Hz, 5-HH), 2.14 (dt, 1H, J = 13.3, 5.5 Hz, 5-HH) ppm. '*C NMR
(75 MHz, DMSO-dg): 6 = 148.42 (CO), 145.45 (C6a), 131.74 (C2),
121.74 (C3), 118.19 (C3a), 114.35 (CF3), 69.11 (C6), 48.62 (C4), 46.87
(C5) ppm. EIMS: m/z (%) = 251 (3) [M"], 233 (100) [M" — H,0], 139
(23) [M" — CoHF3NO], 138 (17) [M* — CoH,F3NO], 137 (31), 136 (49),
121 (20), 110 (43), 97 (10), 69 (31). Anal. calcd. for CgHgF3NO,S
(251.22): C 43.03, H 3.21, N 5.58; found C 43.37, H 3.43, N 5.65.
Compound (4)-4b: mp 118—121 °C. IR (KBr): » = 3299, 2929,
1695, 1550, 1183 cm~'. "H NMR (300 MHz, DMSO-dg): 6 = 9.71 (d,
1H, D20 exch., ] = 7.6 Hz, NH), 7.53 (d, 1H, ] = 4.9 Hz, 2-H), 6.83 (d,
1H, J = 4.9 Hz, 3-H), 545 (d, 1H, D0 exch., ] = 6.4 Hz, OH),
5.37—5.30 (m, 1H, 6-H), 5.28—5.24 (m, 1H, 4-H), 2.68—2.52 (m, 2H,
5-H,) ppm. 13C NMR (75 MHz, DMSO-dg): 6 = 148.73 (CO), 146.46
(C6a),132.01 (C2),121.80 (C3), 118.19 (C3a), 114.36 (CF3), 69.76 (C6),
49.82 (C4),47.28 (C5) ppm. EIMS: m/z (%) =233 (1) [M* — H,0],139
(16) [MT — C,HF3NO]J, 138 (100) [M*™ — C,H,F3NO], 137 (11), 136
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(11),121 (8), 110 (18), 69 (22). Anal. calcd. for CgHgF3NO,S (251.02):
C 43.03, H 3.21, N 5.58; found C 43.25, H 3.47, N 5.69.

Compound 5. (&)-cis-4-Amino-5,6-dihydro-4H-cyclopenta[b]
thiophen-6-ol. Compound 4a (0.30 g, 1.19 mmol) was suspended in
a mixture of MeOH/H;0 (4.5/2.6 mL), and K»COs3 (0.33 g, 2.39 mmol)
was added. The mixture was heated to reflux with stirring for 1 h.
The reaction mixture was cooled to room temperature and the
solvents was evaporated to dryness and the residue so obtained was
partitioned between H,0 (30 mL) and EtOAc (50 mL). The aqueous
phase was extracted with EtOAc (4 x 50 mL). The organic phase was
separated, dried (Na;SOg4), and evaporated to dryness to give 5a as
a waxy yellow solid (0.18 g, 99%). Mp 101-104 °C. IR and 'H NMR
were coincidences with Lit. *C NMR (75 MHz, CDCl3): 6 = 151.25
(C6a), 146.56 (C3a), 131.75 (C2), 121.52 (C3), 70.85 (C6), 51.50 (C5),
51.42 (C4) ppm. EIMS: m/z (%) = 155 (2) [M"], 138 (22) [M* — OH],
137 (15) [M' — H»0], 136 (36), 112 (100), 111 (16), 110 (46), 109 (13),
85(19),69(11),58 (10). Anal. calcd. for C;HgNOS (155.22): C54.17,H
5.84, N 9.02; found C 54.40, H 5.70, N 9.19.

Compound 5b. (+)-trans-4-Amino-5,6-dihydro-4H-cyclopenta
[b]thiophen-6-ol. Compound 5b was obtained, as the sole product,
as an orange waxy solid in the same way as 5a, from 4b under
slightly different reaction conditions (reflux 6 h). The residue
obtained was fractionated chromatographically on a column of
silica gel using 2/1 CH,Cl;/MeOH as eluent. From the non-void
fractions eluted the trans-isomer 5b, as a orange waxy solid (75%).
IR concordat with Lit. 'TH NMR (300 MHz, CDCl3): 6 = 7.44 (d, 1H,
J=4.9Hz, 2-H),6.91 (d, 1H,J = 4.9 Hz, 3-H), 5.16—5.14 (m, 1H, 6-H),
433 (t, 1H, J] = 5.8 Hz, 4-H), 3.98—-3.23 (br s, 3H, D0 exch,,
OH + NHy), 2.46—2.42 (m, 1H, 5-HH), 2.32—1.97 (m, 1H, 5-HH) ppm.
13C NMR (75 MHz, CDCl3): 6 = 152.66 (C6a), 146.07 (C3a), 130.93
(C2),122.12 (€C3), 69.68 (C6), 51.65 (C5), 51.54 (C4) ppm. EIMS: m/z
(%) = 155 (1) [MT], 139 (27), 138 (33) [M™ — OH], 137 (13)
[M* — H,0],136/(33),123 (3),121(8),113(8),112 (100), 110 (57), 109
(16), 85 (26), 69 (26). HRMS m/z calcd. for C;HgNOS, 155.0405;
found, 155.0421.

Compounds 6a, 7a. (+)-cis-5,6-Dihydro-4-(prop-2-ynylamino)-
4H-cyclopenta[b]thiophen-6-0l (6a) and (&)-cis-5,6-dihydro-4-
(diprop-2-ynylamino)-4H-cyclopenta[b]thiophen-6-0l (7a). To
a solution of 5a (0.64 g, 4.13 mmol) and K»,CO3 (0.57 g,4.13 mmol) in
MeCN (13 mL) under argon was added dropwise a solution of
propargyl bromide (0.46 mL, 4.13 mmol). The resulting suspension
was heated to reflux with stirring for 18 h; whereafter most of
volatiles were partitioned between EtOAc (50 mL) and 2 N NaOH
(50 mL), the organic phase was extracted with 2 N NaOH
(2 x 50 mL). The organic phase was separated, dried (Na;SO4), and
evaporated to dryness. The residue (0.64 g) was flash chromato-
graphed on silica gel, using 3/1 and 1/2 hexane/EtOAc as successive
mixtures of eluents. From the first non-void fractions eluted the
compound 7a (0.34 g, 36%) was isolated. A second group of frac-
tions afforded the compound 6a (0.19 g, 24%).

Compound (+)-6a: white solid, mp 59—63 °C. IR (KBr): » = 3290,
3220, 2922, 2850, 1599, 1494, 1429, 1339, 1183, 1113, 1086, 1060,
1012, 954, 762 cm~ .. TH NMR (300 MHz, CDCls): 6 = 7.33 (d, 1H,
J=4.8 Hz, 2-H), 6.92 (d, 1H, ] = 5.0 Hz, 3-H), 5.06 (dd, 1H, ] = 6.7,
2.0Hz, 6-H),4.23 (dd, 1H,J = 6.7, 2.0 Hz, 4-H), 3.44 (d, 2H, ] = 2.3 Hz,
CHy), 3.15 (br. s, 2H, D70 exch., OH + NH), 3.05—-2.95 (m, 1H, 5-HH),
2.27 (t,1H, ] = 2.2 Hz, C=CH), 2.09 (dt, 1H, J = 14.5, 2.0 Hz, 5-HH)
ppm. 3CNMR (75 MHz, CDCl3): 6 = 148.27 (C6a), 147.41 (C3a),131.19
(C2), 121.62 (C3), 81.33 (C=CH), 72.20 (C=CH), 70.60 (C6), 55.38
(C4), 47.62 (C5), 35.89 (CH,C=CH) ppm. EIMS: m/z (%) = 193 (3)
[M*],192 (16) [M — 1]*,176 (5) [M* — OH], 175 (5) [M* — H,0], 154
(37) [MT — CH,C=CH], 140 (11), 139 (100), 138 (20), 137 (19), 136
(19),135(4),122(16),121 (13),111 (18),110 (16),109 (12), 85 (11), 77
(11), 69 (10), 65 (10), 57 (12), 55 (12). Anal. calcd. for C;oH;;1NOS
(193.26): C 62.15, H 5.74, N 7.25; found C 62.36, H 5.92, N, 7.41.

Compound (+)-7a: brown, waxy solid, mp 104—108 °C. IR (KBr):
v = 3285, 3269, 3125, 3077, 2970, 2921, 2844, 2824, 1444,1333,1122,
1077, 1033, 904 cm~ . 'H NMR (300 MHz, CDCl3): 6 = 7.34 (d, 1H,
J=49Hz, 2-H),7.00 (d, 1H, ] = 4.9 Hz, 3-H), 5.09—5.07 (m, 1H, 6-H),
419 (dd, 1H, J = 6.9, 2.8 Hz, 4-H), 3.63—3.50 (m, 4H, 2 x CHj),
2.97-2.87 (m, 1H, 5-HH), 2.82 (br s, 1H, D0 exch., OH), 2,45 (dt, 1H,
J=14.2,2.7Hz,5-HH),2.26(t,2H,] = 2.2 Hz,2 x C=CH) ppm. *CNMR
(75 MHz, CDCl3): 6 = 147.83 (C6a), 146.77 (C3a), 130.95 (C2), 122.88
(C3), 79.47 (2 x C=CH), 73.50 (2 x C=CH), 70.27 (C6), 60.86 (C4),
43.90 (C5), 39.85 (2 x CH,C=CH) ppm. EIMS: m/z (%) =231 (1) [M*],
230(4)[M — 1], 214 (4) [M* — OH], 213 (3) [M* — H,0],194(9),193
(19),192 (100) [M* — CHyC=CH], 188 (11),174 (19),173 (11), 139 (47),
138(9),137 (14),136(13),135(7),122 (17),121 (13), 111 (21), 110 (17),
85 (16), 84 (12), 71 (16), 57 (17), 55 (10). Anal. calcd. for C43H13NOS
(231.31): C67.50, H 5.66, N 6.06; found C 67.69, H 5.88, N, 6.13.

Compounds 6b, 7b. (+)-trans-5,6-Dihydro-4-(prop-2-ynyla-
mino)-4H-cyclopenta[b]thiophen-6-0l (6b) and (&)-trans-5,6-
dihydro-4-(diprop-2-ynylamino)-4H-cyclopenta|b]thiophen-6-ol
(7b). Compound 6b and 7b were obtained in the same way as 6a and
7a from 5b (0.75 g, 4.84 mmol) but under slightly different reaction
conditions [reflux 4.5 h]. The yellow oil obtained (0.8 g) was frac-
tionated chromatographically on a column of silica gel using 3/1 and
1/2 hexane/EtOAc as successive mixtures of eluents. From the first
non-void fractions eluted the compound 7b (0.49 g, 53%) was iso-
lated. A second group of fractions afforded the compound 6b (0.14 g,
13%).

Compound (4)-6b: mp 71—74 °C. IR (KBr): » = 3268, 3254, 2927,
2853, 1486, 1432, 1336, 1301, 1193, 1115, 1097, 1034 cm ' 'H NMR
(300 MHz, CDCl3): 6 = 7.34 (d, 1H, J = 4.9 Hz, 2-H), 6.92 (d, 1H,
J=4.9Hz, 3-H), 5.41-5.38 (m, 1H, 6-H), 4.55—4.51 (m, 1H, 4-H), 3.46
(d,2H,J=2.3 Hz,CH;),2.61-2.56 (m, 2H, 5-H3), 2.26 (t,1H, ] = 2.3 Hz,
C=CH), 2.11 (br s, 2H, D0 exch., OH + NH) ppm. 13C NMR (75 MHz,
CDCl3): 6 = 149.11 (C6a), 146.44 (C3a), 131.41 (C2),121.70 (C3), 81.72
(C=CH), 71.86 (C=CH), 71.26 (C6), 56.52 (C4), 49.07 (C5), 36.11
(CHy) ppm. EIMS: m/z (%) = 192 (3) [M — 1]7,176 (6) [M* — OH], 175
(2) [M* — Hy0], 174 (10), 155 (9), 154 (100) [M" — CH,C=CH], 150
(15),139(11),138(7),137 (12),136 (21),135(3), 111 (8),110 (13), 109
(7),85(4),77(5), 65 (6). Anal. calcd. for C1oH11NOS (193.26): C62.15,
H 5.74, N 7.25; found C 62.32, H 5.86, N, 7.19.

Compound-(+)-7b: mp 57—59 °C. IR (KBr): » = 3287, 3203,
2949, 2829, 1440, 1419, 1393, 1365, 1126, 1115, 1031 cm~! 'H NMR
(300 MHz, CDCl3): 6 = 7.37 (d, 1H, J] = 4.7 Hz, 2-H), 7.00 (d, 1H,
J = 4.7 Hz, 3-H), 5.49—-5.40 (m, 1H, 6-H), 4.64—4.61 (m, 1H, 4-H),
3.55—3.43 (m, 4H, 2 x CHjy), 2.97 (ddd, 1H, J = 14.5, 6.7, 3.7 Hz, 5-
HH), 2.45 (ddd, 1H, J = 14.5, 7.2, 3.4 Hz, 5-HH), 2.26—2—0.24 (m, 2H,
2 x C=CH), 1.95 (br s, 1H, D20 exch., OH) ppm. 13C NMR (75 MHz,
CDCl3): 6 = 147.47 (C6a), 147.13 (C3a), 131.27 (C2),122.93 (C3), 79.65
(2 x C=CH), 73.13 (2 x C=CH), 71.41 (C6), 62.08 (C4), 44.25 (C5),
39.51 (2 x CHy) ppm. EIMS: m/z (%) = 232 (1) [M + 1]%, 231 (7)
[M*],230(7) [M — 1]*, 214 (6) [M* — OH], 213 (2) [M* — H,0], 194
(18), 193 (39), 192 (100) [MT — CH,C=CH], 188 (22), 174 (24), 173
(11),162 (11),149 (10), 148 (15), 147 (11), 140 (10), 139 (69), 138 (22),
137 (28),136 (27), 135 (13), 134 (11), 122 (24),121 (25), 111 (36), 110
(40), 109 (18), 85 (10), 84 (7), 78 (14), 77 (23), 69 (10), 67 (12), 66
(19), 65 (21), 55 (13). Anal. calcd. for C3H13NOS (231.31): C67.50, H
5.66, N 6.06; found C 67.77, H 5.81, N, 6.19.

Compound 8a. (4)-cis-4-[(Diprop-2-ynyl)amino]-5,6-dihydro-
4H-cyclopenta[b]thiophen-6-yl acetate. The compound 7a (50 mg,
0.216 mmol) was stirred with Ac0 (0.5 mL) and dry EtsN (0.5 mL)
for 5.5 h under argon at room temperature, the resulting mixture
was concentrated to dryness, and the solid residue was dissolved in
CH,Cl, (30 mL) and the organic phase was washed successively
with saturated NaHCO3 (3 x 20 mL) and H,0 (3 x 20 mL), dried
(NazS04), and concentrated under reduced pressure. The resulting
yellow oil (60 mg) was chromatographed on silica gel with 10/1
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hexane/EtOAc as eluent, affording 8a (51 mg, 86%) as a white solid,
mp 59—60 °C. IR (KBr): » = 3281, 3262, 2922, 1721, 1428, 1367, 1305,
1245 cm~ ' 'H NMR (300 MHz, CDCl3): 6 = 7.38 (d, 1H, J = 5.0 Hz, 2-
H), 6.97 (d, 1H, J = 5.0 Hz, 3-H), 5.83 (dd, 1H, J = 7.6, 2.9 Hz, 6-H),
442 (dd,1H,J = 7.9, 3.2 Hz, 4-H), 3.60—3.44 (AB system, 2H, ] = 17.0,
2.3 Hz, CHy), 3.59—3.43 (AB system, 2H, ] = 17.0, 2.3 Hz, CH),
3.11-3.01 (m, 1H, 5-HH), 2.57 (dt, 1H, ] = 15.2, 3.2 Hz, 5-HH), 2.24
(t, 2H, J = 2.3 Hz, 2 x C=CH), 2.08 (s, 3H, CH3) ppm. 13C NMR
(75 MHz, CDCl3): 6 = 171.22 (CO), 148.58 (C6a), 142.62 (C3a), 132.69
(C2),122.31 (C3), 80.03 (2 x C=CH), 72.98 and 72.51 (2 x C=CH),
72.47 (C6),61.18 (C4),39.33 (C5), 38.63 (2 x CH3), 21.12 (C7H3) ppm.
EIMS: m/z (%) = 273 (2) [M*], 234 (12) [M" — CH,C=CH], 230 (62),
215(15),214(79),213(98),212(100),200(11),199(9),198 (22),192
(16),186 (11),176 (13),175 (28),174 (94), 173 (26), 148 (14), 147 (16),
139(48),138(13),137(23),136 (24),135(13),134(10), 123 (21), 122
(93),121 (90), 111 (18), 110 (9), 109 (11), 92 (28), 77 (12), 66 (15), 65
(11). Anal. calcd. for C45H15N0,S (273.35): € 65.91, H 5.53, N 5.12;
found C 66.05, H 5.70, N, 5.08.

Compound 8b. (+)-trans-4-[(Diprop-2-ynyl)amino]-5,6-dihiy-
dro-4H-cyclopenta[b]thiophen-6-yl acetate. The compound 8b was
obtained in the same way as 8a from 7b (53 mg, 0.23 mmol) but
under slightly different reaction conditions [room temperature
15 h]. The obtained residue (62 mg) was fractionated chromato-
graphically on a column of silica gel using 10/1 hexane/EtOAc as
eluent. From the non-void fractions eluted the compound 8b (46 mg,
74%) as a yellow oil. IR (film): v = 3286, 1726, 1427, 1371, 1235,
1015 cm~". "H NMR (300 MHz, CDCl3): 6 = 7.39 (d, 1H, ] = 5.0 Hz, 2-
H), 6.98 (d, 1H, J = 5.0 Hz, 3-H), 6.09—6.07 (m, 1H, 6-H), 4.68 (ddd,
J=7.2,4.7,1.5Hz,1H,4-H),3.55—-3.42 (m, 4H, 2 x CH3), 2.97 (ddd, 1H,
J=14.6,73,4.4Hz, 5-HH), 2,60 (ddd, 1H,] = 14.6, 7.3, 2.9 Hz, 5-HH),
2.25 (t, 2H, ] = 2.3 Hz, 2 x C=CH), 2.04 (s, 3H, CH3) ppm. '*C NMR
(75 MHz, CDCl3): 6 = 171.21 (CO), 149.09 (C6a), 142.72 (C3a), 132.65
(C2),122.30 (C3), 79.74 (2 x C=CH), 73.95 (C6), 73.11 (2 x C=CH),
62.32(C4),39.59 (C5), 39.32 (2 x CHy), 21.09 (CH3) ppm. EIMS: m/z
(%) =272 (1)[M = 1]*, 234 (5) [M" — CH,C=CH], 230 (34), 215 (10),
214 (49), 213 (100), 212 (58), 199 (6), 198 (15), 192 (10), 186 (7), 176
(8),175(19),174(63),173 (18),148 (11),147(12),139(31),138(9),137
(18),136 (18), 135 (10), 134 (8), 123 (13), 122 (42), 121 (66), 111 (12),
110(6),109 (9), 92 (10), 77 (9), 66 (14), 65 (10). HRMS m/z calcd. for
Cy5H15N0,S, 273.0823; found, 273.0841.

Compound 9a. (+)-cis-4-[(Diprop-2-ynyl)amino]-5,6-dihiydro-
4H-cyclopenta[b]thiophen-6-yl benzoate. The compound 7a
(50 mg, 0.216 mmol) was stirred with BzCl (37.61 pL, 0.324 mmol),
dry EtsN (60.21 pL, 0.432 mmol) and a catalytic amount of DMAP in
MeCN (2.16 mL) for 23 h under argon at room temperature. The
resulting mixture was concentrated to dryness, and the solid
residue was dissolved in EtOAc (30 mL), the solid formed was
collected by filtration and the filtrate was concentrated under
reduced pressure and the resulting orange oil (130 mg) was chro-
matographed on silica gel with 20/1 hexane/EtOAc as eluent,
affording 9a (58 mg, 80%) as a yellow oil. IR (film): » = 3290, 2922,
2818, 1707, 1600, 1584, 1265, 1107, 1069, 1024, 1010, 710 cm~' 'H
NMR (300 MHz, CDCl3): 6 = 8.04 (d, 2H, J = 7.8 Hz, 2-
Hbencene + 6'Hbencene)v 754 (t, 1HJ =73 Hg, 4'Hbencene), 7.44-7.38
(m, 3H, 3-Hpencene + 5-Hbencene + 2-H), 6.98 (d, 1H, ] = 4.9 Hz, 3-H),
6.09 (dd,J = 7.7, 2.1 Hz, 1H, 6-H), 4.50 (dd, 1H, ] = 7.8, 3.1 Hz, 4-H),
3.63—3.49 (AB system, 2H, | = 17.0, 2.6 Hz, CH;), 3.62—3.48 (AB
system, 2H, ] = 17.0, 2.6 Hz, CHy), 3.20—3.12 (m, 1H, 5-HH), 2.77 (m,
1H, 5-HH), 2.23 (br s, 2H, 2 x C=CH) ppm. '*C NMR (75 MHz,
CDCl3): 6 = 166.61 (CO), 148.80 (C6a), 142.61 (C3a), 133.10 (C4),
132.86 (C2), 129.94 (C1’), 129.67 and 128.37 (C2’ + C6’and
C3" + (C5'), 122.28 (C3), 80.07 (2 x C=CH), 73.04 (C6), 72.97
(2 x C=CH), 61.32 (C4), 39.32 (2 x CHy), 38.59 (C5) ppm. EIMS: m/z
(%)=335(1)[M"],334 (1) [M —1]",296 (1) [M" — CH,C=CH], 230
(45), 215 (5), 214 (29), 213 (40), 212 (45), 200 (3), 199 (4), 198 (10),

186 (5), 176 (5), 175 (13), 174 (48), 173 (11), 148 (7), 147 (8), 139 (4),
138 (2), 137 (10), 136 (12), 135 (7), 134 (5), 123 (16), 122 (100), 121
(52), 105 (60), 92 (34), 77 (37). HRMS m/z calcd. for CyoH17NO5S,
335.0980; found, 335.0996.

Compound 9b. (=+)-trans-4-[(Diprop-2-ynyl)amino]-5,6-dihiy-
dro-4H-cyclopenta[b]thiophen-6-yl benzoate. The compound 9b
was obtained in the same way as 9a from 7b (53 mg, 0.23 mmol)
but under slightly different reaction conditions [room temperature
21 h]. The obtained residue (62 mg) was fractionated chromato-
graphically on a column of silica gel using 20/1 hexane/EtOAc as
eluent. From the non-void fractions eluted the compound 9b
(72 mg, 99%) as a yellow oil. IR (film): » = 3290, 2923, 2819, 1707,
1600, 1450, 1266, 1107, 1069, 991 cm~ L. "H NMR (300 MHz, CDCl3):
0 = 8.02—7.99 (m, 2H, 2-Hpencene + 6-Hbencene), 7.55—7.50 (m, 1H,
4-Hpencene), 742—7.38 (m, 3H, 3-Hpencene + 5-Hbencene + 2-H), 6.99
(d,1H,J=5.1 Hz, 3-H), 6.32(d,] = 6.6 Hz, 1H, 6-H), 4.75 (ddd, ] = 7.4,
4.3,1.2 Hz 1H, 4-H), 3.56—3.47 (AB system, 2H, ] = 16.8, 2.3 Hz, CH>),
3.55—-3.46 (AB system, 2H, | = 16.8, 2.4 Hz, CH,), 3.09 (ddd, 1H,
J=14.6,72,4.3 Hz, 5-HH), 2.76 (ddd, 1H, ] = 14.6, 7.2, 2.7 Hz, 5-HH),
2.25(t,2H, ] = 2.3 Hz, 2 x C=CH) ppm. 13C NMR (75 MHz, CDCl3):
0 = 166.68 (CO), 149.15 (C6a), 142.78 (C3a), 133.06 (C4pencene)s
132.75 (C2), 12995 (Clpencene)) 129.65 and 128.30
[C2bencene + C3bencene + CSbencene + CObencene], 122.29 (C3), 79.72
(2 x C=CH), 74.57 (C6), 73.10 (2 x C=CH), 62.37 (C4), 39.71 (C5),
39.34 (2 x CHy) ppm. EIMS: m/z (%) = 334 (1) [M — 1]%, 296 (1)
[M*-CH,C=CH], 230 (37), 215 (8), 214 (36), 213 (100), 212 (54), 200
(4),199 (5),198 (15),186 (6),176 (7), 175 (16), 174 (53), 173 (17), 148
(9),147 (13),139 (4), 138 (3),137 (14),136 (15), 135 (10), 134 (7),123
(15),122 (65),121 (57),105 (90), 92 (10), 78 (10), 77 (67). HRMS m/z
calcd. for Co9H17NO5S, 335.0980; found, 335.0992.

MAQO Inhibition Assay of rasagiline analogs. The potential effects
of the test drugs on hMAO activity were investigated by measuring
their effects on the production of hydrogen peroxide from p-tyra-
mine (a common substrate for both hMAO-A and hMAO-B), using
the 10-acetyl-3,7-dihydroxyphenoxazine as reagent and micro-
somal MAO isoforms prepared from insect cells (BTI-TN-5B1-4)
infected with recombinant baculovirus containing cDNA inserts for
hMAO-A or hMAO-B [36,37]. The production of H202 catalyzed by
MAQO isoforms can be detected using the previously mentioned
reagent, a nonfluorescent, highly sensitive, and stable probe that
reacts with HyO, in the presence of horseradish peroxidase to
produce a fluorescent product, resorufin. In this study, hMAO
activity was evaluated using the above method following the
general procedure described previously by us. The tested drugs
(new compounds and reference inhibitors) inhibited the control
enzymatic MAO activities and the inhibition was concentration
dependent. The corresponding ICsg values and MAO-B selectivity
ratios [IC59 (MAO-A)]/[IC50 (MAO-B)] are shown in Table 5. The
assayed compounds themselves do not react directly with the 10-
acetyl-3,7-dihydroxyphenoxazine, which indicates that these drugs
do not interfere with the measurements. In our experiments and
under our experimental conditions, hMAO-A displayed a Michaelis
constant (SEM) of 457.17 (38.62 pM) and a maximum reaction
velocity (SD) of 185.67 (12.06 nmol/min/mg protein), whereas
hMAO-B showed a SEM of 220.33 (32.80 uM and a SD of 24.32,
1.97 nmol/min/mg protein (n = 5)).

2.2.2. Experimental study Fasciola protein fingerprints

2.2.2.1. Experimental methods. Obtaining the Excretory—Secretory
Antigens (ESAs) of F. hepatica. ESAs of E. hepatica were obtained as
previously described by Mezo et al. [62]. Briefly, liver adult flukes
collected from bile ducts of naturally infected cows were washed
twice, first in sterile saline solution containing antibiotics (100 IU/
mL penicillin and 100 ug streptomycin) and glucose (2 mg/mL) at
38 °C, and then in RPMI 1640 medium, supplemented with 20 mM
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HEPES, 0.3 g/L -glutamine, 2 g/L sodium bicarbonate and antibi-
otics at 38 °C under 5% CO; in air. Flukes were then transferred to
a 75 cm? tissue culture flask (Iwaki, Sciteck Div. Asahi Techno Glass,
Funabashi City, Chiba, Japan) and mantained in culture medium
(3 mL/fluke) at 38 °C under 5% CO; in air. After 24 h of incubation,
the medium containing ESAs was removed, the protease activity
inhibited with a protease inhibitor cocktail (SigmaFAST™ Protease
Cocktail Tablet, Sigma—Aldrich, Madrid, Spain), and centrifuged at
10,000 g for 20 min at 4 °C. Then, the supernatant was passed
through a 0.45 um pore filter disc, and submitted to a process of
washing/concentration with distilled water using Microsep
Microconcentrators (3000 molecular weight cut-off; Filtron Tech-
nology Corporation, Northborough, Massachusetts) and the
concentrate dried using a vacuum concentrator (SpeedVac, Thermo
Scientific, Barcelona, Spain) and stored at 4 °C until use.

Size-Exclusion Chromatography (SEC). Samples of ESAs of
F. hepatica were dissolved in PBS at a final protein concentration of
3.5 mg/mL and fractionated by size-exclusion chromatography
using an FPLC system (AKTA Basic 10, Amersham Biosciences
Europe BmbH, Barcelona, Spain) equipped with a column of
Superdex 75 HR 10/30 column (Amersham Biosciences) as
described previously [62]. Briefly, 0.5 mL samples were eluted at
a flow rate of 0.3 mL/min and the protein concentration was
monitored at 280 nm. The molecular weight of the eluted proteins
was estimated using a mixture of proteins of known molecular
weight (Gel Filtration LMW Calibration Kit, Amersham Biosci-
ences). Finally, the protein concentration of each peak obtained was
measured by Pirogallol Red Method (Sigma) and stored in aliquots
at —80 °C until further analysis.

Polyacrylamide gel electrophoresis (SDS-PAGE). The proteins from
an aliquot of purified E hepatica ESAs corresponding to peak IV (see
Results Section), obtained as described above by exclusion chro-
matography, were resolved by SDS-PAGE under reducing condi-
tions (2.5 pg of protein per lane) using a mini-vertical gel
electrophoresis unit (Mighty Small II, Hoefer Inc., Holliston, MA).
One-dimensional electrophoresis (1DE) was performed at 200 V
constant current at 20 °C for 1 h using the Laemmli (1970) buffer
system with discontinuous slab gels made up of a 5% poly-
acrylamide stacking gel and a 10—20% linear-gradient poly-
acrylamide resolving gel, of 1 mm of thickness. 1D-SDS-PAGE
molecular weight standards (BioRad) were used to calibrate gels.

Mass Spectrometry (MS). Protein bands in the polyacrylamide
gels were stained with Imperial Protein Stain (Pierce) overnight and
the dye excess removed with distilled water. Then the selected
bands (band #2 in this study; see Results Section) were excised
using a scalpel, washed twice with water, shrunk 15 min with 100%
acetonitrile and dried in a Savant SpeedVac for 30 min. Then, the
samples were reduced with 10 mM dithioerytritol in 25 mM
ammonium bicarbonate for 30 min at 56 °C and subsequently
alkylated with 55 mM iodoacetamide in 25 mM ammonium
bicarbonate for 15 min in the dark. Finally, samples were digested
with 12.5 ng/ul sequencing grade trypsin (Roche Molecular
Biochemicals) in 25 mM ammonium bicarbonate (pH 8.5) over-
night at 37 °C. After digestion, the supernatant was collected and
1 ul was spotted onto a MALDI target plate and allowed to air-dry at
room temperature. Then, 0.4 pl of a 3 mg/mL of a-cyano-4-hydroxy-
transcinnamic acid matrix (Sigma—Aldrich) in 50% acetonitrile
were added to the dried peptide digest spots and allowed again to
air-dry at room temperature.

MALDI-TOF MS analyses were performed in a 4800 Proteomics
Analyzer MALDI-TOF/TOF mass spectrometer (Applied Biosystems,
Framingham, MA) at the Genomics and Proteomics Center, Uni-
versidad Complutense de Madrid, operated in positive reflector
mode, with an accelerating voltage of 20,000 V. All mass spectra
were calibrated internally using peptides from the auto digestion of

trypsin. The MALDI-TOF/TOF mass spectrometry analysis produces
peptide mass fingerprints. Those observed with a signal-to-noise
greater than 10 were collated and represented as a list of mono-
isotopic molecular weights. Proteins ambiguosly identified by
peptide mass fingerprints, were subjected to MS/MS sequencing
analyses using the 4800 Proteomics Analyzer (Applied Biosystems,
Framingham, MA). The suitable MS spectra precursors for MS/MS
sequencing analyses were selected, and fragmentation was carried
out using the acquisition method in the 1 kV ion reflector mode,
collision induced dissociation (CID) on, and precursor mass
window +5 Da. The plate model & default calibration were opti-
mized for the MS—MS spectra processing. For protein identification,
the non-redundant NCBI database or SwissProt was searched using
MASCOT 2.1 (matrixscience.com) through the Global Protein Server
v3.5 from Applied Biosystems. The Mascot Search Parameters were:
i) Taxonomy: metazoa (animals); ii) Database: SwissProt and
NCBInr; iii) Enzyme: Trypsin, allow up 1 missed trypsin cleavage
site; iv) Modifications: carbamidomethyl cystein as fixed modifi-
cation and oxidized methionine as variable modification; v) Peptide
mass tolerance: 50 ppm (PMF) —100 ppm (MS—MS or Combined
search); vi) Peptide charge state: +1 MS—MS; vii) Fragments
tolerance: 0.3 Da. The parameters for the combined search (Peptide
mass fingerprint and MS—MS spectra) were the same described
above. In all protein identification, the probability scores were
greater than the score fixed by MASCOT as significant with
a p-value <0.05. Protein identification by de novo sequencing from
fragmentation spectra of peptides was performed using de Novo
tool software (Applied Biosystems). Tentative sequences were
manually checked and validated, and the homology search for these
sequences was obtained using the BLAST tool at (http://www.ncbi.
nlm.nih.gov/BLAST).

3. Results
3.1. DTPs classification models and complex network assembly

LDA model. The present is the first mt-QSAR model for the
probability of binding organic compounds to very large diversity of
receptors based only on the molecular connectivity of the drug and
the protein receptor. One application for the present model is
predict the protein receptor or active place with a specific drug and
vice versa, predict drugs with theirs proteins. In both cases,
receptor susceptibility identification is imperative. Detailed infor-
mation on the compounds, predicted classification, and probability
of affinity on different receptors of the drugs used to seek the model
appears in Table 1SM of the supplementary material. Using this
model we can predict the different relationships between the
drug—protein connectivity same physicochemical property [32].
Common physicochemical properties have been demonstrated to
be useful on protein QSAR [63,64]. This work introduces for the first
time a single linear mt-QSAR equation model to classify drugs with
your respective protein receptor. The best model found was:

S(DTP) preq = —8.51-Pb; (T) +8.23-Ph4(T) +2.01-Phy(X)
+0.19-Ply(Het) +21.74-P0,(H — Het) — 20.16-P05(H — Het)
+3.78-Thy(c) + 0.51-Phy(c) + 0.34-Tho (i) + 1.25-Th5(i)
—0.45-T05(i) +1.97-T6;(m) — 4.01-T6,(m) + 3.74-T03(m)
—0.68-Th5(m) +0.19-Thy(s) — 1.05-T0,(s) — 1.99N
= 5784 y? = 2241.061 p <0.001

(4)

In this model the N is the number of cases (DTPs) used to train the
model and Chi-square (x?) is the statistic used to test the
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Table 1

Detailed list of the symbols and description for all parameters present in the model.

Molecule Symbol Atom group Descriptor name

Drug bo(T) All atoms Entropy of drug for all atoms at distance k < 2

Drug Do(T) All atoms Entropy of drug for all atoms at distance k < 4

Drug Do(x) Halogens Entropy of drug for halogens at distance k = 0

Drug Dy (Het) Heteroatoms Entropy of drug for heteroatoms at distance k = 0

Drug Dg(H — Het) Hydrogens bonded to heteroatoms Entropy of drug for hydrogens-heteroatoms and all the neighbors at distance k < 2

Drug D4(H — Het) Hydrogens bonded to heteroatoms Entropy of drug for hydrogens-heteroatoms and all the neighbors at distance k < 5
Molecule Symbol Protein region Descriptor name

Target protein Th(c) Core Entropy of all aminoacids in the core of the protein at distance k = 0

Target protein Th(c) Core Entropy of all aminoacids in the core of the protein at distance k < 5

Target protein To(i) Inner Entropy of all aminoacids placed in the inner region at distance k = 0

Target protein To(i) Inner Entropy of all aminoacids placed in the inner region and all the neighbors at distance k < 3
Target protein To(i) Inner Entropy of all aminoacids placed in the inner region and all the neighbors at distance k < 5

Target protein  T6(m) Middle
Target protein  T6(m) Middle
Target protein ~ Td(m) Middle
Target protein ~ T6(m) Middle
Target protein Th(s) Surface
Target protein Th(s) Surface

Entropy of all aminoacids placed in the middle region and all the neighbors at distance k < 1
Entropy of all aminoacids placed in the middle region and all the neighbors at distance k < 2
Entropy of all aminoacids placed in the middle region and all the neighbors at distance k < 3
Entropy of all aminoacids placed in the middle region and all the neighbors at distance k < 5
Entropy of all aminoacids placed in the surface region at distance k = 0

Entropy of all aminoacids placed in the surface region and all the neighbors at distance k < 2

significance of DTPs/nDTP discrimination with p < 0.001 (level of
error). Significant entropy parameters were calculated for the
totality (T) of the atoms in the molecule or for specific collections of
atoms. These collections are atoms with a common characteristic as
for instance are: halogens (X), heteroatom (Het), hydrogen atom
bonded to one heteroatom (H-Het) or protein region (protein
region). In Table 1 we report a detailed list of the symbols and
description for all parameters present in the model.

This model, with 18 variables, classifies correctly 597 out of 678
DTPs (Sensitivity of 88.05%) and 2878 out of 3234 nDTP (Drug—Pro-
tein Pair for compounds with low connectivity) (Specificity of 89%).
Overall training Accuracy was 88.83%. The validation of the model
was carried out by means of external predicting series. The model
classifies correctly 298 out of 338 DTPs (88.17%) and 1359 out of 1534
nDTPs (88.59%) in validation series. Accuracy for validation series
(predictability) was 88.51% (1399 out of 1872 DTPs). These results
(Table 2) indicate that we developed an accurate model according to
previous reports on the use of LDA in QSAR [65,66].

ANN models. The present model shows good results with
a relatively small number of parameters (18 parameters) and
a linear equation. To show how important is this result, we
compared the present model with other models used to address the
same problem. We processed our data with different Artificial
Neural Networks (ANNs) looking for a better model. Four types of
ANNs were used, namely, Probabilistic Neural Network (PNN),
Radial Basic Function (RBF), Three Layers Perceptron (MLP-3), and
Four Layer Perceptron (MLP-4). The Fig. 3 depicts the networks
maps for some of the ANN models tested. In general, at least one
ANN of every type tested was statically significant. However, one
must note that the profiles of each network indicate that these are
highly nonlinear and complicated models.

One network found was MLP and it showed training perfor-
mance higher than 92%. We compare different types of networks to
obtain a better model; Table 2 shows the classification matrix of the
different networks. Was taken as the main network (MLP
32:32—15—1:1) because it presents a wider range of variables,
presents 32 inputs in the first layer and 32 neurons in second layer,
two sets of cases (Training and Validation). Another tested
networks found were MLP 39:39—20—21-1:1, RBF 1:1-1-1:1
presents the same type of variables; Linear 64:64—1:1 present
many variables and PNN 65:65—3912—2—-2:1 has a very low
percentage of DTPs leading to possible errors in the model although
your accuracy is very well, see Table 2. We depict the ROC-curve for
MLP 32:32—15—1:1 to show how reliable was the network model
developed, see Fig. 4. Notably, almost the model presented was

under curve higher than 0.5. The model presented an area greater
than 0.97. The vitality of this type of procedures developing ANN-
QSAR models has been demonstrated before; see, for instance, the
works of Fernandez and Caballero [67,68]. The same is true about
the other kinds of ANNs tested.

Complex networks assembly. Two possible applications for the
present model are the bio-molecular screening of drug affinity to
different proteins and the construction of multi-protein affinity
profile networks for drugs. In order to recall the capacity of the mt-
QSAR to predict new CNs we selected a database of recently assayed
drugs with their respectively Proteins. With these goals in mind, we
constructed first a new observed Drug—Protein (DP) DP-CN,
obtaining a CN with 855 vertices and 1016 DP (edges) an average
distance equal to 6.66. The same as before, we constructed a new
predicted DP-CN obtaining an average distance equal to 5.47 and
1298 DP (edges) see Fig. 6. In this, we illustrate visually both
observed DP-CN and predicted DP-CN. The numeric labels of the
nodes identify the different inputs (DRPs) used in the analysis.

In Table 3 we show the results of calculating the functions of
normal and exponential distribution for proteins and drugs
observed and predicted presented in dataset. It is seen in that the
protein has a difference (d) biggest on normal function to the

Table 2
Comparison of LDA and different ANNs classification models.

Model profile Class Train Stat. Par. Validation
DTPs nDTPs % % DTPs nDTPs

LDA DTPs 2878 356 89.0 Sn 88.6 1359 175

17:17-1:1 nDTPs 81 597 88.1 Sp 88.2 40 298
Total 88.8 Ac 88.5

LNN DTPs 606 72 89.4 Sn 88.5 299 39

64:64—1:1 nDTPs 359 2875 889 Sp 874 193 1341
Total 89 Ac 87.6

PNN DTPs 26 652 38 Sn 36 12 326

65:65—3912—2—-2:1 nDTPs 0 3234 100 Sp 100 0 1534
Total 83.3 Ac 82.6

MLP DTPs 602 76 88.8 Sn 88.8 300 38

39:39-20-21-1:1 nDTPs 354 2880 89.1 Sp 88.9 171 1363
Total 89 Ac 88.8

RBF DTPs 369 309 544 Sn 524 177 161

1:1-1-1:1 nDTPs 1502 1732 53.6 Sp 52.6 727 807
Total 53.7 Ac 52.6

MLP DTPs 623 55 91.9 Sn 92.6 313 25

MLP 32:32—15—1:1 nDTPs 239 2995 92.6 Sp 92.0 123 1411
Total 92,5 Ac 92.1

DTPs: Drug-target pairs for compounds with high affinity; nDTPs: Drug-target pair
for compounds with non-affinity.
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LINEAR MLP

Fig. 3. Topology of some ANN models trained in this work.

exponential function, so that we can conclude that our CN tends to a normal distribution, while proteins follow an exponential
be an exponential distribution. To illustrate these results a node distribution.
degree distribution for both observed and predicted DPs were In Table 4 we show the results of closeness centrality and the

performed, see Fig. 7. In this figure we can see that the drugs follow number of node degree for proteins and drugs used in the database.

1.1

10

09

08

07 f

0.6

05

1-Specificity

04

03

02

01t

0.0

0.0 01 02 0.3 0.4 05 0.6 07 08 09 1.0
Sensitivity

Fig. 4. ROC curve for classifier.
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Centrality closeness measures how many steps are required to
access every other given vertex from a vertex. An interesting result
that can be seen in the table is the protein with a closeness THOF
equal to 20 and a higher degree node equal to 51. This means that
many drugs in the CN have interaction and the node degree is high,
but these drugs are selective for this protein and that within the CN
have the lowest closeness. This is a very interesting result; the

protein 1THOF is a G protein [69]. G proteins are important signal
transducing molecules in cells. In fact, diseases such as diabetes,
blindness, allergies, depression, cardiovascular defects, and certain
forms of cancer, among other pathologies, are thought to arise due
to derangement of G protein signaling [70,71]. The drugs that
interact with THOF can be, in according to these results can be more
selective for a particular disease and cause fewer adverse reactions
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Fig. 5. Synthesis of rasagiline derivates obtained in this work.
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Fig. 6. Observed vs. predicted drug-target complex networks.



E Prado-Prado et al. / European Journal of Medicinal Chemistry 46 (2011) 1074—1094

against illness before descript. On the contrary this protein 1A8M
closeness to present a very low node degree with a low closeness,
which means that drugs that interact with 1A8M interacts with
other proteins and which mean the drugs that interact with 1A8M
are not selective, in this case there are a variety of drugs that can
interact with protein see Table 4.

In the case of drugs as an example is the Moexipril. This drug is
a ACE inhibitor that can be for the treatment of hypertension [72].
Moexipril presents a low closeness equal to 29 with a high node
degree 37, this means that the drug is selective for proteins to
which is connected to the CN. These results are consistent with the
literature [72—74]; Moexipril is a long-acting, non-sulfhydryl
angiotensine-converting enzyme inhibitor (ACE). On the other
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Table 3
Study of network distribution functions.
Sub-network Network Distribution d p Fit Best fit
Proteins Observed Normal 0.46 0.01 No No
Exponential 0.30 0.01 No Yes
Predicted Normal 039 0.01 No No
Exponential 0.27 0.01 No Yes
Drugs Observed Normal 0.35 0.01 No Yes
Exponential 0.40 0.01 No No
Predicted Normal 0.34 0.01 No Yes
Exponential 0.40 0.01 No No
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Fig. 7. Distribution functions for complex networks sub-sets.
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hand Acetazolamide, that is a carbonic anhydrase inhibitor that is
used to treat glaucoma, epileptic seizures, benign intracranial
hypertension (pseudotumor cerebri), altitude sickness, cystinuria,
and dural ectasia [75,76], acetozolamide submit a node degree
equal = 5 with a closeness = 22, which indicates that this drug
interacts with five proteins these proteins only interact with
Acetazolamide; there are specific to this drug.

3.2. lllustrative experiments

3.2.1. Study of rasagiline analogs (experiment 1)

Synthesis, characterization, and assay. The preparation of (4-)-cis-
and trans-amino alcohols 5a,5b and their N-propargyl derivatives
6a,6b and N,N-dipropargyl derivatives 7a,7b has been reported see
Fig. 5. In short, the amino alcohols 5a,5b were prepared from the
2,2,2-trifluoro-N-(6-0x0-5,6-dihydro-4H-cyclopenta[b|thiophen-
4-yl)acetamide, 3 that were synthesized by intramolecular cycli-
zation of 3-amino-3-(thiophen-3-yl)propanoic acid, 2 following
previously described pathways [77]; thus the B-aminoacid 2 were
obtained by treatment of thiophen-3-carbaldehide with ammo-
nium acetate and malonic acid in refluxing ethanol [78]. The
treatment of the carboxylic acid 2 with a mixture of boiling tri-
fluoroacetic acid and anhydride gave in one step the oxotri-
fluoroacetamide derivative 3, whose melting point and
spectrophotometry infrared has concordat with the literature
[77,79]. The reaction of the oxoamide 3 with NaBH4 in MeOH during
4 days at room temperature (molar ratio 3/NaBHg4, 1/5) [80,81]
produced, after chromatographic purification, an 86% yield of
a mixture of cis/trans-5a/5b epimers, however attempts of sepa-
ration of the mixture were unsuccessful, leading only to partial
resolution of epimers. Alternatively, the compound 3 were con-
verted to the mixture of cis/trans-4a/4b epimers (83% yield) by
treatment with NaBH4 in methanol during 10 min at room
temperature (molar ratio 3/NaBHy, 1/2) and the subsequent reso-
lution of those by flash column chromatography was efficient
(4a:32%, 4b:31%), so the needed separation of the corresponding
isomers was performed at this stage of the synthetic route. The
trifluoroacetamides hydrolysis of these compounds with K,CO3 in
MeOH/H,0 gave the corresponding amino alcohols 5a and 5b with
yields of the 99% and 75% respectively. Propargylation of these
compounds with propargyl bromide and K,COs in acetonitrile [82]
afforded the corresponding mixtures cis and trans of mono- and
dipropargyl derivatives 6a/7a and 6b/7b. Subsequent
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chromatography achieving clean separation of these mixtures: 6a
(24%) and 7a (36%), and 6b (13%) and 7b (753%). Finally the
compounds 7a and 7b were converted in goods yields, to the cor-
responding acetyl esters 8a and 8b, and benzoyl esters 9a and 9b,
treatment with acetic anhydride in EtsN [83] and with benzoyl
chloride in Et3N and acetonitrile [84] respectively.

Prediction of rasagiline analogs vs. MAO proteins. In this in silico
experiment we used the 3D structure MAO-A and B proteins with
PDB ID 275X and 2VZ2 and the model MLP 32:32—-15—1:1 to
predict the scores. We also generated the SMILE codes for these
compounds and predicted their propensity to form DTPs with
MAO-A and MAO-B using the model. In Table 5 we confront the
results obtained using this model and the outcomes of the phar-
macological assay. The compound Rasagiline a known selective
inhibitor for MAO-B was used as control. We consider the observed
class for active compounds OC = 1 if compound IC59 < 50 pM this
cut-off is in the similar range than other used in previous works
[36,37]. As we can see in this table the only one active compound in
the pharmacological assay (OC = 1) was compound 8b predicted
also as active with PC = 1 and high score S(DTP)preq = 0.64. Two
other compounds (5b and 6b) that are inactive (both as MAO A and
MAO B inhibitors) in pharmacological assays (OC = 0) were also
predicted as inactive against MAO A (PC = 0) but predicted as active
for MAO B (PC = 1). In this case the model fails, however the
prediction have a very low activity scores S(DTP)preq = 0.15.

Prediction of rasagiline analogs vs. US FDA drug-target proteins. An
additional use of the model was to predict the activity of the new
compounds with respect to all other targets previously approved by
US FDA [85]. At the same time we can use this model to predict the
selectivity of the new rasagiline derivative 8a as MAO B inhibitor
with respect to all FDA drugs targets and predict possible toxico-
logical effects depending on the other targets predicted for these
compounds. This type of experiment is of the major importance
due to the cost in terms of animal sacrifice, time, materials and
human resources of the experimental assay of all compounds
against all these targets, see recent reviews by Duardo-Sanchez
et al. [86—89]. In fact, over a decade, the US FDA has been engaged
in the applied research, development, and evaluation of computa-
tional toxicology methods used to support the safety evaluation of
a diverse set of regulated products. The basis for evaluating
computational toxicology methods is multi-factorial, including the
potential for increased efficiency, reduction in the numbers of
animals used, lower costs, and the need to explore emerging

Table 4
Results of node degree and closeness centrality for top-20 proteins and drugs.

Rank PDB Function Cdeg Celo Drugs Activity Cdeg Celo

1 1HOF o-2A adrenergic receptor 51 20.3 Moexipril ACE inhibitor 37 294
2 1BNA DNA 49 33.49 Sertraline SSRI class 18 34.5
3 1HA2 Serum albumin 47 35.29 Levamisole Anthelminthic 16 271
4 1QYX Estradiol 17-p-dehydrogenase 1 31 27.89 Adenine Biochemistry metabolism 15 27.6
5 1UW]J B-Raf proto-oncogene 22 26.64 Digoxin Atrial fibrilation 15 323
6 1EMI 23S rRNA 20 23.67 Atorvastatin Inhibitor of HMG-coa reductase 11 31.6
7 1CZM Carbonic anhydrase 1 19 26.77 Pyrazinamide FAS inhibitor 10 249
8 1MLD Malate dehydrogenase 18 31.47 ADP AMP/IMP catalysis 8 27.9
9 1P49 Steryl-sulfatase 16 26.98 Mibefradil Ca?* channel blocker 8 273
10 1BYW K* voltage-gated H member 2 15 27.62 Alitretinoin Antineoplasic 7 219
11 1T40 Aldose reductase 15 25.2 L-Aspartic acid Stimulates NMDA receptors 7 239
12 1F8U Acetylcholinesterase 14 23.33 Megestrol Antineoplasic 7 254
13 1IN7D Low-density lipoprotein receptor 14 227 Vinblastine Antineoplasic 7 218
14 1SLM Stromelysin-1 13 21.1 Acitretin Psoriasis inhibitor 6 29.5
15 1EXX v-1 Retinoic acid receptor 12 25.5 Etorphine Analgesic 6 219
16 1E3G Androgen receptor 11 273 Halofantrine Antimalaria 6 31.2
17 1VJB Estrogen-related receptor y 11 234 L-Arginine Vasodilatation 6 203
18 1Z8L Glutamate carboxypeptidase 2 11 24.7 L-Ornithine Catalyst 6 253
19 1A8M Tumor necrosis factor 10 30.9 Acetazolamide Carbonic anhydrase inhibitor 5 22.8
20 10CZ Cytochrome c oxidase subunit 1 10 26 Adapalene Anti-acne 5 219
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Table 5
Prediction of rasagiline analogues with the new model.
MAO-B Compound MAO-A
Drug? | (O oC PC S(DTP)pred Structure ICso oC PC S(DTP)pred
NH,
5a >100 0 0 0.70 @ >100 0 0 0.97
S OH
NH,
5b >100 0 1 0.15 K—Q >100 0 0 0.88
S OH
\///
HN
6a >100 0 0 0.70 FQ >100 0 0 0.97
S OH
HN\/
6b >100 0 1 0.15 / \ >100 0 0 0.88
S ‘OH
\N 4
7a >100 0 0 0.94 (ﬁ >100 0 0 0.99
S OH
V%
\N\//
7b >100 0 0 0.94 / \ >100 0 0 0.99
S “oH
\N 4
8a >100 0 0 0.92 @ >100 0 0 0.98
S OAc
\N\//
8b 46.25 1 1 0.64 >100 0 0 0.96
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Table 5 (continued ).

MAO-B Compound MAO-A
Drug? ICs0° ocC PC S(DTP)pred Structure ICso ocC PC S(DTP)pred
\/N
9a >100 0 0 0.94 / \ >100 0 0 0.99
V%
\N 7
9b >100 0 0 0.92 / \ >100 0 0 0.98
S ,/OBZ
Rasagiline 0.412 + 0.04 1 1 0.14 \/// 0.0443 + 0.009 1 0 0.87
HN

¢ Rasagiline was used as positive control.
b

>100 = compound inactive at 100 pM (highest concentration tested), OC = observed class and PC = Predicted class, OC = 1 if compound ICs¢ < 50 uM and PC = 1 if the DTP

probability predicted for pair drug-MAO-i enzyme p(MAO-i) > 0.5 (2Z5X and 2VZ2 are PDB ID of MAO-A and B used to predict p-values).

technologies that support the goals of the US FDA’s Critical Path
Initiative (e.g. to make decision support information available early
in the drug review process). The US FDA’s efforts have been facili-
tated by agency-approved data-sharing agreements between
government and commercial software developers [90].

For this we used the model to calculate DTPs scores for our
compounds (rasagiline derivatives) vs. FDA approved targets. We
depict in Table 4SM, all proteins in FDA dataset predicted vs. the 10
rasagiline derivatives. We found that overall the 10 derivatives
were predicted negative against almost all proteins in the FDA
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Fig. 9. ESAs of E hepatica: (A) Size-exclusion chromatogram obtained by FPLC separation of ESAs from F. hepatica. The arrow indicates peak number IV of the chromatogram
according to Mezo et al. [62]; (B) SDS-PAGE analysis of proteins contained in peak number IV (Lane b). The proteins present in band 2 were analyzed by MS and MS/MS spec-
trometry. The relative molecular masses of standard markers (lane a) from top to bottom were: 170, 130, 95, 72, 55, 43, 34, 26, 17 and 10 kDa.

rasagiline target [94,95]. These results are satisfactory because they
agree with the experimental results presented in this paper where
the compound 8b show MAO-B activity. The use of such complex
networks can help us find and predict new drugs—protein inter-
actions, and therefore find new drugs with improved biological
activity and fewer side effects, especially in parasite disease.

3.2.2. Study of peptidome for Fasciola hemoglobin protein
(experiment 2)

SEC, 1DE, PMF and MS|MS study of peptides found on Fasciola
hemoglobin (fHb). In this section we present an example of the
practical use of the QSAR model to predict enzyme scores for
peptides found in the PMF and MS/MS study of a new query protein.
We illustrate an overall view of SEC and 1D electrophoresis study of
F. hepatica proteome carried out in this work, see Fig. 9. In this figure,
we label the bands obtained after 1DE including band number 2.

Table 6

Some illustrative scores obtained in experiments 1 and 2.
Prediction of rasagiline analogues (experiment 1) Targets®
Drugs codes PDB PC Score
8b 2VZ2 1 0.64 MAO-B
8b 1SD2 1 0.74 MTA phosphorylase
5a 1E18 0 1.00
5b 1E18 0 0.93
9a 1A8M 0 1.00
9b 1A8M 0 1.00
5a 1AGS 0 1.00
9b 1BWC 0 1.00
5a 1BXS 0 1.00
7b 1D3H 0 1.00
Prediction of peptides (experiment 2) fHbP
Drugs name Peptide PC Score
Amphetamine pl 1 0.82 Yes
Aprotinin p6 1 0.81 Yes
Cisplatin pl6 1 0.78 Yes
Debrisoquin pl4 1 0.57
Hexachlorophene p5 1 0.83
Pentamidine p22 1 0.58
Phentermine p29 1 0.89
Propofol p20 1 0.58
Rasagiline p5 1 0.55

2 We give only the function of positive targets.
b fHb = yes means that peptide may be present in hemoglobin of F. hepatica (fHb).

The selected band (band number 2 in this study) was excised
and the peptides were analyzed by MALDI-TOF MS and MS/MS.
Once we obtained the data from MALDI-TOF MS analysis of the
query band, the most relevant MS signals were introduced into the
MASCOT search engine [91,92]. We obtained 20 hits (template
proteins) for this protein with MASCOT scores (M) higher than 81
(p < 0.05), the threshold value for significant match, see Table 7. The
maximum scores obtained were 286 and 283, which corresponded
to proteins gi|196049684 (16 550 Da) and gi|159461074 (16 681 Da)
of E hepatica, both are fHb proteins annotated as: Fasciola Chain
A hemoglobin (Hb2) and Fasciola hemoglobin F2, respectively.

We provide in Table 8, detailed information on the results of the
MS and MASCOT search engine for band number 2. This table
includes the 9 most interesting peptides matching with the fHb
sequence. We found an excellent match between the mass of the
peptide detected and the mass of the template peptide recorded in
MASCOT database with known sequence for all these peptides.
After that, we decided to investigate the structure—function rela-
tionships for all sequences of the 9 fHb peptides found on the PMF

Table 7
Top-20 template proteins in E hepatica found by MASCOT search.

Protein Accession Score Function

1 gi|196049684 16,550 286  Chain A, hemoglobin (Hb2)
Fasciola hepatica

2 gi|159461074 16,681 283  Hemoglobin F2 Fasciola hepatica

3 gi]47116941 14,671 79  Fatty acid-binding protein type 3

4 gi1209964147 20742 69  p,p-heptose 1,7-bisphosphate
phosphatase 1

5 gi|73539911 69,948 68  Thiamine biosynthesis protein thic

6 gi|53713210 34,431 64  Putative transcription regulator

7 gi|162149431 56,150 64  Hypothetical protein GDI3669

8 gi|156844632 52,531 62  Hypothetical protein Kpol-1058p57

9 gi|51245092 32,033 61 Cysteine synthase A

10 gi|188590974 69,946 60  Thiamin biosynthesis protein

11 gi|164428423 274,657 60  Hypothetical protein NCU00551

12 gi|58268372 88,612 60  Myosin heavy chain

13 gi|114800067 52,676 60  Hypothetical protein HNE_2630

14 gi|37522203 19,619 59  Hypothetical protein gll2634

15 8146203356 41,788 59  COGO0673 dehydrogenases

16 gi|3913328 59,940 59  Cytochrome P450 52A10

17 gi|146278964 46,771 59  Peptidase M16 domain-containing
protein

18 gi|6679022 38,881 59  Neutrophil cytosolic factor 4

19 gi|189184533 29,079 58  Hypothetical protein OTT_1626

20 gi|148284486 29,137 58  Competence protein F
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Table 8 Table 9
MASCOT study of hemoglobin peptidome in Fasciola hepatica. MM/MD study of hemoglobin peptidome in Fasciola hepatica.
Pept Sequences fHb* Observed Mr(expt) Mr(calc) Delta Input MM/MD
pl  kaasnpsvleeri Yes 117259 1171.58 1171.58 —0.002 Pept. sequences fHb? ACCR EPOT DEPOT
p2 kaasnpsv]eenvqgakd Yes 1768.80 1767.79 1767.95 -0.1577 = Kaasnpsvieeri Yes 062 3249 26.01
p3  karpvtkdqftgaapifikf Yes 1960.03 1959.02 1959.09 -0.0745 .
p2 kaasnpsvleerivqgakd Yes 0.60 -237.99 35.00
p4  kavnnyhkv 944.58 943.58 94349  0.0883 )
p3 karpvtkdqftgaapifikf Yes 0.47 288.65 61.95
p5  kcpentthvvre 121256 121156 1211.57 -0.0154
. p4 kavnnyhkv 0.47 24.38 34.27
p6  kdnvggsegiry Yes 1074.56 1073.55 1073.51 0.0414 5 Kkepentthvvre 067 1815 2415
p7  kdqftgaapifikf Yes 1307.68 1306.68 1306.69 —0.0168 p e K d‘r’w i v 065 2693 2192
p8  kdsdskisqugke 123456 123356 123362 -0.0631 P sqsesiry es . - :
p7 kdqftgaapifikf Yes 0.63 55.90 2743
p9  kffqgllkkq Yes 980.60 979.60 979.59 0.0119 s Kdsdskisqvake 061 152.86 36.88
p10  kfllhvmgaiaakm Yes 150470 1503.70 1503.79 —0.0967 p ava - g -
. P9 kffqgllkkq Yes 0.63 56.88 34.29
p11 kiaahaadlakg 980.60 979.60 979.55 0.0523 .
. p10 kfllhvmgaiaakm Yes 0.62 -118.13 25.75
p12  kiahfcsmcgpkf 1307.65 1306.64 1306.56 0.0778 .
pl1 kiaahaadlakg 0.65 —34.73 15.87
p13  klegsenmdavlqkl 1504.70 1503.70 1503.72 -0.0264 .
. . p12 kiahfcsmcgpkf 0.61 -139.91 23.68
pl4 Kklitsskpeitftlegnkm 187792 187691 1877.01 -0.0996
p13 kleqsenmdavlgkl 0.62 —-130.95 25.73
p15 Kklindhgyfvfvvtngsgvarg 2236.24 223523 2235.14 0.0853 . X
h pl4 Kklitsskpeitftlegnkm 0.64 -5.93 33.40
p16 Kklggltkdnvgqsegiry Yes 1714.81 1713.80 1713.90 -0.099 15 Kiindhevfvfuve 0.64 69.69 3024
p17 kmiatvtvgdvka Yes 113361 113260 1132.62 —0.0113 Sp A AR 0.60 20386 2648
p18 kmiatvtvgdvkavnnyhkv 1960.03 1959.02 1959.02 —0.0051 p <lagitkanveqsegiry es : ; -
X p17 kmiatvtvgdvka Yes 0.63 49.97 19.80
p19 ktlfaahpeyisyfskl 1773.79 1772.78 1772.88 —0.0987 18 Kkmiatvtvedvkavanvhky 064 36.49 2413
p20  kttvisftfgeefkeetadgrt 226407 226306 2263.06 —0.0009 P &d Y : - :
p19 ktlfaahpeyisyfskl 0.66 —66.69 25.78
p21 kwclahhke 951.55 950.54 50.45 0.0886 .
p20 kttvisftfgeefkeetadgrt 0.64 19.60 35.22
p22 rcrkpepgmlldlcdrw 1859.90 185890 1858.89 0.0125
p21 kwclahhke 0.62 —145.51 38.69
p23 rdawrgaafldrd 1277.61 1276.61 1276.63 -0.0246
p22 rcrkpepgmlldlcdrw 0.65 —55.35 19.04
p24 kwclahhke 111461 1113.61 111358 0.0278
. p23 rdawrgaafldrd 0.63 —38.58 35.68
p25 rdlqaaeaagirg 111461 1113.605 1113.57 0.0278
X p24 kwclahhke 0.64 —133.69 37.46
p26 rgaafldrdgvinidhgyvhrr 2225.17 222416 2224.11 0.0456 .
p25 rdlqaaeaagirg 0.62 —209.57 33.44
p27 rghlftggdlsefvgallar 1960.03 1959.02 1959.02 -0.0017 .
. N p26 rgaafldrdgvinidhgyvhrr 0.63 76.47 18.94
p28 rklitsskpeitftlegnkm 2006.10 2005.10 2005.11 -0.0135
p27 rghlftggdlsefvgallar 0.60 —208.79 28.09
p29 rkpepgmlldlcdrwpvdr 2196.99 219599 2196.08 —0.0965 . N
30  rredvewiqgaitavkl 171481 171380 171390 —0.103 p28  rklitsskpeitftlegnkm 064 16813 3440
P a8 i . ' i p29 rkpepgmlldlcdrwpvdr 0.59 -362.27 25.37
2 fHb = yes means that peptide may be present in hemoglobin of . hepatica (fHb). p30 rredvewiqgaitavkl 0.60 —253.95 22.92

of the new protein and other peptides reported by MASCOT as well
(30 peptides in total).

MM/MC study of peptides found on new protein PMF. Our main
interest on the study of the peptides in the PMF of the new

unknown proteins is to find which of them make a positive

2 fHb = yes means that peptide may be present in hemoglobin of F. hepatica (fHb).

contribution to the ligand interaction. This may allow us to select
peptides for drug design and/or obtain information for drug-target
discovery. We therefore have to calculate the 6y for all peptides and
substitute these values in the QSAR model to predict ligand
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interaction score for one ligand (levulinic acid). For this, we first
need the 3D structures of the peptides in order to calculate the 6
values. For this study we used the same 30 peptides found by PMF
of the new protein (9 peptides from fHb and the rest from other
proteins). Unfortunately, we only have the sequences of the
peptides but not the 3D structures. We therefore first obtained the
optimal 3D folded structures by use of an MM geometry optimi-
zation for the 30 peptides (see Fig. 2). We complemented the MM
by MC search in order to explore alternative geometrical structures
for the peptides. We summarized the results of MC simulation of
these peptides in Table 9. In this table we reported the initial energy
(Eg) based on the starting structure constructed with standard
parameters for o-helixes (bond distances, angles, and dihedral
angles) set as default on the sequence editor of Hyperchem [59,60].
We also reported the (E;) obtained after optimization of the
structure with AMBER force field obtained by MC method using
1000 steps for 30 peptides. Lastly, we report the ACCR values for the
MDT of the 30 peptides in Table 9. In the MD study most researchers
tend to try for an average ACCR value around 0.5; smaller values
may be appropriate when longer runs are acceptable and more
extensive sampling is necessary. In the present study all the ACCR
values were between 0.47 and 0.66 because MC simulation has
been realized by 1000 steps; in consequence, we can accept the MD
results as valid [59,60].

Assemble of drug-target binding site network. We use our best
model to predict whether the FDA drugs used in the database have
interaction or affinity with the 30 peptides, but we put special
interest on the 9 peptides from fHb. The reason for this interest in
fHb peptides is due to the work of Dewilde et al. [93]; which
described for the first time fHb, a potential immunogen, in the
search for an effective vaccine. Here mt-QSAR models in combi-
nation with complex networks may be helpful to predict possible
drugs that interact with fHb effectively with fewer adverse reac-
tions. In this sense, we assembled drug-target binding site network
with the predicted probabilities of binding of organic compounds
to 30 peptides of different proteins found with MASCOT (including
9 peptides of fHb). In so doing, we used the MARCH-INSIDE 2.0
software to calculate the 6, values for the 30 peptides. We
substituted these values in the model and predicted the probability
with the 30 peptides interact with FDA drugs. In bottom of Table 6
(experiment 2), we show some results used to assemble the drug-
target binding site network. We constructed a new observed
Drug—Protein DP-CN, obtaining a CN with 70 vertices (peptides or
drugs) and 321 DP (edges, peptide—drug pairs) see Fig. 10.

4. Conclusions

Combining entropy parameters, calculated with MARCH-INSIDE
approach to codify information of drug and target structure, and
ANNs is possible to seek one mt-QSAR classifier to predict the
probability of drugs to bind more than 500 different drug-target
proteins approved by FDA of USA with Accuracy >90%. This ANN
classifier is useful to carry out Data Mining of PDB in order to
discovery new drug targets for any drug. We can also predict the
interactions with specific drugs of peptides or protein 3D structures
generated by MM/MD modeling.
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