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Abstract: A lot of research initiatives in the last decades
have been focused on the search of new strategies to treat
depression. However, despite the availability of various
antidepressants, current treatment is still far from ideal.
Unwanted side effects, modest response rates and the slow
onset of action are the main shortcomings. As a strategy to
improve symptomatic relief and response rates, the dual
modulation of the serotonin transporter and the histamine
H3 receptor by a single chemical entity has been proposed
in the literature. Accordingly, this work aims to elucidate
key structural features responsible for the dual inhibitory

activity of the hexahydro-pyrrolo-isoquinoline derivatives.
For this purpose, two approaches were employed, four-
dimensional quantitative structure-activity relationship (4D-
QSAR) and molecular docking. The 4D-QSAR models for
both receptors allowed the identification of the pharmaco-
phore groups critical for the modelled biological activity,
whereas the binding mode of this class of compounds to
the human serotonin transporter was assessed by molecular
docking. The findings can be applicable to design new
antidepressants.
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1 Introduction

Depression is a disabling psychological disorder affecting
millions of people worldwide.[1] Low self-esteem, feelings of
worthlessness, sadness, loss of interest or pleasure and
suicidal thoughts are common depressive symptoms. How-
ever, despite the availability of various antidepressants and
therapies, the biological mechanism underpinning depres-
sion remains unclear and the efficacy of the current
treatment is still a concern.[2,3]

Drug development efforts have mostly been based on
the monoamine hypothesis of depression, which states that
depressive symptoms are attributed to low levels of
monoamine neurotransmitters, specially serotonin and
noradrenaline.[4] Currently, the first line antidepressants
employed in the treatment of depression are the selective
serotonin reuptake inhibitors (SSRIs). The SSRIs increase
synaptic levels of serotonin by inhibiting its reuptake into
the presynaptic cell. These compounds selectively target
the serotonin transporter (SERT), and have an attenuated
side-effect profile and similar efficacy in comparison with
older antidepressants.[3,4] Nevertheless, these agents are not
without shortcomings. Available antidepressants have mod-
est response rates and have also been associated with a
slow onset of action, i. e., it requires several weeks for
clinical improvement be observed. Furthermore, they have
still been related to some unwanted side effects. All these
factors underscore the need for the design of novel
antidepressants and strategies for the treatment of
depression.[3–5]

One approach used to improve the relief of some
depressive symptoms, such as fatigue and cognitive impair-

ment, in the initial period of treatment is the co-prescription
of SSRIs with stimulants. Stimulants would provide sympto-
matic relief before the clinical improvement provided by
antidepressants is observed, they could also assist those
patients that present only a partial response to SSRIs.
Histamine H3 receptor antagonists have shown to improve
cognition and wakefulness in animal models, without
showing nonspecific stimulant effects.[6–8] Therefore, the
dual inhibition of SERT and H3 receptor by a single chemical
entity is an interesting alternative for the treatment of
depression. In this sense, Apodaca and colleagues (2012)
developed a series of hexahydro-pyrrolo-isoquinoline com-
pounds (Figure 1), which are modulators of SERT/H3

receptor, i. e., they work as potential antidepressant
candidates.[9]

The use of computer-aided or in silico approaches has
become a common practice in the design and optimization
of novel chemical entities in the last decades. Many
research groups as well as pharmaceutical companies have
adopted these methods to complement experimental
routines, because they contribute on the minimization of
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time and costs required for chemical synthesis and bio-
logical evaluation.[10,11]

Quantitative Structure-Activity Relationship (QSAR) is an
example of an in silico method that has been widely
employed in the drug development process in the recent
times.[12–14] This method is based on the premise that
chemical structural differences in a set of compounds are
closely associated with corresponding bioactivity differ-
ences. QSARs correlate chemical structures (encoded within
molecular descriptors) to biological activities through
mathematical models, which can then be applied to predict
the activity of untested compounds.[12,15] There are several
QSARs approaches, which include various molecular de-
scriptors and modelling tools.[16–18] Among them, the 4D-
QSAR formalism incorporates the conformational ensemble
of the ligands into the model development. The molecular
descriptors correspond to the grid cell occupancy measures
of each pharmacophore interaction element, which allows a
straightforward interpretation of how the individual parts of
the compounds contribute to the observed activity. Then,
based on this information, structural modifications can be
proposed to further improve their performance.[19,20]

Therefore, this work aims to develop a quantitative
relationship analysis between the structure of hexahydro-
pyrrolo-isoquinoline derivatives and their inhibitory activity
(expressed in terms of the inhibitory constant pKI) to SERT
and H3 receptor, in order to identify important structural
characteristics for the biological activity of these com-
pounds. Finally, the most active compound was docked
inside the binding pocket of human serotonin transporter
(hSERT), recently deposited in the Protein Data Base
(PDB),[21] to provide insight on key amino acids residues and
intermolecular interactions.

2 Computational Methods

2.1 Biological Data

The dataset was comprised of hexahydro-pyrrolo-isoquino-
line derivatives (Figure 1),[9] 108 of which possess H3

receptor inhibitory activity and 43 SERT inhibitory activity,
respectively. The structures and inhibitory constants, in
terms of pKI (� log KI), are given in Electronic Supporting
Information (ESI, Table S1). It is worth to mention that all
data were extracted from the same source in the literature.

In addition, since the biological tests were performed at
physiological pH, the piperidine moiety of the compounds
was considered in its protonated state. Such ionic inter-
action appears be relevant in the binding of compounds to
SERT[21,22] as well as to H3 receptor.

[23–25]

2.2 4D-QSAR Methodology

Statistical correlation between the structure and activity for
the hexahydro-pyrrolo-isoquinoline derivatives was estab-
lished in light of the receptor independent 4D-QSAR
formalism,[20] which involves the following steps.

2.3 Training and Test Sets

First of all, the dataset was split into two groups: the
training set, used to build the QSAR models, and the test
set, used to externally validate the models. There are several
methods that can be employed for the test set selection.[26]

In this work, three test sets were evaluated for each QSAR
model, all set containing about 20% of the total number of
compounds.[14] The selection was made through random
splitting, Kennard-Stone sampling and cluster analysis
(using the square of Euclidian distance and complete
linkage) for the test set 1, 2 and 3, respectively. Test set
compounds are given in ESI.

2.4 Molecular Dynamics Simulation

The molecular dynamics simulation step is carried out to
generate the conformational ensemble profile (CEP) for
each ligand, the fourth dimension in the 4D-QSAR
formalism.[20] The simulation was performed using the
Molsim 3.0 package and MM2 force field, available in the
4D-QSAR program. Temperature was set at 300 K, similar to
the one used in the pharmacological essays, with a
simulation sampling time of 50 ps and intervals of 0.001 ps.
Therefore, a total of 500 conformations for each ligand
were obtained. To modulate the solvent effects in the
absence of an explicit solvent, a distance-dependent
dielectric constant of 3.5 was applied.[27,28]

2.5 Alignment and Interaction Pharmacophore Elements
Definition

The CEP for all compounds was then overlaid into a three-
dimensional cubic box, according to the three-ordered
atom alignment. This three-dimensional box is comprised
of cubic grid cells that record the distribution of the spatial
occupancy of each atom in ligand. In this work, a grid cell
size of 1 Å was employed and ten different alignments were
tested. It was assumed that the compounds bind to the

Figure 1. General structure of hexahydro-pyrrolo-isoquinoline deriv-
atives that are modulators of SERT and H3 receptor.

[9]
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receptor in a similar mode, since they are structural
analogues, and the alignment atoms were selected to span
the common structural moiety of the compounds.[29,30] The
three-ordered atom alignments tested are (1) 4-7-10, (2) 4-
3-2, (3) 5-6-7, (4) 3-7-1, (5) 4-6-2, (6) 5-2-9, (7) 6-2-8, (8) 2-8-
10, (9) 7-1-9 and (10) 5-3-7 (atoms number is in accordance
to Figure 1).

Each atom in a ligand was classified according to seven
types of Interaction Pharmacophore Elements (IPE), which
correspond to possible interactions that may take place
between the ligand and receptor. The IPEs are related to
the pharmacophore groups: non-specific (any), non-polar
(np), polar positive (p+), polar negative (p� ), hydrogen
bond acceptor (hba), hydrogen bond donor (hbd) and
aromatic (ar).[20] Thus, the occupation of the grid cells by the
IPEs provides the grid cell occupancy descriptors (GCOD),
the dependent variables used to build the 4D-QSAR
models.[20]

2.6 Construction of the 4D-QSAR Models

The 4D-QSAR analysis generates a huge number of GCODs.
Therefore, in order to select the most relevant variables to
explain the biological response, two variable selection
criteria were employed: in the first, GCODs with variance
equal to zero were excluded; and in the second, the 2000
GCODs with higher weight in the Partial Least Square (PLS)
analysis were selected.

The 4D-QSAR models were built using a Genetic
Function Approximation (GFA)[31] based optimization algo-
rithm, as implemented in the 4D-QSAR program.[20] Herein,
only linear terms were used in a multiple linear regression
(MLR) analysis. Therefore, the selected GCODs and the
inhibitory constants were optimized according to a GA-MLR
optimization for model building. The optimization was
initiated with 100 randomly generated models with a
mutation probability of 50%. The number of crossover
operations were set to a range of 30000–90000, and the
smoothing factor from 0.1 to 1.0. The models were ranked
with respect to the Friedman’s lack-of-fit (LOF) measure,[31]

the penalized least square error (LSE), and the best model
from each alignment was selected for further validation.

The best models were validated using the leave-one-out
cross validation, external validation (the model was used to
predict the activity of the test set compounds) and y-
randomization.[26,32] The following parameters were consid-
ered: the correlation coefficient for calibration (R2), cross-
validated correlation coefficient (Q2), correlation coefficient
for external validation (R2

pred), modified R2 for external
validation (r2m), correlation coefficient for y-randomization
(R2

rand) and penalized correlation coefficient for y-random-
ization (R2

p).
[32,33] Moreover, the application domain was

analysed in order to establish the model’s chemical space.

2.7 Representative Conformation Selection

The last step in the 4D-QSAR analysis is the definition of the
representative conformation for each ligand, i. e. the
structure that would most resemble the active conforma-
tion. This is achieved by identifying those conformers that
are within a defined ΔE relative to the energy minimum
(here a ΔE=5 kcalmol� 1 was employed) for each CEP. Then,
from these low energy conformers, the one with the
highest activity as predicted by the 4D-QSAR model is
selected as the representative conformation.

2.8 Molecular Docking

To better understand the binding mode of hexahydro-
pyrrolo-isoquinoline derivatives, the most active compound
was docked inside the active site of hSERT, using the X-ray
structure of hSERT co-crystallized with paroxetine at 3.14 Å
resolution (PDB ID: 5I6X).[21] The hSERT is responsible for the
reuptake of the serotonin neurotransmitter and its structure
is comprised of 12 transmembrane helices. The molecular
docking was performed using the Molegro Virtual Docker
(MVD) program.[34] The MolDock score function was em-
ployed, this is an extension of the piecewise linear potential
(PLP) including improved electrostatic and hydrogen bond
terms.[34] Default parameters were used, except for the
number of runs that was increased to 100, wherein each
run returns one pose. The best pose was selected based on
the lowest MolDock re-ranking score, a more accurate
function which considers additional terms for the Lennard-
Jones 12-6 potential and the sp2-sp2 torsion.[34]

3 Results and Discussion

Separate 4D-QSAR models were developed for the hexahy-
dro-pyrrolo-isoquinoline derivatives’ SERT and H3 receptor
inhibitory activities, respectively. The models were built
using the inhibitory constant (pKI) as response variable and
the molecular descriptors from 4D-QSAR as dependent
variables. Separate discussions are thus provided for each
of the modelled activities.

3.1 Histamine H3 Receptor

In this work three different training and test sets were
considered, to attest each model’s earnest predictivity and
robustness.[14] Therefore, the 4D-QSAR model for each
alignment is considered as an average of the three test and
training sets. Statistical parameters for the 4D-QSAR models
are shown in Table 1.

As can be observed in Table 1, all models presented
adequate values for the calibration parameters R2 and R2

adj,
ranging from 0.74 to 0.81 and 0.73 to 0.79, respectively.
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These parameters reflect the goodness of fit of the models;
the R2

adj is used to compare models with different numbers
of variables. In addition, all models also presented adequate
values for the leave-one-out cross validation parameters Q2

and Q2
adj, ranging from 0.66 to 0.75 and 0.63 to 0.74,

respectively. The cross validation procedure assesses the
model robustness, it tests the statistical significance of each
component of the model. In respect to y-randomization,
the models have R2 higher than R2

rand and R2
p higher than

0.5,[33] thereby assuring the inexistence of chance correla-
tion. Finally, all models presented adequate values for the
external validation parameter R2

ext and r2m, which are also
higher than 0.5.[33] Therefore, it can be concluded that the
developed models have good performance, with suitable
goodness of fit, robustness and predictivity.

To select the best model to represent the dataset, we
selected the models with the best performance in all
validations. The interpretation of the molecular descriptors
contained in best model is performed to understand better
the structural features that are essential for the H3 receptor
inhibitory activity. With this in mind, the models from
alignments 1, 2 and 4 were selected, their statistical
parameters are: alignment 1: R2=0.79 and Q2=0.75; align-
ment 2: R2=0.80 and Q2=0.75; alignment 4: R2=0.81 and
Q2=0.74. Nevertheless, when the applicability domain is
taken into account, the model from alignment 1 has more
outliers (the applicability domain is discussed in more
details below; see Figure S1 in the ESI and Figure 4 for the
William’s plot[26]). Furthermore, if we compare models 2 and
4 in the external validation, model 4 performs slightly better
(R2

ext=0.75 and 0.79, respectively). Therefore, model 4 was
selected for further evaluation and it is represented below:

pKI ¼ 9:95 � 55:36 ð2,� 7,� 2,p� Þ þ 28:59

ð� 6,� 8,� 2,anyÞ þ 23:06 ð4,� 9,� 1,anyÞ

þ4:96 ð1,4,1,npÞ þ 14:76 ð� 6,� 8,2,npÞ� 2:46

ð0,1,� 1,anyÞ� 50:05 ð3,� 3,� 5,npÞ

M ¼ 86 LOF ¼ 0:15 LSE ¼ 0:11

The 4D-QSAR model was used to predict the activity of
training and test set compounds. The experimental and
predicted activities along with residual values are given in
ESI (Table S2).

In the 4D-QSAR formalism, the molecular descriptors are
represented by the Cartesian coordinates and the Inter-
action Pharmacophore Element – “(x, y, z, IPE)” – which
corresponds to prospective interactions between the ligand
and receptor. The model described above comprises of 7
descriptors, 4 with positive coefficients and 3 with negative
coefficients. In this sense, positive coefficients represent
those interactions that favor ligand-receptor binding. On
the other hand, negative coefficients represent those
interactions that disfavor ligand-receptor binding.

Figure 2 depicts the GCODs positions on the most active
compound (1B) as well as the superposition of all com-
pounds in the dataset. Positive and negative GCODs are
represented by light and dark spheres, respectively. The
occupation frequency and correlation matrix of all GCODs
are given in ESI (Table S3 and S4, respectively).

As can be observed, six GCODs are located near the
substituent R, which varies with regard to the composition
and position on the aromatic ring (Figure 1 and Table S1).
The GCOD (0,1,� 1,any) has a negative coefficient, a non-
specific interaction and higher occupation frequency for
compounds with substituent R on positions 3 and 4 of the
ring (Figure 2). Therefore, this descriptor indicates that
groups on this position decrease the activity of the
compounds. In fact, most compounds that possess the R
group on position 3 have lower pKI values (Table S1). For
example, the difference in the activity of compounds 1B–1C
(pKI=9.70 and 7.17, respectively) and 4A–4C (pKI=9.00 and
7.01, respectively), which only differ at the position of the R
group, are higher than two logarithm units. Likewise, the
same trend can be observed for compounds with R group
on position 4, as exemplified by compounds 1A–45 (pKI=

Table 1. Mean statistical parameters of the calibration, internal and external validation for the 10 alignments evaluated in the 4D-QSAR
models developed for the H3 receptor.

Align GCOD R2 R2
adj Q2 Q2

adj R2
ext
a r2m R2

rand R2
p

1 7 0.79 0.77 0.75 0.73 0.79 0.73 0.09 0.74
2 7 0.80 0.79 0.75 0.74 0.75 0.55 0.08 0.76
3 7 0.79 0.77 0.72 0.70 0.77 0.68 0.08 0.75
4 7 0.81 0.79 0.74 0.72 0.79 0.67 0.07 0.77
5 6 0.75 0.74 0.70 0.68 0.73 0.58 0.08 0.71
6 7 0.78 0.77 0.74 0.72 0.74 0.59 0.08 0.74
7 6 0.78 0.76 0.73 0.71 0.78 0.70 0.07 0.74
8 6 0.76 0.75 0.68 0.66 0.73 0.54 0.06 0.73
9 7 0.76 0.75 0.72 0.70 0.77 0.67 0.08 0.72
10 6 0.74 0.73 0.66 0.63 0.81 0.75 0.07 0.71
a The RMSEp (root mean square error of the external validation) for the 4D-QSAR models developed from alignment 1 to 10 are: 0.35, 0.37,
0.36, 0.34, 0.37, 0.36, 0.36, 0.37, 0.35 and 0.34, respectively.
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9.05 and 7.80, respectively) and 1B–44 (pKI=9.70 and 9.00,
respectively). The only exception is compounds 97A and
98A, which have an alkyne group on substituent R and are
almost equally active (pKI=8.52 and 8.40, respectively).

The GCOD (3,� 3,� 5,np) has a negative coefficient, a
non-polar interaction and occupation frequency only for
compounds with substituent R on the position 3 of the
aromatic ring (Figure 2). Thus, it also indicates that groups
at this position disfavor the biological activity of the
compounds. Compounds with higher occupation frequency
for each descriptor are represented in Figure 3.

The GCOD (� 6,� 8,� 2,any) has a positive coefficient, a
non-specific interaction and higher occupation frequency
for compound 11A. In this compound, the substituent R is
attached to the aromatic ring at position 5 (Figure 2) and

this descriptor is located near the piperidine moiety of the
compound (Figure 3). Therefore, the GCOD would indicate
that this is the optimal position for the R group, which is in
agreement with the information discussed for the previous
descriptors.

The GCOD (2,� 7,� 2,p� ) has a negative coefficient, a
polar negative interaction and higher occupation frequency
for compounds 11A and 50B. This descriptor is in the
proximity of the nitrogen atom of the piperidine and
morpholine groups, respectively (Figure 3). Nevertheless,
given that all compounds possess a nitrogen atom in this
position, it appears that the information provided by this
descriptor is related to the orientation of the group. One of
the main structural characteristics of H3 receptor antago-
nists is the presence of at least one amino group.[35] An
important ionic interaction seems to take place between
the amino group and a negatively charged amino acid
residue in the H3 receptor active site.[36] In this sense, the
GCOD (2,� 7,� 2,p� ) would be related to the conformation
adopted by the R substituent and its impact on the activity
of the compounds.

The descriptors (4,� 9,� 1,any) and (� 6,� 8,2,np) are also
near the R substituent at position 5. Both GCODs have
positive coefficients; the former represents a non-specific
interaction while the latter represents a non-polar inter-
action. However, these descriptors are positioned far from
the structure of the compounds and are thus probably
associated with the flexibility of the R group. As can be
seen in Figure 2, this part of the structure varies greatly
among the structures, i. e. this group experienced high
conformation freedom in the molecular dynamic simula-
tion.

Lastly, GCOD (1,4,1,np) are located near the aromatic
substituent of the compounds. This descriptor has a
negative coefficient, a non-polar interaction and higher
occupation frequency for compound 4D (Figure 3). It worth
mentioning that this descriptor has occupation frequency
only for compounds with the aromatic ring in the trans
orientation (like compound 4D), regardless the chemical
nature and position of the group on the ring. As can be
observed in the dataset, generally, compounds with the
aromatic ring in the trans orientation are equally or more

Figure 2. Top – GCODs from alignment 4 positioned on the most
active compound, 1B. Light and dark spheres represent descriptors
with positive and negative coefficient, respectively. Bottom –
superposition of all hexahydro-pyrrolo-isoquinoline compounds
studied along with the GCODs (x).

Figure 3. Descriptors from alignment 4 positioned on the compounds with higher occupation frequency.
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potent than their respective analogues in the cis config-
uration, for example compounds 1A–1B (pKI=9.05 and
9.70, respectively), 5A–5B (pKI=8.70 and 9.00, respectively)
and 7A–7B (pKI=8.30 and 8.70, respectively). Furthermore,
the inhibitory activity seems to be little influenced by the
substituent position on the aromatic ring. For instance,
when the hydroxyl group is in the para (9A, pKI=8.70),
meta (15, pKI=9.15) or orto (16, pKI=8.40) positions, the
difference in their activities is small.

A pharmacophoric model developed by Lebois et al.[35]

identified key characteristics conserved in the structure of
H3 receptor antagonists. In general, the structures contain
an amino group bridged by an alkyl chain to an aromatic
ring. This aromatic ring is linked to a variety of chemical
groups, ranging from a non-polar to another amino group.
This is in agreement with the information provided by
GCOD (1,4,1,np), which indicates that substituents attached
to the aromatic ring have little influence on the biological
activity of these compounds.

Finally, the applicability domain of the 4D-QSAR model
was assessed, using the William’s plot[26] (Figure 4), to
identify possible atypical behavior. As can be observed in
Figure 4, compound 50B is the only activity outlier[15] (the
residual value is slightly below the lower limit), its inhibitory
activity is overestimated by the model (pKI=6.74 and
pKI,pred=7.51, Table S2). Examining the structures of the
training set, compounds with a pyridine moiety possess
high activity (pKI>8). The introduction of a second nitrogen
atom, to form the pyrazine group of 50B, decreases the
inhibitory constant to 6.74. Therefore, it seems that the
model was not able to capture this difference. Regarding
the samples leverages, four compounds (9B, 1B, 4D and 28)
are above the stipulated limit, and so they are classified as
structural outliers.[15] Compound 28, for example, which
possesses the highest leverage, is the only compound in
the training set with no carbon atom linking the aromatic
ring to the piperidine moiety in the substituent R (Table S1).

3.2 Serotonin Transporter

The same procedure applied to the H3 receptor was used to
develop 4D-QSAR models for the serotonin transporter
(SERT). The hexahydro-pyrrolo-isoquinoline compounds
were split into training and test sets, the separation was
made by three different approaches, and the 4D-QSAR
model for each alignment is considered as an average of
the three test and training sets. Table 2 shows the statistical
parameters of the 4D-QSAR models.

The 4D-QSAR models presented calibration parameters
R2 and R2

adj ranging from 0.61 to 0.82 and 0.54 to 0.79,
respectively. The models from alignments 1, 5 and 6 yielded
R2 lower than 0.7. In addition, models from alignments 1, 2,
5, 6, 8 and 9 exhibited R2

adj lower than 0.7. Therefore, these
models were not considered in the subsequent analysis.
The four remaining models presented leave-one-out cross
validation parameters Q2 and Q2

adj higher than 0.5, as
recommended in the literature.[37] As for y-randomization,

Figure 4. Applicability domain according to the plot of sample
leverages against Studentized residuals for the 4D-QSAR model
from alignment 4 of the H3 receptor.

Table 2. Mean statistical parameters of the calibration, internal and external validation for the 10 alignments evaluated in the 4D-QSAR
models developed for the SERT.

Align GCOD R2 R2
adj Q2 Q2

adj R2
ext
b r2m R2

rand R2
p

1 4 0.68 0.65 0.57 0.52 0.34 0.11 0.12 0.62
2 5 0.73 0.69 0.62 0.57 0.33 0.12 0.16 0.65
3 6 0.75 0.71 0.61 0.54 0.35 0.23 0.17 0.67
4 6 0.76 0.72 0.61 0.54 0.77 0.48 0.20 0.65
5 6 0.61 0.54 0.36 0.24 0.21 0.03 0.17 0.52
6 4 0.64 0.61 0.47 0.42 0.35 0.14 0.11 0.58
7 6 0.82 0.79 0.71 0.66 0.76 0.58 0.17 0.73
8 6 0.71 0.66 0.57 0.49 0.40 0.09 0.16 0.62
9 6 0.73 0.68 0.50 0.41 0.12 0.00 0.18 0.63
10 6 0.76 0.71 0.63 0.56 0.47 0.10 0.21 0.64
b The RMSEp for the 4D-QSAR models developed from alignment 1 to 10 are: 0.43, 0.47, 0.51, 0.28, 0.95, 0.46, 0.33, 0.42, 0.63 and 0.38,
respectively.

Full Paper www.molinf.com

© 2019 Wiley-VCH Verlag GmbH & Co. KGaA, Weinheim Mol. Inf. 2019, 38, 1900024 (6 of 10) 1900024

www.molinf.com


the models presented R2 higher than R2
rand and R2

p higher
than 0.5.[33] Regarding the parameters of the external
validation, the models from alignments 4 and 7 have R2

pred

of 0.77 and 0.76, respectively. However, only the model
from alignment 7 yielded r2m higher than 0.5.[33] In addition,
by analyzing the applicability domain using the William’s
plot,[26] model 7 has no outliers (Figure 5) while model 4 (as
well as other models that perform well in the internal
validation, but poorly in the external validation, such as
models 2, 3 and 10) has at least one (Figure S2). Therefore,
taking into account the performance in all validation
procedures, model 7 was selected to represent the dataset
and posteriorly considered in the descriptors interpretation.
The 4D-QSAR model from alignment 7 is shown below:

pKI ¼ 8:93þ 28:27 ð6,� 7,� 2,anyÞ� 17:79 ð5,� 7,� 3,npÞ

� 11:76 ð1,0,7,anyÞ þ 2:51 ð2,� 1,5,npÞ

þ9:72 ð2,� 3,10,npÞ þ 2:09 ð4,� 2,4,anyÞ

M ¼ 34 LOF ¼ 0:11 LSE ¼ 0:05

The 4D-QSAR model for SERT was also used to predict
the activity of training and test set compounds. The
experimental and predicted activities along with residual
values are given in the ESI (Table S5).

The model contains 6 molecular descriptors, 2 with
negative coefficients, corresponding to those interactions
that disfavor ligand-receptor binding, and 4 with positive
coefficient, corresponding to those interactions that favor
ligand-receptor binding.

Figure 6 depicts the GCODs positions on the most active
compound (in this case, compound 11A) along with the
superposition of all compounds in the dataset. The
occupation frequency and correlation matrix for all GCODs
are given in ESI (Table S6 and S7, respectively).

As can be observed in Figure 6, four GCODs are in
proximity of the aromatic substituent of the compounds.
The GCOD (1,0,7,any) has a negative coefficient, a non-
specific interaction and higher occupation frequency for
compound 18. Compounds with higher occupation fre-
quency for each descriptor are represented in Figure 7. This
descriptor has occupation frequency for all compounds,
except for 92. This compound is the only one with S
stereochemistry of the carbon connected to the aromatic
ring. When the compounds 38 (pKI=8.15), 92 (pKI=8.40)
and 94 (pKI=6.95) are compared, their structural differences
consist only in the stereochemistry (Table S1), compound
92 is the most active. Therefore, it seems that the
orientation of the aromatic ring is relevant for the potency
of the compounds, but there is little information about this
in the dataset.

Figure 5. Applicability domain according to the plot of sample
leverages against Studentized residuals for the 4D-QSAR model
from alignment 7 of the SERT.

Figure 6. Top – GCODs from alignment 7 positioned on the most
active compound, 11 A. Light and dark spheres correspond to
positive and negative coefficient, respectively. Bottom – super-
position of all hexahydro-pyrrolo-isoquinoline compounds studied
along with the GCODs (x).

Figure 7. Descriptors from alignment 7 positioned on the com-
pounds with higher occupation frequency.
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The GCOD (2,� 1,5,np) has a positive coefficient, a non-
polar interaction and higher occupation frequency for
compound 23 (Figure 7). The descriptor is located on the
sulphur atom of thiophene, thus indicating that groups in
this position favor the biological activity. It worth mention-
ing that this GCOD does not have any occupation frequency
for compounds with groups in the orto position of the
aromatic ring. In fact, the activity greatly changes if the
group is in the para, meta or orto positions, as exemplified
by compounds 9A (pKI=7.24), 15 (pKI=8.52) and 16 (pKI=

6.95), respectively. Among them, compound 16 (orto
substituted) is the least active. The same trend can be
observed for compounds 66A (pKI=8.22), 11A (pKI=9.22)
and 12A (pKI=8.10).

The GCOD (4,� 2,4,any) has a positive coefficient, a non-
specific interaction and higher occupation frequency for
compound 67 (Figure 7). This descriptor is located near to
the group at the meta position of the aromatic ring, thus
indicating that groups in this position favor the activity of
the compounds. In general, compounds with polar groups
at the meta position have high pKI values. For instance,
compounds 67 (pKI=8.05) and 7A (pKI=7.92), 15 (pKI=

8.52) and 9A (pKI=7.24), as well as 11A (pKI=9.22) and 66A
(pKI=8.22). In all cases, structures with the group at the
meta position are more active than those at the para
position.

The GCOD (2,� 3,10,np) has a positive coefficient, a non-
polar interaction and higher occupation frequency for
compound 98A. In this compound, the descriptor is located
near the methyl group at the para position of the aromatic
ring (Figure 7), thereby suggesting that non-polar groups in
this position favor the activity of the compounds. According
to the inhibitory constant, compounds with an ether or
thioether group at the para position have high biological
activity (pKI >8).

Lastly, the GCODs (6,� 7,� 2,any) and (5,� 7,� 3,np) are
positioned in the proximity of the R substituent (Figure 6).
The GCOD (6,� 7,� 2,any) has a positive coefficient, a non-
specific interaction and higher occupation frequency for
compounds 10A and 11A (Figure 7). On the other hand, the
GCOD (5,� 7,� 3,np) has a negative coefficient, a non-polar
interaction and higher occupation frequency for compound
4A (Figure 7). Both descriptors are located near the
piperidine moiety, and thus seem to be related to the
spatial orientation of the R group.

3.3 Molecular Docking

Recently, the first X-ray structure of the human serotonin
transporter (hSERT) co-crystallized with the antidepressants
escitalopram and paroxetine was reported in the
literature.[21] To the best of our knowledge, there is no study
on the interaction of hexahydro-pyrrolo-isoquinoline deriv-
atives with hSERT. Therefore, in order to better understand
the binding mode of this class of compounds, the most

active compound, namely 11A, was docked inside the
binding pocket of the hSERT using the MVD program.[34]

Binding energies (Table 3) and the structure of 11A within
the binding pocket (Figure 8) are given above.

In Figure 8, the main amino acid residues of the hSERT
binding pocket are highlighted. As can be observed, the
amino group of the hexahydro-pyrrolo-isoquinoline portion
are in the region delimited by Tyr95, Asp98 and Ser336
amino acids, similar to the amino group of paroxetine.[21]

The hydroxyl group of Tyr95 is within a 3.52 Å distance of
the nitrogen atom of 11A, interacting with it through a
weak hydrogen bond (black dashed line in Figure 8). The R
group of 11A adopted a conformation in which it interacts
with Phe335, Arg104, Ser336 and Glu493 amino acid
residues at the outer region of the binding site. Further-
more, the aromatic substituent is positioned in a more
hydrophobic region delimited by the side chain of the
Tyr176, Ile172, Gly442, Phe341 and Leu443 amino acid
residues.

Moreover, we sought to validate the results obtained
with the 4D-QSAR analysis using the molecular docking
perspective. To this end, the GCODs were mapped into the
protein-ligand interaction model obtained with the docking
strategy (Figure 8). Two descriptors, i. e. GCODs (6,� 7,� 2,
any) and (5,� 7,� 3,np) could not be mapped into the
docking model due to the different orientations adopted by
the R group in each method (Figure 7 and 8). In Figure 8,
the GCOD (1,0,7,any)(1) is near the aromatic substituent of
11A, surrounded by Ile172, Phe341 and Gly442 amino acids.
The GCODs (2,� 1,5,np)(2) and (4,� 2,4,any)(3) are positioned
between the aromatic substituent of 11A and the side chain
of Tyr176. The two aromatic rings are almost parallel to

Table 3. Energies from molecular docking of compounds 11 A, the
most active in the dataset, inside the binding pocket of hSERT.

Compound MolDock Score Rerank Score Interaction Energy

11 A � 143.60 � 116.79 � 157.61

Figure 8. Left – Tridimensional structure of compounds 11 A within
the binding pocket of the hSERT. Right – Binding site of hSERT with
key amino acid residues highlighted along with molecular
descriptors from 4D-QSAR model (1: GCOD (1,0,7,any), 2: GCOD (2,
� 1,5,np), 3: GCOD (4,� 2,4,any) and 4: GCOD (2,� 3,10,np)).
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each other, thus they could interact through aromatic
interactions, and the nature of the substituent group may
affect the strength of such an interaction. Furthermore,
Tyr176 is the amino acid that most contributes to the
stability of 11A (E= � 16.85 kcalmol� 1) in the binding site.
Finally, the GCOD (2,� 3,� 10,np)(4) is on the top of the
aromatic ring of 11A, near to the Ala169, Ala173 and
Leu443 amino acids. Consequently, non-polar groups on
the para position of the ring would improve the interaction
with the side chain of these amino acid residues.

In a nutshell, the docking of the most active compound
(11A) inside the binding pocket of hSERT aided to further
unravel the information from 4D-QSAR analysis, wherein
the descriptors position could be related to key intermo-
lecular interactions with some amino acid residues. There-
fore, all this information together can assist the design of
novel antidepressants for the treatment of depression, with
improved inhibitory activity to H3 receptor and SERT.

4 Conclusions

The biological activity of the hexahydro-pyrrolo-isoquino-
line derivatives to the H3 receptor and SERT was computa-
tionally evaluated by the 4D-QSAR formalism and molecular
docking, since these compounds have the potential to act
as antidepressants. The 4D-QSAR models were separately
developed for each receptor, in order to characterize key
structural features relevant for the activity of these com-
pounds. The best model for each receptor presented
adequate statistical parameters that ensure their goodness
of fit, robustness and predictivity (histamine: R2=0.81, Q2=

0.74, R2
pred=0.78 and R2

p=0.77; serotonin: R2=0.82, Q2=

0.71, R2
pred=0.76 and R2

p=0.73), in addition to the
important pharmacophore groups used to explain the
biological activity of the compounds. Through the interpre-
tation of the molecular descriptors, it was observed that the
inhibitory activity to H3 receptor is mainly influenced by the
R group, while changes in the aromatic substituent greatly
affect the activity towards SERT. The binding mode to SERT
was assessed by docking the most active compound inside
the active site, wherein the positions of the molecular
GCOD descriptors could be related to specific intermolecu-
lar interactions with amino acid residues. Therefore, struc-
tural modifications can be proposed to increase the affinity
of these compounds to both receptors and, consequently,
to improve the biological activity profile and broaden the
therapeutic options for the treatment of depression.
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