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Abstract
Schizophrenia is a psychiatric disorder that affects 20million people worldwide and the mortality rate is two or three times higher
than the average overall population mainly due to high frequency of suicide and other associated comorbidities. The therapeutic
approaches used for its treatment, besides do not combat this illness, trigger several side effects, being imperative the develop-
ment of new medical countermeasures. In the search for new agents, we constructed a statistical model (modelA) with a series of
aripiprazole-derived using the partial least squares technique, and posteriorly we applied several validation tests to guarantee
consistency of model A and its forecasting ability. In addition, molecular docking simulations were employed to extract
important information on structural elements involved in the molecular recognition process from receptor-ligand complex. We
designed new compounds whose biological activity values were predicted by our model. Among new designed molecules, we
highlight compounds 2, 5, 9, and 11with predicted pKi values over 8.5. We underline that the presence of ester moieties attached
to the aromatic ring from region A is well tolerated in this position and contributes to increase the pKi values; otherwise it is
essential that there are no bulky groups in region C. Finally, ADME/Tox properties evaluated via in silico approach for the
proposed compounds shed light on their drug-likeness characteristics, indicating that they could be a reliable starting point as
potent candidates to further experimental exploration (chemical synthesis, in vitro and in vivo analyses).

Keywords Schizophrenia .Molecular docking . Drug design . ADME/Tox

Introduction

According to World Health Organization, schizophrenia is a
severe mental disorder that affects approximately 20 million
people worldwide [1]. People suffering severe mental ill-
nesses such as schizophrenia have mortality rate of two to
three times higher than the general population [2, 3].

Schizophrenia—word that means splitted or dissociated
mind [4]—is a mental disorder characterized by a neurochem-
ical imbalance in which the affected individuals experience a
hallucinatory reality [5].

It is extremely difficult to understand the pathophysiolog-
ical mechanism of schizophrenia as its cause remains totally
unknown, even so researches have shown that schizophrenia
symptomsmay be related with alteration in dopamine levels in
the brain [6–17].

Basically, three types of symptoms are associated with
schizophrenia: positive symptoms attached to delusions, hal-
lucinations and disorganized speech; negative symptoms re-
lated to apathy, anhedonia, avolition, and affective blunting;
and finally, cognitive deficits that include concentration prob-
lems and memory changes [18–23].

Within the hypotheses formulated to explain schizophre-
nia, the dopaminergic has been considered the most plausible
one as it is related to the excess of dopaminergic activity in the
mesolimbic system that is accountable for positive symptoms,
and in the mesocortical pathway which is responsible for the
negative symptoms [24].

Regarding drugs used in the treatment of schizophrenia,
atypical antipsychotics have been shown the best results,
which are characterized by a significant reduction of extrapy-
ramidal side effects (EPS) while acting in both positive and
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negative symptoms. Among the antipsychotic drugs with such
feature, aripiprazole appears as the first D2 dopamine receptor
partial agonist used in mental health disorders [22, 23, 25].

As partial agonist, aripiprazole binds with high-affinity to
the dopaminergic D2 [26, 27] and D3 [28] receptors and se-
rotonergic 5-HT1A receptor [29] and, as antagonist it acts at 5-
HT2A [28] receptor. Besides, aripiprazole has been reported as
an efficient drug against positive, negative, and cognitive
symptoms of schizophrenia with reduced adverse effect in-
cluding metabolic and endocrine alterations [30]. The func-
tional profiles as partial agonist and antagonist added to all the
advantageous in terms of side effects turns aripiprazole as a
good starting point to design of new antipsychotics [31].

In this work, quantitative structure-activity relationship
(QSAR) [32] techniques are applied to a series of potential
partial D2 receptor agonists aripiprazole-derived [33] with the
aim to correlate chemical features (from their molecular struc-
ture) to biological activity by applying partial least square
(PLS). Next, we perform docking molecular simulation to
obtain information about the main interaction types from the
D2 receptor active pocket. Finally, from statistical models as
well as molecular docking simulations analyses, we designed
new compounds (whose biological activity values were pre-
dicted by our model), and afterward their drug-likeness prop-
erties were assessed via in silico approach.

Materials and methods

Data set

In this work, a set of molecules were selected to construct the
QSAR models. These compounds were synthesized from ex-
ploration of four regions of aripiprazole [33] that exhibit struc-
tural diversity and biological activity values represented by
their inhibitory constants (pKi) as illustrated in Chart 1.

Calculation and selection of descriptors

The electronic descriptors of the compound set were obtained
through the optimization and the harmonic vibrational frequency
calculations of the compounds (Chart 1) run in Gaussian 09 [34]
with B3LYP [35, 36] /6-31G++(d,p) [37–39] .

Themolecular descriptors were generated using the optimized
structure of all compounds in the platform e-dragon [40]. The
Pearson’s correlation coefficients (r) between each descriptor and
the pKi values were calculated in order to exclude the descriptors
with low correlation with the biological activity.

A plethora of descriptors was excluded (those with coeffi-
cient values <0.4 in modulus) [41]. Next, genetic algorithm
(GA)method as implemented in BuildQSAR [42] was applied
as a second screening to get the descriptors that mostly con-
tributed to the biological activity.

The PLS technique was employed to generate the multivar-
iate model using Pirouette 3.10 [43]. Thereafter the molecular
docking technique was applied to analyze the main interactions
between D2 receptor and the selected ligands using Glide pack-
age [44]. Finally, from both analyses, the statistical model and
the docking results, new compounds were designed whose bi-
ological activity values were predicted by our model.

Model construction and validation

Initially, the molecular properties of all compounds (Chart 1)
were autoscaled [41] in order to construct the PLS models.
Next, the most consistent and accurate model was chosen
based on the optimal number of latent variables.

The PLS model was internally validated via leave-one-out
cross-validation procedure, in which one sample is omitted dur-
ing the construction of themodel, and subsequently its biological
activity value is predicted by PLS model. This procedure is re-
peated up to that all samples have been excluded at least once.

Afterwards, statistical parameters such as SEC (standard error
of calibration), PRESS (prediction error sum of squares), and
SEV (standard error of validation) were calculated and from
them information on the model’s quality were obtained and an-
alyzed alongwith the values of q2 (correlation coefficient of cross
validation) and r2 (coefficient of multiple determination) [45].

In addition, the y-randomization tests [45] were applied to
assure that there is no chance correlation between dependent
(pKi) and independent (descriptors) variables by scrambling
the biological activity values from 12 runs using the QSAR
modeling software [46]. Lastly, an external compound set [47]
(Chart 2) was used as ultimate proof to certify the predictabil-
ity of our PLS model.

Molecular docking simulations

The 3D coordinates of the D2 receptor (DRD2) were obtained
from the RCSB Protein Data Bank (PDB ID 6CM4). To fix
some issues inherent to the PDB structure (such as missing
side-chain, loop and hydrogens), the D2 receptor was pre-
pared using the Protein Preparation Wizard (PPW) module
using the OPLS-3 force field which are included in Maestro
17.1 suite [44]. PPWwas set up to exclude the crystallograph-
ic water molecules away from the active site, to add hydro-
gens, to fill the missing side-chain, to maintain the pH at 7,
and to assign the charges as well as protonation.

Next, the refined structure was submitted to process of
energy minimization at MacroModel module [44] to attenuate
the steric clashes among the amino acid residue, and posteri-
orly the D2 receptor active site was defined using the Receptor
Grid Generation panel [44] from the co-crystalized ligand co-
ordinates, for which a grid box of 10 × 10 x 10A° was
constructed.
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The validation protocol was applied to assess the perfor-
mance of the selected scoring function by their ability to re-
produce the co-crystalized ligand (risperidone, PDB code
8NU) conformation using the same setup aforementioned at
Glide module [44]. In this protocol, we chose the XP extra
precision as a scoring function to accomplish the molecular
docking simulations with compounds C2 and C17 (Chart 1).
Afterwards, some parameters were evaluated, for example,
ligand orientation, interaction among the ligands with the ami-
no acid residues within the active site, the scores associated
with each biding pose, as well as the differences in the binding
mode for the compounds under analysis.

In silico ADME/Tox analyses

It is essential to evaluate the ADME/Tox [48] (absorption,
distribution, metabolism and elimination/ toxicity) profile of
new drug candidate molecules. Nowadays, the big pharma-
ceutical companies use computer-based methods as it is less
expensive and to reduce the amount of consuming-time to
select lead molecules to advance experimental evaluation

[49]. In this paper, we used the QikProp from the Schrodinger
suite [44] to assess the physicochemical and pharmacokinetic
properties of new compounds here designed.

Results and discussion

One thousand two hundred seventeen descriptors were calcu-
lated and posteriorly selected from the Pearson’s correlation
coefficient (r) between the X (descriptor) and Y (biological
activity) variables. In this correlation matrix, the variables in
the interval − 0.4 to 0.4 were promptly excluded, but an ex-
pressive number is still remaining (248 descriptors).
Therefore, other screening was performed using the genetic
algorithm method to select the most relevant descriptors. For
this purpose, 100 models were constructed, whose descriptors
selection was based on the R and q2 values (Table 1 presents
the combination of descriptors for which the best r and q2

values were obtained).
The generation equals to 4000 refers to the number

of times that the genetic algorithm searched for the best
combination of descriptors (fittest individual). The

Region A
Compound R pKi

1 2,3-(Cl)2 8.41

2 2-OCH3 9.52

3 3-OEt 8.60

4 2-OiPr 8.51

5 2-H 8.40

6 2-F 8.30

7 2-Cl 8.43

8 2-CN 8.54

9 2-CH3 8.23

10 2-CF3 8.40

11 3-OEt 7.70

12 4-OEt 7.30

13 2,3-(CH3)2 8.10

Region B
Compound B pKi

14 8.00

15 8.44

Region D
Compound D pKi

22 7.1

23 8.5

24 7.6

25
7.2

26 7.8

27
7.8

Region C
Compound C pKi

16 n = 2 7.7

17 6.8

18 9.0

19 6.6

20 7.0

21 7.0

Chart 1 Structure and biological activity of the compounds used as training set, synthesized from the exploration of four regions of aripiprazole
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criterion 0.8 indicates that the descriptors more correlat-
ed with each other were cut off.

Table 2 exhibits the class of each descriptor and its defini-
tions (the values of the descriptors and pKi are displayed in
Supplementary Material).

Model validation

Our statistical model was built with all compounds
(Chart 1), wherein the data set (X and Y vectors) were

autoscaled and internally validated by the leave-one-out
tests. Table 3 shows the statistical parameters arising
from the PLS technique, i.e., latent variable, SEPval,
SEPcal, q2 and r2. The best model (model A) was ob-
tained with five latent variables, which described
88.80% of the original data information and presented
the lowest values of SEPvalidation (0.31), PRESSvalidation
(3.82), PRESScalibration (2.58), and the highest values of
q2 (0.77) and r2 (0.84). These optimum values are the
initial proof of the model’s statistical significance since,

Nº Molecular Structure pKi

1 8.79

2 7.80

3 7.38

4 7.31

5 7.57

6 6.63

Nº Molecular Structure pKi

7
6.54

8 8.03

9 7.30

10 7.06

11 8.07

Chart 2 Molecular structure and biological activity values of the compounds used as test set

Table 1 Variables Selected by
the genetic algorithm technique Generation Criterion Descriptors R q2

4000 0.8 BEHe3, RDF145u, E1e, HATS7v, R2v+, ELUMO+4 (eV) 0.94 0.83
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and for a model to be considered trustworthy, the values
of q2 and r2 must be greater than 0.5 and 0.6, respec-
tively [50–52].

To ensure the model robustness, it is expected that the
difference between the values of r2 and q2 be less than 0.30
[52, 53]. As presented in Table 3 (data in bold), the variance
between the values of these parameters is undermost (0.07),
singled out that the model has not been overfitted and so it can
be considered robust.

Figure 1 shows the contribution of each descriptor for the
model A (BEHe3, R2v+, E1e, HATS7v, ELumo + 4,
RDF145u). The descriptors E1e, HATS7v, and RDF145u
contribution positively to the model, i.e., the greater values
of theses ones are attributed to compounds with the greater
biological activity values, whereas the descriptors BEHe3m
R2V+ and ELUMO+ 4 are inversely correlated with the pKi

values. In the light of these results, we can identify the chem-
ical features of the compounds (Charts 1 and 2) that most
contribute to increase their partial agonist activity in the pres-
ence of D2R, as discussed in the following section
(Descriptors analysis).

Detection of outlier objects was also performed to ensure
the quality of the model A. It can be seen from Fig. 2 that the
compound C2 has studentized residual value away from the
expected limit [49]. However, this deviation is insignificant,
and thereupon C2 cannot be considered as an atypical object.

Moreover, the leverage value for this compound is within the
range of acceptable values [49].

From Fig. 3 (experimental versus calculated pKi), it is ap-
parent that there is a good correlation, evidencing that our
model has significative power prediction.

The model robustness was tested via cross-validation pro-
cedure, whereupon 1–12 compounds were excluded with 50
repetitions for each value of N left out. The results (Fig. 4)
showed q2 remained with its excellent values, presenting

Table 2 Class and description of the selected descriptors

Descriptor Class Definition

BEHe3 BCUT (Burden- CAS-University of Texas Eigenvalues) Highest eigenvalue n. 3 of Burden matrix/weighted by atomic
Sanderson electronegativities

RDF145u RDF (radial distribution function) Radial distribution function—14.5/unweighted

E1e WHIM (weighted holistic invariant molecular) First component accessibility directional WHIM index/weighted
by atomic Sanderson electronegativities

HATS7v GETAWAY (geometric topology and atom weights assembly) Leverage-weighted autocorrelation of lag 7/weighted by
atomic van der Waals volumes

R2v+ R maximal autocorrelation of lag 2/weighted by atomic
van der Waals volumes

ELUMO + 4 Quantum Energy of the LUMO+4 orbital.

Table 3 Statistical results used to
select the best PLS model Latent

variable
Variance SEPvalidation PRESSvalidation SEPcalibration q2 PRESScalibration r2

1 41.89 0.49 9.22 0.47 0.45 7.85 0.53

2 55.43 0.45 7.74 0.38 0.55 4.96 0.70

3 67.80 0.37 5.15 0.30 0.70 3.16 0.81

4 79.12 0.33 4.09 0.29 0.76 2.72 0.84

5 (model A) 88.80 0.31 3.82 0.28 0.77 2.58 0.84

6 100.00 0.32 3.83 0.29 0.77 2.58 0.85

Fig. 1 Regression vector coefficients for each descriptor used in the
model construction
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small deviations for each value of N (0.030). The model is
considered stable when it fulfills two conditions: (a) the new
q2 values (after withdrawing objects) should be close to q2 of
the original model and (b) the deviations of q2 should be
within the range ± 0.05 [49]. As our model meets these con-
ditions, we can infer that it is robust and therefore trustworthy.

In addition, the Y-scrambling procedure was performed to
assure the model quality. This test consists of randomizing the
biological data while the values of the descriptors remain un-
changed. Thus, it is expected that the pKi values will be
assigned to other samples, resulting in a statistically poor
model [49]. For the model be considered free of random cor-
relation, the q2 and r2 values must be lower than 0.3 and 0.4,
respectively, and the intercept values for r versus q2 as well
as r versus r2 must be lower than 0.05 and 0.3, respectively.
So, the results obtained from the Y-scrambling test (Fig. 5)

certify the consistency of our model since both the q2 and r2

values are unsatisfactory and the intercept values reached
(aq2 ¼ −0:321 and ar2 ¼ 0:120 ) satisfy the requisite
aforementioned.

Finally, as a solid evidence, we used an external set to
confirm the forecasting capacity of our model. From
Table 4, we can see that the results obtained are close to the
experimental pKi values of the compounds (external set) and,
therefore, our model A can be used to predict the biological
activity of new molecules.

Descriptors analysis

After the model construction and validation, it is interesting to
discuss the meaning of each selected descriptor for the model
and its relevance to explain the biological activity.

BEHe3: the highest values of this descriptor (corre-
sponding to the range of 3.8 to 3.85) are attributed to
the compounds that presented the lowest values of biolog-
ical activity (compounds C17, C19, C20, and C21—
Fig. 6). The regions A, B, and D of these compounds
remain unaltered (Chart 1), whereas in region C, the pres-
ence of bulky groups is observed, a feature that can influ-
ence the molecular recognition process (receptor-ligand in-
teraction). Compound C18 (with a bond triple in region
C) in comparison with compounds C17, C19, C20, and
C21 presented a significant increase in the biological ac-
tivity (pKi C18 = 9.00). We observed that this increase in
the biological affinity is due to the largest number of
electron pairs existent in this region.

RDF145u: in general, the higher values of this descriptor
are attributed to compounds with higher pKi values. When
analyzing compounds 1–13 (Chart 1), a pattern has been

Fig. 2 Detection of outliers for model A

Fig. 3 Experimental versus calculated pKi for the compounds of the
training set

Fig. 4 Leave-N-out tests applied to model A
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identified: all compounds with higher pKi values have substit-
uents in the position 1 of the aromatic ring (region A—Chart
1); among these substituents, the ester moieties are more tol-
erable in this position. As we will see later, chemical substit-
uents of this nature are involved in hydrophobic interactions
with amino acid residues that are responsible for the D2 re-
ceptor inactivation, showing that the volume factor is very
important for increasing the affinity of the compounds.

E1e: the highest values of this descriptor (corresponding to
the range of 0.6 to 0.62) are assigned to compounds C2, C7,
C10, C12, C16, and C18 (Fig. 7). For compounds C2, C7,
C10, and C12, structural differences occur in regionA, where-
as for the compounds C16 and C18, the structural variation is
observed in region C, and besides they are the only ones with
changes in this region that do not have bulky groups as sub-
stituents. Compound C12 has substituents at position 4 of the
ring (region A, Chart 1), reason why the biological activity
decreasea. This indicates that the groups in this position do not

contribute to increase the pKi values because it prevents that
the aromatic ring interacts with Trp100, which is essential for
the D2R inactivation (as we will see from the molecular
docking analyses).

HATS7v: analyses from this descriptor indicated that the
concomitant presence of chlorine and sulfur atoms in the mo-
lecular structure of the compounds studied did not result in a
significantly increase of the biological affinity (Fig. 8),
showing that bulky substituents can influence negatively the
pKi values.

R2v+: higher values of this descriptor are attributed to the
compounds with the lower values of pKi. It is also noted that
compounds with R2v + value equals to 0.12 (compounds
C25, C27, C28, C29, C30, and C32) exhibited intermediate
biological activity, and all of them have sulfur atoms in region
D, showing once again that the presence of bulky moieties in
this region is not suitable.

ELUMO+ 4: this descriptor refers to the LUMO (Lowest
Unoccupied Molecular Orbital) energy of a compound and
shows that the lower the LUMO energy, the greater the ability
to accept electron [53, 54]. The analyses of this descriptor
reveal the highest electronic density regions where the inter-
action among the compounds and the D2R receptor (regions
A andD—Fig. 9) are likely to occur. Subsequent analyses will
show (docking analyses) that these regions are essential to
participate in hydrophobic interactions with the D2R receptor
resulting in its inactivation.

Docking analyses

Once the results from the redocking (see Supplementary
Material) using the co-crystalized ligand validated the
employed protocol (section Material and Methods), we chose
the most (C2) and the least (C17) active compounds to pro-
ceed to molecular docking simulations, allowing to evaluate

Fig. 5 Y-scrambling test applied to model A

Table 4 Predicted biological activity by model A for the test set
compounds

Compound Experimental pKi Predicted pKi Absolute residual

1 8.79 7.06 1.73

2 7.80 7.01 0.79

3 7.38 6.74 0.64

4 7.31 6.61 0.70

5 7.57 7.76 −0.19
6 6.63 7.65 −1.02
7 6.54 7.08 −0.54
8 8.03 7.26 0.77

9 7.30 6.04 1.26

10 7.06 7.50 −0.44
11 8.07 8.21 −0.14
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the binding mode and the types of ligand-receptor interactions
(Fig. 10).

From Fig. 10, we can observe that several hydrophobic
contacts stabilize the binding of C2 within the binding pocket
in D2 (Fig. 10b - amino acids residues in green), such as
Phe198, Ala122, Trp386, Phe389, Phe390, Phe189,
Phe110, Ile184, Tyr416, Trp100, Val91, Trp413, Leu94,
Leu41, Val115, Cys118.

The results from molecular docking simulation indi-
cate the 3.4-dihydroquinolin-2(1H)-one moiety at the
compound C2 interacts both by hydrogen bonding (dot-
ted line in magenta) with Trp413 and pi-pi stacking
interactions (dotted line in blue). In the other extreme,
the methoxybenzene group also interacts by pi-pi stack-
ing contacts with Trp386 (double interactions) and
Phe390; besides it participates of the aromatic H-bond

Fig. 6 Chemical structure of compounds that had modifications in region C

Fig. 7 Compounds that presented the highest descriptor E1e values

Struct Chem



Fig. 8 Compounds with HATS7v values equal to 0.1

Fig. 9 Regions of the molecules that will participate in hydrophobic interactions with the D2R receptor
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interactions (dotted line in green) with Ser197, as we
can see in Fig. 11.

It is known that the residues Leu94, Trp100, e
Ile194 form a hydrophobic pocket that contributes to
the ligand to remain longer within the D2R active site
[55]. These residues interact strongly with compound

C2, and consequently a significant score value (−9.91)
was obtained, which explains the great biological affin-
ity (pKi = 9.52).

The molecular docking results indicate that the least
active compound (C17) also participates in hydrophobic
interactions (residues in green cycles, Fig. 12), but the

Fig. 10 Binding pose of compound C2 within D2R active pocket. a) 3D representation and b) bidimensional diagram

Fig. 11 Main binding interactions between the compound C2 and the D2 receptor

Struct Chem



bulky group at region C (methoxyciclohexane) prevents
3.4-dihydroquinolin-2(1H)-one moiety (region D) to par-
ticipate in hydrophobic interactions with essential amino
acid residues (Fig. 12). These residues do not allow that
the ligand to leave the active site, resulting in a strong
receptor-ligand interaction. The absence of this type of
hydrophobic contacts may be the reason why C17 has a
lower score value (−8.20) when compared with the C2
ones and, consequently, the lowest pKi value (6.84).

Structural modification and design of new
compounds

Based upon the information extracted from the selected
descriptors and the molecular docking simulation

analyses, we made structural modifications in the com-
pounds, in particular at regions A and C (Chart 1), in
order to propose new molecules.

The new molecules were optimized following the
same protocol previously described (methodology sec-
tion) and, subsequently, the descriptors were obtained.
Lastly, we subjected the new compounds to our PLS
model to predict their pKi values.

From Chart 3, we can see that the new proposed
compounds presented relevant biological activity values,
even larger than most of the compounds used to con-
struct the model.

The new compounds obtained (Chart 3) indicate that
hydrocarbons, ester moieties, and halogen atoms are
well tolerated when attached to the benzene ring (region

Fig. 12 a Bidimensional representations of amino acid residues involved
in the interaction with compound C17; b binding pose comparison
between compounds C2 (in magenta) and C17 (in green) - the rigidity
of the methoxyciclohexane moiety in C17 prevents the 3.4-
dihydroquinolin-2(1H)-one moiety from the region D orienting itself in
the proper position to interact by H-bonding with Trp413 and pi-pi

stacking interactions with Trp100. Even so, the residue Trp100 interacts
by hydrophobic contacts with C17; c as the ring centroids distance
(Trp100 and C17) is greater than 5.5A° (5.7A°, edge-to-face), there are
no Pi-Pi stacking interaction, while for C2 the distance between the ring
centroids is 5.2A° and thereupon there is the occurrence of this type of
interaction
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A) since the biological activity values predicted by our
model are quite expressive. In particular, among the
compounds with ester moiety in their structures, it is
worthy to mention that compounds 2 and 5 presented
the highest pKi values (Chart 3). Indeed, analysis from
the descriptor RDF145u had already indicated that ester
moieties attached to the benzene ring (region A) are
well tolerated in this position. In addition, molecular
docking simulations singled out that chemical entities
with these features contribute to increase the hydropho-
bicity of the molecules. As aforementioned, this type of
interaction is essential so that the compounds stay lon-
ger within the D2 receptor active site, which may result
in a slow dissociation of the compounds from the D2
receptor.

Lastly, the analyses from the descriptors BEHe3 and
E1e indicated that bulky alkenyl and alkynyl groups are
profitable in position C as long as they do not increase
considerably the distance between B and D regions
(Chart 1). From this observation, we conducted structur-
al modifications at region C resulting in compounds
with expressive biological affinity, highlighting the
compounds 14, 15, and 16.

Evaluating of the ADME/Tox profile

The new proposed compounds (Chart 3) were submitted
to drug-likeliness analyses (physicochemical and phar-
macokinetic properties) via QikProp module from the
Schrödinger package [44]. The results indicated that
these molecules exhibit ADME/Tox profile within the
desired range (Table 5), and hence the values of these
parameters shed light on their drug-likeness characteris-
tics, which could configure an indispensable starting
point to further experimental procedures.

Conclusions

Computational tools applied to drug design have been
widely employed by both pharmaceutical company and
universities because they reduce time and costs regarded
with the development of one marketable product. In this
work, we constructed a statistical model and performed
molecular docking simulations to extract information on
structural elements involved in the receptor-ligand com-
plex interaction. From this information, new D2R partial
agonist candidates were designed.

We applied several validation procedures to assure
the model A quality, such as detection of outlier ob-
jects, cross-validation test and y-scrambling. Lastly, as
an ultimate proof, we used an external set to ensure the
forecasting ability of our model and certify that it can
be employed to predict the biological activity of new
molecules reliably. Additionally, molecular docking sim-
ulations played an important role in the design of new
compounds, whose pKi values were predicted by our
model.

Among the proposed molecules, we highlight com-
pounds 2, 5, 9, and 11 that presented expressive biolog-
ical affinity values, overcoming even the molecules used
to construct the model A. Furthermore, we underline
that the presence of ester moieties attached to the aro-
matic ring at region A is well tolerated in this position
and contributes to increase the biological activity values.
Likewise, it is essential to emphasize that there are no
bulky groups at region C; otherwise interactions with
important amino acid residues (e.g. Trp100) will not
be conceived. As a consequence, there would be a
faster dissociation of the compounds from the D2 recep-
tor active site, and, therefore, the non-occurrence of the
expected partial agonist effects.

The significant biological activity values obtained
from the new proposed compounds, as well as their
optimum physicochemical and pharmacokinetic proper-
ties values achieved via in silico ADME/Tox prediction,

Changes in the Region A

Changes in the Region C

Chart 3 Design of new compounds from the structural modifications in
regions A and C
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singled out that these new molecules have drug-likeness
characteristics and could be a reliable starting point to
further with experimental studies (chemical synthesis,
in vitro and in vivo analyses) to certify their drugability
parameters.
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