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a b s t r a c t

Alzheimer’s Disease (AD) is the most frequent illness and cause of death amongst the age related-
neurodegenerative disorders. The Alzheimer’s Disease International (ADI) reported in 2019 that over
50 million people were living with dementia in the world and this number could potentially be around
152 million by 2050.5-hydroxtryptamine subtype 6 receptor (5-HT6R) has been identified as a potential
anti-amnesic drug target and therefore, the administration of 5-HT6R antagonists can likely mitigate the
memory loss and intellectual deterioration associated with AD. Herein, computational tools were applied
to design new 5-HT6 antagonists and their biological activity values were predicted by our QSAR model
obtained from Artificial Neural Networks (ANN). The proposed compounds here from the QSAR-ANN
model presented significant biological activity values and some of them have achieved pKi above 9.00.
Furthermore, our results suggest that the presence of halogen atoms (especially bromine) linked to the
aromatic ring at para-position (HYD) contribute considerably to the increase of the biological activity
values while bulky groups in the PI position do not culminate with the increase antagonist activity of
compounds here analyzed. Finally, the ADME/Tox profile as well as the synthetic accessibility of new
proposed compounds qualify them to go on further with experimental procedures and thenceforward
their antagonist effects can be confirmed.

© 2021 Published by Elsevier Inc.
1. Introduction

As a consequence of the increased life expectancy and aging
population worldwide, the number of elderly individuals with
neurodegenerative disorders grown-up exponentially [1]. Accord-
ing to the organization “Alzheimer’s Disease International”, (ADI)
[2], it has been estimated that more than 50 million people
worldwide are suffering from Alzheimer’s disease, and this number
could potentially be around 152 million by 2050.

The clinical and socioeconomic impacts are colossal, as de-
mentia costs are more than US$ 1 trillion, and until 2030 this
number will likely double [3]. Worldwide, between 2000 and 2016,
deaths from some type of dementia had increasedmore than twice,
rising from the 14th to the 5th cause of death compared with other
diseases such as ischemic heart disease, chronic obstructive pul-
monary disease, intracerebral hemorrhage, and ischemic stroke [4].
a).
Among the age related-neurodegenerative disorders, Alz-
heimer’s disease (AD) is not only the most frequent as also the
leading cause of death among elderlies [5e7]. The losses from AD
are associated with progressive and chronic deterioration of
cognitive functions, i.e., memory, speech disruption, space-time
disorientation, forgetfulness, logic reasoning, focus, learning,
change in mood and personality as well difficulted with everyday
activities [8].

A healthy human brain has about 100 billion neurons, 100 tril-
lion synapses, and several neurotransmitters. Brain’s neuronal cir-
cuits interact by synapses leading to release neurotransmitters,
which are in charge of carrying chemical information to other nerve
cells [9]. The way neurons connect to each other leads us to un-
derstand how activity patterns are formed at the cellular level, such
as learning one new language, learning math, chemistry, physics,
and other ordinary activities like eating, walking, talking, dress up,
among others. However, for people stricken by AD, the number of
synapses fall gradually as the disease progresses, impairing the
practice of the activities above mentioned [10e12].
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Hitherto, acetylcholinesterase (AChe) inhibitors (donepezil,
rivastigmine, and galantamine) [13,14] are the therapeutic ap-
proaches administrated to people affected by AD. These pharma-
cological therapies are applied to decrease the degradation rate of
acetylcholine, leading to an increase in the concentration of
acetylcholine in the brain resisting the cholinergic deficit associ-
ated with cognitive impairment from AD. However, there are
several limitations linked to these acetylcholinesterase inhibitors,
namely peripheral side effects (nausea, vomiting, diarrhea and
tremors), and the effectiveness to a small amount of diseased
people that are mostly in mild to moderate stages of AD, and
reasonable rewards in most people that are in advanced phases of
the disease [10]. To overcome this drawback, it is necessary new
alternative therapies for the treatment of Alzheimer’s disease.

Addressing this problem, the 5-hydroxytryptamine subtype 6
(5-HT6) receptor has been called attention to the scientific com-
munity as a potential anti-amnesic drug target [15]. Since it is
mainly expressed in the central nervous system (CNS), assorted
studies [9e12] singled out that this receptor is involved in the
learning and memory processes, and the administration of 5-HT6R
antagonists improve ones.

In the field of the medicinal chemistry, computational and
experimental strategies generate important information in order to
identify new potential drug candidates. In modern pharmaceutic
industries and universities, one of the computational tools
employed in drug design is the Quantitative Structure-Activity
Relationship (QSAR) [16e23]. This method, along with other
methodologies such as pharmacophore-based [23e26] and ho-
mology modeling [27], allowed to identify the leading character-
istic of candidates to 5-HT6R antagonists (Fig. 1), namely:
Fig. 1. Leading characteristic of candidates as 5-HT6R antagonists - Red: positive ionizable a
group (HBA), and Blue: hydrophobic site (HYD). (For interpretation of the references to col
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➢ a positive ionizable atom (PI);
➢ a hydrogen bond acceptor group (HBA);
➢ a hydrophobic site (HYD);
➢ an aromatic ring-hydrophobic site (AR)

Usually, the PI group is either a piperazine ring or similar groups,
HBA is represented by a sulfonamide or sulfone moiety, HYD is
figured by fused hydrophobic aromatic rings (naphthalene or
halogen-substituted benzene, benzothiophene, or indole). Whereas
the AR group is represented by aromatic heterocyclic rings (pyri-
dine, benzimidazole, or quinoline). These are the key structural
characteristics desirable for the inactivation of the 5-HT6 receptor
as set out by L�opes-Rodríguez and co-workers [24].

Some researches [10,27] have singled out that the interaction of
the AR moiety with 5-HT6 receptor eschew the inward movement
of the transmembrane domain (TM)6 in direction to TM3, inacti-
vating it. Likewise, the findings [10,27] have indicated that the AR
moiety also interacts with the extracellular loop 2 (EL), resulting in
blocking both EL2 and TM6 in the inactive conformation. The HYD
moiety prevents the movements of TM3 and TM5, helices that
activate the 5-HT6 receptor. The PI (usually piperazine) group in-
teracts with aspartate of TM3, while the HBA moiety prevents the
conformational transition of TM3 through of the cysteine toward
TM7 throughout the process of 5-HT6 receptor activation (Fig. 1).

Using computational tools, several groups of researches [28e30]
had dedicated to studies on the 5-HT6 receptor. These groups were
limited to construct QSAR models and to analyze the interaction of
this receptor with their antagonists.We took a step further and new
compounds were designed, for which biological activities were
predicted by our QSAR model using the partial least squares (PLS)
tom (PI), Yellow: aromatic ring-hydrophobic site (AR), Green: hydrogen bond acceptor
or in this figure legend, the reader is referred to the Web version of this article.)
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method, as reported recently [31]. Herein, in addition to our last
study [31], and to large the number of potential antagonists of this
receptor, we used Artificial Neural Networks (ANN) to understand
the structure-activity of a series of compounds with activity against
the 5-HT6 receptor taking into account some structural character-
istics presented by L�opes-Rodríguez and co-workers [24]. Next, we
designed new candidates as anti-amnesic compounds, whose bio-
logical activity values were predicted by the ANN model.

2. Materials and methods

2.1. Data set

81 compounds were selected from the literature [32] taking into
account the characteristics described in Fig. 1. Also, the compounds
set presents structural diversity and biological activity over a range
of values represented by their inhibitory constants (pKi), as illus-
trated in Table 1.

The structures of the selected compounds (Table 1) were opti-
mized at B3LYP/631-G (d,p) [33,34] using the Gaussian 09 software
package [35]. Then, from the optimized structures, the electronic
descriptors were extracted and molecular descriptors were ob-
tained using the E-dragon platform [36]. Next, in the first screening,
the descriptors were selected by the correlation coefficients of
Pearson-R (Eq. (1)) between each descriptor and the pKi values. The
correlation coefficient value indicates the degree of linearity be-
tween the descriptors and the pKi values for each compound. The
descriptors, whose coefficient values were less than |0.3| in
modulus, were excluded.

R¼
Pn

i¼1ðxi � xÞðyi � yÞffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPn
i¼1ðxi � xÞ2

q ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPn
i¼1ðy1 � yÞ2

q (1)

where xi represents the descriptor values, yi refers to the biological
activity values, and x and y are arithmetic means of both x and y
variables.

Even on, a plethora of descriptors remained, for which we
employed the Genetic Algorithm (GA)method [37] as implemented
in BuildQSAR [38] to narrow down the descriptors most correlated
with the biological activity. Finally, we constructed our Artificial
Neural Networks (ANN) model using MATLAB R2015a [39].

3. Theory

3.1. Genetic algorithm

One of the precautions in the construction of multivariate
models is the stage of descriptor selection. It is necessary to ensure
that the descriptors are the most relevant to explain the structural
variation of compounds before their biological activity. Genetic
Algorithm (GA) is a computational search method that brings light
to this task, besides being one of the most useful in the drug design
field [40].

The GA method is based on evolutionary concepts such as se-
lection, crossover and mutation in which copies of the fittest in-
dividuals are reproduced in the next generation [37]. In the drug
design field, these concepts are employed (amongst other appli-
cations) to select molecular and electronic descriptors, which will
later be used in the construction of statistical models, such as QSAR-
ANN ones.

Along the time, the population develops itself in nature to
assure their survival that briefly occurs through three phases: a
crossover to continue and improve the quality of the individuals
from the same species; natural selection to choose the most
3

adapted individuals; genetic mutation to produce new species.
Such processes are based on Darwin’s evolution theory, which
inspired the development of the GA method in 1960 by John
Holland [37].

The GA technique generates one population with possible so-
lutions for a given problem (initial population) and, subsequently,
this population is submitted to an evolution process, as illustrated
in Fig. 2, where the results are evaluated by the analysis of the
statistical parameters in which the fittest individuals are selected.

In the stage of descriptors selection to the model construction,
the search procedure operated by the genetic algorithm method
works as follows (Fig. 3): (1) it is needed one N set of regression
equations named as first-generation (G1) with N variables; (2) each
equation (E) represents one individual (For example, E1,1 means
individual 1 from the G1); (3) each individual has two genes (var-
iables); (4) the sum these variables represent one chromosome.

The assessment consists in analyzing each R-value (R1,1 to R1,4 -
Fig. 3) for each regression equation. The best R-value is equals to
0.89, so this value is considered the most promising solution so far.
It is seen that the most adapted individuals (first three individuals,
R1,2 ¼ 0.88, R1,2 ¼ 0.89 and R1,3 ¼ 0.84, respectively) move on to the
next stage and then the fourth individual is randomly selected [41].

In the next phase, there is the crossing among genes form of one
or more individual’s pairs to that the new ones inherit from their
parent’s genes (the crossing has performed between individuals
with theworst R values, R1,3’, and R1,4’). In the stage of mutation, one
or more variables of any individual presented in the G100 generation
is replaced by another that does not exist among these that
remained. To ensure that there has been an evolution, the sum R2,1,
R2,2, R2,3, and R2,4 values (

P
R2 ¼ 3:64Þ from the G2 generation

must be greater than R1,100, R1,200, R1,300, and R1,400 values ð
P

R1 ¼ 3:14)
from the G100 generation [41]. Finally, after the descriptor selection,
the multivariate model is constructed.

3.2. Artificial neural networks

Machine learning is one of the computational approaches that
provide results most rapid and more efficient with low computa-
tional resources in the field of computer-aided drug discovery
[42,43]. The relationship between chemical structure and biological
activity of the compounds is processed using pattern recognition
algorithms and so extrapolation to predict the pKi value of new
compounds, as illustrated in this study. The conventional QSAR
models, namely Hansch analysis, use basic linear regressionmodels
to correlate dependent variable (experimental property, for
example, pKi) with independent variables (chemical descriptor
values) although groundbreaking and efficient, these models are
limited since that the relationship between theses variables is not
always linear. Machine learning such as artificial neural networks
(ANN) addresses this drawback, modeling nonlinear datasets [44].

The artificial neural networks method has been broadly
employed to explain properties of small molecules [45] and it is
sorted as supervised learning [43], in which the labels (pKi) are
attributed to the training data and, once trained, the constructed
model is employed to predict labels for new data inputs. ANN
method is a mathematical model inspired by operations of the
biological neuron [44,46,47] where the propagation signals are
activated by neurotransmission. Basically, each neuron receives
several inputs signals (similar to dendrites) and executes them
using the weighted sum that passes through a transfer function
(alike to cell body) to produce the output signals to the next neu-
rons layer (similar to axons), as we see in Fig. 4.

ANNs learn the relationship between input (descriptor) and
output (biological property, pKi) data by experience using a given
learning algorithm. Summarily, the network learns as follows:



Table 1
Structure and biological activity values of the 5-HT6 antagonists selected to construct the ANN model (the test set is underlined and the validation set is in blue).
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Fig. 2. General representation of the GA method.
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neural activity is established by synaptic weights that in turn
determine the expected answer (pKi), and finally, through of the
obtained answer we can determine the network’s error. If errors are
not suitable, we can reduce them by executing a few minor alter-
ations in the synaptic weights and then, we can train the neural
network again to obtain the predictive power model [48,49]. The
weight update is performed making use of Eq. (2).
7

DWi;j;n ¼ Fn þ aWi;j;n�1 (2)

wherein DWi;j is the modification in the weight factor for each
network node, a is the momentum factor, and F is a weight update
function, which the role is to inform how weights are altered
throughout the apprenticeship [50]. In this work, the Levenberg-
Marquardt (L-M) algorithm was used as a weight update function,
which stops automatically the network training when a significant
increase in the error is observed [51].

3.3. Data normalization

To ensure that the ANN-QSAR model to be generated has
satisfactory accuracy, it is necessary that the data set (dependent
and independent variables) were normalized. This procedure pre-
vents the algorithm used in the model generation provides biased
results towards samples with higher magnitude order. So, to that
data be comparable, we normalized them between 0 and 1 (Eq. (3)).

X0
i ¼

ðXi � XminÞ
ðXmax � XminÞ

(3)

where X0
i is the normalized value, Xmax and Xmin are maximum and

minimum input values of the dataset.

3.4. Model validation

The most important step to construct a multivariate model is its
validation. In this work, the leave-N-out cross-validation procedure
was employed [52,53], in which N samples were left out of the
model construction, and then the biological activity of these sam-
ples was predicted by our model (using the ANN technique, this
procedure is performed through the validation set). Another



Fig. 3. Example of the search procedure operated by the GA method: (A) initial population; (B) natural selection; (C) crossover; and (D) mutation. Figure adapted from Ref. [41].

Fig. 4. Simplified diagram for the operation involving the ANN technique.
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approach applied was the Y-randomization test [54] to ensure that
was no haphazard correlation between the biological activity and
the descriptor values. This test consists of scrambling the activity
values for being assigned to other samples resulting in poor sta-
tistical models. Finally, we used a test set as the ultimate proof to
attest the predictive power of our model.
4. Results and discussion

4.1. Descriptor selection

1250 descriptors were calculated (for example, geometrics, to-
pological, 2D autocorrelation, and electronic descriptors) which
were submitted to the Pearson correlation matrix to a pre-
8

screening and thus to cut off the less correlated descriptors with
the biological activity. From this screening, 181 descriptors
remained, and, for these, the genetic algorithm method was uti-
lized to select whose ones that most contributed to the biological
activity. Next, we constructed 200 models varying the main sta-
tistical parameters, such as number of generations (600e1000),
number of descriptors (5e9), multiple determination coefficient (r),
standard deviation (S), F test (F), and cross-validation correlation
coefficient (q2). From these analyses, we selected the following
descriptors (Table 2):

The generation (Gi) equal to 600 means the number of times
that GA searched the best descriptors. The 0.9 criterion indicates
that the descriptors more correlated with one another were
excluded. Table 3 presents the categorization for each descriptor
and their definitions (the values of the descriptors are displayed in
Supplementary Material).
4.2. Construction of the QSAR-ANN model and validation

To construct the ANN-QSAR model, we used the network type
Multilayer Perceptron (MLP) with the architecture 8-20-1 (8 neu-
rons in the input layer, 20 neurons in the hidden layer, and 1 neuron
in the output layer), logsin-tansig as transfer functions, and the
Levenberg-Marquardt as the training algorithm. Next, the network
was divided into three sets: training (70%), test (20%) and validation
(10%). Besides the three sets, one model including all compounds
was also generated and its R2 value was compared to the R2 value
from the training set. As we can see (Fig. 5) both values are close,
meeting the requirement proposed by the good practice in QSAR
studies [53].



Table 2
Statistical parameters analyzed to select the main descriptors by GA.

Gi Criterion Selected descriptors r S F q2

600 0.9 JhetZ, BEHm2, GATS3p, GATS1p, RDF025u, Au, H3v, EHOMO(-2) 0.77 0.45 13.13 0.52

Table 3
Description of the selected descriptors.

Descriptor Class Definition

JhetZ Topological Balaban-type index from Z/weighted distance matrix
BEHm2 BCUT (Burden- CAS University of Texas Eigen values) Highest eigenvalue n-2 of Burden matrix/weighted by atomic masses.
GATS3p 2D Autocorrelation Geary autocorrelations- lag 3/weighted by atomic polarizabilities.
GATS1p Geary autocorrelations- lag 1/weighted by atomic polarizabilities.
RDF025u RDF (Radial Function Distribution) Radial distribution function �25/unweighted
Au WHIN (Weighted Holistic Invariant Molecular) A total size index/unweighted
H3v GETAWAY (Geometric Topology and Atom Weights Assembly) H autocorrelation of lag3/weighted by atomic van der Waals volumes
EHOMO(-2) Quantum Energy of the HOMO(-2) orbital

Fig. 5. R2 values for the training and full sets.
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From Fig. 5 we can see that the correlation coefficient (R2) values
for both models explain 82 (training set) and 80% (full set) infor-
mation of the original data. The dashed line (in magenta color)
represents the ideal results, in which the predicted pKi values are
equal to the experimental pKi values, while the blue (training set)
and black (full set) lines illustrate the best fit found by our neural
network.

To ensure the robustness, the predictive ability, and the
goodness-of-fit of our model, two other sets were generated (test
and validation sets- Fig. 6), which presented the R2

Test ¼ 0.82 and
R2

Validation ¼ 0.81 values. It is important to observe that both R2

values (full compounds, training, test and validation sets - Figs. 5
and 6) remained close to each other, indicating the model signifi-
cance. The test set is used as the ultimate proof of the model pre-
dictive power, and the validation set is necessary for certifying that
the neural network has no overfitting. We can argue that this set
(validation) can also act as a cross-validation test since the errors
obtained from this procedure are used to estimate the model pre-
dictive capacity as well as its robustness. Moreover, from the error
analyses, the network can be trained again to obtain more prom-
ising results.

The neural network performance was assessed through Mean
Squared Error (MSE) for the training, test, and validation sets
(Fig. 7). We emphasize that having an exacerbated MSE for the
9

validation set, the Levenberg-Marquardt algorithm automatically
halts the network training, indicating that the network must be
retrained.

The green circle shows the best neural network performance,
where the minimum MSE was reached. As expected, for an ANN
model to be considered robust, the error regarding the training set
must be below the error from other subsets. Also, if the error from
the test set increases significantly when compared to the validation
set error, it is possible that overfitting in the model occurred. As
illustrated in Fig. 7, this assumption was not observed, indicating
the obtained model is trustworthy.

Table 4 contains the predicted pKi values for the test set and the
associated errors. It is worth mentioning that the vast majority of
the compounds exhibits errors of less than 5%, except the com-
pound 78 (5.81%). In the face of the small errors, we confirmed
again the model robustness.

It was also analyzed if there are outlier samples, and the results
are displayed in Fig. 8. As we can see in Fig. 8 none sample with
anomaly behavior was detected (all results for this analysis are
presented in Supplementary Material). So, this is another test that
certifies the model predictive ability.

We performed the Y-randomization test from shuffling the pKi

values by 80-fold and excluding one sample (leave-one-out) for
each randomization. This test shows the randomized model with



Fig. 6. R2 values for the test and validation sets.

Fig. 7. Mean Squared Error for the training, test, and validation sets versus the number of epochs.
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inconsiderable q2 and r2 values when compared to the real model
value (located in the upper right quadrant of the graph-Fig. 9),
proving that our QSAR-ANNmodel there has no obtained randomly.

Since our model went through several statistical tests, we
selected from the ChEMBL [55] database a class of 5-HT6 antago-
nists with different molecular structures (molecular structures in
Supplementary Material) so our model predicts the respective
biological activity value (the chemical structures of the antagonists
were optimized using the same protocol described in section 2.1 as
well as the descriptors values). Afterward, the experimental and
calculated pKi values were compared and as it is seen in Fig. 10, the
pKi values predicted by our model are very close to the experi-
mental ones.
10
It is worth to mentioning that compound 215945 (ChEMBL ID)
had a predicted pKi value, by our ANN model, equal to the experi-
mental result (Table 5, compound in bold). Therefore, the results
(Table 5) are a robust proof that certifies the forecasting ability of
our model to predict the biological affinity of new molecules as
putative 5-HT6 antagonists.

We also emphasize that the compounds (molecules 411, 808,
402143, 2159463, 2159456 and 3260806), whose structural char-
acteristics differ greatly from the ones mentioned by L�opes-Rodrí-
guez and co-workers [24] (Fig. 1), have a low biological affinity and
our ANN model was able to predict the biological activity of these
compounds with a small margin of error, as we see in Table 5.



Table 4
Residues calculated for the test set.

Compounds Experimental pKi Predicted pKi Absolute residual Relative residual %

11 7.53 7.52 0.01 0.13
21 7.04 7.28 �0.24 3.41
25 7.51 7.64 �0.13 1.73
27 7.76 7.58 0.18 2.32
28 7.45 7.51 �0.06 0.81
35 7.94 7.90 0.04 0.50
36 7.84 8.01 �0.17 2.17
42 7.99 7.93 0.06 0.75
52 7.30 7.57 �0.27 3.70
68 8.12 7.86 0.26 3.20
73 6.44 6.32 0.12 1.86
75 6.88 6.82 0.06 0.87
76 6.46 6.64 �0.18 2.79
77 6.40 6.24 0.16 2.50
78 6.54 6.16 0.38 5.81
81 6.46 6.15 0.31 4.80

Fig. 8. Detection of outliers in function of error.

Fig. 9. Y-randomization test applied to QSAR-ANN model.
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4.3. Analyzing the meaning of the selected descriptors

The classification of the selected descriptors is based on the
dimension of its structural representation, for example, 2D and 3D
descriptors (Fig. 11). The 2D descriptors (JhetZ, BEHm2, GATS3p,
GATS1p) are ones of unique values extracted from 2D representa-
tions of compounds, as illustrated in Fig. 11a. From these de-
scriptors, it is possible to extract important information, for
instance, size, degree of branching, flexibility, the neighborhood of
atoms as nitrogen, oxygen, and bromine atoms (of which we can
obtain information about electrostatic and steric effects, and overall
2D shape). On the other hand, the 3D descriptors (Au, RDF025u,
H3v, and HOMO(-2)) have substantial importance in the molecular
recognition process between compounds and molecular targets.

Topological descriptor (JhetZ): this descriptor is allocated
among the molecular graph descriptors, in which the chemical
structure of the compound is converted into a molecular graph.
Since the physical properties of the molecules are intrinsically
related to their molecular geometry, the topological indices
describe themolecular shape andmodel it from physical properties



Fig. 10. Experimental versus predicted pKi for the selected compounds from the
ChEMBL database.

Table 5
Predicted pKi values by our ANN model.

CHEMBL ID Experimental pKi Predicted pKi Absolute residual

411 5.22 5.38 �0.16
808 5.30 4.29 1.01
62193 6.21 5.80 0.41
24474 9.94 9.16 0.78
402143 5.41 5.97 �0.56
484164 8.55 8.58 �0.03
482990 8.37 7.85 0.52
506736 8.16 8.00 0.16
483559 7.94 8.04 �0.10
482748 7.54 7.63 �0.09
347335 6.80 7.23 �0.43
2159470 6.59 6.57 0.02
2159463 5.42 6.24 �0.81
2159464 6.06 5.88 0.19
2159481 6.49 6.66 �0.17
2159456 5.56 5.56 0.00
154641 8.60 8.45 0.15
46071 7.92 7.65 0.27
3260792 7.32 7.00 0.32
3260806 5.72 5.74 �0.02
1834222 7.04 6.62 0.42
1834351 7.04 6.59 0.45
3260790 7.16 6.90 0.26
60669 8.00 8.27 �0.27
95136 8.85 8.88 �0.03
434365 7.42 6.81 0.61
378656 7.77 7.24 0.53
413049 6.76 6.46 0.30
433461 7.33 7.06 0.27

Fig. 11. Dimensionality of the structural representations-(a) 2D and (b) 3D descriptors.
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with good precision [56]. The descriptor JhetZ is a Balaban-type
descriptor (Table 3) coded as a distance matrix, being a highly
discriminated descriptor, which single out the existence of het-
eroatoms and multiple bonds in the compounds [57]. For the series
of compounds under study (Table 1), most molecules presented
value equal to 2 for JhetZ descriptor, except for the compounds 65,
67, 73, and 75 (Fig. 12), which exhibited value equal to 1.

From JetZ descriptor values, we observed the following
characteristics:

� all compounds that presented more than 3 rings (number
cyclomatic) have Balaban index equal to 1;
12
� compounds that have no sulfone moiety or any group with
similar characteristics (HBA moiety) had Balaban index equal to
1 (compounds 65 and 67). Thus, this descriptor singles out the
importance of the presence of these groups for the molecular
recognition process;

� molecules that have aromatic rings (acetophenone and toluene,
compounds 73 and 75, respectively) attached to PI moiety
exhibited the Balaban index equal to 1 and the biological activity
value below 7, indicating that these aromatic rings are not
important to the increase of the 5-HT6 antagonist activity of the
compounds.

BCTU descriptor (BEHm2): this type of descriptor describes the
moleculegeometryandcombines several atomicproperties inunique
value using a matrix whose diagonal elements include atomic num-
ber, polarizability and information about H-bond [57]. BEHm2 is
weighted by the atomicmasses andwe observed that, in general, the
highest valuesof thisdescriptorare attributed to the compoundswith
the highest biological activity. However, the compounds 77 and 78
presented values equal to 6 (all values are presented in Supplemen-
tary Material) but have low pKi values (Fig. 13).

Some characteristics from the analysis of the descriptor BEHm2
include: (a) bulky groups at the PI position do not contribute to the
increase of the pKi values of the compounds; (b) halogens attached
to the AR moiety are not tolerated, thus they do not contribute to
the increase the antagonist activity of the compounds and (c) in
general, o-bromobenzene or p-bromobenzene are important for
the molecular interactions (Receptor-Ligand).

2D Autocorrelation (GATS3p and GATS1p): these descriptors
represent the relation between values of a unique variable (for
instance, polarizability) for atoms in a molecule with 2D structural
representation. Mathematically, they are defined as [57]:

ACk ¼
ðb

a

f ðxÞ:f ðxþ kÞ:dx (4)

wherein f ðxÞ represents some functions of the variable x (for this
study, f ðxÞ is related to polarizability); k is the lag (it represents the
topological distance for the selected descriptors in this study) that
illustrates an interval of x (a and b). The function ACk is obtained
from the sum of the products of the function f ðxÞ values computed
at x and xþ k range [57].

In terms of molecular graph, the descriptor (GATS) can be
defined as [55]:



Fig. 12. Compounds with JetZ value equal to 1.

Fig. 13. Compounds with BEHm2 value equal to 6 but low pKi values.
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in which wi is some atomic property (polarizability for this study),
w represents the mean value of polarizability, A refers to the atomic
number, dij represents the topological distance between i and j
atoms, and dðdij; kÞ expresses the Kronecker delta�
di;j ¼ 1 if di;j ¼ k
di;j ¼ 0 if di;jsk

�
, Dk symbolizes the number of atom pairs

when the distance is equal to k [54]. The range of values between
0 and 1 shows positive autocorrelation, whereas values larger than
1 indicate an inverse correlation. Putting in another way, the atoms
of the molecules represent a set of discrete points in a 3D space in
which the function related to the atomic property (polarizability) is
computed in these points [57]. Thus, both GATS3p and GATS1p
descriptors refer to the autocorrelation of polarizability in intervals
of topological distance equal to the lag value.

All compounds here studied presented values equal or larger
than 1 for both descriptors (GATS3p and GATS1p). For GATS3p (see
values in Supplementary Material), there is no autocorrelation at
intervals of topological distance equal to 3, while for GATS1p with
lag equals to 1 there is an inverse autocorrelation. Indeed, the
13
compounds with the highest biological activity have halogen atom
(Br-halogenwith large polarizing power) in the hydrophobic region
(HYD - Figs. 1 and 12). Therefore, the polarizability in this region is
equal for the compounds 58, 61, 69, and 70 (blue dotted circle in
Fig. 14). Analyzing the PI and AR moieties of these compounds,
there are different polarization moieties in these regions (yellow
and red dotted circles in Fig. 14).

RDF025u: this descriptor is defined as Radial Distribution
Function e 2.5/unweighted, which belongs to the Radial Distribu-
tion Function (RDF) class. RDF descriptors are based on the
geometrical representation of the distance distribution for a
molecule and a radial distribution function code (RDF code) is
established. This code provides important information about the
three-dimensional arrangement of the atoms and can represent
specific information to specific atom types or distance ranges, such
as structure-activity properties of a molecule [57].

For the compounds studied in this work, RDF025 presented
values of 28, 35 to 50, 52 and 54. The lowest value of these
descriptor (28) was attributed to the compound 67, which has the
lowest biological activity.

All compounds with the RDF025 values in the range 35e38
exhibited at least one halogen atom in their molecular structure
(with exception of the compounds 68 and 80). We can highlight the
compounds 2, 4, 32, 69 and 70, which presented pKi greater than
7.99 and a bromine atom attached at the 20 or 40 position in the HYD
moiety, evidencing the importance of the bromine atom fixed at
these positions to increase the antagonist effect of the compounds
(Fig. 15).

All molecules that presented RDF025 above 49 (compounds 35,
39, 49, 59, and 62), have both the methoxy substituent attached at
40, 50, or 60 positions and the isopropyl substituent at the 40 position.
These compounds are among those that have the highest biological
activity of the dataset (the exception is compound 49, which pre-
sented a moderate pKi value). Thus, the methoxy substituent in 40,
50, or 6’ positions and isopropyl in 40 position contribute enor-
mously to the increase of the biological activity (Fig. 16).

Au: the descriptor Au belongs to Weighted Holistic Invariant
Molecular (WHIN) class, which provides important 3D information
on the molecule, such as molecular size, shape, symmetry, and
atom distribution concerning invariant reference frames. WHIN
descriptors are geometrical descriptors based on a statistical index
calculated from the atoms along the principal axes, being classified
as directional and global descriptors [57]. Au descriptor is defined



Fig. 14. Analysis of GATS3p and GATS1p for the compounds with the highest values of biological activity.

Fig. 15. Compounds that presented RDF025 values varying from 35 to 38.

Fig. 16. Compounds that presented RDF025 values above 49.
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as a total size index/unweighted and is classified as a global WHIN
descriptor [57]. Au descriptor gives a global dimension on the
molecular feature and the eigenvalue of Au is related to linear and
quadratic contributions to the molecular size [57]. In this study, the
lowest value of Au (Au ¼ 33) is related to compound 67, which also
presented the lowest biological activity value (pKi ¼ 6.32) when
compared to the set of compounds studied in this work (Table 1).

H3v: This descriptor is defined as H autocorrelation of lag 3/
weighted by atomic van der Waals volumes. H3v belongs to
GETAWAY (GEometry, Topology, and Atom-Weights AssemblY)
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class, which is calculated from the leverage matrix obtained from
the centered atomic coordinates (molecular influence matrix/MIM)
[58].

The H3v descriptor has single values (1 or 0) for the compounds
studied. Most compounds have H3v values equal to 1, except
compounds 67 and 80 (H3v ¼ 0). Compounds 67 (pKi ¼ 6.32) and
80 (pKi ¼ 6.58) are among the molecules of dataset with the lowest
biological activity values. Moreover, both compounds 67 and 80 do
not have halogen atoms in their structures while the most active
compounds have them. Therefore, the H3v descriptor shows that
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halogen atoms contribute to increase the antagonist activity of the
compounds against the 5-HT6 receptor.

EHOMO(-2): This electronic descriptor represents the energy of
HOMO (High Occupied Molecular Orbital) for a molecule and in-
dicates its capacity to donate electrons. The higher EHOMO(-2) values,
the more likely the molecule is capable of donating electrons
[59e61]. This descriptor expresses the energy value of the third-
highest occupied molecular orbital and it evidenced the impor-
tance of the presence of PI moieties, as the electronic transfer
process is likely to occur. Indeed, the presence of nitrogen atoms
proves this premise, as we can see in Fig. 17, in which the orbital
Fig. 17. Orbital representation of HOMO(-2) for the most active molecules (compounds 62 and
67 and 81).

15
representation of HOMO(-2) is exhibited for the most active mole-
cules (compounds 62 and 70), as well as the moderate ones
(compounds 63 and 48) and the least active ones (compounds 67
and 81).

4.4. Design of new 5-HT6 antagonists

To design new 5-HT6 antagonists, we modified the AR, HYD and
PI moieties based on the analysis of the descriptors and then we
examined if there was an increase of the biological activity values
(Table 6):
70), as well as the moderate (compounds 63 and 48), and the least active (compounds



Table 6
Proposed compounds from the QSAR-ANN model analyses.
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Table 8
Estimation of the synthetic accessibility of new compounds.

Compound Score Compound Score

A1 5.20 A11 4.17
A2 3.87 A12 3.92
A3 2.88 A13 3.27
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(a) in the AR moiety we replaced indole by an of the indazole
group (this alteration remained fixed for all design
compounds);

(b) we made several modifications in the PI moiety;
(c) other changes were also performed in the HYD group;
(d) several times, the modifications were made in the PI and

HYD moieties simultaneously.

Finally, the proposed compounds were submitted to our ANN
model so that their biological activity values could be predicted, as
presented in Table 6.

For compounds A1, A2, A3, A4, A5, A6, and A7, the AR and HYD
moieties remained unchanged, while gradual changes were per-
formed in the PI moiety. From compounds A1 through A7, we
highlight the significant biological activity values for A1
(pKi ¼ 8.06), A3 (pKi ¼ 7.79) and A4 (pKi ¼ 8.03) predicted by our
QSAR-ANNmodel. As aforementioned (Section 4.3), bulky groups in
the position PI are not profitable, indeed all compounds that pre-
sented this characteristic did not exhibit reasonable pKi values
(compounds A8, A9, and A11). We also insert halogen atoms (Br, Cl,
and F) in several positions of the HYD moiety, and these changes
resulted in higher pKi values for some of the new compounds and
reasonable pKi values for others. Indeed, several halogen atoms
linked to the aromatic ring do not contribute to the increase of the
antagonist activity (compounds A8 and A9), whereas the presence
of bromine in several positions at naphthalene and cyclohexane
resulted in excellent pKi values (compounds A10, A13, A14, A15,
A16, A17, A18, and A19).
A4 3.60 A14 3.18
A5 3.78 A15 3.15
A6 3.22 A16 3.18
A7 3.13 A17 5.16
A8 3.00 A18 3.27
A9 2.78 A19 3.33
A10 4.21 A20 3.24
4.4.1. Estimation of the ADME/Tox profile
Finally, we analyze the drug-likeness properties (physico-

chemical and pharmacokinetic properties) of the new designed
compounds (Table 7) using QikProp module from the Schr€odinger
Table 7
Estimation of the ADME/Tox properties of the new proposed compounds.

Compound MW HBdon HBaccp QPlogPo/w QP

A1 371.496 0.00 6.000 2.879 �3
A2 383.507 1.00 5.500 3.457 �4
A3 355.454 0.000 4.000 4.234 �5
A4 355.454 1.00 5.500 2.969 �4
A5 369.481 0.000 6.000 3.441 �4
A6 385.523 0.000 6.000 3.511 �4
A7 341.427 1.00 5.500 2.761 �4
A8 424.440 1.00 6.500 3.287 �5
A9 384.332 2.000 7.700 1.392 �4
A10 429.374 3.000 7.000 2.400 �3
A11 428.386 2.000 5.500 3.862 �5
A12 411.316 2.000 7.000 2.247 �5
A13 471.371 1.000 6.500 3.051 �4
A14 471.371 1.000 6.500 3.342 �4
A15 471.371 1.000 6.500 3.327 �4
A16 471.371 1.000 6.500 3.255 �4
A17 471.371 1.000 6.500 3.262 �4
A18 471.371 1.000 6.500 3.318 �4
A19 471.371 1.000 6.500 2.986 �4
A20 426.920 1.000 6.500 3.010 �4

Description of each property from reference [63].
MW- Molecular weight (130.0e725.0 Da).
HBdon e Recommended number of hydrogen bond donor groups (0.0e6.0).
HBaccpt e Recommended number of hydrogen bond accept groups (2.0e20.0).
QPlogPo/w e Predicted octanol/water partition coefficient (�2.0 to 6.5).
QPlogS e Predicted aqueous solubility, log S (�6.5 to 0.5).
QPPCaco e Predicted apparent Caco-2 cell permeability in nm/sec. (<25 poor, > 500 op
QPlogBB e Predicted brain/blood partition coefficient. (�3.0 to 1.2).
PHOA e Predicted human oral absorption on 0e100% scale. (>80% is optimum, <25% is
PSA - Van der Waals Surface area of polar N and O atoms as well as carbonyl atoms (70
R05 e Rule of five (Mol_MW < 500, QPlogPo/w < 5, donor HB � 5, and accept HB � 10).
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package [62]. Drug-likeness properties of these compounds indi-
cated that they have desired ADME/Tox profile (Table 7) and hence
they can go through the experimental approaches.

Regarding synthetic accessibility of new molecules, we used the
SwissADME [64] tool to evaluate them and the outcomes showed
that none of the proposed compounds has a high difficulty degree
(on a score from 1 to 10, where 1 is very easy and 10 is very difficult)
as we can see in Table 8.

5. Conclusions

Artificial intelligence techniques have long been applied in
several branches of science to solve various problems. In the field of
drug discovery, the application of these techniques is growing with
the increase of the computational power. In this work, we con-
structed a QSARmodel using Artificial Neural Networks and for this
purpose, the Genetic Algorithm method was essential to select the
descriptors that more contributed to understand the structure-
activity relationship of the 5-HT6 antagonists here studied.
logS QPPCaco QPlogBB PHOA PSA R05

.396 137.849 �0.715 82.095 72.673 0

.939 115.551 �0.719 84.108 79.380 0

.837 674.102 �0.919 100.000 71.112 0

.324 134.002 �0.640 82.402 79.490 0

.761 587.204 �0.988 96.651 70.923 0

.164 187.242 �0.608 88.172 70.444 0

.106 118.084 �0.785 80.199 79.209 0

.098 131.158 �0.338 84.093 80.935 0

.292 32.691 �2.028 62.204 134.109 0

.750 151.099 �0.525 80.004 86.854 0

.782 579.288 �1.052 100.000 79.617 0

.345 184.071 �1.379 80.638 100.401 0

.419 114.591 �0.440 81.667 82.595 0

.876 131.733 �0.308 84.453 79.699 0

.908 123.735 �0.335 83.878 79.806 0

.761 123.703 �0.342 83.451 79.763 0

.770 124.519 �0.340 83.549 79.787 0

.898 121.730 �0.345 83.699 79.905 0

.189 116.321 �0.380 81.398 79.566 0

.363 114.824 �0.443 81.440 82.853 0

timum).

poor).
e200.0).
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Once our QSAR-ANN model has been constructed, we applied
several validation procedures to certify its robustness and predic-
tive power. Among all tests, we believe that the test set is the ul-
timate proof that ensures the model significance however, to have
no doubt about our ANN model usefulness, we verified its predic-
tive power against different chemical classes of 5-HT6 antagonists,
and the outcomes certified its performance. Indeed, by analyzing
the descriptors as well as the structure-activity relationship, we
designed new 5-HT6 antagonist compounds, which presented good
biological activity values and among themwe highlight compounds
A10, A13, A14, A16, A17, A18 and A19, which exhibited pKi values
above 9.00.

We also emphasize that the presence of halogen atoms (mainly
Br) linked to the aromatic ring in para-position (HYD moiety)
contributes significantly to the increase of the biological activity
values, whereas the bulky groups in the PI position are not profit-
able. Lastly, the drug-likeness properties obtained via ADME/Tox
estimation, as well as the synthetic accessibility, qualify these new
compounds to move on to further experimental studies and
thenceforward their antagonist effects can be confirmed.
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