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A B S T R A C T

Alzheimer's disease (AD) is a brain disorder that is known to be one of the deadliest diseases affecting humanity,
especially adults from the age of sixty (60) years and above. It mostly affects thinking ability, behaviour and social
skills, eventually, AD causes the brain to shrink and brain cells to die. To curb the menace of this disease, virtual
screening of potent, non-toxic hybrid natural therapeutic inhibitors was performed on some inhibitors of AD. We
performed simulations on the screened compounds and predicted their druggability. A model with satisfactory
statistical properties was developed in this study. The ligands underwent molecular docking, C-19 exhibited the
highest docked score of �12.8 kcal/mol against the target, while the referenced compound (harmine) indicated
the lowest docked score of �8.2 kcal/mol. The docked complex was validated using molecular dynamic simu-
lations. Trajectory plots of C-19 were obtained and found to be stable. C-19 was stable during the 100 ns intervals
which implies that the compounds were better than the referenced compound. In addition, ADMET has
demonstrated that these ligands have good pharmacokinetic properties. All the evaluations were more compre-
hensive and beneficial to researchers and the medical community as outstanding results were obtained.
1. Background

Neurodegenerative diseases (NDDs) are disorders with dysfunctions
in neurons and other segments of the brain and in functional systems
defining clinical presentation.1,2 Alzheimer's disease (AD) is one of the
most detrimental NDDs, an irreversible and progressive disability in
brain cell disorders, leading to the loss of intellectual and cognitive
abilities, ultimately resulting in neuronal cell death.3,4

AD mostly affects adults of sixty-five years and above and falls among
the top six deadly diseases globally, resulting in death and a major public
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health concern, despite the availability of few approved commercial
drugs by the Food and Drugs Agency (FDA), such as rivastigmine,
memantine, donepezil, and galantamine.5–7 Due to actions against AD,
many drug targets have been identified, of which one of the most
promising is the Natural Inhibitors (heterocyclic molecules) of the
DYRK1A protein target, which is believed to be a much more prominent
strategy in combating this deadly disease.8–10

Pathak discovered that dementia abnormalities, such as AD, Parkin-
son's disease, cancers, and polycystic kidney disease, could be treated
with the aid of natural inhibitors of DYRK1A, which are heterocyclic
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Table 1
DYRK1A inhibitors and their experimental values.

Identification Compounds PIC50

1t 6.48

2 7.18

3 5.96

4 7.41

5 7.47

6 7.54

7 7.49

8 6.30

9 6.52

10 6.89
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aromatics in nature.11 This is because the target encodes a
threonine/proline-directed serine and tyrosine kinase that play signifi-
cant roles in neurodevelopment under both pathological and physio-
logical conditions. Computational bioinformatics tools have been
successfully used to provide solutions for modern drug development
processes.12,13

In-silico technique is a valuable tool utilized in the theoretical design
of drugs to cure or stop the effects of AD.14,15 This technique significantly
improves the progress cycles in drug studies and significantly aborts or
reduces the inadequate experience in the traditional method of drug
design and development.16

This study aimed to identify DYRK1A inhibitors through the In-silico
technique and to predict pharmacokinetic evaluation as effective anti-
Alzheimer agents to reduce the negative impact of AD in the human
body.

2. Methods

Figure. 1 and Table 1 show the general backbones of the chemical
compounds and their activities, respectively. Thirty-four (34) natural
inhibitors of protein targets (DYRK1A) as drug candidates against AD
were studied in previous research.11 The inhibitor activities were used to
normalize the data. The chemical structures were divided into test and
training sets, and the model was developed using the training set,
whereas the test set was utilized to validate the robustness of the built
model.17 DTC software was used in the compound division and model
building as previously reported.18

3. Molecular descriptors generation and treatment

Two-D molecules were drawn, and molecular properties were
generated using ChemDraw V 16.0.0.82 and Padel software, respectively,
as previously reported.19 The calculated molecular properties underwent
normalization and data division. DTCLAB software (MLRPlusValidation)
was instrumental in the validation of the developed model.20 Also,
Y-randomisation was employed to confirm the robustness and strength of
the built model.21 Lastly, the domain of applicability (DOA) was carried
out to define a theoretical space for dependable forecasts of a model.22

4. Molecular docking

The structure of the protein target with the ID code 6A1G was
downloaded from the Protein Data Bank, as shown in Fig. 2.

previously carried out target preparation using AutoDock 4.2 and
predicted the binding site of the target.23,24 A generated measured grid
box with the following dimensions 60 Å � 60 Å� 60 Å and positioned at
x ¼ 39.50 Å, y ¼ 10.283 Å; and z ¼ 19.423 Å. AutoDock Tools, V 1.5.6,
were used for protein-ligand generation in a previous study.23,25 The
protein target was prepared and cleaned by removing water molecules,
heteroatoms, and other unwanted molecules. The macromolecules were
stabilized using polar hydrogen atoms. The protein and ligand structural
energies were reduced by employing Gasteiger and Kollmann united
charges. Before obtaining the prepared ligand and protein structures in
the PDBQT format for docking studies, the AutoDock 4 atom type was
utilized to optimize all allotted atom parameters. The 2D chemical
structures of the compounds were sketched using ChemDraw V 16.0, and
exported to the Spartan’14 interphase for conversion to 3D and
Fig. 1. Inhibitors representative.

11 6.74

12 8.22
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Table 1 (continued )

Identification Compounds PIC50

13 6.48

14t 9.22

15 9.62

16 7.72

17 8.27

18t 7.72

19 7.22

20 7.22

21 4.00

22 7.30

Table 1 (continued )

Identification Compounds PIC50

23t 7.55

24t 7.46

25 7.38

26 6.36

27 7.13

28 7.17

29 5.89

30t 7.10

31 4.82

32 5.60

(continued on next page)
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Table 1 (continued )

Identification Compounds PIC50

33 5.62

34t 5.30

Ref

Harmine

6.48

Table 2
list the identities and threshold values of the developed model, respectively.

S/
NO

Logo of descriptor Dimension (Class) Contribution of each descriptor

1 ALogP 2-D þ (Positive)
2 apol 2-D þ (Positive)
3 MATS6v 2-D þ (Positive)
4 GATS2m 2-D þ (Positive)
5 GATS2e 2-D - (Negative)
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optimization. Ligand preparation for docking was performed using
AutoDock 4.2, as reported previously.26,27

AutoDock Vina (V. 1.1.2) was used to perform virtual screening of the
complexes in a command-line-based program. Conformation analysis of
the assigned and perturbed ligands into the target site and the score
function of each ligand was implemented using the Broyden-Fletcher-
Goldfarb-Shanno (BGFS) technique.25,28 Proteins were regarded as
rigid, while ligands were regarded as flexible because of the large num-
ber of torsions generated during the synthesis of the ligand throughout
the docking studies. Ten degrees (10�) of freedom were given to the
ligand molecules. The atomic positions of the first binding posture are
considered extremely real because they have zero root-mean-square de-
viation (RMSD), implying that the binding is perhaps more impactful.
After all, the binding affinity to any site is maximum. Discovery Studio V
2021 was used to visualize the complexes after the docking simulation,
and this was achieved using an open-source graphical user Interphase
visualization program. Binding affinity, hydrogen bonds, and the total
number of intermolecular connections were used to estimate the number
of interactive ligands.

5. Molecular dynamics (MD) simulations

MD simulations were conducted using the biomolecular software
package GROMACS-2018.1, which is outstanding for estimating the non-
bonded interactions in a simulation, which is critical. To validate the
Fig. 2. a) Untreated protein targ
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docked protein complexes of the ligands with the highest binding scores
and the standard as a reference, simulations were performed according to
previous research.28 Ligand topology and the CHARMM36 force field
were generated with the aid of the SwissParam server and were used to
evaluate the ligand topologies, while the CHARMM36 force field to the
protein was assigned to the pdb2gmx module. The steepest descent
approach of vacuum energy minimization of 5,000 was the next step,
separated by a distance of ten in the box edge of each protein complex.
The TIP3P H2O (water) model, along with the necessary sodium ion
(Naþ) and chlorine ion (Cl�) counterions to maintain the required salt
concentration (0.15 M), was incorporated into the solvent. The simula-
tions were performed at 37 �F (310 K) and 760 mmHg at intervals of
100ns. Trajectory plots, a graphical user interphase (GUI) program, were
used to graphically plot the projected MD simulation results findings
graphically.25,29

6. The energy of free binding calculations

The Molecular Mechanics/Poisson-Boltzmann Surface Area (MM-
PBSA) technique was utilized for the MD simulation calculations of
complexes and standards for free binding energy (FBE) values. The g
mmpbsa program with the MmPbSaStat.py script and GROMACS 2018.1
trajectories as inputs to calculate the FBE for each ligand-protein com-
bination.30,31 Molecular mechanical energy (MME), apolar (A), and polar
solvation (PS) energies were the three energy terms in the g mmpbsa tool
for determining FBE. 1000 frames were quantified using ΔG for the MD
trajectories, which were calculated from the last 50ns.

7. Pharmacokinetic evaluation

Web-based tools were utilized to predict the pharmacokinetic pa-
rameters and drug-likeness of some ligands and state some succeeding
guidelines and their scores.32 Also, take into consideration some pa-
rameters such as the Pfizer rule of five and other parameters to evaluate
the drug-likeness of a compound.33–38 In pharmacokinetics, ADMET
plays a key role in predicting ligand druggability in the human body.39
et b) Treated protein target.



Table 3
Developed model threshold value and validation.

Variables Theoretical expression Threshold Model Remark

Friedman LOF SEE�
1� cþ d� p

N

�2
Significantly low 0.0268 Excellent

R2

1�
�P ðYexp � YpredÞ2P ðYexp � YtrainiÞ2

#
R2 > 0:6 0.837 Excellent

R2
adj R2 � pðn� 1Þ

n� p� 1
R2
adj > 0:6 0.800 Excellent

Q2
cv

1�
�P ðYpred � YexpÞ2P ðYexp � YtrainÞ2

#
Q2

cv > 0:6 0.788 Excellent

Significant
Regression

Yes Excellent

F� value ð95%Þ P ðYpred � YexpÞ2
p

,P ðYpred � YexpÞ2
N � P� 1

Ftest > 2:09 3.001 Excellent

Min exp error for non� significant 0.0739 Excellent

Table 4
Validation parameters.

Variables Theoretical
expression

Threshold Model Remark

The slope of the
graph of
experimental
values versus
predicted
activity (k)

ΔYcal

ΔYobs

0:85 < k < 1:15 1.0042 Excellent

The slope of the
plot of the
predicted

Against
experimental
activity (k’)

ΔYobs

ΔYcal

0:85 < k < 1:15 0.9863 Excellent

/ r2o � r
02
o / < 0:3 0.1357 Excellent

r2 � r 02o
r2

<0.1 0.00169 Excellent

R2
test 1�

P ðYext � Yext Þ2P ðYext � YÞ2

R2
pred >0.6 0.7310 Excellent

Y-Randomization cR2
p value> 0.5 0.6493 Excellent
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8. Results

8.1. Developed model

Table 2 lists the identities of the developed models and their corre-
sponding molecular properties. Tables 3 and 4 list the threshold values
and validation parameters of the model of interest, respectively.

Table 5 shows the matrix and statistical parameters of the molecular
properties in the developed model.

The plots in Figs. 3 and 4 depict the predicted and experimental
model building (training set), and validation sets, respectively. The
standardized residual plot is shown in Fig. 5, and Fig. 6 shows the domain
of Applicability with warning leverage.
Table 5
QSAR developed model VIF and mean effect

ALogP apol MATS6v

ALogP 1
apol �0.3208 1
MATS6v �0.34382 0.475585 1
GATS2m �0.14571 0.250456 �0.05114
GATS2e �0.07877 0.436893 0.047373
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9. Built model

PIC50 ¼ 2.75988–1.85489 GATS2e þ 6.52853 GATS2m þ 4.49657
MATS6v þ 0.02918 apol þ 0.5873 ALogP.

10. Docking results

The virtual screening of the protein target of DYRK1A is displayed in
Table 6. C-19 showed apex values above all the other molecules, as
shown in Table 7.

Fig. 7 shows interactions visualized docked structure of C-19 with
vital amino acid residues of human DYRK1A.

11. Molecular dynamics (MD) simulation

Table 7 shows the residue fluctuations of the C-19 complex, and Fig. 8
shows the trajectory plot analysis of the target compounds and graphical
plots.
GATS2m GATS2e VIF Mean effect

1.215138 �0.06646
1.719423 0.350623
1.441853 �0.05754

1 1.828474 1.194497
0.654885 1 2.090047 �0.42112

Fig. 3. Graph of predicted activity versus experimental value.



Fig. 4. Plot of experimental value against Predicted values of validating set.

Fig. 5. Graph of Standardized residual versus experimental values.

Fig. 6. Williams graph.

Table 6
Screening of compounds (Virtual) against protein target DYRK1A.

Compound Identity FBE (kcal/mol) Total no of non-bonding tnHB

C-18 �11.8 5 2
C-19 �12.8 6 3
C-25 �9.7 1 1
Harmine �8.2 2 0

Table 7
C-19 and complexes of harmine MD values (with target protein).

Trajectory values of
MD

Apo-protein C-19 Protein
complex

Protein-harmine
complex

RMSD 0.2–0.3 nm 0.2–0.3 nm 0.2–0.3 nm
Rg 2.3 nm 2.2 nm 2.2 nm
SASA 220–240

nm2
220–240 nm2 220–240 nm2

Ligand H-bonds – 5 4

A. Ajala et al. Intelligent Pharmacy 2 (2024) 505–515
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Fig. 7. 2D and 3D interaction views of C-19 (A and B) and referenced compound (C and D) with the target of interest.
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12. BFE (binding free energy) calculations

The MMPBSA approach for the generated BFE projections is sum-
marized in Table 8.

13. Pharmacokinetic evaluation

Table 9 shows the oral bioavailability of compounds of interest while
Table 10 shows Lipinski's rule parameters.

Drug-like and pharmacokinetic druggability properties displayed by
the best molecules are shown in Table 10. Table 9 shows the oral
bioavailability of the compounds of interest, while Table 10 shows Lip-
inski's rule parameters.

Among the five compounds, their evaluation values are shown by
TPSA.32,39 The synthetic accessibility values for all compounds fall
within the threshold value; thus, all compounds are synthesizable.

The response of the body to drugs (pharmacodynamics) and the drugs
administered to the body (pharmacokinetics) are two vital elements that
play key roles in the ADMET properties. All the presented compounds
show promising oral availability as absorption parameters owing to their
optimal Caco-2 cell permeability, which is greater than 0.9. In addition,
all compounds HIA (Human Intestinal Absorption) were >90. Lastly, log
Kp < �2.5 for all compounds under consideration, indicating that they
could permeate the skin40. The parameters are listed in Table 11.
511
14. Discussion

14.1. Analysis of the developed model

Table 2 shows the molecular properties of the built model, viz.,
ALogP, apol, MATS6v, GATS2m, and GATS2e, and their dimensions and
contributions. Except for GATS2e, which contributed negatively to the
model by reducing the activity, all other properties in the developed
model contributed positively by increasing the activity of the model, and
this in turn with the inherent chemotherapeutic ability of the properties,
made them useful in the proposed model. It is clear that some of the
statistical parameters were derived from the developed model, such as
LOF ¼ 0.026, R2 ¼ 0.837 > 0.6, R2

adj ¼ 0.800 > 0.6, Q2
cv ¼ 0.788> 0.6,

R2
test 0.7310 > 0.6, and finally Y-Randomization ¼ 0.6493 > 0.5. All

these statistical parameters are above the threshold value, meaning that
the model is stable, viable, and highly predictive, as shown in Tables 3
and 4. The Y- Randomization value was 0.6493, which was greater than
the threshold value of 0.5. This is in agreement with the coefficients of
the descriptors in the developed mode.

No interrelationship exists between the molecular properties utilized
in model development, as shown in Table 5. The five molecular prop-
erties have a variance inflated factor (VIF) less than the threshold value
(VIF >10), which implies that the molecular properties were good with
high predictive ability.



Fig. 8. Trajectory plots of RMSD, RMSF, Rg, SASA, and number of hydrogen bonds of C-19 (violet) and referenced compound (red) (harmine) with protein target (PDB
ID: 6A1G) (human DYRK1A) (green) at 100 ns. (A) Complex structure of RMSD backbone time evolution. (B) Protein RMSF and ligand RMSF. (C) Radius of gyration
(Rg) (D) SASA (E) Occurrence of Protein and ligand simulation over hydrogen bond occurrence and time.

Table 8
Binding free energy values of target complexed with C-19 and referenced compound.

Protein-ligand complexes BF energies and their types

VWE
(kJ/mol)

EE
(kJ/mol)

PSE
(kJ/mol)

SASA energy
(kJ/mol)

BE
(kJ/mol)

C-19-Protein target �153.281 �12.431 98.102 �20.268 �112.221
Referenced compound-Protein target �134.891 �10.031 64.236 �15.001 �85.521

VWE, van der Waals energy; EE ¼ Electrostatic energy; PSE ¼Polar solvation energy; BE ¼ Binding energy.

A. Ajala et al. Intelligent Pharmacy 2 (2024) 505–515
The R2
training ¼ 0:8653 and R2

test ¼ 0:7883 for the training and test sets,
respectively, which is in line with the recognized QSAR boundary values
described above (Table 2), as shown by the best fit in Figs. 3 and 4. These
R. square values also indicated a significant correlation between the
variables.
512
The standardized residual plot is displayed in Fig. 5, which signifies
the theoretical ability and correctness of the chemical compounds under
consideration, as shown in the plot in which all data fall within the
threshold value of �2.5. The Domain of Applicability (DOA) have a
warning leverage (h*) of 1.12, as shown in Fig. 6. Hence, the DOA of all



Table 11
Medicinal characteristics of compounds of interest and their toxicity.

Parameters B C E

Absorption Caco2 permeability �0.03 �0.1 1.50
Intestinal absorption (human) 100 100 94.94
Skin Permeability �2.74 �2.74 �2.57

Distribution VDss (human) �1.37 �1.37 1.70
Fraction unbound (human) 0.22 0.22 0.14
BBB permeability �1.51 �1.54 0.84
CNS permeability �3.52 �3.52 �1.29

Metabolism CYP1A2 inhibition YES YES YES
CYP2C19 inhibition YES YES YES

Excretion Total Clearance 0.60 0.60 0.93
Renal OCT2 substrate No No Yes

Toxicity AMES toxicity No No No
Oral Rat Acute Toxicity (LD50) 2.54 2.54 2.76
Minnow toxicity 0.27 0.27 0.13

Absorption Caco2 permeability �0.03 �0.1 1.50
Intestinal absorption (human) 100 100 94.94
Skin Permeability �2.74 �2.74 �2.57

Distribution VDss (human) �1.37 �1.37 1.70
Fraction unbound (human) 0.22 0.22 0.14
BBB permeability �1.51 �1.54 0.84
CNS permeability �3.52 �3.52 �1.29

Metabolism CYP1A2 inhibition YES YES YES
CYP2C19 inhibition YES YES YES

Excretion Total Clearance 0.60 0.60 0.93
Renal OCT2 substrate No No Yes

Toxicity AMES toxicity No No No
Oral Rat Acute Toxicity (LD50) 2.54 2.54 2.76
Minnow toxicity 0.27 0.27 0.13

Table 9
Predicted Drug-likeness ability of compounds under consideration.

Molecule GV VV EV MV PA BS SA

A (17) 0 0 0 1 0 0.55 2.97
B (18) 0 0 0 1 0 0.55 2.97
C (19) 0 0 0 1 0 0.55 3.88
D (24) 0 0 0 0 0 0.55 3.01
E (25) 0 0 0 1 0 0.55 2.89
Harmine (Reference drug) 2 1 0 0 1 0.55 4.43

GV: Ghoose violation, VV: Veber violation, EV: Egan violation, MV: Muegge
violation, PA: Pain alert, BS: Bioavailability scores, SA: Synthetic accessibility.
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chemical compounds under consideration fell within the limit, none of
the compounds were outliers, and all fell within the defined space of
�2.5.

15. Docking results analysis

The mechanism of the compound-target interaction was examined
with the aid of a docking program called AutoDock Vina. The Virtual
screening of the protein target of DYRK1A is displayed in Table 6. C-19
showed apex values above all the other molecules, as shown in Table 7.
Fig. 7 shows the interactions of the docked structure of C-19 with vital
amino acid residues of human DYRK1A. This study showed that C-19
bonded to ASN365 and ARG325 via HBI. The π-cation is denoted by
ARG328 interplay. C-19 showed that the protein target could be stabi-
lized within the target active site via interlinkage.

16. Molecular dynamics (MD) simulation

The interlinkage between C-19 and the referenced compound with
target proteins was probed by docking, even though the compounds and
proteins showed no differences in contact, notably in the stability and
structural flexibility of the complexes. Graphs were prepared and eval-
uated to validate docking results. Table 7 and Fig. 8 show the trajectory
plot analysis of the target compounds and the graphical plots, respec-
tively. Complex C-19 reached equilibrium after twenty nanoseconds (20
ns), which was an analysis-based result. Therefore, within the inhibitor
binding site throughout the simulation period, C-19 remained stable. The
C-19 complex reached equilibrium more rapidly than the referenced
compound (harmine). Thus, the C-19 complex displayed the highest
stability. Trajectory intervals of 100 ns were used as references to mea-
sure all residue values. Table 7 presents the residual fluctuation in the C-
19 complex. Finally, better structural agreement of the ligand hydrogen
bonds was evaluated. The plot shows that the complex may have un-
dergone alteration, and C-19 formedmore H-bonds with macromolecules
during the 100 ns simulation than the referenced compound (harmine),
meaning that the C-19 complex may have undergone alteration and is
slightly more stable.
Table 10
Lipinski's RO5.

Identification MW HBA HBD M

Rule �500 �10 <5
A 483.47 7 2 1
B 499.47 8 3 1
C 499.47 8 3 1
D 251.28 2 2 7
E 249.35 1 0 8
Reference 212.25 2 1 6

MW, molecular weight; HBA¼Hydrogen bond acceptor; HBD¼Hydrogen bond dono
bond; LV, Lipinski violation.
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17. BFE (binding free energy) calculations

MM/PBSA is the most frequently used approach for estimating BF
energies. Van derWaal's energy and binding energy, according to the BFE
analysis and the formation of complexes during the MD simulation, have
a substantial impact. Each of the free energy estimation methods for the
C-19 estimation method was proven to be free energy viable. The C-19
complexes had higher binding energies than the reference (harmine-
bound) complexes, indicating weaker binding affinity and energy of in-
teractions. The MMPBSA values for the generated BFE projections are
presented in Table 8.

18. Pharmacokinetic evaluation

Drug-like and pharmacokinetic druggability properties displayed by
the best molecules are shown in Table 10. Table 9 shows the oral
bioavailability of the compounds of interest, while Table 10 shows Lip-
inski's rule parameters. Among the five compounds, their evaluation
values are shown by TPSA.32,41 The synthetic accessibility values for all
compounds fall within the threshold value; thus, all compounds are
synthesizable.
R TPSA Log P RB LV

�130 Å2 �5 <9 �1
37.41 102.77 4.46 4 0
39.43 123 4.1 4 0
39.43 123 4.1 4 0
6.68 49.33 2.44 0 0
3.94 3.24 3.56 0 0
5.06 37.91 5.78 1 2

r; MR ¼Molar refractivity; TPSA, topological polar surface area; RB¼Rotatable
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The response of the body to drugs (pharmacodynamics) and the drugs
administered to the body (pharmacokinetics) are two vital elements that
play key roles in the ADMET properties. All the presented compounds
show promising oral availability as absorption parameters owing to their
optimal Caco-2 cell permeability, which is greater than 0.9. In addition,
all compounds HIA (Human Intestinal Absorption) were >90. Lastly, log
Kp < �2.5 for all compounds under consideration, indicating that they
could permit the skin40. The parameters are listed in Table 11.

19. Conclusion

The QSAR model in this study provided good statistical parameters,
such as R2 ¼ 0.837, R2

adj ¼ 0.800, Q2
cv ¼ 0.788, LOF ¼ 0.0268, k ¼

1.0042, k’ ¼ 0.9863, R2
test ¼ 0.7310, and cR2p ¼ 0.6493. Compounds B

(�11.8 kcal/mol), C (�12.8 kcal/mol), E (�9.7 kcal/mol) and Harmine
(�8.2 kcal/mol) give better and higher binding energies compared to the
reference compound. MD was utilized to validate the compound with the
highest docking score and the reference compound, and plots were
constructed to confirm the stability of C-19 during the 100ns intervals.
Lastly, the pharmacokinetic evaluation of the compounds with the best
docking scores showed that the compounds were orally bioavailable.
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