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In recent years, drug design for specific diseases has been of great importance for
researchers. In this study, 3D-QSAR modeling was used on a series of 1,5-
naphthyridine derivatives in order to design new DYRKZ1A inhibitors as anti-
diabetes. After dividing the data set to the training and test sets, the training set was
used to generate statistically significant COMFA (%, = 0.376, r?,v = 0.980) and
COoMSIA (r%y = 0.365, r%,v = 0.783) models based on the common substructure-
based alignment. Furthermore, a set of 9 compounds was created for testing the

ggyvgsrdAsR ability of the CoMFA and CoMSIA models to accurately predict compound
Anti-diabetes activity. Also, the application of the CoMFA focus model provided better results
CoMFA (r? = 0.566, r’ny = 0.988). The design of new analogues based on naphthyridines
CoMSIA as DYRKZIA inhibitors was carried out using the knowledge obtained from the
DYRKI1A contours of the CoMFA focus model. Contours were used to identify structural

features of this series of analogs that are related to biological activity. Six new
designed compounds, in this group of substances, showed stronger DYRK1A
inhibitory activity.

1. Introduction

Diabetes is a condition in which there is a disruption
in the balance of insulin supply and demand within the
body [1, 2]. In a healthy physiological state, pancreatic
beta-cells secrete insulin proportionally to increases in
blood glucose levels. However, diabetes arises when
there is an insufficient insulin secretion to lower blood
glucose, often accompanied by a decline in beta-cell
mass [3, 4]. Several different types of cells, such as
partially recognized facultative progenitor cells, as well
as other cells in the islets, and particularly pre-existing
beta-cells, have the capability to produce new beta-cells
in adult organisms to boost insulin production capacity
[5-9]. Expansion of endogenous 3 -cells is still the most
important method for replacing a person's  -cell bulk
[10]. Despite the fact that the mass of adult human p-cells
is flexible, these cells rarely show severe expansion [7,
11, 12]. On the other hand, protein kinases that regulate

and modulate diabetes-related protein activities make up
the diabetic kinome. Numerous experimental findings
suggest that alterations in metabolic homeostasis and
pharmacological modulations of the diabetic kinome are
intimately related [13-15]. Insulin modulates target
tissue protein kinase activity to control glucose
homeostasis. Insulin resistance is caused by a
dysfunction in the kinome response to insulin [16]. More
recently, the function of B-cells was linked with the dual-
specific tyrosine phosphorylation-adjusted kinase A
(DYRKZ1A). This class of enzymes has evolved over the
past 20 years into one of the most significant
pharmacological targets due to the vast quantity of data
relating to mutations, overexpression, and dysregulation
of protein kinases in the pathogenesis of many
illnesses[17]. However, despite a wealth of data, finding
inhibitors of kinases important to diabetes with specific
binding mechanisms and structural characteristics is still

* Corresponding author; e-mail: e.pourbasheer@uma.ac.ir
https://doi.org/10.22034/crl.2024.474579.1410

This work is licensed under Creative Commons license CC-BY 4.0

926


mailto:e.pourbasheer@uma.ac.ir
https://doi.org/10.22034/crl.2024.474579.1410
https://creativecommons.org/licenses/by/4.0/legalcode
http://www.chemrevlett.com/

Chem Rev Lett 7 (2024) 926-941

necessary. Particularly, there are still unanswered
guestions regarding the impact of protein kinases from
the DYRKs family on insulin resistance, cell
proliferation, cell cycle control, and apoptosis in
diabetes. It has been established that DYRKZ1A controls
regeneration pathways crucial for human pancreatic beta
cells to operate more effectively. It has been extensively
researched how to use these kinase inhibitors to treat
various types of diabetes[18, 19].

DYRKI1A is widely expressed and participates in
the biochemical processes underlying cancer, apoptosis,
neurodegenerative disorders, and brain growth and
function [20-24]. Additionally, DYRKZ1A is involved in
several pathways crucial for pancreatic [-cell
proliferation [25, 26]. Due to their lower B-cell mass and
proliferation, as well as high glucose intolerance,
DYRK1A haploinsufficient mice eventually develop
diabetes [27, 28]. However, upregulating DYRK1A in
their B-cells improves the phenotype [18, 29]. Therefore,
DYRKZ1A is seen as one of the most hopeful targets for
medications that treat diabetes [18, 25, 30].

Another point is that the production of drugs for
human use is inherently costly and time-consuming,
requiring multiple rigorous steps to meet stringent
standards. Often, drugs fail to meet these standards,
leading to significant wastage of time and resources. To
mitigate this issue, it is advisable to conduct standard
simulations prior to initiating the production process. If
these simulations yield positive results, the production
can proceed; however, if the drug design theory proves
inadequate, the production process should be halted.
Based on recent studies, it can be said that computer
calculations and modeling are very good methods for
drug design.

One of the main computational molecular modeling
tools, are the quantitative structure-activity relationship
(QSAR) approaches [31-34], which feather a powerful
way for predicting and estimating the activities or
characteristics of compounds based on their structures
[35]. All of the characteristics of organic compounds,
containing their biological, chemical, physical and
technical characteristics, are influenced by their
chemical structure and change in a predictable way as a
result. For society to evaluate and advance the technical,
medical, and environmental facets of life, a quantifiable
relationship between various molecular attributes and
chemical constitution is of the utmost relevance. These
relationships between the molecular structures of
compounds and their physicochemical, chemical and
physical properties are known as quantitative structure
activity/property relationships (QSAR/QSPR)[36-40].
The main stages in developing QSAR models involve
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obtaining descriptors from molecular structures, picking
relevant descriptors (feature selection) that are deemed
essential for interpreting the desired property or activity,
and building, validating, and refining QSAR models [41-
46]. 3D-QSAR is a method for applying force field
calculations that need 3D structures. Prior to descriptor
calculation, uniform molecular alignment in space is
necessary 3D-QSAR descriptors. Alignment-based 3D-
QSAR methods that are widely used include comparative
molecular field analysis (CoMFA) [47, 48] and
comparative molecular similarity indices analysis
(CoMSIA) [47, 49]. These techniques have two
limitations. In order to compare molecules that are
structurally different, it is important to use the correct
form of the molecule, which may not necessarily be the
conformation with the lowest energy. Furthermore,
proper alignment of the compounds is necessary, leading
to an increased analysis time [50]. However, researchers
continue to consider them as effective methods.

The aim of this study is the three-dimensional
modeling to predict the activity of 1,5-naphthyridine
derivatives as DYRKZ1A inhibitors using 3D-QSAR
method and also, design of new compounds with high
performance in the treatment of diabetes.

2. Materials and methods
2.1. Data set

In this study, 47 numbers of 1,5-naphthyridine
derivatives from the literature were selected as a data set
for 3D-QSAR analysis [10]. In order to obtain precise
results, the compounds were split into two groups: 20
percent (9 compounds) were in the test set, and 80
percent (38 compounds) were in the training set. In 3D-
QSAR studies, the selection of training and test sets is a
crucial step to ensure the validity and generalizability of
the model. Dividing the dataset into training and testing
sets was done randomly so that the two compounds with
the lowest and highest pECso were kept in the training set
to ensure that both sets have a balanced representation of
activity values and structural diversity. The inhibitory
activities of 1,5-naphthyridine were extracted as ECso
values for 3D-QSAR analysis and converted to
logarithmic values [pECso]. Converting activity values
to a logarithmic scale normalizes data, reduces skewness,
stabilizes variance, and makes data analysis easier. Table
1, shows the chemical structure and the experimental and
predicted values of the biological activity of the
compounds.
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2.2. Molecular optimization and alignment

The molecules being studied were fine-tuned for
ideal shape with a mix of the Powell energy
minimization algorithm, Gasteiger-Huckel charges, and
an energy gradient convergence criteria of 0.01 kcal/mol.
The procedure was executed in collaboration with the
standard Tripos molecular mechanics force field in the
SYBYL molecular modeling package [51, 52]. It is well
known that 3D-QSAR models are often sensitive to the
specific alignment strategy employed. Structural
alignment, considered the most subjective yet crucial
step in CoMFA analysis [53], typically involves
selecting a template molecule based on one of the
following criteria: (1) the molecule with the most
functional groups, (2) the molecule with the highest level
of activity, or (3) the lead and/or commercial molecule
[54, 55]. In this case, the most active compound, referred
to as compound 8, was chosen as the template for
aligning all other molecules. Figure 1 displays the
chemical structure of molecule 8 (target compound),
with its shared portion highlighted in bold. Figure 2, also
shows the aligned molecules on the target compound.

NMe-

Fig. 1. Chemical structure of template compound (compound
8), Common substure is in bold

Fig. 2. Alignment of dataset compounds on molecule 8

2.3. COMFA procedure

A sp® carbon atom probe with a van der Waals
radius of 1.52 A and a +1.0 charge was employed to
determine the steric and electrostatic fields. The steric
and electrostatic impacts were limited to 30 kcal/mol,
and the electrostatic impacts were disregarded at lattice
intersections with the most intense steric interactions.
One can adjust the contribution of lattice points to
subsequent analysis by assigning weights to them within
a CoMFA region. In this case, 'StDev * Coefficients'
values were used in addition to other weighting factors
and grid spacing to produce better models [56].

2.4. COMSIA procedure

Five physicochemical properties of CoMSIA
model, including steric, electrostatic, hydrophobicity,
hydrogen bond donor and hydrogen bond acceptor fields,
as in the CoMFA model, were determined by a sp3
carbon atom probe with a van der Waals radius of 1.52
A and charge of +1 [57]. In CoMSIA, steric indices are
calculated based on the cube of the atomic radius; the
indices for hydrogen bond donors and acceptors are
determined based on empirical data [58]. Atom-based
parameters developed by Viswanadhan and colleagues
are employed in the determination of partial atomic
charges and hydrophobic fields [59].

2.5. Model construction

The partial least-squares (PLS) approach was
applied to all 3D-QSAR modelling. Using the usual
implementation in the SYBYL program, 3D-QSAR
models were constructed by means of PLS regression
analysis, with the CoMFA and CoMSIA descriptors
serving as independent variables and the pECsx values as
dependent factors [60, 61]. To decrease noise and speed
up the study, a column filtering of 1.0 kcal/mol was
implemented. The top model for each instance was
chosen through cross-validation employing the leave one
out (LOO) method, resulting in the calculation of the
cross-validation coefficient squared (g?) and determining
the optimal number of components [62]. A PLS analysis
was conducted in non-validation mode with the optimal
number of components to obtain the correlation
coefficient (r?.v), standard error of estimate (SEE), and
F values. Moreover, in order to evaluate the statistical
significance of the created models, a bootstrapping
analysis (r?00t) and leave-group-out cross-validation
(r?croup) (10 groups) were carried out [63]. The evaluation
of the model's performance as a prediction tool was done
using the test set, which consisted of chemicals with
known activity not used in model development.
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Table 1. Chemical structures of the 1,5-naphthyridines derivatives and their experimental and predicted DYRKZ1A inhibitory

activity.
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3. Results and discussion
3. 1. CoMFA analysis

Table 2 displays the statistical parameters of the
CoMFA model (CoMFA-1). The CoMFA-1, PLS
analysis showed five components and a g? value of
0.376. The PLS analysis non-cross-validation analysis
showed traditional r?, F, and SEE values of 0.980,
317.353, and 0.129, respectively. In all the built models,
the maximum number of components tested by PLS for
modeling was 10. Steric and electrostatic fields
contributed 42.5% and 57.5%, respectively. The
association between the experimental and projected
PECso values for the CoMFA-1 model in non-cross-
validated analysis is depicted in Figure 3. The best
outcomes were achieved with a column filter set at 1
kcal/mol for both electrostatic and steric fields. The
analytical parameters improved when these fields were
focused. The CoMFA focus model (CoMFA-2) shows a
substantial cross-validated correlation value (g?) of 0.566
whit component number of 6. Also, this model obtained
values of r?=0.988, SEE=0.102, and F=430.340 in non-
cross-validation mode. The steric and electrostatic fields
contributed 43.6% and 56.4%, respectively. Figure 4
shows the association between the experimental and
PECso activities using the CoOMFA-2 model. Statistically,
data points are considered outliers if their residual value
exceeds three times than the standard deviation of the
residuals [64]. As the pECsg value forecast for compound
19 was more than three times the standard deviation of
the other values in both CoMFA-1 and CoMFA-2
models, it was excluded as an outlier from the test set.
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Fig. 3. Plots obtained by the CoOMFA-1 model for the
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PECs values
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Fig. 4. Plots obtained by the CoMFA-2 model for the
relationship between experimental values and predicted
pECso values

3.2. COMSIA analysis

The CoMSIA method incorporates three additional
physicochemical properties, hydrophobicity, hydrogen
bond donor, and acceptor, that are not considered in
CoMFA. By combining these three characteristics with
steric and electrostatic aspects, numerous models can be
created. In this research, altering these five
physicochemical properties resulted in the development
of 31 unique models, as indicated in Table 3. The optimal
CoMSIA model included the incorporation of
electrostatics, hydrogen bond donor, and acceptor
properties (model 23). This particular model obtained an
r? of 0.365 with leave-one-out cross-validation for two
components, an r?> of 0.783 non-cross-validation, an F
value of 63.006, and a SEE of 0.410. The electrostatic,
hydrogen bond donor, and acceptor properties
contributed 37%, 44.7%, and 18.3%, respectively.
Moreover, the CoOMSIA model was used to forecast the
activity of the molecules in the test set, as demonstrated
in Table 1. Figure 5 illustrates the correlation between
the predicted pECso values and the actual activities
observed in experiments. The research shows that the
CoMSIA model is able to accurately forecast the
performance of all compounds in the examination. Since,
the CoMFA based model was discovered to excel in
cross-validation, hence, the CoMFA-2 model was
chosen for the subsequent stages of the study.
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CoMFA-2(after region

Parameters CoMFA-1 f . CoMSIA
ocusing)

PLS statistics

LOO cross g2 /SEP 0.376/0.727 0.566 / 0.616 0.365/0.701

Group cross g? /SEP 0.377/0.724 0.533/0.629 0.394/0.685

Non-validated r? /SEE 0.980/0.129 0.988/0.102 0.783/0.410

F 317.353 430.340 63.006

I 2 bootstrap 0.989 + 0.005 0.994 + 0.003 0.861 + 0.049

S bootstrap 0.094 + 0.062 0.071 £ 0.053 0.320+0.173

Optimal compounds 5 6 2

I 2 test 0.906 0.919 0.367

Field distribution%

Steric 0.425 0.436 -

Electrostatic 0.575 0.564 0.37

Hydrophobic - - -

H-bond donor - - 0.447

H-bond acceptor - - 0.183

SEP: standard error of prediction, SEE: standard errors of estimate.

Table 3. Findings from CoMSIA models utilizing various 9 —
combinations of the five descriptors — os ] :i:;”‘mg o o
. Number o '
Model Descriptors q%Loo / SEP Components o ]

1 S 0.078/0.833 1 7
2 E 0.290/0.731 1 g7
3 D 0.281/0.747 2 T 7
4 A 0.196/0.789 2 =
5 H 0.187/0.794 2 &5
6 S E 0.214/0.769 1 6 A
7 S,D 0.247 /0.764 2
8 S, A 0.157/0.845 5 >
9 S, H 0.160/0.795 1 5 . . : . : . :
10 E,D 0.338/0.716 2 555 6 65 7 75 8 859
11 E A 0.293/0.730 1 Experimental pECs,
12 E.H 0.242/0.756 1 Fig. 5. Plots obtained by the CoMSIA model for the
13 DA 0.355/0.707 2 relationship between experimental values and predicted
14 D, H 0.344/0.723 3 PECso values
15 A H 0.197/0.778 1
16 S.E.D 0.311/0.731 2 3.3. COMFA contour maps
17 S,E, A 0.228/0.773 2
18 S, E,H 0.229/0.762 1 The steric and electrostatic contours for the
19 D,AH 0.346/0.712 2 CoMFA-2 model around the target molecule (compound
20 D,AS 0.296/0.739 2 8) are shown in Figures 6 and 7. The green areas in
21 H,D,S 0.321/0.747 4 Figure 6, related to steric contours, show where
22 H,AE 0.264/0.745 1 substituting bulky groups enhances the compound's
gi g’E'ﬁ 8'232;8';83 g biological activity. Also, the yellow parts indicate the
o5 D’, E', H 0.334/0.718 5 upfavqrable areas for replacin-g bglky groups to increase
26 S ED A 0326/ 0.723 2 biological activity. The _contrlbutlon of green parts was
27 S,E,D, H 0.306 / 0.744 3 80% and the contribution of yellow parts was 20%.
28 S E,A H 0.232/0.761 1 Figure 6 shows that the green contours around the target
29 D,A H,S 0.318/0.738 3 molecule are scattered in three regions Ri, Rz, and Ra. It
30 D,A H,E 0.341/0.715 2 is understood that the presence of large groups in these
31 S EDAH 0312/0.730 2 areas can enhance the DYRKZ1A inhibitory activity of the
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compounds. Also, the largest green contour is located in
the Rz area. It is known that substituting bulky groups in
these regions can increase the DYRKZLA inhibitory
activity of the compound. To compare the changes in the
activity of the compounds in the data set (Table 1) with
the change in their structure, we can refer to compounds
23, 24, and 2, respectively. By replacing the bulkier
group in the R position, their biological activity also
increases (6.98 < 7.14 < 8.15). Yellow contours are
mostly spread in the end areas of R, position and R
position. A comparison of two compounds 25 and 20
shows that substituting smaller groups at the end of the
R. position increases the biological activity of the
compound, as well as replacing the methyl group in
compound 20 instead of the bulky morpholine group in
compound 25 increases the activity from 8.15 to 8.22.
Additionally, when examining compounds 27, 32, and
28, it is evident that the introduction of NMey,
morpholine, and NH; groups in the R; position's terminal
part correspondingly enhances the compounds'
biological activity as a result of smaller agent groups. By
comparing compounds 1 and 2, it is confirmed that there
are yellow outlines around the location of Ri. Replacing
the smaller methyl group instead of the bulky ethyl group
in these compounds increases the activity from 8.15 to
8.30. The results of the contours and visual comparisons
show that the positions of Ry and R; for spatial fields are
of great importance for designing new compounds with
higher activity. The corresponding electrostatic contour
plots are shown in Figure 7. In the areas marked with red
color (20% contribution) replacing negatively charged
groups and in blue areas (80% contribution) replacing
positively charged groups increases the biological
activity of the compound. The optimal contours for
replacing negative charges are scattered around the R;
(high intensity) and R. (low intensity) positions. The
desired contours for positive charges are also partially
specified in the Rz position of the template molecule.
Substituting the morpholine group for the piperidine
group in the Rz position enhances the activity from 6.69
to 6.98, as demonstrated by the comparison of
compounds 23 and 21. Also, the comparison of
compounds 20 and 21 shows that replacing the more
negative N,1-dimethylpiperidin-4-amine group instead
of less negatively charged group in the same position has
caused a significant increase in biological activity. In the
comparison of compounds 24 and 23, replacing the
group with a more negative charge instead of the group
with a less negative charge in the R2 position increases
the biological activity.

937

Fig. 6. Contour maps obtained from COMFA-2 model for
steric fields

Fig. 7. Contour maps obtained from COMFA-2 model for
electrostatic fields

3.4. Design of new DYRKUI1A inhibitors

The analysis of the contours corresponding to the
CoMFA-2 model, discussed above, provided a wealth of
knowledge about the structural prerequisites for the
design of compounds with high biological activity.
Compound 8 (the most potent molecule) was chosen as
the template structure for making new compounds.
Substitution of specific groups in the positions of Ry, Ry,
and R3 based on the results of the contours in Figures 6
and 7 led to the creation of new compounds. By adding
bulky groups like 2,6-dimethylaniline to the Rs location
and an electrostatic group like CiiHxN2 to the R
location, multiple novel compounds were developed.
Table 4 displays the chemical structure of 6 newly
designed compounds, as well as their inhibitory activity
predicted by the COMFA-2 model. The results of this
table show that all designed compounds have high
DYRKI1A inhibitory activity (pECso > 8.52). These
results also demonstrate the strong predictive power of
the CoMFA-2 model, which can be applied to drug
design or structural modification in the future.
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Table 4. Chemical structures of newly DYRKZ1A inhibitors with their predicted pECs values

No. Ry Rs Predicted (CoMFA-2)
Templat a I/ §
emplate ’, HO
8.52
Molecule f’lLN/\/\ OVNH J@
H : CL ™
NMe
0 . F
‘. H,N
M1 2 :
,,lLN/\/\ Q J@ 8.85
H \H cL ™
NMeZ
‘fL ., HoN
M2 8.84
H NH ~
o ']‘/Me2 cL
’ H2N
M3 ,,lLN/\/\ Q J@ 8.70
H NH cL >
|

/

1 w o
M4 /ny, 8.68
NN\ Q J@

H NH cL -

NMEz
i ", H,N
M5 L AU Q ? 8.61
N NH -
|
NMez
‘fL L, HO
M6 8.59

--z

938



Chem Rev Lett 7 (2024) 926-941

4, Conclusion

This work is focused on 3D-QSAR of 1,5-
naphthyridine derivatives as effective DYRKI1A
inhibitors and antidiabetic agents. PLS analysis was used
to develop robust CoMSIA and CoMFA models with
high predictive power. Using the CoMFA focus model,
it was found that there is a significant relationship
between structural changes and DYRKZ1A inhibitory
activity based on electrostatic and spatial fields. It was
also found that CoMFA focusing model, produces a
statistically superior model than the CoMFA and
CoMSIA models in this dataset. Examination of the
model features and contour maps revealed the details of
the  structure  activity relationship, revealing
conformational changes that were used to generate more
active analogs. Additionally, these models were
employed to forecast if newly created medications
exhibit anti-diabetic properties.
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