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H I G H L I G H T S
� The high limitations of existing therapies resulting in pending cases of some autoimmune diseases necessitated the study.
� A computer-aided design of some novel compounds from PubChem database as anti-autoimmune agents; 2D-QSAR, 3D-QSAR, molecular docking, pharmacokinetics,
and MD simulation were conducted to investigate the anti-autoimmune activities, binding interaction pattern, drug–likeness properties, and the stability of protein-
ligand complexes of the newly designed compounds.

� The resulting docking scores were used to identify the best protein-ligand interaction pairs, while the docked poses were post-screened and analyzed for helpful
information on binding/pharmacological interactions. The generated 2D and 3D QSAR data were subjected to some relevant validation tests to qualify the model.

� Also, the newly designed compounds were subjected to pharmacokinetic analysis to ascertain their drug–likeness properties, while the protein-ligand complexes of
compound 27 and designed compound D4 were analyzed for binding stability using the result of MD simulation.

� The combined results of the study led to the identification of compound D4 as a potential drug candidate for the treatment of autoimmune diseases.
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A B S T R A C T

Current clinical research suggests that inhibitors of protein arginine deiminase 4 (PAD4), major histocompatibility
complex (MHC) class II HLA-DQ-ALPHA chain, and thyrotropin receptor (or TSH receptor) which are of biological
and therapeutic interest, may show potential in treating rheumatoid arthritis, type 1 diabetes, Graves' disease and
other autoimmune disorder. In the present study, a comprehensive analysis was conducted on a collection of 32
compounds concerning their anti-rheumatoid arthritis activity as inhibitors of PAD4. This analysis represents the
first instance in which these compounds were computationally examined, employing an in-silico approach that
considered 2D-3D QSAR modeling, and molecular docking and was further validated through molecular dynamics
and ADMET properties assessment. A credible 2D QSAR (Q_LOO^2 ¼ 0.6611 and R^2 ¼ 0.7535) model was
constructed and verified using an external validation test set, Y-randomization, variance inflation factor (VIF),
mean effect (MF), and William's plot applicability domain (AD). Ligand-based alignment was implemented in the
3D-QSAR examination. The outcomes demonstrated that CoMFA (uvepls) (Q2LOO ¼ 0.5877; R2 ¼ 0.9983) possess
remarkable stability and foresight. The internal validation indicated that CoMFA (uvepls) MIFs display superior
predictive capability compared to COMFA (ffdsel). Structural criteria determined by the contour maps of the
model and molecular docking simulations were strategically employed to computationally develop 10 new, non-
toxic autoimmune disease inhibitors with increased efficacy. Docking tests were done on the newly developed
compounds to illustrate their binding mechanism and to identify critical interaction residues inside the active
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region of rheumatoid arthritis (PDB id: 3BLU). In addition, docking results of the selected designed compounds
inside the active sites of type 1 diabetes receptor (6DFX), and Graves' disease receptor (4QT5) demonstrated their
rheumatoid arthritis (PDB id: 3BLU) selectivity. A molecular dynamics simulation and binding free energy cal-
culations using the MM/GBSA technique confirmed the stability of the proposed compound D4 inside the
rheumatoid arthritis (3BLU) receptor active site. In summary, the results of our investigation might give
considerable insight into the future design and development of new autoimmune disease inhibitors.
1. Introduction

Autoimmune disease occurs when the body's innate immune system is
unable to distinguish between endogenous and exogenous cells, resulting
in an inadvertent attack on normal cells.1,2 An extensive array of bodily
systems are impacted by over 80 variants of autoimmune diseases.3,4 In
the past, autoimmune diseases were deemed to be infrequent; however,
meticulous epidemiological investigations have demonstrated their
prevalence among 3%–5% of the population, with autoimmune thyroid
disease and type I diabetes (T1D) being the most commonly observed
conditions.5

Rheumatoid arthritis (RA) is an autoimmune disorder for which the
underlying cause remains uncertain, impacting the tissues within the
joints.6 Furthermore, it presents as an inflammatory symmetric poly-
arthritis that, if left untreated, can result in erosions, loss of joint space,
and irreversible destruction of the affected joints.7 This condition induces
significant damage to the cartilage within the joints, subsequently lead-
ing to inflammation.8,9 Additionally, other organs such as the lungs,
pericardium, pleura, and sclera of the eyes may also experience
involvement. RA, characterized as a persistent and debilitating ailment,
can manifest alongside systemic symptoms.10 Globally, RA affects
approximately 1% of the population and gives rise to notable morbidity
and mortality.11 Its incidence rises in tandem with age and women are
affected nearly three times more frequently than men.12 Nonetheless,
beyond the age of 60, RA affects both genders with equal frequency.13

Type 1 diabetes (T1D) is an autoimmune condition distinguished by a
deficiency of insulin due to the gradual deterioration of the insulin-
producing beta cells in the pancreas.14,15 This inadequacy of insulin
leads to elevated blood sugar levels and the presence of ketones.16 Pro-
longed hyperglycemia is linked to enduring impairments in the kidneys,
eyes, nerves, heart, and blood vessels.17 The absence of insulin results in
increased levels of glucose in the blood and urine, as well as diabetic
ketoacidosis (DKA), which can potentially be life-threatening.18 World-
wide, the occurrence of T1D is experiencing an annual rise of 3%–5%.19

Type 1 diabetes primarily affects children and adolescents, constituting
5%–10% of all diabetes cases.20 Its occurrence is uncommon in the initial
9 months of life and reaches its peak incidence at 12 years of age.21 Over
the past half-century, the global prevalence of type 1 diabetes has wit-
nessed a significant surge, particularly among children under the age of 5
years.22 In 2016, the International Diabetes Federation provided their
estimations regarding the prevalence of diabetes across all nations and
territories, with China, India, and the United States reporting the highest
figures.23

Graves' disease, an autoimmune disorder of the thyroid gland, results
in the excessive functioning of the thyroid gland.24 This particular
ailment is intricate in nature.25 The precise pathogenesis of Graves' dis-
ease, which encompasses the participation of the resolution of T and β
cells remains indeterminate,25,26 and an examination of these facets falls
beyond the purview of this investigation. In addition to the signs and
symptoms of thyrotoxicosis, patients with Graves' disease often have
Graves' ophthalmopathy and may also have skin infiltrations, which are
most generally referred to as pretibial myxedema.27 In regions where
iodine is adequately available, autoimmune thyroid ailments, namely
Hashimoto thyroiditis (hypothyroidism) and Graves' disease (hyperthy-
roidism), are indisputably the most frequently observed clinical condi-
tions affecting the thyroid gland. Their prevalence is notably higher in
the female population.25,28
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Existing therapies address the symptoms of these diseases rather than
addressing the underlying cause, and are accompanied by numerous
adverse effects.29 The heightened activity of protein arginine deiminase 4
(PAD4), one of the four active PAD isozymes, is observed in RA, where it
is believed to generate a specific group of antigens that are recognized as
foreign by the immune system.30 Genetic, serological, and biochemical
evidence indicates that dysregulated activities of PAD4, and possibly
PAD2, contribute to both the initiation and progression of RA.31

Cl-amidine, a compound that selectively deactivates PAD4, diminishes
the severity and occurrence of the collagen-induced model of arthritis
(CIA).32 Major Histocompatibility Complex (MHC) Class II molecules are
a subset of MHC molecules that are normally only present on monocytes,
dendritic cells, thymic epithelial cells, some endothelial cells, and B cells,
which are professional antigen-presenting cells.33 These cells are essen-
tial for the start of immunological responses. A key player in controlling
thyroid development and function is the thyroid-stimulating hormone
receptor or TSHR.34 The interest in this receptor also stems from its
involvement in autoimmune diseases. TSH, through its interaction with
the TSH receptor, is the primary stimulant for thyroid cell growth, dif-
ferentiation, and function.35 In Graves' disease, the TSH receptor is tar-
geted by stimulating antibodies that induce hyperthyroidism. The
genetic basis of certain autoimmune disorders remains incompletely
understood, although the association with PAD4, MHC class II molecules,
and the TSH receptor is well-established. Patients with an autoimmune
disorder are weary of their ordinary way of life, fatigued by feeling like
subjects in an ongoing experiment, and disheartened by the persistent
reliance on medications without evident signs of improvement.36

Because of this evidence, PAD4, MHC class II HLA-DQ-ALPHA, and
TSH receptors are regarded as valuable targets in the fight against
rheumatoid arthritis, type 1 diabetes, and Graves' disease, respectively.
Substantial efforts persist in being directed towards the prevention and
reversal of these diseases, however, despite advancements made towards
this objective, there currently exists no universally accepted approach to
achieving this within a public healthcare framework of some autoim-
mune disorders, such as rheumatoid arthritis, type 1 diabetes, and
Graves' disease.

Drug discovery and drug repurposing are labor–intensive processes,
there is an immediate necessity to transition toward computational
methodologies. These methods are expeditious and cost-effective options
for disease control.37 Quantitative Structure–Activity Relationship
(QSAR) is a promising in silico technique employed to forecast the bio-
logical activities of diverse compounds based on their structure, even
encompassing molecules that have not yet undergone synthesis.38,39 It is
founded on a robust mathematical algorithm capable of generating a
predictive correlation model.40 The underlying notion is that the struc-
ture harbors the element accountable for its activity.41,42 As
computer-aided tools, molecular docking, in silico pharmacokinetic
profiling, and molecular dynamics simulations have been extensively
used to design therapeutically significant lead molecules for the last few
decades. The primary objective of the investigation was to acquire a
prospective non-toxic inhibitor for autoimmune diseases through a
high-throughput computational exploration approach. With this objec-
tive in mind, the current study aimed to explore this matter utilizing
computational models, namely 2D-QSAR, CoMFA (3D-QSAR), molecular
docking investigations, design, ADME-Tox analysis, MD simulations, and
MM/GBSA analysis. Furthermore, the obtained outcomes will furnish
evidence-based knowledge for the subsequent validation, modification,



Table 1
The PubChem CID number, molecular structure, and the pIC50 of Autoimmune
disorder (AID: 485272).

S/
N

CID No. Molecular structure pIC50

1 657450 7.5190

2 657484 7.5253

3 572006 7.6766

4 5389017 7.3755

5 657666 7.4390

6 5389026 7.7846

7 657946 7.6136

8 658014 7.1981

9 658451 7.4191

Table 1 (continued )

S/
N

CID No. Molecular structure pIC50

10 629074 7.6634

11 6602809 7.2232

12 658561 7.5315

13 658567 7.1920

14 135449549 7.2887

15 658686 7.2558

16 658797 7.8576

17 658838 7.2794

18 658849 7.7688

(continued on next page)
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Table 1 (continued )

S/
N

CID No. Molecular structure pIC50

19 658869 7.1931

20 658982 7.3788

21 659124 7.7407

22 659413 7.9509

23 135440843 7.8661

24 659503 7.7397

25 659522 7.8085

26 659592 7.5407

Table 1 (continued )

S/
N

CID No. Molecular structure pIC50

27 659639 7.3456

28 659650 7.4542

29 3381553 7.4507

30 3969022 7.5756

31 5389207 7.5127

32 660144 7.5260
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and optimization of the designed compounds against autoimmune dis-
orders. This study has the potential to inspire further research endeavors
that delve into the immunomodulatory capacities of these compounds
that extend beyond their direct impact on immune-mediated diseases.

2. Materials and methods

2.1. Selection of compounds for in silico study

A set of 32 compounds (ligands) with inhibitory activities against
protein arginine deiminase 4 (PAD4) were retrieved from the PubChem
database (AID 485272). To exercise the QSAR method promptly, the
IC50 values (expressed in μM), which represent the minimum inhibitory
concentration, were transformed into pIC50 by applying a negative
logarithm (pIC50 ¼ �log10 IC50). These converted values were subse-
quently utilized as the dependent variables in the development of the
quantitative structure–activity relationship (QSAR) model. Table 1



Fig. 1. The alignment of the superimposed structure of all compounds utilized
in the 3D-QSAR (MIFs) analysis is based on the atom arrangement.
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provides the related information for each drug, including the structure,
pIC50 values, and PubChem compound identification number (CID).

2.2. In silico ligand preparation

The Avogadro software43 interface received the two-dimensional
(2D) structures of the compounds after they were produced in Marvin
View. Next, using the Merck molecular force field (MMFF94), their 3D
structures were created and pre-optimized. The optimized species were
stored in the Spatial Data File (SDF) format to facilitate the study of
quantitative structure activity-relationship (QSAR). The main objective
of the QSAR methodology is to extract meaningful insights from the
numerical descriptors that characterize molecular structures. Conse-
quently, these insights can be used to predict the biological activities of
novel structures. In other words, this information can be translated into a
mathematical representation that relates the molecular descriptors ob-
tained from the PaDEL v2.21 software to the corresponding biological
activity (pIC50).44 The genetic function approximation-multiple linear
regression (GA-MLR) method was utilized to investigate multi-
collinearity between descriptors and reduce the input matrix of MLR to
analyze the foundations of the QSAR study. This was achieved by
employing the QSARIN v2.2.4 software.45

2.3. Molecular modelling and alignment

The open3DALIGN tools were employed to utilize the atom-based
alignment to superimpose the molecules, as illustrated in Fig. 1.46

Among the compounds in the data set, compound 14, illustrated in
Table 1, was chosen as the template for constructing other compounds
due to its highest O3A score. The alignment process was carried out using
the open3DALIGN workstation, with default values selected except for
certain specific considerations. 3D-QSAR analysis was conducted
through the utilization of Molecular Interaction Fields (MIFs) study on
the open3DQSAR tools.47 Using the NIPALS algorithm methodology, this
analysis used the partial least squares (PLS) approach.48 The features of
the models that the statistical computations made easier to identify were
high squared correlation coefficient (R2), high cross-validated correlation
coefficient (Q2), high Fischer's value (F-test), low standard deviation (s),
and the fewest number of descriptors involved. Nine compounds were
used to assess the quality and effectiveness of the suggested model (test
set), whereas 21 compounds were selected to provide the quantitative
model (training set).
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2.4. In silico protein preparation

The 3D crystal structures of the enzymes utilized for the examination
were acquired from the Protein Data Bank RCSB PDB. These enzymes
include Protein Arginine Deiminase 4 (PAD4) (PDB ID: 3B1U), major
histocompatibility complex (MHC) class II HLA-DQ-ALPHA chain (PDB
ID: 6DFX), and thyrotropin receptor (or TSH receptor) (PDB ID: 4QT5).
These structures were obtained from the PDB website at www.rcsb.org/
pdb.49 After that, water molecules, ligands, and other heteroatoms were
eliminated by importing them into the Discover Studio software inter-
face. The produced protein was then exported into the MGLTools inter-
face, allowing for the inspection and correction of any missing atoms.
Polar hydrogens and Kollman's charges were also introduced. Ultimately,
the PDBQT file format was used to preserve the structure.50,51

2.5. Molecular docking calculations

Molecular docking is a crucial method that aids in determining a li-
gand's affinity to a particular target, which makes it easier to develop
novel medications. The molecular docking calculations were performed
in AutoDockVina v1.2.3.52 Because of its accurate, dependable, and
efficient scoring mechanism, the AutoDockVina is the preferred model
for this docking investigation.53 The molecules (Table 1) and standard
drugs (Etoricoxib; Hydroxychloroquine; Leflunomide; Meloxicam; Met-
formin; Methimazole; Propylthiouracil; Sulfasalazine as a quality control
measure) were docked into the active sites: Center (Å) X: �9.861 Y:
�3.054 Z: 1.072 Dimension (Å) X: 89.250 Y: 67.500 Z: 120.000 for
rheumatoid arthritis (PDB code; 3B1U), type 1 diabetes (PDB code; 6DFX:
Center (Å) X: 232.312 Y: 6.530 Z: 21.193 Dimension (Å) X: 59.250 Y:
53.250 Z: 58.500, and Graves' disease (PDB code 4QT5): Center (Å) X:
�20.886 Y: 0.322 Z: �52.949 Dimension (Å) X: 47.250 Y: 84.750 Z:
59.250 as generated by compute pocket (AutoSite 1.1), all on AGFR v1.2
software,54 the active site residues and the binding sites are thereby
enclosed. The evaluation of the results was conducted by Vina after a
series of ligand-receptor runs. The conformational overlaps of the ligands
were used to cluster the resulting poses, and the calculation of their
binding affinities followed. The selection of the best pose from each
group was done, and the ranking of the ligands was determined based on
their binding affinity values. The ligands with the highest negative value,
indicating the best binding affinity, were identified as themost promising
leads for further in-silico assessments. The visualization of the interaction
between the ligands and the active sites of the protein target was facili-
tated by the Discovery Studio 2020 client.

2.6. Drug-likeness and pharmacokinetics

Drug-likeness refers to the qualitative depiction of the oral bioavail-
ability of a therapeutic compound. The evaluation of this aspect holds
great significance as many drugs are administered orally. This crucial
factor was assessed for the most promising candidates using Lipinski's
widely recognized rule of five.55 According to this principle, a thera-
peutic molecule must not violate more than one of the following criteria
to be considered orally bioavailable: molecular weight (MW) should not
exceed 500, the number of hydrogen bond donors (HBDs) should not
exceed 5, the octanol/water partition coefficient (logP) should not
exceed 5, and the number of hydrogen bond acceptors (HBAs) should not
exceed 10. The aforementioned physicochemical properties of the
selected most promising candidates were calculated utilizing the pkCSM
online tool.56

2.7. ADMET evaluation of the most promising leads

In modern drug discovery and development, early assessment of
therapeutic compounds' fates in the biological system is crucial for
removing non-drug-like candidates from the pool of bioactive com-
pounds. The biological system's processes of absorption (A), distribution



Fig. 2. The experimental pIC50 values of the selected compounds were
compared to the calculated pIC50 values using the GFA-MLR model. Fig. 3. Residuals of the selected compounds against the experimental values of

pIC50 using the GFA-MLR model.
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(D), metabolism (M), excretion (E), and toxicity (T) (ADMET) dictate the
fate of putative drug candidates. ADMET evaluation of the selected
bioactive compounds was performed with the aid of pkCSM (bio-
sig.unimelb.edu.au/pkcsm) web platforms.

2.8. Molecular dynamics (MD) simulations

Protein bioactivities are influenced by the dynamics of their struc-
tures. However, it is frequently difficult or impossible to investigate
protein flexibility using wet laboratory studies, which calls for the use of
in-silicomethods. Combining the reconstruction of predicted structures to
all-atom representation with coarse-grained simulation models is a
computationally affordable method to examine ligand-protein flexibility
in a biological system. Using the CABS-flex 2.0 web server and the
following parameters: rigidity: 1.0, temperature range: 1.40, C-alpha
restraints: 1.0, RNG seed: 8204, cycles between trajectory: 150, and
global weight: 1.0, the complex was simulated using molecular dynamics
(MD) in this work.57,58 The "browse" option was used to upload the
complex's PDB file to the server. According to Jamroz and his col-
leagues,58 CABS-flex uses a set of simulation parameters and distance
restrictions. These parameters were chosen to give the best possible
convergence between the consensus picture of globular protein fluctua-
tions in aqueous solution obtained from all-atomMD simulations and the
CABS-flex simulations. The protein structure's root-mean-square fluctu-
ation, or RMSF, was the output of the MD simulations.

2.9. Binding free energy calculations

Calculation of binding free energies for complexes was carried out
using fastDRH,59,60 by providing the cartesian coordinates of the
matching receptor and ligand molecules to FastDRH, an online web
server. We used the PB3 (radii ¼ parse, γ ¼ 0.00542, β ¼ 0.9200)
MM/GBSA procedure based on the pose ranking to calculate the binding
free energy.

3. Results and discussion

3.1. QSAR model development and its validation

Gramatica and Sangion,61 and Ouabane et al,62 in their article present
the Golbraikh and Tropsha,63 statistical parameters criteria to assess the
efficacy of QSAR models in the realm of computational chemistry, an
evaluation is necessary. In this work, we have built QSAR models with
genetic function approximation to examine the activity of various com-
pounds against the PAD4. A cross-validated squared correlation
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coefficient (Q2) was used to measure the robustness of model predictions,
and the research findings and optimal model were chosen based on
several statistical characteristics, including the square of the correlation
coefficient or regression coefficient (R2). According to the regression
coefficient (R2 ¼ 0.7535), the chosen model 1 produced a high
activity-descriptor connection accuracy (Fitting criterion) of 75.35%.
The results indicated a predictive capacity of about 66.11% for the in-
ternal (internal validation criteria: Q2

LOO) and 55.87% for the external
(external validation criteria: R2

ext). Fig. 2 shows the fitness plot for the
training and test sets. Fig. 3 also included a summary of a radar map that
showed the proximity between the actual and predicted activity of
training and test set compounds. The graphic gives an indication of the
model's training and prediction accuracy for the external test set's
activity.

pIC50 ¼ 4.5882 þ 0.0218 (AATSC5v) þ 1.5469 (MATS6p) þ
0.0886(minsCH3) Model 1

Where AATSC5v: Average centered Broto-Moreau autocorrelation - lag
5/weighted by van der Waals volumes.

MATS6p:Moran autocorrelation - lag 6/weighted by polarizabilities.
minsCH3: Minimum atom-type E-State: -CH3.
(Fitting criteria).
R2 ¼ 0.7535; R2adj¼ 0.7146; R2-R2adj ¼ 0.0389; LOF ¼ 0.0342; Kx

¼ 0.1498; Delta K ¼ 0.1623; RMSEtr ¼ 0.1367; MAEtr ¼ 0.1085; RSStr ¼
0.4295; CCCtr ¼ 0.8594; s ¼ 0.1504; F ¼ 19.363.

(Internal validation criteria).
Q2loo ¼ 0.6611; R2-Q2loo ¼ 0.0925; RMSEcv ¼ 0.1603; MAEcv ¼

0.1282; PRESScv¼ 0.5906; CCCcv¼ 0.808; Q2LMO¼ 0.6308; R2Yscr¼
0.1355; Q2Yscr ¼ �0.2833; Yscr ¼ 0.2555.

(External validation criteria).
RMSEext ¼ 0.1791; MAEext ¼ 0.1546; PRESSext ¼ 0.2886; R2ext ¼

0.5587; Q2-F1 ¼ 0.4859; Q2-F2 ¼ 0.4737; Q2-F3 ¼ 0.5767; CCCext ¼
0.736.

(Predictions by LOO).
Exp(x) vs. Pred(y): R2 ¼ 0.6646; R02o ¼ 0.5575; k' ¼ 0.9991.
Pred(x) vs. Exp(y): R2 ¼ 0.6646; R2o ¼ 0.6611; k ¼ 0.9997.
(External predictions by model equation).
Exp(x) vs. Pred(y): R2 ¼ 0.5587; R02o ¼ 0.48; k' ¼ 1.0087.
Pred(x) vs. Exp(y): R2 ¼ 0.5587; R2o ¼ 0.5082; k ¼ 0.99.
The information in Table 2 indicates how well the expected and

actual activities match up. The plot of the predicted pIC50 values using
GFA-MLR versus the actual pIC50 values (Fig. 2) further corroborated
this, and the linear model built with the AATSC5v, MATS6p, and
minsCH3 descriptors likewise had the lowest values of the statistical



Table 2
The dataset structures employed for the QSAR analysis are accompanied by the corresponding observed and predicted class.

Name pIC50 QSAR Residues FFDSEL Residues UVEPLS Residues

1 4.5268 4.7358 0.209 4.5187 �0.0081 4.5170 �0.0098
2 4.7747 4.7668 �0.0079 4.7822 0.0075 4.7752 0.0005
3p 4.8147 4.669 �0.1457 4.7578 �0.0569 4.7160 �0.0987
4p 4.5936 4.6003 0.0067 4.4565 �0.1371 4.4345 �0.1591
5p 4.6988 4.8826 0.1838 4.5062 �0.1926 4.4498 �0.2490
6 4.7916 4.5734 �0.2181 4.7920 0.0004 4.7949 0.0033
7p 4.1662 4.2553 0.0892 4.4893 0.3231 4.5190 0.3528
8 4.8262 4.8019 �0.0243 4.8227 �0.0035 4.8185 �0.0077
9 4.2701 4.1469 �0.1232 4.2772 0.0071 4.2695 �0.0006
10 4.0711 4.0944 0.0232 4.0721 0.001 4.0696 �0.0015
11 4.8239 4.7768 �0.0471 4.8158 �0.0081 4.8292 0.0053
12 4.5842 4.3151 �0.269 4.5955 0.0113 4.5873 0.0031
13 4.3692 4.4711 0.1019 4.3256 �0.0436 4.3580 �0.0112
14 4.2061 4.3209 0.1148 4.2387 0.0326 4.2358 0.0297
15p 4.0832 4.1303 0.0471 4.3492 0.266 4.3305 0.2473
16p 4.3181 4.6267 0.3086 4.5000 0.1819 4.5253 0.2072
17 4.8038 4.6779 �0.1259 4.8080 0.0042 4.8038 0
18 3.8741 4.1246 0.2505 3.8654 �0.0087 3.8755 0.0014
19 4.3863 4.2542 �0.1321 4.3426 �0.0437 4.3540 �0.0323
20 4.0473 4.0883 0.041 4.0888 0.0415 4.0532 0.0059
21 4.2666 4.5155 0.2489 4.2502 �0.0164 4.2585 �0.0081
22 4.5585 4.4154 �0.143 4.5663 0.0078 4.5678 0.0093
23 4.6119 4.6631 0.0512 4.6243 0.0124 4.6131 0.0012
24 4.6788 4.694 0.0152 4.7033 0.0245 4.6876 0.0088
25 4.6492 4.5511 �0.098 4.6478 �0.0014 4.6404 �0.0088
26 4.4821 4.6481 0.1659 4.4894 0.0073 4.4897 0.0076
27 4.6902 4.6362 �0.054 4.6743 �0.0159 4.6952 0.0050
28p 4.6521 4.9055 0.2534 4.5740 �0.0781 4.4885 �0.1636
29 4.6651 4.6605 �0.0046 4.6569 �0.0082 4.6636 �0.0015
30p 4.7001 4.5281 �0.1719 4.4571 �0.243 4.4973 �0.2028
31p 4.6525 4.467 �0.1854 – – – –

32 4.1259 4.1515 0.0256 – – – –

Table 3
The linear model is constructed using the three descriptors that are chosen
through the GA-MLR method.

Descriptor AATSC5v MATS6p minsCH3 VIF MF

AATSC5v 1 1.040099 1.025159
MATS6p �0.1909 1 1.042991 �0.01131
minsCH3 0.0339 0.0626 1 1.006138 �0.01385

Fig. 4. Y-scrambled figure illuminating the parameters used for
external validation.
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parameters "s" and "MAEcv" calculated. The external predictivity was
then evaluated using a test set consisting of nine chemicals. The biolog-
ical activity of the substances in the test set was predicted by the model
with a comparatively high value of 0.5587. The model's acceptable
performance on the test set was further validated by the CCCext value.
The model's external predictivity is further supported by the low
RMSEext values.

The correlation matrix presented in Table 3 gives a first idea of the
links among the 3 descriptors. The presence of multi-collinearity among
the aforementioned three descriptors was identified through the
computation of their variation inflation factors (VIF), which can be
determined in the following manner:

VIF¼ 1
1� R2 (1)

The correlation coefficient, denoted as R2, represents the measure of
correlation in the multiple regression, specifically within the variables of
the model. When the VIF assumes a value of 1, it indicates the absence of
inter-correlation amongst each variable. In the case where VIF falls
within the array of 1–5, the associated model is deemed acceptable.
Conversely, if VIF surpasses 10, the model becomes unstable and neces-
sitates reassessment.64 The respective VIF values of the three descriptors
are displayed in Table 3. It is evident from the tabulated information that
all the descriptors exhibit VIF values below two (2), signifying the sta-
tistical significance of the acquired model and the reasonably orthogonal
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nature of the descriptors.
The relative relevance of a descriptor to the other descriptors in the

model is explained by the mean effect (MF) shown in Table 3. Its polarity
represents the path taken by the variables in the activities as a result of an
increase or decrease in the descriptor values. The following method may
be used to obtain the MF quantification:

MF¼
βj
Pi¼n

i¼1
dij

Pm

j
βj
Pn

i dij
(2)



Fig. 5. Plotting standard residuals against leverage levels is shown by Willaims.

Fig. 6. Computed pIC50 to the experimental pIC50 results representing (A)
CoMFA-ffdsel and (B) CoMFA-uvepls

E.I. Edache et al. Intelligent Pharmacy 2 (2024) 688–706
where m is the total number of descriptors in the model, dij is the value of
the descriptors of interest for each molecule, βj is the coefficient of the
descriptor j, and MF is the average effect for the descriptor j.64

A visual representation of the inter-correlation between the de-
scriptors x and activity y was created by graphing Kxy against the final
model's Q2

LMO. This graph showed that the LMO parameter values
matched the model parameters shown in Fig. 4, demonstrating the
model's resilience and stability. To verify the external validation, a Y-
scramble plot (Fig. 4) was employed, where Kxy was plotted against
R2

YSCR and Q2
YSCR. It was observed that the values obtained in the model

were higher than the values obtained in the external validation test.
If there is an intention to employ a QSAR model to evaluate novel

compounds, it is imperative to establish the specific range of circum-
stances in which this QSAR model can be applied. This is a requirement
emphasized by Ugbe et al.65 To ascertain whether a given compound falls
within the defined scope, it is feasible to utilize the leverage hi of the
compound, which serves as a criterion for assessment.

hi ¼ xTi ðxTxÞ�1 xiði¼ 1…………nÞ (3)

where xi represents the descriptor vector of the compound under
consideration and x denotes the descriptor matrix obtained from the set
of training compounds. The superscript T signifies the transpose of the
matrix or vector. The cautionary leverage h* is set at 3(pþ 1)/n, where n
represents the number of training compounds and p denotes the number
of model parameters. Within this particular model, the assigned value for
h* is 0.522. If the leverage exceeds the warning/cautionary leverage h*,
the anticipated outcome may lack dependability. As depicted in the
Williams plot of this 2D-QSAR model, as illustrated in Fig. 5, the
magnitude of the hi values for all the compounds in both the training and
test sets is below the designated warning threshold (h* ¼ 0.522). The
training set exhibits a high level of representativeness, with no individual
compounds exerting significant influence within the model space.
However, the standardized residual of compounds numbered 5, 28, 30,
and 31 surpasses a slight deviation of 2.5 standard deviation units (2.5 s),
potentially attributed to its distinct anti-autoimmune activity mecha-
nism. Nevertheless, considering the robust predictive capability of the
Table 4
An optimal CoMFA model based on statistical data.

CoMFA R2 SDEC F-test Q2LOO

FFDSEL 0.9947 0.0197 601.7357 0.5346
UVEPLS 0.9983 0.0110 1917.9582 0.5877

S–C ¼ Steric contribution; E-C ¼ Electrostatic contribution.
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model, we have decided to retain it within the model.
3.2. 3D-QSAR analysis

Factorial fractional design (ffdsel) and Uninformative variable
elimination-partial least square (uvepls) comparative molecular field
analysis (CoMFA) models were developed for a set of 30 compounds that
inhibit protein arginine deiminase 4 (PAD4), with compound 14 serving
as the reference structure (Fig. 1). The primary focus of these models was
on the statistical characterization of the most comparable parameters in
the QSAR analysis, namely R2 and theQ2. The R2 value is indicative of the
model's ability to predict future outcomes, thus serving as a measure of
the regressionmodel's goodness-of-fit to the training set. However, theQ2

value, also referred to as the predictive R2, assesses the QSAR model's
internal resilience as well as its predictive reliability. Furthermore, the
models were assessed using additional statistical parameters including
the F statistic, Standard Deviation Error in Calculation (SDEC), and
Standard Deviation Error in Predictivity (SDEP). The statistical findings
of the 3D-QSAR CoMFA model for the biologically evaluated compounds
are detailed in Table 4.

Based on FFD procedures for noise reduction in the input data,
SDEP Q2LTO Q2LMO S–C E-C

0.1846 0.5169 0.4396 0.69 0.31
0.1737 0.5652 0.4715 0.714 0.286



Fig. 7. PLS contours generated from a 3D-QSAR model of inhibitors of PAD4. CoMFA-ffdsel electrostatic and steric contour maps are shown in (A and B) and (C and D)
respectively.
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Table 4 documents the statistical quality parameters of CoMFAmodels. A
CoMFA model that combines both electrostatic and steric fields was
found to be the most optimal based on analysis of these parameters. The
steric field was found to contribute 68.7% to the partial least square (PLS)
model, while the electrostatic field contributed 31.3%. This suggests that
the binding of the chosen chemicals to PAD4 is significantly influenced
by the steric interaction. For leave-one-out (LOO) and leave-two-out
(LTO), the CoMFA-ffdsel model demonstrated an impressive cross-
validated correlation coefficient (Q2) of 0.5346 and 0.5169, respec-
tively. This shows that the constructed model has good internal predic-
tive power. For the CoMFA model, the non-cross-validated PLS analysis
with five components produced a respectable conventional R2 value of
0.9947, an F-test value of 601.7357, and an SDEP value of 0.1846.
Table 2 provides a summary of the residual values of the training set and
test set molecules together with the values of the projected and experi-
mental activities. This data shows that most compounds have residual
values less than 0.3, indicating a strong similarity between the antici-
pated and experimental activity of inhibitors. This graphical depiction
(Fig. 6A) attests to the dependability of the produced CoMFA model,
whichmay be used in the creation of novel inhibitory drugs, and provides
further validation of the established model's excellent predictive power.

The CoMFA-ffdsel models' contour maps provide data that may be
used to pinpoint important spots in the three-dimensional space around
the molecules where modifications to the steric and electrostatic fields
have the potential to significantly impact biological activity. Further-
more, the contour maps offer us a general understanding of the charac-
teristics of the region where receptors and ligands bind. Since template
compound 14 (Fig. 7) has the highest O3A score, contour maps were
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created using it as a reference structure. Red outlines indicate locations
where the bulky group would be beneficial (Fig. 7A), while blue contours
indicate areas where the bulky group would decrease activity (Fig. 7B).
These contours represent the steric field. The red outlines accounted for
61% of the bioactivity, whereas the blue contours provided 39%.

The outlines in maroon and green, which indicate regions where an
electron-donating group would be favorable and regions where an
electron-withdrawing group would be advantageous, respectively, serve
to demonstrate the electrostatic field. The maroon area (Fig. 7C), which
suggests that the existence of a negatively charged group might improve
the activity, deserves special attention. The contribution of the electron-
donating group (maroon contours) to the bioactivity was 56%, while the
contribution of the electron-withdrawing group (green contours) was
44% (Fig. 7D).

A lower Standard Deviation of Error in Calibration (SDEC) value of
0.0110 and a higher F-value of 1917.9582 are produced by the non-cross-
validated Partial Least Squares (PLS) analysis, which yields a higher R2
value of 0.9983. In contrast, a Q2 value of 0.5877 is obtained from the
Leave-One-Out (LOO) cross-validated PLS Comparative Molecular Field
study (CoMFA) with Unbiased Variable Selection (UVEPLS) study, which
makes use of five PLS components. Furthermore, the model's internal
validation is provided by a high Leave-Three-Out (LTO) Q2 value of
0.5652 and a low Standard Error of Prediction (SDEP) value of 0.1737 for
the training set. Table 2 presents the predicted and experimental activ-
ities (pIC50) for the training and test sets using the best 3D-QSAR Mo-
lecular Interaction Field (MIF) model. A figure employing MIF analysis is
shown in Fig. 6B, which compares the observed and estimated activity of
the training and test set molecules. Therefore, taking into account better



Fig. 8. PLS contours derived using the PAD4 inhibitor 3D-QSAR model (A and B) Steric contour maps using CoMFA-uvepls (C and D) Electrostatic contour maps using
CoMFA-uvepls.
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statistical results and predictive power, the developed model is regarded
as suitable.

In Fig. 8, the steric and electrostatic contours of CoMFA-uvepls are
shown. The outlines of the steric and electrostatic interactions are shown
by red and blue, respectively, and green and yellow, respectively. 71.4%
and 28.6%, respectively, are the fractions of the electrostatic and steric
fields. The CoMFA-uvepls contour maps may be used to identify areas
that may significantly alter biological activity by providing steric and
electrostatic information. In steric contour maps, the presence of a blue
contour implies that the compound's biological activity may be enhanced
by adding more bulky groups to these locations (Fig. 8A), whereas the
presence of a red contour indicates the opposite (Fig. 8B). The bulky
groups (blue contours) contributed 60% of the bioactivity, while the less
bulky groups (red contours) contributed 40% of the bioactivity. As shown
in Fig. 8, the region's blue contour suggests the presence of a longer,
sweeter-smelling alkyl group or cluster that was crucial to the com-
pound's 14 bioactivities. While the morphologies of the green contours
(44%) reflect the territories where such electro-positivity is unfavorable
to biological activity (Fig. 8C), the yellow contours (55%) highlight the
places where the presence of electropositive groups would contribute to
growing compound 14 inhibitory strength (Fig. 8D).
3.3. Virtual screening and docking studies

By using molecular docking analysis, the biological activities of the
chosen drugs are evaluated. To design drugs using organic compounds,
molecular docking bioactive conformation is useful. This first study,
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which uses easily identifiable protein-ligand energy interactions, saves
time and money.65,66 As a result, one can forecast the binding affinity of
two molecules. The ligand's affinity and activity are predicted by the
direction in which it binds to the protein targets. A receptor is the name
given to the protein that binds to the ligand.

The details of the virtual screening of the selected compounds are
shown in Table 5. A reference ligand, Etoricoxib, Hydroxychloroquine,
Leflunomide, Meloxicam, Metformin, Methimazole, Propylthiouracil,
and Sulfasalazine which are clinically approved drugs for some autoim-
mune diseases, was used in this study. To estimate the inhibitory power
of hits more thoroughly, molecular docking for all the standards was also
performed. The binding affinity of all the standard drug complexes with
RA receptor (PDB id: 3BLU) was in the range of�7.021 and�3.572 kcal/
mol, the binding affinity of the standard drug complexes with T1D re-
ceptor (PDB id: 6DFX) was in the range of �7.568 and �3.175 kcal/mol,
while the binding affinity of the standard drug complexes with GD re-
ceptor (PDB id: 4QT5) was in the range of �6.555 and �3.236 kcal/mol,
respectively. At a binding affinity of �7.802 kcal/mol, ligand 27 (CID
659639) had the highest (negative value) binding affinity score hit
molecule against the RA receptor. Ligand 1 (CID 657450) has a binding
affinity of�7.780 kcal/mol, making it the second-best hit ligand in terms
of scoring. The third-best-hit molecule, ligand 11 (CID 6602809), which
has a binding affinity of �7.675 kcal/mol, came next. With a binding
affinity of �8.253 kcal/mol, ligand 30 (CID 3969022) was the molecule
with the greatest binding affinity score against the T1D receptor. With a
binding affinity of �8.160 kcal/mol, ligand 27 (CID 659639) was the
second-best binding affinity scored hit molecule. Ligand 1 (CID 657450),



Table 5
Docking score of the identified compounds against Protein Arginine Deiminase 4
(PAD4) (PDB ID: 3BLU), MHC class II HLA-DQ-ALPHA (PDB ID: 6DFX), and TSH
receptor (PDB ID: 4QT5) for anti-autoimmune activity.

Compounds CID Number Ligand serial number Binding affinity (kcal/mol)

3BLU 6DFX 4QT5

657450 1 �7.78 �7.774 �6.972
657484 2 �5.642 �5.714 �5.25
572006 3 �6.297 �6.275 �5.602
5389017 4 �5.883 �5.651 �4.947
657666 5 �6.042 �6.158 �5.389
5389026 6 �6.702 �7.197 �6.698
657946 7 �7.386 �6.712 �6.122
658014 8 �6.848 �7.635 �6.432
658451 9 �6.277 �7.171 �6.033
629074 10 �6.795 �7.456 �6.862
6602809 11 �7.675 �7.484 �6.893
658561 12 �7.291 �7.631 �6.567
658567 13 �5.675 �5.885 �4.881
135449549 14 �6.95 �7.483 �6.488
658686 15 �5.942 �6.196 �5.884
658797 16 �5.237 �5.423 �4.515
658838 17 �6.16 �6.977 �6.674
658849 18 �6.42 �7.569 �6.372
658869 19 �6.803 �7.155 �6.151
658982 20 �5.616 �5.904 �4.833
659124 21 �7.187 �7.31 �6.58
659413 22 �5.288 �5.428 �5.354
135440843 23 �5.381 �5.245 �4.809
659503 24 �6.712 �6.448 �6.54
659522 25 �6.745 �6.25 �4.866
659592 26 �6.411 �6.764 �6.175
659639 27 �7.802 �8.16 �7.333
659650 28 �5.735 �6.46 �5.211
3381553 29 �6.26 �6.904 �5.612
3969022 30 �7.224 �8.253 �6.783
5389207 31 �7.098 �7.247 �6.242
660144 32 �6.251 �6.533 �5.603
Control Drugs
123619 Etoricoxib �6.33 �6.784 �6.059
3652 Hydroxychloroquine �5.515 �6.154 �5.321
3899 Leflunomide �6.571 �6.43 �6.635
�5.002 �5.002 �5.002 �5.002 �5.002
4091 Metformin �4.723 �4.468 �4.488
1349907 Methimazole �3.314 �3.182 �3.209
657298 Propylthiouracil �4.512 �4.635 �4.156
5339 Sulfasalazine �7.442 �7.792 �6.781

Fig. 9. Docking simulation of the interaction between (A) Sulfasalazine (refer-
ence drug) and (B) ligand 27 with 3B1U protein of rheumatoid arthritis.
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the third-best hit molecule, was in second place with a binding affinity of
�7.774 kcal/mol. Lastly, the highest binding affinity score hit molecule
against the GD receptor was ligand 27, with a binding affinity of �7.333
kcal/mol. The second-best molecule was ligand 1 with a binding affinity
of �6.972 kcal/mol, followed by ligand 11 with a binding affinity of
�6.893 kcal/mol. The binding affinities of the screened compounds
using AutoDock vina are represented in Table 5. However, ligand 27 was
selected as the hit compound for the autoimmune disorder because of its
exceptional binding affinity values and its positions against the three
receptors, respectively. It was discovered that, in comparison to other
ligands and reference medications, the chosen ligand 27, was more
powerful.

3.4. Docking results of rheumatoid arthritis (PDB: 3B1U)

Fig. 9A and B, respectively, show the interactions between the RA
receptor (PDB: 3B1U), sulfasalazine (the best-docked reference medica-
tion), and the suggested chemical (ligand 27). The most potent reference
medication fits snugly into the RA enzyme's ligand-binding pocket. Ac-
cording to Fig. 9A, the sulfasalazine exhibits an unfavorable donor–donor
interaction with the GLN358 residue and a pi-alkyl with the PRO365 and
PRO653 residues. Similar to this, at a distance of 4.91 Å, the one group
hydroxyl –OH forms a carbon–hydrogen bond contact with the LYS657
residue, while at a distance of 5.61 Å, the –SO group forms a conventional
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hydrogen bond connection with the ARG650 residue. These results
validated the sulfasalazine's stability inside the active pocket. To inves-
tigate the impact of contacts on the inhibitory activity, the proposed
ligand 27 was similarly docked into the RA receptor's active site. The
hydrophobic interactions (pi–pi stacked, pi–pi T-shaped, pi-alkyl) that
ligand 27 offers with TYR436, TYR463, TRP548, and CYS545, respec-
tively, are seen in Fig. 9B. Additionally, it creates pi-cation and pi-anion
electrostatic interactions with LYS578 and ASP465. Similarly, the sug-
gested ligand 27 allows for two carbon-hydrogen contacts with ASP439
and PHE576 at a distance of 4.42 Å and 6.16 Å, as well as a typical
hydrogen bond interaction with CYS434 at a distance of 3.65 Å. These
findings show that the carbon–hydrogen bond and the conventional
hydrogen bond were the main interactions that supported our top
candidate molecule's high stability.
3.5. Docking results for type 1 diabetes (PDB: 6DFX)

The reference drug sulfasalazine was docked into the binding pocket
of the type 1 diabetes enzyme (PDB: 6DFX). Fig. 10A hints that the sul-
fasalazine presents a hydrophobic pi–pi stacked with PHE145, pi-alkyl
with ALA82 and PRO114 residues interaction. It also presents two un-
favorable donor–donor with HIS143 and GLN 14. Similarly, the carboxyl
group provides two conventional hydrogen bond interactions with
LYS140 with a distance of 6.11 and 6.31 Å.

To investigate the impact of contacts on the inhibitory activity, the
proposed ligand 27 was docked in the same manner into the type 1



Fig. 10. Docking simulation of the interaction between (A) Sulfasalazine
(reference drug) and (B) ligand 27 with 6DFX protein of type 1 diabetes.

Fig. 11. Docking simulation of the interaction between (A) Sulfasalazine
(reference drug) and (B) ligand 27 with 4QT5 protein of Graves' disease.
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diabetes receptor's active site (PDB: 6DFX). Fig. 10B makes clear that
ligand 27 provides hydrophobic interactions which are pi-sigma, alkyl,
and pi-alkyl with residue LEU66, LEU70, ALA82, PRO114, and ALA81,
respectively. In a similar vein, ligand 27 affords conventional hydrogen
bond interaction with ALA82 at a distance of 3.68 Å and one unfavorable
donor–donor interaction with GLN14 residue. These findings show that
the main interactions that supported the excellent stability of our top
candidate chemical were a large number of hydrophobic contacts and the
traditional hydrogen bond interaction.
3.6. Docking results for graves’ disease (PDB: 4QT5)

The reference drug sulfasalazine has the most negative binding af-
finity than the rest of the standard against Graves' disease receptor (PDB:
4QT5). The compound was docked into the Graves disease enzyme's
binding pocket. Two hydrophobic interactions are suggested to be pre-
sent in the molecule by Fig. 11A: one with pi-sigma and two with pi–pi
stacked with residues THR164 and PHE135, respectively. Along with
four traditional hydrogen bond contacts with residues THR172 at a dis-
tance of 4.35 Å, SER174 at a distance of 4.05 Å, THR164 at a distance of
4.18 Å, and ASP165 at a distance of 4.14 Å, the normal drug molecule
additionally exhibits one electrostatic interaction (pi-anion) with
ASP167.

To examine the impact of contacts on the inhibitory activity, the
proposed ligand 27 was similarly docked into the Graves disease re-
ceptor's active region (PDB: 4QT5). It is evident from Fig. 11B that ligand
27 offers three different kinds of hydrogen bond interactions, including
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the carbon–hydrogen bond, the pi-donor hydrogen bond, and multiple
hydrophobic interactions. The hydrophobic interactions between resi-
dues PRO44, TYR87, and PHE98 include the pi-sigma, pi–pi stacking,
pi–pi T-shaped, pi-alkyl, and alkyl interactions. Likewise, the suggested
molecule allows for a 4.02 Å carbon–hydrogen bond with ALA100, a
4.52 Å pi-donor hydrogen bond contact with PHE98, and a 4.62 Å con-
ventional hydrogen bond connection with residue PHE98. These findings
show that the essential interactions that verified the excellent stability of
our top candidate molecule were the hydrogen bonds and the sequence of
hydrophobic contacts.
3.7. Designing of new analogs of ligand 27 and their molecular docking

The structural analogs of ligand 27 were developed with structural
modifications with different substituents. Several structural features of
ligand 27 were replaced with important fragments as presented in
Table 6. The structures were built with Marvin sketch software and
minimized according to section 2.2 and for use in upcoming molecular
docking and other validations, their SMILES (Simplified Molecular Input
Line Entry Specification) notations were created (Table S1). The pro-
duced compounds were subjected to the identical energy minimization
procedure as the data set's components. In comparison to reference
medications and the template molecule, several of these developed
structures have greater binding affinities towards antagonists of auto-
immune disorders. Against the three receptors, the binding affinity range
was �7.3 kcal/mol to �9.1 kcal/mol. Two compounds, D7 and D9, had
the lowest binding affinities on average, whereas compounds D4 and D5
had the highest scores.



Table 6
The structure of the designed ligand and their binding affinities.

S/N Designed compounds Binding affinity (kcal/mol)

3BLU 6DFX 4QT5

D1 �9.092 �9.136 �7.758

D2 �8.866 �8.991 �8.006

D3 �9.298 �8.599 �8.226

D4 �9.039 �8.987 �8.192

D5 �8.834 �9.132 �8.177

D6 �8.144 �9.100 �7.986

D7 �8.918 �8.655 �7.482

D8 �8.484 �9.331 �7.879

D9 �8.907 �8.212 �7.364

(continued on next page)
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Table 6 (continued )

S/N Designed compounds Binding affinity (kcal/mol)

3BLU 6DFX 4QT5

D10 �8.359 �9.282 �7.452

Table 7
ADMET analysis of the designed compounds, the template, and some reference drugs.

Drug
Identifier

Absorption Distribution Metabolism Excretion Toxicity

Substrate Inhibitor

CYP

Intestinal
absorption
(Human)

VDss
(human)

BBB
permeability

CNS
permeability

2D6 3A4 1A2 2C19 2C9 2D6 3A4 Total
clearance

AMES toxicity

Numeric (%
absorbed)

Numeric
(log L kg�1)

Numeric (log
BB)

Numeric (Log
PS)

Categorical (yes/no) Numeric (log
mL min�1

kg�1)

Categorical
(yes/no)

Template (cpd
27)

93.505 0.102 �0.928 �2.292 Yes Yes Yes Yes Yes No Yes 0.569 No

Sulfasalazine 64.478 �1.425 �1.557 �3.204 No No No No Yes No No �0.027 No
Etoricoxib 97.946 0.05 0.257 �1.914 No Yes Yes Yes Yes No Yes 0.174 No
Meloxicam 70.656 �0.133 �0.303 �2.443 No No No No No No No 0.07 No
D1 79.565 0.623 �1.105 �2.482 Yes Yes Yes Yes Yes No Yes 0.796 No
D2 89.015 0.006 �1.139 �2.273 No Yes Yes Yes Yes No Yes 0.755 No
D3 77.565 0.178 �1.175 �2.587 Yes Yes Yes Yes No No Yes 0.434 No
D4 72.119 �0.168 �1.188 �2.848 No Yes Yes No No No Yes 0.64 No
D5 86.515 0.177 �1.127 �2.207 No Yes Yes Yes Yes No Yes 0.436 No
D6 92.323 0.188 �1.193 �2.206 No Yes Yes Yes Yes No Yes 0.572 No
D7 81.045 0.138 �1.162 �2.66 No Yes Yes Yes Yes No Yes 0.574 No
D8 90.352 0.229 �0.884 �1.885 Yes Yes Yes Yes Yes No Yes 0.659 Yes
D9 80.076 0.72 �0.935 �2.419 No Yes Yes No No No Yes 1.095 No
D10 77.4 0.134 �1.116 �2.604 No Yes Yes Yes Yes No Yes 0.424 Yes
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3.8. Drug-likeness assessment

We employed the widely used pkCSM (biosig.unimelb.edu.au/
pkcsm) online platform to analyze the pharmacokinetics and drug-
likeness of such compounds following the Lipinski filter to further
assess their drug-likeness.67 The best absorption medications (Lipinski's
rule of five) are lead compounds with molecular weight (MW) < 500 Da,
hydrogen-bond donors (HBD) � 5, hydrogen-bond acceptors (HBA) �
10, and logP � 5.67 Additionally, molecules with rotatable bonds (nrotb)
< 10 and total polar surface area (TPSA) � 140 Å have high bioavail-
ability.68 Table S2 provides elucidation regarding the in-silico assessment
findings of certain reference compounds, the template compound, and
the newly formulated candidate molecules, which exhibit commendable
oral bioavailability and abide by Lipinski's rule. Additionally, it is note-
worthy that all newly developed compounds possess a molecular weight
below 500 Da, signifying the facile absorption and diffusion potential of
the molecules. These findings effectively showcase the favorable
bioavailability of the suggested autoimmune medications.

The identification of a pharmaceutical compound represents a sig-
nificant milestone; however, it remains insufficient due to the potential
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toxicity and inadequate ADMET properties associated with this com-
pound. Consequently, the accurate prediction of ADMET properties as-
sumes paramount importance in mitigating potential complications
during subsequent clinical trials.

A compound possessing an intestinal absorbance value of less than
30% is deemed to exhibit poor absorption. The outcomes elucidated in
Table 7 demonstrate that all recently proposed compounds may be
readily absorbed by the human intestine, with absorption rates exceeding
70%. In other words, all the synthesized compounds showcased consid-
erably higher human intestinal absorption (HIA) values (ranging from
72% to 95%) in comparison to the reference drugs, sulfasalazine
(64.478%) and meloxicam (70.656%). Thus, implying a superior intes-
tinal absorption following oral administration. Regarding the analysis of
distribution, the permeability of the blood–brain barrier (BBB) was
evaluated. The permeability of the BBB is an indispensable prerequisite
for drugs exhibiting central nervous system (CNS) activity, as it facilitates
their transportation from the bloodstream into the brain. However, in the
case of drugs without CNS activity, their entry into the brain may induce
toxicity within the CNS. Drugs with a logBBB value greater than 0.3 are
believed to rapidly penetrate the BBB, whereas drugs with a logBBB value



Fig. 12. Docked poses of designed compound D4 with (A) RA receptor (PDB 3B1U) (B) T1D receptor (PDB 6DFX), and (C) GD receptor (PDB 4QT5).
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less than �1 exhibit inadequate dispersal to the brain. It is noteworthy
that all the synthesized compounds possess logBBB values less than 0.3,
indicating insufficient distribution to the brain. Additionally, all the
projected compounds are anticipated to exhibit a VDss value lower than
0.45, except for D1. This observation suggests that these compounds are
more likely to be distributed within the blood plasma as opposed to other
tissues within the body.

In the examination of metabolism, the CYP3A4 parameter was eval-
uated. In humans, CYP3A4 is a key isoenzyme that plays a role in the
oxidative biotransformation and metabolism of over 60% of medications
and xenobiotics.69 The drugs etoricoxib and the template ligand 27,
along with all of the synthesized compounds, were forecasted to serve as
substrates for the CYP3A4 isoenzyme, thereby suggesting their successful
metabolism. However, the entire set of synthesized compounds was
projected to hinder the activity of CYP3A4. The inhibition of CYP3A4 is
correlated with the accumulation of concurrently administered drugs,
consequently leading to drug–drug interactions (DDI) and associated
toxicity.70 Therefore, despite the respectable affinities of D4 and D5
concerning certain autoimmune disorders, their effectiveness is hindered
due to their metabolic incompatibility. Each of the synthesized com-
pounds exhibited a higher total clearance value of �0.4 mL/min/kg in
comparison to the reference medications, thereby indicating their supe-
rior elimination through the hepatic and renal pathways. Conversely, a
low total clearance value for the reference drugs implies that they will be
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retained within the body for an extended duration. Similarly, except for
D8 and D10, all of the designed compounds were found to possess a
positive Ames toxicity test, signifying their non-mutagenic nature.
Conversely, a positive Ames toxicity test for D8 and D10 suggests that
they are mutagenic and potentially carcinogenic.71
3.9. Selectivity of the designed inhibitors

Initially, the designed compounds were docked inside the three re-
ceptors' active sites. As shown in Table 6, displayed their binding affin-
ities. The top-designed compounds based on their ADMET and their
predicted receptors' inhibitory activities were selected for their docking
interactions. The selected compound is compound D4. Based on average,
the binding affinity of the designed compound D4 was found higher than
the rest of the compounds. The binding interactions of the compound D4
against the three (3) receptors are summarized in Fig. 12. The simulation
performed by AutoDock vina allowed us to obtain a complex formed
between the most active compound D4 and the active site of 3BLU which
is stabilized by four conventional hydrogen bonds between the sulphonyl
of the inhibitor and the amine function of the ARG374 and TRP347
residues with a distance equal to 6.10 and 5.09 Å, the other conventional
hydrogen bonds formed between the nitrogen and –NH groups of the
ligand and the amine function of the ARG374 and ARG639 residues with
a distance of 6.54 and 5.34 Å, respectively. Compound D4 also forms one



Fig. 13. Molecular dynamics simulation showing the (A) RMSF and (B) contact
map of the designed compound D3 with RA PDB id 3B1U receptor.

Fig. 14. Molecular dynamics simulation showing the (A) RMSF and (B) contact
map of the designed compound D3 with RA PDB id 3B1U receptor.
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carbon–hydrogen bond with SER468 at a distance of 4.36 Å. The com-
pound is also stabilized by several hydrophobic and electrostatic in-
teractions as presented in Fig. 12A.

The 2D binding interaction of compound D4 against T1D and GD
receptors (PDB Id: 6DFX and 4QT5) is illustrated in Fig. 12B and C,
respectively. In comparison to references and template inhibitors, the
developed chemical D4's interaction results in the receptor cavity
demonstrate a greater variety and quantity of contacts (conventional
hydrogen bond interaction). The data obtained suggest that compound
D4 may be a useful inhibitor of some autoimmune diseases. Due to their
good binding affinities against certain autoimmune proteins and ideal
ADMET characteristics, ligand 27 and designed drug D4were determined
to be the best of the evaluated compounds based on the outcomes of
QSAR, in-silico molecular docking, and pharmacokinetic studies. Here-
after, only the template and D4 were considered for further studies.
3.10. Molecular dynamic simulations

The MD simulations of both complexes were assessed using CABS-
flex2.0, and it was discovered that both complexes had many areas of
considerable flexibility in their RMSF peaks. Greater flexibility is indi-
cated by a maximum RMSF value, while constraints were present
throughout the simulation run for a minimum value. Ligand 27 showed
fluctuation at residue index number 126, 399, 125, 400, 636, 386, 398,
207, 387, 558, and 242 with RMSF values of 24.336, 3.644, 3.488, 3.35,
3.341, 3.256, 3.17, 3.085, 3.023, 2.934, and 2.853 Å, respectively. The
703
maximum fluctuation is found in residue index number 126 (4.336 Å)
followed by residue index number 399 (3.644 Å), and residue index
number 636 (3.341 Å) of the chain A of PDB 3B1U of the RA receptor as
shown in Fig. 13A. The residue–residue interaction pattern of the protein
may be seen in detail using the 'Contact maps' tab (Fig. 13B). An inter-
active map of residue contacts is shown in the middle panel. Every dot on
the map denotes a pair of residue interactions. The frequency with which
this specific interaction occurs in the model set used to create the data for
the map determines its hue. The collection known as the 'trajectory'
comprises all the models that were preserved within the trajectory while
the simulation was being conducted, with the default number of 1000
models. The 'trajectory' contact map illustrates the most frequently
occurring contacts that were observed during the entirety of the
simulation.

The designed compound D4 with RA PDB id: 3B1U receptor showed
the maximum fluctuation (4.166 Å) at residue index number 126, fol-
lowed by residue index number 438 (3.992 Å) and residue index number
437 (3.963 Å), respectively. The minimum fluctuation (0.081) at residue
index number 271 of chain A is presented in Fig. 14A. The contact map of
the designed compound D4 complex is presented in Fig. 14B. The contact
map displays the interaction interface between all the atoms in the D4
complex. In creating molecular interactions, the total RMSF value of the
docked complexes demonstrated steady fluctuations, enabling the in-
silico confirmation of efficacious medication candidates for certain
autoimmune diseases.

3.11. MM/GBSA free energy calculation results

In the current investigation, the fastDRH instrument was employed to



Table 8
MM/GBSA free energy calculations (kcal/mol) for the protein-ligand binding complexes.

Molecule ELE VDW INT GAS PBSUR/GBSUR PBCAL/GB PBSOL/GBSOL PBELE/GBELE PBTOT/GBTOT

Template 0 �43.76 0 �43.76 �5.53 11.81 6.27 11.81 �37.48
D1 0 �27.92 0 �27.92 �3.64 9.21 5.57 9.21 �22.35
D2 0 �45.73 0 �45.73 �5.68 14.36 8.68 14.36 �37.05
D3 0 �29.59 0 �29.59 �3.85 8.92 5.08 8.92 �24.51
D4 0 �22.18 0 �22.18 �2.76 6.36 3.6 6.36 �18.57
D5 0 �39.61 0 �39.61 �4.9 11.55 6.65 11.55 �32.96
D6 0 �25.85 0 �25.85 �3.15 6.1 2.95 6.1 �22.9
D7 0 �42.85 0 �42.85 �5.44 12.06 6.62 12.06 �36.23
D8 0 �28.7 0 �28.7 �3.49 7.76 4.27 7.76 �24.43
D9 0 �33.12 0 �33.12 �4.38 10.46 6.08 10.46 �27.04
D10 0 �11.85 0 �11.85 �1.52 3 1.48 3 �10.37

NB: “ELE, electrostatic energy as calculated by the MM force field; VDW, van der Waals contribution from MM; INT, internal energy arising from bond, angle, and
dihedral terms in the MM force field; GAS, total gas phase energy (sum of ELE, VDW, and INT); PBSUR/GBSUR, non-polar contribution to the solvation-free energy
calculated by an empirical model; PBCAL/GB, the electrostatic contribution to the solvation-free energy calculated by GB, PBSOL/GBSOL, the sum of non-polar and
polar contributions to solvation; PBELE/GBELE, the sum of the electrostatic solvation free energy and MM electrostatic energy; PBTOT/GBTOT, final estimated binding
free energy (kcal/mol) calculated from the terms above”.
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ascertain the breakdown of the energy of ligand 27 as well as the
designed compounds, encompassing the electrostatic energy (tele),
overall energy in the gaseous phase (TGAS), van der Waals contribution
(VDW), non-polar and polar contributions to solvation (TGBSOL), and
the ultimate estimate of the binding free energy (TGBTOT). MM/GBSA
was used for the free energy calculation using the ligand-protein binding
complexes to further confirm the interaction of the complexes. The
receptor–ligand complex molecular dynamic simulations served as the
foundation for the calculation techniques.25,28,29 However, docking
scores do not satisfactorily present accurate protein-ligand binding af-
finity.72 The MM/GBSA predicted free binding energies presented in
Table 8, reveal that the total binding free energies (PBTOT/GBTOT) of
the template structure ligand 27 had the highest binding free energy
(�37.48 kcal/mol) followed by the designed compounds D2 (�37.05
kcal/mol), D7 (�36.23 kcal/mol), D5 (�32.96 kcal/mol), and D3
(�24.51 kcal/mol). D10 had the lowest bind free energy followed by D4
with values of �10.37 and �18.57 kcal/mol, respectively.

4. Conclusions

To speed up the drug screening process and produce preliminary data
for assessing the effectiveness of potential drug-like compounds and
designed compounds concerning various autoimmune disorders, espe-
cially rheumatoid arthritis, type 1 diabetes, and Graves' diseases, the
computational study and bioinformatic network pharmacology analysis
were employed. Important information about the subject chemical
compounds' and target proteins' binding potential was gleaned from the
completed docking investigation. Etocicoxib, Hydroxychloroquine,
Leflunomide, Metformin, Methimazole, Propylthiouracil, and Sulfasala-
zine were the standards that were used to compare the binding affinities
of docked drug-like compounds and the standards. The comparison
revealed that ligand 27 (CID 659639) had the highest negative binding
affinity. We were able to suggest 10 compounds that could act as receptor
inhibitors throughout our investigation. Each of the recently developed
compounds complies with the various drug-likeness guidelines (Lipinski
and ADMET prediction). Furthermore, using the three receptors as
reference inhibitors for some autoimmune enzymes, the results of mo-
lecular docking studies revealed that the designed compound D4 exhibits
more types and numbers of interactions (conventional hydrogen bond
interactions) in the receptor cavity than standard drugs and template
compound 27. All of these findings would help to simplify and direct the
creation of new, stronger, safe, and effective anti-autoimmune disorder-
acting drugs.

Funding

This research received no external funding.
704
Institutional review board statement

Not applicable.

Informed consent statement

Not applicable.

CRediT authorship contribution statement

Emmanuel Israel Edache: Conceptualization, Data curation, Formal
analysis, Investigation, Methodology, Project administration, Resources,
Software, Supervision, Validation, Visualization, Writing – original draft,
Writing – review & editing. Adamu Uzairu: Conceptualization, Data
curation, Formal analysis, Investigation, Methodology, Resources, Su-
pervision, Validation, Visualization, Writing – original draft, Writing –

review & editing. Paul Andrew Mamza: Data curation, Formal analysis,
Investigation, Methodology, Project administration, Software, Supervi-
sion, Visualization, Writing – original draft, Writing – review & editing.
Gideon Adamu Shallangwa: Conceptualization, Data curation, Formal
analysis, Investigation, Methodology, Project administration, Resources,
Software, Supervision, Validation, Visualization, Writing – original draft,
Writing – review & editing. Muhammad Tukur Ibrahim: Conceptuali-
zation, Data curation, Formal analysis, Investigation, Methodology,
Project administration, Resources, Software, Supervision, Validation,
Visualization, Writing – original draft, Writing – review & editing.

Declaration of competing interest

The authors declare that they have no known competing financial
interests or personal relationships that could have appeared to influence
the work reported in this paper.

Acknowledgments

The authors thank the G.F.S. Harrison Quantum Chemistry Research
Group for their valuable support. The authors also express their gratitude
to Prof. Paolo Gramatica, University of Insurbia, Varese, Italy for
providing access to QSARINS software.

Appendix A. Supplementary data

Supplementary data to this article can be found online at https://do
i.org/10.1016/j.ipha.2023.12.009.

https://doi.org/10.1016/j.ipha.2023.12.009
https://doi.org/10.1016/j.ipha.2023.12.009


E.I. Edache et al. Intelligent Pharmacy 2 (2024) 688–706
References

1. O'Bryan T. The autoimmune fix: how to stop the hidden autoimmune damage that
keeps you sick, fat, and tired before it turns into disease. Rodale. 2016.

2. Vojdani A, Vojdani E, Vojdani C. The Immune System: Our Body's Homeland Security
against Disease. Integrative and Functional Medical Nutrition Therapy: Principles and
Practices. 2020:285–302.

3. Wang L, Wang FS, Gershwin ME. Human autoimmune diseases: a comprehensive
update. J Intern Med. 2015;278(4):369–395. https://doi.org/10.1111/joim.12395.

4. Antonelli A, Ferrari SM, Corrado A, Di Domenicantonio A, Fallahi P. Autoimmune
thyroid disorders. Autoimmun Rev. 2015;14(2):174–180.

5. Popoviciu MS, Kaka N, Sethi Y, Patel N, Chopra H, Cavalu S. Type 1 diabetes Mellitus
and autoimmune diseases: a critical review of the association and the application of
personalized medicine. J Personalized Med. 2023;13(3):422. https://doi.org/
10.3390/jpm13030422.

6. Alam J, Jantan I, Bukhari SN. Rheumatoid arthritis: recent advances on its etiology,
role of cytokines and pharmacotherapy. Biomed Pharmacother. 2017;92:615–633.

7. Nkemdilim OC. Differential diagnosis and tests of rheumatoid arthritis and its
implication for physiotherapy. International Journal of Innovative Research and
Advanced Studies (IJIRAS). 2018;5(12):18–22.

8. Fang Q, Zhou C, Nandakumar KS. Molecular and cellular pathways contributing to
joint damage in rheumatoid arthritis. Mediat Inflamm. 2020;2020.

9. Masoumi M, Bashiri H, Khorramdelazad H, et al. Destructive roles of fibroblast-like
synoviocytes in chronic inflammation and joint damage in rheumatoid arthritis.
Inflammation. 2021;44:466–479.

10. Mizejewski GJ. Alpha-fetoprotein: immunomodulation in autoimmune diseases
during pregnancy and puerperium stages. GSC Biological and Pharmaceutical Sciences.
2022;20(2):102–113.

11. Fazal SA, Khan M, Nishi SE, et al. A clinical update and global economic burden of
rheumatoid arthritis. Endocr Metab Immune Disord - Drug Targets. 2018;18(2):98–109.

12. Joseph A, Brasington R, Kahl L, Ranganathan P, Cheng TP, Atkinson J. Immunologic
rheumatic disorders. J Allergy Clin Immunol. 2010;125(2):S204–S215.

13. Petersen SE, Aung N, Sanghvi MM, et al. Reference ranges for cardiac structure and
function using cardiovascular magnetic resonance (CMR) in Caucasians from the UK
Biobank population cohort. J Cardiovasc Magn Reson. 2017;(1):1–9.

14. Burrack AL, Martinov T, Fife BT. T cell-mediated beta cell destruction: autoimmunity
and alloimmunity in the context of type 1 diabetes. Front Endocrinol. 2017 Dec 5;8:
343.

15. Kahaly GJ, Hansen MP. Type 1 diabetes associated autoimmunity. Autoimmun Rev.
2016;15(7):644–648.

16. Nasa P, Chaudhary S, Shrivastava PK, Singh A. Euglycemic diabetic ketoacidosis: a
missed diagnosis. World J Diabetes. 2021;12(5):514.

17. Mauricio D, Alonso N, Gratac�os M. Chronic diabetes complications: the need to move
beyond classical concepts. Trends in Endocrinology & Metabolism. 2020;31(4):
287–295.

18. Barski L, Eshkoli T, Brandstaetter E, Jotkowitz A. Euglycemic diabetic ketoacidosis.
Eur J Intern Med. 2019;63:9–14.

19. Mobasseri M, Shirmohammadi M, Amiri T, Vahed N, Fard HH, Ghojazadeh M.
Prevalence and incidence of type 1 diabetes in the world: a systematic review and
meta-analysis. Health Promot Perspect. 2020;10(2):98.

20. Chiang JL, Maahs DM, Garvey KC, et al. Type 1 diabetes in children and adolescents:
a position statement by the American Diabetes Association. Diabetes Care. 2018;
41(9):2026.

21. Xia Y, Xie Z, Huang G, Zhou Z. Incidence and trend of type 1 diabetes and the
underlying environmental determinants. Diabetes/metabolism research and reviews.
2019;35(1):e3075.

22. Gregory GA, Robinson TI, Linklater SE, et al. Global incidence, prevalence, and
mortality of type 1 diabetes in 2021 with projection to 2040: a modelling study.
Lancet Diabetes Endocrinol. 2022;10(10):741–760.

23. Saeedi P, Petersohn I, Salpea P, et al. Global and regional diabetes prevalence
estimates for 2019 and projections for 2030 and 2045: results from the international
diabetes federation diabetes atlas. Diabetes Res Clin Pract. 2019;157:107843.

24. Davies TF, Andersen S, Latif R, et al. Graves' disease. Nat Rev Dis Prim. 2020;6(1):52.
25. Edache EI, Uzairu A, Mamza PA, et al. Combining docking, molecular dynamics

simulations, AD-MET pharmacokinetics properties, and MMGBSA calculations to
create specialized protocols for running effective virtual screening campaigns on the
autoimmune disorder and SARS-CoV-2 main protease. Front Mol Biosci. 2023;10.
https://doi.org/10.3389/fmolb.2023.1254230.

26. Grubczak K, Starosz A, Sto _zek K, Bossowski F, Moniuszko M, Bossowski A.
Regulatory B cells involvement in autoimmune phenomena occurring in pediatric
graves' disease patients. Int J Mol Sci. 2021;22(20):10926.

27. DiCarlo EF, Kahn LB. Inflammatory diseases of the bones and joints. Semin Diagn
Pathol. 2011;28(1):53–64. https://doi.org/10.1053/j.semdp.2011.02.012. WB
Saunders.

28. Edache EI, Uzairu A, Mamza PA, Shallangwa GA. Structure-based simulated scanning
of Rheumatoid Arthritis inhibitors: 2D-QSAR, 3D-QSAR, Docking, Molecular
dynamics simulation, and Lipophilicity indices calculation. Scientific African. 2022;
15:e01088.

29. Edache EI, Uzairu A, Mamza PA, Shallangwa GA, Azam M, Min K. Methimazole and
propylthiouracil design as a drug for anti-graves' disease: structural studies, hirshfeld
surface analysis, DFT calculations, molecular docking, molecular dynamics
simulations, and design as a drug for anti-graves' disease. J Mol Struct. 2023:135913.

30. Alghamdi M, Alasmari D, Assiri A, et al. An overview of the intrinsic role of
citrullination in autoimmune disorders. Journal of immunology research. 2019:
7592851. https://doi.org/10.1155/2019/7592851.
705
31. Koushik S, Joshi N, Nagaraju S, et al. PAD4: pathophysiology, current therapeutics
and future perspective in rheumatoid arthritis. Expert Opin Ther Targets. 2017;21(4):
433–447.

32. Willis VC, Banda NK, Cordova KN, et al. Protein arginine deiminase 4 inhibition is
sufficient for the amelioration of collagen-induced arthritis. Clin Exp Immunol. 2017;
188(2):263–274.

33. Kotsias F, Cebrian I, Alloatti A. Antigen processing and presentation. International
review of cell and molecular biology. 2019;348:69–121.

34. Szkudlinski MW, Fremont V, Ronin C, Weintraub BD. Thyroid-stimulating hormone
and thyroid-stimulating hormone receptor structure-function relationships. Physiol
Rev. 2002;82(2):473–502.

35. Chu YD, Yeh CT. The molecular function and clinical role of thyroid stimulating
hormone receptor in cancer cells. Cells. 2020;9(7):1730.

36. Burbelo PD, Iadarola MJ, Alevizos I, Sapio MR. Transcriptomic segregation of human
autoantigens useful for the diagnosis of autoimmune diseases. Mol Diagn Ther. 2016;
20:415–427.

37. Ugbe FA, Shallangwa GA, Uzairu A, et al. Cheminformatics-based discovery of new
organoselenium compounds with potential for the treatment of cutaneous and
visceral leishmaniasis. J Biomol Struct Dyn. 2023:1–24. https://doi.org/10.1080/
07391102.2023.2279269.

38. Edache EI, Uzairu A, Mamza PA, Shallangwa GA. 2D-QSAR, docking, molecular
dynamics simulations with the MM/GBSA approaches against graves' disease and
PTPN22. Borneo Journal of Pharmacy. 2023;6(3):229–248. https://doi.org/
10.33084/bjop.v6i3.4915.

39. Audu UF, Adamu SG, Adamu U, Ibrahim A. Theoretical modeling and design of some
pyrazolopyrimidine derivatives as Wolbachia inhibitors, targeting lymphatic
filariasis and onchocerciasis. Silico Pharmacology. 2022;10(1). https://doi.org/
10.1007/s40203-022-00123-3.

40. Edache EI, Dawi HA, Ugbe FA. Dynamics simulations and structural studies of some
selected inhibitors of the glycoprotein (GPC) of lassa virus. J. Appl. Organomet. Chem.
2023;3(3):224–244. https://doi.org/10.22034/JAOC.2023.410946.1103.

41. Edache EI, Uzairu A, Mamza PA, Shallangwa GA. Theoretical investigation of the
cooperation of iminoguanidine with the enzymes-binding domain of covid-19 and
bacterial lysozyme inhibitors and their pharmacokinetic properties. Journal of the
Mexican Chemical Society. 2022;66(4):513–542.

42. Edache EI, Uzairu A, Abechi SE. Quantitative structure and activity relationship
modeling study of anti-HIV-1 RT inhibitors: genetic function approximation and
density function theory methods. J Comput Methods Mol Des. 2015;5(4):61–76.

43. Hanwell MD, Curtis DE, Lonie DC, Vandermeersch T, Zurek E, Hutchison GR.
Avogadro: an advanced semantic chemical editor, visualization, and analysis
platform. J Cheminf. 2012;4(1):17. https://doi.org/10.1186/1758-2946-4-17.

44. Yap CW. PaDEL-descriptor: an open source software to calculate molecular
descriptors and fingerprints. J Comput Chem. 2011 May;32(7):1466–1474.

45. Gramatica P, Chirico N, Papa E, Cassani S, Kovarich S. QSARINS: a new software for
the development, analysis, and validation of QSAR MLR models. J Comput Chem.
2013. https://doi.org/10.1002/jcc.23361.

46. Tosco P, Balle T, Shiri F. Open3DALIGN: an open-source software aimed at
unsupervised ligand alignment. J Comput Aided Mol Des. 2011;25:777–783.

47. Tosco P, Balle T. Open3DQSAR: a new open-source software aimed at high-
throughput chemometric analysis of molecular interaction fields. J Mol Model. 2011:
201–208. https://doi.org/10.1007/s00894-010-0684-x.

48. Wold S, Sj€ostr€om M, Eriksson L. PLS-regression: a basic tool of chemometrics.
Chemometr Intell Lab Syst. 2001;58(2):109–130.

49. Berman HM, Westbrook J, Feng Z, et al. The Protein Data Bank. 2006, 1999–.
50. Morris GM, Huey R, Lindstrom W, et al. AutoDock4 and AutoDockTools4: automated

docking with selective receptor flexibility. J Comput Chem. 2009;30(16):2785–2791.
51. Sanner MF. Python: a programming language for software integration and

development. J Mol Graph Model. 1999 Feb 1;17(1):57–61.
52. Eberhardt J, Santos-Martins D, Tillack AF, Forli S. AutoDock Vina 1.2. 0: new

docking methods, expanded force field, and python bindings. J Chem Inf Model. 2021;
61(8):3891–3898. https://doi.org/10.1021/acs.jcim.1c00203.

53. Trott O, Olson AJ. AutoDock Vina: improving the speed and accuracy of docking with
a new scoring function, efficient optimization, and multithreading. J Comput Chem.
2010;31(2):455–461. https://doi.org/10.1002/jcc.21334.

54. Ravindranath PA, Forli S, Goodsell DS, Olson AJ, Sanner MF. AutoDockFR: advances
in protein-ligand docking with explicitly specified binding site flexibility. PLoS
Comput Biol. 2015;11(12):e1004586. https://doi.org/10.1371/
journal.pcbi.1004586.

55. Lipinski CA, Lombardo F, Dominy BW, Feeney PJ. Experimental and computational
approaches to estimate solubility and permeability in drug discovery and
development settings. Adv Drug Deliv Rev. 1997;23(1–3):3–25. https://doi.org/
10.1016/s0169-409x(00)00129-0.

56. Pires DE, Blundell TL, Ascher DB. pkCSM: predicting small-molecule
pharmacokinetic and toxicity properties using graph-based signatures. J Med Chem.
2015;58(9):4066–4072. https://doi.org/10.1021/acs.jmedchem.5b00104.

57. Kuriata A, Gierut AM, Oleniecki T, et al. CABS-flex 2.0: a web server for fast
simulations of flexibility of protein structures. Nucleic Acids Res. 2018;46(W1):
W338–W343.

58. Jamroz M, Kolinski A, Kmiecik S. CABS-flex: server for fast simulation of protein
structure fluctuations. Nucleic Acids Res. 2013;41(W1):W427–W431. https://doi.org/
10.1093/nar/gkt332.

59. Wang Z, Pan H, Sun H, et al. fastDRH: a webserver to predict and analyze protein-
ligand complexes based on molecular docking and MM/PB(GB)SA computation.
Briefings Bioinf. 2022;23(5):bbac201. https://doi.org/10.1093/bib/bbac201.

60. Yu Y, Wang Z, Wang L, Tian S, Hou T, Sun H. Predicting the mutation effects of
protein–ligand interactions via end-point binding free energy calculations: strategies

http://refhub.elsevier.com/S2949-866X(23)00135-1/sref1
http://refhub.elsevier.com/S2949-866X(23)00135-1/sref1
http://refhub.elsevier.com/S2949-866X(23)00135-1/sref2
http://refhub.elsevier.com/S2949-866X(23)00135-1/sref2
http://refhub.elsevier.com/S2949-866X(23)00135-1/sref2
http://refhub.elsevier.com/S2949-866X(23)00135-1/sref2
https://doi.org/10.1111/joim.12395
http://refhub.elsevier.com/S2949-866X(23)00135-1/sref4
http://refhub.elsevier.com/S2949-866X(23)00135-1/sref4
http://refhub.elsevier.com/S2949-866X(23)00135-1/sref4
https://doi.org/10.3390/jpm13030422
https://doi.org/10.3390/jpm13030422
http://refhub.elsevier.com/S2949-866X(23)00135-1/sref6
http://refhub.elsevier.com/S2949-866X(23)00135-1/sref6
http://refhub.elsevier.com/S2949-866X(23)00135-1/sref6
http://refhub.elsevier.com/S2949-866X(23)00135-1/sref7
http://refhub.elsevier.com/S2949-866X(23)00135-1/sref7
http://refhub.elsevier.com/S2949-866X(23)00135-1/sref7
http://refhub.elsevier.com/S2949-866X(23)00135-1/sref7
http://refhub.elsevier.com/S2949-866X(23)00135-1/sref8
http://refhub.elsevier.com/S2949-866X(23)00135-1/sref8
http://refhub.elsevier.com/S2949-866X(23)00135-1/sref9
http://refhub.elsevier.com/S2949-866X(23)00135-1/sref9
http://refhub.elsevier.com/S2949-866X(23)00135-1/sref9
http://refhub.elsevier.com/S2949-866X(23)00135-1/sref9
http://refhub.elsevier.com/S2949-866X(23)00135-1/sref10
http://refhub.elsevier.com/S2949-866X(23)00135-1/sref10
http://refhub.elsevier.com/S2949-866X(23)00135-1/sref10
http://refhub.elsevier.com/S2949-866X(23)00135-1/sref10
http://refhub.elsevier.com/S2949-866X(23)00135-1/sref11
http://refhub.elsevier.com/S2949-866X(23)00135-1/sref11
http://refhub.elsevier.com/S2949-866X(23)00135-1/sref11
http://refhub.elsevier.com/S2949-866X(23)00135-1/sref12
http://refhub.elsevier.com/S2949-866X(23)00135-1/sref12
http://refhub.elsevier.com/S2949-866X(23)00135-1/sref12
http://refhub.elsevier.com/S2949-866X(23)00135-1/sref13
http://refhub.elsevier.com/S2949-866X(23)00135-1/sref13
http://refhub.elsevier.com/S2949-866X(23)00135-1/sref13
http://refhub.elsevier.com/S2949-866X(23)00135-1/sref13
http://refhub.elsevier.com/S2949-866X(23)00135-1/sref14
http://refhub.elsevier.com/S2949-866X(23)00135-1/sref14
http://refhub.elsevier.com/S2949-866X(23)00135-1/sref14
http://refhub.elsevier.com/S2949-866X(23)00135-1/sref15
http://refhub.elsevier.com/S2949-866X(23)00135-1/sref15
http://refhub.elsevier.com/S2949-866X(23)00135-1/sref15
http://refhub.elsevier.com/S2949-866X(23)00135-1/sref16
http://refhub.elsevier.com/S2949-866X(23)00135-1/sref16
http://refhub.elsevier.com/S2949-866X(23)00135-1/sref17
http://refhub.elsevier.com/S2949-866X(23)00135-1/sref17
http://refhub.elsevier.com/S2949-866X(23)00135-1/sref17
http://refhub.elsevier.com/S2949-866X(23)00135-1/sref17
http://refhub.elsevier.com/S2949-866X(23)00135-1/sref17
http://refhub.elsevier.com/S2949-866X(23)00135-1/sref17
http://refhub.elsevier.com/S2949-866X(23)00135-1/sref18
http://refhub.elsevier.com/S2949-866X(23)00135-1/sref18
http://refhub.elsevier.com/S2949-866X(23)00135-1/sref18
http://refhub.elsevier.com/S2949-866X(23)00135-1/sref19
http://refhub.elsevier.com/S2949-866X(23)00135-1/sref19
http://refhub.elsevier.com/S2949-866X(23)00135-1/sref19
http://refhub.elsevier.com/S2949-866X(23)00135-1/sref20
http://refhub.elsevier.com/S2949-866X(23)00135-1/sref20
http://refhub.elsevier.com/S2949-866X(23)00135-1/sref20
http://refhub.elsevier.com/S2949-866X(23)00135-1/sref21
http://refhub.elsevier.com/S2949-866X(23)00135-1/sref21
http://refhub.elsevier.com/S2949-866X(23)00135-1/sref21
http://refhub.elsevier.com/S2949-866X(23)00135-1/sref22
http://refhub.elsevier.com/S2949-866X(23)00135-1/sref22
http://refhub.elsevier.com/S2949-866X(23)00135-1/sref22
http://refhub.elsevier.com/S2949-866X(23)00135-1/sref22
http://refhub.elsevier.com/S2949-866X(23)00135-1/sref23
http://refhub.elsevier.com/S2949-866X(23)00135-1/sref23
http://refhub.elsevier.com/S2949-866X(23)00135-1/sref23
http://refhub.elsevier.com/S2949-866X(23)00135-1/sref24
https://doi.org/10.3389/fmolb.2023.1254230
http://refhub.elsevier.com/S2949-866X(23)00135-1/sref26
http://refhub.elsevier.com/S2949-866X(23)00135-1/sref26
http://refhub.elsevier.com/S2949-866X(23)00135-1/sref26
http://refhub.elsevier.com/S2949-866X(23)00135-1/sref26
https://doi.org/10.1053/j.semdp.2011.02.012
http://refhub.elsevier.com/S2949-866X(23)00135-1/sref28
http://refhub.elsevier.com/S2949-866X(23)00135-1/sref28
http://refhub.elsevier.com/S2949-866X(23)00135-1/sref28
http://refhub.elsevier.com/S2949-866X(23)00135-1/sref28
http://refhub.elsevier.com/S2949-866X(23)00135-1/sref29
http://refhub.elsevier.com/S2949-866X(23)00135-1/sref29
http://refhub.elsevier.com/S2949-866X(23)00135-1/sref29
http://refhub.elsevier.com/S2949-866X(23)00135-1/sref29
https://doi.org/10.1155/2019/7592851
http://refhub.elsevier.com/S2949-866X(23)00135-1/sref31
http://refhub.elsevier.com/S2949-866X(23)00135-1/sref31
http://refhub.elsevier.com/S2949-866X(23)00135-1/sref31
http://refhub.elsevier.com/S2949-866X(23)00135-1/sref31
http://refhub.elsevier.com/S2949-866X(23)00135-1/sref32
http://refhub.elsevier.com/S2949-866X(23)00135-1/sref32
http://refhub.elsevier.com/S2949-866X(23)00135-1/sref32
http://refhub.elsevier.com/S2949-866X(23)00135-1/sref32
http://refhub.elsevier.com/S2949-866X(23)00135-1/sref33
http://refhub.elsevier.com/S2949-866X(23)00135-1/sref33
http://refhub.elsevier.com/S2949-866X(23)00135-1/sref33
http://refhub.elsevier.com/S2949-866X(23)00135-1/sref34
http://refhub.elsevier.com/S2949-866X(23)00135-1/sref34
http://refhub.elsevier.com/S2949-866X(23)00135-1/sref34
http://refhub.elsevier.com/S2949-866X(23)00135-1/sref34
http://refhub.elsevier.com/S2949-866X(23)00135-1/sref35
http://refhub.elsevier.com/S2949-866X(23)00135-1/sref35
http://refhub.elsevier.com/S2949-866X(23)00135-1/sref36
http://refhub.elsevier.com/S2949-866X(23)00135-1/sref36
http://refhub.elsevier.com/S2949-866X(23)00135-1/sref36
http://refhub.elsevier.com/S2949-866X(23)00135-1/sref36
https://doi.org/10.1080/07391102.2023.2279269
https://doi.org/10.1080/07391102.2023.2279269
https://doi.org/10.33084/bjop.v6i3.4915
https://doi.org/10.33084/bjop.v6i3.4915
https://doi.org/10.1007/s40203-022-00123-3
https://doi.org/10.1007/s40203-022-00123-3
https://doi.org/10.22034/JAOC.2023.410946.1103
http://refhub.elsevier.com/S2949-866X(23)00135-1/sref41
http://refhub.elsevier.com/S2949-866X(23)00135-1/sref41
http://refhub.elsevier.com/S2949-866X(23)00135-1/sref41
http://refhub.elsevier.com/S2949-866X(23)00135-1/sref41
http://refhub.elsevier.com/S2949-866X(23)00135-1/sref41
http://refhub.elsevier.com/S2949-866X(23)00135-1/sref42
http://refhub.elsevier.com/S2949-866X(23)00135-1/sref42
http://refhub.elsevier.com/S2949-866X(23)00135-1/sref42
http://refhub.elsevier.com/S2949-866X(23)00135-1/sref42
https://doi.org/10.1186/1758-2946-4-17
http://refhub.elsevier.com/S2949-866X(23)00135-1/sref44
http://refhub.elsevier.com/S2949-866X(23)00135-1/sref44
http://refhub.elsevier.com/S2949-866X(23)00135-1/sref44
https://doi.org/10.1002/jcc.23361
http://refhub.elsevier.com/S2949-866X(23)00135-1/sref46
http://refhub.elsevier.com/S2949-866X(23)00135-1/sref46
http://refhub.elsevier.com/S2949-866X(23)00135-1/sref46
https://doi.org/10.1007/s00894-010-0684-x
http://refhub.elsevier.com/S2949-866X(23)00135-1/sref48
http://refhub.elsevier.com/S2949-866X(23)00135-1/sref48
http://refhub.elsevier.com/S2949-866X(23)00135-1/sref48
http://refhub.elsevier.com/S2949-866X(23)00135-1/sref48
http://refhub.elsevier.com/S2949-866X(23)00135-1/sref48
http://refhub.elsevier.com/S2949-866X(23)00135-1/sref49
http://refhub.elsevier.com/S2949-866X(23)00135-1/sref50
http://refhub.elsevier.com/S2949-866X(23)00135-1/sref50
http://refhub.elsevier.com/S2949-866X(23)00135-1/sref50
http://refhub.elsevier.com/S2949-866X(23)00135-1/sref51
http://refhub.elsevier.com/S2949-866X(23)00135-1/sref51
http://refhub.elsevier.com/S2949-866X(23)00135-1/sref51
https://doi.org/10.1021/acs.jcim.1c00203
https://doi.org/10.1002/jcc.21334
https://doi.org/10.1371/journal.pcbi.1004586
https://doi.org/10.1371/journal.pcbi.1004586
https://doi.org/10.1016/s0169-409x(00)00129-0
https://doi.org/10.1016/s0169-409x(00)00129-0
https://doi.org/10.1021/acs.jmedchem.5b00104
http://refhub.elsevier.com/S2949-866X(23)00135-1/sref57
http://refhub.elsevier.com/S2949-866X(23)00135-1/sref57
http://refhub.elsevier.com/S2949-866X(23)00135-1/sref57
http://refhub.elsevier.com/S2949-866X(23)00135-1/sref57
https://doi.org/10.1093/nar/gkt332
https://doi.org/10.1093/nar/gkt332
https://doi.org/10.1093/bib/bbac201


E.I. Edache et al. Intelligent Pharmacy 2 (2024) 688–706
and analyses. J Cheminf. 2022 Dec;14(1):1–3. https://doi.org/10.1186/s13321-022-
00639-y.

61. Gramatica P, Sangion A. A historical excursus on the statistical validation parameters
for QSAR models: a clarification concerning metrics and terminology. J Chem Inf
Model. 2016;56(6):1127–1131.

62. Ouabane M, Tabti K, Hajji H, et al. Structure-odor relationship in pyrazines and
derivatives: a physicochemical study using 3D-QSPR, HQSPR, Monte Carlo,
molecular docking, ADME-Tox and molecular dynamics. Arab J Chem. 2023;16(11):
105207.

63. Tropsha A, Golbraikh A. Predictive quantitative structure-activity relationships
modeling. Handbook of chemoinformatics algorithms. 2010;33:211.

64. Edache EI, Arthur DE, Abdulfatai U. Quantitative structure-activity relationship
analysis of the anti-tyrosine activity of some tetraketone and benzyl-benzoate
derivatives based on genetic algorithm-multiple linear regression. J Chem Mater Res.
2016;6(1):3–13.

65. Ugbe FA, Shallangwa GA, Uzairu A, Abdulkadir I. In-silico design and evaluation of
the anti-wolbachia potential of boron-pleuromutilins. Borneo Journal of Pharmacy.
2023 May 31;6(2):168–181. https://doi.org/10.33084/bjop.v6i2.4677.

66. Edache EI, Uzairu A, Mamza PA, Shallangwa GA. Prediction of HemO inhibitors
based on iminoguanidine using QSAR, 3DQSAR study, molecular docking, molecular
706
dynamic simulation, and ADMET. Journal of Drug Design and Discovery Research.
2020;1(2):36–52.

67. Lipinski CA. Poor aqueous solubility—an industry wide problem in drug discovery.
Am Pharmaceut Rev. 2002;5(3):82–85.

68. Veber DF, Johnson SR, Cheng HY, Smith BR, Ward KW, Kopple KD. Molecular
properties that influence the oral bioavailability of drug candidates. J Med Chem.
2002;45(12):2615–2623. https://doi.org/10.1021/jm020017n.

69. Zrieq R, Ahmad I, Snoussi M, et al. Tomatidine and patchouli alcohol as inhibitors of
SARS-CoV-2 enzymes (3CLpro, PLpro and NSP15) by molecular docking and
molecular dynamics simulations. Int J Mol Sci. 2021;22(19):10693. https://doi.org/
10.3390/ijms221910693.

70. Daina A, Michielin O, Zoete V. SwissADME: a free web tool to evaluate
pharmacokinetics, drug-likeness and medicinal chemistry friendliness of small
molecules. Sci Rep. 2017;7(1):42717. https://doi.org/10.1038/srep42717.

71. Zeiger E. The test that changed the world: the Ames test and the regulation of
chemicals. Mutat Res Genet Toxicol Environ Mutagen. 2019;841:43–48. https://
doi.org/10.1016/j.mrgentox.2019.05.007.

72. Mkhayar K, Elkhattabi K, Elkhalabi R, et al. Evaluation of dimedone-derived
compounds as inhibitors against human colon cancer: insights from 2D-QSAR,
ADMET prediction, Osiris, Molinspiration, and molecular modeling. Chin J Anal
Chem. 2023;51(11):100330.

https://doi.org/10.1186/s13321-022-00639-y
https://doi.org/10.1186/s13321-022-00639-y
http://refhub.elsevier.com/S2949-866X(23)00135-1/sref61
http://refhub.elsevier.com/S2949-866X(23)00135-1/sref61
http://refhub.elsevier.com/S2949-866X(23)00135-1/sref61
http://refhub.elsevier.com/S2949-866X(23)00135-1/sref61
http://refhub.elsevier.com/S2949-866X(23)00135-1/sref62
http://refhub.elsevier.com/S2949-866X(23)00135-1/sref62
http://refhub.elsevier.com/S2949-866X(23)00135-1/sref62
http://refhub.elsevier.com/S2949-866X(23)00135-1/sref62
http://refhub.elsevier.com/S2949-866X(23)00135-1/sref63
http://refhub.elsevier.com/S2949-866X(23)00135-1/sref63
http://refhub.elsevier.com/S2949-866X(23)00135-1/sref64
http://refhub.elsevier.com/S2949-866X(23)00135-1/sref64
http://refhub.elsevier.com/S2949-866X(23)00135-1/sref64
http://refhub.elsevier.com/S2949-866X(23)00135-1/sref64
http://refhub.elsevier.com/S2949-866X(23)00135-1/sref64
https://doi.org/10.33084/bjop.v6i2.4677
http://refhub.elsevier.com/S2949-866X(23)00135-1/sref66
http://refhub.elsevier.com/S2949-866X(23)00135-1/sref66
http://refhub.elsevier.com/S2949-866X(23)00135-1/sref66
http://refhub.elsevier.com/S2949-866X(23)00135-1/sref66
http://refhub.elsevier.com/S2949-866X(23)00135-1/sref66
http://refhub.elsevier.com/S2949-866X(23)00135-1/sref67
http://refhub.elsevier.com/S2949-866X(23)00135-1/sref67
http://refhub.elsevier.com/S2949-866X(23)00135-1/sref67
http://refhub.elsevier.com/S2949-866X(23)00135-1/sref67
https://doi.org/10.1021/jm020017n
https://doi.org/10.3390/ijms221910693
https://doi.org/10.3390/ijms221910693
https://doi.org/10.1038/srep42717
https://doi.org/10.1016/j.mrgentox.2019.05.007
https://doi.org/10.1016/j.mrgentox.2019.05.007
http://refhub.elsevier.com/S2949-866X(23)00135-1/sref72
http://refhub.elsevier.com/S2949-866X(23)00135-1/sref72
http://refhub.elsevier.com/S2949-866X(23)00135-1/sref72
http://refhub.elsevier.com/S2949-866X(23)00135-1/sref72

	Design of some potent non-toxic Autoimmune disorder inhibitors based on 2D-QSAR, CoMFA, molecular docking, and molecular dy ...
	1. Introduction
	2. Materials and methods
	2.1. Selection of compounds for in silico study
	2.2. In silico ligand preparation
	2.3. Molecular modelling and alignment
	2.4. In silico protein preparation
	2.5. Molecular docking calculations
	2.6. Drug-likeness and pharmacokinetics
	2.7. ADMET evaluation of the most promising leads
	2.8. Molecular dynamics (MD) simulations
	2.9. Binding free energy calculations

	3. Results and discussion
	3.1. QSAR model development and its validation
	3.2. 3D-QSAR analysis
	3.3. Virtual screening and docking studies
	3.4. Docking results of rheumatoid arthritis (PDB: 3B1U)
	3.5. Docking results for type 1 diabetes (PDB: 6DFX)
	3.6. Docking results for graves’ disease (PDB: 4QT5)
	3.7. Designing of new analogs of ligand 27 and their molecular docking
	3.8. Drug-likeness assessment
	3.9. Selectivity of the designed inhibitors
	3.10. Molecular dynamic simulations
	3.11. MM/GBSA free energy calculation results

	4. Conclusions
	Funding
	Institutional review board statement
	Informed consent statement
	CRediT authorship contribution statement
	Declaration of competing interest
	Acknowledgments
	Appendix A. Supplementary data
	References


