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a b s t r a c t
From last decade, there has been progressive improvement in computational drug designing. Several
diseases are being cured from different plant extracts and products. Rheumatoid arthritis (RA) is the
most shared disease among auto-inﬂammatory diseases. Tumor necrosis factor (TNF)-␣ is associated
with RA pathway and has adverse effects. Extensive literature review showed that plant species under
study (Cannabis sativa, Prunella vulgaris and Withania somnifera) possess anti-inﬂammatory, anti-arthritic
and anti-rheumatic properties. 13 anti-inﬂammatory compounds were characterized and ﬁltered out
from medicinal plant species and analyzed for RA by targeting TNF-␣ through in silico analyses. By using
ligand based pharmacophore generation approach and virtual screening against natural products libraries
we retrieved twenty unique molecules that displayed utmost binding afﬁnity, least binding energies and
effective drug properties. The docking analyses revealed that Ala-22, Glu-23, Ser-65, Gln-67, Tyr-141, Leu142, Asp-143, Phe-144 and Ala-145 were critical interacting residues for receptor-ligand interactions. It
is proposed that the RA patients should use reported compounds for the prescription of RA by targeting
TNF-␣. This report is opening new dimensions for designing innovative therapeutic targets to cure RA.
© 2017 Elsevier Inc. All rights reserved.

1. Introduction
Rheumatoid arthritis (RA) is a prolonged inﬂammatory joint disease. It disturbs synovial tissues in various joints, and its pathology
is facilitated by immune and non-immune cellular systems. In-spite
of ambiguity about its etiology, RA is supposed to be an immunemediated disease that endorses inﬂammation and tissue damages
[1,2]. The symptoms of RA include vasculitis, cardio pulmonary
disease, rheumatoid nodules and eye inﬂammation, etc. [3]. It is
believed that RA is a congenital disease. However, carrying genes
in body does not make people vulnerable to this disease. Environmental factors/infections are involved in activating these genes [4].
Hence, the body will drive the immune system to react insane [4,5].
Rather than shielding the joint, the immune system initiates the
attack on joints. Immune cells are actively involved in this attack.
This reason is considered as most acceptable in development of RA
[4,5].
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Several synthetic drugs are being used for treating RA. However,
no medication is proved to eradicate RA permanently, yet. Furthermore, severe adverse effects including bone marrow depression,
gastrointestinal irritations, hypertension, ulcers, myocardial infarction and muscular degenerations, etc. are reported for these
medicines [6,7].
About two decades before, the only possible treatment of
RA was glucocorticoids, disease modifying anti-rheumatic drugs
(DMARDs) and non-steroidal anti-inﬂammatory drugs (NSAIDs)
[8]. New therapeutic target interventions led to the emergence of
biological agents. The ﬁrst class of biological agents recognized for
patient’s refractory to DMARDs was TNF-␣ inhibitors (adalimumab,
etanercept and inﬂiximab). Although, the drugs for TNF-␣ (tumor
necrosis factor-alpha) considered as highly effective drugs for RA
but some patients did not respond to them [8–10].
TNF-␣ is included in key regulatory proteins of immune system.
In 1975, Lloyd and his colleagues discovered it during evaluation of
its anti-tumor activity [11,12]. Studies on cell signaling cascades
in broader spectrum have shown that wide range of inﬂammatory diseases (cystic ﬁbrosis, asthma, RA, dermatitis, inﬂammatory
Crohn’s disease, psoriasis, multiple sclerosis, diabetes type II,
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Fig. 1. Schematic illustration of rheumatoid arthritis (RA) pathway showing TNF␣ inhibitors targeting the TNF-␣ protein. The inhibitors at said position showed
potential to inhibit the binding of TNF-␣ protein with the TNF receptor, blocking
the initiation of whole pathway for TNF-␣ proliferation.

systemic lupus erythematosus, osteoporosis, Alzheimer’s disease,
atherosclerosis and autoimmune deﬁciency disease, etc.) can occur
as a result of dysregulation of TNF-␣ [13–17]. Even though, it is
essential to reveal the appropriate regulation of TNF-␣ to retain
the balance (homeostasis). The molecular mechanisms of these
diseases are multifaceted and yet anonymous. Apparently, suppression of TNF-␣ could be beneﬁcial in different inﬂammatory diseases
(Fig. 1) and the pathway of RA in which TNF-␣ is targeted. Efforts
to develop the drugs against TNF-␣ production are signiﬁcantly
increased over the years. Now, it is the need to develop effective
anti-TNF-␣ drugs against RA. Recently, TNF-␣ is targeted for the
regular treatment of RA patients [18,19].
Plants have extensively been used as medicine to treat human
ailments for over millions of years. About 90% of total population
depends upon raw herbs and crude extracts from plants [20,21].
Phytochemicals inform medicinal plants can safeguard humans
from various diseases [22]. Nevertheless, in the late 19th century,
biologically-active organic molecules were preferred and being isolated in relatively pure form for medicinal purposes. The precursor
of aspirin (salicylic acid) was isolated in 1874 from willow bark [23].
Several studies have demonstrated that plant extracts and/or secondary metabolites suppress the production of pro-inﬂammatory
cytokines and chemokines and proved to have anti-arthritic activity
[23].
Now-a-days, various varieties of medicinal plants including
Cannabis sativa, Prunella vulgaris and Withania somnifera, are
reported to have anti-inﬂammatory and anti-rheumatic properties
[24–33]. C. sativa L. has numerous medicinal properties including
anti-allergic, anti-pyretic, anti-rheumatic and analgesic property
and for having these effective properties being used in several
preparations [24]. In 17th century, P. vulgaris L. commonly named
as “self-heal” was a popular plant in traditional European countries.
It is used to treat fever and having antiviral, antioxidant, antibacte-
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rial and anti-inﬂammatory properties [25–28]. Anti-inﬂammatory
properties were due to triterpenes detected in P. vulgaris [29]. W.
somnifera (L.), commonly known as ‘Indian ginseng’ and ‘Ashwagandha’ [30,31], have versatile medicinal beneﬁts. These medicinal
traits were endorsed by diverse preclinical and clinical trials against
neurological inﬂammatory disorders, hemopoietic, immunomodulatory, antidiabetic and Parkinson’s disease. For the range of
musculoskeletal disorders (arthritis and rheumatism), formulations containing W. somnifera are prescribed as analgesic [32,33].
Two main contributor phytochemicals are withaferin A and withanolide D [34].
In silico approaches, have been used to resolve biological problems [35] and numerous novel compounds have been designed
against neurological disorders [36–40] and cancer [41–43]. We
hereby followed the in-silico approaches and merge them with
natural compound studies to generate effective results by plant
informatics means. Our efforts executed with the extensive literature review to select the natural compounds from plants that
inhibit TNF-␣. Three species of medicinal plants (C. sativa, P. vulgaris and W. somnifera) were scrutinized on literature base having
the compounds that may inhibit the RA by targeting TNF-␣.
The objectives of this work were (1) to computationally analyze the natural compounds against TNF-␣ and report the most
effective among them, (2) gather the common properties of scrutinized compounds and generate a ligand based pharmacophore,
(3) virtually screened the natural compound libraries for effective
and better novel hits and (4) comparison of known and novel compounds. Protein–protein docking was also done to ﬁgure out the
protein interacting residues. To achieve these targets, comparative
molecular docking methods and drug properties were employed
followed by numerous structural bioinformatics analyses. The generated results conﬁrmed that our strategy was capable to identify
the effective natural compound among the selected and also identify novel TNF-␣ inhibitors for RA.
2. Materials and methods
2.1. Data collection
In present study, data extraction was the most laborious and crucial part as information about the medicinal plant species according
to their habitats and geographical distributions were important.
The data driven from botanical sources, in silico and structural level
studies were collected, processed and reﬁned. The botanical data
about ethnobotany, habitat and phytochemicals for three important medicinal plant species (C. sativa, P. vulgaris and W. somnifera)
were obtained through the Germplasm Resources Information Network (GRIN) Taxonomy for Plants (http://www.ars-grin.gov/npgs/
index.html).
Medicinal plants species were used as input in Dr. Duke’s
Phytochemical and Ethnobotanical Databases (DDPED) (http://
www.ars-grin.gov/duke/) to retrieve the quantitative phytochemical data of respective species. By applying the ﬁlter of
phytochemistry, information about anti-arthritic, anti-rheumatoid
and anti-inﬂammatory phytochemicals were obtained. Secondary
metabolites having anti-inﬂammatory properties were selected for
further studies.
2.2. Structure retrievals
2D structures of phytochemicals or ligands in medicinal plants
(C. sativa, P. vulgaris and W. somnifera) were retrieved from PubChem database [44] and converted into PDB format using PyMol
(https://www.pymol.org/). 3D structure of anti-inﬂammatory target protein TNF-␣ (PDB ID: 2E7A) was retrieved from Protein Data
Bank (PDB) [45].
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Table 1
Anti-inﬂammatory phytochemicals associated with Cannabis sativa, Prunella vulgaris and Withania somnifera species (reported in Dr. Duke’s Phytochemical and Ethnobotanical
database).
Plant name

Sr. no.

Compound

Plant part

Class

Cannabis sativa

1
2
3
4
5
6

Ascorbic acid
Beta carotene
Linoleic acid
Tryptophan
Oleic acid
Orientin

Seed
Seed
Seed
Seed
Seed
Plant

–
Carotenoids
Triterpene saponins
–
Fatty acids
Flavones

Prunella vulgaris

7
8

12

Ursolic acid
Betulinic acid
Betulinic acid
Hyperoside
Oleanolic acid
Rosmarinic acid
Rosmarinic acid
Rosmarinic acid
Rutin

Plant
Root
Shoot
Plant
Plant
Flower
Leaf
Plant
Plant

Triterpenoids
Saponins
Saponins
Flavanol
Triterpenoids
Phenolics
Phenolics
Phenolics
Flavonoids

13
14
15
16
17

Withaferin A
Beta sitosterol
Chlorogenic acid
Scopoletin
Withanolide D

Leaf
Root
Leaf
Plant
Leaf

Withanolide
Phytosterol
Phenolic acid
Hydroxycinnamic acids
Withanolide

9
10
11

Withania somnifera

2.3. ADMET and drug related properties
Drug related properties and bioactivity (molecular mass, Log P,
hydrogen bond acceptor and donors, rotatable bonds, PSA and Ro5
violations) of lead compounds were calculated by mCule suit [46]
and Molinspiration [47]. Oral bioavailability of drug molecules can
be easily predicted by value of Log P [48]. To analyze the Lipinski’s rule of ﬁve, number of rotatable bonds, H-bond acceptors and
H-bond donors were attained by utilizing mCule suit and Molinspiration. According to this rule, molecules that can easily cross the
membrane have molecular weight ≤500, hydrogen bond donor’s
≤5, Log P ≤5, and hydrogen bond acceptors ≤10 [49]. The absorption, distribution, metabolism, excretion, and toxicity (ADMET)
properties were also analyzed by the AdmetSAR server [50].
2.4. Comparative molecular docking analyses
The geometry optimization of selected phytochemicals was
accomplished by Chem3D Ultra [51] and UCSF Chimera 1.5.2 [52].
Shortlisted 13 lead compounds were docked into the binding cavity
of target protein TNF-␣ through AutoDock Vina [53], AutoDock4.0
[54] and Genetic Optimisation for Ligand Docking (GOLD) [55]. The
grid box of x-axis 44.05 Å, y-axis 46.93 Å and z-axis of 45.08 Å was
utilized for AutoDock Vina with exhaustiveness of 8. The GOLD software was utilized with default parameters by using GOLDscore
and cross check with Chemscore values. Genetic algorithm was
utilized with 100 runs with default parameters for AutoDock4.0
molecular docking studies. Successive analyses on carefully chosen lead compounds were carried out and comparative molecular
docking analyses were performed to pinpoint the binding afﬁnities by selected docking tools. The least binding energy and highest
binding afﬁnity complexes were designated and analyzed by UCSF
Chimera 1.5.2 and LigPlot [56].
2.5. Ligand based pharmacophore generation
To generate ligand based pharmacophore models, scrutinized
compounds from selected three species of plants were employed
in the ligand-based module of the LigandScout 3.0 [57]. Pharmacophoric sites including positive and negative ionizable groups,
aromatic ring, hydrophobic sites, hydrogen bond acceptor (HBA)
and hydrogen bond donor (HBD) were carefully characterized.

Merge feature model generation and atom overlap scoring function
of LigandScout 3.0 was applied for the incorporation of associated
features of utilized compounds. Virtual screening was performed
against natural products library and top pharmacophore scored
(>80%) molecules were used for further analyses.
2.6. Protein–protein docking analyses
Search Tool for InTeracting CHemicals’ (STITCH 4) [58] and
Search Tool for the Retrieval of Interacting Genes/Proteins (STRING
10) [59] were used to analyze the functional partners of TNF␣. The crystal structures of TNFRSF1A protein (PDB ID: 1EXT)
were retrieved from PDB. Gramm-X online server [60] was
applied for protein docking of TNF-␣ with interacting partner
TNFRSF1A. PatchDock [61] was employed to reﬁne the generated
protein–protein interaction results. Afterwards, hydrophobic and
electrostatic interactions were mapped using LigPlot.
3. Results and discussion
Data extraction was performed by applying restricted search
against GRIN Taxonomy for plants database. Subsequently, geographical habitat and data retrieved through DDPED (http://www.
ars-grin.gov/duke) related to phytochemicals of selected species
was used as basic ﬁlter to reduce the number of hits. Antiinﬂammatory, anti-arthritic and anti-rheumatic phytochemicals
were searched and retrieved from selected species. 17 phytochemicals were selected by database search and after removing
redundancy phytochemicals were classiﬁed according to the
species (Table 1).
Molecular properties such as permeability of membrane and
bioavailability are always associated with partition coefﬁcient
(Log P), molecular weight, number of hydrogen bond donors and
acceptors as basic molecular descriptors. Lipinski “Rule of Five”
was articulated by utilizing these molecular descriptors. Therefore,
Lipinski’s Rule of Five was employed to estimate the bioavailability features like ADMET properties of the lead compounds and
these properties were calculated by mCule tool and Molinspiration
(Table 2). 13 out of 17 molecules strictly followed the Lipinski’s
Rule of ﬁve and were selected for further analyses and rest were
rule out. ADMET properties of selected 13 compounds showed the
potential of effective drug molecules (Table 3). 3D structures of all
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Table 2
Drug related properties of the retrieved ligand molecules.
Sr. no.

Ligands names

Molecular weight

Log P

H-bond
acceptors

H-bond
donors

Rotatable
bonds

PSA

Ro5 violations

Atoms

Rings

1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17

Ascorbic acid
Beta carotene
Linoleic acid
Oleic acid
Orientin
Tryptophan
Betulinic acid
Hyperoside
Oleanolic acid
Rosmarinic acid
Rutin
Ursolic acid
Beta sitosterol
Chlorogenic acid
Scopoletin
Withaferin A
Withanolide D

176.124
536.871
280.445
282.461
448.375
204.225
460.74
464.375
456.699
360.314
610.516
456.699
414.706
354.308
192.167
470.596
470.61

−1.4074
12.6058
5.8845
6.1085
−0.2027
1.8226
5.24
−0.5389
7.0895
1.7613
−1.6871
7.0895
8.0248
−0.6459
1.5072
3.3529
4.15

6
0
2
2
11
4
3
12
3
8
16
3
1
9
4
6
6

4
0
1
1
8
3
3
8
2
5
10
2
1
6
1
2
2

2
10
14
15
3
3
2
4
1
7
6
1
6
5
1
3
2

107.22
0
37.3
37.3
201.28
79.11
60.68
210.51
57.53
144.52
269.43
57.53
20.23
164.75
59.67
96.36
96.36

0
2
1
1
2
0
1
2
1
0
3
1
1
1
0
0
0

24
96
52
54
52
31
81
53
81
42
73
81
80
43
22
72
72

1
2
0
0
4
2
5
4
5
2
5
5
4
2
2
6
6

Table 3
ADMET properties of selected ligands.
Sr. no.

Ligands

Blood–brain barrier

Human intestinal
absorption

Aqueous
solubility

AMES toxicity

Carcinogens

Results

Probability

Results

Probability

(Logs)

Results

Probability

Results

Probability

1
2
3
4
5
6
7
8
9
10
11
12
13

Ascorbic acid
Linoleic acid
Oleic acid
Tryptophan
Betulinic acid
Oleanolic acid
Rosmarinic acid
Ursolic acid
Beta sitosterol
Chlorogenic acid
Scopoletin
Withaferin A
Withanolide D

BBB+
BBB+
BBB+
BBB+
BBB+
BBB+
BBB+
BBB+
BBB+
BBB+
BBB+
BBB+
BBB+

0.8485
0.9539
0.9539
0.9510
0.7713
0.7761
0.6095
0.7761
0.9743
0.5663
0.7975
0.8697
0.9532

HIA−
HIA+
HIA+
HIA+
HIA+
HIA+
HIA+
HIA+
HIA+
HIA+
HIA+
HIA+
HIA+

0.5646
0.9945
0.9945
0.9840
0.9952
1
0.7243
1
1
0.7433
0.9399
0.8086
1.9448

0.9278
−4.0398
−4.0398
−1.2926
−4.2901
−4.3883
−3.205
−4.3883
−4.7027
−2.4572
−3.306
−4.2028
−4.005

Non-AMES toxic
Non-AMES toxic
Non-AMES toxic
Non-AMES toxic
Non-AMES toxic
Non-AMES toxic
Non-AMES toxic
Non-AMES toxic
Non-AMES toxic
Non-AMES toxic
Non-AMES toxic
Non-AMES toxic
Non-AMES toxic

0.9455
0.9674
0.9674
0.9284
0.8867
0.9132
0.7412
0.849
0.9132
0.9132
0.5514
0.9192
0.7739

Non-carcinogens
Non-carcinogens
Non-carcinogens
Non-carcinogens
Non-carcinogens
Non-carcinogens
Non-carcinogens
Non-carcinogens
Non-carcinogens
Non-carcinogens
Non-carcinogens
Non-carcinogens
Non-carcinogens

0.9347
0.6568
0.9674
0.9310
0.9363
0.9394
0.9414
0.9394
0.9182
0.9341
0.9518
0.9549
0.7762

Fig. 2. 2D structures of screened ligands from Cannabis sativa, Prunella vulgaris and Withania somnifera for docking studies.
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Table 4
Comparative molecular docking analyses of phytochemicals with TNF-␣ using different tools.
Plant species

Ligands

AutoDock Vina
(kcal/mol)

Binding residues

Gold ﬁtness
score

Binding residues

Cannabis sativa

Ascorbic acid

−5.4

29.21

Thr-70, His-71, Thr-72, Asn-85, Ser-88,
Glu-128, Ile-129

Linoleic acid

−3.8

42.51

Gln-18, Leu-19, Asn-39, Thr-72, Ser-74,
Ile-76, Glu-128, Pro-132

Oleic acid

–

Gly-68, Cys-69, Pro-100, Arg-103,
Thr-105, Glu-110, Asn-112, Pro-113,
Trp-114
Gly-24, Ser-65, Gly-66, Gln-67,
Asp-140, Tyr-141, Leu-142, Asp-143,
Phe-144
–

26.86

Tryptophan

−5.6

Gly-68, Cys-69, Pro-100, Arg-103,
Thr-105, Asn-112, Trp-114

31.57

Gly-17, Thr-70, His-71, Thr-72,
Glu-128, Ile-129, Asn-130, Pro-132
Thr-70, His-71, Thr-72, Ser-74, Pro-83,
Ser-88, Glu-128, Ile-129

Betulinic acid

−7.1

28.19

Thr-70, Thr-72, Ser-74, Asn-85,
Asn-130

Oleanolic acid

−7.4

36.91

Thr-72, Ile-73, Ser-74, Thr-79, Asn-85,
Ser-126, Ala-127, Glu-128

Rosmarinic acid

−5.8

41.74

Ursolic acid

−6.7

Ala-22, Glu-23, Gly-24, Ser-65, Gly-66,
Gln-67, Pro-139, Asp-140, Thr-141,
Leu-142, Asp-143, Phe-144
Thr-77, Thr-79, Ser-81, Ile-83, Pro-90,
Asn-92, Ser-133, Glu-135, Ile-136,
Asn-137
Ser-65, Pro-139, Asp-140, Tyr-141,
Leu-142, Asp-143, Phe-144, Ala-145
Gln-47, Thr-77, Thr-79, Ser-81, Ile-83,
Asn-92, Ser-133, Glu-135, Ile-136,
Asn-137

Thr-70, His-71, Thr-72, Ser-74, Val-84,
Asn-85, Glu-128, Ile-129
Thr-70, Thr-72, Ser-74, Asn-85, Ile-129,
Asn-130

Beta sitosterol

−6.8

Chlorogenic acid

−5.8

Scopoletin

−5.2

Withaferin A

−7.3

Withanolide D

−7.8

Prunella vulgaris

Withania somnifera

Ser-9, Val-13, His-15, Leu-57, Tyr-59,
Tyr-119, Tyr-151, Ile-155
Gly-24, Ser-65, Pro-139, Asp-140,
Tyr-141, Leu-142, Asp-143, Phe-144,
Ala-145
Gly-68, Cys-69, Pro-100, Arg-103,
Glu-110, Asn-112, Pro-113, Trp-114
Ser-65, Gly-66, Gln-67, Gly-68, Pro-70,
Asp-140, Tyr-141, Leu-142, Asp-143,
Phe-144, Ala-145
Pro-20, Ala-22, Glu-23, Gly-24, Ser-65,
Pro-139, Asp-140, Tyr-141, Leu-142,
Phe-144, Ala-145

these selected phytochemicals (Fig. 2) were minimized for stability
and for energy minimization by Chem3D Ultra and UCSF Chimera
1.5.2.
The retrieved protein structure was minimized at 1000 steepest
by utilized UCSF Chimera 1.5.2 for comparative molecular docking
analyses of scrutinized ligands. The selected 13 compounds (ascorbic acid, oleanolic acid, linoliec acid, oleic acid, rosmarinic acid,
betulinic acid, tryptophan, ursolic acid, ␤-sitosterol, chlorogenic
acid, scopoletin, withaferin A and withanolide D) were docked with
TNF-␣ by using AutoDock 4, AutoDockVina and GOLD. All the utilized docking tools revealed the binding pocket on same region and
similar binding residues. All the seleceted ligands showed effective binding with all the selected tools having least binding enegy
and highest binding afﬁnity. The least binding energy was observed
−7.8 kcal/mol (from AutoDock Vina) of Withanolide D compound
(Table 4).
All the generated complexes from all the selected tools were
analyzed and visualized on minimum binding energy, inhibition
constant, utmost binding afﬁnity and drug properties. Interestingly,
it was observed that all the compounds from selected utilized docking tools showed interactions at Pro-20, Ala-22, Glu-23, Gly-24,
Ser-65, Pro-139, Tyr-141, Leu-142, Asp-143, Phe-144, and Ala-145
residues.
Selected molecules were scanned analytically and it was
observed that most of the compounds bound in the binding domain.
AutoDock Vina docking analyses revealed that Gly-24, Ser-65, Pro139, Tyr-141, Leu-142, Phe-144 and Ala-145 residues are conserved
residues involved in binding (Table 4). The docking studies exposed
that scrutinized and novel molecules bind similarly and uncovered
the potential binding pocket by utilizing AutoDock 4, AutoDock
Vina and GOLD.

26.30

–

–

42.60

Asp-38, Gln-40, Thr-70, Thr-72, Ser-74,
Asn-85, Ser-126, Glu-128

28.23

Thr-70, His-71, Thr-72, Ser-74, Asn-85,
Glu-128, Ile-129, Asn-130
Gln-18, Leu-19, Thr-72, Ser-74, Asn-85,
Glu-128, Ile-129, Pro-132

37.66

31.27

Thr-70, Thr-72, Ser-74, Ile-76, Pro-83,
Asn-85, Glu-128

The selected library (natural compound library) was screened
by LigandScout. After screening the selected library, 271 compounds were selected having highest pharmacophore scores (>80).
AutoDock Vina, AutoDock4 and GOLD docking tools were employed
for docking analyses and the top 20 novel compounds having lowest
binding energies and highest binding afﬁnities were analyzed (Supplementary ﬁle). This effort elucidated satisfying results by docked
analyses of all compounds. It was observed that Ala-22, Glu-23,
Ser-65, Gln-67, Tyr-141, Leu-142, Asp-143, Phe-144 and Ala-145
exhibited effective binding interactions among all the docked ligands. Interestingly, the novel molecules (Mz 001, Mz 002, Mz 003,
and Mz 004) bound at the same binding pocket and showed effective results (Fig. 3). The docking mode of selected molecules of
protein binding sites was calculated by GOLD program.
Cross experiments were executed to validate the results, three
different pharmacophores were also generated of each plant
extracted species and screened the natural compounds library
against all. Interestingly, the top screened molecules were the same
that screened from the pharmacophore generated from all the
species.
To perform function analyses of TNF-␣, protein interacting network was identiﬁed by using STRING 10 and STITCH 4. TNFRSF1A
was calculated as the potent interacting partner of TNF-␣ having highest interaction score (0.999). The protein–protein docking
analyses were performed to analyze the hydrogen, ionic and
hydrophobic interactions to understand the protein signaling. The
generated results were reﬁned by utilizing PatchDock server and
analyzed the binding residues. The interaction network (Fig. 4) and
protein–protein docked complexes were analyzed on the bases
of energy score and interacting residues (Fig. 5). It was observed
that receptor protein showed ﬁve hydrogen interactions with lig-
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Fig. 3. Binding pocket and interacting residues of TNF-␣ with Top 4 novel molecules. (A) Mz 001-TNF-␣, (B) Mz 002-TNF-␣, (C) Mz 003-TNF-␣ and (D) Mz 004-TNF-␣.

Fig. 4. Interacting partners of TNF-␣ by (A) STITCH4 and (B) STRING10.

Table 5
Interacting residues between TNF and TNFRSF1A proteins.
Receptor protein

Interacting protein

Interactions type

Interactions (receptor
residue → interacting protein residue)

Bond distance (Å)

TNF (PDB ID: 2E7A)

TNFRSF1A (PDB ID:
1EXT)

Hydrogen bonding

Tyr-119/O → Ser-72/N
Asp-10/OD2 → Asn26/ND2
Ser-95/OG → Asn-110/OD1
Asn-92/N → Glu-109/OE2
Leu-157/OXT → Ile-21/N

3.34
1.97
3.13
3.02
3.14

and protein depicts the strong interactions. The oxygen of Tyr-119
of TNF-␣ showed hydrogen bonding with nitrogen of Ser-72 of
TNFRSF1A having 3.34 Å distance. Asp-10 of TNF receptor protein
revealed hydrogen bonding interactions with Asn-26 of ligand protein of bond length 1.97 Å. Nitrogen of asparagine of TNFRSF1A
interacted with the oxygen of aspartic acid of TNF-␣. Ser-95 (Oatom) of TNF-␣ interacted with Asn-110 (O-atom) of ligand protein
with 3.13 Å bond distance. Asn-92 of receptor protein interacted

with Glu-109 of ligand protein with 3.02 Å bond distance. Leu-157
of TNF-␣ receptor protein showed hydrogen bonding interactions
with Ile-21 of ligand protein with a bond distance of 3.14 Å. Nitrogen of isoleucine of ligand protein interacted with the oxygen of
leucine of receptor protein (Table 5).
TNF-␣ has been proposed as therapeutic target for RA as it is
included mainly in pro-inﬂammatory cytokines. The signaling cascade leading to inﬂammation occurs when the “death domain” of
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Fig. 5. (A) Interaction analysis of TNF-␣ and TNFRSF1A visualized by Chimera. (B) Interaction analysis of TNF-␣ and TNFRSF1A visualized by LigPlot.

TNF-R1 recruits TRADD (subsequently recruits TRAF2) mediated
by receptor-interacting protein (RIP) and the complex activates
IB␣ kinase (IKK), which is necessary for IB␣ activation. Activated/phosphorylated IBa is mandatory to interact with and
inhibit nuclear factor kappa-light-chain-enhancer of activated B
cells (NFB). Subsequently, ubiquitination and degradation of IBa
complex releases the free NF-B. The latter translocates to the
nucleus, binds to the promoter or enhancer regions of target genes
to enhance transcription [62–64]. There are many genes known to
be regulated by NF-B including TNF-␣ and those that play key roles
in inﬂammation such as cyclooxygenase-2 (COX-2), lipoxygenase-2
(LOX-2), cell-adhesion molecules (CAMs), inﬂammatory cytokines
and inducible nitric oxide synthase (iNOS). Thus, the pro inﬂammatory effects of TNF-␣ are mainly due of its ability to activate NF-B
[65]. Any agent has the ability to block activation of this pathway
leads to down regulation of NF-B, TNF-␣ and other inﬂammatory
enzymes could be considered as a drug candidate [66].
Current study focuses on discovery of potent inhibitors for TNF␣ via computational methods. The pursuit for potent inhibitors of
TNF-␣ was achieved through screening phytochemicals present in

C. sativa, P. vulgaris and W. somnifera having anti-rheumatic, antiarthritic and anti-inﬂammatory properties. 23 compounds were
shortlisted and bioinformatics tools were utilized for further reﬁning of molecules on the basis of ADMET properties resulting in
identiﬁcation of 13 ligands that satisfy Lipinski’s rule of ﬁve. In comparison to existing inhibitors, the binding energy values of novel
inhibitors were observed least and exhibiting strong interaction
with protein. The protein–ligand binding interaction has signiﬁcant role in determining the action and binding likelihood of the
drug.
The binding conﬁguration disclosed that all the inhibitors stabilized via contacts with Ala-22, Glu-23, Glu-47, Ser-65, Gln-67,
Thr-105, Glu-110, Glu-135, Asn-137, Pro-139, Asp-140, Tyr-141,
Leu-142, Asp-143, Phe-144 and Ala-145 residues. The crystal structure of TNF-Inﬂiximab Fab revealed Gln-67, Thr-105, Glu-110,
Asn-137, Asp-140 and Tyr-141 interacting residues between the
interaction of TNF and inﬂiximab Fab [67]. Heo et al. (2017) reported
Glu-47, Glu-135, Asn-137, Pro-139, Asp-140 and Phe-144 interacting residues to neutralize the TNF by certolizumab Pegol for
inﬂammatory autoimmune diseases treatment [68]. The reported
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interacting residues cross validate and coincide with the revealed
interacting residues in this study. In conclusion, all the recognized
inhibitors fulﬁll deﬁnite parameters such as binding energy, ADMET
properties, drug-score and also satisﬁed the reported interacting
binding pockets. Our proposed drug molecules exhibited least binding energy and highest binding afﬁnity may act as potential TNF-␣
inhibitors.
This work introduces the signiﬁcance of medicinal plants and
potential target protein in the treatment of anti-inﬂammatory and
autoimmune disease RA. Study of medicinal plants has given an
understanding that natural components (withaferin A, withanolide D and chlorogenic acid) of plant W. somnifera and Rosmarinic
acid of P. vulgaris showed effective activity on docking with TNF-␣.
These components were also under the ADME toxicity level and lied
in Lipinski’s rules of 5 and 3. The potential unique inhibitors and
predicted associations might aid in disease inhibition. There is crucial requisite for the effective drug designing of RA. This approach
gave an insight to develop these biologically active molecules in
laboratory with their synergetic effect for further animal model
studies.
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