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Abstract

Aim : This study outlines an efficient weighted network centrality measure
approach and its application in network pharmacology for exploring mechanisms
of action of the Ruellia prostrata (RP) and Ruellia bignoniiflora (RB) herbal
formula for treating rheumatoid arthritis.

Method: We first calculated interconnectivity scores all the network targets. We
then computed weighted centrality measure using the calculated interconnectivity
score to identify the major network targets. To apply our technology to network
pharmacology, a tripartite drug target network, was first built to identify the
potential RP-RB active compounds. An imbalance network was then built from a
union merge of a multi-level network of drug target network and disease target
network to explore the mechanism of action of RP-RB compositive compounds in
the treatment of rheumatoid arthritis. The major identified network targets were
then validated by the enrichment analysis and a molecular docking simulation.

Result : The experimental results indicated that out of 196 compounds, 22
actively interacted with the putative target genes associated with rheumatoid
arthritis. An imbalance network simulation identified a total of 33 major network
targets. These includes 8 RP-RB compositive compounds, 10 therapeutic targets
and 15 putative target genes. The the enrichment analysis based on the Gene
Ontology and a KEGG pathway demonstrated that majority of candidate putative
target genes were frequently involved in TNF, CCR5, IL-17 and G-protein coupled
receptors signaling pathways which are critical in the progression of rheumatoid
arthritis . The molecular docking simulation indicated that Glyceryl
diacetate-2-Oleate, Hexadecanoic acid, 2,3-bis(acetyloxy)propyl ester, Glycidyl
oleate, and Oleoyl chloride and candidate known rheumatoid arthritis therapeutic
targets had high binding affinity. Molecular descriptor analysis also confirm these
compounds were within the Lipinski limits hence indicating their potential drug
likeliness for the treatment of rheumatoid arthritis.

Conclusion : This study developed a new technology that integrate
interconnectivity-based weighted network centrality measure approach and
network pharmacology techniques to explore mechanisms of action of the Ruellia
prostrata (RP) and Ruellia bignoniiflora (RB) herbal formula that could lead us
to design and discover alternative drug compounds for the management and
treatment of rheumatoid arthritis.
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Introduction

Rheumatoid arthritis is an autoimmune disease characterized by pain and synovial
inflammation that may result in the destruction of cartilage and bone. Recently, a
study has reported a rheumatoid arthritis prevalence of 1% and it affects three times
more women than men[1], [2], [3]. Understanding the etiology of rheumatoid arthri-
tis remains an active area in medical research. Studies have shown that rheumatoid
arthritis is a multi-factorial disease probably caused by genetic predispositions or
environmental factors [4], [5]. Developments of alternative drugs to treat and cure
rheumatoid arthritis are still out of our reach, and the development of new therapeu-
tic anti-rheumatic drugs with minimal or no side-effects is a great challenge [6], [7],
[8]. Although remedies such as nonsteroidal anti-inflammatory drugs (NSAIDs)[9],
corticosteroids [10],[11], disease-modifying anti-rheumatic drugs (DMARDS) [12],
and biologic response modifiers (‘biologicals’) [13] have been used in the manage-
ment and treatment of rheumatoid arthritis, some of these remedies have adverse
side effects [14], [8]. Therefore, it is necessary to develop alternative drugs with min-
imal or no side effects for the treatment of rheumatoid arthritis. Recently the use of
ayurvedic drugs has gained popularity in clinical research. For instance, a study has
shown that Ruellia prostrata (RP) and Ruellia bignoniiflora(RB) herbal medicine
and its constituents could have anti-inflammatory and anti-analgesic properties [15]
[15], [16]. However, the identification and elucidation of Rueilla active constituent
compositive compounds and their molecular mechanism of action in treating of
rheumatoid arthritis remain unknown [2],[17],[18]. To understand the relationship
of interacting components such as drugs, genes, proteins, and disease targets com-
putational methods like network biology, system biology, polypharmacology, and
network pharmacology have been recently proposed [19],[20],[21]. These methods
apply omics and system biology strategies to decipher the underlying mechanism
of action and synergetic effect of multiple targets and multiple components via a
network analysis [22],[23]. In general, network pharmacology is widely based on net-
work construction techniques, a network analysis and database quarry techniques
which provides a preliminary understanding of the mechanism of action at the
system level [24], [25]. Recently, modeling the drug-target interaction in complex
biological systems has attracted the attention of medical researchers [26],[21],[23].
In network pharmacology these complex biological system are often presented as
complex networks with heterogeneous components that are quantified by a network
centrality measure approach [27]. Though several studies in network pharmacology
applied traditional centrality measures approaches to investigate the important net-
work components these methods often depend on the network structure and this
makes them less efficient when handling with complex dynamic network systems
and the area of application [28],[29],[30]. Thus,in this study, we developed an ef-
ficient weighted network centrality measure approach for exploring mechanisms of
action of the Ruellia prostrata and Ruellia bignoniiflora herbal formula for treating
rheumatoid arthritis. The rest of this paper is organized as follows. In Section 2, we
describe our new approach for calculating the interconnectivity score and weighted
network centrality and its application in network pharmacology. In Section 3, we
present and interpret our results. In Section 4, we discuss our findings and then we

draw some pertinent conclusions.
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Materials and Methods
Now, we will describe the our new proposed approach for the calculation of the
interconnectivity score and weighted centrality measures for the identification of

major network components and its application in network pharmacology.

Calculation of the Network-based Interconnectivity Score

We propose a general approach for the calculation of the interconnectivity score
among network components. This approach is a local network-based approach that
prioritizes network nodes based on their overall connectivity to other nodes in the
network. In our calculations we made the following assumptions: (1) There is a
direct interaction between a pair of nodes; (2) There are indirect interactions with
a path length of two network nodes which we call the shared neighborhood of the
two nodes; (3) The network is a tripartite network consisting of nodes i, j and
k. Base on these three assumptions, we can calculate interconnectivity using the

following:

(1)

1K) = eiB) <2+|N(i)ﬂN(k)|>7

deg(i) deg k)

where I (i, k) is the interconnectivity between nodes i and k, deg(i) and deg(k) is the
degrees of node i and k respectively and N is the size of the shared neighborhood

connectivity. Here,

1 if an edge exists between ¢ and &
elik) = Be T e (2)

0 otherwise

e(i, k) is the edge between node i and k. Therefore, using Equation (1) the inter-
connectivity score of node j directly interacting with node ¢ and k in their shared

neighborhood can be calculated using

s(j) = |D;G\ Z e(i,k)<2+N(i.)mN(k)l>7 3)
kEDEG(j)

where s(j) is the interconnectivity score of node j with respect to node k and
DEG represents the degree of all set of node k.

Calculation of Weighted Network Centrality

Using the interconnectivity score s (j) calculated above, we can introduce a new
approach for computing the weighted centrality measure based on the traditional
centrality measure such as degree centrality, closeness centrality, and betweenness
centrality. Again, in this step we apply Assumption 3, i.e. the network is a tripartite
network consisting of nodes i, 7 and k used to describe our new formulations. Figure
1 shows the three main network centrality measures examined in this study.
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Figure 1 Network centrality measures.(A) degree centrality, (B) closeness centrality, (C)
betweenness centrality. The darkness and the size of each node is proportional to its centrality
measure.

Weighted Degree Centrality
Generally, degree centrality is defined as the total number of connections or edges
attached to the node with respect to other nodes in the network [31] and it usually

calculated by

[N
CP(i)=>_eli,j) , (4)
i#i
where Cp (4)is the degree centrality of node %, e (i, j)is the edge connecting nodes
i and j is 1 if it exists otherwise it is 0, and N is the total number of nodes in the
network. Therefore using equations (2) and (3), the degree weight of node j is given
by

() e (k)
k=1

In (kile G, k:)) 7 °

wPC (j) =

where wP? () is the degree weight of node j, e (j, k) represents the edge between
nodes j and k whose value is 1 if it exists otherwise it is 0, and n; is total number of
nodes k in the network. Therefore, using Equation (4) the weighted degree centrality

score of the network node i can be calculated using

¢P (i) =Y wP (j) e i, ) (6)

Jj=1

Here, ¢PC (i) is the weighted degree centrality measure of node i with respect
to node j, e (i,j) represents the edge between nodes j and k whose value is 1 if it

exists otherwise it is 0 and ns is the total number of nodes 3.
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Weighted Closeness Centrality

Closeness centrality is often defined as the shortest distance or path or inverse of
the sum of the distances between a given node with respect to other nodes in the
network [32]. Essentially, closeness centrality is based on the shortest distance and

the inverse of sum of the distances between nodes 7 and j is calculated by

(i) — n—1 _ 1 i
0=~ = w2 L) (7

viki#i Vikigi

where C© (i) is the closeness centrality, d (i,7) represents the shortest path or
distance between node ¢ and j, while n is the total number of nodes in the network.
Here we recalculate the distance by first expressing the sum of the shortest distance
n
between nodes i and j withd = > d (4, 7). Therefore, our new closeness centrality
Vj&j#i
measure is calculated using the equality

n—1 1
5T nmeD)’ ®)

Rearranging Equation (8) and taking the positive square root

where ¢ is the shortest distance, "T_l represents closeness centrality based on the

shortest distance and 71(%_1)5 represents closeness centrality based on the inverse
of the sum of the distances and n is total number of nodes in the network. Hence
the shortest distance between nodes i and j is ¢ (4, 7). If we take equations (2) and

(9), we can calculate a new closeness weight of node j by

s(j)lféla(j,k)

WO (j) = — A= (10)
m(500)
k=1
where w® () is the closeness centrality weight of node j, (4, k) is the shortest

distance or path between nodes j and k£ and n; is the total number of nodes k in

the network. Of course,

56 k) 1 if the shortest path exists between i and & (1)
Js =
0 otherwise

Therefore, using Equation (8) we can calculate the weighted closeness centrality

score of node i by
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6°C (1) = S wCC ()8 (1.7) (12)
j=1

where ¢ (i) is the weighted closeness centrality measure of node i with respect
to node j, 0 (4,7) is the shortest distance or path between nodes j and k whose
value is 1 if it exists otherwise it is 0 and ng is the total number of nodes j.

Weighted Betweenness Centrality

Betweenness centrality is essentially defined as the number of shortest paths passing
through the node which acts as a bridge for the shortest path between a pair of
nodes [32] and it can be calculated using

CP (j) = ZZ (Ufk_(j)) 7 (13)

where o, is the total number of shortest paths from node ¢ to node k and o3, (j)
is the number of shortest paths between nodes ¢ and &k with node j acting as an
intermediate/bridge node along the shortest path. If we use the betweenness value
i.e number of shortest paths between node ¢ and k in Equation (13), then the
betweenness weight of node j can be found via

20) £ % ()
i ($0.0)

BC(-

w" (4)

; (14)

where wP¢ (j) is the betweenness centrality weight of node j, o} (j) represents
the intermediary node between nodes i and j, and n; is the total number of node
k in the network. Also,

- () 1 if node j exists between i and & (15)
o (4) =
i 0 otherwise

Thus, with Equation (15) we can calculate the weighted betweenness centrality
score of node i by

¢P (i) = ZwBC () o (4) (16)

where ¢B¢ (i) is the weighted betweenness centrality measure of node 4, o (1)
represents the intermediary node between nodes j and k whose value is 1 if it exists
otherwise it is 0 and ns is the total number of nodes j.
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Application on Network Pharmacology

We used our proposed approach to explore mechanisms of action of the Ruellia pros-
trata and Ruellia bignoniiflora herbal formula for treating rheumatoid arthritis. In
the simulation we denoted the chemical compounds, known rheumatoid arthritis
therapeutic targets and putative target genes in the network by k, ¢ and j respec-

tively.

Data preparation

The data of compositive compounds of Ruellia prostrata (RP) and Ruellia
bignoniiflora(RB) were obtained from GC-MS peak detention profiles. Their
chemical information was then retrieved from PubChem, (http://pubchem.
ncbi.nlm.nih.gov/)[33], Chemistry database(http://www.organchem.csdb.cn/
scdb/main/slogin.asp,updatedon2014-05-05)[34] and ChemSpider (http://
www.chemspider.com/, updated on 2011-12-23)[35]. Rheumatoid arthritis re-
lated genes were downloaded from OMIM Morbid Map [36]. Known therapeu-
tic targets of rheumatoid arthritis data were downloaded from DrugBank (http:
//www.drugbank.ca/,version:3.0)[37] and Therapeutic Target Database (TTD)
(http://db.idrblab.net/ttd/). All the therapeutic targets were then merged to
form a set of rheumatoid arthritis targets. Protein-Protein interaction (PPI) data
were obtained from the following existing databases: Human Annotated and Pre-
dicted Protein Interaction Database (HAPPI)[38], Reactome [39]; Online Predicted
Human Interaction Database (OPHID)[40]; Human Protein Reference Database
(HPRD)[41]; Molecular Interaction Database (MINT)[42] and Database of Inter-
acting Proteins (DIP)[43].

Prediction of RP-RB Active Compounds

The active compounds of RP-RB herbs acting on the rheumatoid arthritis ther-
apeutic targets and target genes were identified by first constructing a tripartite
drug network of the two herb-compositive compounds-putative target genes. The
network was then partitioned by a Markov Clustering algorithm based on [44],
[45]. The interconnectivity score described above was then used to prioritizes can-
didates RP-RB active compounds based on their overall interconnectivity score in
the shared neighbourhood connectivity with known rheumatoid arthritis therapeu-
tic targets and putative target genes.

The Identification of Potential Targets of RP-RB Active Compounds

To identify the potential targets of RP-RB active compounds we first built a tripar-
tite drug target network consisting of the two herbs, their active compositive com-
pounds and putative target genes. Then, built a tripartite disease target network
consisting of RP-RB compositive compounds-putative target genes-known rheuma-
toid arthritis therapeutic targets. An imbalance multi level drug-disease network
was built by a union merge of drug target network and disease target network.
The corresponding RP-RB compositive compounds and candidate putative target
genes and known known rheumatoid arthritis therapeutic targets were were iden-
tified from the network using the proposed weighted centrality measures approach
described that is ‘Weighted degree centrality’, ‘Weighted closeness centrality’ and
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‘Weighted betweenness centrality’. All the potential network targets with high cen-
trality measures values were thought to play an important role the progression of
the rheumatoid arthritis disease in the drug-disease network [20], [21].

A Network Major Targets Validation

The major identified putative target genes, known rheumatoid arthritis therapeutic
targets and the candidate RP-RB compositive compounds from the network were
validated by enrichment analysis based on Gene Ontology annotation system and
the KEGG pathway and a molecular docking simulations.

Gene Ontology and a Pathway Enrichment Analysis

The major putative targets of the RP-RB herbs identified from the pharmacolog-
ical network were validated by Gene Ontology (GO) [46] and a pathway enrich-
ment analysis [47],[48] using Annotation Visualization and Integrated Discovery
(DAVID,http://david.abcc.ncifcrf.gov/home. jsp, version 6.7) [49] database
and the Kyoto Encyclopedia of Genes and Genomes (KEGG http://www.genome.
jp/Kegg/, last updated: Oct 16, 2012) [50] database, respectively.

A Molecular Docking Analysis

The binding affinity of eight candidate RP-RB compositive compounds towards
10 known RA therapeutic targets identified from the pharmacological network
was validated by a molecular docking simulation using Autodock Vina software
[51]. The crystal structures of identified known RA therapeutic targets (recep-
tors) were obtained from the RCSB protein database (http://www.pdb.org/, up-
dated on 2014-3-11) [42], [52], [53]. Here, the chemical structures of the RP-RB
compositive compounds were downloaded from the PubChem database (http:
//pubchem.ncbi.nlm.nih.gov/)[33]. For best docking results we set the optimal
x, y and z coordinates values of the target receptors and set the limit of exhaustive
searches[54]. All the ligands with high binding energy and a low root mean square
deviation (RMSD) value were considered to have good molecular interaction with
the target receptors [55], [56], [57]. All the files for ligand-receptor structures were
saved in .pdbqt according to [54] for molecular interaction visualization using the
UCSF Chimera program [58].

Results

The Network ldentification of active compounds in the RP-RB herbal formula

We identified the active RP-RB compositive compounds acting on the known
rheumatoid arthritis therapeutic targets by first constructing an drug network de-
scribed above. The active compositive compound in RP-RB herbs were the predicted
by the MCL algorithm and interconnectivity approach. The network analysis results
indicated that 634 nodes (2 herbs, 196 compositive compounds, and 436 putative
target genes) activity interacted (5212 edges) in the network (see Figure 2 (A)). A to-
tal of 196 compositive compounds were identified from the network, 103 compounds
came from RP herb and 93 came from the RB herb. All the RP-RB compositive
compounds actively interacted with with 436 putative target genes, indicating a
relationship between the herbs and putative target genes. In addition, out of the
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196 RP-RB compositive compounds 22 were common in both herbs (see Figure
2 (B), green nodes with red borders). All these compositive compounds had high
a network interconnectivity score indicating their importance in the drug network

(see more results given in Additional file 2, Drug-Target-Network analysis).

LIS LR

Figure 2 Network-based prediction of active compounds contained in the RP-RB herbal
formula acting on rheumatoid arthritis (A) Markov Clustering (MCL) of herb-compositive
compound-putative target genes network for the identification of Ruellia prostrata (RP) and
Ruellia bignoniiflora (RB) herbs. (B) The major shared active compounds identified based on the
network interconnectivity prediction. Edges: interactions between RP-RB compositive compounds
and putative target genes; yellow square nodes: Ruellia prostrata (RP) and Ruellia bignoniiflora
(RB) herbs; green round nodes: RP-RB compositive compounds; red round nodes: known
therapeutic targets; blue triangles: putative target genes; green nodes with red border are
compounds shared by the two herbs.

A Network Elucidation of Mechanism of Action of the RP-RB Herbal Formula for
Treating RA

To ascertain the mechanism of action of the RP-RB herbs for treating Rheumatoid
Arthritis an imbalance multi-level network described in the materials and methods
section was used. The candidates RP-RB-compositive compound, putative target
genes, and known rheumatoid arthritis targets were then identified based on the
weighted centrality score values. According to the network analysis the extracted
network of Herb-putative target genes identified a total of 438 nodes (Figure 3 (A)
showing 2 herbs and 436 putative target genes) actively interacted (3432 edges)
in the network. A tripartite drug network of RM-RB herb-compositive compounds-
putative target genes identified a total of 634 nodes (containing 2 herbs, 196 compos-
itive compounds and 436 putative targets) and 5123 edges/interactions (see Figure
3 (B)). The analysis also revealed the imbalance network built from a union merge of
the drug network and disease network (see Figure 2 (C)) had a total of 1044 nodes
(containing 2 herbs, 196 compositive compounds, 436 putative target genes and
410 known RA therapeutic targets) were actively interacting (6964 edges). From
our analysis of the imbalance network a total of 33 major network components
were identified based on the weighted centrality scores. These includes 8 RP-RB
compositive compounds, 15 putative targets and 10 known therapeutic targets for

the treatment of rheumatoid arthritis (see Table 1). Among the eight compounds,
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three came from RP, which includes Glyceryl diacetate-2-Oleate, Glyceryl-2 Palmi-
tate, and Hexadecanoic acid, 2,3-bis(acetyloxy)propyl ester while five came from RB
which includes Methyl stearate, Glycidyl oleate, Oleoyl chloride, Hexadecanoic acid,
methyl ester and 9-Octadecenoic acid (Z)-, methyl ester. All the major components
identified from the network had high ‘degree centrality’, ‘closeness centrality’ and
‘betweenness centrality’ measures. RP-RB compositive compounds with high cen-
trality values indicate the chance of the interaction with majority of putative target
genes and therapeutic targets in the network (see more results given in Additional
file 2, Drug-Disease Network analysis).

Figure 3 A network elucidation of mechanism of action of RP-RB on rheumatoid arthritis.. (A)
An RP-RB herb- putative targets-known rheumatoid arthritis targets network. (B) An RP-RB
herb- compositive compound -putative target-known rheumatoid arthritis target network. (C) A
major compositive compounds-major putative targets- known rheumatoid arthritis targets
network. Edges: interactions among the two herbs, compositive compounds, putative targets and
known RA therapeutic targets. Yellow square nodes: two herbs Ruellia prostrata (RP) and Ruellia
bignoniiflora (RB); green round nodes: RP-RB compositive compounds; red round nodes: known
RA therapeutic targets; green and blue triangle nodes: putative targets of RP-RB herbs. Nodes
with yellow borders are major components with corresponding high ‘Degree centrality’,

‘betweenness centrality’, and ‘Closeness centrality’ measures.

Gene Ontology and Pathway Enrichment Analysis

We validated the major identified putative targets using an enrichment analysis
based on the GO annotation system and the KEGG pathway. Figure 4 shows a sum-
mary of the major biological processes, molecular function and top-10 KEGG path-
ways associated with the treatment of rheumatoid arthritis including Interleukin-10
signaling, the IL-17 signaling pathway, TNF signaling pathway, Interleukin-4 and
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Table 1 Major RP-RB compositive compounds, therapeutic targets and putative target genes

Network Components ¢pPC ¢BC ¢CC
RP-RB Compositive Compounds

Glycidyl oleate 0.53421 0.04851 0.55812
Glyceryl-2 Palmitate 0.51089 0.05167 0.58919
Oleoyl chloride 0.45887 0.05282 0.47059
9-Octadecenoic acid (Z)-, methyl ester 0.43162 0.05252 0.47516
Methyl stearate 0.44457 0.04894 0.44680
Hexadecanoic acid, methyl ester 0.44716  0.05316  0.46557
Hexadecanoic acid, 2,3-bis(acetyloxy)propyl ester  0.49120  0.14129  0.48424
Glyceryl diacetate-2-Oleate 0.45089 0.05167 0.48919
RA Therapeutic Targets

Nitric oxide synthase 0.49822 0.05650 0.56811
Interleukin-1 beta 0.41060 0.04933 0.48550
Delta-type opioid receptor 0.54171 0.11993  0.49435
Tumor necrosis factor 0.46255 0.16964 0.48963
Prostaglandin G/H synthase 1 0.49331 0.39671 0.54107
Prostaglandin G/H synthase 2 0.45508 0.50404 0.47936
Growth-regulated alpha protein 0.41264 0.08876 0.52486
C-C chemokine receptor type 5 0.40256 0.05885 0.46090
Interleukin-6 0.42441 0.06710 0.51582
Cannabinoid receptor 2 0.47004 0.04008 0.43522
Putative Target Genes

TNF 0.27050 0.09210 0.05880
CXCL10 0.17280 0.01160 0.56402
IL10 0.17280 0.01250 0.54325
IL6 0.30040 0.09297  0.54020
CXCL1 0.10440 0.01510 0.54324
CXCL8 0.12730 0.01600 0.54385
FOXP3 0.41060 0.01490 0.37476
CCR2 0.30040 0.01610 0.47620
CCR5 0.30040 0.02790  0.49220
IL10 0.12730  0.01450 0.53020
CCL2 0.24950 0.01900 0.45480
IL1B 0.14050 0.02530 0.58308
IL17 0.24950 0.01950 0.53740
IL13 0.22120 0.02520 0.53470
CSF2 0.29051 0.09962 0.51014

Interleukin-13 signaling, Toll-like receptor signaling pathway, NF-kappa B signal-
ing pathway, Cytokine-cytokine receptor interaction, NOD-like receptor signaling
pathway, Chemokine signaling pathway and GPCR ligand binding. Our analysis in-
dicated that the major putative targets were involved in the IL-17 signaling pathway.
This pathway plays an important role in neutrophil mobility through T cell activa-
tion, and this provides immunity against inflammatory diseases such as psoriasis and
rheumatoid arthritis[59]. The TNF signaling pathway was also identified as a sig-
nificant pathway, Tumor necrosis factor (TNF) is multi-functional cytokine which
has an important role in pro-inflammatory cytokine. A study showed that TNF
is secreted by inflammatory cells which are involved in inflammation-associated
carcinogenesis[60]. Our own analysis showed that the major identified putative tar-
gets were also involved in the NF-kappa B signaling pathway which plays a key
role in inflammatory and immune responses as well as regulation genes involved
in cell death differentiation and proliferation [61]. In addition, cytokines have been
implicated in many cases of rheumatoid arthritis by the regulation of chronic in-
flammatory synovitis[62]. Studies have shown the IL-1 and TNF are the main pro-
inflammatory cytokines in RA and their blockage may play a significant role in
the management of the RA disease[63]. Our putative targets were also involved in
the NOD-like receptor signaling pathway which is involved during tissue injury and
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infection by initiating the production of proinflammatory cytokine receptors[16]. It
has been reported that the major class of receptors associated with inflammatory
joint disease are Toll-like receptors (TLRs) and NOD-like receptors (NLRs)[64]. The
major putative targets were also involved in the Cytokine-cytokine receptor inter-
action biological activity. Chemokines have been reported to be involved in many
neurological diseases by primarily inducing inflammation through the localization
of leukocytes with their chemotactic activity[62].

A study has shown that Chemokine activities are mediated through G-protein
coupled receptors which play a role in inflammatory responses[65]. We also noticed
that the major putative targets were involved in the Interleukin-10 signaling path-
ways which regulate the anti-inflammatory cytokine, and they play a crucial role
in preventing the inflammatory and autoimmune diseases[66]. In addition, a study
has shown that Interleukin-4 and Interleukin-13 signaling are both associated with
the regulation of the type II inflammatory response triggered either by a parasite
or allergen[67].

Molecular docking simulation

We performed molecular docking to validate the interaction of the RPM-RBK ma-
jor compositive compounds and the known rheumatoid arthritis therapeutic targets
predicted by network centrality measures. The major identified RPM-RBK compos-
itive compounds (ligands) were docked on the corresponding potential therapeutic
targets (receptors).We assigned ligands initials Cp1, Cp2, Cp3, Cp4, Cp5, Cp6, Cp7,
and Cp8 to represent Glyceryl diacetate-2-Oleate, Glyceryl-2 Palmitate, Hexade-
canoic acid, 2,3-bis(acetyloxy)propyl ester, Methyl stearate, Glycidyl oleate, Oleoyl
chloride, Hexadecanoic acid, methyl ester and 9-Octadecenoic acid (Z)-, methyl es-
ter, respectively and corresponding receptors TNF, NOSs, IL-1, GRO-alpha, DOP,
PTGS1, PTGS2, IL-6, CCR5 and CB2. In this analysis the best ligands (RPM-
RBK compositive compounds) were selected based on the binding affinity score
and root mean square deviation (RMSD) value. In our analysis the ligands with
binding affinity scores in the range of -8.0 kcal/mol and 11.0 kcal/mol with RMSD
< 2.5 A were considered to have a good interaction with the target receptors (RA
known therapeutic targets).

Based on the results given in Table 2, Cpl (-10.33 kcal/mol), Cp3(-10.32
kcal/mol), Cp5(-9.96 kcal/mol) and Cp6 (-9.31 kcal/mol) had the highest bind-
ing affinity on the TNF target receptor. Another docking analysis revealed that
Cpl (-10.52 kcal/mol), Cp3(-10.32 kcal/mol), Cp5(-9.52 kcal/mol) and Cp6 (-10.02
kcal/mol) bind well on CCR5 target receptor.

Interestingly, Cp1l binds well on both PTGS1 and PTGS2, that is -9.16 kcal/mol
and -9.98 kecal/mol, respectively. A similar observation was noted with Cp2, which
had a binding affinity of -9.25 kcal/mol and -9.11 kcal/mol for PTGS1 and PTGS2
respectively.

Another nice finding concerning the compositive compound Cpl and Cp2, is that
both bind well on IL-6 target receptor with a binding affinity of -9.82 kcal/mol and
9.02 keal/mol, respectively. We also observed that Cp3 and CP5 bind well on DOP
with binding affinity of -9.16 kcal/mol and 9.43 kcal/mol, respectively. We also
noticed that Cpl and Cp6 binds well on the NOSs target receptor with a binding
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Figure 4 Gene Ontology and the KEGG pathway analysis of major identified putative target
genes of the RP-RB herbal formula. Biological process (A), molecular function (B), and top-10
KEGG pathway (C). KEGG, Kyoto Encyclopedia of Genes and Genomes.

affinity of 8.91 kcal/mol and 8.25 kcal/mol, respectively. In addition, Cpl (-8.82
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kcal/mol), Cp4(-8.73 kcal/mol), and Cp6 (-8.62 kcal/mol) bound well on the IL-
1/. Similarly, Cpl (-8.21 kcal/mol), Cp4(-8.87 kcal/mol), and Cp6 (-8.31 kcal/mol)
bound well on the GRO-alpha. We also noticed that, Cpl (-9.06 kcal/mol), Cp4(-
8.91 kcal/mol), and Cp5 (-8.96 kcal/mol) bound well to the CB2 target receptor.
Based on our analysis, all the selected ligands recorded a binding energy /affinity in
the range -8.0 keal /mol and -10.52 keal /mol with RMSD in the range 1-to-2.5A. This
means that these ligands are likely to be the best inhibitors of the corresponding
target receptors, hence they are good drug candidates due to hydrogen bonds and
hydrophobic interactions between these compounds and target receptors. We also
evaluated the molecular descriptors of the candidate RP-RB drug compounds. Here,
the drug likeliness was evaluated using the Lipinski rule of five which states that
”drug-like” molecules have XlogP< 5, molecular weight< 500, number of hydrogen
bond acceptors < 10, and number of hydrogen bond donors< 5 [68],[69]. We also
predicted the compositive compound transport properties using the TPSA, and our
results indicated that all the compounds had the TPSA in the range 17.07- to -
78.92 A2 A good TPSA should be < 140A2; and this descriptor plays a critical
role in characterizing drug absorption properties such as bioavailability, intestinal
absorption, Caco-2 permeability and blood-brain barrier penetration[70], [71]. In
addition, all the compositive compounds had a rotatable bond in the range 15 to
23 rotatable bonds. According to [72],the mean value of the number of rotatable
bond per drug molecule should lie in the range 6 to 170 rotatable bonds. A high
number of rotatable bonds indicates high molecular flexibility, which acts as an
indicator of a good oral bioavailability of drugs[73]. Our overall analysis shows that
Cpl(see Figure 5), Cp3(see Figure 6), Cp5 (see Figure 7) and Cp6 (see Figure 8)
are the likely drug candidates in the treatment of rheumatoid arthritis based on
their binding affinity to their corresponding targets with the molecular descriptor
and Lipinski value within the set limits.

Table 2 Molecular Docking and Molecular Descriptor Analysis of the Major RPM-RBK Compositive
Compounds

RPM-RBK Compositive Compounds.
cpl Ccp2 cp3 Cp4 Cp5 Cp6 cp? Cp8
RAT.T, BE(kcal/mol) RMSD  BE(kcal/mol) RMSD BE(kcal/mol) RMSD BE(kcal/mol) RMSD BE(kcal/mol) RMSD BE(kcal/mo) RMSD BE(kcal/mol) RMSD  BE(kcal/mol) RMSD
-10.33 1.2: -8.51 2.3 -9.98 1.9 -8.11 2473 -9.96 1.7 -9.31 1.6 -8.01 2 -8.15 2.4

TPSA 78.92 66.76 78.92 26.3 38.83 17.07 2.3
MW 440,62 330.5 41458 298.51 338.53 300.91 270.46 296.5

1 Cp1l: Glyceryl diacetate-2-Oleate; Cp2: Glyceryl-2 Palmitate; Cp3: Hexadecanoic acid,
2,3-bis(acetyloxy)propyl ester; Cp4: Methyl stearate; Cp5: Glycidyl oleate;Cp6: Oleoyl chloride; Cp7:
Hexadecanoic acid, methyl ester; Cp8: 9-Octadecenoic acid (Z)-, methyl ester.2 TNF: Tumor necrosis

factor; NOSs: Nitric oxide synthase; IL-13:Interleukin-1 beta;GRO-alpha: Growth regulated alpha
protein; DOP: Delta-type opioid receptor; PTGS1: Prostaglandin G/H synthase 2; PTGS2:
Prostaglandin G/H synthase 1; IL-6: Interleukin-6; CCR5: C-C chemokine receptor type 5; CB2:
Cannabinoid receptor 2. 3 XlogP: Molecular Lipophilicity Potential; nrotb:Number of rotatable bond;
TPSA: Topological Polar Surface Area; MW: Molecular Weight;R.A.T.T: Rheumatoid Arthritis
Therapeutic Target;M.D.A: Molecular Descriptor Analysis

Discussion
Recently, network science has found new applications in medical and drug discov-
ery research|[74]. Network pharmacology along with the system biology paradigm
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Figure 5 Molecular docking visualization of the interaction of Glyceryl diacetate-2-Oleate
(Cpl) and major targets. Molecular docking visualization of the interaction of Glyceryl
diacetate-2-Oleate (Cpl) and major targets: (a) Cpl-TNF, (b) Cpl-NOSs, (c) Cpl-IL-13, (d)
Cp1-GRO-alpha, (e) Cp1-DOP, (f) Cp1-PTGS1, (g) Cpl-PTGS2, (h) Cpl-IL-6, (i) Cp1-CCR5
and (j) Cpl- CB2. The green color represents the hydrogen bond interaction with main amino
acids, blue indicate mild polar i.e. hydrogen bond interactions with side chain amino acid and pink
represents the hydrophobic interactions.

Figure 6 Molecular docking visualization of the interaction of Hexadecanoic acid,
2,3-bis(acetyloxy)propyl ester (Cp3) and major targets. (a) Cp3-TNF, (b) Cp3-NOSs, (c) Cp3-
IL-13, (d) Cp3-GRO-alpha, (e) Cp3-DOP, (f) Cp3-PTGS1, (g) Cp3-PTGS2, (h) Cp3-IL-6, (i)
Cp3-CCR5 and (j) Cp3- CB2. The green color represents the hydrogen bond interaction with main
amino acids, blue indicate mild polar i.e. hydrogen bond interactions with side chain amino acid
and pink represents the hydrophobic interactions.

have both provided a breakthrough in drug discovery research by establishing
the relationship between drug molecules and disease, and the potential therapeu-
tic targets[75]. The development of multi-target therapeutics drug compounds is
likely to be a promising paradigm for discovering drugs and offer a greater efficacy
level with minimal or no adverse effects and toxicity compared to monotheraputic
drug compounds [76]. A study has reported herbal medicine to be characterized
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Figure 7 Molecular docking visualization of the interaction of Glycidyl oleate (Cp5) and major
targets. (a) Cp5-TNF, (b) Cp5-NOSs, (c) Cp5- IL-13, (d) Cp5-GRO-alpha, (e) Cp5-DOP, (f)
Cp5-PTGS1, (g) Cp5-PTGS2, (h) Cp5-IL-6, (i) Cp5-CCR5 and (j) Cp5- CB2. The green color
represents the hydrogen bond interaction with main amino acids, blue indicate mild polar i.e.
hydrogen bond interactions with side chain amino acid and pink represents the hydrophobic
interactions.

Figure 8 Molecular docking visualization of the interaction of Oleoyl chloride (Cp6) and major
targets. (a) Cp6-TNF, (b) Cp6-NOSs, (c) Cp6- IL-13, (d) Cp6-GRO-alpha, (e) Cp6-DOP, (f)
Cp6-PTGS1, (g) Cp6-PTGS2, (h) Cp6-IL-6, (i) Cp6-CCRS5 and (j) Cp6- CB2. The green color
represents the hydrogen bond interaction with main amino acids, blue indicate mild polar i.e.
hydrogen bond interactions with side chain amino acid and pink represents the hydrophobic
interactions.

by multi-components/compounds and multi-targets with promising prospects for
the discovery of new lead drug compounds with multi-therapeutic use[68]. This
can be achieved by developing an efficient computational approach to discover and
elucidated multi-agents/components and their mechanisms of action.

In this study we developed an efficient weighted network centrality measure ap-

proach that can explore relationships among the active RP-RB compositive com-
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pounds and putative target genes and known therapeutic targets of rheumatoid
arthritis for the first time. This approach allows us to understand the mechanism
of action of the Ruellia prostrata and Ruellia bignoniiflora herbal formula in treat-
ing rheumatoid arthritis. Our network pharmacology findings revealed the following
things:

First, the drug target network built from RP-RB herbs-compositive compounds-
putative target genes partitioned via MCL and interconnectivity score enabled us
identify the potential active compounds contained in Ruellia prostrata and Ruellia
bignoniiflora herbal formula acting on rheumatoid arthritis. Calculation intercon-
nectivity score by MCL allowed us to prioritize significant active compounds and RA
associated putative target genes in the network [77], [78] (see more results given in
the supplementary files). Secondly, the imbalance network built by a union merge of
the multi-level drug target network and disease target network provided a clue to the
mechanism of action of Ruellia prostrata and Ruellia bignoniiflora herbal formula
used in the treatment of rheumatoid arthritis (see more results given in the sup-
plementary files). Third, a network target validation by Gene ontology and KEGG
pathway analysis provided a clue to help understand the molecular function of the
putative target genes interacting with RP-RB compositive compounds. The major-
ity of putative targets were involved in the TNF signaling pathway, Interleukin-10
signaling, IL-17 signaling pathway, Interleukin-4 and Interleukin-13 signaling, Toll-
like receptor signaling pathway, NF-kappa B signaling pathway, Cytokine-cytokine
receptor interaction, NOD-like receptor signaling pathway, Chemokine signaling
pathway and GPCR ligand binding which play a role in the progression of rheuma-
toid arthritis disease (see more results given in the supplementary files). Finally, a
molecular docking simulation and molecular descriptor analysis allowed us to un-
derstand the inhibitory properties and drug likeliness of the major identified corre-
sponding RP-RB compositive compounds in the treatment of rheumatoid arthritis.
A molecular docking simulation indicated that Glyceryl diacetate-2-Oleate (Cpl),
Hexadecanoic acid, 2,3-bis(acetyloxy)propyl ester (Cp3), Glycidyl oleate (Cp5) and
Oleoyl chloride (Cp6) had a high binding affinity to all major identified known
rheumatoid arthritis therapeutic targets. The molecular descriptor analysis also
confirmed that these compounds were within the Lipinski set limits. This allow
us to understand the molecular mechanism of action of RP-RB herbal formula in
the treatment of rheumatoid arthritis.(see more results given in the supplementary
files).

Conclusions

In this study we developed a technology that integrate an efficient weighted net-
work centrality measure approach and network pharmacology techniques to explore
the relationship among the compositive compounds of Ruellia prostrata and Ruel-
lia bignoniiflora and their putative target genes and known therapeutic targets of
rheumatoid arthritis. The results of drug target network using an interconnectivity
network-based approach by MCL revealed that among 196 compositive compounds
of the RM-RK herbal formula, 22 were actively interacted with putative target genes
associated with rheumatoid arthritis. The imbalance multi-level network built by
a union merge of drug target network and disease target network indicated that 8
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RP-RB compositive compounds, 10 known RA therapeutic targets and 15 putative
target genes plays a significant role in the treatment of the rheumatoid arthritis
disease. Gene ontology and KEGG pathway analysis indicated that the majority of
the identified putative target genes were frequently involved in the IL-17 signaling
pathway, TNF signaling pathway, Interleukin-4 and Interleukin-13 signaling, Toll-
like receptor signaling pathway, NF-kappa B signaling pathway which play a role in
the treatment of rheumatoid arthritis. A molecular docking simulation and molec-
ular descriptor analysis indicated that Glyceryl diacetate-2-Oleate (Cpl), Hexade-
canoic acid, 2,3-bis(acetyloxy)propyl ester (Cp3), Glycidyl oleate (Cp5) and Oleoyl
chloride (Cp6) had a high binding affinity with all the major target receptors with
molecular descriptor values showing their drug likeliness properties, hence indicat-
ing their potential as candidate drug compounds for treating rheumatoid arthritis.
The findings of this study provide promising results that could lead us to design
and discover of alternative drug compounds for the management and treatment of
rheumatoid arthritis. Though our approach is a purely in silico method, clinical
experiments are required to test and validate the hypotheses of our computational
methods.

Acknowledgements

The authors acknowledge the support of National Research, Development and Innovation Office, within the
framework of the Artificial Intelligence National Laboratory Programme (MILAB) RRF-2.3.1-21-2022-00004. Project
no. TKP2021-NVA-09, Ministry of Innovation and Technology of Hungary, National Research, Development and
Innovation Office.

Author’s contributions

JD and PJO conceived the idea and formulated the new weighted network centrality measures. AH contributed to
the data collection and curation. PJO analysed the data, implemented the model, computational framework and
methodology, and performed the experiments. All authors discussed the results and contributed to the writing of the
original draft manuscript. All three authors read and approved the final manuscript.

Funding
Not applicable.

Availability of data and materials
The source code and data sets are available at https://github.com/

Declarations
Ethics approval and consent to participate
Not applicable.

Consent for publication
Not applicable.

Competing interests
The authors declare that they have no competing interests.

Author details
Lnstitute of Informatics, University of Szeged, Arpad tér, H-6720, Szeged, Hungry . 2Bénki Faculty, Obuda
University, Bécsi str, 1034 Budapest , Hungry.

References
1. Anderson, J., Caplan, L., Yazdany, J., Robbins, M.L., Neogi, T., Michaud, K., Saag, K.G., O'dell, J.R., Kazi,
S.: Rheumatoid arthritis disease activity measures: American college of rheumatology recommendations for use
in clinical practice. Arthritis care & research 64(5), 640-647 (2012)
2. Smolen, J., Breedveld, F., Schiff, M., Kalden, J., Emery, P., Eberl, G., Van Riel, P., Tugwell, P.: A simplified
disease activity index for rheumatoid arthritis for use in clinical practice. Rheumatology 42(2), 244-257 (2003)
3. Scherer, T.H. Hans Ulrich, Burmester., G.R.: "the etiology of rheumatoid arthritis.”. Journal of autoimmunity
110(102400.) (2020)
4. Li, Y.M.J.H. Ruiqi, Ding., Y.: "nanoengineered therapy aiming at the etiology of rheumatoid arthritis.”. Nano
Today 42(101367.) (2022)
5. Kour, G., Choudhary, R., Anjum, S., Bhagat, A., Bajaj, B.K., Ahmed, Z.: Phytochemicals targeting jak/stat
pathway in the treatment of rheumatoid arthritis: Is there a future? Biochemical Pharmacology, 114929 (2022)

Page 18 of 21



Ochieng et al.

10.
11.
12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24,

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.
36.

37.

38.

Koller, I.C.J.H. Greg, Ye., C.: Reversible alopecia areata: a little known side effect of leflunomide. Clinical
Rheumatology 38(7), 2015-2016 (2019)

Martin, K.M.A.J.H.A.T.E.J.D.B. Richard W., Tellinghuisen., D.J.: "influence of patient characteristics on
perceived risks and willingness to take a proposed anti-rheumatic drug.”. BMC medical informatics and decision
making 13(1.), 1-9 (2013)

Chakravarty, HM.T.P.A.T.R.C.5.0.J.M.M.S.AB. K., Kennedy., T.: "bsr/bhpr guideline for disease-modifying
anti-rheumatic drug (dmard) therapy in consultation with the british association of dermatologists.”.
Rheumatology 47(6), 924-925 (2008)

Kelleni, M.: Potential crucial role of cox-1 and/or cox-2 inhibition, nsaids or aspirin triggered lipoxins and
resolvins in amelioration of covid-19 mortality (2021)

Kapugi, M., Cunningham., K.: " corticosteroids.” . Orthopaedic Nursing 38(5), 336—-339 (2019)

Hodgens, A., Sharman., T.: "corticosteroids.” . In StatPearls [Internet]. StatPearls Publishing (2021)

Grove, A.B.H.E.M.H. M. L., Shadforth., M.F.: "adverse reactions to disease-modifying anti-rheumatic drugs in
clinical practice.” Qjm 94(6), 309-319 (2001)

Hazlewood, B.C.T.G.M.D.D.D.J..B.C. G. S.: Methotrexate monotherapy and methotrexate combination
therapy with traditional and biologic disease modifying anti-rheumatic drugs for rheumatoid arthritis: a network
meta?analysis. Cochrane Database of Systematic Reviews 8 (2016)

Téth, L., Juhdsz, M.F., Szabé, L., Abada, A., Kiss, F., Hegyi, P., Farkas, N., Nagy, G., Helyes, Z.: Janus kinase
inhibitors improve disease activity and patient reported outcomes in rheumatoid arthritis: A systematic review
and meta-analysis of 24,135 patients. International Journal of Molecular Sciences 23(3), 1246 (2022)

Dogan, Z., Telli, G., Tel, B.C., Saracoglu, |.: Scutellaria brevibracteata stapf and active principles with
anti-inflammatory effects through regulation of nf-kb/cox-2/inos pathways. Fitoterapia 158, 105159 (2022)
Weyand, C.M., Goronzy, J.J.: The immunology of rheumatoid arthritis. Nature immunology 22(1), 10-18
(2021)

Chothani, M.B.P.S.H.M. Daya L., Vaghasiya., H.U.: Review on ruellia tuberosa (cracker plant). Pharmacognosy
Journal 2(no. 12), 506-512 (2010)

Arirudran, S.A..K.V. B.: Antimicrobial activity of ruellia tuberosa |.(whole plant). Pharmacognosy journal
3(23), 91-95 (2011)

Yuan, C., Wang, M.-H., Wang, F., Chen, P.-Y., Ke, X.-G., Yu, B., Yang, Y.-F., You, P.-T., Wu, H.-Z.: Network
pharmacology and molecular docking reveal the mechanism of scopoletin against non-small cell lung cancer.
Life sciences 270, 119105 (2021)

Yu, G., Wang, W., Wang, X., Xu, M., Zhang, L., Ding, L., Guo, R., Shi, Y.: Network pharmacology-based
strategy to investigate pharmacological mechanisms of zuojinwan for treatment of gastritis. BMC
Complementary and Alternative Medicine 18(1), 1-12 (2018)

Zhou, Z., Chen, B., Chen, S., Lin, M., Chen, Y., Jin, S., Chen, W., Zhang, Y.: Applications of network
pharmacology in traditional chinese medicine research. Evidence-Based Complementary and Alternative
Medicine 2020 (2020)

Wan, Y., Xu, L., Liu, Z., Yang, M., Jiang, X., Zhang, Q., Huang, J.: Utilising network pharmacology to explore
the underlying mechanism of wumei pill in treating pancreatic neoplasms. BMC Complementary and Alternative
Medicine 19(1), 1-12 (2019)

Xin, W., Zi-Yi, W., Zheng, J.-H., Shao, L.: Tcm network pharmacology: A new trend towards combining
computational, experimental and clinical approaches. Chinese Journal of Natural Medicines 19(1), 1-11 (2021)
Nogales, C., Mamdouh, Z.M., List, M., Kiel, C., Casas, A.l., Schmidt, H.H.: Network pharmacology: curing
causal mechanisms instead of treating symptoms. Trends in pharmacological sciences (2021)

Niu, W.-h., Wu, F., Cao, W.-y., Wu, Z.-g., Chao, Y.-C., Peng, F., Liang, C.: Network pharmacology for the
identification of phytochemicals in traditional chinese medicine for covid-19 that may regulate interleukin-6.
Bioscience reports 41(1) (2021)

Wachi, S., Yoneda, K., Wu, R.: Interactome-transcriptome analysis reveals the high centrality of genes
differentially expressed in lung cancer tissues. Bioinformatics 21(23), 4205-4208 (2005)

Reia, S.M., Herrmann, S., Fontanari, J.F.: Impact of centrality on cooperative processes. Physical Review E
95(2), 022305 (2017)

OZgﬂr, A., Vu, T., Erkan, G., Radev, D.R.: Identifying gene-disease associations using centrality on a literature
mined gene-interaction network. Bioinformatics 24(13), 277-285 (2008)

Rodrigues, F.A., Peron, T.K.D., Ji, P., Kurths, J.: The kuramoto model in complex networks. Physics Reports
610, 1-98 (2016)

Brandes, U.: A faster algorithm for betweenness centrality. Journal of mathematical sociology 25(2), 163-177
(2001)

Dérpinghaus, J., Weil, V., Diiing, C., Sommer, M.W.: Centrality measures in multi-layer knowledge graphs.
arXiv preprint arXiv:2203.09219 (2022)

Ficara, A., Fiumara, G., Meo, P.D., Liotta, A.: Correlation analysis of node and edge centrality measures in
artificial complex networks. In: Proceedings of Sixth International Congress on Information and Communication
Technology, pp. 901-908 (2022). Springer

Kim, S., Thiessen, P.A., Bolton, E.E., Chen, J., Fu, G., Gindulyte, A., Han, L., He, J., He, S., Shoemaker,
B.A., et al.: Pubchem substance and compound databases. Nucleic acids research 44(D1), 1202-1213 (2016)
Allen, F.H., Motherwell, W.S.: Applications of the cambridge structural database in organic chemistry and
crystal chemistry. Acta Crystallographica Section B: Structural Science 58(3), 407422 (2002)

Ayers, M.: Chemspider: the free chemical database. Reference Reviews (2012)

Amberger, J.S., Bocchini, C.A., Scott, A.F., Hamosh, A.: Omim. org: leveraging knowledge across
phenotype—gene relationships. Nucleic acids research 47(D1), 1038-1043 (2019)

Wishart, Y.D.F.A.C.G.E.J.LLAM.J.R.G.T.S.e.a. David S.: "drugbank 5.0: a major update to the drugbank
database for 2018. Nucleic acids research . 46(no. D1), 1074-1082 (2018)

Chen, J.Y., Mamidipalli, S., Huan, T.: Happi: an online database of comprehensive human annotated and

Page 19 of 21



Ochieng et al.

39.

40.

41.

42.

43.

44,

45.

46.

47.

48.

49.

50.

51.

52.

53.

54.

55.

56.

57.

58.

59.

60.

61.

62.

63.

64.

65.

66.

67.

predicted protein interactions. BMC genomics 10(1), 1-11 (2009)

Fabregat, S.J.L.M.K.S.M.G.P.G.R.H.e.a. Antonio: "the reactome pathway knowledgebase.”. Nucleic acids
research (D649-D655.) (2018)

Brown, K.R., Jurisica, |.: Online predicted human interaction database. Bioinformatics 21(9), 2076—-2082
(2005)

Goel, R., Harsha, H., Pandey, A., Prasad, T.K.: Human protein reference database and human proteinpedia as
resources for phosphoproteome analysis. Molecular BioSystems 8(2), 453-463 (2012)

Ceol, A., Chatr Aryamontri, A., Licata, L., Peluso, D., Briganti, L., Perfetto, L., Castagnoli, L., Cesareni, G.:
Mint, the molecular interaction database: 2009 update. Nucleic acids research 38(suppl-1), 532-539 (2010)
Salwinski, L., Miller, C.S., Smith, A.J., Pettit, F.K., Bowie, J.U., Eisenberg, D.: The database of interacting
proteins: 2004 update. Nucleic acids research 32(suppl-1), 449-451 (2004)

Vlasblom, J., Wodak, S.J.: Markov clustering versus affinity propagation for the partitioning of protein
interaction graphs. BMC bioinformatics 10(1), 1-14 (2009)

Rani, R.R., Ramyachitra, D., Brindhadevi, A.: Detection of dynamic protein complexes through markov
clustering based on elephant herd optimization approach. Scientific reports 9(1), 1-18 (2019)

Xin, Z., Cai, Y., Dang, L.T., Burke, H., Revote, J., Charitakis, N., Bienroth, D., Nim, H.T., Li, Y.-F.,
Ramialison, M.: Monago: A novel gene ontology enrichment analysis visualisation system. BMC bioinformatics
23(1), 1-16 (2022)

Wu, B., Dou, G., Zhang, Y., Wang, J., Wang, X., Jiang, S., Zhong, S., Ren, J., Zhang, Z., Li, J., et al.:
Identification of key pathways and genes in vestibular schwannoma using bioinformatics analysis. Experimental
and Therapeutic Medicine 23(3), 1-11 (2022)

Patil, R., Chikhale, R., Khanal, P., Gurav, N., Ayyanar, M., Sinha, S., Prasad, S., Dey, Y.N., Wanjari, M.,
Gurav, S.S.: Computational and network pharmacology analysis of bioflavonoids as possible natural antiviral
compounds in covid-19. Informatics in medicine unlocked 22, 100504 (2021)

Dennis, G., Sherman, B.T., Hosack, D.A., Yang, J., Gao, W., Lane, H.C., Lempicki, R.A.: David: database for
annotation, visualization, and integrated discovery. Genome biology 4(9), 1-11 (2003)

Kanehisa, M., Goto, S.: Kegg: kyoto encyclopedia of genes and genomes. Nucleic acids research 28(1), 27-30
(2000)

Bitencourt-Ferreira, G., Pintro, V.O., Azevedo, W.F.d.: Docking with autodock4. In: Docking Screens for Drug
Discovery, pp. 125-148. Springer, 777 (2019)

Bittrich, S., Rose, Y., Segura, J., Lowe, R., Westbrook, J.D., Duarte, J.M., Burley, S.K.: Rcsb protein data
bank: improved annotation, search and visualization of membrane protein structures archived in the pdb.
Bioinformatics 38(5), 1452-1454 (2022)

Rose, Y., Duarte, J.M., Lowe, R., Segura, J., Bi, C., Bhikadiya, C., Chen, L., Rose, A.S., Bittrich, S., Burley,
S.K., et al.: Resb protein data bank: architectural advances towards integrated searching and efficient access to
macromolecular structure data from the pdb archive. Journal of molecular biology 433(11), 166704 (2021)
Trott, O., Olson, A.J.: Autodock vina: improving the speed and accuracy of docking with a new scoring
function, efficient optimization, and multithreading. Journal of computational chemistry 31(2), 455461 (2010)
Ferreira, L.G., Dos Santos, R.N., Oliva, G., Andricopulo, A.D.: Molecular docking and structure-based drug
design strategies. Molecules 20(7), 13384-13421 (2015)

Ledo, R.P., Cruz, J.V,, da Costa, G.V., Cruz, J.N., Ferreira, E.F., Silva, R.C., de Lima, L.R., Borges, R.S.,
Dos Santos, G.B., Santos, C.B.: Identification of new rofecoxib-based cyclooxygenase-2 inhibitors: A
bioinformatics approach. Pharmaceuticals 13(9), 209 (2020)

Khursheed, A., Jain, V., Rasool, A., Rather, M.A., Malik, N.A., Shalla, A.H.: Molecular scaffolds from mother
nature as possible lead compounds in drug design and discovery against coronaviruses: A landscape analysis of
published literature and molecular docking studies. Microbial Pathogenesis 157, 104933 (2021)

Goddard, T.D., Huang, C.C., Ferrin, T.E.: Software extensions to ucsf chimera for interactive visualization of
large molecular assemblies. Structure 13(3), 473-482 (2005)

Raucci, F., Saviano, A., Casillo, G.M., Guerra-Rodriguez, M., Mansour, A.A., Piccolo, M., Ferraro, M.G.,
Panza, E., Vellecco, V., Irace, C., et al.: lI-17-induced inflammation modulates the mpges-1/ppar-+y pathway in
monocytes/macrophages. British Journal of Pharmacology 179(9), 1857-1873 (2022)

Chen, D.-Y., Lin, C.-H., Chen, H.-H., Tang, K.-T.: Association of tumor necrosis factor-« inhibitors and liver
cirrhosis in patients with rheumatoid arthritis: A nationwide population-based nested case-control study.
International journal of rheumatic diseases (2022)

Cao, J., Ni, Y., Zhang, H., Ning, X., Qi, X.: Inhibition of kruppel-like factor 7 attenuates cell proliferation and
inflammation of fibroblast-like synoviocytes in rheumatoid arthritis through nf-xb and mapk signaling pathway.
Experimental Animals, 21-0200 (2022)

Skrzypkowska, M., Stasiak, M., Sakowska, J., Chmiel, J., Maciejewska, A., Buciriski, A., Stomirski, B.,
Trzonkowski, P., Luczkiewicz, P.: Cytokines and chemokines multiplex analysis in patients with low disease
activity rheumatoid arthritis. Rheumatology International 42(4), 609-619 (2022)

Koper-Lenkiewicz, O.M., Sutkowska, K., Wawrusiewicz-Kurylonek, N., Kowalewska, E., Matowicka-Karna, J.:
Proinflammatory cytokines (il-1,-6,-8,-15,-17,-18,-23, tnf-) single nucleotide polymorphisms in rheumatoid
arthritisa literature review. International Journal of Molecular Sciences 23(4), 2106 (2022)

Swain, N., Tripathy, A., Padhan, P., Raghav, S.K., Gupta, B.: Toll-like receptor-7 activation in cd8+ t cells
modulates inflammatory mediators in patients with rheumatoid arthritis. Rheumatology International, 1-11
(2022)

Cheng, H., Guo, P., Su, T., Jiang, C., Zhu, Z., Wei, W., Zhang, L., Wang, Q.: G protein-coupled receptor
kinase type 2 and (-arrestin2: Key players in immune cell functions and inflammation. Cellular Signalling,
110337 (2022)

de Freitas, R.A., Lima, V.V., Bomfim, G.F., Giachini, F.R.: Interleukin-10 in the vasculature: Pathophysiological
implications. Current Vascular Pharmacology (2022)

Bridgewood, C., Wittmann, M., Macleod, T., Watad, A., Newton, D., Bhan, K., Amital, H., Damiani, G.,

Page 20 of 21



Ochieng et al.

68.

69.

70.

71.

72.

73.

74.

75.

76.

77.

78.

Giryes, S., Bragazzi, N.L., et al.: Th2 il-4/il-13 dual blockade with dupilumab is linked to some emergent th17
type diseases including seronegative arthritis, enthesitis/enthesopathy, but not humoral autoimmune diseases.
Journal of Investigative Dermatology (2022)

Zhang, M.-Q., Wilkinson, B.: Drug discovery beyond the rule-of-five. Current opinion in biotechnology 18(6),
478-488 (2007)

Xu, Y., Al-Mualm, M., Terefe, E.M., Shamsutdinova, M.l., Opulencia, M.J.C., Alsaikhan, F., Jalil, A.T.,
Hammid, A.T., Enayati, A., Mirzaei, H., et al.: Prediction of covid-19 manipulation by selective ace inhibitory
compounds of potentilla reptant root: In silico study and admet profile. Arabian Journal of Chemistry, 103942
(2022)

Francis, P., Chakraborty, K.: Undescribed anti-inflammatory thalysiaketides from marine sponge clathria
(thalysias) vulpina (lamarck, 1814). Chemistry & biodiversity (2022)

Ertl, P., Rohde, B., Selzer, P.: Fast calculation of molecular polar surface area as a sum of fragment-based
contributions and its application to the prediction of drug transport properties. Journal of medicinal chemistry
43(20), 3714-3717 (2000)

Hamri, S., Bouchaour, T., Lerari, D., Bouberka, Z., Supiot, P., Maschke, U.: Cleaning of wastewater using
crosslinked poly (acrylamide-co-acrylic acid) hydrogels: Analysis of rotatable bonds, binding energy and
hydrogen bonding. Gels 8(3), 156 (2022)

Veber, D.F., Johnson, S.R., Cheng, H.-Y., Smith, B.R., Ward, K.W., Kopple, K.D.: Molecular properties that
influence the oral bioavailability of drug candidates. Journal of medicinal chemistry 45(12), 2615-2623 (2002)
Newaz, K.: Novel Network Science Approaches for a Better Understanding of Protein Folding and Human
Aging. University of Notre Dame, 777 (2022)

Zhao, Z., Wang, L., Zhang, M., Zhou, C., Wang, Y., Ma, J., Fan, Y.: Reveals of quercetins therapeutic effects
on oral lichen planus based on network pharmacology approach and experimental validation. Scientific Reports
12(1), 1-13 (2022)

Lannes-Vieira, J.: Multi-therapeutic strategy targeting parasite and inflammation-related alterations to improve
prognosis of chronic chagas cardiomyopathy: a hypothesis-based approach. Memdrias do Instituto Oswaldo
Cruz 117 (2022)

Chaudhary, N., Thakur, H.K., Dwivedi, R.: An ensemble model to optimize modularity in dynamic bipartite
networks. International Journal of System Assurance Engineering and Management, 1-13 (2022)

Guo, K., Huang, X., Wu, L., Chen, Y.: Local community detection algorithm based on local modularity density.

Applied Intelligence 52(2), 1238-1253 (2022)

Additional Files

Additional file 1 —Data

This file contains the data for for the Ruellia prostrata and Ruellia bignoniiflora chemical compounds, putative
target genes and know rheumatoid arthritis targets used for network construction.

Additional file 2 —Supplementary results
This file contains additional results for network analysis and Gene Ontology and Pathway analysis and molecular
docking simulation.

Additional file 3 —Figures
This file contains list of figure used presented in this article.

Page 21 of 21



Supplementary Files

This is a list of supplementary files associated with this preprint. Click to download.

» AdditionalFiles.zip


https://assets.researchsquare.com/files/rs-1794110/v1/acd14b7564191310c4e095c1.zip

	Abstract

