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Abstract: This study utilised computational analysis to investigate the therapeutic potential of phloroglucinol against 

rheumatoid arthritis (RA).  The Differentially expressed genes were identified from the GEO dataset GSE1919 and 

RA-associated targets were retrieved from the Comparative Toxicogenomics Database (CTD). By comparing these 

datasets, we identified 17 overlapping targets using a Venn diagram.  Then, the top five genes are identified using 

Cytoscape and CytoHubba plugin. Gene Ontology and KEGG pathway enrichment analyses revealed involvement 

of these targets in inflammatory signalling.  The ADME analysis through the QikProp module demonstrated 

favourable pharmacokinetic properties, including a molecular weight of 126.112 Da, QPlogPo/w of -0.020, oral 

bioavailability of 70.508% and no violation of Lipinski's Rule of Five. The molecular docking analysis indicated 

moderate binding affinities with key inflammatory proteins such as IL6 (-3.583) IL-10 (-2.735), IL-1β (-3.764), ICAM1 

(-2.890), and TNF-α. (-4.568). The phloroglucinol-TNF-α complex was subjected to 500 ns molecular dynamics 

simulation, which confirmed structural stability as evidenced by RMSD values and preserved secondary structure 

throughout the simulation. These findings identify phloroglucinol as a promising natural small-molecule with TNF-α 

as its primary molecular target.  

Keywords: Rheumatoid Arthritis, Phloroglucinol, Network Pharmacology, Molecular Docking, Molecular Dynamics 

Simulation, TNF-Α, Anti-Inflammatory. 

 

1. Introduction 

Rheumatoid arthritis (RA) is a chronic 

autoimmune disease and driven by the activation of pro-

inflammatory cytokines, which cause synovial 

inflammation and joint destruction [1-3]. The progression 

of the disease is driven by activation of inflammatory 

cytokines, which coordinate downstream signalling 

within the synovium. The activation of macrophages and 

synoviocytes leads to the release of TNF-α, IL-1β, and 

IL-6, which amplify downstream signalling through NF-

κB and JAK/STAT pathways. As a result, they promote 

metalloproteinase expression, osteoclast activation, 

angiogenesis, and immune cell infiltration, ultimately 

leading to cartilage degradation  [4].  

The current therapies such as disease-

modifying antirheumatic drugs (DMARDs) target these 

cytokines and have proven improved outcomes. These 

therapies are suboptimal due to limitations such as high 

cost, parenteral administration, infection risk, 

immunogenicity, and incomplete response, which 

remain a major challenge.  These challenges support the 

search for novel small molecules that are capable of 

modulating the inflammatory pathway.  The natural 

products and phytochemicals have also become 

significant in the identification of anti-inflammatory multi-

target compounds with improved safety profiles [5, 6].  

Phloroglucinol (1,3,5-trihydroxybenzene), a low 

molecular weight polyphenolic compound found in 

marine algae and medicinal plants, possesses 

https://doi.org/10.54392/irjmt2637
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antioxidant and anti-inflammatory properties [7, 8]. Its 

unique properties, such as aromatic structure and 

multiple hydroxyl groups, make it an excellent scaffold 

for modulating inflammatory signals. Previous studies 

have demonstrated its biocompatibility in wound healing 

models where phloroglucinol-based hydrogels and 

found significant anti-bacterial activity and lower 

cytotoxicity against human keratinocytes [9]. Similarly, 

phloroglucinol extracted from Rosenvingea intricate is 

incorporated with PEGylated zinc oxide nanoparticles 

was tested against A549 lung cancer cells for enhanced 

therapeutic efficacy. The results exhibited that it induced 

apoptosis and cell cycle arrest against lung cancer cells 

indicating bioactivity and delivery efficiency [10]. These 

findings demonstrate that phloroglucinol exhibits 

potential therapeutic efficacy when structurally optimized 

or formulated. Phenolic compounds have been reported 

that it modulate NF-κB signalling and cytokine 

expression, which may upregulate the inflammatory 

regulators [11, 12]. However, the direct molecular 

interaction with RA-associated inflammatory networks 

remains unexplored.  

 RA is not activated by a single cytokine, but 

rather by an interconnected signalling network involving 

immune cell activation and downstream pathways [13]. 

Usually, the single-target inhibitors fail due to this and 

compounds that are capable of including multiple targets 

have significant application. Therefore, identifying hub 

genes and validating structural interactions with 

inflammatory proteins are critical in determining whether 

phloroglucinol exerts profound effects within RA-relevant 

signalling pathways [14]. 

In our study, we used a combined system of 

computation (Bioinformatics analysis of the RA-related 

gene expression data and network pharmacology to 

identify the phloroglucinol targets), molecular docking 

analysis to determine the binding affinity of the 

phloroglucinol-target complex to key inflammatory 

proteins, ADME to predict the drug-like characteristics of 

phloroglucinol, and molecular dynamics (MD) 

simulations to confirm the binding stability of the most 

promising phloroglucinol-target complex. This 

integrative strategy is to determine sustainable 

molecular targets of phloroglucinol to RA pathogenesis. 

 

2.Materials and Methods  

2.1 Data Set Retrieval  

The gene expression dataset GSE1919, was 

retrieved from the Gene Expression Omnibus (GEO) 

database (https://www.ncbi.nlm.nih.gov/geo/). This 

public repository contains high-throughput gene 

expression data generated using microarray and next-

generation sequencing platforms. This study selected  

GSE1919 because it contains gene expression for RA 

patients and healthy controls, analysed using the 

Affymetrix Human Genome U95A Array (GPL91 

platform). The data consisted of synovial tissue samples 

from RA patients (n = 5) and healthy controls (n = 5) [15, 

16]. This study included pretreatment samples and post 

treatment or therapy resistant samples were not 

included. 

 

2.2 Pre-processing and Normalization of 

Microarray Data 

The normalization was performed using Robust 

Multi-array Average (RMA) method implemented in R 

software (version 2.6.0) to ensure data comparability 

and technical variation. The RMA methods include 

background correction, quantile normalization, and log2 

transformation of probe intensities. Through this 

procedure, the expression values across samples are 

standardized and batch-related biases. 

 

2.3 Identification of Differentially Expressed 

Genes (DEGs) 

DEGs analysis between RA and the healthy 

samples was performed using GEO2R, which applied 

limma (Linear Models for Microarray Data) statistical 

framework. To perform statistical analysis, the Benjamini 

and Yekutieli correction was used to regulate the false 

discovery rate (FDR). The genes that obtained an 

adjusted p-value (Padj) below 0.05 and an absolute log2 

fold change (|log2FC|)≥1 were viewed as significantly 

differentially expressed. The distribution of upregulated 

and downregulated genes was visualized using a 

volcano plot, where statistical significance (−log10 p-

value) was plotted against fold change (log2FC). The list 

of significant DEGs was downloaded from GEO2R for 

subsequent analyses. 

 

2.4 RA-Associated Target Identification 

The Comparative Toxicogenomics Database 

(CTD) was also acquired to analyse RA-associated gene 

targets. The DEGs obtained from GSE1919 were 

intersected with RA-associated genes from CTD using 

FunRich software (version 3.1.3). A Venn diagram was 

generated to visualize overlapping genes, which were 

considered RA-relevant candidate targets for network 

construction and enrichment analyses. 

 

2.5 Protein-Protein Interaction Network 

Analysis 

The overlapping genes were integrated into the 

STITCH database (http://stitch-db.org/) to examine the 

predicted protein-protein interactions [16, 17]. Then the 

interaction networks were exported and visualized in 

Cytoscape software (v3.5.1). Analysis of network 

topology was conducted with CytoHubba plugin when 

hub genes were rated by five centrality measures 

including degree, betweenness, radiality, bottleneck and 

https://www.ncbi.nlm.nih.gov/geo/
http://stitch-db.org/
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maximum clique centrality (MCC). The highest-ranking 

genes of these algorithms were taken to the analysis. 

 

2.6 Functional Annotation Analysis 

The functional enrichment analysis was 

performed using the Enrichr web tool to explore the 

biological relevance of the identified RA-associated 

target genes (https://maayanlab.cloud/Enrichr/). The 

diverse collection of gene set libraries is integrated in 

Enrichr, which applies statistical algorithms to identify 

significant biological terms. The gene ontology (GO) 

enrichment analysis is conducted on three categories, 

Biological Process, Cellular Component and Molecular 

Function [17]. The enrichment significance was 

calculated using the Fisher exact test, and p-values were 

adjusted for multiple testing using the Benjamini–

Hochberg method to control the false discovery rate 

(FDR). GO terms with an adjusted p-value < 0.05 were 

considered statistically significant. Kyoto Encyclopedia 

of Genes and Genomes (KEGG) pathway enrichment 

analysis was subsequently performed using the same 

gene set. Pathways with an adjusted p-value < 0.05 and 

containing at least three enriched genes were 

considered significantly enriched. The top enriched GO 

terms and KEGG pathways were visualized using 

bubble charts and bar plots to represent enrichment 

significance and gene count distribution. 

 

2.7 In Silico Pharmacological Analysis 

2.7.1 ADME Properties Prediction 

Pharmacokinetic and drug-likeness profiles of 

phloroglucinol were identified by Glide-XP screening and 

assessed with the help of Schrödinger's QikProp 

module. This in silico program estimates 

pharmaceutically relevant physicochemical properties 

and ADME (Absorption, Distribution, Metabolism, and 

Excretion) parameters for organic molecules. The study 

involves 35 most important descriptors such as central 

nervous system activity, blood-brain barrier permeation, 

Madin-Darby Canine Kidney (MDCK) cell permeability, 

and oral bioavailability in human beings [18]. 

 

2.7.2 Molecular Docking Analysis 

The interactions of phloroglucinol and the major 

inflammatory proteins in RA studied through molecular 

docking to determine the binding interactions [19]. The 

crystal structure of IL-10 (PDB ID: 1Y6K), IL-6 (PDB ID: 

7PHS), IL-1β (PDB ID: 1ITB), ICAM1 (PDB ID:  1IAM), 

and TNF-α (PDB ID: 5MU8) were obtained at the Protein 

Data Bank (https://www.rcsb.org/). Structures were 

prepared in Protein Prep Wizard, Maestro v14.1 

(Schrodinger Suite 2024-3) using the resolutions of 2.52 

Å, 2.77 Å, 1.63 Å, 1.65 Å, and 3.00 Å, which determined 

the structures. The co-crystallized ligands and 

heteroatoms were eliminated, the hydrogen atoms 

absent were inserted, and crystallographic water 

molecules further than 5.0 Å of the active site were 

erased. The refinement of the structures was performed 

at pH 7.0 by using the PROPKA program, and the 

energy was minimized with an RMSD cutoff of 0.30 Å by 

the OPLS4 force field. The phloroglucinol (CID: 359) was 

retrieved in SDF format in PubChem database and was 

prepared with the LigPrep module v7.1 of the 

Schrodinger Suite. The OPLS4 force field was used to 

optimize and minimise energy of the ligand. Epik was 

used to form ionization and tautomeric states at PH 7.0 

+2.0 with maximum favourable conformer to dock. 

The siteMap module of Schrodinger was used to 

predict active binding sites of the selected receptors. 

The dimensions of the receptor grid were 32 Å × 32 Å × 

32 Å (1Y6K), 25 Å × 25 Å × 25 Å (7PHS), 29 Å × 29 Å × 

29 Å (1ITB), 32 Å × 32 Å × 32 Å (1IAM), and 21 Å × 21 

Å × 21 Å (5MU8). The Glide module v10.4 was used in 

Extra Precision (XP) mode to perform molecular 

docking, to determine the ideal binding pose of 

phloroglucinol in the receptor active sites. Hydrogen 

bonds, hydrophobic and electrostatic interactions were 

analyzed, as well as identified amino acid residues that 

were important in binding the ligands in the docked 

complexes. 

 

2.7.3  Molecular Dynamics Simulation 

Stability of the docked receptor-ligand 

complexes was evaluated by the use of MD simulations, 

which were done using the Desmond module v7.9 in the 

Schrodinger Suite 2024-3 [20]. The solvation of the 

simulation system was made with the SPC water model 

on the orthorhombic box of 10 × 10 × 10 Å. The OPLS4 

force field was used to minimize the potential energy by 

neutralizing and minimizing the system. The simulations 

were conducted in terms of NPT ensemble at 300 K and 

1.01325 bars of pressure. All simulations were 500 ns 

long, and trajectories were recorded at 100ps intervals, 

forming a 1000-frame trajectory. Dynamics and stability 

of each interaction between the protein and the ligand 

were examined using Desmond Simulation Interaction 

Diagram and centred on Root Mean Square Deviation 

(RMSD) and Root Mean Square Fluctuation (RMSF) of 

both protein and ligand at each time level based on the 

analysis. 

 

3.Results and Discussion  

3.1 Identification of Potent Targets Associated 

with Phloroglucinol from GSE Datasets 
This study utilized the RA dataset GSE1919 

obtained from GEO database. A volcano plot (Figure 1a) 

was illustrated to express the DEGs, which highlight the 

key transcriptional changes associated with RA. The 

volcano plot showed both statistical significance and 

fold-change, helping distinguish gene expression 

changes from noise. Only strongly expressed genes 

https://maayanlab.cloud/Enrichr/
https://www.rcsb.org/
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were taken forward for further analysis [21]. The 

activation of inflammatory signalling pathways between 

normal and RA  was further validated by a heat map of 

genes, as shown in Figure 1b. The RA- associated 

genes were retrieved from CTD, while DEGs were 

obtained from GEO datasets. These two gene sets were 

compared and visualized using a Venn diagram (Figure. 

1c), revealing 17 overlapping targets such as GADD45A, 

CDKN1A, MMP3, NFKB, MCP-1, ICAM1, VCAM1, IL6, 

COX2, ERK1, JNK, AP1, IL10, IL1B, IL8, TNFAIP3, and 

TNF. Notably, the overlapping genes provide key 

mediators of inflammatory signalling, including pro-

inflammatory cytokines, matrix-degrading enzymes and 

transcriptional regulators. Collectively, this multifaceted 

molecular dysregulation characterizes RA and provides 

a well-justified target for evaluating the therapeutic 

potential of phloroglucinol [22]. However, it is important 

to acknowledge that the present study was limited to only 

two databases, namely GEO and CTD, for target 

identification. 

 

3.2 Pharmacological Networking of 

Phloroglucinol  

The protein-protein interaction analysis was 

performed using STITCH database to validate the 17 

potential targets (Figure 2a).  The network analysis 

revealed an interconnected architecture, suggesting that 

phloroglucinol does not act through a single molecular 

target but rather modulates a coordinated network of 

functionally related proteins [23]. These targets are 

imported into Cytoscape to illustrate the interaction 

network. The CytoHubba plugin was applied to 

determine the key regulatory nodes within the network. 

Multiple topological parameters, including degree, 

betweenness centrality, radiality, maximal clique 

centrality (MCC), and bottleneck score, were evaluated 

to select the top 5 genes (Table 1). The integration of 

multiple centrality measures ensured unbiased 

identification of hub genes based on topological 

parameter may overlook nodes that functionally have 

modest connectivity scores [24]. The network 

visualization (Circular form) and topological analysis 

identified the most significant hub genes within the 

interaction network (Figure 2b and 2c). The top 5 targets, 

including ICAM1, IL-6, IL-10, IL-1β, and TNF-α is shown 

in Figure 2d. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 1. (a) Volcano plot showing DEGs in the GSE1919 dataset comparing normal samples and RA samples 

(adjusted p < 0.05). (b) Heat map illustrating the expression profile of genes from the hallmark inflammatory 

response gene set across normal and RA samples. (c) Venn diagram showing the overlap between DEGs from 

GSE1919 and RA-associated genes retrieved from the CTD. 

Table 1. Network topology analysis of core hub genes 

Top Genes Radiality Stress Degree Bottleneck 

TNF 2.775 2820 27 28 

IL6 2.575 840 19 7 

IL10 2.375 374 16 8 

IL1B 2.500 596 16 8 

ICAM1 2.450 716 14 6 
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Figure 2. (a) Protein–protein interaction (PPI) network constructed using the STRING database. (b) Network 

visualization generated using Cytoscape software. (c) Hub gene identification using multiple topological parameters 

analyzed in CytoHubba. (d) Visualization of hub genes based on degree ranking in the PPI network.

3.3 Phloroglucinol-Related Functional 

Annotations  

The Figure 3a presents the results of GO as 

bubble chart, highlighting the top five enriched terms 

across three GO categories: biological process (BP), 

cellular component (CC), and molecular function (MF). 

In the CC category, the enriched genes were primarily 

associated with subcellular structures such as 

podosomes, microvilli, and early endosomes, 

suggesting their involvement in cytoskeletal 

organization, membrane dynamics, and intracellular 

signalling. Podosomes are highly dynamic actin-rich 

structures implicated in cell adhesion, migration, and 

matrix degradation, and their dysregulation has been 

closely linked to inflammatory cell invasion and tissue 

remodelling in conditions such as RA [25]. The 

association with microvilli and early endosomes further 

suggests that the identified targets play important roles 

in membrane signalling and receptor internalization [26].  

 In the MF category, significant enrichment was 

observed in protein kinase regulator activity, ubiquitin 

protein-ligase activity, and kinase binding, indicating 

regulatory roles in signal transduction and post-

translational modification pathways.  

Further pathway-level interpretation was 

obtained through KEGG enrichment analysis (Figure 

3b). The identified targets were significantly enriched in 

pathways related to RA, TNF signalling, and other 

inflammatory signalling cascades. Notably, several 

genes were also enriched in cancer-associated 

pathways, reflecting shared molecular mechanisms 

between chronic inflammation and tumorigenesis. This 

overlap is biologically coherent, as chronic inflammation 

is now widely recognized as a critical hallmark of cancer, 

with sustained inflammatory signalling [27]. The pathway 

enrichment analysis was performed using Gene Set 

Enrichment Analysis (GSEA) to validate further (Figure 

3c). The plots showed significant enrichment of hallmark 

inflammatory response and TNF-α signalling via NF-κB 

pathways in RA samples compared with normal controls. 

Additionally, cytokine–cytokine receptor interaction and 

PI3K–AKT–mTOR signalling pathways were enriched. 

This indicates coordinated activation of pro-inflammatory 

and survival signalling cascades [28]. 
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Figure 3. (a) GO enrichment analysis depicting the distribution of differentially expressed genes across biological 

process, cellular component, and molecular function categories. (b) KEGG pathway enrichment analysis illustrating 

the top-enriched signalling pathways associated with the identified differentially expressed genes. (c) GSEA plots 

showing the enrichment profiles of hallmark inflammatory response, TNF-α signaling via NF-κB, cytokine–cytokine 

receptor interaction, and PI3K–AKT–mTOR signaling pathways in RA samples compared with normal controls 

3.4 ADME Properties of Phloroglucinol 

The ADME analysis via QikProp module of 

Schrodinger accessed the potential of phloroglucinol as 

a therapeutic drug. The results showed that the 

molecular weight of the compound was 126.112 Da. 

Compounds with lower molecular weights generally 

exhibit faster absorption, better tissue penetration, and 

reduced efflux-mediated resistance, which are 

pharmacologically advantageous characteristics [29]. 

Phloroglucinol showed moderate lipophilicity 

with a QPlogPo/w of -0.020. Excessively lipophilic 

compounds tend to accumulate in fatty tissues and 

exhibit poor aqueous solubility, whereas overly 

hydrophilic compounds struggle to permeate biological 

membrane [30]. The aqueous solubility (QPlogS) was -

0.362, indicating good solubility at physiological 

conditions. In terms of absorption properties, the 

QPPCaco cell permeability was 275.662 nm/sec, which 

shows good intestinal absorption. The oral bioavailability 

of phloroglucinol was estimated to be 70.508. This 

indicates that phloroglucinol has a moderate oral 

bioavailability. Its ability to passively diffuse into the 

membrane is further supported by the MDCK cell 

permeability (QPPMDCK) of 122.875 nm/sec. 

The distribution showed QPlogBB of -0.868, 

which implied that there was limited but significant blood-

brain barrier penetration. The central nervous system 

(CNS) activity score was found to be -1, indicating low 

activity in the central nervous system. This suggests that 

phloroglucinol is unlikely to exert significant central 

nervous system effects [31]. The skin permeability 

coefficient (QPlogKp) was -3.768 cm/hour, showing the 

characteristic of hydrophilic compounds. The drug-

likeness analysis demonstrated no violation to the Rule 

of Five and rule of Lipinski. This further supported the 

excellent drug-like properties of the phloroglucinol. 

Additionally, it has three hydrogen bond donors and 

2.250 hydrogen bonds acceptors, which are within limits 

that allow an ideal bioavailability orally. It is important to 

note that the compound has zero rotatable bonds (#rotor 

= 0), which means that the structure is rigid and might 

add specificity to binding, as shown in Table 2. 
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3.5 Molecular Docking  

Phloroglucinol had a moderate binding 

specificity on the five inflammatory proteins targets such 

as  IL-10, IL-6, IL-1ꞵ , ICAM, with docking scores of 

between -2.735 to -4.568 kcal/mol (Figure 4 and Table 

3).  

Among the evaluated targets, TNF-α exhibited 

strongest interaction with phloroglucinol having the 

docking scores of −4.568 kcal/mol and an MM-GBSA 

binding energy of −24.06 kcal/mol. This complex was 

stabilized by 3 hydrogen bonds, including ASP140, 

PRO20 and ALA22. Additionally, other hydrophobic & 

polar residues such as LEU142, PHE144, PRO139, 

GLN21, ASN19, GLN25, GLU23 were also contributed. 

The presence of multiple hydrogen bonds and 

supporting non-covalent interactions suggests moderate 

stabilization within the TNF-α binding region [32]. 

Likewise, the phloroglucinol and IL-1ꞵ complex 

has docking scores of -3.764 kcal/mol  and an MM-

GBSA binding energy of −17.4 kcal/mol. There were 2 

hydrogen bonds, such as PRO56, GLY55; other 

interacting bonds such as ARG57, SER59, ALA60, 

TYR111, PRO53, PHE4 (hydrophobic & polar contacts) 

were also observed, indicating the minimal stabilization 

of the complex.  

The IL-6 and phloroglucinol complex have 

docking scores of −3.583 kcal/mol and n MM-GBSA 

score of −17.66 kcal/mol. MET117 and GLY8 were the 2 

hydrogen bonds formed, which might have interfered 

with IL-6 receptor by polar and hydrophobic interactions 

such as VAL118, THR116, PRO9, PRO158, GLU157 

and LYS210. In the case of ICAM, the docking score was 

-2.890 kcal/mol with an MM-GBSA binding energy of 

−14.14 kcal/mol. The complex was accompanied by 4 

hydrogen bonds including ASP312, ARG270, HIS222 

and ARG337.The stabilising effect that may influence 

Table 2. Pharmacokinetics properties of Phloroglucinol 

Property Parameter Value 

Molecular Properties 

Molecular Weight (mol MW) 126.112 

Dipole Moment (dipole) 0.000 

Polarizability (QPpolrz) 11.122 

Globularity (glob) 0.935 

Lipophilicity QPlogPo/w -0.020 

Solubility QPlogS -0.362 

Absorption 
QPPCaco (nm/sec) 275.662 

PercentHumanOralAbsorption (%) 70.508 

Distribution 
QPlogBB -0.868 

QPPMDCK (nm/sec) 122.875 

CNS Activity CNS -1 

Metabolism #metab 0 

Membrane Permeability QPlogKp (cm/hour) -3.768 

Surface Areas 

SASA (Å²) 302.232 

FISA (Å²) 164.033 

FOSA (Å²) 0.000 

PISA (Å²) 138.200 

PSA (Å²) 67.701 

WPSA (Å²) 0.000 

Drug-likeness 
Rule of Five 0 

Rule of Three 0 

Hydrogen Bonding 
Hydrogen Bond Donors (donorHB) 3.000 

Hydrogen Bond Acceptors (accptHB) 2.250 

Rotatable Bonds #rotor 0 
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the molecular activity was established by the interaction 

residues such as TYR184, HIS187, ALA225, PHE333, 

LEU217, and HIE261.  

Lastly, the weakest interaction was observed in 

IL-10 complex with binding affinity of -2.735 and  binding 

energy scores of −10.23 kcal/mol. The complex formed 

1 hydrogen bond, namely TYR72. It has other 

hydrophobic interactions such as LEU94, PHE30, 

VAL33, VAL91, MET77 and PHE37. Likewise, the 

reference inhibitors (Table 4), Celecoxib and Baricitinib, 

showed stronger binding overall than phloroglucinol. 

Docking scores ranged from −2.432 to −7.554 kcal/mol, 

with MM-GBSA energies between −27.82 and −52.91 

kcal/mol, indicating stable complex formation. The 

strongest interaction was observed with IL-10, 

particularly for Baricitinib. 

Previous computational studies have reported 

that genes such as TNF-α, IL-6, and IL-1β are the key 

inflammatory mediators and primary therapeutic targets 

in RA [33]. Numerous docking analysis of natural 

molecules against these cytokines have demonstrated 

moderate binding affinities in the range of -3 to -6 

kcal/mol [34, 35]. The docking analysis and MM-GBSA 

values represent computationally predicted binding 

affinities [36]. Similarly, in our study, the highest binding 

affinity among the key inflammatory targets was 

observed in TNF-α. This is due to the combined effect of 

multiple hydrogen bonds and polar interactions, which 

may enhance binding stabilization when compared to 

other targets [37]. Although this binding affinity is low in 

comparison to high-affinity biologics, it is similar to 

several small-molecule anti-inflammatory agents that 

are effective in the clinic [38, 39].  

The phloroglucinol exhibited moderate 

interaction with all key inflammatory targets of RA and 

these scores do not confirm the biological activity. In vitro 

and in vivo analyses of phloroglucinol are required to 

confirm its functional efficacy [40]. Contrastingly, the 

celecoxib and baricitinib are clinically approved drugs for 

inflammatory proteins, and these drugs demonstrate 

selective binding toward the primary targets of our key 

inflammatory proteins used in our docking study [41]. 

 

Table 3. Molecular docking results and interaction analysis 

S.No Compound Protein Docking 

Score 

(kcal/mol) 

MM-GBSA 

(kcal/mol) 

Hydrogen 

Bond 

Residues 

Non-Hydrogen Bond 

Interactions 

1 

Phloroglucinol 
 

TNF-α -4.568 -24.06 

ASP140, 

PRO20, 

ALA22 

LEU142, PHE144, 

PRO139, GLN21, ASN19, 

GLN25, GLU23 

(hydrophobic & polar 

contacts) 

2 IL-10 -2.735 -10.23 TYR72 

LEU94, PHE30, VAL33, 

VAL91, MET77, PHE37 

(hydrophobic interactions) 

3 IL-6 -3.583 -17.66 
MET117, 

GLY8 

VAL118, THR116, PRO9, 

PRO158, GLU157, 

LYS210 (hydrophobic & 

polar contacts) 

4 IL-1β -3.764 -17.4 
PRO56, 

GLY55 

ARG57, SER59, ALA60, 

TYR111, PRO53, PHE4 

(hydrophobic & polar 

contacts) 

5 ICAM-1 -2.890 -14.14 

ASP312, 

ARG270, 

ARG337, 

HIS222 

TYR184, HIS187, ALA225, 

PHE333, LEU217, HIE261 

(hydrophobic, polar & π 

interactions) 
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Figure 4. Molecular docking interaction diagrams of phloroglucinol with target proteins ICAM, IL-1β, IL-6, IL-10, 

and TNF-α. 

Table 4. Comparative docking scores and binding energies of standard anti-inflammatory 

drugs against RA-associated target proteins. 

Proteins Compound Docking Score (kcal/mol) Binding Energy (kcal/mol) 

IL-10 
Celecoxib -7.554 -48.70 

Baricitinib -6.548 -52.91 

IL-6 
Baricitinib -3.241 -28.70 

Celecoxib -2.432 -35.21 

IL-1β 
Baricitinib -3.647 -35.09 

Celecoxib -3.118 -30.79 

ICAM-1 
Baricitinib -3.511 -28.53 

Celecoxib -2.515 -38.64 

TNF-α 
Celecoxib -3.079 -27.82 

Baricitinib -2.808 -35.03 
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Figure 5. Molecular dynamics simulation analysis of the TNF-α–phloroglucinol complex over 500 ns. (a) Root 

Mean Square Deviation (RMSD) plot showing backbone Cα RMSD of TNF-α (blue) and ligand RMSD relative to 

the protein (red) as a function of simulation time (ns). (b) Root Mean Square Fluctuation (RMSF) profile of TNF-α 

Cα atoms, representing per-residue flexibility throughout the simulation. (c) Protein–ligand interaction timeline 

illustrating the persistence and type of intermolecular contacts formed during the simulation period. The top panel 

shows total contacts, and the lower panel displays residue-wise interaction occupancy across time. (d) Two-

dimensional interaction diagram of phloroglucinol with key TNF-α residues, indicating hydrogen bonds and water-

mediated interactions with interaction occupancy percentages. (e) Ligand property analysis over simulation time, 

including ligand RMSD, radius of gyration (rGyr), molecular surface area (MolSA), solvent-accessible surface area 

(SASA), and polar surface area (PSA). 

3.6 MD Stimulations  

The RMSD analysis for the phloroglucinol-TNFα 

complex was performed for 500 ns MD simulation to 

assess the structural stability of the protein-ligand 

complex (Figure 5a). The protein backbone (Cα atoms) 

remained stable for a transient period of the simulation 

and fluctuated minimally between the range of 1.8  Å to 

2.8  Å. A moderate fluctuation was noted at 280-370 ns. 

However, protein structure regained equilibrium 

and showed no evidence of unfolding. Similar RMSD 

ranges (2–3 Å) have been reported in MD studies of 

TNF-α–small molecule complexes, where such 

deviations indicate preserved structural integrity rather 

than instability [42].  

Contrastingly, the ligand RMSD exhibited 

biphasic behaviour [43]. During its initial docking pose 

(0-363 ns), the phloroglucinol remained within the 

docking pocket and maintained the RMSD values 

around 3 Å. After 363 ns, the ligand RMSD was 

increased to 12-48 Å, suggesting the displacement from 

the binding site and dissociation into the solvent. 
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Therefore, the ligand exhibited stability for a short period 

and did not maintain occupancy at the binding site 

throughout the simulation. This behaviour is also 

reported  in certain studies involving natural small 

molecules against  TNFα [44]. 

The RMSF analysis of TNF α, shown in Figure 

5b. The results exhibit low fluctuation values within 0.5-

1.2 Å, indicating the structural stability initially. The 

highest fluctuations are observed at regions around 18-

22, 75-80 and 92-100, with the largest fluctuation 5Å 

occurs at the 92-100 region. These regions correspond 

to solvent-exposed loop segments commonly reported 

as flexible in TNF-α structures [45, 46].  

The protein–ligand contact timeline (Figure 5c) 

provides residue-level insight into the temporal stability 

of the phloroglucinol–TNF-α complex during the 500 ns 

simulation. The total contact profile analysis highlights 

that the ligand maintained an average of 6-10 contacts 

with TNF-α, indicating a stable binding phase from 0-370 

ns. Beyond 370 ns, the total contacts decreased to zero 

with only short-lived interaction observed at the end of 

the simulations. The residue-wise analysis of the contact 

heatmap reveals the simple patterns and confirms that 

the interactions were primarily contained in two regions 

of the protein. ASN19, GLY24, GLN24, GLN27, and 

LEU26 were the first region residues that displayed 

occupancy till 370 ns. These residues are the primary 

anchoring region of the ligand. The second region 

residues include ASP140, LEU142, PHE144, and 

ALA145 that stabilize from the opposite side of the 

binding pocket. Importantly, at residue regions 18-27, 

there was a complete loss of binding. At 370 ns, the 

interaction bands disappeared and only intermittent 

contacts were detected. This indicates the dissociation 

was associated with the loss of key anchoring 

interactions.  

Similarly, 2D interactions (Figure 5d) showed 

that hydrogen bonding is the dominant stabilizing 

interaction during the simulation. The weak role of the 

ionic interactions indicates that polar and water-

mediated contacts are the major binding forces [47]. The 

LEU142 and ALA145 are the hydrogen bonds with 

interacting fractions of 32 and 30%, respectively. These 

contacts indicate the presence of bridging water 

molecules that contribute to stabilization of the ligand for 

a short time in the pocket environment [48]. The ASN 19 

and GLN 27 are polar interactions, indicating that 

phloroglucinol hydroxyl groups are crucial for binding 

affinity, forming stable hydrogen bonds with TNF-α [49]. 

The ligand property analysis (Figure 5e) 

indicated that ligand RMSD remained low and stable 

during the initial phase (0-363 ns),  fluctuating between 

0.04-0.10 Å. This indicates that the phloroglucinol 

retained its docked confirmation within the binding 

pocket. But after 363 ns, there was complete 

displacement into the solvent, which increased in 

variability. Similarly, the radius of gyration (rGyr) 

remained constant throughout the simulation with 

minimal fluctuation of 2.32-2.40 Å. There was no 

significant expansion or compaction even after ligand 

dissociation. This distribution confirms that the ligand 

maintains its aromatic geometry and that the 

dissociation event is not associated with intramolecular 

deformation [50]. Likewise, no intramolecular hydrogen 

bonds (intraHB) were detected during the trajectory. This 

is consistent with the small size and substitution pattern 

of phloroglucinol, indicating that ligand stability is 

governed by intermolecular hydrogen bonding with 

protein residues and solvent molecules. The molecular 

surface area (MolSA) shows minor fluctuations within 

approximately 126–128 Å², indicating stable van der 

Waals surface characteristics throughout the trajectory. 

No abrupt shifts are observed after dissociation, 

supporting structural integrity of the ligand.  The solvent-

accessible surface area (SASA) remains relatively low 

and stable (20–60 Å²) during the bound phase (0–363 

ns), reflecting partial burial within the binding pocket. 

After 363 ns, SASA increases sharply to approximately 

150–250 Å², indicating substantial solvent exposure 

followed by ligand displacement [51]. This transition 

directly correlates with the loss of protein–ligand 

contacts and increased ligand RMSD. The polar surface 

area (PSA) fluctuates within a narrow range of 

approximately 160–168 Å², remaining stable throughout 

the simulation. The absence of major PSA variation 

further confirms that the ligand does not undergo 

structural rearrangement during binding or after 

dissociation. However, several limitations should be 

acknowledged. The simulation was performed using a 

single docking pose and a single protein conformation, 

which may not capture alternative binding orientations or 

allosteric interactions [52].  

In addition, computational predictions cannot 

fully replicate the complex cellular microenvironment or 

cooperative effects present in vivo [53]. Therefore, the 

present findings provide structural insight into interaction 

feasibility but require experimental validation to confirm 

inhibitory potential. 

 

4.Conclusion 

In this study, the therapeutic potential of 

phloroglucinol against  RA was studied using 

computational analysis. The results identified 17 

potential targets associated with RA by comparing CTD 

database and GSE1919 dataset. The network 

pharmacology analysis discovered top 5 genes such as 

ICAM1, IL-6, IL-10, IL-1β, and TNF-α as the principal 

hub targets for RA. The GO and KEGG enrichment 

analyses confirmed involvement of these targets in RA-

relevant inflammatory signalling pathways, while ADME 

profiling demonstrated favourable characteristics such 

as molecular weight of 126.112 Da, oral bioavailability of 

70.508%, and no violation with Lipinski's Rule of Five. 

Furthermore,  molecular docking analysis exhibited 
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moderate binding affinities ranging from -2.735 to -4.568 

kcal/mol, with TNF-α exhibiting the strongest interaction, 

supported by an MM-GBSA binding energy of -24.06 

kcal/mol. The molecular dynamics simulation for 500 ns 

confirmed initial binding stability up to 363 ns, after which 

ligand dissociation was observed, suggesting that 

structural optimization may be necessary to improve 

binding durability. The future studies should focus on in 

vitro and in vivo validation through cytokine inhibition 

assays and collagen-induced arthritis models to confirm 

the biological efficacy and safety profile of 

phloroglucinol. 
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