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Abstract: Sarcopenia is a condition that is characterized by a gradual decline in skeletal muscle mass, 

strength, and function. Abundant bioactive compounds in jamu, a traditional Indonesian herbal, can 

reduce oxidative stress and inflammation while improving physical performance and muscle health. 

The present study aims to uncover the active compounds in Zingiber officinale (red ginger), Kaempferia 

galanga (aromatic ginger), and Curcuma sp., and elucidate their potential mechanisms for preventing 

sarcopenia. A total of 41 phytochemicals (15 from Z. officinale, 11 from Curcuma sp., and 15 from K. 

galanga) were selected from the literature. Network pharmacology analysis identified AKT1, TP53, 

and BCL2 as the targets with the highest degree values. Molecular docking showed Curcumin exhibited 

the strongest binding affinity toward AKT1 (re-rank score: -117.897), while 1-dehydro-10-gingerdione 

showed the highest affinities for both TP53 (re-rank score: -117.595) and BCL2 (re-rank score: -

85.1227). The molecular dynamics simulation showed that the Curcumin–AKT1 complex has similar 

stability to the native–AKT1 complex, with an average RMSD backbone profile of 2.98 Å, SASA of 

18,655 Å2, and RMSF of 1.23 Å. This study suggests that the three rhizome-derived compounds may 

be potential anti-sarcopenia agents, though this will require future experimental validation. The research 

also establishes a framework for investigating how the three rhizomes might influence the PI3K-Akt 

pathway and endocrine resistance.  

Keywords: sarcopenia; network pharmacology; molecular docking; ADMET; molecular dynamics 

simulation. 
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1. Introduction 

Sarcopenia is a progressive condition marked by the decline of skeletal muscle mass, 

strength, and function, presenting a significant health challenge, particularly in older adults. Its 

multifactorial etiology includes aging, hormonal changes, nutritional deficiencies, physical 

inactivity, chronic inflammation, and oxidative stress, all of which contribute to muscle 

degeneration and functional impairment [1–3]. The prevalence of sarcopenia is substantial, 

affecting 16.5% of community-dwelling older adults, with higher rates in those 60-80 years, 

https://doi.org/10.33263/BRIAC162.045
mailto:muth005@brin.go.id
https://creativecommons.org/licenses/by/4.0/


https://doi.org/10.33263/BRIAC162.045  

 https://biointerfaceresearch.com/   2 of 19 

 

and is projected to rise as the global population over 60 is expected to reach 2.1 billion by 2050 

[4–6]. This increase underscores the urgent need for effective strategies to prevent muscle loss 

and its associated morbidity. 

Traditional Indonesian herbal medicine, known as Jamu, employs rhizomatous plants 

such as Zingiber officinale (red ginger), Kaempferia galanga (aromatic ginger), and Curcuma 

sp., to alleviate musculoskeletal discomfort, combat fatigue, and enhance physical endurance. 

Preclinical studies indicate that these herbs can enhance muscle mass, improve endurance, 

reduce muscle atrophy, and improve stamina [7–9]. Despite the well-documented traditional 

use of these rhizomes, there is limited discussion on their specific selection for sarcopenia-

related mechanisms.  

According to reports, Z. officinale extract reduces pro-inflammatory biomarkers and 

oxidative stress, supporting muscle mass and strength by modifying these pathological 

pathways [10]. The main component of Curcuma sp., Curcumin, prevents inflammatory 

cascades associated with muscle atrophy [11]. Similarly, ethyl-p-methoxycinnamate from K. 

galanga exhibits antioxidant and anti-inflammatory properties, including the inhibition of 

nitric oxide and IL-6 synthesis [12]. Despite their widespread use, a systematic evaluation of 

their mechanisms in relation to sarcopenia remains limited. 

Network pharmacology has emerged as a popular tool for investigating multi-

component herbal remedies by constructing "protein-compound/disease-gene" networks and 

predicting biological targets and mechanisms [13]. Complementary computational approaches, 

including molecular docking, ADMET prediction, and molecular dynamics simulation, enable 

a detailed analysis of ligand-protein interactions and the dynamic stability of complexes over 

time [14–16].  

The present study employs an integrative framework combining network 

pharmacology, molecular docking, and molecular dynamics simulation to identify active 

compounds from these rhizomes and elucidate their potential mechanisms for preventing 

sarcopenia. This research aims to identify new therapeutic candidates that may slow down 

muscle degeneration and improve musculoskeletal health in aging populations by integrating 

traditional herbal knowledge with computational techniques. 

2. Materials and Methods 

2.1. Screening of active compounds. 

Chemical information was obtained from published literature to identify the major 

bioactive compounds present in Z. officinale, Curcuma sp., and K. galanga [17–22]. The 

literature review involved an examination of various scientific sources, including research 

journals from reputable databases. 

2.2. Target collection and potential target prediction. 

The investigation commenced by curating the chemical structures of Z. officinale, 

Curcuma sp., and K. galanga bioactive compounds, represented as Simplified Molecular Input 

Line Entry System (SMILES) notations. Several integrative software, such as Swiss Target 

Prediction (http://www.swisstargetprediction.ch/) (SIB Swiss Institute of Bioinformatics, 

Lausanne, Switzerland) [23], Way2Drugs PASS online (http:// 

https://www.way2drug.com/passtargets/) (Institute of Biomedical Chemistry, Moscow, 

Russia) [24], and STITCH (http://stitch.embl.de/) (Max Planck Institute for Molecular Cell 
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Biology and Genetics, Dresden, Germany) [25], were used by employing different prediction 

techniques to collect the putative target prediction (genes) of the active compounds relating to 

sarcopenia. All accessible targets were restricted to Homo sapiens. 

The protein targets associated with sarcopenia were identified through a search using 

the keyword "sarcopenia" in both the GeneCard database (https://www.genecards.org/) 

(Weizmann Institute of Science, Rehovot, Israel) [26] and the STRING database (https://string-

db.org/) (SIB Swiss Institute of Bioinformatics, Lausanne, Switzerland) [27]. Duplicated 

targets were excluded. 

2.3. Network formation and validation. 

Venn diagrams were used to identify the similar genes between sarcopenia targets and 

compound targets (https://bioinfogp.cnb.csic.es/tools/venny/) (Centro Nacional de 

Biotecnología, Madrid, Spain) [28]. The intersected target genes were subsequently imported 

into the STRING database to construct a Protein–Protein Interaction (PPI) network, which was 

then visualized and analyzed using Cytoscape version 3.10.3 (National Human Genome 

Research Institute, Maryland, United States) [29].  

2.4. Pathway and functional enrichment analysis. 

GO enrichment analysis (Molecular Function–MF, Biological Process–BP, and 

Cellular Component–CC) and KEGG pathway annotation were carried out using ShinyGO 

0.77 (http://bioinformatics.sdstate.edu/go/) (South Dakota State University, South Dakota, 

United States) [30]. Intersection target proteins of sarcopenia and the active compound of Z. 

officinale, Curcuma sp., and K. galanga served as input, with the species "Human", False 

Discovery Rate (FDR) cutoff at 0.05, and display of 30 pathways [31]. The GO functions were 

visualized using a histogram bar plot, and the resulting pathways were correlated with 

sarcopenia. 

2.5. Molecular docking. 

Molecular docking analysis was conducted in a single run using Molegro Virtual 

Docker 6.0 (MVD) (Molexus ApS, Odder, Denmark) [32]. The top three hub genes were 

selected as target proteins based on their centrality in the PPI network. Degree centrality was 

used as the selection criterion to prioritize proteins with extensive interaction profiles, which 

are considered potential key targets. The three-dimensional (3D) crystal structures of target 

proteins were retrieved from the RCSB Protein Data Bank (PDB) (https://www.rcsb.org) 

(RCSB, San Diego, California, USA) [33]. The selection of protein structures was based on 

atomic resolution, the availability of protein-ligand complexes, active site residues, and the 

organism source. The protein structures were prepared by removing water molecules, ions, and 

nonessential cofactors. The chemical structures of those compounds were retrieved using the 

PubChem database (https://pubchem.ncbi.nlm.nih.gov/) (National Library of Medicine, 

Bethesda, Maryland, USA) [34]. The 3D ligand structures of secondary metabolites were 

generated using ChemOffice (https://www.perkinelmer.com) and subjected to energy 

minimization using the Merck Molecular Force Field 94 (MMFF94) [35]. The optimized ligand 

structures were saved in MOL2 format and subsequently imported into MVD for docking 

simulations. To validate the docking procedure, we redocked the native ligand into the active 

site of the respective target protein to ensure structural fidelity and accurate binding 
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conformation. The docking grid was defined by centering it on the binding site of the co-

crystallized native ligand, thereby preserving the biologically relevant interaction region and 

enabling reliable validation through redocking. Docking simulations were performed using the 

Molegro Virtual Docker scoring function, yielding 10 docking poses per ligand. The best pose, 

determined based on the lowest re-rank score, was selected for further analysis. Post-docking 

interaction analyses were conducted using BIOVIA Discovery Studio Visualizer v24.1.0 

(Dassault Systèmes, Paris, France) to evaluate hydrogen bonding, hydrophobic interactions, 

and π-π stacking interactions between the ligands and target proteins [36]. 

2.6. Drug-likeness and ADMET parameters. 

The structure of the selected rhizome-derived compounds with the highest re-rank score 

for each enzyme was further investigated using the ADMET and Lipinski rule of five. Their 

canonical SMILES representations were input into ADMETlab 3.0 

(https://admetmesh.scbdd.com) and the pkCSM online tool 

(http://biosig.unimelb.edu.au/pkcsm/prediction) for ADMET profiling [37,38]. The key 

ADMET parameters that were assessed include Human Intestinal Absorption (HIA), Caco-2 

cell permeability, Steady-State Volume of Distribution (VDss), Blood–Brain Barrier (BBB) 

permeability, CYP2D6 and CYP3A4 substrate classification, total clearance, and toxicity. 

2.7. Molecular dynamics simulation. 

Molecular Dynamics (MD) simulations were conducted using GROMACS 2023 

(https://www.gromacs.org/) [39] on the MAHAMERU High-Performance Computing (HPC) 

system, operated by the National Research and Innovation Agency of Indonesia (BRIN). The 

protein topology was written by pdb2gmx using the CHARMM36-jul2022 [40] force field and 

the TIP3P original water model [41] 

(http://mackerell.umaryland.edu/charmm_ff.shtml#gromacs). The protein structure was 

preprocessed by removing water molecules and reference ligands, and its topology was 

generated accordingly. The three best secondary metabolites from molecular docking studies 

were used as ligands. Ligand topologies were prepared by adding hydrogen atoms and 

converting the structure to mol2 format using OpenBabel (https://www.cheminfo.org/), before 

processing through the CHARMM General Force Field (CGenFF) server 

(https://app.cgenff.com/) [42,43] for topology generation. The CGenFF files were converted to 

GROMACS-compatible formats using the cgenff_charmm2gmx_py3_nx2.py script, ensuring 

compatibility with the CHARMM36 force field [44]. The resulting ligand parameter files 

included bonded terms (bond lengths, angles, and dihedrals), nonbonded Lennard-Jones 

parameters, and partial atomic charges derived from the CGenFF charge model. The protein-

ligand complex was assembled, solvated in a rhombic dodecahedral box, and neutralized with 

Na+ and Cl− ions by replacing some water molecules. Energy minimization was achieved using 

the steepest descent algorithm until the maximum force was less than 1,000 kJ mol-1 nm-1. 

System equilibration was carried out in two phases: an isothermal-isochoric ensemble (NVT) 

and an isothermal-isobaric ensemble (NPT). After the system was well equilibrated at 300 K 

and 1 bar, a 300 ns MD production run was conducted under NPT conditions. 

The MD simulation trajectories were recentered and rewrapped within the rhombic 

dodecahedral box using the gmx trjconv module with Periodic Boundary Condition (PBC) 

correction and the nojump option to eliminate artifacts from molecules crossing the box 
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boundary. The gmx rms module was used to compute the Root Mean Square Deviation 

(RMSD) for comparing each structure from a trajectory to the energy minimization result 

structure. The Solvent-Accessible Surface Area (SASA) was calculated with the gmx sasa 

module to assess changes in protein surface exposure upon ligand binding. In addition, the 

Root Mean Square Fluctuation (RMSF) of the residue position in the trajectory after fitting to 

the energy-minimized frame was analyzed with the gmx rmsf module. 

3. Results and Discussion 

3.1. Screening of active components. 

A total of 41 major compounds from Z. officinale, Curcuma sp., and K. galanga were 

identified through a comprehensive review of the literature and database screening using 

Google Scholar and PubChem (accessed January 2025). Compounds were selected based on 

their reported abundance and biological relevance, with particular emphasis on sarcopenia-

related pathways. The identified compounds are summarized in Table 1. 

Table 1. Major rhizome compounds collected from the literature. 

Plants sources Compounds References 

Z. officinale 

6-Gingerol 

[17] 

6-Shogaol 

Gingerenone A 

1-Dehydro-10-gingerdione 

Gingerdione 

Zingerone 

6-Paradol 

8-Gingerol 

[18] 

10-Gingerol 

α-Zingiberene 

α-Curcumene 

Neral 

Geraniol 

β-Bisabolene 

β-Sesquiphelandrene 

Curcuma sp. 

Turmerone 

[19] 

Curlone 

Curcuphenol 

Curcumin 

Demethoxycurcumin 

Bisdemetoxycurcumin 

Cyclocurcumin 

Xanthorizol 

[20] 
Camphor 

Zerumbone 

Geranyl acetate 

K. galanga 

Pentadecane 

[21] 

Ethyl p-

methoxycinnamate 

Phenyl propenoic acid 

3,6-Nonadienal 

8-Heptadecane 

γ- Murolene 

Cyperene 

α -Gurjunene 

Palmitic acid 

[22] 

Capric acid 

Caprylic acid 

Lauric acid 

Stearic acid 

Myristic acid 

γ-Palmitolactone 
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3.2. The PPI network and the ‘‘herbs-components-targets-disease” network. 

A total of 445 potential targets were identified as being associated with 41 main 

compounds from the search using SwissTargetPrediction and Way2Drugs. Sarcopenia-related 

targets were identified from the GeneCards database, yielding 297 targets, and from the 

STRING database, yielding 50 targets. After eliminating duplicates and integrating the 

sarcopenia-associated targets, researchers identified 37 common targets that represent key 

intersections between compound-related targets and sarcopenia-related pathways (Figure 1a). 

A PPI network was constructed to elucidate the complex interactions among these targets 

(Figure 1b). 

  
(a) (b) 

Figure 1. Predicted gene targets of rhizome-derived compounds. (a) Venn diagram showing overlapping and 

unique predicted genes among datasets; (b) Number of predicted target proteins associated with compounds 

from each rhizome. 

The PPI network for the 37 common targets was constructed using the STRING 

database and visualized in Cytoscape to determine their total degree, closeness, and 

betweenness centrality values, illustrating the proteins with the most significant impact within 

this network. To identify key hub genes, the CytoHubba plugin was utilized, and the degree 

method was selected for ranking hub genes based on their connectivity. The top-ranked hub 

genes identified were AKT1 as the most central node, followed by TP53 and BCL2 (Figure 2). 

These compounds are closely associated with the PI3K-Akt pathway, particularly 

involving AKT1 proteins, which exhibit the highest degree values. The PI3K-Akt pathway 

plays a crucial role in maintaining muscle mass, as it can both promote protein synthesis by 

activating mTOR and inhibit protein degradation by blocking FoxO-mediated transcription of 

muscle atrophy genes, such as Atrogin-1 and MuRF1 [45]. In sarcopenia, the PI3K-Akt 

pathway is often downregulated due to age-related insulin resistance and inflammation, 

resulting in impaired muscle regeneration, increased proteolysis, and progressive muscle 

wasting [46]. The involvement of TP53 and BCL2 further supports the notion that sarcopenia 

is not merely a metabolic condition, but also involves the complex regulation of cell death and 

repair, aligning with studies linking mitochondrial dysfunction and apoptosis to muscle 

degeneration in aging populations. TP53 plays dual roles in skeletal muscle: under basal or 

transient stress conditions, it contributes to genomic stability and mitochondrial quality control, 

whereas under chronic or excessive stress associated with aging, it promotes apoptosis and 

muscle fiber loss. Similarly, BCL2 regulates myofiber survival by inhibiting apoptosis and may 

also influence muscle regeneration dynamics [47,48]. These suggest potential multitarget 

mechanisms of the rhizome’s compound in mitigating muscle degeneration through pathways 

involving protein synthesis (AKT1), cell survival (BCL2), and apoptosis regulation (TP53). 
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(a) (b) 

Figure 2. The PPI network and hub gene analysis. (a) PPI network of 37 predicted target genes, where nodes 

represent proteins and edges indicate interactions; (b) Top 10 hub genes ranked based on maximal clique 

centrality (MCC) scores. 

3.3. Gene ontology and KEGG pathway. 

The intersection target proteins were analyzed using ShinyGo 0.77 by inputting 37 

target proteins, specifying the species as “human”, and setting the FDR cutoff at 0.05. GO 

enrichment was performed, including GO BP, GO MF, and GO CC.  

 
Figure 3. GO enrichment analysis of predicted target genes. Top 30 enriched GO terms categorized into (a) 

Biological Process (BP); (b) Cellular Component (CC); (c) Molecular Function (MF). 
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The GO enrichment results were in the 1000 BP pathway, 129 CC pathway, and 235 

MF pathway. The top 30 of each GO pathway are shown in Figure 3. GO enrichment analysis 

revealed that the major BPs were the regulation of PIP3K signaling and the positive regulation 

of epithelial cell migration. The integral component of the PIP3K complex was the major CC. 

PIP3K activity was the primary MF. The KEGG enrichment analysis revealed that endocrine 

resistance was the primary pathway associated with the 37 targets, as indicated by the fold 

enrichment (Figure 4a), and it also exhibited the lowest FDR enrichment value (FDR < 0.05) 

(Figure 4b).  

 
Figure 4. KEGG pathway enrichment analysis of predicted target genes. Enriched KEGG pathways are 

presented based on (a) fold enrichment; (b) false discovery rate (FDR). 

KEGG pathways also highlight the involvement of endocrine resistance, which arises 

from disruptions in hormonal signaling pathways that regulate muscle metabolism, growth, and 

homeostasis. They are significantly pertinent to the pathology of sarcopenia. Insulin resistance 

impairs glucose uptake and protein synthesis in skeletal muscle, leading to muscular atrophy. 

This is a prevalent characteristic of sarcopenia, particularly in relation to metabolic diseases 

such as diabetes and obesity [49,50]. Decreased IGF-1 signaling, essential for muscle 

development and regeneration, is linked to sarcopenia. The PI3K/AKT pathway, which is 

downstream of IGF-1, frequently exhibits diminished responsiveness in older muscles, hence 

contributing to anabolic resistance [51]. This hormonal insensitivity creates a hormonal and 

inflammatory environment that accelerates muscle atrophy and drives the progression of 

sarcopenia. These results are in line with earlier experiments that demonstrated specific 

supplements enhance insulin sensitivity, reduce mitochondrial damage, increase muscle mass 

and strength, and upregulate proteins involved in the PI3K/Akt pathway [52,53]. 

3.4. Docking validation. 

The top three ranked hub genes, AKT1 (PDB ID: 4GV1), TP53 (PDB ID: 6SI3), and 

BCL2 (PDB ID: 2W3L), were identified as the target receptors more likely to represent 

functionally critical intervention points [54–57]. Each native ligand was re-docked into the 
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protein binding site, successfully replicating the co-crystalized complex, confirming the 

accuracy of the docking method. The RMSD was used to evaluate the accuracy of the docking 

setup, where an RMSD value of less than 2Å is considered acceptable [57]. The optimized 

docking parameters were used as references for the docking stage of the bioactive compounds. 

The RMSD results from re-docking validation are shown in Table 2. 

Table 2. Docking validation results of AKT1, TP53, and BCL2. 

Protein Target Center Grid Box Radius (Å) RMSD (Å) 

AKT1 

X: -19.92 

Y: 4.31 

Z: 11.28 

12 0.9 

TP53 

X: 91.65 

Y: 95.14 

Z: -43.63 

10 0.4 

BCL2 

X: 39.47 

Y: 27.06 

Z: -12.37 

12 0.4 

3.5. Molecular docking. 

Molecular docking simulations were conducted on bioactive compounds from 

Curcuma sp., Z. officinale, and K. galanga against AKT1, TP53, and BCL2. Docking poses 

were ranked using the re-rank score generated by Molegro Virtual Docker (MVD) as an initial 

metric to prioritize ligand-protein interactions (Table 3). The re-rank score re-evaluates 

docking poses using a refined energy function that incorporates van der Waals, electrostatic, 

hydrogen-bonding, and internal-strain contributions, thereby providing a relative estimate of 

binding stability rather than a definitive binding affinity [58].  

Table 3. Docking results of the best compounds from Curcuma sp., K. galanga, and Z. officinale against AKT1, 

TP53, and BCL2. 

Protein 

target 
Plants Compounds 

Re-rank score 

(kcal/mol) 

H-Bond 

(kcal/mol) 

AKT1 

- Capivasertib (native 1) -114.039 -4.79 

Curcuma sp. Curcumin -117.897 -7.65 

K. galanga Stearic acid -97.306 -3.71 

Z. officinale Gingerenone A -109.884 -6.51 

TP53 

- 
1-[7-Bromanyl-9-[2,2,2-tris(fluoranyl)ethyl]carbazol-3-yl]-

N-methylmethanamine (native 2) 
-115.567 -1.81 

Curcuma sp. Demethoxycurcumin -116.789 -4.91 

K. galanga γ-Palmitolactone -95.149 -2.13 

Z. officinale 1-Dehydro-10-gingerdione -117.595 -4.06 

BCL2 

- Chlorojanerin (native 3) -115.556 0 

Curcuma sp. Demethoxycurcumin -80.807 -2.07 

K. galanga 8-Heptadecane -72.293 0 

Z. officinale 1-Dehydro-10-gingerdione -85.123 0 

Docking was performed within predefined functional regions of each target protein. 

Among the screened compounds, Curcumin exhibited the lowest re-rank score for AKT1, and 

1-dehydro-10-gingerdione showed the most favorable score for TP53, indicating 

comparatively stronger predicted ligand-protein interactions at the docking-pose level. By 

contrast, none of the tested compounds outperformed the reference ligand in the BCL2 model, 

suggesting weaker predicted binding relative to the benchmark inhibitor. 

Table 4. Comparative molecular interactions of top rhizome derivatives with AKT1 and its native ligand. 

Compound Interacting residues Types of molecular interactions 

Curcumin 
MET 281, GLU 278, GLU 198, 

GLY 162, PHE 161, THR 195, 

Conventional H-bond (GLU 278, GLU 198, GLY 162, PHE 161), 

Carbon H-bond (THR 195, GLY 294), Pi-Donor H-bond (LYS 179, 
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Compound Interacting residues Types of molecular interactions 

GLY 294, LYS 179, GLU 191, 

LEU 181, LYS 163 

GLU 191, LYS 163), Pi-Sulfur (MET 281), Alkyl (MET 281), Pi-

Alkyl (LEU 181) 

Native 1 

ALA 230, GLU 234, ASN 279, 

MET 281, GLY 157, TYR 229, 

VAL 164, LEU 156, LEU 181, 

LYS 179, ALA 177 

Conventional H-bond (ALA 230, GLU 234, ASN 279, MET 281), 

Carbon H-bond (GLY 157, TYR 229), Pi-Sulfur (ALA 230, MET 

281), Alkyl (VAL 164, MET 281), Pi-Alkyl (ALA 177, LEU 156, 

LEU 181, LYS 179, VAL 164, ALA 230, MET 281) 

Figures 5–7 present 2D interaction diagrams illustrating the docking poses of the top-

ranked ligands within the predefined cavities of each target protein. The interacting residues 

and non-covalent contact of the selected ligands were compared with those of the reference 

ligands (Tables 4–6) to assess structural similarity of the docking pose across all target 

receptors. In the AKT1 complexes, residues such as MET 281, LEU 181, and LYS 179 were 

recurrently involved in predicted ligand interactions. For TP53, overlapping residues included 

PRO 151, PRO 222, PRO 223, LEU 145, and VAL 147. In BCL2, residues such as MET 74, 

TYR 67, PHE 71, and VAL 92 contributed primarily through hydrophobic contacts, Pi-Pi 

stacking, and hydrogen bonding. The Curcumin–AKT1 docking pose exhibited multiple 

predicted hydrogen bonds and hydrophobic interactions compared with the reference ligand. 

Similarly, the predicted interactions of 1-dehydro-10-gingerdione with TP53 and BCL-2 

indicate potential engagement of comparable binding regions at the pose level. 

Table 5. Comparative molecular interactions of top rhizome derivatives with TP53 and its native ligand. 

Compound Interacting residues Types of molecular interactions 

1-Dehydro-

10-

gingerdione 

THR 155, PRO 151, PRO 153, 

PRO 222, PRO 223, LEU 145, 

VAL 147, GLU 221, PRO 152 

Conventional H-bond (THR 152), Pi-Alkyl (PRO 151, PRO 222), 

Alkyl (LEU 145, VAL 147, PRO 153, PRO 223), Pi-Pi (GLU 221), 

Unfavorable Donor-Donor (THR 152) 

Native 2 

LEU 257, LEU 145, VAL 147, 

PRO 151, PRO 222, PRO 223, 

SER 220, GLU 221, ASP 228 

Conventional H-bond (VAL 147, SER 220), Pi-Alkyl (PRO 151, PRO 

222, PRO 223), Alkyl (LEU 257, PRO 151, LEU 145), Carbon H-

bond (GLU 221, SER 220, ASP 228), Halogen Bond (LEU 145) 

 
Figure 5. Molecular docking results of AKT1–ligand complexes. Predicted binding poses of AKT1 with (a) 

stearic acid; (b) Curcumin; (c) gingerenone A; (d) the native 1 ligand within the active site. 
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Figure 6. Molecular docking results of TP53–ligand complexes. Predicted binding poses of TP53 with (a) γ-

palmitolactone; (b) demethoxycurcumin; (c) 1-dehydro-10-gingerdione; (d) the native 2 ligand. 

Table 6. Comparative molecular interactions of top rhizome derivatives with BCL2 and its native ligand. 

Compound Interacting residues Types of molecular interactions 

1-Dehydro-

10-

gingerdione 

MET 74, PHE 71, TYR 67, 

VAL 92, LEU 78 

Carbon H-bond (MET 74, PHE 71), Alkyl (TYR 67, MET 74, VAL 92, 

LEU 78), Pi-Alkyl (MET 74, TYR 67) Pi-Pi (PHE 71, TYR 67) 

Native 3 

PHE 63, ALA 108, ARG 105, 

TYR 67, PHE 71, MET 74, LEU 

96, VAL 92, ASP 70, GLU 95 

Pi-Sigma (TYR 67, MET 74), Pi-Pi (PHE 63, PHE 71), Pi-Alkyl (ALA 

108, ARG 105, MET 74, LEU 96, VAL 92), Carbon H-bond (ASP 70), 

Halogen bond (GLU 95), Alkyl (ARG 105, LEU 96) 

 
Figure 7. Molecular docking analysis of BCL2–ligand interactions. Predicted binding interactions of BCL2 with 

(a) 8-heptadecane; (b) 1-dehydro-10-gingerdione; (c) demethoxycurcumin; (d) the native 3 ligand. 

3.6. Drug-likeness and ADMET properties. 

In silico prediction of safety and pharmacokinetic properties constitutes an important 

step in early-stage compound prioritization. Accordingly, the pkCSM server was employed to 

evaluate pharmacokinetic predictions for compounds with favorable docking profiles, focusing 

https://doi.org/10.33263/BRIAC162.045


https://doi.org/10.33263/BRIAC162.045  

 https://biointerfaceresearch.com/   12 of 19 

 

on compliance with Lipinski’s rule of five. While the selected compounds generally adhered 

to established drug-likeness guidelines, Table 7 indicates that stearic acid, γ-palmitolactone, 

and 8-heptadecane exhibited significantly elevated lipophilicity (LogP) values. Such high 

lipophilicity is known to correlate with poor aqueous solubility, high metabolic turnover, and 

non-specific binding (pan-assay interference). Furthermore, ADMET prediction algorithms 

often lack reliability for such highly lipophilic, lipid-like structures. Consequently, these three 

compounds were excluded from further pharmacokinetic profiling to prioritize scaffolds with 

more favorable developability profiles. The remaining candidates—Curcumin, gingerenone A, 

demethoxycurcumin, and 1-dehydro-10-gingerdione—were subsequently evaluated for their 

detailed ADMET profiles. 

Table 7. Lipinski rule of five analysis of compounds from favorable docking results. 

Compound MW LogP HBD HBA Lipinski 

#violations Lipinski* <500 <5 <5 <10 

Curcumin 368.13 2.147 2.0 6.0 0 

Stearic acid 284.27 7.59 1.0 2.0 1 

Gingerenone A 356.16 2.751 2.0 5.0 0 

Demethoxycurcumin 338.12 2.221 2.0 5.0 0 

γ-Palmitolactone 254.22 5.074 0.0 2.0 1 

1-Dehydro-10-gingerdione 346.21 4.829 1.0 4.0 0 

8-Heptadecane 238.27 7.931 0.0 0.0 1 

Building on these physicochemical properties, further pkCSM predictions (Table 8) 

estimated HIA values ranging from 82.19% to 91.757% across the compounds, while most also 

showed predicted Caco-2 permeability values above 0.90, suggesting favorable intestinal 

transport potential at the computational level. Regarding metabolism, all compounds were 

predicted to be substrates of CYP3A4, suggesting potential involvement of cytochrome P450-

mediated biotransformation. Predicted total clearance values ranged from –0.002 to 1.502 log 

mL/min/kg, consistent with moderate elimination profiles within the constraints of the 

predictive model. While these metrics indicate high oral bioavailability for the group, a distinct 

differentiation emerged when analyzing tissue distribution and safety parameters. 

Table 8. Predicted ADMET properties of compounds from favorable docking results. 

Compound 

Human 

intestinal 

absorption 

(%) 

Caco2 

permeability 

(log Papp in 

10-6 cm/s) 

VDss 

(human) 

(log L/kg) 

BBB 

permeability 

(log BB) 

CYP2D6 

substrate 

CYP3A4 

substrate 

Total 

clearance 

(log mL/ 

min/kg) 

Hepato-

toxicity 

Oral rat 

acute 

toxicity 

(LD50) 

Curcumin 82.19 -0.093 -0.215 -0.562 No Yes -0.002 No 1.833 

Gingerenone A 91.641 0.98 0.021 -0.366 No Yes 0.205 No 1.894 

Demethoxycurcumin 91.393 1.023 -0.075 -0.337 No Yes 0.026 No 1.973 

1-Dehydro-10-

gingerdione 
91.757 0.486 0.389 -0.468 No Yes 1.502 No 1.939 

Although Curcumin exhibited the lowest predicted VDss (-0.215 log L/kg), it remains 

the most promising candidate due to its well-documented multi-target activity against 

inflammatory pathways relevant to sarcopenia. Its low distribution profile suggests a reduced 

risk of non-specific tissue accumulation and systemic toxicity. Furthermore, Curcumin 

demonstrated the most favorable safety profile regarding BBB permeability (log BB = -0.562), 

indicating a minimal risk of neurotoxic interference—a critical consideration for the elderly 

population affected by muscle wasting. While its baseline permeability is moderate, integrating 

advanced delivery systems, such as nanoformulations, can effectively bridge the gap between 
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its in silico pharmacokinetic profile and the required therapeutic concentrations in skeletal 

muscle [59]. 

Supporting this selection, the absence of predicted hepatotoxicity and the estimated oral 

acute toxicity (LD50) values indicate a favorable in silico safety profile across the board. In line 

with the study’s limitations, these ADMET results should be interpreted as preliminary 

indicators intended to guide subsequent experimental validation. 

3.7. Molecular dynamics simulation. 

To further evaluate the structural stability of the predicted ligand–protein interaction, 

the AKT1–ligand complex identified as the top-ranked target in the PPI network analysis was 

subjected to MD simulations. Simulations were performed for 300 ns to examine the stability 

of ligand binding within the AKT1 active site. Curcumin, which exhibited the most favorable 

docking score among the screened compounds, was selected for comparison with the native 

AKT1 ligand as a reference. Structural stability and dynamic behavior were evaluated using 

RMSD, SASA, and RMSF analyses (Figure 8). 

 
Figure 8. Structural analysis of AKT1–ligand complexes. (a) Backbone RMSD profiles showing structural 

stability over the simulation time; (b) SASA analysis reflecting protein surface exposure during the simulation; 

(c) RMSF of individual residues, where grey shading indicates residues located within the ligand-binding site. 

RMSD analysis revealed that the Curcumin–AKT1 complex remained stable 

throughout the simulation. The average backbone RMSD was 2.02 Å during the initial 50 ns 

and increased gradually toward the end of the simulation, with an overall average RMSD of 

2.98 Å, remaining comparable to that of the native ligand-AKT1 complex. The similar RMSD 

profiles suggest that Curcumin maintained a stable binding pose within the active site over 

time. 

SASA analysis revealed average values of 18.655 Å² for the Curcumin–bound complex 

and 18.577 Å² for the native ligand complex, with no substantial differences observed. These 

results suggest that ligand binding did not induce major global conformational changes in 

AKT1 and that the simulation duration was sufficient to sample equilibrated systems. 
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Residue-level flexibility was assessed using RMSF analysis. The Curcumin and native 

ligand exhibited comparable average RMSF values (1.23 Å and 1.24 Å, respectively). Key 

residues involved in ligand binding at the active site, including LEU 156, GLY 157, PHE 161, 

GLY 162, LYS 163, VAL 164, ALA 177, LYS 179, LEU 181, GLU 191, THR 195, GLU 198, 

TYR 229, ALA 230, GLU 234, GLU 278, ASN 279, MET 281, and GLY 294, remained 

relatively stable in both systems, indicating preservation of the binding environment. 

In contrast, increased fluctuations were observed in residues LYS 158, GLY 159, THR 

160, PHE 161, GLY 162, and residues 298–307 in the Curcumin-bound system. These residues 

form a contiguous segment corresponding to loop regions adjacent to the binding pocket. The 

increased flexibility likely reflects local conformational adaptability required to accommodate 

Curcumin and is consistent with the dynamic behavior typically observed in surface-exposed 

or loop regions during MD simulations. Overall, the MD results indicated that Curcumin 

maintains a stable binding pose within the AKT1 active site throughout the simulation period. 

Despite these findings, the scope of this study is limited by its computational nature. 

By integrating network pharmacology, molecular docking, and MD simulations, the present 

work provides hypothesis-generating insights into potential ligand-target interactions. 

Experimental validation using in vitro muscle cell models and in vivo sarcopenia models will 

be required to confirm any regulatory effects at the molecular and cellular levels. Future studies 

may extend this framework through structure–activity relationships analysis, compound 

optimization, and multi-omics integration. Additionally, evaluating synergistic interactions 

among Z. officinale, Curcuma sp., and K. galanga in combined formulations remains an 

important direction for subsequent experimental investigation. 

4. Conclusions 

This study investigates the anti-sarcopenic potential of Z. officinale, Curcuma sp., and 

K. galanga, elucidating their possible mechanisms of action in preserving skeletal muscle 

integrity. Network pharmacology analysis identified AKT1, TP53, and BCL2 as core targets, 

highlighting the PI3K-Akt signaling pathway and endocrine resistance as key targets for 

modulation. Molecular docking revealed that Curcumin (Curcuma sp.) exhibited the strongest 

binding affinity toward AKT1, while 1-dehydro-10-gingerdione (Z. officinale) displayed the 

highest affinity for TP53 and BCL2.  

MD simulations confirmed the stability of the Curcumin–AKT1 complex, which 

maintained a trajectory comparable to the native-AKT1 complex (average RMSD backbone 

profile of 2.98 Å, SASA of 18.655 Å2, and RMSF of 1.23 Å). Subsequent pharmacokinetic 

evaluations demonstrated that the prioritized compounds possess favorable drug-likeness and 

safety profiles, characterized by high predicted intestinal (82.19–91.757%) and moderate 

metabolic clearance. Notably, while Curcumin’s profile suggests potential as a lead compound, 

its recognized bioavailability challenges highlight the need for advanced formulation strategies.  

Collectively, these in silico findings suggest a multi-target therapeutic mechanism 

relevant to sarcopenia. However, experimental validation using in vitro muscle cell assays and 

in vivo models is essential to confirm regulatory effects at the cellular level. Future studies 

should also prioritize exploring the synergistic potential of combinatorial formulations of these 

herbs to maximize muscle preservation. This work provides a foundational framework for 

developing standardized, synergistic herbal therapies for the management of sarcopenia. 
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The following abbreviations are used in this manuscript: 

Abbreviation Definition 

ADMET Absorption, Distribution, Metabolism, Excretion, and Toxicity 

SMILES Simplified Molecular Input Line Entry System 

PPI Protein–Protein Interaction 

GO Gene Ontology 

MF Molecular Function 

BP Biological Process 

CC Cellular Component 

KEGG Kyoto Encyclopedia of Genes and Genomes 

FDR False Discovery Rate 

MVD Molegro Virtual Docker 

PDB Protein Data Bank 

MMFF94 Merck Molecular Force Field 94 
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Abbreviation Definition 

HIA Human Intestinal Absorption 

VDss Steady-State Volume of Distribution 

BBB Blood–Brain Barrier 

MD Molecular Dynamics 

HPC High-Performance Computing 

PBC Periodic Boundary Condition 

RMSD Root Mean Square Deviation 

SASA Solvent-Accessible Surface Area 

RMSF Root Mean Square Fluctuation 

AKT1 Alpha Serine/Threonine Kinase 1 

TP53 Tumor Protein p53 

BCL2 B-Cell Lymphoma 2 

LD₅₀ Lethal Dose 50% 
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