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Abstract  

Lung cancer has become a major health problem worldwide. Existing treatments, such as surgery, chemotherapy, 

and radiation, have limitations and significant side effects for humans. Therefore, new therapeutic agents that are more 

specific and safer are needed. The exploration of new drugs derived from Indonesiaʼs plant biodiversity has great potential 

for treating lung cancer. Various technical and computational approaches, such as network pharmacology, virtual 

screening, molecular docking, and molecular dynamics, are used to identify potential drug compounds. Further validation 

was conducted using drug-likeness and pharmacokinetic profile assessments to assess the suitability of the compounds as 

drug candidates. AKT1, EGFR, KRAS, and SRC were selected as therapeutic targets, with the aim of inhibiting oncogenic 

proteins that regulate signaling pathways. The target proteins were selected based on network pharmacology and 

enrichment analysis, with high centrality values. Cross-validation was also performed using the TCGA database to 

compare with wet-lab data. Through a series of virtual screenings, the best targets were obtained, namely CID: 44425461 

(AKT1), 76336754 (EGFR), 11081540 (KRAS), and 16757188 (SRC). This research is an early stage in drug discovery 

and also supports the development of Indonesian herbal-based drugs. Through various computational techniques, it can 

be concluded that Indonesian herbal compounds have the potential to be used as lung cancer drugs. Although 

computational techniques in this study suggested promising results, further in vitro/in vivo validation is required to 

confirm the biological evidence. 

 

Keywords: Lung cancer, Network pharmacology, Molecular docking, Molecular dynamics, Natural products, Indonesian 

herbal medicine 

 

Introduction 

Cancer is a major healthcare issue worldwide, 

accounting for a total of 9.7 million deaths and 20 

million new cases in 2022. Among all types of cancer, 

lung cancer remains the leading cause of cancer-related 

 
†These authors have equal contributions to this work. 

mortality, standing at approximately 18.7%, followed 

by colorectal, liver, female breast, and stomach cancers 

[1]. In 2022, nearly 2.5 million new cases and 1.8 

million deaths of lung cancer were reported, 

highlighting the substantial financial burden imposed on 
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welfare systems across regions and genders [2,3]. 

Beyond the rising prevalence of cancer, treatment costs 

have also increased. Li et al. observed that the average 

cost of lung cancer treatment per patient in China rose 

from USD 7,600 during 2005 - 2011 to USD 10,400 

during 2012 - 2014 [4]. Driven by rising medication 

costs and an increasing number of patients, total health 

expenditure on lung cancer treatment in the Netherlands 

surged by 67.5% between 2016 and 2021, reaching 

€1.22 billion in 2021 [2]. Furthermore, the OECD has 

estimated increases in depression cases and declines in 

workforce productivity due to cancer, demonstrating its 

significant socio-economic impact [3]. 

To inhibit cancer progression, conventional 

treatments, namely surgery, chemotherapy, and 

radiation, have been extensively studied and 

implemented. However, these treatments exhibit 

significant limitations: no targeting ability, low 

specificity, cytotoxicity, poor bioavailability, rapid drug 

clearance, and drug resistance [5,6]. Chemotherapy, in 

particular, is often ineffective over the long term due to 

drug resistance mechanisms, including enhanced drug 

efflux, genetic modifications, increased DNA repair 

capacity, and elevated xenobiotic metabolism. Notably, 

drug resistance contributes to over 90% cancer-related 

mortality [7]. Chemotherapy is also frequently 

associated with adverse effects such as diarrhoea, 

vomiting, constipation, mucositis, and anaemia [8]. As 

a result, its 5-year survival rate is only 19% for all stages 

combined [9]. These highlight the urgency to explore 

novel therapeutic agents with improved specificity, 

efficacy, and safety. 

Many cancer medications target oncogene 

pathways in lung cancer, including v-Ki-ras2 Kirsten rat 

sarcoma viral oncogene homolog (KRAS), epidermal 

growth factor receptor (EGFR), AKT serine/threonine 

kinase 1 (AKT1), and proto-oncogene tyrosine kinase c-

SRC (SRC). As one of the most mutated proteins in 

cancer, KRAS overactivation triggers downstream 

pathways such as RAS/MEK/ERK and 

PI3K/AKT/mTOR pathways, thereby leading to 

increased cellular proliferation, differentiation, anti-

apoptosis, and invasion [10]. For non-small cell lung 

cancer (NSCLC), EGFR mutation is the key mediator of 

lung cancer initiation and progression through autocrine 

and/or paracrine signalling [11]. Both KRAS and EGFR 

activate PI3K-AKT signalling, promoting cell survival, 

proliferation, and metabolism. This hyperactivation 

provides greater resistance to chemotherapy and 

radiotherapy [10-15]. EGFR and AKT also interact with 

SRC, a protein tyrosine kinase that regulates cell 

migration, adhesion, and invasion, ultimately leading to 

metastasis [16]. 

As an alternative approach, plant-derived 

bioactive compounds have attracted increasing attention 

due to their high molecular diversity, novel 

biofunctionalities, and tumor-suppressive effects 

[17,18]. This study aims to identify novel bioactive 

compounds derived from Jamu, a traditional Indonesian 

herbal medicine, that may serve as safer, more effective 

alternatives to conventional cancer therapies. Jamu, 

widely used as a household remedy, predominantly uses 

medicinal plants from the Zingiberaceae family and 

contains active metabolites [19]. For example, curcumin 

has been shown to inhibit cancer-related signalling 

pathways, including the PI3K/Akt/mTOR, 

Ras/Raf/ERK, and JAK1,2/STAT3 pathways, thus 

reducing cell proliferation and inducing apoptosis [20]. 

Although clinical trials investigating Jamu as a cancer 

treatment remain limited, one study has reported a 

reduction in tumor size in patients with fibroadenoma 

mammae, a benign breast tumor [21]. 

To evaluate their therapeutic potential, in silico 

methods offer a cost-effective, time-saving approach. 

These include virtual screening of phytochemicals, 

network pharmacology, enrichment analysis, molecular 

docking, druglikeness analysis, and molecular dynamics 

simulations. Therefore, it allows identification of 

multiple targets and pathways, the interactions between 

targets and phytochemicals, and the overall potential of 

these compounds as novel antitumor drugs. 

 

Materials and methods 

Network pharmacology 

Data mining 

Target proteins associated with lung cancer were 

predicted using six databases, namely PharmGKB 

(https://www.pharmgkb.org/) [22], Comparative 

Toxicogenomics Database (https://ctdbase.org/) [23], 

Online Mendelian Inheritance in Man 

(https://www.omim.org/) [24], GeneCards 

(https://www.genecards.org/) [25], The Human Protein 

Atlas (https://www.proteinatlas.org/) [26], and STRING 

(https://string-db.org/) [27]. Data mining is based on 
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specific lung cancer in the target “homo sapiens”. The 

data is processed and grouped into a single dataset of 

potential lung cancer gene pools for further analysis. 

 

Protein-Protein Interaction (PPI) construction 

Based on the protein pool obtained from data 

mining of six databases, protein-protein interactions 

were constructed. The PPI network pharmacology was 

constructed using a combination of the Search Tool for 

the Retrieval of Interacting Genes/Proteins (STRING) 

web server (https://string-db.org/) and Cytoscape [27-

29]. The STRING database provided the initial protein-

protein interaction relationships. Meanwhile, Cytoscape 

was used for clustering, filtering, and visualization of 

protein centrality [30]. The protein set was clustered 

using ClusterOne to obtain protein groups with the 

lowest p-value. Proteins with the best connections were 

filtered based on the highest degree centrality (DC), 

betweenness centrality (BC), and closeness centrality 

(CC) values.  

 

Enrichment analysis 

Functional enrichment analysis was performed to 

identify the relevance of biological pathways of 

potential target proteins. Gene function annotation was 

followed by mapping specific biological pathways to 

predict their potential in lung cancer. Enrichment 

analysis was divided into two main parts, namely gene 

ontology (GO) and KEGG pathway analysis. GO 

annotation was performed using Metascape 

(https://metascape.org) with the MCODE clustering 

model [31]. Disease enrichment analysis was performed 

using DisGeNET annotations and data from several 

other databases, including PaGenBase and the 

Transcription Factor Targets database. Cross-validation 

was performed using SRplot 

(https://www.bioinformatics.com.cn/en) to support the 

biological pathway analysis of target proteins [32,33]. 

SRplot provides GO analysis based on biological 

process (BP), cellular component (CC), and molecular 

function (MF). In addition, the analysis also includes 

biological pathway prediction using the KEGG pathway 

database.   

 

The Cancer Genome Atlas Analysis (TCGA) 

The potential of therapeutic proteins in lung 

cancer was evaluated using the Gene Expression 

Profiling Interactive Analysis (GEPIA) database 

(http://gepia.cancer-pku.cn/) [34]. The data used were 

biological experimental data taken from The Cancer 

Genome Atlas (TCGA) and Genotype-Tissue 

Expression (GTEx). This analysis examined gene 

expression in normal and cancer patients. Target 

proteins were used as input with the keyword “Lung 

Adenocarcinoma” (LUAD). Several proteins, including 

AKT1, EGFR, KRAS, and SRC, were evaluated based 

on RNA-sequence data. 

 

Molecular docking 

Protein preparation 

Molecular docking simulations were performed in 

three main stages: protein and ligand preparation, 

simulation, and visualization. Molecular docking 

preparation was performed using MGLTools v1.5.7, 

including water removal, pure protein extraction, 

gridbox generation, hydrogen addition, and charging. At 

this stage, re-docking was also performed to evaluate the 

best protein model resulting from network 

pharmacology [35]. The analysis was performed on the 

AKT1 (PDB code: 3QKL) [36], EGFR (PDB code: 

3W33) [37], KRAS (PDB code: 6OIM) [38] and SRC 

(PDB code: 2BDF) [39] proteins. The protein models 

were taken from the RCSB Protein Data Bank using the 

x-ray diffraction method and a resolution of < 3 Å. 

 

Ligand data mining and preparation 

Meanwhile, candidate compounds were taken 

from the KNApSAcK database using an entry list of all 

traditional Indonesian plants called Jamu [40].  Data 

mining was performed using an API to obtain all herbal 

plant name data. A total of 700 herb species were 

identified from the KNApSAcK database. From the 

plant list, compound information was mined from 

PubChem, yielding 37,000 chemical compounds [41]. 

As a preliminary step, compounds with a molecular 

weight < 500 Da were selected to meet the small-

molecule requirement of Lipinski's rules. Through this 

stage, a total of 21,000 compounds were obtained in sdf 

file format and converted and optimized into PDBQT 

file format. 

 

Molecular docking simulation and visualization 

The simulation process was performed on four 

target proteins; each protein was docked against 21,000 
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compounds using the Autodock Vina algorithm [42,43]. 

Molecular docking is an initial screening process to test 

the binding affinity of drug candidates with target 

proteins. The simulation was performed using a Perl 5 

v32 script to run it automatically. Drug candidates were 

filtered based on the highest-ranked docking compounds 

and compared with the control. Then, the best docking 

results were visualized in PyMOL and Biovia Discovery 

Studio to identify 2D and 3D structural interactions. 

 

Pharmacokinetics and toxicology prediction 

The best docking compounds are revalidated using 

pharmacokinetic and toxicological information. Drug 

candidates are evaluated using the pKCSM webserver 

(https://biosig.lab.uq.edu.au/pkcsm/) and following 

Lipinski's rules [44]. This analysis is performed by 

examining drug properties to assess bioavailability and 

human safety. Predictions are made to assess the 

absorption, distribution, metabolism, excretion, and 

toxicity (ADMET) properties of candidate compounds 

using SMILES input. Bioavailability predictions follow 

Lipinski's rules: molecular weight (MW) ≤ 500 Da, 

lipophilicity (Log P) ≤ 5, hydrogen bond donors (HBD) 

≤ 5, and hydrogen bond acceptors (HBA) ≤ 10. 

 

Permeability prediction 

The permeability of potential candidate 

compounds across membranes was analyzed using the 

Permeability of Molecules across Membranes (PerMM) 

web server (https://permm.phar.umich.edu/) [45]. The 

best compounds from the previous screening were used 

as input in PDB format. Experimental conditions 

included 310 K and pH 7.4. This analysis included the 

calculation of membrane binding affinities using the 

Black Lipid Membrane (BLM) model. 

 

Molecular dynamics simulation 

Molecular dynamics simulations were performed 

using a combination of CHARMM-GUI 

(https://www.charmm-gui.org/) and GROMACS 

[46,47]. CHARMM-GUI was used to prepare the 

protein-ligand complex using the solution builder 

feature. Compounds not listed in the RCSB Protein Data 

Bank and that could not be parameterized using CGenFF 

were constructed using the Ligand Reader and Modeler 

modules [48]. The parameters used in the preparation 

stage were 310K, 0.15% NaCl, the AMBER force field, 

and a simulation time of 200 nanoseconds. The output 

from CHARMM-GUI was an initial topology file that 

was used as input for a molecular dynamics simulation 

in GROMACS. The molecular dynamics simulation in 

GROMACS included minimization, equilibration, and 

final simulation for predicting the stability of the 

protein-ligand system. The results were visualized using 

XMGrace tools to view the root mean square deviation 

(RMSD), root mean square fluctuation (RMSF), radius 

of gyration (Rg), and hydrogen bond (HB) values. 

 

MM/GBSA scoring 

Free energy binding analysis was performed using 

the MM/GBSA method [46,49]. Free energy 

calculations were analyzed based on molecular 

dynamics simulation trajectories generated by 

GROMACS. Free energy calculations were performed 

using the external tool gmx_MMPBSA to generate van 

der Waals, electrostatic, solvation (GB), and non-polar 

energy values. MM/GBSA graph visualization was 

performed using Matplotlib in the Python programming 

language. 

 

Free Energy Landscape (FEL) 

Free energy landscape (FEL) calculations were 

performed using the output trajectory (xtc) from 

molecular dynamics simulations of each protein-ligand 

complex [50]. The components required for FEL 

calculations include the trajectory (xtc) file, topology 

(tpr) file, and index (ndx) file. The simulation was 

performed for 100 ns using “gmx covar” to generate 

eigenvalues (eigenval.xvg) and eigen vectors (eigen.trr). 

These results were used to identify the atomic motion 

covariance values in the complex system. Next, the main 

components (PC1 and PC2) were projected using the 

“gmx anaeig” tool to analyze the conformation 

distribution of the system in PCA space. The projections 

were then reanalyzed using “gmx sham” to create Gibbs 

free energy maps (kJ/mol) and visualized in eps and pdf 

files using “gmx xpm2p” and “imageMagick”. Gibbs 

free energy calculations were performed using the 

following formula: 

 

𝛥𝐺𝑖 =  −𝑘𝑇 (
𝑃𝑖(𝑟)

𝑃𝑚𝑎𝑥(𝑟)
)                                                   (1) 
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In the following equation, k and T represent the 

Boltzmann constant and simulation temperature, 

respectively. The probability of each state is calculated 

based on the reaction coordinate distribution of the MD 

trajectory used. The maximum probability state is used 

as a reference in determining ΔG. 

 

Principal Component Analysis (PCA) 

Principal Component Analysis is a method for 

calculating essential dynamics to evaluate the stability 

of protein-ligand complexes. This analysis is based on a 

covariance matrix constructed from α-carbon (Cα) 

fluctuations. PCA is performed using the Bio3D 

package in RStudio software to analyze trajectory files 

(xtc) resulting from GROMACS molecular dynamics 

simulations [51,52]. The trajectory file (xtc) contains 

pure protein, cleaned of water molecules. PCA is 

computed by eigenvalue decomposition of the 

covariance matrix to identify the main components with 

the greatest variance. The PCA model used follows the 

following mathematical formula: 

 

𝑀 = 𝑇𝐾𝑃𝐾
𝑇 + 𝑅                                                             (2) 

 

M is the matrix product, 𝑇𝐾  represents sample 

correlations, 𝑃𝐾  is the variable correlations, 𝐾 is the 

number of parameters, and 𝑅 is the residual matrix. 

Matrix product information is used in evaluating the 

stability of interactions between proteins and ligands 

during simulation. Eigenvector calculations are 

performed using the best PC1, PC2, and PC3 values for 

vector values in the matrix. Covariance matrix 

calculations follow the following formula. 

 

𝐶 = 𝑉𝐴𝑉𝑇                                                                    (3) 

 

𝐶 is the covariance matrix, 𝑉 represents the matrix 

of eigenvectors, and 𝐴 corresponds to the diagonal 

matrix of eigenvalues. All of these parameters are used 

in the analysis of the dispersion of each PC to identify 

the stability of proteins and ligands in a complex. 

 

Dynamic Cross Correlation Matrix (DCCM) 

The dynamics cross-correlation matrix (DCCM) 

was computed using the Bio3D (dccm) package in 

RStudio [51,52]. This analysis was conducted to 

identify antiparallel interactions between Cα and other 

atoms. DCCM values range from ‒1 to +1, indicating 

parallel interactions for positive values and antiparallel 

interactions for negative values. The following 

parameters were used to analyze internal dynamic 

communication within proteins and ligand binding to 

protein dynamics. DCCM calculations were performed 

using the following mathematical formula: 

 

𝐷𝐶𝐶𝑀𝑖𝑗 =  
〈𝑑⃗𝑖 .  𝑑⃗𝑗〉

√〈𝑑𝑖2〉〈𝑑𝑗2〉
                                                        (4) 

 

The vector d ⃗i indicates the shift of the residual to 

i from the average position, while d ⃗j represents the 

shift of the residual to j. 

 

Results 

Identification of potential targets through 

network pharmacology analysis 

The first step in the network pharmacology 

analysis for determining the target protein was to 

conduct a protein-protein interaction (PPI) analysis. 

Figure 1 shows the best candidates based on clustering 

and filter results. The STRING PPI generated 1,658 

nodes, 57,876 edges, and provided a visualization of the 

network before filtering. Then, ClusterOne was used to 

identify protein complexes in the PPI networks that 

exhibit strong biological relationships. These clusters 

are formed based on strong biological linkages among 

network nodes. Figure 1(A) shows the results of the top 

cluster with the lowest p-value of 9.67×10−6 and a total 

of 223 proteins/nodes. The clustering results were 

screened using three main parameters: degree > 150, 

betweenness centrality > 0.005, and closeness centrality 

> 0.5. After applying these parameters, the results 

identified 25 nodes with 296 degrees, indicating strong 

connectivity across centrality and biological 

relationships. Further validation using GOlorize (Figure 

1(C)) showed that the target genes AKT1, EGFR, 

KRAS, and SRC are significantly correlated with 

general cancer mechanisms. These 4 genes regulate 

protein kinase activity, signaling processes, and cell 

migration regulation associated with metastasis.
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Figure 1 Protein-protein interaction (PPI) network using Cytoscape. (A) ClusterOne clustering calculation; (B) Protein-

protein interaction (PPI) network; (C) Gene annotation by GOlorize. 

 

 

Gene Ontology (GO) and KEGG pathway 

enrichment analysis 

Next, an enrichment analysis was conducted using 

two independent tools: Metascape and SRplot. The 

Metascape analysis (Figure 2(A)) revealed that the 

target genes are significantly associated with cancer 

pathways and the role of microRNAs in cancer. In 

addition, the target genes are involved in several other 

biological regulatory processes, such as proliferation, 

locomotion, and signaling. GO enrichment was also 

conducted by using an SRplot for cross-validation 

(Figure 2(B)). The SRplot gene function annotations 

were divided into 3 categories: biological process (BP), 

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

In the BP category, most genes were associated with 

positive regulation pathways for kinase activity, 

peptidyl-tyrosine phosphorylation, and the MAPK 

cascade. For the CC category, the highest scores were 

obtained for the phosphatidylinositol 3-kinase complex, 

membrane rafts, and focal adhesions. The MF category 

showed the highest scores for receptor-ligand activity, 

signaling receptor activator activity, and cytokine 

receptor binding. The analysis showed the significance 

of the candidate genes in cancer and their signaling 

pathways. 
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Figure 2 Functional enrichment analysis of the identified target genes. (A) Gene Ontology (GO) enrichment analysis of 

the target genes using Metascape; (B) GO Biological Process (BP), (C) GO cellular Component, (D) Molecular Function 

(MF) enrichment analysis visualized by SRplot.  

 

In addition, KEGG enrichment analysis was 

performed to map the gene poolʼs involvement in 

specific biological pathways and complement the GO 

and pathway analyses. The results of the analysis are 

mapped using an SRplot algorithm (Table 1). The 

results revealed that the candidate genes are linked to 

proteoglycan effectors and EGFR tyrosine kinase, both 

of which modulate the PI3K-Akt signaling pathway and 

are potentially involved in cancer pathways. Therefore, 

the candidate genes are closely linked to cancer 

signaling pathways and are potential oncogenes. The 

most significant biological pathways were selected 

based on p-values and q-values. The p-value represents 

the probability of linking a gene pool to a pathway as a 

whole. Meanwhile, the q-value is the p-value corrected 

for multiple comparisons using the false discovery rate 

(FDR) method. This adjustment was used to increase the 

confidence level of the best biological pathways.

  

Table 1 KEGG pathway enrichment analysis results of the identified target genes. 

ID Description Gene Ratio p-value q-value 

hsa04151 
PI3K-Akt signaling 

pathway 
93/216 2.14614E-76 9.71409E-75 

hsa05205 
Proteoglycans in 

cancer 
69/216 1.88015E-64 4.25507E-63 

hsa01521 
EGFR tyrosine kinase 

inhibitor resistance 
50/216 1.49564E-63 2.25657E-62 

hsa04933 

AGE-RAGE signaling 

pathway in diabetic 

complications 

51/216 4.22544E-58 4.78142E-57 

hsa04010 
MAPK signaling 

pathway 
73/216 1.03774E-56 9.39428E-56 
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Clinical relevance validation using the TCGA 

database 

Gene expression analysis using the TCGA 

database (Figure 3) showed that AKT1, EGFR, KRAS, 

and SRC were expressed at higher levels in tumor tissue 

than in normal tissue. The data were based on 

comparisons of gene expression levels between tumor 

tissue (T) and normal tissue (N), with sample sizes of 

483 and 347, respectively. Figure 3 shows the 

difference in the expression of the target genes between 

tumor and normal tissue (Figures 3(A) - 3(D)). The 

boxplot shows that the 4 target genes are overexpressed 

in patients with lung adenocarcinoma (LUAD). 

Therefore, as this studyʼs findings validate the TCGA, 

they help healthcare workers identify the most 

promising therapeutic targets during the virtual 

screening of drug compound candidates.

 

 

Figure 3 mRNA expression analysis of core target genes based on The Cancer Genome Atlas (TCGA) database. mRNA 

expression level of (A) AKT1, (B)EGFR, (C) KRAS, and (D) SRC. 

 

Molecular docking simulation analysis 

The first stage of the molecular docking screening 

process compared the control co-crystallized ligand with 

the drug candidate compounds for parameters such as 

binding affinity, RMSD, and interaction. Figures 4(A) - 

4(D)) shows that the control co-crystallized ligand binds 

stably to the binding site of each target protein. The 

interaction between the amino acid residue and the 

control compound acts as the coordinate template for 

screening attachment. There are several observable 

interactions in this protein-ligand complex, including 

hydrogen bonds, hydrophobic interactions, and the α 

interaction, indicating that multiple bonds contribute to 

the stability of the complex. This information was used 

to create a standard re-docking process template to 

validate and test the feasibility of drug candidate 

compounds.  

Meanwhile, the drug candidate compounds 

(Figures 4(E) - 4(H)) bind at the same coordinates as 

the control co-crystallized ligand. The interaction 

strength was reevaluated based on binding affinity and 

RMSD values for each protein complex (Table 2). The 

second of 10 modes for ligand pose and binding 

orientation was selected using the AutoDock Vina 

algorithm. The second mode was chosen as the binding 

pose because the first mode represents a self-docking 

conformation similar to the control co-crystallized 

ligand. This self-docking conformation impacts the 

RMSD value in the first mode, making it always 0. Thus, 

the 2nd mode was selected to indicate an alternative pose 

orientation at the specified binding site. The results of 

all molecular docking simulations for all compounds 

can be seen in Supplementary Material 2, which 

includes the docking results (.log) and ligand pose 

visualizations (_out.pdbqt) for each protein. 

Next, the visualization of the drug candidate 

compounds indicates the bonds that formed with the 

residues. Figures 4(E) - 4(H)) shows these bond 

combinations, including hydrogen bonds and 

hydrophobic interactions that stabilize protein-ligand 

complexes. Overall, the molecular docking results 

indicate that the AKT1, EGFR, KRAS, and SRC protein 

complexes can form stable protein-ligand bonds with 

the candidate compounds. 
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Table 2 Docking scores of candidate compounds against selected protein targets.  

Protein Ligands IUPAC Name 

Binding 

affinity 

(kcal/mol) 

RMSD 
Hydrogen 

bond 

AKT1 

PDB ID: 

3QKL 

Control 

(SMR) 

N-(2-ethoxyethyl)-N-[(2S)-2-hydroxy-3-[(7S)-

spiro[8,9-dihydro-3H-pyrano[3,2-e]indazole-

7,3'-piperidine]-1'-yl]propyl]-2,6-

dimethylbenzenesulfonamide 

‒9.5 1.64 
Ala230, 

Glu228 

CID: 

44425461 

(9R,17R)-17-hydroxy-2,16-dimethyl-15-

[(1R,4R,5R)-1-methyl-8-methylidene-7-oxo-2,6-

dioxabicyclo[3.3.1]nonan-4-yl]-8-

oxatetracyclo[9.7.0.03,9.012,16]octadeca-2,4-

dien-7-one 

‒12.3 2.19 Phe161 

EGFR 

PDB ID: 

3W33 

Control 

(W19) 

4-[4-(1-benzothiophen-4-yloxy)-3-

chloroanilino]-N-(2-hydroxyethyl)-8,9-dihydro-

7H-pyrimido[4,5-b]azepine-6-carboxamide 

‒11.2 1.37 Met793 

CID: 

76336754 

(1S,5S,7S,9R,11S,12S)-5-hydroxy-2,16-

dimethyl-15-[(1R,4R,5R)-1-methyl-8-

methylidene-7-oxo-2,6-

dioxabicyclo[3.3.1]nonan-4-yl]-8-

oxapentacyclo[9.7.0.02,7.07,9.012,16]octadecan-

3-one 

‒11.1 1.80 
Asp855, 

Thr790 

KRAS 

PDB ID: 

6OIM 

Control 

(MOV) 

6-fluoro-7-(2-fluoro-6-hydroxyphenyl)-4-[(2S)-

2-methyl-4-propanoylpiperazin-1-yl]-1-(4-

methyl-2-propan-2-yl-3-pyridinyl)pyrido[2,3-

d]pyrimidin-2-one 

‒7.8 1.25 Glu63 

CID: 

11081540 

(3aS,5aR,9S,9aS,9bS)-9-

[[(3R,3aR,6aR,9aR,9bR)-3-hydroxy-6,9-

dimethylidene-2-oxo-3a,4,5,6a,7,8,9a,9b-

octahydroazuleno[4,5-b]furan-3-yl]methyl]-5a,9-

dimethyl-3-methylidene-4,5,7,8,9a,9b-

hexahydro-3aH-benzo[g][1]benzofuran-2,6-

dione 

‒9.9 2.084 Gln61 

SRC 

PDB ID: 

2BDF 

Control 

(24A) 

[[4-[[2-(4-aminocyclohexyl)-9-ethylpurin-6-

yl]amino]phenyl]-

hydroxyphosphoryl]methylphosphonic acid 

‒8.7 1.87 Thr338 

CID: 

16757188 

(1S,9R,11S,12S,15R,16S)-2,16-dimethyl-15-

[(1R,4R,5R)-1-methyl-8-methylidene-7-oxo-2,6-

dioxabicyclo[3.3.1]nonan-4-yl]-8-

oxatetracyclo[9.7.0.03,9.012,16]octadeca-2,4-

dien-7-one 

‒10.7 2.25 Cys277 
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Figure 4 Molecular docking visualization of control inhibitors and candidate compounds bound to target proteins. Control 

inhibitors: (A) SMR-AKT1 complex, (B) W19-EGFR complex, (C) MOV-KRAS complex, and (D) 24A-SRC complex. 

Candidate compounds: (E) CID: 44425461-AKT1 complex, (F) CID: 76336754-EGFR complex, (G) CID: 11081540-

KRAS complex, and (H) CID: 16757188-SRC complex.   
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Drug-likeness and pharmacokinetic profile 

evaluation 

Further validation of drug suitability was 

performed using pharmacokinetic analysis to assess the 

bioavailability of candidate drug compounds. 

Pharmacokinetic predictions from pKCSM are shown in 

Table 3, which includes four compounds from the entire 

AKT1, EGFR, KRAS, and SRC complexes. All 

candidates met the Lipinski rules without any violations. 

This indicates that the candidate compounds have good 

potential for absorption by the gastrointestinal tract. The 

Lipinski rules are used as an initial screening step to 

select drug candidates based on physicochemical 

properties. Still, they are not the basis for the final 

determination of drug compounds as patent criteria.

 

Table 3 Drug-likeness evaluation of selected compounds based on Lipinski’s rule of five. 

CID Molecular weight (g/mol) AlogP H-Bond aceptor H-Bond donor Rotatable bonds 

44425461 468.59 3.884 6 1 1 

76336754 470.60 3.593 6 1 1 

16757188 452.59 4.913 5 0 1 

11081540 494.62 4.464 6 1 2 

 

ADME and toxicity prediction analysis 

Pharmacokinetic and toxicological predictions for 

drug candidate compounds are shown in Table 4. The 

results include values for absorption, distribution, 

metabolism, excretion, and toxicity parameters. All 

compounds (CID: 44425461, 76336754, 16757188, and 

11081540) showed high Caco-2 permeability and 

intestinal absorption above 97%. This indicates good 

oral absorption potential of the drug candidate 

compounds. Distribution parameters indicate low to 

moderate BBB and CNS penetration, suggesting 

reduced potential for CNS side effects. Meanwhile, the 

CYP3A4 and CYP1A2 substrate metabolism pathways 

indicate control of the risk of drug interactions in the 

metabolic pathway. The total clearance value is also 

within the moderate range, and the majority of the 

compound is not a renal OCT2 substrate. This analysis 

also emphasizes four toxicity parameters: AMES, hERG 

I, hERG II, and hepatotoxicity, which reinforce the 

compound's suitability as a candidate for further drug 

development. 

 

Table 4 Pharmacokinetic and toxicological prediction of selected ligands. 

Category Parameter Unit 
Pubchem Compound ID (CID) 

44425461 76336754 16757188 11081540 

Absorption Caco2 permeability Log Papp in 10-6 cm/s 1.159 1.237 1.310 0.969 

 Intestinal absorption % 97.381 99.525 98.722 99.225 

 Water solubility Log mol/L ‒5.388 ‒4.891 ‒5.545 ‒5.486 

Distribution BBB permeability Log BB ‒0.337 ‒0.342 0.249 ‒0.309 

 CNS permeability Log PS ‒2.486 ‒2.672 ‒1.511 ‒2.564 

Metabolism CYP3A4 substrate Yes/No Yes Yes Yes Yes 

 CYP1A2 inhibitor Yes/No No No No No 

Excretion Total clearance Log ml/min/kg 0.38 0.251 0.339 0.223 

 Renal OCT2 substrate Yes/No No No No Yes 

Toxicity AMES toxicity Yes/No No No No No 

 hERG I inhibitor Yes/No No No No No 

 hERG II inhibitor Yes/No No No No No 

 Hepatotoxicity Yes/No No No No No 
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Molecular dynamics simulation analysis 

The molecular dynamics simulation results are 

shown in Figure 5 for the protein-ligand complexes 

AKT1 (A), EGFR (B), KRAS (C), and SRC (D). The 

graph shows a molecular dynamics simulation for 200 

nanoseconds and compares the control co-crystallized 

ligand with the best candidate compound. Stability was 

evaluated based on the following parameters: RMSD, 

RMSF, Rg, and the number of hydrogen bonds during 

the simulation. The RMSD backbone profiles across all 

systems showed relatively stable fluctuations at the 

beginning of the simulation, consistent with the control 

co-crystallized ligand. However, the EGFR-CID 

76336754 complex showed increased fluctuations after 

100 nanoseconds. The other candidate compounds (CID 

44425461, 11081540, and 16757188) showed stable 

attachment, as their RMSD graphs resembled those of 

the control co-crystallized ligand, with no significant 

fluctuations. Meanwhile, RMSF results show that 

residual fluctuations are localized in flexible regions. 

The EGFR-CID 76336754 complex also showed high 

graphic spikes on certain residues, but most of its other 

residues remained stable. The radius of gyration (Rg) 

results for all compounds also show a pattern similar to 

the control. All drug candidate compounds show good 

stability. The KRAS-CID 11081540 complex showed a 

brief spike at a specific time, but the system returned to 

a stable pattern after a while. Meanwhile, from the 

hydrogen bond parameter, it can be seen that all 

complex systems maintained stable hydrogen bonds 

throughout the simulation. The results of the molecular 

dynamics trajectories are shown in Supplementary File 

3.

 

 

Figure 5 Molecular dynamics simulation analysis of protein-ligand complexes, including root mean square deviation 

(RMSD), root mean square fluctuation (RMSF), radius of gyration (Rg), and hydrogen bond profiles. (A) AKT1 

complexes with the control inhibitor SMR (black) and the candidate compound CID: 44425461 (red). (B) EGFR 

complexes with the control inhibitor W19 (black) and the candidate compound CID: 76336754 (orange). (C) KRAS 

complexes with the control inhibitor MOV (black) and the candidate compound CID: 11081540 (blue). And (D) SRC 

complexes with the control inhibitor 24A (black) and the candidate compound CID: 16757188 (purple). 
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MM/GBSA binding free energy analysis 

The post-molecular dynamics analysis includes an 

MM/GBSA calculation. Figure 6 shows the ratio of 

binding free energy (ΔG Total) between the control 

(black line) and the drug candidate compound. The MM/ 

computational simulation was performed for 200 

nanoseconds and divided into 8,000 frames. Figure 

6(A) shows the ΔG total value for the AKT1 complex. 

The figure shows that the control has a more negative 

total binding free energy value than the CID 44425461 

compound. This finding indicates that the control has a 

stronger affinity than the test compound. However, the 

graph shows that the CID 44425461 compound exhibits 

a stable, consistent pattern throughout the simulation. 

Figures 6(B) shows the total binding free energy of the 

EGFR complex. The CID 76336754 compound showed 

a lower total ΔG than the control. Thus, in some 

simulations, the test compound showed stronger 

binding, characterized by a more negative ΔG. Next, the 

incline at the 75 - 100 nanosecond range indicates a 

phase of conformational adjustment in the system, after 

which it reaches a stable state. 

Furthermore, given the important roles of KRAS 

and SRC in the signaling pathway, the MM/GBSA 

evaluation was also performed on the protein complex, 

and the results are shown in Figures 6(C) and 6(D). The 

graph shows that the CID compounds 11081540 and 

16757188 have higher ΔG than the control. The ΔG gap 

is 5 -10 kcal/mol, indicating a difference in bond 

stability between the control system and the test 

compound complex. This difference is influenced by 

several factors, such as van der Waals forces and 

electrostatic interactions, which help determine the 

stability of protein-ligand complexes. Compared 

directly with the test compound, the control remains 

more stable. However, the entire system of test 

compounds could reach stability at a specific time 

without any significant graphic spikes and maintain it 

until the end of the simulation.
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Figure 6 Molecular mechanics generalized Born surface area binding free energy analysis of protein-ligand complexes. 

(A) AKT1 complex, (B) EGFR complex, (C) KRAS complex, (D) SRC complex.  

 

 Membrane permeability assessment analysis 

(PerMM) 

The membrane permeability prediction showed 

the differences in interaction profiles between the 

control and test compounds (Figure 7). The control co-

crystallized ligand (Figures 7(A) - 7(C)) maintained 

consistent orientation and dynamics when passing 

through the lipid membrane. The control and test 
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compounds crossed both leaflet membranes with a 

distance between leaflets of 30 Å. Figure 7(H) shows 

the binding free energy profile of the control ligand. It 

shows energy valleys along the sides and a peak in the 

middle of the membrane. The control compound w19 

showed the highest value at 6 kcal/mol. This finding 

indicates that it is more difficult for the w19 compound 

to penetrate the hydrophobic core than smr (1 kcal/mol), 

which has the lowest profile. 

Meanwhile, the results for the test compounds 

were significantly different from those of the control. 

Compounds CID 16757188, 11081540, 76336754, and 

44425461 show values below 0 kcal/mol in the middle 

of the graph. The test compounds CID 44425461 and 

11081540 have the best balance and value, with valleys 

that are not too negative and resistance in the middle 

being close to Z = 0. Meanwhile, the CID 16757188 

compound showed the deepest valley, indicating the 

ligand could be easily trapped in the membrane. 

Compound CID 76336754 also shows an increase in its 

Z values (0 - 12 Å), indicating that it was difficult for 

this compound to penetrate the membrane due to a high 

energy barrier. Overall, the moderate binding free 

energy value shows good ligand dynamics within the 

lipid bilayer environment. Therefore, the compound 

could interact well with the membrane without any 

indications of excessive energy entrapment.

 

 

Figure 7 Membrane permeability analysis of control inhibitors and candidate compounds using the perMM approach. 

Control inhibitors: (A) EGFR, (B) KRAS, and (C) AKT1 complexes. Candidate compounds: (D) CID: 11081540, (E) 

CID: 44425461, (F) CID: 16757188, (G) CID: 76336754. Energy profiles: Free energy profile of membrane permeation 

for (H) control inhibitors and (I) candidate compounds.  

 

 Free Energy Landscape (FEL) analysis 

The free energy landscape (FEL) analysis, based 

on PC1 and PC2 projections, shows the distribution of 

energy states between the control system and the test 

compounds. The results are presented as a heatmap, with 

color gradients indicating the distribution of Gibbs 



Trends Sci. 2026; 23(11): 13841   16 of 30 

energy across the systemʼs conformation. The energy 

distribution is shown in Figure 8 for the FEL of the 

control system with the test compounds in each complex 

system. Figures 8(A) and 8(B) show that the energy 

basin for the AKT1 protein is relatively spread across 

the control system. Meanwhile, the test compound CID 

44425461 exhibited a mostly centralized system, 

accompanied by a reduced conformational distribution 

pattern. Next, the EGFR complex (Figures 8(C) and 

8(D)) shows a fragmented control system with multiple 

main basins. Similarly, the test compound CID 

76336754 had an energy distribution that was more 

concentrated in a single dominant basin. The test 

compounds also showed several transition areas around 

the main basin.  

Furthermore, the KRAS system complex (Figures 

8(E) and 8(F)) shows a clear energy difference between 

the control and the test compound, CID 11081540. In 

the control, the distribution is broader, whereas the test 

compound shows a narrowing of the low-energy region 

with a single main basin. The FEL of the SRC system 

(Figures 8(G) and 8(H)) shows that the control exhibits 

two distinct low-energy regions. The test compound 

CID 16757188 has a more focused distribution in a 

single dominant basin, with a limited distribution 

pattern. Overall, the FEL results show distinct 

conformational distributions between the control and 

test compounds. The test compounds showed a 

potentially stable dynamic potential, as their energy 

distributions are centered on the dominant basin.

  

 

Figure 8 Free energy landscape (FEL) plots of protein-ligand complexes. (A - B) AKT1 control and AKT1- CID: 

44425461 complexes, (C - D) EGFR control (W19) and CID: 76336754 complexes, (E-F) KRAS control (MOV) and 

CID: 11081540 complexes, and (G-H) SRC control (24A) and CID: 16757188 complexes.  
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Principal component analysis and dynamic 

cross-correlation matrix analysis 

The stability of the protein-ligand complex was 

further analyzed using principal component analysis 

(PCA) and the dynamic cross-correlation matrix 

(DCCM). This test was performed to identify the 

difference in dynamics between the control system and 

the test compound complexes. In the AKT1 system 

complex, comparing the control (Figure 9(A)) and the 

CID 44425461 (Figure 9(B)) complexes showed that 

the PCA distribution was more dispersed for the test 

compound. The PCA analysis showed that the first three 

main components (PC1-PC3) accounted for 33.9% of 

the total variance in the control conformation. 

Meanwhile, the CID 44425461 compound showed a 

value of 24.26%. This decrease in cumulative variance 

percentage in the test compound indicates a higher index 

of conformational flexibility. The DCCM results for 

CID 44425461 indicate a pattern of distribution to 

various degrees of structural freedom due to the 

interaction between the AKT1 complex and CID 

44425461.  

Meanwhile, for the other three complexes, PCA 

analysis showed that ligand binding increased the 

variance explained by the three main components (PC1-

PC3) relative to the control. In contrast, the test 

compound CID 44425461 showed a lower covariance 

than the control. In the EGFR complex, the test 

compound CID 76336754 showed a cumulative 

variance of 55.65%, compared with 35.09% for the 

control (Figures 9(C) and 9(D)). Then, in the KRAS 

complex, the cumulative variance for the control was 

35.77%, and for the test compound, CID 11081540, it 

was 42.04% (Figures 9(E) and 9(F)). Meanwhile, in the 

SRC complex, the test compound CID 16757188 

showed a stable, high-variance profile of 50.19%, 

compared with the control at 48.79% (Figures 9(G) and 

9(H)). This finding shows that CID 76336754 and 

16757188 exhibit a 50% variance profile, indicating 

stability and regularity in their dynamics. 

 

 

Figure 9 Principal component analysis (PCA) and dynamic cross-correlation matrix (DCCM) of protein-ligand 

complexes. (A - B) AKT1 control and AKT1- CID: 44425461 complexes, (C - D) EGFR control (W19) and CID: 

76336754 complexes, (E - F) KRAS control (MOV) and CID: 11081540 complexes, and (G - H) SRC control (24A) and 

CID: 16757188 complexes. 



Trends Sci. 2026; 23(11): 13841   18 of 30 

 

Discussions 

 Lung cancer is among the most prevalent types of 

malignant cancers and remains the leading cause of 

cancer-related death globally [53]. This disease is 

clinically classified into two major subtypes: Non-small 

cell lung cancer (NSCLC) and small cell lung cancer 

(SCLC) [54,55]. Despite the advancement of treatment 

strategies, current treatments, such as chemotherapy, 

radiation, and immunotherapy, remain frequently 

associated with significant adverse side effects [56,57]. 

These side effects compromise the patients’ quality of 

life during treatments. Therefore, there is a need for 

more effective therapeutic agents with reduced toxicity 

that can mitigate the adverse effects of current 

treatments. In this context, traditional Eastern medicine 

has been an interesting alternative, gaining increasing 

potential as a complementary approach through the 

holistic use of plant-derived compounds [19,58]. 

Accumulating evidence suggests that such interventions 

confer both preventive and therapeutic benefits. 

However, the efficacy of traditional Eastern medicine 

still varies.  

Indonesia is one of the world’s most biodiverse 

countries. The country has diverse plant biodiversity, 

making it an abundant source of plant-derived natural 

products [59,60]. These herbal plants contain a wide 

range of bioactive compounds [61]. They are typically 

processed and regulated in accordance with national 

regulations to produce the widely known traditional 

medicine referred to as jamu [19,40,62]. Therefore, 

there is a high potential for discovering novel 

therapeutic agents for lung cancer derived from 

Indonesian herbal plants. However, a large proportion of 

these plants remains insufficiently explored. Many 

studies have shown the health benefits of these plants, 

but they lack comprehensive scientific validation. Thus, 

optimization strategies to identify and refine bioactive 

compounds from Indonesian medicinal plants could 

provide a promising approach to developing novel lung 

cancer therapeutics.  

Previous studies have explored the functional 

annotation of the herbal plants using in silico approaches 

[63,64]. Advances in computational technology have 

enabled high-throughput drug screening by integrating 

diverse bioinformatics techniques [65,66]. These 

computational methodologies opened new avenues in 

drug discovery by combining multiple analytical 

methods and algorithms [51,67,68]. In this study, the 

researchers applied these integrative bioinformatics 

approaches to address the research objective of 

evaluating the potential of Indonesian herbal plants 

(jamu) in lung cancer treatment. 

The two main therapeutic strategies commonly 

employed in lung cancer treatment aim to activate tumor 

suppressor genes or inhibit oncogenes [69-71]. 

Oncogene inhibition aims to modulate dysregulated 

gene expression involved in cell cycle progression and 

uncontrolled cellular proliferation [72]. By suppressing 

proliferative signaling and oncogene overexpression, 

cancer cells may be indirectly driven toward apoptosis 

[73]. Conversely, the activation of tumor suppressor 

genes can also directly enhance pro-apoptotic pathways 

and contribute to the elimination of malignant cells 

[70,74].  

In this study, the therapeutic strategy was selected 

by identifying optimal protein targets using an 

integrated approach combining network pharmacology, 

enrichment analysis, and TCGA. Based on this multi-

layered analysis, four key target proteins (AKT1, EGFR, 

KRAS, and SRC) were selected. These protein targets 

were selected based on their high centrality metrics, 

including degree, betweenness, and closeness [68,75]. 

The network pharmacology analysis identified several 

additional potential targets, such as STAT3. However, 

the TCGA expression data showed lower expression of 

STAT3 protein levels in lung cancer samples compared 

to normal tissues. Therefore, this protein was excluded. 

Other potential target proteins, such as the tumor 

suppressor genes TP53 and PTEN, were considered. 

Although tumor suppressor genes are an effective 

therapeutic strategy, this study primarily focuses on 

oncogenic proteins as potential therapeutic targets. 

Thus, TP53 and PTEN were also excluded.  

Next, the functional gene annotation revealed that 

the potential gene pool is strongly associated with 

cancer-related signaling pathways. The calculation was 

performed using both SRplot and Metascape to enhance 

the reliability of the enrichment analysis [31-33]. The 

consistency of the enrichment outcomes across these 

two platforms indicates that the identified biological 

pathways are robust and not dependent on a single 

analytical method. The use of two independent 
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platforms also served as a cross-validation strategy to 

strengthen the pathway analysis and identification of 

specific genes associated with lung cancer. The overall 

data mining result revealed that the identified genes play 

significant roles in cancer-associated pathways, 

including cell proliferation, apoptosis, locomotion, and 

metastasis. These findings are further supported by the 

SRplot’s cross-validation results, which highlighted 

several key signaling pathways, including kinase 

activation and the MAPK cascade [76]. The cellular 

component analysis also identified significant 

enrichment in components such as the 

phosphatidylinositol 3-kinase complex, membrane rafts, 

and focal adhesions. These cellular components 

function as signaling microdomains that activate AKT-

MAPK-SRC, thereby regulating critical cellular 

signaling events [77]. Additionally, adhesion and 

membrane rafts also represent key cellular contact sites 

involved in the regulation of cancer cell migration and 

invasion, thereby facilitating metastatic progression 

[78].  

The candidate compounds were initially screened 

against the selected target proteins, AKT1, EGFR, 

KRAS, and SRC using molecular docking. This method 

aims to evaluate the binding affinity of candidate 

compounds to the protein models’ active binding sites 

[79,80]. Protein structures were retrieved from the 

RCSB Protein Data Bank, with selection criteria focused 

on the highest structural quality, prioritizing low-

resolution values and X-ray diffraction methods. 

Visualization of the X-ray crystallographic structures 

confirmed the high quality of the three-dimensional 

protein models [81,82]. Model validation was 

performed by re-docking the respective co-crystallized 

ligands into each protein binding site. Table 1 presents 

the co-crystallized ligand re-docking results for each 

protein model, serving as controls to evaluate the 

reliability and suitability of the protein models for 

docking-based screening. The results demonstrated 

strong binding affinities for the control complexes: 

AKT1 (‒9.5 kcal/mol), EGFR (‒11.2 kcal/mol), KRAS 

(‒7.8 kcal/mol), and SRC  

(‒8.7 kcal/mol). These negative values indicate strong 

ligand-protein interactions [43,83]. Based on these 

results, the binding sites of the co-crystallized ligands 

were used as reference coordinates for molecular 

docking-based compound screening. 

Molecular docking analysis was conducted to 

identify the most promising candidate compounds. A 

total of 24,000 compounds were screened based on 

binding affinity, RMSD, and interaction profiles, with 

the most stable binding to the target proteins. The 

screening strategy was based on oncogene protein 

inhibition, using the co-crystallized ligand as a reference 

template to define binding-site coordinates. The top-

ranked candidate compounds that exhibit the highest 

binding affinities relative to other screened molecules 

are summarized in Table 1. Meanwhile, the results of 

the 100 best compounds in each complex are shown in 

Supplementary Material 1. The best compounds were 

selected based on their pharmacological properties to 

yield candidate compounds that are readily absorbed by 

the body and safe for consumption. 

Next, the top-ranked docking hits were further 

selected based on drug-likeness and safety criteria 

through pharmacokinetic and ADMET evaluations. 

These analyses aim to assess oral bioavailability and to 

predict the potential of candidate compounds to be 

effectively absorbed in vivo [65,84]. Lipinski’s Rule of 

Five was applied as an initial screening criterion: 

molecular weight < 500 Da, hydrogen bond donors < 5, 

hydrogen bond acceptors < 10, and logP < 5. Lipinski’s 

rule is widely used for early assessment of oral drug 

candidacy, particularly for predicting membrane 

permeability [85]. Compounds that satisfy Lipinski’s 

rule are generally more likely to exhibit favorable 

gastrointestinal absorption [85]. These screened 

compounds were further evaluated using ADMET 

parameters to cross-validate their pharmacokinetic 

profiles and safety characteristics [44]. Toxicity 

parameters are crucial considerations in selecting 

candidate drug compounds. This analysis comprised 

Ames toxicity, hepatotoxicity, hERG I, and hERG II to 

evaluate mutagenicity, liver dysfunction, and potential 

cardiotoxicity in the candidate compounds [44]. The 

selected candidate compounds must be free from any 

indication of these four toxicities. The results of this 

evaluation serve as an initial screening to fully support 

the selection of drugs with better pharmacokinetic and 

safety profiles. 

In addition to Lipinski’s rule and ADMET 

profiling, the membrane permeability of the selected 

compounds was further validated using perMM [45,86]. 

This analysis was conducted to predict molecular 
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permeability across lipid membranes as an indicator of 

oral absorption potential. Figure 7 exhibits the passive 

diffusion profiles of the top-ranked candidate 

compounds across the cellular membrane. The results in 

Figures 7(H) and 7(I)) show the permeability values for 

the control and candidate compounds in the preliminary 

pharmacokinetic evaluation.  

However, the perMM analysis for the EGFR 

control compound could not be analyzed due to a lack 

of computational and training datasets for molecules 

containing phosphorus (P) atoms [87]. This lack of data 

is due to insufficient experimental data needed for 

accurate phosphorus parameterization in the perMM 

membrane permeability model [87]. In this note, several 

clinically used anticancer agents, such as 

cyclophosphamide, ifosfamide, and melflufen, contain 

phosphorus atoms [88]. Therefore, future development 

of the perMM model, incorporating more 

comprehensive datasets, such as phosphorus-containing 

compounds, would enhance predictive accuracy. 

However, it should be emphasized that the perMM 

analysis in this study was applied as a complementary 

evaluation rather than a sole determinant of drug 

candidacy.  

As a subsequent step to address the inherent 

limitations of molecular docking, molecular dynamics 

(MD) simulations were performed. In this study, 

molecular docking was employed as an efficient high-

throughput screening approach [43,89]. However, this 

technique is limited by its static nature and its exclusion 

of explicit water-molecule effects, which are critical in 

intracellular environments [67,90]. Molecular docking 

yields a single-frame conformation, whereas molecular 

dynamics simulations provide a time-resolved 

representation of the system’s dynamic behavior 

[51,91]. Thus, molecular dynamics simulations can be 

used to further assess the conformational dynamics and 

stability of protein-ligand complexes [92]. The 

compounds selected for molecular dynamics simulation 

analysis were the top candidates identified from the 

molecular docking, pharmacokinetic, and ADMET 

screenings (CID: 11081540, 16757188, 76336754, and 

44425461). 

Molecular dynamics simulations were conducted 

to assess complex stability using four primary 

parameters: root mean square deviation (RMSD), root 

mean square fluctuation (RMSF), radius of gyration 

(Rg), and hydrogen bond [52]. The stability assessment 

across these parameters indicated that all systems on 

each protein reached equilibrium during the early stages 

of simulation. The AKT1 - CID 4425461 and SRC - CID 

16757188 complexes exhibited RMSD, RMSF, and Rg 

values relatively comparable to or lower than those of 

the control complexes, indicating that ligand binding did 

not disrupt global protein stability. In contrast, the 

EGFR-CID 76336754 complex displayed significant 

RMSD fluctuations after 100 ns. This fluctuation 

suggests conformational adjustment of the protein upon 

ligand binding. The KRAS - CID 11081540 complex 

maintained a stable RMSD range with moderate 

fluctuations. Although transient spikes in Rg were 

observed, the overall Rg profile remained stable. These 

results indicate temporary structural adjustments rather 

than significant destabilization. Collectively, these 

observations suggest that the EGFR - CID 76336754 

complex warrants further assessment, as it indicates 

conformational instability during molecular dynamics 

simulations. Nevertheless, additional post-molecular 

dynamics analysis is required to validate the results 

further. 

Thus, the MM/GBSA analysis was conducted to 

estimate binding free energy and confirm interaction 

stability during molecular dynamics simulations [49]. 

To assess the difference in stability levels between 

complexes, particularly EGFR - CID 76336754, a 

complementary quantitative assessment was needed. 

The MM/GBSA calculation results showed that all 

compounds in each complex maintained a relatively 

stable profile throughout the simulation. The pattern 

shown on the graph does not exhibit a substantial gap 

relative to the provided control reference. In the 

MM/GBSA calculations, a more negative ΔG_binding 

value reflects stronger ligand-protein binding affinity 

[93,94]. Therefore, smaller ΔG fluctuations also reflect 

better consistency [95]. The candidate compound 

assessed on the KRAS protein exhibited a slight increase 

in ΔG toward zero, but this effect was temporary, and 

the system rapidly stabilized. The system indicates an 

adjustment in ligand orientation within the binding 

pocket, resulting in a restored pattern showing a 

continuing stable energy.  

Further computational optimization using 

MM/GBSA calculations was performed on the co-

crystallized EGFR ligand through targeted atom-
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specific modifications. However, the presence of pseudo 

atoms (LPH) prevented the MM/GBSA calculations 

from running properly. Therefore, these pseudo atoms 

were removed from the protein-ligand complex [49,96]. 

This removal was performed on the index (ndx) and 

topology (top) files to generate a system compatible 

with MM/GBSA calculations without altering the core 

geometry of the complex. Several atom modifications 

were required to ensure the computational system runs 

properly. However, the atom-specific modifications 

were kept to a minimum to ensure the computational 

system ran normally without causing significant 

differences in the results.  

The post-molecular dynamics analyses also 

included free energy landscape (FEL) calculations to 

identify the most stable conformational states during the 

molecular dynamics simulations [50]. The FEL analysis 

complements the MMGBSA results by providing a 

specific analysis of the dynamic stability of the protein-

ligand complex. The MMGBSA was used to assess 

ligand-protein binding, focusing on binding free energy 

(ΔG) and domain enthalpy [46]. Meanwhile, the FEL 

focuses on the free-energy distribution during molecular 

dynamics simulations [51]. Figure 8 shows the 

comparisons between control ligands and the best 

candidate compounds on each protein target. Compound 

CID: 44425461, in complex with AKT1, exhibited 

conformational switching behavior. The compound 

CID: 11081540, in complex with KRAS, and the 

compound CID: 76336754, in complex with EGFR, 

demonstrated good conformational stability. 

Meanwhile, compound CID: 16757188 in complex with 

SRC showed moderate stability, characterized by a 

broader and elongated basin. This pattern suggests 

conformational rearrangement within a relatively stable 

structure and ongoing internal adjustments during the 

simulations.  

The final stability validation was performed using 

PCA and DCCM analyses to strengthen the analysis of 

the best candidate compounds. The PCA and DCCM 

analyses provide additional insights into protein 

dynamics when binding to test compounds. The results 

demonstrate the potential significance of candidate 

compounds as drugs, based on more restricted protein 

conformations, including a more organized residue 

correlation pattern that indicates well-coordinated 

protein fluctuations in a specific conformation [97]. 

These results were then combined with other stability 

analyses, including RMSD, RMSF, Rg, MM/GBSA, 

and FEL, to demonstrate strong binding stability for the 

four test compounds. 

Overall, the results indicate that compounds CID 

44425461, 76336754, 11081540, and 16757188 are 

potential drug candidates targeting the AKT1, EGFR, 

KRAS, and SRC proteins, respectively. The various 

computational and bioinformatics techniques used have 

identified that these candidate compounds in each 

complex have the potential to be drug candidates for 

lung cancer. Each compound was directly compared 

with a control co-crystallized ligand, serving as the 

comparison and primary template for each parameter. 

Based on the molecular docking, molecular dynamics, 

MM/GBSA, FEL, PCA, and DCCM tests, the test 

compounds demonstrated good stability in the complex 

system. 

Although this study comprehensively incorporated 

various computational approaches, several limitations 

should be noted. All research results are predictions 

based on in silico approaches, such as molecular 

docking and molecular dynamics. While these 

approaches are effective for the early stages of drug 

discovery, they do not yet fully represent the actual 

biological complexity under physiological conditions. 

In addition, some prediction methods, such as ADMET 

and perMM, still rely on specific datasets and algorithm 

parameters, limiting the accuracy of predictions for 

complex natural compounds. This study relies heavily 

on existing databases to develop algorithms and make 

predictions that closely resemble real-world conditions.  

Beyond the computational limitations, additional 

biological and translational considerations are also 

important in evaluating the therapeutic potential of 

candidate compounds for lung cancer treatment. 

Although the integrated analysis conducted in this study 

provides an optimal strategy for the early stages of drug 

discovery, further in vitro and in vivo studies are still 

needed to validate the biological activity, safety, and 

therapeutic relevance of the identified compounds 

[98,99]. Experimental studies can also be used to 

strengthen the evidence and confidence level of the 

research conducted. Several experimental validations 

can be performed, including enzyme inhibition assays, 

cell-based assays, ADME experiments, and in vivo 

validation [100,101]. This research provides the 
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foundation and initial steps for conducting early-stage 

screening based on biomolecular analysis using 

bioinformatics techniques. 

Nevertheless, this research can be enhanced by 

improving the therapeutic targets. Future studies can 

also explore other therapeutic targets and other 

strategies, such as activating tumour suppressor genes 

and blocking the locomotion pathway, which could be 

used in lung cancer treatment [102]. Potential protein 

targets that have been explored, such as STAT3, p53, 

PTEN, MMP9, and ERBB2/HER2 [103], can still be 

further investigated to enrich and expand new 

opportunities for drug discovery research in lung cancer. 

 

Conclusions 

This concludes the entire series of studies that 

have been conducted and answers the research objective 

of examining the stability of protein-ligand complexes 

in the AKT1, EGFR, KRAS, and SRC targets. The best 

candidate compounds are CID 44425461 (AKT1), 

76336754 (EGFR), 11081540 (KRAS), and SRC 

(16757188). The candidate compounds have the 

potential to be oral drugs, having passed 

pharmacokinetics and ADMET tests. Therefore, it can 

be concluded that these four compounds are the best 

compounds from the screening and are predicted to be 

safe for oral consumption. A series of tests has also been 

used to evaluate stability, and it has been concluded that 

the four compounds can bind to target proteins, with the 

aim of inhibition based on the controls used.   
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 Supplementary Material 1 Top 50 KEGG Pathway Enrichment Analysis Results. 

 

ID Description Gene Ratio p-value q-value 

hsa04151 PI3K-Akt signaling pathway 93/216 2.15e-76 9.71e-75 

hsa05205 Proteoglycans in cancer 69/216 1.88e-64 4.26e-63 

hsa01521 
EGFR tyrosine kinase inhibitor 

resistance 
50/216 1.50e-63 2.26e-62 

hsa04933 
AGE-RAGE signaling pathway in 

diabetic complications 
51/216 4.23e-58 4.78e-57 

hsa04010 MAPK signaling pathway 73/216 1.04e-56 9.39e-56 

hsa04015 Rap1 signaling pathway 64/216 6.69e-56 5.05e-55 

hsa04014 Ras signaling pathway 63/216 5.60e-51 3.62e-50 

hsa05163 Human cytomegalovirus infection 61/216 7.59e-50 4.29e-49 

hsa05215 Prostate cancer 46/216 2.30e-48 1.16e-47 

hsa05210 Colorectal cancer 43/216 2.56e-48 1.16e-47 

hsa04012 ErbB signaling pathway 40/216 1.53e-43 5.81e-43 

hsa04510 Focal adhesion 54/216 1.54e-43 5.81e-43 

hsa05223 Non-small cell lung cancer 37/216 4.28e-42 1.49e-41 

hsa01522 Endocrine resistance 41/216 5.08e-42 1.64e-41 

hsa05212 Pancreatic cancer 37/216 5.88e-41 1.77e-40 

hsa05161 Hepatitis B 48/216 6.30e-41 1.78e-40 

hsa05417 Lipid and atherosclerosis 53/216 1.08e-40 2.87e-40 

hsa05218 Melanoma 36/216 2.18e-40 5.48e-40 

hsa05226 Gastric cancer 46/216 4.18e-40 9.96e-40 

hsa05224 Breast cancer 45/216 4.93e-39 1.12e-38 

hsa04630 JAK-STAT signaling pathway 47/216 6.76e-39 1.46e-38 

hsa05225 Hepatocellular carcinoma 47/216 1.25e-38 2.57e-38 

hsa05142 Chagas disease 39/216 4.07e-38 8.01e-38 

hsa05167 
Kaposi sarcoma-associated herpesvirus 

infection 
49/216 5.66e-38 1.07e-37 

hsa05214 Glioma 35/216 6.50e-38 1.18e-37 

hsa04926 Relaxin signaling pathway 42/216 1.15e-37 2.00e-37 

hsa04066 HIF-1 signaling pathway 39/216 8.55e-37 1.43e-36 

hsa04935 
Growth hormone synthesis, secretion and 

action 
40/216 3.69e-36 5.96e-36 
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ID Description Gene Ratio p-value q-value 

hsa04668 TNF signaling pathway 39/216 3.01e-35 4.70e-35 

hsa05220 Chronic myeloid leukemia 33/216 1.85e-34 2.79e-34 

hsa05230 Central carbon metabolism in cancer 32/216 2.60e-34 3.80e-34 

hsa05213 Endometrial cancer 30/216 2.99e-34 4.22e-34 

hsa04062 Chemokine signaling pathway 45/216 2.25e-33 3.09e-33 

hsa05235 
PD-L1 expression and PD-1 checkpoint 

pathway in cancer 
34/216 3.24e-33 4.32e-33 

hsa04917 Prolactin signaling pathway 31/216 1.03e-32 1.33e-32 

hsa05135 Yersinia infection 39/216 2.01e-32 2.52e-32 

hsa05219 Bladder cancer 25/216 1.99e-31 2.44e-31 

hsa04722 Neurotrophin signaling pathway 36/216 5.55e-31 6.61e-31 

hsa04919 Thyroid hormone signaling pathway 36/216 1.08e-30 1.25e-30 

hsa05418 Fluid shear stress and atherosclerosis 38/216 1.31e-30 1.48e-30 

hsa04068 FoxO signaling pathway 37/216 1.72e-30 1.90e-30 

hsa05211 Renal cell carcinoma 29/216 8.09e-30 8.71e-30 

hsa04370 VEGF signaling pathway 27/216 5.05e-29 5.31e-29 

hsa05166 Human T-cell leukemia virus 1 infection 43/216 3.97e-28 4.08e-28 

hsa04660 T cell receptor signaling pathway 34/216 4.47e-28 4.50e-28 

hsa05206 MicroRNAs in cancer 49/216 1.79e-27 1.76e-27 

hsa05231 Choline metabolism in cancer 31/216 2.16e-27 2.08e-27 

hsa04072 Phospholipase D signaling pathway 36/216 2.70e-27 2.55e-27 

hsa05221 Acute myeloid leukemia 27/216 3.34e-27 3.08e-27 

hsa05131 Shigellosis 44/216 6.74e-27 6.11e-27 

 

 

 Supplementary Material 2 and 3 

Raw data from docking (Supplementary Material 2) and molecular dynamics trajectory files (Supplementary 

Material 3) can be viewed via the following link 

https://zenodo.org/records/18626691?token=eyJhbGciOiJIUzUxMiJ9.eyJpZCI6ImJkYTIwOTlhLWNhMTMtNDAyMS

04YmY5LTdmZmRlNGU1MjAzZSIsImRhdGEiOnt9LCJyYW5kb20iOiJiZTlmMDc0NmM0NzgzMDZmODkzZWIy

YThlYWVlNTkzMSJ9.TgVrmT8a4QYNqqZVvPd2_crx_Fje4kA2Jb39mx3LUk4hksP-sEwq_keg9ma9f27FcFlEitXC-

lH0Fn-cRlzr6w  
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