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Abstract: Epidermal Growth Factor Receptor (EGFR) tyrosine kinase is a cell surface receptor whose 

overexpression has been associated with different types of cancers including brain cancer (glioblas-

toma multiforme). The ability of the extract of Scutellaria baicalensis to inhibit the proliferation of 

malignant glioma cells have been reported. Thus, in this study we report the identification of 307 

bioactive constituents responsible for the anti-glioblastoma multiforme effect from S. baicalensis us-

ing in silico studies such as molecular docking, binding free energy calculations, pharmacophore 

modelling, induced-fit docking, gene enrichment analysis, molecular dynamic simulations and AD-

MET predictions. A total of 307 chemical constituents of S. baicalensis were screened and the top 10 

scoring compounds indicated different binding affinities ranging from -9.010 to -6.427 kcal/mol to-

wards the EGFR tyrosine kinase; Ganhuangenin, 5,7,2',5'-tetrahydroxyflavone, (2R)-2-(2,6-dihy-

droxyphenyl)-3,4-dihydro-2H-chromene-5,7-diol, and tenaxin I possess higher binding affinities (-

9.010 to -8.649 kcal/mol) compared to the standard ligand, erlotinib having -8.539 kcal/mol. The 
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compounds interacted with amino acids of clinical importance such as MET 769, GLU 738, THR 766 

via H-bond. The structural features involved in the interaction with the target were mostly two 

aromatic rings, H-bond donors and acceptors and some hydrophobic interactions which varies be-

tween the ligands. Better docking scores in the induced-fit docking further validates the inhibitory 

potential of the compounds against the flexible protein. All the top-scoring ligands from S. bai-

calensis had zero Lipinski violation and also obeyed other drug-likeness rules by Ghose, Veber, 

Egan, and Muegge with the exception of breviscapine. Interestingly, all the compounds are not 

likely to be hepatotoxic, mutagenic, or cytogenic, making them potentially safe as anti-cancer agents. 

Keywords: Scutellaria baicalensis; phytochemicals; glioblastoma multiforme; in silico 

 

1. Introduction 

Brain cancers (glioblastoma multiforme, GBM) are tumours that develop in the brain 

or spinal cord [1–2] which account for not less than 3 % of all cancers in the world [3]. It 

has been estimated that about 18,000 cases of the disease are diagnosed annually with an 

approximately 13,000 mortality in the USA alone with median prognosis of 15 months 

despite aggressive regimens such as surgery, radiation and chemotherapy [4–5]. The inci-

dence of GBM is higher in developed countries compared to the developing and under-

developed countries with male being the most victims [6]. Brain cancers are associated 

with certain risk factors which include family history, exposure to radiation (including 

cell phone radiation), alcohol intake, food allergies, hormonal factors, and smoking 

amongst others [7– 8].  

The World Health Organization (WHO) classified brain tumor into various types 

based on their nature, cellular origin, rate of growth, histologic appearance and progres-

sion stage [8–9]; the primary tumor which occur due to DNA mutations invading the or-

gans directly as a result of environmental, lifestyle, and eating habits and the secondary 

tumor (metastasis) which originates through blood vessels [10]. Symptoms of brain cancer 

are heterogeneous and include frequent headaches, mood swings, speech inadequacies, 

concentration problems, vision loss, paralysis, seizures and memory loss [1,8]. In various 

studies, there are correlations existing between degree of mutation in genes and type of 

brain tumor [1]. Mutations in certain types of genes determines the cancer type. Epidermal 

growth factor receptor (EGFR) is a trans-membrane receptor in the receptor tyrosine ki-

nase (RTK) family. Mutation occurring in EGFR will lead to increased cell cycle prolifera-

tion and increased tumor cell survival. EGFR mutation is commonly connected with pri-

mary glioblastomas (brain tumor); more than 38 % of the mutations that caused them are 

found inside it [11]. 

The burden of brain cancer disease is high; its indolence and invasiveness added to 

absence of promising treatments renders it highly disabling, exorbitant, and generally 

burdensome for caregivers and health systems [5]. Intricacies and heterogeneity of the 

brain cancer-forming pathways makes conventional treatment nonresponsive. Even 

though treatment of brain cancer with conventional approach is quite promising, devel-

opment of agents with reduced side effects and high target specificity has been a chal-

lenge. Traditional medicines are suggested as the safest source of drugs with several mode 

of actions and little or no side effects [12].  

Scutellaria baicalensis Georgi (Lamiaceae) is a perennial herb indigenous to numerous 

East Asian countries and cultivated in many European countries [13]. It has been used in 

traditional medicine to treat various ailments such as respiratory infections, diarrhea, dys-

entery, inflammation, hypertension and insomnia [14]. The anti-GBM effect of S. bai-

calensis have been validated scientifically [15], but the chemical constituents responsible 

for the observed effect were not identified. Thus, the aim of this study was to employ 

different computational tools to identify multi-target ligands from characterized com-

pounds of the plant against EGFR tyrosine kinase, a receptor connected to brain tumor. 
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2. Results 

2.1. Molecular docking analysis 

Molecular docking studies of the chemical constituents of S. baicalensis (Figure 1) 

indicated different binding affinities ranging from -9.010 to -6.427 kcal/mol towards the 

EGFR tyrosine kinase. The top 10 constituents include ganhuangenin, 5,7,2',5'-tetrahy-

droxyflavone, (2R)-2-(2,6-dihydroxyphenyl)-3,4-dihydro-2H-chromene-5,7-diol, tenaxin 

I, chrysosplenetin, scutellarin, 5,2',5'-trihydroxy-7,8-dimethoxyflavone, 5,7,2',6'-tetrahy-

droxyflavone, viscidulin II and (2S,3R)-2-(2,6-dihydroxyphenyl)-3,5,7-trihydroxy-2,3-di-

hydrochromen-4-one. Thus, ganhuangenin, 5,7,2',5'-tetrahydroxyflavone, (2R)-2-(2,6-di-

hydroxyphenyl)-3,4-dihydro-2H-chromene-5,7-diol, and tenaxin I possess higher binding 

affinities compared to the standard ligand, erlotinib having -8.539 kcal/mol (Table 1). Ta-

bles S1 and S2 contain the list of all the compounds of S. baicalensis and their docking 

scores (in kcal/mol) against the target protein (EGFR tyrosine kinase). 
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Figure 1. Chemical structures of top 10 chemical constituents of S. baicalensis and the standard ligand 

Erlotinib; (a) Ganhuangenin, (b) 5,7,2',5'-Tetrahydroxyflavone, (c) (2R)-2-(2,6-dihydroxyphenyl)-3,4-

dihydro-2H-chromene-5,7-diol, (d) Tenaxin I, (e) Chrysosplenetin, (f) Scutellarin, (g) 5,2',5'-trihy-

droxy-7,8-dimethoxyflavone, (h) 5,7,2',6'-Tetrahydroxyflavone, (i) Viscidulin II, (j) (2S,3R)-2-(2,6-di-

hydroxyphenyl)-3,5,7-trihydroxy-2,3-dihydrochromen-4-one, (k) Erlotinib (Standard ligand). 
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Table 1. Top 10 screened compounds of S. baicalensis against EGFR tyrosine kinase. 

Compound Docking score 

Ganhuangenin -9.010 

5,7,2',5'-Tetrahydroxyflavone -8.911 

(2R)-2-(2,6-dihydroxyphenyl)-3,4-dihydro-2H-chromene-5,7-diol   -8.778 

Tenaxin I -8.649 

Chrysosplenetin -8.482 

Scutellarin -8.478 

5,2',5'-trihydroxy-7,8-dimethoxyflavone -8.462 

5,7,2',6'-Tetrahydroxyflavone -8.420 

Viscidulin II -8.397 

(2S,3R)-2-(2,6-dihydroxyphenyl)-3,5,7-trihydroxy-2,3-dihydrochromen-4-

one  
-8.365 

Erlotinib (standard ligand) -8.539 

2.2. Biological interactions 

Protein-ligand interactions of the EGFR tyrosine kinase and the compounds of S. bai-

calensis indicated that the compounds were able to interact with amino acids of clinical 

importance by forming hydrogen bonds with amino acid residues such as MET 769, GLU 

738, THR 766 among others (Table 2 and Figures 2 – 3). Figures S1 and S2 shows the 2D 

and 3D views of the molecular interactions of the top ten ligands of S. baicalensis against 

EGFR tyrosine kinase. 
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Table 2. Interactions of the top 10 compounds against the target protein of EGFR tyrosine kinase. 

Compound ID Compound name Interactions 

  H-Bond Hydrophobic and Others 

5271991 

Ganhuangenin THR830, GLU738, 

THR766, MET769 

CYS773, GLY772, LEU694, PRO770, 

LEU768, LEU820, GLN764, LEU764, 

ALA719, LYS721, MET742, PHE832, 

ASP831, VAL702, PHE699 

5487756 

5,7,2',5'-Tetrahydroxyflavone MET769, THR766, 

GLU738 

VAL702, PHE832, ASP831, THR830, 

MET742, LYS721, ALA719, LEU764, 

LEU820, GLN767, LEU768, PRO770, 

LEU694, GLY772 

124708188 

(2R)-2-(2,6-dihydroxyphenyl)-3,4-di-

hydro-2H-chromene-5,7-diol   

ASP831, THR766, MET 

769 

VAL702, THR830, MET742, GLU738, 

LYS721, ALA719, LEU764, LEU820, 

GLN767, LEU768, PRO770, GLY772, 

LEU694 

159029 

Tenaxin I MET769, THR766 LEU694, GLY695, PHE699, VAL702, 

THR830, ASP831, GLU738, MET742, 

CYS773, GLY772, PRO770, LEU768, 

GLN767, THR766, LEU764, LYS721, 

ALA719, LEU820 

5281608 

Chrysosplenetin MET769, GLU738 GLY772, PRO770, LEU768, GLN767, 

THR766, ILE765, LEU764, ALA719, 

ILE720, LYS721, CYS751, LEU820, 

MET742, ASP831, THR830, VAL702, 

LEU694, GLY695 

185617 

Scutellarin ASP776, ASP831, LYS721, 

MET769 

GLY695, LEU694, THR830, ALA719, 

VAL702, LEU820, LEU768, PRO770, 

GLY772, CYS773 

21122623 

5,2',5'-trihydroxy-7,8-dimethoxyfla-

vone 

MET769, THR766, 

GLU738 

VAL702, THR830, ASP831, PHE832, 

MET742, LYS721, ALA719, LEU764, 

GLN767, LEU820, LEU768, PRO770, 

GLY772, CYS773 

5321865 

5,7,2',6'-Tetrahydroxyflavone ASP931, THR766, MET769 LEU694, VAL702, THR830, GLU738, 

MET742, LYS721, ALA719, LEU764, 

GLN767, LEU820, LEU768, PRO770, 

GLY772, CYS773 

5322059 

Viscidulin II ASP831, THR766, MET769 VAL702, THR830, GLU738, MET742, 

LYS721, ALA719, LEU764, GLN767, 

LEU820, LEU768, PRO770, GLY772, 

CYS773, LEU694 
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86311089 

(2S,3R)-2-(2,6-dihydroxyphenyl)-

3,5,7-trihydroxy-2,3-dihydro-

chromen-4-one  

MET769, THR766, 

THR830, ASP831 

VAL702, GLU738, MET742, LYS721, 

ALA719, LEU764, GLN767, CYS751, 

LEU820, LEU768, PRO770, LEU694, 

GLY772, CYS773 

176870  

Erlotinib CYS773, MET769 LEU694, VAL702, THR830, ASP831, 

GLU738, MET742, LEU753, LEU764, 

ILE765, THR766, GLN767, LEU768, 

LYS721, LEU820, ALA719, PRO776, 

PHE771, GLY772, ASP776 

 

A 

 

B 

 

C 

 

D 

 

E 

 

F 

Figure 2. 2D view of the molecular interactions of A=Ganhuangenin, B=5,7,2',5'-Tetrahydroxyfla-

vone, C=(2R)-2-(2,6-dihydroxyphenyl)-3,4-dihydro-2H-chromene-5,7-diol, D=Tenaxin I, E=Chryso-

splenetin, F=Erlotinib with EGFR tyrosine kinase. 
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Figure 3. 3D view of the molecular interactions of A=Ganhuangenin, B=5,7,2',5'-Tetrahydroxyfla-

vone, C=(2R)-2-(2,6-dihydroxyphenyl)-3,4-dihydro-2H-chromene-5,7-diol, D=Tenaxin I, E=Chryso-

splenetin, F=Erlotinib with EGFR tyrosine kinase. 

2.3. Binding free energy 

The free binding energy computational analysis of the phytoconstituents obtained 

from S. baicalensis is shown in Table S3 while Figure 4 shows the scatter plot of the binding 

free energy; MMGBSA dG binding (ΔG Bind) versus docking score (kcal/mol) of the com-

pounds against EGFR tyrosine kinase. The results obtained indicated that all the com-

pounds have strong and good stability with the target protein; highest stability was ob-

tained from (2R,3R,4S,5R,6S)-6-(5,6-dihydroxy-4-oxo-2-phenylchromen-7-yl)oxy-3,4,5-tri-

hydroxyoxane-2-carboxylic acid (-56.02 kcal/mol), followed by chrysin-6-C-glucoside-8-

C-arabinoside (-54.52 kcal/mol) and 2-(2,6-dihydroxyphenyl)-5,6,7,8-tetrahydroxy-

chromen-4-one (-53.10 kcal/mol) respectively; while 2'-(β-D-glucopyranosyloxy)-5,6',7-tri-

hydroxyflavone has the least binding energy (-33.89 kcal/mol). A positive correlation was 

obtained from the scatterplot in Figure 4 between the docking score and that of the free 

binding energy, presented by the regression line. 

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 15 September 2022                   doi:10.20944/preprints202209.0218.v1

https://doi.org/10.20944/preprints202209.0218.v1


 

 

 

Figure 4. The binding free energy MMGBSA dG Bind (Gbind) versus the docking score (kcal/mol) 

of the phytochemical constituents of S. baicalensis against EGFR tyrosine kinase target. 

2.4. Pharmacophore modelling 

The pharmacophore models of the top ten scoring ligands against EGFR tyrosine ki-

nase are shown in Figure 5. The structural features revealed four sorts of characteristic 

involved in the interaction, which are A: Hydrogen acceptor, D: Hydrogen donor, H: Hy-

drophobic and R: Aromatic ring. Two aromatic rings, two hydrogen bond donors and 

acceptors contributed to the binding and molecular interactions of ganhuangenin, scutel-

larin and (2R)-2-(2,6-dihydroxyphenyl)-3,4-dihydro-2H-chromene-5,7-diol to the target 

protein with the latter having only one hydrogen bond donor. The structural features of 

tenaxin I, chrysosplenetin, viscidulin II and (2S,3R)-2-(2,6-dihydroxyphenyl)-3,5,7-trihy-

droxy-2,3-dihydrochromen-4-one) that contributed to the binding and molecular interac-

tions towards the target were two aromatic rings, two hydrogen bond donors and accep-

tors while 5,7,2',5'-tetrahydroxyflavone and 5,7,2',6'-tetrahydroxyflavone had two aro-

matic rings, three hydrogen bond donors and acceptors  and 5,2',5'-trihydroxy-7,8-di-

methoxyflavone had only two aromatic rings and three hydrogen bond donors. 
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Figure 5. The receptor-ligand complex pharmacophore models of A=(2R)-2-(2,6-dihydroxyphenyl)-

3,4-dihydro-2H-chromene-5,7-diol, B=Scutellarin, C=Ganhuangenin, D=Chrysosplenetin, E=Viscid-

ulin II, F=(2S,3R)-2-(2,6-dihydroxyphenyl)-3,5,7-trihydroxy-2,3-dihydrochromen-4-one, G=5,7,2',6'-

Tetrahydroxyflavone, H=5,7,2',5'-Tetrahydroxyflavone, I=2-(2,5-Dihydroxyphenyl)-5-hydroxy-7,8-

dimethoxy-4H-1-benzopyran-4-one, J=Tenaxin I on EGFR tyrosine kinase. 

2.5. Induced fit docking 

Induced fit docking analyses of ganhuangenin, 5,7,2',5'-tetrahydroxyflavone, chryso-

splenetin, tenaxin I and (2R)-2-(2,6-dihydroxyphenyl)-3,4-dihydro-2H-chromene-5,7-diol 

was carried out. The docking scores are shown in Table S4 and the 2D representations of 

the conformations with the highest scores are shown in Figures 6 – 10.  The first con-

formation of ganhuangenin with the target showed a hydrogen bond with GLU 738, ASP 

831, THR 830, THR 766 and three with MET 769 as well as hydrophobic interactions with 

MET 742, PHE 832, LEU 764, CYS 751, LEU 768, LEU 820, PHE 699, MET 769, PRO 770, 

CYS 773, LEU 694, VAL 702 and ALA 719; the second conformation had similar interac-

tions, however, there was no interaction with GLU 738 while the third conformation indi-

cated a hydrogen bond with GLU 738, THR 766 and three with MET 769 (Figure 6).  
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(a) (b) (c) 

Figure 6. 2D representation of Induced Fit Docking between Ganhuangenin and EGFR tyrosine ki-

nase. 

The first conformation of 5,7,2',5'-tetrahydroxyflavone formed one hydrogen bond 

with ASP 831, THR 766 and two with MET 769 while the hydrophobic interactions were 

similar to that of ganhuangenin, however, no interaction was noted with CYS 751; the 

second and third conformations had similar hydrogen bond interactions, but the com-

pound formed additional H-bond with GLU 738 and hydrophobic interaction with CYS 

751 (Figure 7).  

 

 

 

 
(a) (b) (c) 

Figure 7. 2D representation of Induced Fit Docking between 5,7,2',5'-Tetrahydroxyflavone and 

EGFR tyrosine kinase. 

The first two conformations of chrysosplenetin were though the first interacted with 

LYS 721 and MET 769 via H-bond while the second has one conformation with LYS 721, 

ASP 831 and two with MET 769; the third has H-bond interactions with THR 766, GLU 

767 and MET 769 and no hydrophobic interactions with PHE 832 and PRO 770 compared 

to the first two (Figure 8).  
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(a) (b) (c) 

Figure 8. 2D representation of Induced Fit Docking between Chrysosplenetin and EGFR tyrosine 

kinase. 

The first conformation of tenaxin I with the target showed a hydrogen bond with 

THR 766 and three with MET 769 and hydrophobic interactions with MET 742, PHE 832, 

LEU 764, CYS 751, LEU 768, MET 769, PRO 770, CYS 773, LEU 694, VAL 702 and ALA 

719;  the second conformation had three hydrogen bonding interactions with MET 769 

alongside additional hydrophobic interactions with PHE 699 and LEU 820, however, no 

interaction with CYS 751 and PHE 832 was observed while the third conformation inter-

acted with THR 830 and MET 769 via H-bond and similar interactions as the second con-

formation except the hydrophobic interactions with CYS 751 (Figure 9).  

 

 

 

 

(a) (b) (c) 

Figure 9. 2D representation of Induced Fit Docking between Tenaxin I and EGFR tyrosine kinase. 

The first conformation of 2R)-2-(2,6-dihydroxyphenyl)-3,4-dihydro-2H-chromene-

5,7-diol with the target revealed a hydrogen bond interactions with ASP 831, THR 766 and 

two with MET 769 and it indicated hydrophobic interactions with MET 742, LEU 764, CYS 

751, LEU 768, MET 769, PRO 770, CYS 773, LEU 694, VAL 702 and ALA 719 while the 

second interacted with ASP 831, THR 830, ALA 719, MET 769 via H-bond alongside hy-

drophobic interactions similar to that of the first with an additional interactions with ILE 
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720 and PHE 832; the interactions of the third were also similar with the first but had an 

interaction with PHE 832 (Figure 10). 

 
 

  

 

(a) (b) (c) 

Figure 10. 2D representation of Induced Fit Docking between (2R)-2-(2,6-dihydroxyphenyl)-3,4-di-

hydro-2H-chromene-5,7-diol  and EGFR tyrosine kinase. 

2.6. Gene enrichment analysis 

2.6.1. Protein-protein interactions 

The PPI network constructed by STRING revealed 11 nodes connected by 42 edges 

(Figure 11). 

 

Figure 11. Protein-protein interaction (PPI) network of cancer-related targets interacting with 

EGFR. 

2.6.2. Gene Ontology Functional Enrichment 

Using the STRING database, gene ontology analysis revealed 7 molecular functions 

of identified genes. The most enriched functions include: protein binding, signaling re-

ceptor binding, enzyme binding, epidermal growth factor receptor binding and protein 

kinase binding (Table 3). 
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Table 3. Molecular functions of identified genes. 

Term ID Term description Observed gene count False discovery rate Matching proteins in network 

GO:0005154 

  

Epidermal growth 

factor receptor 

binding 

5 3.56e-08 HBEGF, EREG, CBL, EGF, TGFA 

GO:0005102 

  

Signaling receptor 

binding 

9 1.15e-05 HBEGF, PLCG1, EREG, CBL, 

STAT3, EGF, RASA1, EGFR, TGFA 

GO:0008083  Growth factor 

activity  

4 0.0012 HBEGF, EREG, EGF, TGFA 

GO:0005515 

  

Protein binding 11 0.0083 HBEGF, PLCG1, EREG, CDH1, 

CBL, STAT3, EGF, RASA1, EGFR, 

TGFA, HSP90AA1 

GO:0019901  Protein kinase 

binding 

5 0.0089 PLCG1, CBL, STAT3, EGFR, 

HSP90AA1 

GO:1990782  Protein tyrosine 

kinase binding 

3 0.0102 PLCG1, CBL, HSP90AA1 

GO:0019899 

  

Enzyme binding 7 0.0202 PLCG1, CBL, STAT3, EGF, RASA1, 

EGFR, HSP90AA1 

2.6.3. KEGG pathway analysis of potential target genes functions 

Most enriched pathway include: Pathways in cancer, ErbB signaling pathway, non-

small cell lung cancer, EGFR tyrosine kinase inhibitor resistance, proteoglycans in cancer, 

Ras signaling pathway, MAPK signaling pathway and PI3K-Akt signaling pathway (Ta-

ble S5). 

2.7. Molecular dynamics simulation 

In order to assess the stability of the simulation system, the Root Mean Square Devi-

ation (RMSD) and Root Mean Square Fluctuation (RMSF) of all Cα atoms in the entire 

Molecular dynamics (MD) trajectories were obtained as indicated in Figure 12. Figure 13 

shows the results of the Principal component analysis (PCA) which include the PCA scat-

ter plots of PC2 vs PC1, PC2 vs PC3, PC3 vs PC1 colored from red and black in order of 

time, and an eigenvalue rank plot for EGFR tyrosine kinase complex as well as the plot of 

PC1 versus Residue position. The top 20 PCs of the EGFR tyrosine kinase-ligand complex 

system generated 59.3% of the total contribution to the simulated trajectories. The first 

three PCs (PC1, PC2, and PC3) contributed 7.1, 5.4, and 4.7%, respectively, to the EGFR 

tyrosine kinase system. 
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(a) (b) (c) 

Figure 12. Molecular dynamics simulation analysis. (a) The RMSD values of all Cα atoms for the 

EGFR tyrosine kinase complex over 500 ns MD simulation; (b) the RMSF fluctuations of residues for 

EGFR tyrosine kinase complex over 500 ns MD simulation; (c) Histogram representing the deviation 

points that occur in 1-nanosecond (μs) molecular dynamics (MD) simulation. 

  

A B 

Figure 13. Principal component analysis (PCA) results which include variance contribution of the 

principal components and PCA scatter plots graphs of PC2 vs PC1, PC2 vs PC3, PC3 vs PC1 colored 

from red and black in order of time, and an eigenvalue rank plot for EGFR tyrosine kinase complex 

(A) and PC1 versus Residue position (B). 

2.8. Drug likeness and pharmacokinetics prediction output of test compounds 

The drug likeness and pharmacokinetics of the phytoconstituents of S. baicalensis are 

presented in Table 4. All the top scoring compounds had molecular weight ranging from 

274.27 – 462.36 g/mol, H-bond donors from 2 – 7, H-bond acceptors from 5 – 12, iLog P 

values from 1.66 – 3.35, Nrot from 1–5, molar refractivity values from 73.17–108.74, and 

TPSA values from 90.15–207.35A2. The test compounds had zero Lipinski, Ghose, Veber, 

Egan, and Mugge violations; a favorable bioavailability score of 0.55; and high GI absorp-

tion except breviscapine, which violated Lipinski, Veber, Egan, and Mugge rules and had 

a bioavailability score of 0.11 and low GI absorption. In addition, all compounds showed 

no BBB permeability, but 2',5,6',7-tetrahydroxyflavane, and breviscapine were Pgp sub-

strates, which will restrict them from keying into the site of action. All the ligands are 

potential non-inhibitors of CYP2CI9, whereas breviscapine and 2',3,5,6',7-pentahy-

droxyflavanone are inhibitors of CYP1A2 and CYP3A4. Furthermore, all the compounds 
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are expected to be permeable to the skin due to their LogKp values ranging from 6.16 – 

8.59 (cm/s). 

Table 4. Drug likeness and pharmacokinetics prediction output of test compounds. 

Parameters M1 M2 M3 M4 M5 M6 M7 M8 M9 M10 

Drug likeness 

M.W (g/mol) 346.29 286.24 274.27 344.32 374.34 462.36 330.29 286.24 330.29 304.25 

# Rotatable bonds  3 1 1 4 5 4 3 1 3 1 

iLog P   2.37 1.77 1.71 3 3.35 1.11 2.53 1.7 2.43 1.66 

# H-bond acceptor 8 6 5 7 8 12 7 6 7 7 

# H-bond donor 4 4 4 2 2 7 3 4 3 5 

Molar refractivity 89.00 76.01 73.17 91.44 97.93 108.74 86.97 76.01 86.97 74.76 

TPSA (A2) 129.59 111.13 90.15 98.36 107.59 207.35 109.36 111.13 109.36 127.45 

Lipinski violations 0 0 0 0 0 2 0 0 0 0 

Ghose violations  0 0 0 0 0 0 0 0 0 0 

Veber violations 0 0 0 0 0 1 0 0 0 0 

Egan violations 0 0 0 0 0 3 0 0 0 0 

Muegge violations 0 0 0 0 0 1 0 0 0 0 

Bioavailability score 0.55 0.55 0.55 0.55 0.55 0.11 0.55 0.55 0.55 0.55 

Pharmacokinetics 

GI absorption High High High High High Low High High High High 

BBB permeant No No No No No No No No No No 

P-gp substrate No No Yes No No Yes No No No No 

CYP1A2 inhibitor Yes Yes Yes Yes Yes No Yes Yes Yes No 

CYP2C19 inhibitor  No No No No No No No No No No 

CYP2C9 inhibitor Yes No No Yes Yes No Yes No Yes No 

CYP2D6 inhibitor Yes Yes No Yes No No Yes Yes Yes No 

CYP3A4 inhibitor Yes Yes Yes Yes Yes No Yes Yes Yes No 

Log Kp (cm/s) (skin per-

meation) 

-6.81 -6.16 -6.28 -6.31 -6.37 -8.59 -6.46 -6.16 -6.46 -7.48 

Key: M1: Ganhuangenin, M2: 5,7,2',5'-Tetrahydroxyflavone, M3: 2',5,6',7-Tetrahydroxyflavane, M4: 

Tenaxin I, M5: Chrysosplenetin, M6: Breviscapine, M7: 5,2',5'-Trihydroxy-7,8-Dimethoxyflavone, 

M8: 5,7,2',6'-Tetrahydroxyflavone, M9: Viscidulin II and M10 2',3,5,6',7-Pentahydroxyflavanone 

 

2.9. Toxicity prediction output of test compounds 

Acute toxicity prediction outcome in Table 5 revealed that all the lead compounds 

from S. baicalensis had LD50 > 2000 mg/kg belonging to mainly class 5 with the exception 

of 2',3,5,6',7-pentahydroxyflavanone which belong to class 4. None of the test compounds 

showed a tendency for hepatotoxicity, mutagenicity, or cytotoxicity. Of all the ten com-

pounds, breviscapine is likely to be carcinogenic while all the compounds except 2',5,6',7-

tetrahydroxyflavane, Breviscapine, and 5,7,2',6'-tetrahydroxyflavone are likely to be im-

munotoxic. 
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Table 5. Toxicity prediction output of test compounds. 

Target M1 M2 M3 M4 M5 M6 M7 M8 M9 M10 

Predicted LD50 (mg/kg) 3919 3919 2500 3919 5000 5000 3919 3919 4000 2000 

Predicted Toxicity Class 5 5 5 5 5 5 5 5 5 4 

Hepatotoxicity - - - - - - - - - - 

Carcinogenicity - - - - - + - - - - 

Immunotoxicity + + - + + - + - + + 

Mutagenicity - - - - - - - - - - 

Cytotoxicity - - - - - - - - - - 

Key: +=Active; - = Inactive; M1: Ganhuangenin, M2: 5,7,2',5'-Tetrahydroxyflavone, M3: 2',5,6',7-

Tetrahydroxyflavane, M4: Tenaxin I, M5: Chrysosplenetin, M6: Breviscapine, M7:  5,2',5'-Trihy-

droxy-7,8-Dimethoxyflavone, M8: 5,7,2',6'-Tetrahydroxyflavone, M9: Viscidulin II and M10 

2',3,5,6',7-Pentahydroxyflavanone 

3. Discussion 

New drug discovery traditionally last between 10 – 20 years [16–17]. The presence of 

diverse chemical matrix in the plant extract makes the process of obtaining drugs from 

natural origin cumbersome [18]. Hence, the versatile computational modelling and dock-

ing studies have now greatly aided quicker drug target identification and design of po-

tential anticancer ligands that are both sterically and chemically compatible with the bind-

ing site of target molecules [17,19]. Thus, in this study, 307 compounds of S. baicalensis 

were screened for their inhibitory effect against EGFR tyrosine kinase and 10 compounds 

were selected for further analysis based on their docking scores viz ganhuangenin, 

5,7,2',5'-tetrahydroxyflavone, (2R)-2-(2,6-dihydroxyphenyl)-3,4-dihydro-2H-chromene-

5,7-diol, tenaxin I, chrysosplenetin, scutellarin, 5,2',5'-trihydroxy-7,8-dimethoxyflavone, 

5,7,2',6'-tetrahydroxyflavone, viscidulin II and (2S,3R)-2-(2,6-dihydroxyphenyl)-3,5,7-tri-

hydroxy-2,3-dihydrochromen-4-one.  

EGFR play a vital role in regulating several cell phenotypes including cell migration, 

adhesion, proliferation and immune response in the human skin and thus, this makes it 

an important key target for inhibiting the growth of tumors [18]. Of the 10 compounds 

studied, ganhuangenin, 5,7,2',5'-tetrahydroxyflavone, (2R)-2-(2,6-dihydroxyphenyl)-3,4-

dihydro-2H-chromene-5,7-diol and tenaxin I had higher binding affinities against the tar-

get protein compared to the standard ligand, Erlotinib. In a study by Singh and Bast [20], 

the standard ligand, Erlotinib was able to interact and form hydrogen bond with MET 

769, LEU 820, LEU 768, GLY 772, and LEU 694 and was involved in hydrophobic interac-

tion with EGFR tyrosine kinase inhibitor. MET 769 and ASP 800 played a vital role in the 

inhibitory activity of EGFR [21]. Thus, further validating our findings. 

The MM/GBSA methods are among the widely regarded and accepted end-point 

methods in calculating absolute free binding energy as they are more accurate and com-

putationally less demanding and do not require the simulation of intermediate states as 

in the alchemical methods including thermodynamic integration (TI) and free-energy per-

turbations (FEP) methods, which are computationally expensive [22 –24]. This method in-

volves the calculation of the solvation free energy contribution by solving the linearized 

Poisson Boltzmann or Generalized Born equation, the gas phase energy contribution by 

performing a molecular mechanics calculation, and the entropy contribution by perform-

ing normal mode analysis [22]. The stability of protein-ligand complexes is determined by 

binding free energy, which is one of the most accurate post docking tools for confirming 

docking score data. This means that a favorable binding free energy coincides with a reli-

able molecular docking score result. The higher the binding free energy, the more favora-

ble and stable the ligand-bound protein [25]. The results of this investigation 
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demonstrated that when the phytoconstituents of S. baicalensis bound to the drug targets, 

they might produce a stable complex, confirming the reliability of the docking score. 

Pharmacophore modeling is one of the parameters used in evaluating potential drug 

candidate which gives detailed information on the molecular structures and the interac-

tions involve in the protein-ligand interaction such as hydrogen bonding and aromatic 

rings [26]. In this study, the target protein of interest is EGFR tyrosine kinase, which is one 

of the transmembrane growth factor receptor protein [27]. The function is activated by it 

binding with its ligand epidermal growth factor leading to autophosphorylation and ac-

tivation of signal pathway promoting proliferation [27]. The pharmacophore modeling 

showed the involvement of aromatic rings and hydrogen bond formation, in the interac-

tion of the test ligands with the enzyme, which might have contributed to the higher bind-

ing affinity of the ligands. Aromatic rings are important residues for molecular interac-

tions and they often exist in several protein-ligand and protein-protein interactions. Ow-

ing to their natural existence in amino acid residues like histidine, tryptophan, phenylal-

anine, and tyrosine, they are considered essential for protein stability and molecular 

recognition processes [28]; therefore, they play an important role in the improvement of 

binding affinity and specificity of drug like molecules [29] as indicated in our findings. 

Induced fit docking, a computational approach for modeling the conformational 

changes prompted by ligand binding was carried to determine the best pose produced 

after the binding of the compounds with the target [17]. The findings indicated that the 

five compounds had better docking scores than that of the standard precision docking, 

signifying that they might have better inhibitory activities at such conformations. The 

poses formed hydrogen bond interactions with MET 769 and hydrophobic interactions 

with LEU 694, VAL 702, ASP831, LEU 764, ILE 765, THR 766, LEU 820, ALA 719, and ASP 

776 similar to the standard ligand. More so, MET 769 is one of the most important amino 

acids that inhibit EGFR tyrosine kinase [21], further expressing the potentials of the se-

lected compounds as inhibitors of the receptor. 

EGFR/ErbB1 is implicated in diseases of cellular proliferation [30], which is the only 

enriched disease in this study. Its gene amplification and overexpression is well-recog-

nized in cancer, especially brain cancer [31–34]. Therefore, studying the EGFR signaling 

network and its associated pathways are essential to enhance drug efficacy, demystify the 

mechanisms of drug resistance, and develop better therapeutic agents. Targeting EGFR 

signaling is therefore necessary for therapeutic intervention. EGFR can be activated by 

high-affinity ligands: pro-epidermal growth factor (EGF), protransforming growth factor 

alpha (TGFA), proheparin-binding EGF-like growth factor (HBEGF) and betacellulin 

(BTC). It can also be activated by low-affinity ligands, such as proepiregulin (EREG), 

epigen (EPGN) and amphiregulin (AREG) [35]. Some of these ligands are shown in the 

PPI network as the human EGFR interacted with 10 proteins which are involved in medi-

ating the functions of EGFR (Figure 1). The other genes which might play important roles 

in mediating the oncogenic actions of EGFR include: 1-phosphatidylinositol-4,5-biphos-

phate phosphodiesterase gamma-1 (PLCG1), cadherin-1 (CDH1), E3-ubiquitin protein lig-

ase CBL (CBL), signal transducer and activator of transcription 3 (STAT3), Ras GTPase-

activating protein 1 (RASA1) and heat shock protein HSP 90-alpha (HSP90AA1). The func-

tions of gene groups are effectively studied using gene enrichment and annotation [36]. 

Molecular functions of the genes were found to be: EGFR receptor binding, signaling re-

ceptor binding, growth factor activity, protein binding, protein kinase binding, protein 

tyrosine kinase binding and enzyme binding. By binding to EGFR, the active constituents 

of S. baicalensis are probably able to modulate the oncogenic actions of the receptor 

through the afore-mentioned molecular functions, especially protein binding which in-

volve all the identified genes as shown in Table S5. Three domains: EGF-like domain, Src 

homology 2 (SH2) domain and SH2 domain superfamily were significantly enriched in 

this study. p85α SH2 domain mutation is involved in activating a spectrum of receptor 

tyrosine kinases, including EGFR [37]. 

KEGG (Kyoto Encyclopedia of Genes and Genomes) pathway analysis was per-

formed to recognize the signaling pathways associated with the identified target genes 
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[38]. KEGG pathway analysis showed that the targets are involved in 47 pathways, with 

majority of the pathways implicated in cancer. EGFR acts in 40 of the identified pathways. 

Targeting EGFR will therefore reduce its influence on cancer-related pathways, especially 

pathways in cancer and ErbB signaling pathway which are the most enriched pathways 

with 7 and 8 genes, respectively. These pathways also have the lowest false discovery rate. 

Worthy of note is the role of EGFR, PLCG1, EGF and TGFA in glioma, as the role of EGFR 

in gliomas is well-recognized [34], and it is the most amplified receptor tyrosine kinase in 

glioblastoma, promoting invasion, proliferation and resistance to therapy [35]. The KEGG 

pathway analysis also revealed the non-small cell lung cancer, EGFR tyrosine kinase in-

hibitor resistance, proteoglycans in cancer, MAPK, PI3K-AKT and Ras pathways as part 

of the most enriched pathways with 5 genes (Table 2). It has been shown that activation 

of EGFR leads to the downstream activation of the RAS/RAF/MAPK pathway, phospha-

tidylinositol-3-kinase (PI3K)/protein kinase (AKT) pathway, src kinase and janus kinase 

(JAK)/signal transducers and activators of transcription (STAT) signaling pathway [33–

35]. The PI3K-AKT pathway involves various processes such as protein synthesis, cell cy-

cle progression, angiogenesis, cell proliferation, metabolism, DNA repair and cell survival 

[39]. Proteoglycans in the cancer pathway showed that proteoglycans are involved in the 

growth and metastasis of cancer cells [40–41]. MAPK pathway regulates cell differentia-

tion, proliferation and stress responses [42]. These pathways are therefore important for 

cancer therapy. EGFR was found to be one of the hub genes of S. baicalensis in the treat-

ment of Oral leukoplakia - which is a precancerous condition - through the PI3K/AKT 

signalling [43]. Ethanol root extract of S. baicalensis was also effective in treating EGFR 

tyrosine kinase inhibitors (TKIs)-resistant cells in lung cancer via inactivation of STAT3 

[44–45]. This EGFR tyrosine kinase inhibitor resistance pathway was revealed to be one of 

the most enriched pathways in this research. Thus, S. baicalensis may probably play its 

anti-cancer effect through EGFR via the most enriched KEGG pathways. 

In order to assess the stability of the simulation system, the RMSD values of all Cα 

atoms in the entire MD trajectories were obtained as indicated in Figures 12 - 13. The cal-

culation of a time variable concerning the root means square deviation (RMSD) across Cα 

atoms from generated trajectories were executed to determine the consistency and effi-

ciency of the simulated EGFR tyrosine kinase complex. Generally, the lower the RMSD 

value of the skeleton, the higher the stability of the system [46]. The association between 

the RMSD of the EGFR tyrosine kinase complex system and frame number (500ns) is 

shown in Figure 12a. It was discovered that the RMSD trajectories of the EGFR tyrosine 

kinase complex system stabilized at 0.06 to 0.08Å during the simulation and attained equi-

librium at roughly 10 ns, plateauing at 0.08Å. As a result, the EGFR tyrosine kinase com-

plex was stable, supporting the idea that the ligand maintained a stable conformation in 

the active site of the protein. The RMSD density graphs shown in Figure 12b support this. 

The histogram's peaks indicate that just one major conformation was present and that it 

was the one that was accessed during the route trajectory. Between the range count of 55 

and 68 times, or approximately, the major count of the RMSD was between 0.06 and 0.08 

nm. The RMSD graph and this histogram result demonstrate the stability of the EGFR 

tyrosine kinase complex. The RMSF of all the side chain atoms in the protein was exam-

ined in order to learn more about the flexibility of each amino acid residue in the protein 

system. The RMSF value for each residue in the EGFR tyrosine kinase complex system is 

displayed in Figure 12c. The calculation determined that the complex system's average 

RMSF ranged from 0.06 to 0.26 ns. As shown in the figure, flexible zones were defined as 

values over 0.16 nm. The flexibility of the residues in the simulation system is typically 

inversely correlated with the RMSF value. Conversely, the smaller the RMSF value, the 

lower the flexibility of the residues [46]. Higher RMSF values are most likely loop regions 

that confer to more conformational flexibility. 

We can explore the structure and behavior of molecular systems in great detail using 

Classical Molecular Dynamics (MD) simulations. Numerous analysis techniques have 

been created in order to obtain a brief but accurate interpretation of the ever-increasing 

amount of simulation data. These techniques include network theory, Markov state 
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models, stochastic approaches like the Langevin equation, and a variety of dimensionality 

reduction techniques. Principal component analysis (PCA), a straightforward and popu-

lar method, is a linear transformation that diagonalizes the covariance matrix and elimi-

nates the instantaneous linear correlations between the coordinates [47]. In this study, 

PCA was performed on the simulation trajectories of EGFR tyrosine kinase protein system 

and EGFR tyrosine kinase-Ligand complex system to investigate the influence of ligand 

on the conformational state of the target protein. It showed the statistically meaningful 

conformations in the EGFR tyrosine kinase-ligand complex trajectory. It is possible to 

identify the main motions in the trajectory and the crucial motions required for conforma-

tional changes. The associated eigenvalues represent the percentage change of the fluctu-

ation of the atomic location captured in each dimension, while the eigenvector depicts the 

overall motion of the Cα atom in the simulation system [46]. Figure 13a indicated that 59.3 

% of the total contribution of the simulated trajectories was contributed by the top 20 PCs 

of the EGFR tyrosine kinase-ligand complex system. The first three PCs (PC1, PC2, and 

PC3) provided 7.1, 5.4 and 4.7 % to the EGFR tyrosine kinase system, respectively. The 

first three eigenvectors could essentially reflect the changes in the conformational state, as 

shown by the fact that PC1, PC2, and PC3 recorded the majority of modifications in the 

original distribution of the conformational space of the simulation system. Projecting 

along the first three PC1, PC2, and PC3 directions yielded the PCA scatter plots for these 

simulation systems. The simulation system alternated between the two conformational 

states depicted in the picture by the red and black dots, which stood in for the unstable 

and stable conformational states, respectively. The scattered dots were arranged into two 

discrete groupings along the PC1 plane, and the clustering of the red and black points was 

evenly distributed parallel on both sides of the diagonal, indicating a non-periodic con-

formational shift. The points were dispersed in an erratic and disorganized configuration, 

suggesting that the motions are periodic, although the groupings along the PC2 and PC3 

planes do not entirely cluster apart. This suggests that PC1 is associated with an active 

site motion that restricts the motion to a crucial region in the target protein's amino acid 

residues (Figure 13b), as well as its stability as indicated by the RMSD and RMSF studies 

In the drug discovery and development process, about 50 and 40 % of drug candi-

dates failed clinical trials due to unacceptable efficacy and toxicity, respectively [48]. Re-

cently, in silico models such as SwissADME and PROTOX-II web servers are employed 

in drug development to predict the druggability and safety of drug candidates with high 

precision thereby saving time and cost of developing drugs that will fail clinical trials 

[25,49]. Drug likeness prediction of the test compounds was conducted based on the rule 

of five (RO5) by Lipinski et al. [50] which states that an orally active drug must not violate 

more than one of these criteria’s viz MW ≤ 500, HBD ≤ 5, HBA ≤ 10 and log P ≤ 5.  All the 

top-scoring ligands from S. baicalensis had zero Lipinski violation and also obeyed other 

drug-likeness rules by Ghose, Veber, Egan, and Muegge with the exception of breviscap-

ine. Potential drug candidates that obey drug-likeness rules tend to have a lower attrition 

rate in phases I, II, and III clinical trials [51]. This suggests that S. baicalensis ligands could 

be used as oral drug for the treatment of brain cancer.  Hence, the efficacy of S. baicalensis 

as an anticancer agent for glioblastoma multiforme reported by Scheck et al. [15] could be 

attributed to these metabolites. Their potential as good oral drugs was also validated by 

their bioavailability scores of 0.55; this bioavailability score predicts that the ligands have 

about a 55 % probability of a minimum of 10 % oral absorptivity in rats or humans [26].  

The pharmacokinetic behavior of drugs can easily be evaluated with gastrointestinal 

absorption (GIA) and brain access [52]. All the compounds but breviscapine showed high 

GIA which is an indication that they can easily be absorbed in the intestinal tract upon 

oral administration. However, breviscapine with low GIA could be administered by other 

routes such as lipoidal diffusion, para-cellular diffusion, passive, and uptake by trans-

porter protein [53]. In the same vein, drug metabolism is vital for the optimization of lead 

compounds for optimal pharmacokinetics, and pharmacodynamic properties, identifica-

tion of new chemical entries, minimization of toxicity effects of drugs, and prediction of 

appropriate human dose [54]. The first-pass metabolism or biotransformation of drugs 
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and xenobioticsis done by cytochrome P450 (CYP450) isoenzymes [55]. The isoforms 

CYP450 2C19 and 2C9 oxidases mediate the plasma concentrations of the drugs, while 

CYP450 2D6 and 3A4 are responsible for the O-dealkylation reactions [56]. All the 

screened compounds of S. baicalensis were non-inhibitors of CYP2C19, whereas breviscap-

ine and 2',3,5,6',7-pentahydroxyflavanone have the potential to inhibit all the other 

isoforms. Non-inhibitory action of the compounds denotes the potential of being trans-

formed, thereby preventing toxic effects associated with high accumulation, while inhibi-

tion of the CYP450 isoenzymes denotes that the compounds can be metabolized slowly 

and could accumulate at high concentration in the plasma. Also, the compounds were not 

substrates for P-glycoprotein (P-gp) except 2',5,6',7-tetrahydroxyflavane, and breviscap-

ine, which indicates that they can reach their site of action without being effluxed by P-

gp, a transmembrane ATP-binding transporter responsible for transporting drugs out of 

the cell [28]. Skin permeability (Logkp) is a key physicochemical property used to evaluate 

drugs that require transdermal administration. The skin permeation results showed that 

all the screened compounds from S. baicalensis are likely to be skin permeants, having 

logkp values < -2. 5. According to Naspiah et al. [57], compounds with high skin permea-

tion have Logkp < -2.5 while those with a value of > -2.5 have low skin permeability.  

The toxicity prediction outcome revealed that 9 of the screened ligands have an LD50 

≥ 2000 mg/kg and belong to the safe toxicity class (class 5), which shows little toxic effect 

by ingestion. Human hepatotoxicity predicts the extent of the drug target to cause harm 

or damage to the hepatocyte, which could lead to organ failure or eventually death. The 

mutagenicity test (Ames test) evaluates the possibility of alteration of DNA or protein, 

while cytogenicity measures interaction with immune cells [58]. Interestingly, all the com-

pounds are not likely to be hepatotoxic, mutagenic, or cytogenic, making them safe drug 

targets for brain cancer. 

4. Materials and Methods 

4.1. Protein preparation 

The protein, (EGFR) tyrosine kinase, was prepared as previously described [59–60]. 

The crystal structure of the protein (1M17), which was obtained from the Protein Data 

Bank (PDB) repository, was prepared in Glide (Schrödinger Suite 2021-2) using the pro-

tein preparation wizard panel. During the process, hydrogen was added, bond orders 

were assigned, disulfide bonds were created, and the missing side chains and loops were 

replaced with prime. Water molecules outside 3.0 Å of the heteroatoms were eliminated, 

and the protein structure was minimized and optimized using OPLS4 and PROPKA re-

spectively. 

4.2. Generation of receptor grid 

The receptor grid was developed to define the location and size of the active site of 

the protein for ligand docking. This was accomplished with Schrödinger Maestro 12.8's 

receptor grid generation tool. The active site of the protein's co-crystalized ligand (Erlo-

tinib) was employed as the scoring grid [59–60].  

4.3. Ligand preparation 

Three hundred and seven (307) bioactive compounds of S. baicalensis were retrieved 

from Dr. Duke's Phytochemical and Ethnobotanical Databases, and they were prepared 

with the standard ligand (Erlotinib) using the Ligprep panel of Maestro 12.8, Schrödinger 

Suite 2021-2, as previously reported [28]. Low-energy 3D structures with acceptable chi-

ralities were generated. Each ligand's ionization state was formed at a physiological pH 

of 7.2 ± 0.2. Stereoisomers of each ligand were computed by keeping certain chiralities 

constant while varying others. 
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4.4. Protein-Ligand Docking 

The molecular docking analysis was performed on Schrödinger Suite 2021-2 utilizing 

the Glide-Ligand Docking panel of Maestro 12.8. The prepared ligands and the receptor 

grid file were loaded into Maestro's work space, and the ligands were docked into the 

protein's binding site. The vdW radius scaling factor was set to 0.80 for ligand atoms, with 

a partial charge cut-off of 0.15, and the flexible ligand sampling option was employed 

[17,28]. 

4.5. Binding free energy calculation 

The Schrödinger Suite's MM-GBSA Prime panel was used to calculate the binding 

free energy of the receptor-ligand complex. The ligands were first prepared with ligprep, 

and the proteins were prepared with the protein preparation wizard, as previously de-

scribed [60]. The active sites of the proteins were identified using Sitemap, and the com-

pounds were docked using glide extra precision (XP) docking. The OPLS3 force field was 

used, with the VSGB continuum solvent model. For the other choices, the default settings 

were used. 

4.6. Receptor-ligand complex pharmacophore modelling  

As previously described, the PHASE module of the Schrödinger Suite 2021-2 was 

utilized to build an auto/e-pharmacophore model [26]. The process was configured to gen-

erate a maximum of 7 features with a minimum feature-feature distance of 2.00 and a 

minimum distance of 4.00 between features of the same type.  

4.7. Induced fit Docking 

The molecular interaction of ganhuangenin, 5,7,2',5'-tetrahydroxyflavone, chryso-

splenetin, tenaxin I and (2R)-2-(2,6-dihydroxyphenyl)-3,4-dihydro-2H-chromene-5,7-diol 

with receptor EGFR tyrosine kinase was investigated using Maestro 12.8's induced fit 

docking panel and the approach provided in Schrödinger 2015. The process commenced 

with a constrained receptor minimization and then uses a softening potential to achieve 

the first glide docking of the ligand. Twenty sets of docked poses were sent to Prime for 

further refinement. After prime side-chain prediction and minimization, the best receptor 

structures for each ligand were returned to Glide for redocking. According to the ex-

tended sampling protocol, residues were selected for trimming and atom-specific van der 

Waals scaling factors were calculated based on solvent-accessible surface areas, B-factors, 

salt bridges, and rotamer searches. The initial docking stage produces a large number of 

poses, which are subsequently combined and filtered to produce up to 80 poses per lig-

and, which are then passed on to the prime step. The final docked poses were scored using 

the Glide SP. 

4.8. Gene-set enrichment analysis 

An effective method for connecting a disease phenotype to a collection of genes 

and/or proteins is gene-set enrichment analysis. STRING database version 11.5 was used 

to decipher the network interaction of the genes and proteins associated with the disease 

of interest. The target protein sequence EGFR tyrosine kinase from homo sapiens were que-

ried on STRING. The network type was set to cover both functional and physical protein 

associations at the highest confidence level of 0.900, the maximum number of interactors 

to show at ≤ 10. The resulting networks of interest were extracted as a high-resolution 

bitmap image and tab-delimited files respectively [61]. 

4.9. Molecular dynamics simulation 

Molecular dynamics simulations were carried out using the Simulation module of 

the Molecular Operating Environment MOE 2019.01 software (Chemical Computing 

Group Inc., 2016). The protein and protein-ligand complex were protonated, energy was 

minimized, and parameterized using the AMBER 10: EHT force field at intervals to get 

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 15 September 2022                   doi:10.20944/preprints202209.0218.v1

https://doi.org/10.20944/preprints202209.0218.v1


 

 

the stable conformer for EGFR tyrosine kinase-ligand complex in an R-Field implicit solv-

ation system. The simulations were run in three stages. To begin, the molecular system 

was heated to 310 K (37 °C). This was followed by a 100-picosecond equilibration step at 

310 K (37 °C). The trajectory of the molecular system was then constructed for 1000 pico-

seconds at 310 K using the Nose-Poincare-Andersen (NPA) method (the time step of each 

simulation was set to 0.02 picoseconds). The VMD software and the Galaxy Europe plat-

form Bio3D platform were used for visualization and data processing. The principal com-

ponents analysis (PCA) was used to model the system's essential dynamics [62]. The sim-

ulation data set was scaled down to a few essential components that define the directions 

to the largest variance. The key structural variants within the protein structure ensemble 

were captured by ranking the principal components as eigenvectors based on the vari-

ance. The fraction of variance attributed to each principal component was displayed using 

an eigenvalue rank plot. Following that, structural clustering based on the resulting prin-

cipal components was performed, as well as residue-wise loadings to determine how 

much each residue contributed to the first two principal components. 

4.10. ADMET Profiling  

In silico predictive models were used to determine the ADMET properties of the se-

lected test compounds. The SwissADME server was used to assess the ADME properties 

of the compounds, which include: lipophilicity (Log P), water solubility (ESOL Log S), 

drug-likeness, and pharmacokinetic properties [52]. The ProTox-II online server was used 

to determine the compounds' acute toxicity class, LD50, and toxicological potentials [58]. 

5. Conclusions 

In conclusion, of the 307 bioactive compounds of S. baicalensis screened for possible 

anti-GBM activity ganhuangenin, 5,7,2',5'-tetrahydroxyflavone, (2R)-2-(2,6-dihydroxy-

phenyl)-3,4-dihydro-2H-chromene-5,7-diol, and tenaxin I possess higher binding affini-

ties and they interacted with amino acids of clinical importance such as MET 769, GLU 

738, THR 766. Two aromatic rings, H-bond donors and acceptors and some hydrophobic 

interactions were involved in the molecular interactions of the compounds of tested with 

the EGFR tyrosine kinase. Better docking scores in the induced-fit docking signifies that 

the compounds might have better inhibitory activities at different conformations. The top-

scoring ligands of the plant indicated no Lipinski violation and also obeyed other drug-

likeness rules by Ghose, Veber, Egan, and Muegge with the exception of breviscapine. 

Interestingly, all the compounds are likely not hepatotoxic, mutagenic, or cytogenic, mak-

ing them safe drug targets for brain cancer. The findings of this study have shown that 

the plant S. baicalensis contain potential leads for glioblastoma multiforme inhibition and 

thus, should be studied further for development as effective therapeutic agents against 

brain cancer. 

Supplementary Materials: Table S1. High throughput virtual screening of the constituents of

 S. baicalensis against EGFR. Table S2. Standard Precision Docking scores of the constituents 

of S. baicalensis against EGFR tyrosine kinase. Table S3. Binding free energy calculation of hi

t compounds with EGFR tyrosine kinase. Table S4. Induced Fit Docking scores and biologic

al interactions of five top scoring compounds of S. baicalensis against EGFR tyrosine kinase. 

Table S5. KEGG pathways of identified genes. Figure S1. 2D view of the molecular interacti

ons of A=Ganhuangenin, B=5,7,2',5'-Tetrahydroxyflavone, C=(2R)-2-(2,6-dihydroxyphenyl)-3,4-di

hydro-2H-chromene-5,7-diol, D=Tenaxin I, E=Chrysosplenetin, F=Scutellarin, G=5,2',5'-trihydrox

y-7,8-dimethoxyflavone, H=5,7,2',6'-Tetrahydroxyflavone, I=Viscidulin II, J=(2S,3R)-2-(2,6-dihydr

oxyphenyl)-3,5,7-trihydroxy-2,3-dihydrochromen-4-one, K=Erlotinib with EGFR tyrosine kinase.

 Figure S2. 3D view of the molecular interactions of A=Ganhuangenin, B=5,7,2',5'-Tetrahydro

xyflavone, C=(2R)-2-(2,6-dihydroxyphenyl)-3,4-dihydro-2H-chromene-5,7-diol, D=Tenaxin I, E=

Chrysosplenetin, F=Scutellarin, G=5,2',5'-trihydroxy-7,8-dimethoxyflavone, H=5,7,2',6'-Tetrahydr

oxyflavone, I=Viscidulin II, J=(2S,3R)-2-(2,6-dihydroxyphenyl)-3,5,7-trihydroxy-2,3-dihydrochro

men-4-one, K=Erlotinib with EGFR tyrosine kinase. 
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