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Abstract: Breast cancer is one of the most commonly diagnosed forms of the disease, and it is also the 

leading cause of cancer-related deaths among women worldwide. One of the most important 

contributors to the development of breast cancer in women is the presence of hormones dependent on 

estrogen. As a result, there is an urgent need for drugs that are more successful in the fight against this 

disease. Estrogen receptor (ER) is becoming a target in the therapy of endocrine disorders. The purpose 

of this research was to identify the most bioactive compounds that can be extracted from Zingiber 

officinale, namely (1R,3S,5R)-1,5-epoxy-3-hydroxy-1-(3,4-dihydroxy-5-methoxyphenyl)-7-(4-

dihydroxyphenyl)-heptane, (3S,5S)-3,5-dihydroxy-1-(4-hydroxy-3-methoxyphenyl)-7-(4-hydroxy-

3,5-dimethoxyphenyl)-heptane, (R)-linalyl-b-D-glucopyranoside, hexahydrocircumin and 10-gingerol 

which show promise as ER inhibitors in the search for a breast cancer drug. Schrodinger discovered a 

wide variety of docking scores during the process of molecular docking. The compounds have drug-

like abilities and good ADME properties, and they also displayed satisfactory inhibitory (pIC50 values) 

ranging from 6.807 to 7.792; as a result, they may be used as effective therapeutic alternatives for the 

treatment of breast cancer.  
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1. Introduction 

Breast cancer, the most common type of cancer in women, ranks first as the leading 

cause of death [1,2]. The incidence of Breast cancer is higher in developing than in developed 

countries due to late detection [3]. In Nigeria, however, there is an increasing incidence of 

Breast cancer due to urbanization and lifestyle changes. It is the leading cause of cancer deaths, 

representing 23% of all cancer cases and 18% of all deaths in Nigeria [4]. Also, there is notably 

high mortality due to late detection and case presentations. Breast cancer starts in the cells that 

line the ducts of the glandular tissue of the breast. About 2.3 million new cases of breast cancer 

were detected in women, leading to 685,000 deaths in 2020 alone. Within the previous five 

years, a total of 7.8 million living women have been diagnosed with breast cancer [4,5]. 

Estrogen receptors (ERs) are proteins in cells, and the hormone activates them. The 

human estrogen receptor has two subtypes: alpha (ER) and beta (ER). They are found in 
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different tissues where they regulate different sets of genes and have different affinities and 

activities [6]. Estrogen receptors (ER) are overexpressed in about 74% of breast cancer because 

cancer cells that are ER-positive depend on estrogen to grow [7]. The presence of high levels 

of ER in breast epithelium seems to indicate an increased risk of breast cancer. This suggests 

that ER plays a role in both the beginning and spread of breast cancer [5,8]. Estrogen plays a 

crucial role in the development of breast cancer; hence, the disruption of the estrogen system 

via blocking of ER might be a logical approach in the management of breast cancer. To improve 

survival rates, the majority of current treatments for breast cancer focus on the use of 

chemotherapy and radiation therapy [9]. The diverse side effects of the current management 

regimen are of high concern, and the search for alternatives and a complementary approach is 

still on. 

In the last few years, there has been a rise in the use of “natural” or alternative medicines 

to treat breast cancer due to the lower risk of side effects and the abundance of such substances 

in nature[10,11]. Ginger rhizome (Zingiber officinale) is a natural plant that is recommended 

as a cancer treatment to help prevent tumors from growing [12,13]. Because of its taste, color, 

and spiciness are always added to various foods and drinks. It contains many bioactive 

compounds that have been shown to have antioxidant, anti-inflammatory, antimicrobial, 

antiviral, antifungal, antiarthritic, hypotensive, antiatherogenic, radioprotective, and antiemetic 

properties [14]. Ginger also has compounds like gingerols, gingerdione, shogaols, paradols, 

caffeic acid, elemene, and zingerone that have been shown to fight cancer. Hence, this study 

uses a computational approach to investigate the interaction of Zingiber officinale-derived 

compounds with ER to identify potent compounds that can be deployed to manage breast 

cancer. 

2. Materials and Methods 

2.1. Preparation of ligands. 

For these in-silico studies, a library of about 53 compounds with low molecular weights 

was used. The ligands were prepared using the ligprep panel on Maestro 11.5 with an OPLS3 

force field at pH 7.0 +/- 2.0 [15]. The options to desalt and generate tautomers were selected, 

and the stereoisomer computation was set to generate at most 32 per ligand. Maestro was left 

as the output format. 

2.2. Protein preparation.  

The ER crystal structure (PDB 1D- 3ERT) was uploaded to Maestro 11.8’s workspace. 

The downloaded protein was prepared using the Schrodinger suite’s protein preparation 

wizard. Bond orders were assigned during protein preprocessing, waters were deleted from 5.0 

het groups, and het states were set at pH 7.0 +/- 2.0 [16]. Ions were removed, and a hydrogen 

bond formed. The H-bond network was optimized using PROPKA in the refine tab; water 

molecules with fewer than three H-bonds to non-waters were removed [17]. The retrained 

minimization was performed with an OPLS3 force field and an RMSD of 0.30. 

2.3. Receptor grid generation. 

A receptor grid generation panel was used to generate the receptor grid file, which 

represents the active sites of the receptor for glide ligand docking jobs. The ligand-binding site 
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was defined by selecting the co-crystallized ligand of the protein structure on the workspace. 

To soften the potential for non-polar parts of the receptor, the van der Waals radii of the 

receptor atoms with partial atomic charge were scaled by 1.0 and cut by 0.25. The receptor grid 

box resolution was centered at x, y, and z-axis coordinates 93.91, 68.0, and 9.8. 

2.4. Glide extra precision docking. 

The prepared compound library was docked into the active site of the protein crystal 

with extra precision using the flexible ligand sampling set. Model energy score (e-model) was 

used to select the best-docked structure for each ligand, which combines glide score, non-

bonded interaction energy, and excess internal energy of the generated ligand conformation. 

2.5. Induced fit docking.  

Using the Induced Fit Docking (IFD) allowed for an accurate prediction of the binding 

affinity of the novel inhibitors to the prepared protein crystal. IFD is an in-silico approach that 

accurately predicts ligand binding modes and receptor structural changes using Glide and 

Prime’s Refinement module [17,18]. 

2.6. Calculation of binding free energy. 

The Prime MM-GBSA panel was used to calculate the binding free energy for the 

ligand-receptor complex using Prime’s MM-GBSA technology. After energy minimization, 

MMGBSA quantifies the difference in energy between the free and complex states of both the 

ligand and the protein. The OPLS3 force field was used in the prime MM-GBA panel, and 

VSGB was used as the continuum solvent model. Other options were left at their default 

settings. 

The following are the equations for calculating binding energy: 

ΔG bind = ΔE + ΔGsolv + ΔGSA                        (1) 

ΔE = Ecomplex − E protein – Eligand                 (2) 

where Ecomplex, Eprotein, and Eligand represent the minimized energies of the 

protein-inhibitor complex, protein, and inhibitor, respectively. 

ΔGsolv = ΔGsolv (complex)− ΔGsolv (protein)− ΔGsolv (ligand)                     (3) 

ΔGSA = ΔGSA (complex)− ΔGSA (protein)− ΔGSA (ligand)                           (4) 

where GSA is the surface area’s non-polar contribution to solvation energy, the surface 

energies of complex, protein, and ligand are denoted by GSA (complex), GSA (protein), and 

GSA (ligand). 

2.7. ADMET properties. 

The prediction of absorption, distribution, metabolism, excretion, and toxicity 

(ADMET) is required to establish the safety and drug-ability of the selected compounds 

[19,20]. The drug-likeness of compounds was determined using Lipinski’s rule of five, and this 

parameter was predicted by Canvas [21–23]. Lipinski’s rule of five (RO5) is one of the rules 

designed to screen compounds, and all selected compounds were evaluated for their respective 
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drug-like properties using the Swiss ADME online server administered by the Swiss Institute 

of Bioinformatics [24,25]. 

2.8. Validation of molecular docking results. 

Validation methods are important to ensure a model’s robustness on unseen data. The 

root mean squared error (RMSE) approach is one of the internal validations methods [26–28]. 

The docking procedure used in this study was affirmed by blasting the FASTA sequence from 

the ER database server of the CHEMBL. The file was edited in Microsoft Excel to remove 

entries that did not have a pChEMBL Value. The saved file was then uploaded to Data Warrior 

to be converted to SDF format (2D structure). The compounds were synthesized and docked 

with the same protein target used in this study. The screening procedure was deepened using a 

machine learning-based predictive model (pIC50 Calculation) created by Schrodinger’s 

AutoQSAR panel [29]. Given a learning set of chemical compounds and an activity property 

from the CHEMBL database, 46 physicochemical and topological descriptors are calculated, 

along with various Canvas fingerprints [22], yielding an array of independent variables from 

which to build models. The automated module randomly divided the dataset into 80% training 

sets and 20% test sets. On each training set, models are created using every feasible 

combination of machine learning techniques and sets of independent variables supported by 

each technique [30]. The model’s applicability was examined using various statistical 

parameters such as the correlation coefficient for training sets (R2), the correlation coefficient 

for test sets (Q2), the root mean square error (RMSE), the standard deviation (SD), and the 

ranking score [31]. 

3. Results and Discussion 

3.1. Molecular docking analysis. 

In this Molecular docking simulation study, 53 ginger derivatives were docked into the 

ER+ protein receptor (PDB id = 3ERT) binding pocket. Maestro docker software was used 

because it produces more accurate results than other docking software. The ones with the 

highest docking scores were selected (the best five), and the remaining compounds are listed 

in (Table 1). In Table 1, the docking scores and the interactions of all five compounds are 

shown.  

Table 1. The remaining compounds have their docking scores. 

S/N Compounds Docking Score 

1. 
(1R,3S,5R)-1,5-epoxy-3-hydroxy-1-(3,4-dihydroxy-5-methoxyphenyl)-7-(4-dihydroxyphenyl)-

heptane 
-13.204 

2 
(1R,3S,5R)-1,5-epoxy-3-hydroxy-1-(3,4-dihydroxy-5-methoxyphenyl)-7-(4-hydroxyphenyl)-

heptane 
-12.339 

3 
(1R,3R,5R)-1,5-epoxy-3-hydroxy-1-(3,4-dihydroxy-5-methoxyphenyl)-7-(3,4-

dihydroxyphenyl)-heptane 
-9.911 

4 heptan-2-yl-b-D-glucopyranoside -8.811 

5 12-shogaol -8.692 

6 galanal A -8.582 

7 6-isoshogaol -8.504 

8 7-gingerol -8.428 

9 
(1R,3S,5R)-1,5-epoxy-3-hydroxy-1-(3,4-hydroxy-5-methoxyphenyl)-7-(4-hydroxy-3-

methoxyphenyl)-heptane 
-8.401 

10 8-shogaol -8.343 

11 4-shogaol -8.322 
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S/N Compounds Docking Score 

12 Curcumin -8.265 

13 (2E, 6E)-3, 7-dimethyl-8-hydroxyoctadien-1-yl-b-D-glucopyranoside -8.247 

14 10-gingerdione -8.209 

15 trans-b-sesquiphellandrol -8.204 

16 galanal B -8.155 

17 neryl-b-D-glucopyranoside -8.126 

18 cis--b-sesquiphellandrol -8.106 

19 
(1R,3R,5R)-1,5-epoxy-3-hydroxy-1-(3,4-dihydroxy-5-methoxyphenyl)-7-(4-hydroxy-3-

methoxyphenyl)-heptane 
-8.042 

20 6-shogaol -7.958 

21 (2E, 6Z)-3, 7-dimethyl-8-hydroxyoctadien-1-yl-b-D-glucopyranoside -7.956 

22 6-gingediacetate -7.938 

23 (3S,5S)-3,5-diacetoxy-1,7-bis(4-hydroxy-3-methoxy)-heptane -7.917 

24 4-gingerol -7.805 

25 11 -7.787 

26 8-gingerol -7.772 

27 citronellyl-b-D-glucopyranoside -7.749 

28 6-gingerdine -7.684 

29 Aframodial -7.573 

30 6-gingerol -7.53 

31 Curcumin -7.497 

32 geranyl-b-D-glucopyranoside -7.309 

33 6-paradol -7.282 

34 Zingerone -7.249 

35 methyl-6-isogingerol -6.983 

36 5-hydroxy-borneol -6.891 

37 1 -6.891 

38 R -6.857 

39 (3S,5S)-6-gingediol4'-O-b-D-glucopyranoside (unfinished) -6.58 

40 1-Dehydro-10-gingerdione -6.435 

41 Zingeberoside A -6.319 

42 6-gingesulfonic acid -6.279 

43 3 -6.26 

44 Zingeberoside B(unfinished) -6.091 

45 shogasulfonic acid A -6.089 

46 1,8-epoxy-p-methan-3-yl-b-D-glucopyranoside -6.088 

The first compound had the highest score, which was -13.204kcal/mol. It interacted 

with the receptor through three normal hydrogen bonds with GLY521, GLU353, and THR347. 

Hydrophobic interactions are also found with LEU391, MET388, LEU387, LEU428, LEU384, 

TRP383, MET343, LEU346, LEU349, ALA350, LEU 525, PHE404, VAL418, MET421 and 

ILE424. It also shows the Predicted (pIC50) value of 7.792. 3D and 2D representations of 

compound 1 are shown in below Figure 1. 

The second compound had a docking score of -9.302kcal/mol, which was the second-

best score. It interacted with the receptor through three hydrogen bonds with THR347, 

ASP351, and VAL534. Hydrophobic interactions are also found with LEU391, MET388, 

LEU387, LEU384, TRP383, MET343, LEU346, ALA350, LEU354, LEU539, LEU536, 

PRO535, VAL534, VAL533, CYS530, MET421, ILE424 and LEU525. It also shows the 

Predicted (pIC50) value of 7.452. 3D and 2D representations of compound 2 are shown in 

Figure 2. 
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Figure 1. Binding pose of (1R,3S,5R)-1,5-epoxy-3-hydroxy-1-(3,4-dihydroxy-5-methoxyphenyl)-7-(4-

dihydroxyphenyl)-heptane with Estrogen Receptor in 2D and 3D structures. 

 
Figure 2. Binding pose of (3S,5S)-3,5-dihydroxy-1-(4-hydroxy-3-methoxyphenyl)-7-(4-hydroxy-3,5-

dimethoxyphenyl)-heptane with Estrogen receptor in 2D and 3D structures. 

 
Figure 3. Binding pose of (R)-linalyl-b-D-glucopyranoside with Estrogen Receptor in 2D and 3D structures. 

The third compound had -9.162kcal/mol. It was shown that four hydrogen bonds relate 

to the receptor with GLU353, LEU387, THR347, and GLU353. Hydrophobic interactions are 

also interacted with ALA350, LEU349, PHE404, LEU346, MET343, MET528, LEU525, 

TRP383, LEU384, LEU387, MET388, LEU428, LEU 391, ILE424, MET421 and VAL418. It 

https://doi.org/10.33263/LIANBS141.049
https://nanobioletters.com/


https://doi.org/10.33263/LIANBS141.049  

 https://nanobioletters.com/ 7 of 12 

 

also shows the Predicted (pIC50) value of 6.807. 3D and 2D representations of compound 3 

are shown in Figure 3. 

The fourth compound had -9.063kcal/mol. It was shown that four hydrogen bonds relate 

it to the receptor with LEU387 and ARG394. Hydrophobic interactions are also interacted with 

LEU391, MET388, LEU387, LEU384, TRP383, MET343, LEU346, LEU349, ALA350, 

LEU354, LEU525, MET528, LEU536, LEU539 and PHE404 It also shows the Predicted 

(pIC50) value of 7.452. 3D and 2D representations of compound 4 are shown in Figure 4. 

 
Figure 4. Binding pose of hexahydrocircumin with Estrogen Receptor in 2D and 3D structures. 

The fifth compound had -9.03kcal/mol. It was shown that four hydrogen bonds relate 

to the receptor with ASP351 and GLU353. Hydrophobic interactions are also interacted with 

TRP383, LEU384, LEU387, MET388, LEU 391, ALA350, LEU349, LEU346, MET343, 

LEU428, MET421, ILE424, LEU525, MET528 and PHE404. It also shows the Predicted 

(pIC50) value of 7.217. 3D and 2D representations of compound 5 are shown in Figure 5. 

 
Figure 5. Binding pose of 10-gingerol with Estrogen Receptor in 2D and 3D structures. 

3.2. Induced fit docking analysis. 

Induced fit docking (IFD) provided a more reliable binding affinity prediction by 

allowing the protein to rotate upon ligand binding. The hit compounds did not show the same 

trend when comparing the docking score to the IFD score. (1R,3S,5R)-1,5-epoxy-3-hydroxy-

1-(3,4-dihydroxy-5-methoxyphenyl)-7-(4-dihydroxyphenyl)-heptane, which is compound 1 

still has the best interaction with the IFD score of – 11.832kcal/mol, 10-gingerol and 

hexahydrocircumin have a better interaction with each other than the others by measuring IFD 
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score of – 10.553kcal/ mol and – 9.716kcal/mol respectively. The docking scores and induced 

fit scores are shown in Table 2. 

Table 2. Induced fit docking scores result. 
COMPOUNDS NAME DOCKING SCORE INDUCED FIT SCORE 

(1R,3S,5R)-1,5-epoxy-3-hydroxy-1-(3,4-dihydroxy-5-

methoxyphenyl)-7-(4-dihydroxyphenyl)-heptane 
-11.832 23.58 

(3S,5S)-3,5-dihydroxy-1-(4-hydroxy-3-methoxyphenyl)-

7-(4-hydroxy-3,5-dimethoxyphenyl)-heptane 
-8.426 27.59 

(R)-linalyl-b-D-glucopyranoside -9.14 29.46 

Hexahydrocircumin -9.716 27.01 

10-gingerol -10.553 24.73 

3.3. Binding energy analysis. 

The free energy of binding was determined using the MMGBSA post-docking tool, 

which predicts binding free energies for compounds/ligands by combining molecular 

mechanics calculations and salvation models. Many studies have shown that the MMGBSA 

post-docking method is the most reliable for rating the affinity of a ligand on binding to its 

protein target [32–34] because results obtained through MMGBSA for binding energies 

calculations were found to be highly reproducible [35,36]. The key energy components to 

binding free energy were found as ∆Gbind, Coulomb interaction (∆GCoulomb), Hydrogen 

bond (∆GHbond), lipophilic energy (∆GLipo), and ∆GSolv, which boost the binding affinity 

of the compounds towards the binding pocket of the protein. The evaluation of binding free 

energy is listed in Table 3.  

Table 3. Docking Score with Binding free energy results. 

Compounds 

Name 

Docking 

Score 

MMGBSA 

dG Bind 

MMGBSA 

dG Bind 

Coulomb 

MMGBSA 

dG Bind 

Hbond 

MMGBSA 

dG Bind 

Lipo 

MMGBSA 

dG Bind 

Solv GB 

(1R,3S,5R)-1,5-epoxy-3-

hydroxy-1-(3,4-

dihydroxy-5-

methoxyphenyl)-7-(4-

dihydroxyphenyl)-heptane 

-13.204 -80.31 -12.21 -1.26 -64.25 25.34 

(3S,5S)-3,5-dihydroxy-1-

(4-hydroxy-3-

methoxyphenyl)-7-(4-

hydroxy-3,5-

dimethoxyphenyl)-

heptane 

-9.302 -90.75 -27.47 -1.21 -55.53 34.53 

(R)-linalyl-b-D-

glucopyranoside 
-9.162 -103.3 -23.79 -0.88 -67.72 24.45 

hexahydrocircumin -9.063 -65.34 0.78 -0.59 -48.19 22.95 

10-gingerol -9.03 -102.62 -10.83 -1.35 -76.57 20.91 

∆G bind - MM-GBSA free energy (kcal/mol) of binding; ∆G Bind Coulomb - MM-GBSA free energy of 

binding (kcal/mol) from the Coulomb energy; ∆G Bind Lipo - MM-GBSA free energy of binding (kcal/mol) 

from lipophilic binding energy; ∆G Bind Hbond - MM-GBSA free energy of binding (kcal/mol) from hydrogen 

bonding; ∆G Bind Solv GB – MM-GBSA free energy of binding (kcal/mol) from generalized Born electrostatic 

solvation energy. 

3.4. ADMET analysis. 

In Table 4, the reported ADME properties include the number of violations of 

Lipinski’s rule of five (RO5), the molecular weight of the molecule, the predicted octanol–
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water partition coefficient, the number of hydrogen bond acceptors, the number of hydrogen 

bond donors, and the predicted binding to human serum albumin. Lipinski’s RO5 is useful for 

assessing drug-likeness and predicting whether or not small compounds have the potential to 

be developed into orally active drugs for humans. The rule allows a molecular weight ≤500 Da, 

octanol–water partition coefficient ≤5, hydrogen bond donor ≤5, and hydrogen bond acceptor 

≤10 [37,38]. Prospective drug candidates that obey the RO5 have reduced attrition rates in 

clinical trials, increasing their chances of becoming and being marketable [39]. Zingiber 

officinale compounds have met this rule. Therefore, they can be used to build ER inhibitors 

and drugs for breast cancer in the coming years.  

Table 4. Result showing ADME properties. 
Compounds Name ROF MW AlogP HBA HBD PSA 

(1R,3S,5R)-1,5-epoxy-3-hydroxy-1-

(3,4-dihydroxy-5-methoxyphenyl)-7-(4-

dihydroxyphenyl)-heptane 

0 390.432 2.448 7.15 4 109.751 

(3S,5S)-3,5-dihydroxy-1-(4-hydroxy-3-

methoxyphenyl)-7-(4-hydroxy-3,5-

dimethoxyphenyl)-heptane 

0 406.475 3.24 7.15 4 107.799 

(R)-linalyl-b-D-glucopyranoside 0 332.393 -0.05 10.95 5 121.045 

Hexahydrocircumin 0 374.433 3.651 5.7 2 106.947 

10-gingerol 0 348.481 4.328 4.2 1 70.165 

ROF-Lipinski rule of five; MW-Molecular weight; AlogP- Predictedoctanol/water partition coefficient; HBA- 

Hydrogen bond acceptor; HBD- Hydrogen bond donor; PSA- Polar surface area. 

3.5. AutoQSAR analysis. 

In a negative logarithm of inhibitor concentration (pIC50), the observed and predicted 

activities of the training set and test set were shown on the supplementary list in Table 1.3. The 

top 5 models are shown in Table 5, and Model kpls_molprint2D_6, the best model, has a 

standard deviation (S.D.) of 0.5530, R2 of 0.7722, root mean square error (RMSE) of 0.5112 

and Q2 of 0.7355. All these values met the necessary criteria for a good QSAR model. The 

scatter plot in Fig. 6 below compares the experimental and predicted pIC50 values for the best-

developed model. Table 1 also shows the predicted pIC50 of the lead compounds using the 

best model for the data set. 

 
Figure 6. Scatter plot analysis for the best-predicted model from AutoQSAR. 
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Table 5. Five best models generated by AutoQSAR.  

Model code Score S.D. R2 RMSE Q2 

kpsl_molprint2D_6 0.7732 0.5530 0.7722 0.5112 0.7355 

kpls_molprint2D_39 0.7250 0.5425 0.7764 0.5443 0.7223 

mlr_39 0.6547 0.7169 0.6218 0.5332 0.7335 

kpls_desc_43 0.6492 0.7092 0.6337 0.6098 0. 6248 

pls_49 0.6459 0.6961 0.6451 0.6427 0.6046 

4. Conclusions 

Estrogen Receptor is a drug target for breast cancer and other diseases. This study 

demonstrates the ability of compounds derived from Zingiber officinale to bind to the Estrogen 

Receptor, which indicates that these compounds have the potential to act as inhibitors. It is 

necessary to stress the fact that these compounds have been discovered to have a good docking 

score, binding free energy, satisfactory ADME properties and inhibitory (pIC50 values) 

especially (1R,3S,5R)-1,5-epoxy-3-hydroxy-1-(3,4-dihydroxy-5-methoxyphenyl)-7-(4-

dihydroxyphenyl)-heptane. Hence, they are potential drugs recommended for the inhibition of 

ER in breast cancer. 
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