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Abstract: Despite progress in early diagnosis and treatment strategies of breast tumour, it still remains 

the most prevalent type of cancer in women. Breast tumours usually exhibit intratumoral heterogeneity 

with estrogen receptor-positive and negative cells. Therefore, therapeutic strategies targeting the 

proteins that promote rapid proliferation remain a key target for drug discovery. Herein, various 

computational approaches were used to predict the inhibitory potential of the bioactive compounds from 

the n-butanol fraction of Spondias mombin, previously reported by our laboratory, against multiple 

proteins involved in breast cancer pathogenesis. Among these compounds, rutin, isoquercetin, 

rhamnetin, and quercetin were observed to be potent inhibitors of the human epidermal receptor-2 

(3RCD), estrogen receptor (6CHZ), and progesterone receptor (4OAR). These compounds revealed 

appreciable pIC50 and fitness score prediction from autoQSAR and e-pharmacophore models. These 

compounds also showed an acceptable pharmacokinetic profile and drug-likeness properties, except for 

rutin and isoquercetin, which violated more than one of Lipinski’s rules. Therefore, these lead 

compounds require in vivo and in vitro toxicity testing and experimental validation for the development 

of drug candidates against breast cancer. 
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1. Introduction 

Despite advances in rational drug design and high-throughput screening methodologies, 

the number of innovative, single-target medications has fallen far short of expectations [1]. 

Targeting a single protein related to a specific disease has several limitations, including 

insufficient target protein to effectively treat the disease, drug resistance, and off-target effects, 

which can bind and interact with other proteins unrelated to the disease [2]. Multi-target 

computational modeling is a computational strategy that identifies chemicals that can target 

numerous proteins or pathways linked with a disease using computer-based techniques [3]. 

Multi-target medications have stronger efficacy, a better safety profile, and are easier to 

administer than single-target drug combinations [4]. For the reasons stated above, 

"polypharmacology" or multi-targeting modeling is a growing paradigm in the therapeutic 

development of medications against a variety of disorders, including cancer [5]. 
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Breast cancer remains prominent among cancers diagnosed in women globally, with an 

incidence that increases dramatically with age [6,7]. It is most usually diagnosed in women, 

with women over the age of 50 having the highest risk of developing it. Developed countries 

have a greater incidence rate than developing countries. Breast cancer is the leading cause of 

death among women worldwide [8,9]. The risk factors for breast cancer include genetic 

abnormalities in breast cancer-related genes such as BRCA1 and BRCA2, family history, 

lifestyle variables such as high-fat diets and alcohol intake, and women who have never been 

pregnant or had their first child at a later age [10]. Various treatment strategies for breast cancer 

include immunotherapy, surgery, chemotherapy, radiation therapy, and targeted therapy. 

However, all of these therapies have adverse effects such as fatigue, changes in the appearance 

of the breast, hair loss, and an increased risk of getting cancer in the treated area [11]. As a 

result, the creation of natural therapy with minimal side effects is required. Human epidermal 

receptor-2 overexpression has been attributed to the pathogenesis of breast cancer, which 

results in an elevated level of tumor growth and metastatic activity, thereby leading to a low 

survival rate and poor prognosis [12]. Breast tumors have been reported to be positive for either 

estrogen or progesterone receptor. Hormone receptor-positive breast cancer means the cancer 

cells can respond to estrogen or progesterone, which can instruct the cells to grow. The 

attributes of the receptors contribute to the rationale for the selection in the study.  

Natural products have recently proven to be an important source of novel medications 

for a wide range of ailments. Popular for their low toxicity, long history of usage, and ability 

to target many pathways, which can lead to effective treatments with few to no side effects 

[13]. Spondias mombin, commonly known as yellow mombin or hog plum, is a tropical fruit 

tree native to Central and South America, well-known for its medicinal properties and 

traditionally used to treat a wide range of maladies [14]. In one investigation, the efficacy of S. 

mombin water extract revealed remarkable recovery for cancer-induced rats [15]. Another 

study found that S. mombin fraction rich in carotenoid potentially inhibits HER2 ATP kinase 

domain in HER2-positive breast cancer induced rats [16]. 

When compared to traditional experimental methods, the in-silico drug discovery 

strategy has proven to be an important tool in the drug development process since it can greatly 

shorten the time necessary and lower the resources required. This strategy identifies promising 

medication candidates that would be difficult or impossible to identify using traditional 

experimental procedures. This study is designed to apply computational tools to predict the 

drug-likeness of HPLC-discovered compounds from S. mombin against several breast cancer 

targets. 

2. Materials and Methods 

2.1. Preparation of target protein structure and ligand. 

The crystallographic structures of the targets: human epidermal receptor-2 (PDB ID: 

3RCD), estrogen receptor (PDB ID: 6CHZ), and progesterone receptor (PDB ID: 4OAR) were 

obtained from the Protein Data Bank (www.rcsb.org). The chain that contains the co-

crystallized ligand was selected for the docking procedure. The target was prepared by the 

protein preparation wizard of the Schrodinger Maestro [17]. All of the missing residues and 

side chains were added during the pre-processing of the protein. The review and modification 

stage was used to eliminate unnecessary water molecules. The minimized protein structures 

were used for the docking process. 
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The molecule crystalized at the binding domain of each target was selected to generate 

the glide grid file, generating the coordinates for 3RCD: x = 13.4, y = 2.74, and z = 27.53, 

6CHZ: x = -32.21, y = -2.93, and z = -23.45, and 4OAR: x = 14.22, y = 23.34, and z = 14.55. 

The flavonoids identified from the n-butanol fraction of S. mombin via high-

performance liquid chromatography (HPLC), as previously reported by Omoboyowa et al. 

[18], were retrieved in sdf format from the PubChem database 

(https://pubchem.ncbi.nlm.nih.gov), and the compounds were prepared. The Ligprep was 

utilized to generate energetically minimized outputs, optimize with OPLS3e force field, ionize 

stereoisomers, and convert to their respective 3D chemical structures at a neutral pH of 7.0 ± 

2.0 using Epik [19].  

2.2. Molecular docking analysis. 

Molecular docking analysis of eight compounds obtained from the HPLC analysis of 

the n-butanol fraction of S. mombin was carried out using the GLIDE docking module on 

Schrodinger. Prior to docking, the docking procedure was validated for reproducibility and 

accuracy for all the targets. The molecule co-crystalized with the proteins was removed from 

the binding domain, prepared, and re-docked into the same catalytic site of 3RCD, 6CHZ, and 

4OAR.  

Molecular docking was carried out using GLIDE-extra precision (XP) procedure. XP 

was adopted because it is a discriminating and robust protocol that can run for longer than other 

precision techniques. It is also used to eliminate false-positive results [20]. Following that, the 

ligands were classified according to their binding affinities. The Ligand-protein interactions 

were exported to Discovery Studio 2020 to build the 2D interaction profile of protein-ligand 

complexes. 

2.3. MM-GBSA and binding free energy. 

The binding free energies of the XP-screened compounds and the reference drug were 

determined using the MM-GBSA module of the Schrodinger software. The docked ligand-

target complexes were minimized with the local optimization feature in Prime. The binding 

energy (ΔGbind) for the complexes was predicted by employing the OPLS3 force field [21]. The 

equation below was used to estimate the binding free energy: 

 

ΔG𝑏𝑖𝑛𝑑 = ΔE𝑀𝑀 +  ΔG𝑠𝑜𝑙𝑣 +  ΔG𝑆𝐴              (1) 

2.4. Generation of E-pharmacophore hypothesis and phase screening of compounds. 

The E-pharmacophore hypothesis was generated for the targets (3RCD, 6CHZ, and 

4OAR) with co-crystalized ligands through the energy-optimized receptor-ligand 

pharmacophore of Maestro Suite (2007-1). The compounds were prepared with macromodel 

minimization and screened by E-pharmacophore-based phase screening of the generated subset 

of compounds that possess the requisite features for the target binding to the targets. Overall, 

the fitness scores of the compounds were estimated [22]. 
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2.5. AutoQSAR model generation. 

Experimental data for the inhibitors of the targets (3RCD, 6CHZ, and 4OAR) were 

retrieved from www.ebi.ac. uk/chembl/ (CHEMBL database) along with their pIC50 values. 

Data-warrior (v-2) was used to convert the dataset to their sdf format [23]. These files were 

imported into the Schrodinger workspace, followed by preparation with the Macromodel tool. 

The autoQSAR models of the proteins were generated according to the hit compounds’ pIC50. 

The best-ranked models based on the outcome were selected to screen the pIC50 of the 

compounds. 

2.6. Prediction of the pharmacokinetic and drug-likeness properties. 

The pharmacokinetics (QPlogHERG, QPPCaco, QPlogKhsa, % Oral Absorption) and 

drug-likeness profile of the compounds were screened by the Qikprop tool of Schrodinger Suite 

(v11.12) [24].  

3. Results and Discussion 

3.1. Analysis of the docking score and binding free energy. 

To validate the docking protocol in this study, co-crystalized ligands from the protein 

were removed, prepared, and re-docked into the catalytic site of the targets. The deviation of 

the re-docked ligands and the co-crystalized ligands was estimated as root mean square 

deviations (RMSD), which were observed to be 1.692 Å, 1.432 Å, and 0.647 Å for 3RCD, 

6CH, and 4OAR, respectively. The RMSD of the targets was less than 2 Å, which suggests the 

reliability of the docking protocol [20,12]. The co-crystalized ligands (green) superimposed 

with the re-docked ligands (red) at the binding site of the targets (3RCD, 6CH, and 4OAR) are 

shown in Figure 1. 

   
(a) (b) (c) 

Figure 1. Docked pose of superimposition of targets and co-crystalized ligand (a) 3RCD; (b) 6CHZ; (c) 

4OAR. 

 

Molecular docking is an important protocol for studying the mechanisms of interaction 

and binding of small molecules to the catalytic site of targets during drug design [25]. Inhibitory 

potential of bioactive compounds identified from butanol fraction of S. mombin stem bark 

previously reported in our lab [18] against human epidermal receptor-2 (3RCD), estrogen 

receptor (6CH), and progesterone receptor (4OAR) involved in human breast cancer was 

predicted according to the binding analysis using extra precision filtering screening and energy 

calculation.  
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The binding score and free energy predictions are represented in Figure 2. The higher 

the binding score, the better the binding affinity. Hence, rutin, isoquercetin, rhamnetin, and 

quercetin identified from the fraction were observed to favourably bind to the three targets 

(3RCD, 6CH, and 4OAR) compared to the reference drug (Gefitinib). Therefore, these four 

compounds are classified as lead compounds. The binding score of the lead compounds ranges 

from -9.450 kcal/mol to -14.568 kcal/mol.  

Four (4) lead compounds from S. mombin stem bark were observed to potentially inhibit 

breast cancer, considering the binding scores. Previous studies have reported the inhibitory 

potential of small molecules against estrogen receptor [26,27]. The human epidermal receptor-

2 (HER-2) inhibitory activity of S. mombin molecules reported in this study is consistent with 

a previous study by Balogun et al. [12], who reported potential HER-2 inhibitors from 

Mangifera indica. The inhibitory activity of the flavonoids from S. mombin stem bark reported 

in this study also agrees with the findings of Suganya et al. [27], who reported the inhibitory 

potential of selected flavonoids against estrogen receptors. Zarezade et al. [28] have also 

reported the inhibitory potential of natural compounds against progesterone receptors as a new 

insight into the treatment of breast cancer.  
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Figure 2. Representation of the docking affinity and binding free energy (ΔGbind) of hits. 

123631-Gefitinib; 5280805 - Rutin; 5280804 - Isoquercetin; 5281691- Rhamnetin; 5280343- 

Quercetin; 1794427 – Chlorogenic acid; 78901 - Rutinose; 5281234 - Zeinoxanthin; 16061204 

– Lutein. 

The interaction of natural compounds with amino acids surrounding the catalytic 

domain of the target is important for predicting the potential of these molecules to inhibit the 

protein. The active sites of the targets consist of some essential residues that contribute to the 

binding of Ligand-protein complexes. As revealed in Figure 3, the hit compounds were 

thoroughly studied for their binding with the amino acids. The 2-dimensional representation of 

the interactions revealed that isoquercetin and rutin formed five (5) and eight (8) H-bond 

interactions with HER-2 involving ASP 808, ARG 849, MET 801, GLN 799, CYS 805, ASN 
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850, and LYS 753. Isoquercetin and rutin also showed five (5) and four (4) H-bond interactions, 

respectively, with estrogen receptor involving GLY 521, ASP 351, THR 347, LEU 346, GLU 

352, MET 343 at the binding site of the protein. Progesterone receptor forms five (5) and three 

(3) H-bonds with isoquercetin and rutin, respectively, using LEU 887, MET 756, GLN 725, 

and LEU 718. The formation of hydrogen bonds between the hit compounds and the targets’ 

binding domains could result from the functional groups on the flavonoids, which might 

contribute to the binding affinity of the complexes [29].  

Molecular mechanics generalized born surface area is a common model for estimating 

the free energy binding of ligand-protein complexes [30]. MM/GBSA is known for its accurate 

prediction among other scoring functions of molecular docking [31]. The docking results 

revealed that the compounds interact with amino acid residues at the active site of the targets. 

However, the ability of the interactions to elicit sufficient biological response can be 

determined by the free binding energies of the protein-ligand complexes. Hence, the validation 

of the docking analysis was corroborated by the MM/GBSA evaluation. The free energy result 

predicted in this work is represented in Figure 3. Among the lead compounds, the Rutin-3RCD 

and Isoquercetin-3RCD complexes showed the highest binding free energy, exceeding that of 

the Gefitinib-3RCD complex. Hence, the docking affinities were comparable with the binding 

free energy of the lead compound-target complexes.  

  
3RCD-123631 3RCD-5280804 

  
3RCD-5280805 3RCD-5281691 
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6CHZ-123631 6CHZ-5280804 

  
6CHZ-5280805 6CHZ-5281691 

  
4AOR-123631 4OAR-5280804 

  

4OAR-5280805 4OAR-5281691 
Figure 3. 2D molecular interaction of bioactive compounds with binding pocket amino acids of the targets, 

viz. 3RCD: Human epidermal receptor-2; 6CHZ: Estrogen receptor; 4OAR: Progesterone receptor; Gefitinib; 

5280805 - Rutin; 5280804 - Isoquercetin; 5281691- Rhamnetin; 5280343- Quercetin; 1794427 – Chlorogenic 

acid; 78901 - Rutinose; 5281234 - Zeinoxanthin; 16061204 – Lutein. 
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3.2. E-pharmacophore model generation. 

The hypothesis of a ligand-based pharmacophore is an electronic ensemble and steric 

features that are vital in computational drug discovery without the protein structure, interacting 

with specific biological macromolecules to inhibit signaling pathways [32,33]. In this study, e-

pharmacophore models of the targets (3RCD, 6CHZ, and 4OAR) were generated using the co-

crystalized ligand. Hypothesis identification was carried out using four partitioning features. 

Figure 4 represents the hypotheses generated from the target-co-crystalized complex. The best 

hypothesis was selected based on features such as one aromatic ring, one hydrogen bond 

acceptor, a hydrophobic interaction, and two hydrogen bond donors. The identified compounds 

from S. mombin bark were screened based on these features.  

The fitness score of the eight (8) compounds and the reference drug is shown in Table 

1. The reference drug (Gefitinib) against the human epidermal receptor-2 (3RCD) showed a 

higher fitness score (1.742) than all the bioactive compounds. Isoquercetin was observed to 

have the highest fitness score among the bioactive compounds across the three targets (3RCD 

= 1.574, 6CHZ = 1.541, and 4OAR = 1.760). The fitness scores of isoquerdcetin against 6CHZ 

and 4OAR were shown to be higher than the reference drug (Gefitinib). Therefore, Isoquercetin 

might be regarded as the best among the bioactive compounds based on the pharmacophore 

hypothesis.   

  
3RCD 4OAR 

 
6CHZ 

Figure 4. Hypothesis generated from the target-co-crystalized molecule complex. 
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Table 1. Predicted fitness scores of hit compounds. 

Pubchem ID Compound Name 
Fitness Score 

3RCD 6CHZ 4OAR 

123631 Gefitinib (Ref. drug) 1.742 1.198 1.650 

5280805 Rutin 1.166 0.935 0.849 

5280804 Isoquercetin 1.574 1.541 1.760 

5281691 Rhamnetin 1.476 1.484 1.195 

5280343 Quercetin 1.463 1.492 0.000 

1794427 Chlorogenic Acid 1.408 1.288 0.000 

78901 Rutinose 0.000 0.000 0.000 

5281234 Zeinoxanthin 0.000 0.000 1.495 

16061204 Lutein 0.000 1.095 1.525 

3.3. Auto QSAR analysis. 

Quantitative structure-activity relationship is an important computational model in drug 

discovery that defines the relationship between the structural characteristics of low-molecular-

weight molecules and their biological activities [34,35], based on predictive models derived 

from the QSAR hypothesis and experimental data generated on the targets. The best model 

from each target was selected with the predicted activity against the observed activity scatter 

graph shown in Figure 5, as the models showing less of the test set (red) compared with the 

train set (blue). The predictive model indices predicted for the targets are shown in Table 2. 

The QSAR models were used to obtain the pIC50 of the bioactive compounds shown in Table 

3. The pIC50 range of the compounds against 3RCD, 6CHZ, and 4OAR is 4.801-6.868 µM, 

8.685 – 9.139 µM, and 4.826 – 5.760 µM, respectively. All the bioactive compounds showed 

higher pIC50 values against 6CHZ compared with other targets.  

  
3RCD 6CHZ 

 
4OAR 

Figure 5. Graphical representation of the best model. 

Gefitinib (reference drug) showed higher pIC50 against 3RCD and 6CHZ (6.868 and 

9.139 µM, respectively) than the bioactive compounds. Among the compounds, thamnetin 

https://doi.org/10.33263/LIANBS151.033
https://nanobioletters.com/


https://doi.org/10.33263/LIANBS151.033  

 https://nanobioletters.com/ 10 of 14 

 

showed the highest pIC50 against 3RCD (5.437 µM) and 6CHZ (8.977 µM), and zeinoxanthin 

was observed to have the highest pIC50 (5.760 µM) against 4OAR. 

Table 2. AutoQSAR indices of the corresponding best hypothesis.  

Protein ID Model code S.D R2 RMSE Q2 

3RCD kpls_desc_41 0.6228 0.7216 0.5639 0.7044 

6CHZ Kpls_radial_41 0.8297 0.7196 0.9087 0.6053 

4OAR Kpls_molprint2D_40 0.4504 0.8987 0.5105 0.8438 

Table 3. pIC50 predicted for the compounds according to the best model. 

Pubchem ID Compound Name 
Predicted IC50 (µM) 

3RCD 6CHZ 4OAR 

123631 Gefitinib (Ref. drug) 6.868 9.139 4.901 

5280805 Rutin 5.148 8.833 5.029 

5280804 Isoquercetin 5.422 8.740 5.014 

5281691 Rhamnetin 5.437 8.977 4.826 

5280343 Quercetin 5.347 8.669 4.967 

1794427 Chlorogenic Acid 4.921 8.941 5.088 

78901 Rutinose 5.207 8.685 5.631 

5281234 Zeinoxanthin 4.801 8.860 5.760 

16061204 Lutein 4.828 8.759 5.689 

 

3.4. Compounds’ pharmacokinetic profile and drug-likeness study. 

Natural compounds with therapeutic potential fail at clinical trials due to undesirable 

pharmacokinetic evaluation [36]. Therefore, determining the pharmacokinetic profile of small 

molecules is vital in drug design, and computational pharmacokinetic modeling provides a 

cost-effective and rapid approach for evaluating the safety of large compounds. Drug likeness 

remains the primary qualitative method for predicting the likelihood that a molecule will 

become a drug candidate. Lipinski's rule of five (ROV) is a popular rule for determining 

druggability drug ability of small molecules using the following criteria: acceptor hydrogen 

bond of less than 10 (HBA < 10), molecular weight of less than 500 Da (MW < 500 Da), donor 

hydrogen bond of less than 5 (HBD < 5), and octanol-water partition coefficient less than 5 

(LogP < 5) [37]. The results from this study showed that quercetin and rhamnetin obey all the 

Lipinski rules of five, whereas lutein, chlorogenic acid, and zeinoxanthin violated one of the 

ROV (Table 4), suggesting that all five (5) compounds are therapeutic agents. While rutinose, 

isoquercetin, and rutin violated more than one rule of five, suggesting low oral bioavailability 

for these compounds.  

The pharmacokinetic status of the compounds was determined using apparent calcium 

carbonate (QPCaco), brain/blood partition coefficient (QPlogBB), blockage of HERG K 

(QPLogHERG), and human serum albumin binding (QPlogkhsa), as presented in Table 5. Human 

serum albumin remains a prominent protein in plasma known for its exceptional binding ability 

to ligands [38]. All the compounds were observed to be binding with serum albumin with the 

value of QPlogkhsa within the normal range. The rapid membrane permeability screening of the 

compounds was predicted using the MDCK cell model [39]. Rutin and isoquercetin had the 

lowest predicted scores, -4.728 and -3.388, respectively, for blood-brain barrier (BBB) 

penetration. The blood-brain barrier partition coefficient remains a potential predictor of the 

ability of drugs to cross the nervous system. The hERG K+ channel is used for normal electrical 

activity [40]. The QPLogHERG is toxic; therefore, the IC50 value for QPHERG is one of the vital 

steps of drug discovery. Zeinoxanthin and lutein showed QPLogHERG value less than -5.5, while 

other compounds have QPlogHERG values within the normal range (above -5.5). Hence, 
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zeinoxanthin and lutein could be slightly cardiotoxic. However, the slight cardiotoxic potential 

of these compounds(zeinoxanthin and lutein), as indicated by their QPlogHERG values, 

suggests that the plant should be used at low concentration for short duration to avoid unwanted 

side effects.  

Table 4. Prediction of drug-likeness of bioactive compounds. 

Compounds MW HBA HBD ALogP PSA ROV 

Lutein 568.87 2 2 3.43 40.46 1 

Rutinose 620.55 17 0 4.26 211.79 2 

Chlorogenic Acid 354.31 9 6 0.87 164.75 1 

Quercetin 302.24 7 5 2.531 131.36 0 

Isoquercetin 464.38 12 8 0.94 210.51 2 

Rutin 610.52 16 10 0.46 269.43 3 

Zeinoxanthin 552.87 1 1 4.23 20.23 1 

Rhamnetin 316.26 7 4 2.23 120.36 0 

Molecular weight (MW); Hydrogen Bond acceptor (HBA); Hydrogen Bond donor (HBD), Polar Surface Area 

(PSA); Rules of five (ROV). 

Table 5. Pharmacokinetic status of compounds. 

Compound Name QPlogHERG QPPCaco QPlogBB QPlogKhsa HOA (%) 

Lutein -7.214 1127.146 -2.020 2.871 100 

Rutinose -5.209 217.792 -1.991 -1.781 44.769 

Chlorogenic Acid -3.279 1.701 -3.323 -0.91 16.816 

Quercetin -5.109 18.199 -2.419 -0.343 51.655 

Isoquercetin -4.854 4.013 -3.388 -0.848 4.147 

Rutin -5.288 0.691 -4.728 -1.273 0 

Zeinoxanthin -7.177 3377.931 -1.260 3.357 100 

Rhamnetin -5.152 60.046 -1.945 -0.157 65.916 

HOA: Human oral absorption. 

4. Conclusions 

Human epidermal receptor (3RCD), estrogen receptor (6CHZ), and progesterone 

receptor (4OAR) are therapeutic targets for breast cancer. Hence, this study has predicted the 

inhibitory potential of bioactive compounds identified from Spondias mombin as a promising 

antagonist of multiple proteins involved in breast cancer pathogenesis via a computational 

approach. Four (4) lead compounds (Rutin, Isoquercetin, Rhamnetin, and Quercetin) were 

observed to show antagonistic potential with acceptable pharmacokinetic profiles, although 

rutin and isoquercetin violated more than one Lipinski rule of five. Importantly, to the best of 

our knowledge, the application of these bioactive constituents from Spondias mombin, 

particularly Rhamnetin and Isoquercetin, targeting breast cancer-related receptors has not been 

extensively explored. This highlights the novelty of the findings and supports the relevance of 

further experimental validation. Therefore, the isolation of these compounds and their 

evaluation in vitro using breast cancer cell lines, as well as in vivo using suitable animal models, 

are recommended to substantiate their potential as novel anti-breast cancer agents. 
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