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Abstract
Malaria is a fever sickness caused by Plasmodium parasites that are transmitted to humans by mosquito bites from infected 
female Anopheles mosquitos. Intracellular malaria parasites require lipids for the growth and replication. They possess a 
prokaryotic type II fatty acid synthesis (FAS II) pathway that localizes to the apicoplast plastid organelle and is assumed 
to be necessary for pathogenic blood stage replication. Considering widening resistance of resistant Plasmodium parasites 
and thus, failing conventional antimalarial agents, we herein analyzed a set of 109 flavonoids in four protein structures 
including three homology models and one experimentally obtained crystal structure were conducted to obtain the probable 
conformations of ligands and their binding affinities. Our results suggested Volkensiflavone, Bilobetin and Sciadopitysin as 
lead candidates for further detailed analysis and testing their synthetic analogues for their in-vitro anti-malarial potentials.

Keywords Malaria · Homology modeling · Flavonoids · Molecular docking · In-silico ADMET · Computer aided-drug 
designing

1 Introduction

Malaria is a fever sickness caused by Plasmodium para-
sites that are transmitted to humans by mosquito bites from 
infected female Anopheles mosquitos [1]. It is caused by 
five parasitic species, two of which—P. falciparum and P. 
vivax—are the most dangerous [2–6]. The P. falciparum 
is the most dangerous and a common malaria parasite. It 
causes symptoms like recurring fever, chills, and headaches. 
After the commencement of a fever, it settles for a while and 
then recurs. It can lead to unconsciousness or even death 
in extreme circumstances [7–10]. In 2020, there were an 
estimated 241 million cases of malaria with 627,000 people 
dying as a result. According to W.H.O, African continent 
bears a disproportionately large amount of the worldwide 

malaria burden. The 96% of malaria fatalities and 95% of 
malaria cases occurred in the same region. Around 80% of 
all malaria deaths in the region were in children under the 
age of 5 [11]. The WHO (The World Health Organization) 
now recommends artemisinin-based combination treatments 
(ACTs) for the treatment of multidrug-resistant P. falcipa-
rum malaria. In Southeast Asia, resistance to ACTs against 
P. falciparum has started to appear with other issues such 
as high treatment costs, toxicities, unsatisfactory physico-
chemical/pharmacokinetic properties and low abundance 
[11–13]. As a result, treating multidrug-resistant malaria 
has become more difficult in most malaria-endemic regions 
of the world, and requires the urgent development of newer 
and more effective antimalarial drugs or medicines [13–16]. 
Plants and/or plant-based traditional medicines [17, 18] are 
thought to be the most trustworthy and alternative means of 
discovering novel antimalarial compounds to address the 
above-enlisted issues. chemical compounds derived from 
nature are essentially secondary metabolites of plant or 
another natural origin that included several important natural 
product classes that have a wide range of biological proper-
ties, features and health advantages.
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1.1  General Considerations and Chemistry 
of Flavonoids

Flavonoids (Fig. 1) are one of the natural compounds or 
phytochemical classes that have lately attracted signifi-
cant attention because of their prospective chemo pre-
ventive and chemo-protective potentials in inflammatory 
disorders, cardiovascular illnesses, diabetic complica-
tions, neurodegenerative disorders, malignant sickness, 
malaria, and microbial infectious diseases for these rea-
son medicinal chemists are interested in these structures 
[18–21]. Flavonoids have a chemical structure based on 
the flavonoid molecular framework (C6–C3–C6), which 
is a fifteen-carbon skeleton made up of two benzene rings 
(A ring and B ring) linked by a three-carbon heterocyclic 
pyran ring (C ring). At the C-2 (flavone), C-3 (e.g., iso-
flavone), or C-4 (neo flavone) locations, the chroman ring 
(C ring) is connected to the second aromatic ring (ring 
B, benzenoid substituent). An acyclic moiety (chalcone) 
or a five-membered heterocyclic furan ring (aurone) can 
sometimes be found in place of a six-membered hetero-
cyclic pyran ring (ring C). A-pyrone (flavones, flavanols, 
and isoflavones) or its dihydroderivatives are six-mem-
bered rings condensed with the benzene ring (flavanones 
and flavanols). Plant polyphenols are hydroxylated phe-
nolic compounds, whereas flavonoids are hydroxylated 
phenolic substances. They are often hydroxylated in posi-
tions 3, 5, 6, 7, 3′, 4′, and 5′. Flavonoids are thought to 
block the fatty acid synthesis in parasite biochemistry in 
the parasite. They could inhibit the influx of l-glutamine 
and myoinositol in the infected intraerythrocytic phase 
and also inhibit the heme detoxification and degradation 
in the food vacuoles of the parasite [6, 18–21].

1.2  Targeting Flavonoids for FAS‑II (Fatty Acid 
Synthesis: FAS‑II) Pathway

Genome sequencing of P. falciparum has opened many ave-
nues for the drug discovery [22]. Fatty acids are required for 
various biological processes such as membrane lipid synthe-
sis and lipid metabolism in the parasite. FAS-II (fatty acid 
synthesis: FAS-II) pathway appears to be a perfect target as 
they are non-homologous to humans. Many FAS-II inhibi-
tors were found to be effective against blood stage parasites 
at nanomolar doses and also, and they could block three 
enzymes in the same pathway [23].

The FAS-II pathway in Apicoplast commences with the 
importation of substrates from the cytoplasm, leading to 
the creation of eight or more carbon as saturated fatty acid 
chains through a sequence of biochemical reactions using 
acyl-carrier proteins (ACPs) and nine enzymes [22–26]. 
Depending on the phases FAS-II can be divided into three 
steps called preparation, initiation and elongation. In the 
preparation phase importation of the glycolytic intermedi-
ate phosphoenolpyruvate (PEP) from the cytoplasm takes 
place and it is converted to acetyl-CoA and ATP [22–26]. 
The initiation phase is involved in the synthesis of malonyl-
ACP from acetyl-CoA, this serves as the first substrate for 
the fatty acid elongation cycle. Finally, during the elonga-
tion phase, which uses four enzymes, the growing fatty acid 
chain is lengthened by two carbon units per turn, resulting 
in the generation of mature-length acyl-ACPs [22–26]. After 
the synthesis of malonyl-CoA from acetyl-CoA via acetyl-
CoA carboxylase (ACC) the next stage in the initiation phase 
is catalyzed by Malonyl-CoA: ACP transacylase (FabD). In 
this phase the transfer of a malonyl group from the malonyl-
CoA to ACP takes place which yields malonyl-ACP. The 
sequence characteristics of the Plasmodium and Toxoplasma 
gondii FabD are compatible with apicoplast targeting, and 

Fig. 1  Basic flavonoid structure showing rings A, B and C and the numbering, flavonoids and chalcone chemical structures [Adapted from Open 
Access Article available at Int. J. Mol. Sci. 2021, 22(2), 646; https:// doi. org/ 10. 3390/ ijms2 20206 46]

https://doi.org/10.3390/ijms22020646
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the activity of PfFabD has been established in-vitro [22–26]. 
In the final stage of the initiation phase, the condensation of 
malonyl-ACP with acetyl-CoA takes place along with the 
generation of CoA and Carbon dioxide which is catalyzed by 
FabH (beta-ketoacyl-ACP synthase III) [22–26]. During the 
first cycle of chain elongation, the four-carbon acetoacetyl-
ACP generated in this phase is used. In-vitro, a variety of 
sulfides, sulfonyls and, sulfonamides, were found as poten-
tial FabH inhibitors, and they all showed efficacy against P. 
falciparum and PfFabH [22–26]. As the initial step in FAS-
II elongation phase, FabB/F catalyzes (beta-ketoacyl-ACP 
synthase I/II) the condensation of malonyl-ACP with the 
acyl-ACP, resulting in carbon dioxide and a beta-ketoacyl-
ACP product that has been extended by two carbon units. 
However, this step is bypassed by FabH enzyme in the first 
elongation cycle which also executes the same condensa-
tion reaction. Genetic studies on FabB/F were achieved in 
P. falciparum such that deletion of FabB/F blocked sporo-
zoite development. Enoyl-ACP reductase, also known as 
FabI (enoyl-ACP reductase (FABI)), catalyzes the last step 

of FAS-II elongation phase, which entails converting enoyl-
ACP to acyl-ACP using NADH as an electron donor. The 
crystal structure of P. falciparum, P. berghei and T. gon-
dii has been elucidated, revealing essential insight into the 
structural biology of the enzyme. Most inhibition studies 
have been performed on P. falciparum FabI, more than on 
any other enzyme of the entire FAS-II pathway enzymes 
[27, 28]. The glycosylated flavonoid lutein-7O-glucoside 
has been reported to be the first malarial natural product 
to inhibit P. falciparum enoyl acyl carrier protein (ACP) 
reductase (FabI) [28].

In light of this foregoing, and given the importance of 
flavonoids and analogues as a potent antimalarial class, 
we performed a molecular docking simulation on the 
FAS-II enzymes, two of which are involved in the ini-
tiation phase and the other two in the elongation phase, 
in the hopes of finding a potent antimalarial flavonoid 
capable of inhibiting multiple stages and eventually shut-
ting down the entire FAS-II pathway (Fig. 2). Homology 
modeling techniques are employed when the experimental 
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Fig. 2  Type II fatty acid biosynthesis and its enzymes; Numbers 1–4 indicates the targets selected along with the core structure of flavonoids
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crystal structure of a protein is not reported on the PDB 
database but the three dimensional (3D)-crystal structure 
is required for example to aid in Computer-Aided Drug 
Design (CADD), to deepen the structural insights of the 
active site [29–44]. In this current study, we constructed 
the homology models of FabD, FabH and FabB using 
the already reported experimental 3D-crystallographic 
structures of homologous proteins based on sequence 
alignment. Many studies have been conducted to ana-
lyse the flavonoids present in medicinal plants for anti-
malarial activity utilizing hypoxanthine assays, in-vitro 
assays, parasite growth assays etc. [45–47]. A thorough 
literature search was performed to identify the flavonoid 
structures which exhibited in-vitro or in-vivo antima-
larial activity (see supporting information). Thereafter, 
a molecular docking simulation of 109 f lavonoids in 
four protein structures including three homology mod-
els and one experimental crystal structure was conducted 
to obtain the conformations of ligands and their binding 
affinities. Docking interactions were visualized with the 
help of Discovery studio visualizer [48] and high binding 
affinity flavonoids (top 3 hits) were analyzed for ADMET 
(absorption, distribution, metabolism, and excretion and 
toxicity) profile (flow chart of docking methodology in 
Fig. 3).

2  Methodology

2.1  Template Sequence Alignment

The Clustal Omega (https:// www. ebi. ac. uk/ Tools/ msa/ clust 
alo/) [49] tool was used to align the query and best template 
sequences based on the identity parameter. The input format 
was FASTA Sequence of query and template, and the output 
format was ClustalW with the character counts using the 
default settings.

2.2  Homology Modeling

The protein sequences for FabD, FabH and FabB were 
retrieved from NCBI (The National Center for Biotechnol-
ogy Information) and UniProtKB databases, with the fol-
lowing accession codes AAK83684.1, XP_001349620.1, 
respectively and UniProtKB—Q965D4 (Q965D4_PLAFA). 
Target sequences were retrieved in FASTA format and 
exported/submitted to the SWISS model [50] online work-
space as input to build the homology model. QMEAN is 
a composite scoring function which is able to derive both 
global (i.e., for the entire structure) and local (i.e., per resi-
due) absolute quality estimates on the basis of one single 
model [51, 52]. The Ramachandran plot is a plot of the tor-
sional angles—phi (φ)and psi (ψ)—of the residues (amino 

Fig. 3  Flowchart of docking 
methodology

https://www.ebi.ac.uk/Tools/msa/clustalo/
https://www.ebi.ac.uk/Tools/msa/clustalo/
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acids) contained in a peptide [53]. The QSQE score, which 
ranges from 0 to 1, indicates how well interchain connec-
tions should be predicted for a model created using a specific 
alignment and template [51, 52]. A score above 0.7 can be 
deemed dependable to follow the projected quaternary struc-
ture in the modelling process, and a higher QSQE is often 
thought to be "better." Based on QSQE scores, a template for 
3D prediction of protein was selected. A different strategy 
is to take into account the alignment and template search 
method's quality, which is reflected in the GMQE (Global 
Model Quality Estimation) score. The GMQE score, which 
is given as a number between 0 and 1 where larger numbers 
indicate more reliability, represents the expected correctness 
of that alignment [51, 52]. To refine the predicted structures 
and remove structural artefacts, forcefield based energy min-
imization was performed utilizing YASARA online server 
[53]. Furthermore, the dependability of all the modelled 3D 
protein structures was evaluated by using QMEAN (qual-
ity model energy analysis) server, ProSA (Protein structure 
analysis) web service, SAVES (https:// saves. mbi. ucla. edu/) 
[54–56] and Molprobity servers [57].

2.3  Protein and Ligand Preparation

In protein preparation, water molecules and heteroatoms 
were removed along with the subsequent addition of polar 
hydrogens and Kollman charges using AUTODOCK tools4 
[58]. Flavonoids with antimalarial activity either tested 
in in-vitro or in-vivo models were drawn manually using 
‘Chemsketch’ software [59] and further optimized for the 
energy minimization using ‘AVOGADRO software’ [60] 
with MMFF94 forcefield using the Steepest Descent algo-
rithm (number of steps = 1000). The conversion of ligand 
files from ‘.mol2’ to ‘.pdbqt’ (suitable for Autodock vina) 
were done using the ‘Openbabel’ interface [61].

2.4  Active Site Identification

In the case of FabD and FabH, the ligand bound in the tem-
plate structure was aligned with the modelled protein to 
identify the active site. As there were no ligands present in 
FabB template protein an online server called Computed 
Atlas of Surface Topography of proteins (CASTp) [62] was 
utilized to predict the active site. Again, the active site for 
FabI (3LTO) was identified using already present ligands 
in the active site Table 1 summarizes the active site grid 
coordinates and grid box size.

2.5  Network Generation

Protein–protein interactions are crucial for predicting target 
protein function and drug-like properties of compounds. The 
bulk of genes and proteins use a variety of interactions to 

materialize the phenotype that results from their activity. 
The protein–protein interaction network (PIN) is a helpful 
tool for doing a systematic analysis of the intricate biological 
processes occurring within cells. PINs for numerous species, 
including viruses, bacteria, plants, animals, and humans, 
have been reconstructed due to the growing interest in pro-
teome-wide interaction networks. STRING (https:// string- 
db. org/) module was used to identify the protein–protein 
interaction partners of Plasmodium falciparum enoyl-ACP 
reductase. STRING is a biological database that is employed 
to create a Protein–Protein Interaction Network (PPIN) for 
various known and predicted protein interactions. Currently, 
the string database has 67,592,464 proteins from 14,094 dif-
ferent organisms [63].

2.6  Molecular Docking Simulation

A series of optimized 109 flavonoids’ structures were virtu-
ally screened in four protein structures among which three 
were predicted homology models (FabD, FabH & FabB) 
and one crystal structure of FabI with pdb Id-3LT0 [64] 
using Autodock vina. The virtual screening was performed 
on a personal computer utilizing AMD Ryzen 5 processor 
(12 cores) with parameters Energy range, num modes and 
exhaustiveness set to 4, 10 and 16 respectively. In order to 
visualize the various interaction made by the ligand in the 
active site of protein Discovery Visualizer Studio was used 
to generate 2D and 3D interaction profiles.

2.7  In‑Silico ADMET Profiling

By using smiles descriptors as an input format for the search, 
ADMET (absorption, distribution, metabolism, excretion 
and toxicity) analysis of the top three binding affinity flavo-
noids was evaluated through SWISS ADME (http:// www. 
swiss adme. ch/) [65] and admetSAR (http:// lmmd. ecust. edu. 
cn/ admet sar1/) (for toxicity analysis) [66] respectively.

2.8  Molecular Dynamics

Using molecular dynamics simulations, the stability and 
binding flexibility of the chosen protein–ligand dock-
ing complexes were examined in real time. We conducted 
MD simulations to investigate the structural stability of 

Table 1  Summary of active site grid coordinates and grid box size

Protein Grid coordinates (X, Y, Z) Grid box

FabD (− 22.07, − 3.64, 26.93) 30 × 30 × 30
FabH (− 0.049, − 18.59, 1.63) 30 × 30 × 30
FabB (− 25.69, − 11.67, 33.26) 50 × 42 × 56
FabI (51.09, 91.71, 34.06) 30 × 30 × 30

https://saves.mbi.ucla.edu/
https://string-db.org/
https://string-db.org/
http://www.swissadme.ch/
http://www.swissadme.ch/
http://lmmd.ecust.edu.cn/admetsar1/
http://lmmd.ecust.edu.cn/admetsar1/
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complexes, residue behaviors, and atom behaviors using the 
Groningen Machine for Chemical Simulations (GROMACS 
v5.1.5) and GROMACS 96-53a6 force fields [67]. All ligand 
topology files were generated via the Dundee PRODRG3.0 
server. To overcome these MDS models, the triclinic box 
type was built using an explicit simple point charge (SPC) 
water model (box size: 80 Å). Additionally, the simulation 
box was neutralized using the counter ions. As a result, 
equilibration with energy minimization utilizing NVT and 
NPT was carried out (parameters: Temperature (K) = 300, 
Pressure = 1 bar, and Simulation Time = 100 ns). Depend-
ing on the docking scores with best docked molecules and 
associated protein structure, we established the molecular 
dynamics stability analysis for FabI with Bilobetin (fg86); 
Volkensiflavone (fg36) and Sciadopitysin (fg89) for a period 
of 100 ns each. The root means square deviation (RMSD), 
a key statistic for assessing protein transformation changes 
during simulations, is generally recognized. Protein stabil-
ity can also be investigated using the RMSD technique. The 
RMSF is a measure of the displacement of a particular atom, 
or group of atoms, relative to the reference structure, aver-
aged over the number of atoms. The RMSD is useful for the 
analysis of time-dependent motions of the structure.

2.9  Calculations of Binding Free Energy Prime 
MMGBSA (Molecular Mechanics/Generalized 
Born Surface Area)

The most often used technique for determining the strength 
of interactions between a drug and its receptor is molecular 
mechanics with generalized born surface area (MM/GBSA) 
[68]. As a result, the Prime module from the Schrodinger 
suite was used to estimate binding free energies. OPLS 
molecular mechanics energies  (EMM), a VSGB solvation 
model for polar solvation  (GSGB), and a non-polar solvation 
term  (GNP) made up of van der Waals interactions and the 
non-polar solvent-accessible surface area (SASA) make up 
Prime/MM-GBSA in its basic form. In MM/GBSA com-
putations, the VSGB 2.0 model was employed, which uses 
an improved implicit solvent model to approximation the 
solvation free energy.

3  Results and Discussion

3.1  Sequence Alignment

Clustal Omega was used to determine alignment between 
the target and chosen sequences. (Figs. 4, 5 and 6). The 
Clustal Omega algorithm aligns sequences more quickly and 

MMGBSA dG Bind = Complex - Receptor - Ligand

precisely. To predict a higher-quality model of the query 
protein utilizing homology modelling, a strong alignment 
of template sequences and closely related template models 
is required.

3.2  Homology Modeling

As the experimental crystal structures for FabD, FabH 
and FabB are not available in the PDB, such that a tem-
plate library in the SWISS-MODEL was searched using 
BLAST to find an optimal template for building homology 
models. Sequence identity with the template structures is 
summarized in Table 2. If the sequence identity of two pro-
teins is greater than 25%, investigations have shown that 
their 3D structures are comparable. The homology model 
of Plasmodium falciparum Malonyl-CoA:ACP transac-
ylase or FabD was built by comparative modelling using 
the crystal structure of malonyl-CoA Acyl Carrier Protein 
Transacylase Escherichia coli K-12 (PDB ID: 6U0J) with a 
sequence identity of 29.69%. The template was chosen based 
on the GMQE score and the fact that it contained a ligand 
(9EF) in the crystal structure that could be exploited for 
the identification of the active site. Again, for the 3D struc-
tural prediction of beta-Ketoacyl-ACP synthase III or FabH 
crystal structure of Streptococcus pneumoniae FabH (5BQS) 
was selected which is a dimer with a sequence length of 
323 amino acids. For the PfFabH sequence, the QSQE score 
was 0.72, sequence coverage from THR50 to TYR371 and 
sequence identity of 35.96 with respect to the template 
structure. The chosen template also had a small inhibitor 
molecule called 4VN; which could be used as a binding site 
for PfFabH through structural alignment. The selection of 
active site was decided based on in-bound ligand retained, 
for the protein which had higher sequence similarity while 
developing homology models for FabH and FabD. Usually, 
the in-bound or co-crystallized ligand’s key amino residues 
are considered as preferable binding site, when active bind-
ing site residues are unknown or fully explored or when co-
crystal for that protein target is missing. for finally, the crys-
tal structure of beta-ketoacyl-ACP synthase II (FabF) I108F 
mutant from Bacillus subtilis (PDB ID: 4lS6) was chosen for 
three-dimensional prediction of beta-ketoacyl-ACP synthase 
I or FabB owing to its high sequence identity (51.79%) and 
QSQE (0.84) score among the generated template structures. 
The sequence coverage of the model ranged from SER2 to 
VAL256. Even though the homology modeling process is 
one of the most robust modelling tools in bioinformatics, 
it commonly contains significant local distortions such as 
unphysical phi/psi angles, irregular H bonding networks, and 
steric clashes generating the structure models less practical 
for high-resolution functional analysis. Such that to encoun-
ter this problem YASARA forcefield [69] was used to mini-
mize the homology models to improve the overall structure.
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Fig. 4  Sequence alignment of the template protein 6U0J and the query protein sequences of FabD

Fig. 5  Sequence alignment of the template protein 5BQS and the query protein sequences of FabH
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3.3  Validation and Verification of Homology Models

To validate the accuracy and reliability of the generated 
homology model’s various online validation servers were 
utilized. QMEAN is a composite scoring function that evalu-
ates the protein structure's key geometrical characteristics. 
The models with a score of < 1 falls in the dark zone as 
shown in Fig. 7. Models are regarded as good if they fall in 
this dark zone. Here the red star marker indicates the gener-
ated target homology model, which in these cases is consid-
ered good based on its proximity to or within the dark zone. 
The Ramachandran plot is a visual depiction of the favoured 
areas for backbone dihedral angles (Psi) against (Phi) of 
amino acid residues. It also provides statistical information 
such as amino acids in residues residing within the favour-
able allowed and disallowed regions. Ramachandran plot 

statistics were obtained from the Molprobity server and the 
results are shown in Fig. 8 and tabulated in Table 3. The 
majority of amino acid residues were found to be resid-
ing within the energetically favoured regions (> 94%). 
Ramachandran distribution z scores values were all < 2 along 
with Bad bonds and bad angles within the optimal values 
thus indicating a good quality model for further use. ERRAT 
[70] overall quality factor was assessed using SAVES server. 
The overall quality factor values of all predicted structures 

Fig. 6  Sequence alignment of the template protein 4LS6 and the query protein sequences of FabB

Table 2  Key details of modelled proteins

Protein Sequence id Template PDB ID Sequence 
identity 
(%)

FabD NCBI: AAK83684.1 6U0J (X ray 1.94 Å) 29.69
FabH NCBI: XP_001349620.1 5BQS (Xray 1.90 Å) 51.79
FabB UniProtKB-Q965D4 

(Q965D4_PLAFA)
4LS6(Xray 1.56 Å) 35.96

Fig. 7  Estimation of absolute quality of homology model as a graph
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were greater than 80% (Fig. 9) represented as the propor-
tion of the protein for which the calculated values fall below 
the 95% rejection limit. In general, a high-quality model 
yields a value > 50. ProSA-web service is a tool to analyze 
the errors in the 3D structure of proteins. The analysis of the 
models showed a Z-score between − 8.86, − 8.38 & − 5.83 
for FabD, FabH & FabB respectively (acceptable values 
are below 0.5) (Fig. 10). By comparing the 3D profile of a 
protein structure to its amino acid sequence, VERIFY 3D 
determines its accuracy. A structure's three-dimensional 
profile and its sequence are expected to have a high-score 
match. All modelled proteins passed the Verify-3D [71, 72] 
tests and showed a good 3D environment profile. Results of 
validation and verification of models using various tools are 
summarized in Table 4.

3.4  String Interactions

The protein–protein interaction of PfENR or FabI was 
determined by the STRING and the interaction as given in 
Fig. 11. PPI networks provide an understanding of compli-
cated molecular mechanisms and enable the identification of 
novel modulators of disease progression. PfENR was found 

to interact with 10 other proteins in which the FabD, FabH 
and FabB were also found to be present in the network with 
known and predicted interactions. PfENR was predicted to 
have a high score as functional partners (0.998) with MCAT 
or FabD which catalyzes the transfer of the malonyl group 
from the malonyl-CoA to ACP. Along with the FAS-II 
pathway proteins, a key enzyme in folate metabolism called 
dihydrofolate reductase-thymidylate synthase (DHFR-TS) 
was also present in the generated PPI network. DHFR-TS is 
already a target of anti-malarial drugs (pyrimethamine and 
cycloguanil).

3.5  In‑silico Molecular Docking

Molecular docking simulations are sophisticated bioinfor-
matic tools which are utilized to predict and find the best 
binding conformation of the ligand within the active site 
cavity of the target protein. A high negative magnitude of 
binding affinity depicts the best configuration of the ligand 
in the active site of a protein. The therapeutic efficacy of 
FAS-II inhibitors has been verified by studies using patho-
genic microorganisms. One of them is triclosan, a microbi-
cide that is frequently found in consumer goods. There is 

Fig. 8   General Ramachandran plot of homology model of A FabD, B FabH and C FabB using Molprobity server

Table 3  Summary of 
Ramachandran plot

Protein Homology models Goal

Geometry FabD FabH FabB

Ramachandran favoured regions 97.98% 94.14% 94.07% Greater than 98%
Ramachandran outliers 0.00% 0.49% 0.79% Less than 0.05%
RAMA distribution Z-score −0.38 ± 0.43 −1.4 ± 0.31 −0.41 ± 0.37 z-score < 2
Bad bonds 0/2407 0/4978 (0.00%) 0/4022(0.00%) 0%
Bad angles 2/3245 5/6726 (0.07%) 22–5444 0.1%
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Fig. 9  Overall quality factor of homology model of A FabD, B FabH and C FabB using PROCHECK server

Fig. 10  ProSA Z-Score values using homology models of A FabD, B FabH and C FabB using ProSA Server

Table 4  Results of validation 
and verifications of models 
using QMEAN, ProSA, ERRAT 
and VERIFY 3D

Validation tools Homology models Goal

FabD FabH FabB

QMEAN −0.74 −0.98 −2.81 Required value < 1, should fall 
in the dark zone

ProSA −8.86 −8.38 −5.83 Values below 0.5 are acceptable
ERRAT 95.83% 95.167% 84.632% Greater than 80%
VERIFY 3D 96.32% 92.07% 89.61% Above 80%
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a lot of interest in this drug and its expected target, FabI, 
as a result of a widely referenced study that demonstrated 
triclosan's antimalarial effectiveness in-vitro against P. fal-
ciparum and in vivo against the rodent parasite P. berghei, 
aimed towards the pathogenic asexual blood stages. As a 
result, we used FabI to examine the top 3 phytoconstitu-
ents (based on docking scores). Tables 6 and 7 are included 
with information on the docking scores and the implicated 
amino acid residues for the other three targets. The Bind-
ing affinities of the 109 flavonoids against the selected 
target proteins in FAS-II pathway are tabulated in Table 5 
(Figs. 12, 13, 14, 15). Virtual screening of flavonoids yielded 
top three hits Bilobetin (fg86), Volkensiflavone (fg36) and 
Sciadopitysin (fg89), they also made high binding affini-
ties with all target enzymes. The binding affinities of these 
three flavonoids were greater than the standard drug arte-
misinin and are given in Table 6 along with their interacting 
residues in Table 7. Ligand fg86 or Bilobetin was found 
to have the highest affinity (−12.6 KCal/mol) towards FabI 
protein among the 109 flavonoids which were analyzed. 
The docking interactions shown by Bilobetin is depicted 
in Fig. 12C, D, it had interactions with ALA169, SER215, 
GLY104, ALA319 and ALA219 residues through conven-
tional hydrogen bonding while the π-electron in benzene 
of chromen ring established a π–π stacking, two π-alkyl 
& two π-sigma interactions through TRP131, MET281, 
VAL222, LEU216 & ALA217 respectively. Bilobetin also 
had high binding affinities against the FabB, FabD and 
FabH receptors (Table 6) and it formed hydrogen bonds in 
every active site pocket. Volkensiflavone scored second best 
affinity against FabI with a binding affinity of −12.4 kcal/
mol. Inside the active cavity Volkensiflavone made three 
hydrogens bonds with ARG318, ASP168 and SER170, pi 
alkyl bonding with LEU216, ALA169 and ALA319. Again, 
TRP131 was found to be making Pi-Pi stacking with the 

chromen ring (Fig. 12A, B). It was also revealed that Volk-
ensiflavone had the best binding affinity in FabH active site 
cavity. Sciadopitysin had a binding affinity of −12.0 KCal/
mol in FabI protein, it formed hydrogen bonding interac-
tions with ALA217, ALA319, GLY104 and PHE167, unfa-
vourable donor–donor interaction with ALA169 and Pi–Pi 
stacking with TRP131(Fig. 12E, F). The binding cavity resi-
dues for inbound ligand (FabI) were found to be TYR111, 
LEU315, SER317, LYS285, ALA319, ASP168, ALA169 
and SER170.

3.6  Molecular Dynamics (MD) Simulation Analysis 
and MMGBSA Calculations

In simulating conditions that are similar to actual physi-
ological environmental conditions, MD simulation analy-
ses the protein–ligand stability (of the complex). Here, we 
have simulated three complexes for 100 ns each: FabI with 
Bilobetin (fg86); Volkensiflavone (fg36); and Sciadopity-
sin (fg89) (Fig. 16). FabI with Bilobetin (fg86), Volkensi-
flavone (fg36), and Sciadopitysin (fg89) complex RMSD 
values were maintained below 0.4, 0.5, and 0.4 nm, respec-
tively. Furthermore, we found no deterioration in these three 
complexes compactness characteristics during simulations. 
Root mean square fluctuations (RMSF) measurements were 
also recollected below acceptable ranges (0.6, respectively 
for complexes, FabI with Bilobetin (fg86); Volkensiflavone 
(fg36) and Sciadopitysin (fg89)) [72]. Moreover, RMSD 
and RMSF analysis for FabI with Artemisinin was also 
found to be stable. A value of ΔRMSF > 0.6 Å was used 
as the threshold value of RMSF that indicates a significant 
change in structural movements [72]. All protein frames are 
first aligned on the reference frame backbone, and then the 
RMSD is calculated based on the atom selection. Moni-
toring the RMSD of the protein can give insights into its 

Fig. 11  Protein–Protein interac-
tion (PPI) network of PfENR 
or FabI (present in the centre) 
generated by STRING server
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Table 5  Docking binding 
affinities of 109 Flavonoids 
along with standard 
Artemisinin*

Code Name of ligands Binding affinity (K Cal/mol)

FabD FabB FabH FabI

fg01 Chrysin  − 7  − 8.8  − 7.7  − 9.4
fg02 Apigenin  − 6.5  − 8.8  − 7.6  − 9.9
fg03 Luteolin  − 6.2  − 8.8  − 8.1  − 9.9
fg04 Acacetin  − 6.2  − 8.9  − 7.7  − 9.6
fg05 Kaempferol  − 6.1  − 8.5  − 7.4  − 9
fg06 Quercetin  − 6.3  − 8.5  − 7.8  − 9.1
fg07 Myricetin  − 6.3  − 8.3  − 7.5  − 9.4
fg08 Naringenin  − 6.5  − 8.6  − 7.8  − 9.7
fg09 ( +)-catechin  − 6.4  − 7.3  − 7.5  − 8.7
fg10 ( −)-Epicatechin  − 6.4  − 8.5  − 8  − 9.1
fg11 ( +)-Gallocatechin  − 6.3  − 7.2  − 7.3  − 8.8
fg12 ( −)-Epigallocatechin  − 6.2  − 8.3  − 7.5  − 9.2
fg13 ( −)-Epicatechin-3-gallate  − 6.8  − 8  − 8.5  − 10.4
fg14 ( −)-Epigallocatechin-3- gallate  − 7.3  − 8  − 8.8  − 10.1
fg15 Quercetin  − 7.4  − 8.3  − 8.6  − 10.5
fg16 Isoquercitin  − 7.2  − 7.8  − 7.8  − 10.1
fg17 Rutin  − 6.7  − 8.1  − 9.1  − 10.8
fg18 Hesperidin  − 6.1  − 8.6  − 8.7  − 11.8
fg19 Naringin  − 7.9  − 9.2  − 8  − 11.8
fg20 Artemetin  − 6  − 7.8  − 7.2  − 8.9
fg21 Casticin  − 5.9  − 7.2  − 7.2  − 9
fg22 Chrysosplenetin  − 6.1  − 7.3  − 7.1  − 8.7
fg23 5-Deoxyabyssinin II  − 7  − 8.7  − 8.3  − 10.3
fg24 5-Deoxy-3′-prenylbiochanin A  − 6.8  − 8.9  − 8.6  − 10
fg25 Luteolin-7-O-glufuranoside  − 7.7  − 8.9  − 8.5  − 11.7
fg26 Sigmoidin E  − 7.3  − 9.1  − 9  − 11.7
fg27 9-Hydroxyhomoisoflavonoid  − 6.3  − 8.7  − 7.6  − 9.2
fg28 2–3-dihydro-5-hydroxy-2- phenylchromen-4-one  − 6.4  − 8.2  − 7.6  − 9.5
fg29 Artocarpesin  − 6.5  − 8.8  − 7.9  − 10.7
fg30 Kushenol E  − 6.8  − 9.4  − 7.8  − 10.2
fg31 Lupinifolin  − 7.1  − 9.1  − 8.4  − 10.6
fg32 (s)-Lupinifolin 4′-methyl ether  − 7  − 9.6  − 8.7  − 10.5
fg33 Avicularin  − 6.6  − 8.1  − 8.1  − 10.2
fg34 Reynoutrin  − 6.6  − 8.4  − 7.7  − 10
fg35 Guaijaverin  − 6.9  − 8.8  − 7.9  − 9.9
fg36 Volkensiflavone  − 8.1  − 10.1  − 9.4  − 12.4
fg37 Quercetin-4′-methyl ether  − 6.3  − 8.5  − 7.6  − 9.2
fg38 Kolarivon  − 8.1  − 10.1  − 9.4  − 12.4
fg39 Morelloflavone  − 7.2  − 9.3  − 9  − 11.2
fg40 Wayanin  − 6.8  − 7.8  − 8  − 9.5
fg41 Glabridin  − 6.9  − 9.1  − 8.1  − 10.8
fg42 Burttinol-A  − 6.2  − 8.8  − 7.9  − 9.8
fg43 Burttinol-B  − 7.2  − 6.1  − 7.9  − 9.8
fg44 Burttinol-C  − 6.5  − 9.2  − 8.5  − 10
fg45 4′-o-methyl sigmoidin  − 6.9  − 8.7  − 8.5  − 10
fg46 Eryvarin H  − 6.3  − 8.5  − 7.6  − 9.3
fg47 Abyssinone v  − 7.2  − 8.8  − 9.2  − 11.2
fg48 Abyssinone V 4′ methyl ether  − 6.6  − 8  − 7.8  − 9.5
fg49 Genistein  − 6.3  − 7.8  − 7.3  − 9.2
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Table 5  (continued) Code Name of ligands Binding affinity (K Cal/mol)

FabD FabB FabH FabI

fg50 Daidzein  − 6.3  − 8.1  − 7.5  − 9.3
fg51 Myrcetin  − 6.3  − 8.3  − 7.5  − 9.4
fg52 Hesperetin  − 6.2  − 8.5  − 7.9  − 9.6
fg53 Morin  − 6.5  − 8.5  − 7.6  − 9.2
fg54 Distylin/taxifolin  − 6.3  − 8.5  − 7.9  − 9.1
fg55 Fisetin  − 6.3  − 8.5  − 7.9  − 9
fg56 Puerarin  − 6.6  − 8.1  − 8  − 10.8
fg57 7-methoxy acacetin  − 6.1  − 8.6  − 7.8  − 9.7
fg58 Genkwanin  − 6.3  − 8.4  − 7.7  − 10
fg59 Chrysoeriol  − 6.5  − 8.8  − 7.6  − 9.9
fg60 Diosmetin  − 6.6  − 8.7  − 7.8  − 9.6
fg61 Tamarixetin  − 6.3  − 8.3  − 7.5  − 9.2
fg62 Artocarpone A  − 6.3  − 7.3  − 7.6  − 9.6
fg63 Artoindonesianin R  − 6.2  − 7.2  − 7.2  − 9.7
fg64 Artocarpone B  − 7.6  − 7.2  − 8  − 9.8
fg65 Artonin A  − 7.2  − 9.2  − 8.3  − 10
fg66 Cycloheterophyllin  − 7.3  − 8.2  − 8.3  − 10
fg67 Artoindonesianin E  − 6  − 8.2  − 7.9  − 9.3
fg68 Heteroflavanone C  − 6  − 7.8  − 7.5  − 9.3
fg69 Heterophyllin  − 7.3  − 7.4  − 8.6  − 10.3
fg70 Artoindonesianin A-2  − 6.6  − 7.7  − 8.3  − 10.2
fg71 Dehydrosilybin  − 6.4  − 7.8  − 7.3  − 10
fg72 8-(1;1)-dimethylallyl- kaempferide  − 7.2  − 8.7  − 8.3  − 11.6
fg73 (2 s)-2′-methoxykurarinone  − 6.4  − 7.3  − 7.4  − 9.8
fg74 Sophoraflavanone G  − 7.3  − 7.8  − 8.3  − 10.1
fg75 Leachianone  − 6.8  − 6.9  − 7.4  − 9.7
fg76 Formononetin  − 6.4  − 8  − 7.5  − 9.4
fg77 Calycosin  − 6.4  − 8.3  − 7.8  − 9.5
fg78 Prunetin  − 6.4  − 8  − 7.5  − 9.4
fg79 Biochanin  − 6.2  − 8  − 7.5  − 9.4
fg80 Genistein  − 6.3  − 7.9  − 7.4  − 9.2
fg81 Pratensein  − 6.2  − 8.2  − 7.7  − 9.5
fg82 Bractein triacetate  − 6.5  − 8.1  − 7.1  − 9.4
fg83 2″,6″-O-digalloylvitexin  − 7.9  − 8.9  − 8.5  − 9.8
fg84 2″-O-galloylvitexin  − 6.2  − 8  − 8.4  − 10.2
fg85 Sikokianin B  − 6.7  − 8.5  − 8.9  − 9.5
fg86 Bilobetin  − 8.2  − 10.5  − 10.5  − 12.6
fg87 Ginkgetin  − 7.2  − 10.3  − 9.1  − 11.4
fg88 Isoginkgetin  − 7.6  − 9.7  − 9  − 11.8
fg89 Sciadopitysin  − 8.1  − 10.3  − 9.3  − 12.0
fg90 Liquiritigenin  − 7  − 7.6  − 9  − 8.8
fg91 isoliquiritigenin  − 6.6  − 7.9  − 6.4  − 10.6
fg92 7,4′-Dihydroxy-2′,5′-demethoxyisoflav-3-ene  − 6.9  − 8.2  − 7.8  − 9.9
fg93 Citflavanone  − 7.5  − 8.7  − 9.1  − 10.7
fg94 Erythrisenegalone  − 7.3  − 8.7  − 8.4  − 9.7
fg95 Lonchocarpol A  − 6.5  − 8.5  − 8.1  − 10.7
fg96 Liquiritigenin  − 6.5  − 8.6  − 7.7  − 9.4
fg97 8-Prenyldaidzein  − 6.4  − 8.9  − 8.3  − 10
fg98 Shinpterocarpin  − 7.4  − 9.6  − 6.3  − 9.6
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structural conformation throughout the simulation. RMSD 
analysis can indicate if the simulation has equilibrated—its 
fluctuations towards the end of the simulation are around 
some thermal average structure. Changes of the order of 
1–3 Å are perfectly acceptable for small, globular proteins. 
Changes much larger than that, however, indicate that the 
protein is undergoing a large conformational change dur-
ing the simulation. It is also important that your simulation 
converges—the RMSD values stabilize around a fixed value. 
If the RMSD of the protein is still increasing or decreasing 
on average at the end of the simulation, then your system 
has not equilibrated, and your simulation may not be long 
enough for rigorous analysis. Similarly, for RMSD results, 
we found that RMSD is within acceptable ranges [73]. We 
also noticed that increments in the number of hydrogen 
bonds over 100 ns simulation time for these three com-
plexes might explain their stabilities. Thus, based on RMSD, 
RMSF, and Rg values, we concluded that these three com-
plexes were stable. Furthermore, Prime MMGBSA energies 
(MMGBSA dG Bind) for complexes, FabI with Bilobetin 
(fg86); Volkensiflavone (fg36) and Sciadopitysin (fg89)) 
were observed as −52.53 kcal/mol; −47.93 kcal/mol and 
−51.34 kcal/mol, respectively. The FabI with artemisinin 
MMGBSA dG Bind energy was found to be −50.72 kcal/
mol. This analysis showed us that phytochemicals Bilobetin 
(fg86); Volkensiflavone (fg36) and Sciadopitysin (fg89)) had 
strong binding potentials for target FabI (Fig. 17).

3.7  In‑Silico ADMET Analysis

To examine ADMET characteristics (summarized in 
Table  8) of the top three hits, absorption, distribution, 
metabolism, excretion and toxicity as well as some physico-
chemical aspects, the SWISS ADME server and the admet-
SAR online database were utilized. The three flavonoids 
Bilobetin, Volkensiflavone and Sciadopitysin expressed 

positive human intestinal absorption, a non-AMES toxic, 
non-carcinogens, weak inhibitor of human ether a-go-go 
related genes and non-substrates CYP450 2C9 and 2D6. 
Bilobetin and Sciadopitysin were identified to be inhibitors 
of p-glycoproteins as well as a substrate for CYP450 3A4 
isoenzyme. Many medications that induce or inhibit P-gly-
coprotein have a comparable effect on the drug metabolizing 
isoenzyme CYP450 3A4, implying a synergistic involve-
ment in xenobiotic detoxification [43]. Furthermore, Volk-
ensiflavone was classified as class II in acute oral toxicity 
(50 <  LD50 ≤ 500 mg/kg) and it was also found to be BBB 
permeating. Bilobetin and Sciadopitysin were found to be 
slightly toxic as they were both classified as class III in 
toxicity profile (500 < LD50 ≤ 5000 mg/kg). The ADMET 
parameters and physicochemical properties of the top hits 
Bilobetin (fg86) and Sciadopitysin (fg89) were qualified for 
Lipinski rule of five with one violation each (MW > 500) 
whereas fg36 had two violations (MW > 500, NH or OH > 5) 
thus failing Lipinski's rule of five. Natural products, in most 
situations, do not necessarily follow Lipinski's rule since 
they are anticipated to enter the human body by more com-
plex methods such as active transportation rather than pas-
sive diffusion, and hence are not expected to conform with 
bioavailability standards [44]. Bilobetin and Sciadopitysin 
had the same bioavailability score of 0.55 whereas Volken-
siflavone scored a low bioavailability score (0.17). The top 
hits showed no structural alerts against the PAINS filter [72].

4  Conclusion

In this study, we have performed a three-dimensional con-
struction of homology proteins of FabD, FabH and FabB 
using a SWISS-MODEL server. Subsequently, validation 
and verification of produced models were assessed via 
SAVES, QMEAN, ProSA-web, Verify3D and Molprobity 

Table 5  (continued) Code Name of ligands Binding affinity (K Cal/mol)

FabD FabB FabH FabI

fg99 2,3-dihydro-7-demethylrobustigenin  − 6.2  − 7.2  − 7.4  − 9.2
fg100 Sigmoidin B 4′-methyl ether  − 6.5  − 8.8  − 8.5  − 10
fg101 Saclenone  − 6.5  − 9.1  − 7  − 10.2
fg102 Corylin  − 7.1  − 9.6  − 8.8  − 11.1
fg103 Erysubin F  − 7.4  − 9.8  − 8.6  − 10.5
fg104 3′-Prenylbiochanin A  − 6.6  − 9.2  − 8.7  − 10.1
fg105 7-Demethylrobustigenin  − 6.2  − 8  − 7.2  − 9.3
fg106 5′-Prenylpratensein  − 6.7  − 8.5  − 8.6  − 10.6
fg107 5'-Formylpratensein  − 6.1  − 8.2  − 7.8  − 9.4
fg108 2,3-Dehydrokievitone  − 6.6  − 8.6  − 8.1  − 10.7
fg109 Prostratol C  − 6.8  − 8.6  − 8  − 9.7
Standard Artemisinin*  − 6.7  − 6.9  − 7.2  − 9.5
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Fig. 12  2-D and 3-D interactions of the top hits fg38 (A, B) fg86 (C, D) and fg89 (E, F) with FabI
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Fig. 13  2-D and 3-D interactions of the top hits fg38 (A, B) fg86 (C, D) and fg89 (E, F) with FabD
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Fig. 14  2-D and 3-D interactions of the top hits fg38 (A, B) fg86 (C, D) and fg89 (E, F) with FabH
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Fig. 15:  2-D and 3-D interactions of the top hits fg38 (A, B) fg86 (C, D) and fg89 (E, F) with FaB
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servers. The predicted models resembled the template 
structure, suggesting their reliability. This study also gives 
insight on the binding modes and binding interaction of fla-
vonoids with homology modelled protein targets. The flavo-
noid Bilobetin (fg86) showed strong interactions with FabI 
(3LT0) enzyme (binding affinity—12.6 K Cal/mol) with the 
following amino acid residues ALA219, ALA319, GLY104, 
SER215 and ALA169. Furthermore, the binding affinity of 
Volkensiflavone (fg36) and Sciadopitysin (fg89) ranged 
from − 7.5 to − 12.4 kcal/mol in all targets. The docking out-
put of hits was found to be greater than the standard drug 

Table 6  Binding affinities of top 3 hits and standard drug artemisinin

Molecule Binding affinity (kcal/mol)

FabD FabH FabB FabI

Bilobetin (fg86)  − 8.2  − 10.5  − 10.5  − 12.6
Volkensiflavone (fg36)  − 8.1  − 9.4  − 10.1  − 12.4
Sciadopitysin (fg89)  − 8.1  − 9.3  − 10.3  − 12.0
Artemisinin*  − 6.7  − 7.2  − 6.9  − 9.5

Table 7  Energy contributing interacting residues computed by docking methodology

Molecule Interacting residues with contribution energy

FabD FabH FabB FabI(3LT0)

Bilobetin (fg86) ARG390, ASP391, ASN387, 
ILE384

LYS264 ILE99, ILE81 ALA219, ALA319, GLY104, 
SER215, ALA169

Volkensiflavone (fg36) LYS269, GLN109, GLU111 ASN328, GLY263, THR76 GLY97 ARG318, ASP168, SER170
Sciadopitysin (fg89) GLY110, THR383, GLY117(2) LYS264, ASN262 TYR15, GLU83 GLY104, ALA319, ALA217, 

PHE167
Artemisinin* TYR229 NIL TYR85 SER317
FabI inbound ligand (3LT0) – – – TYR111, LEU315, SER317, 

LYS285, ALA319, ASP168, 
ALA169 SER170

Fig. 16  RMSD and RMSF analysis profiles for FabI with Bilobetin (fg86); Volkensiflavone (fg36); and Sciadopitysin (fg89) over 100 ns simula-
tion period
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artemisinin (− 6.5 to − 9.5 kcal/mol) against four enzymes 
used in this study. This suggests that ligand forms better con-
formation within the active site(s) when compared with the 
standard drug artemisinin. In our ADMET analysis, it was 
observed that Bilobetin and Sciadopitysin had good phar-
macokinetics profiles along with low oral toxicity (Class 
III) and inhibitors of P-glyco proteins. The three hits also 
showed the lowest binding affinity and also showed good 
antimalarial activity despite they violated the Lipinski's rule 
of five. Moreover, Bilobetin (fg86); Volkensiflavone (fg36) 
and Sciadopitysin (fg89)) had strong binding potentials for 
target FabI as depicted from MD simulation stability of 
100 ns and MMGBSA energies. ∆G of Volkensiflavone is 
higher than the reference compound Artemisinin. ADMET 

results also showed that this substance has group II toxicity, 
penetrates into BBB, RMSD value is unstable. Thus, we 
believe that this hit can be more optimized for safer ADMET 
profiles, by forming their synthetic analogues or carrying out 
higher experimental in vitro, in vivo analysis. As a prelimi-
nary work, we are putting forward this lead and suggested 
for its better modifications. Considering previous literature 
reports on the flavonoids with the antimalarial activity we 
conducted the same via in-silico molecular docking analy-
sis against key enzymes in FAS-II pathway. We identified 
Volkensiflavone (needs to be optimized further), Bilobetin 
and Sciadopitysin as lead candidates for further detailed 
in-silico analysis by molecular dynamics simulations, and 
testing their synthetic analogues for in-vitro anti-malarial 

Fig. 17  RMSD and RMSF analysis profiles for FabI with over 100 ns simulation period

Table 8  In silico ADMET 
profiling for top three best 
docked hits

Properties Volkensiflavone Bilobetin Sciadopitysin

CYP450 2C9 substrate Non-substrate Non-substrate Non-substrate
CYP450 2D6 substrate Non-substrate Non-substrate Non-substrate
CYP450 3A4 substrate Non substrate Substrate Substrate
Human ether-a-go- go-related gene inhibition Weak inhibitor Weak inhibitor Weak inhibitor
AMES toxicity Non-AMES toxic Non-AMES toxic Non-AMES toxic
Carcinogens Non-carcinogens Non-carcinogens Non-carcinogens
Acute oral toxicity II III III
P-glycoprotein inhibitor Non-inhibitor Inhibitor Inhibitor
Rat acute toxicity  (LD50, mol/kg) 3.129 3.6527 3.6807
Human intestinal absorption  +  +  + 
Consensus Log Po/w 3.13 3.96 4.76
H-Bond acceptor 10 9 9
Bioavailability score 0.17 0.55 0.55
Tetrahymena pyriformis  (pIGC50 (μg/L)) 1.0226 1.4594 1.4604
Blood–brain barrier  +  −  − 
Lipinski rule No, 2 violations Yes, 1 violation Yes, 1 violation
Pains alert No No No
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potentials. To combat this deadly disease malaria, research 
should be carried out on this path to save mankind. Natural 
products such as flavonoids are expected to have high thera-
peutic efficacy against resistant malaria and deserve future 
research.
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