
Computational insights into the anti-diabetic potential of Albizia 
antunesiana (Mimosaceae) metabolites: A molecular docking, drug-likeness 
and ADMET analysis

Bitwell Chibuye a,b,c,*, Indra Sen Singh b, Luke Chimuka c, Mokgaetji Monyai c,  
Maseka Kenneth Kakoma b

a Department of Chemistry, Mukuba University, PO Box 20382, Itimpi Campus, Kitwe, Zambia
b Department of chemistry, School of Mathematics and Natural Sciences, The Copperbelt University, PO box 21692, Kitwe, Zambia
c Molecular Sciences Institute, School of Chemistry, University of Witwatersrand, Johannesburg, South Africa

A R T I C L E  I N F O

Keywords:
ADMET analysis
Albizia antunesiana
Antidiabetic
Druglikeness
In silico molecular docking
Medicinal chemistry, traditional medicine

A B S T R A C T

Diabetes is a complex health issue that is rapidly spreading worldwide. As a complex chronic condition, it re
quires continued endeavor to innovate more effective drugs. This study evaluates the antidiabetic potential of 
seven metabolites from the root of Albizia antunesiana (Mimosaceae) using molecular docking, and ADMET 
(Absorption, Distribution, Metabolism, Excretion, and Toxicity) analysis. The three-dimensional crystal structure 
of human SGLT2-MAP17 complex with Empagliflozin (PDB ID: 7VSI) was retrieved from the Protein Data Bank. 
Docking results showed L1 (8-Prenylnaringenin), L4 (8,8-dimethyl-2,10-dioxo-9H-pyrano[2,3-f]chromen-9-yl) 
(Z)-2-methylbut-2-enoate), and L7 (4-sulfophenyl)octanoic acid) had favorable binding energies comparable to 
the reference antidiabetic drug, Empagliflozin. ADMET profiles indicated high gastrointestinal absorption and 
favorable drug-likeness for most metabolites. Toxicity analysis revealed L2 (5,6,2′-Trimethoxyflavone) and L3 
(Emodic acid) as the safest candidates, with low toxicity risks for hepatotoxicity, carcinogenicity, and nephro
toxicity. L2 and L3 were identified as promising drug candidates based on their overall pharmacokinetic and 
toxicity profiles, suggesting potential candidates for further development as antidiabetic agents. Furthermore, 
molecular dynamics analysis indicated that L3 exhibited favorable dynamic behavior.

1. Introduction

Traditional medicine has long been a cornerstone of healthcare in 
many regions of the world, offering a rich repository of botanical rem
edies utilized for the treatment of various diseases. Among these, the 
plant Albizia antunesiana, a member of the Mimosaceae family, has been 
employed in traditional medicine in Zambia for its purported thera
peutic properties. Medicinal plants from the Mimosaceae family, 
recognized for their diverse medicinal uses, have garnered attention for 
their potential efficacy in managing diabetes, a condition that poses a 
significant health burden globally [1]. Diabetes mellitus, characterized 
by chronic hyperglycemia resulting from defects in insulin secretion, 
insulin action, or both, remains a major health challenge [2,3]. The 
management of diabetes traditionally relies on pharmacological and 
lifestyle interventions, with a growing interest in natural products of
fering additional therapeutic options.

A. antunesiana has been used in traditional Zambian medicine as a 
remedy for diabetes, yet scientific validation of its efficacy and safety is 
limited. This study aims to bridge this gap by providing a scientific basis 
for the traditional use of A. antunesiana in diabetes treatment. QuECh
ERS (Quick, Easy, Cheap, Effective, Rugged, and Safe) extraction 
method was used to obtain metabolites from the root samples of the 
plant [4]. Following extraction, liquid chromatography coupled with 
mass spectrometry (LCMS2) and the GNPS (Global Natural Products 
Social) networking tool was used to identify the metabolites present in 
the root extract [5]. The analysis led to the tentative identification of 58 
metabolites, shedding light on the chemical complexity of A. antunesiana 
and its potential bioactive compounds.

By elucidating the metabolite profile of the root of A. antunesiana, 
this study not only supports its traditional use but also lays the 
groundwork for future research into its role as a natural antidiabetic 
remedy. The findings from the current study contribute to the broader 
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understanding of plant-based treatments and their integration into 
modern therapeutic practices. This research involves an in silico analysis 
of anti-diabetic potential through molecular docking, with the assess
ment of physicochemical properties and drug-likeness, for seven me
tabolites derived from the root of the medicinal plant, A. antunesiana.

The study is exclusively based on computational models and pre
dictions. The study uses Empagliflozin as reference drug. Empagliflozin, 
a safe and well-established drug is a key treatment option for managing 
diabetes and related conditions. Its ability to efficiently control blood 
glucose levels and its mild blood pressure-lowering effects make it a 
promising medication. It holds potential as a valuable treatment for 
patients from various backgrounds suffering from Type 2 diabetes and 
cardiovascular diseases [6]. The encouraging results of this study indi
cate a clear need for further experimental validation to verify the anti- 
diabetic activities. Hence, future work should incorporate in vitro or 
in vivo experiments to further elucidate the anti-diabetic effects of the 
selected metabolites of this study.

2. Materials and methods

2.1. Identification of ligands using GNPS

For bioactive metabolite annotation, the MS2 Bruker raw data file 
was used to tentatively identify metabolites using the molecular 
networking tool GNPS through two standard workflows as described by 
Chibuye et al. (2024) [7], with modifications as depicted in Fig. 1.

Fifty eight (58) metabolites were tentatively identified and are 
shown in Table S1. Some metabolite features such as cosine, m/z error, 
mass difference, precursor m/z, and MS2 fragmentation are shown. The 
annotated metabolites are also available online at: https://gnps.ucsd. 
edu/ProteoSAFe/result.jsp?task=a9e931c3021b4d13922ba1564a0 
f8f7b&view=group_by_compound

2.2. Selection of metabolites for docking study

Seven ligand molecules (Fig. 2) were selected from the phytochem
icals identified in the root of A. antunesiana, as listed in Table S1. These 
phytochemicals were tentatively identified through mass spectrometry 
and molecular networking tools. Future research should consider 
employing techniques such as Nuclear Magnetic Resonance (NMR) to 

Fig. 1. LCMS2 –GNPS workflows for tentative metabolite annotation.
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further confirm the characterization of these metabolites. The selection 
of these seven metabolites, out of a total of 58 was justified based on 
their binding energies, which were less than − 5 kcal/mol, and their 
compliance with the Lipinski rule, a key criterion for medicinal com
pounds [8]. Additionally, assessments using www.swissadme.ch and htt 

ps://ox-new.charite.de/protox indicated that the selected metabolites 
exhibited better ADMET (Absorption, Distribution, Metabolism, Excre
tion, and Toxicity) properties compared to the other metabolites. The 
ligand molecules, L1 (8-Prenylnaringenin), L2 (5,6,2′-Trimethoxy
flavone), L3 (Emodic acid), L4 (8,8-dimethyl-2,10-dioxo-9H-pyrano 

Fig. 2. The seven metabolites selected from the root of A. antunesiana as potential antidiabetic drug candidates, alongside the reference drug, empagliflozin.
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[2,3-f]chromen-9-yl) (Z)-2-methylbut-2-enoate), L5 (2S)-7-hydroxy-2- 
(4-hydroxyphenyl)-2,3-dihydrochromen-4-one), L6 (5,7-dihydroxy-2- 
(2,3,4-trihydroxyphenyl)chromen-4-one), L7 (6-(4-sulfophenyl)octa
noic acid) and the reference drug, L8 (Empagliflozin) are shown in 
Fig. 2.

2.3. Justification for selection of empagliflozin as a reference antidiabetic 
drug

Choosing empagliflozin as a reference antidiabetic drug in the cur
rent study is well justified for several reasons. Firstly, empagliflozin 
functions as SGLT2 (sodium-glucose co-transporter 2) inhibitor, effec
tively lowering blood glucose levels by promoting glucosuria [9]. This 
established mechanism of action provides a clear target for identifying 
new antidiabetic compounds with similar or complementary effects. 
Moreover, empagliflozin has demonstrated significant efficacy in clin
ical trials, notably the EMPA-REG OUTCOME trial, where it not only 
lowered blood glucose levels but also reduced the risk of cardiovascular 
events in patients with type 2 diabetes [10]. Its proven benefits position 
it as a robust benchmark for assessing the efficacy of newly discovered 
metabolites. Additionally, empagliflozin features a relatively favorable 
safety profile compared to some other antidiabetic medications [11,12]. 
This aspect is crucial in computational studies since both efficacy and 
safety need to be evaluated for any new drug candidates derived from 
plant sources. Furthermore, comprehensive pharmacokinetic and 
pharmacodynamic data on empagliflozin are readily available, facili
tating accurate computational modeling and simulations [13]. It was 
thus hoped that this study would leverage this rich dataset to make 
comparisons with the selected potential candidates, enhancing the 
robustness of the findings.

2.4. Identification of target protein and prediction of binding sites for 
docking analysis

The three-dimensional crystal structure of human SGLT2-MAP17 
complex with Empagliflozin (PDB ID: 7VSI) was retrieved from the 
Protein Data Bank (http://www.pdb.org). The docking study involved 
identifying the active binding sites of the protein, which was achieved 
using the CASTp and COACH servers [7]. These tools facilitate the 
identification of both accessible surface pockets and inaccessible inter
nal cavities, providing detailed information on the size and character
istics of these sites for proteins and other molecules.

2.5. Molecular docking analysis

Docking simulations were performed using AutoDock Tools. The 
selected ligand molecules and the reference drug were docked to human 
protein, SGLT2-MAP17 (PDB ID: 7VSI), with the protein treated as a 
rigid body and the ligands allowed flexibility. Each docking experiment 
comprised 10 runs, with 150 individuals and 500,000 energy evalua
tions using the Lamarckian Genetic Algorithm (LGA) [7,14]. This vali
dated algorithm efficiently balances systematic search and 
computational demand to explore ligand-protein conformation space. 
The specified energy scores and population size ensured the exploration 
of conformational space and identified the optimal binding position of 
the ligands. The search grid extended 70 points per dimension with a 
step size of 0.375 Å, centered on the protein's binding site. AutoDock 
results provided insights into the binding positions, conformations of the 
active sites, and interaction estimations. The docked conformation with 
the lowest binding energy was selected to analyze the binding mode. 
Typically, the best docked conformation is determined by the lowest 
binding energy (> − 5 kcal), which often correlates with biologically 
relevant interactions [7,14]. Hydrogen bonds and other interactions 
within the ligand-protein complex were analyzed using the Discovery 
Studio 2021 Client molecular viewer.

2.6. ADMET analysis: Evaluating pharmacodynamics properties

ADMET analysis is essential for determining pharmacodynamics 
properties of a molecule. Using the web-based platform SWISSADME 
(www.swissadme.ch/; last accessed on 15 October 2024), the ADMET 
properties of pharmaceuticals and natural bioactive metabolites were 
assessed for their best matches [15]. Ligand SMILES structures retrieved 
from PubChem were submitted to SWISSADME for this evaluation.

2.7. Toxicity assessment using ProTox-II

Toxicity of the metabolites was analyzed and predicted using the 
online web tool ProTox-II (https://ox-new.charite.de/protox; accessed 
on 8 August 2024).

3. Results and discussion

3.1. Evaluation of in silico antidiabetic activity

In silico docking study was performed to assess the inhibitory po
tential of specific metabolites on the target protein 7VSI. The findings of 
the molecular docking analysis are summarized in Table 2 and depicted 
in Figs. 3 and S1. Table 2 includes data on intermolecular energy, 
binding energy, binding affinity, inhibition constant, and ligand effi
ciency. Interacting residues, their types, and distances are detailed in 
Table S2.

Fig. 3 is the best docked complex showing 2D and 3D interactions of 
L7 (6-(4-sulfophenyl)octanoic acid) metabolite with the 7VSI receptor. 
Fig. S1 illustrates the 2D and 3D interaction complexes of the ligands 
(L1, L2, L3, L4, L5, L6 and L8) with the 7VSI receptor.

3.1.1. Discussion of in silico molecular docking
The molecular docking study provided significant insights into the 

binding affinities and inhibitory potentials of various ligands compared 
to Empagliflozin. The results demonstrate a range of interactions be
tween the selected metabolites and the 7VSI protein target, with some 
ligands displaying potential to be effective antidiabetic agents.

The top-performing compound, L7 (6-(4-sulfophenyl)octanoic acid), 
exhibited the most favorable interaction profile with the lowest intermol 
energy (− 10.27 kcal/mol) and the lowest inhibition constant (4.54 μM). 
These parameters suggest that L7 has a stronger affinity for the target 
protein than Empagliflozin, which had an inhibition constant of 10.04 
μM. Lower inhibition constants indicate better inhibitory potential, and 
L7's performance suggests it could be highly effective in inhibiting the 
protein associated with diabetes, making it a leading candidate for 
further exploration as an antidiabetic agent. Additionally, L7's ligand 
efficiency (− 0.36) was one of the highest in the study, reflecting efficient 
utilization of its molecular mass in binding with the target protein [7]. 
L7 (6-(4-sulfophenyl)octanoic acid) likely exhibits a stronger affinity for 
the target protein than L8 (Empagliflozin) due to its linear structure, 
which allows better accommodation in hydrophobic binding pockets. 
L7's 7‑carbon alkyl chain enhances hydrophobic interactions, while its 
carboxylic and sulfonic acid groups enable strong ionic and hydrogen 
bonding with charged or polar residues on the protein [16–19]. In 
contrast, L8's bulky cyclohexane structure and multiple hydroxyl groups 
may hinder effective binding, as they could restrict complementarity 
with the protein's binding site [16–19]. Overall, L7's combination of 
optimal hydrophobicity and functional interaction capabilities makes it 
more favorable for protein binding compared to L8.

L1 (8-Prenylnaringenin) also performed well in the docking study, 
with a binding energy of − 6.92 kcal/mol and an inhibition constant of 
8.43 μM. These values are slightly better than Empagliflozin's binding 
energy (− 6.82 kcal/mol) and inhibition constant (10.04 μM), indicating 
that L1 has comparable or even superior binding affinity [8]. L1's 
structural characteristics likely contribute to its efficient binding with 
the protein, making it another strong candidate for further investigation. 
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The presence of multiple functional groups, including hydroxyl groups 
and a keto oxygen, allows for multiple hydrogen bonding and hydro
phobic interactions with the target protein. Additionally, the phenolic 
structure enhances pi-stacking interactions, promoting stability in the 
binding pocket [20,21]. The double bond and methyl groups may also 
facilitate conformational flexibility, allowing L1 to adapt optimally to 
the binding site [22]. Overall, these features enhance molecular 
complementarity, leading to a stronger binding affinity than Empagli
flozin, which has a less diverse functional group profile and may result in 
weaker interactions.

Another promising ligand, L4, showed strong binding energy (− 7.71 
kcal/mol) and an inhibition constant of 6.19 μM. This indicates better 
binding and inhibition properties than Empagliflozin, further posi
tioning L4 as a competitive alternative for antidiabetic therapy. The 
compound's van der Waals, hydrogen bond, and desolvation energy 
profile (− 8.14 kcal/mol) supports the stability and specificity of the 
interaction with the target protein, making it a high-potential candidate 
for future studies [23]. The strong binding energy of ligand L4 (− 7.71 
kcal/mol) compared to Empagliflozin ((− 6.82 kcal/mol)) can be 
attributed to its molecular structure, which enables optimal interaction 
with the target protein. L4 features three keto groups that enhance 

hydrogen bonding capability, a double bond for increased conforma
tional flexibility, and strategically positioned trans-methyl groups that 
may contribute to steric fitting within the binding site. The presence of 
three ether oxygen atoms also helps in solvation interactions [24–26]. 
These structural characteristics facilitate stronger van der Waals in
teractions and a favorable desolvation energy profile (− 8.14 kcal/mol), 
promoting both stability and specificity in binding, thus positioning L4 
as a competitive candidate for antidiabetic therapy.

Other metabolites, such as L3 and L6, showed moderate docking 
scores. While their binding energies were relatively strong (− 6.48 kcal/ 
mol and − 6.21 kcal/mol, respectively), their higher inhibition con
stants (17.71 μM and 27.92 μM) suggest that they are less potent in
hibitors compared to Empagliflozin and other top-performing ligands 
[27]. Although these metabolites may not be as promising as L7 or L1, 
their interactions with the target protein should not be entirely dis
counted and may warrant further optimization for improved efficacy. 
Overall, the results highlight that L7, L1, and L4 exhibit binding affin
ities and inhibition constants that surpass or are comparable to those of 
Empagliflozin, making them strong candidates for further in vitro and in 
vivo studies. The dual presence of strong binding and efficient inhibition 
in these metabolites underscores their potential as antidiabetic agents, 

Table 2 
The results of in silico molecular docking of the selected metabolites with the 7VSI target.

Ligand Intermol energy (kcal/ 
mol)

Binding 
Energy 
(kcal/mol)

Vdw_hb_ 
desolv_ 
energy 
(kcal/ 
mol)

Inhibition 
constant 
(μM)

Ligand 
efficiency

L1, 8-Prenylnaringenin − 8.71 − 6.92 − 8.6 8.43 − 0.22
L2, 5,6,2′-Trimethoxyflavone − 7.51 − 6.32 − 7.52 23.25 − 0.27
L3, Emodic acid − 7.97 − 6.48 − 7.51 17.71 − 0.29
L4, 

(8,8-dimethyl-2,10-dioxo-9H-pyrano[2.3-f]chromen-9-yl) (Z)-2- 
methylbut-2-enoate

− 8.0 − 7.71 − 8.14 6.19 − 0.28

L5, 
(2S)-7-hydroxy-2-(4-hydroxyphenyl)-2.3-dihydrochromen-4-one

− 7.63 − 6.74 − 7.27 11.56 − 0.35

L6: 5,7-dihydroxy-2-(2,3,4-trihydroxyphenyl)chromen-4-one − 8.0 − 6.21 − 7.39 27.92 − 0.28
L7: 

6-(4-sulfophenyl)octanoic acid
− 10.27 − 7.29 − 10.04 4.54 − 0.36

L8: Empagliflozin (Reference antidiabetic drug) − 9.8 − 6.82 − 9.56 10.04 − 0.24

Fig. 3. The best docking complex showing 2D and 3D interactions of the L7 (6-(4-sulfophenyl)octanoic acid) metabolite with the 7VSI receptor.
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and their further development could lead to more effective therapies for 
diabetes management. Additionally, the insights gained from this study 
can inform future research into the structure-activity relationships of 
these metabolites, guiding the design of even more potent antidiabetic 
drugs.

3.2. Molecular dynamics (MD) analysis

MD simulations and free energy calculations were performed to 
substantiate the in silico molecular docking results in the current study. 
The results are shown in Table S3, Table S4, and Fig. S2. Table S3 
provides a comprehensive analysis and ranking of the ligands based on 
both simulated docking scores and MM-PBSA binding free energies. The 
ranking combines both metrics, with lower (more negative) values 
indicating stronger predicted binding. Table S3 also ranks the ligands 
from best (1) to worst (5) overall. The reference drug (empagliflozin) 
ranks marginally better, demonstrating the strongest predicted binding, 
followed closely by (2S)-7-hydroxy-2-(4-hydroxyphenyl)-2,3-dihy
drochromen-4-one (L5) and emodic acid (L3). This suggests these 

compounds are the most promising for SGLT2 inhibition.
Table S4 presents RMSD (Root Mean Square Deviation) trajectories 

showing the stability of each protein-ligand complex during the simu
lation. All three best complexes demonstrate good stability after an 
initial equilibration period, with RMSD values stabilizing around 2–3 Å, 
which is typical for well-behaved protein simulations [28,29]. RMSD 
analysis was performed to assess the overall stability of the protein- 
ligand complexes during the simulation. The RMSD plot (Fig. S2) indi
cate that all three top ligands (Reference, (2S)-7-hydroxy-2-(4-hydrox
yphenyl)-2,3-dihydrochromen-4-one, and emodic acid) maintained 
stable trajectories, with average RMSD values around 2.2–2.3 Å, sug
gesting that the complexes remained structurally stable throughout the 
100 ns simulation [30].

MD simulation analysis shows that, unlike the in silico molecular 
docking analysis, which indicated that L7 among other ligands was the 
best ligand compared to the reference drug empagliflozin, the reference 
drug exhibited slightly better dynamic behavior compared to the other 
ligands, with only L3 performing comparably to the reference drug.

Table 3 
ADMET results of the seven metabolites of A. antunesiana and the reference drugs, Empagliflozin.

Admet Properties
Selected metabolites Reference Drug

L1 L2 L3 L4 L5 L6 L7 L8 
(Empagliflozin)

Size (MW) g/mol 340.37 312.32 300.22 342.34 256.25 302.24 300.37 450.91
Solubility Log S 

(ESOL)
− 4.91 − 3.97 − 3.22 − 4.08 − 3.28 − 3.55 − 3.12 − 3.80

Saturation Fraction 
Csp3

0.25 0.17 0.00 0.32 0.13 0.00 0.50 0.48

Flexibility (Num. 
rotatable bonds)

3 4 1 3 1 1 8 6

Num. H-bond 
acceptors

5 5 7 6 4 7 5 7

Num. H-bond donors 3 0 4 0 2 5 2 4
Molar refractivity 95.29 87.40 72.78 91.55 69.55 78.03 76.69 113.41
Polarity TPSA (Å2) 86.99 57.90 132.13 82.81 66.76 131.36 100.05 108.61
XLOGP3 4.45 3.09 1.88 3.20 2.30 2.17 2.74 2.03
iLOGP 2.76 3.10 0.93 2.71 1.73 1.64 1.83 3.18
WLOGP 3.69 3.49 1.28 3.02 2.48 1.99 4.15 1.29
MLOGP 1.82 1.25 − 0.24 1.76 1.27 − 0.56 2.56 0.70
SILICOS-IT 3.75 4.08 1.48 3.76 2.55 1.54 2.04 2.66
Lipophilicity average 3.29 3.00 1.07 2.89 2.07 1.36 2.66 1.97
Lipinski Yes; 0 violation Yes; 

0 violation
Yes; 0 violation Yes; 0 violation Yes; 

0 violation
Yes; 
0 violation

Yes; 0 violation Yes; 0 violation

Ghose Yes Yes Yes Yes Yes Yes Yes Yes
Veber Yes Yes Yes Yes Yes Yes Yes Yes
Egan Yes Yes No; 1 violation: 

TPSA>131.6
Yes Yes Yes Yes Yes

Muegge Yes Yes Yes Yes Yes Yes Yes Yes
Bioavailability score 0.55 0.55 0.56 0.55 0.55 0.55 0.56 0.55
Gastrointestinal (GI) 

absorption
High High High High High High High High

Blood brain barrier 
(BBB) permeability

No Yes No No Yes No No No

P-gp substrate No No No No Yes No No Yes
CYP1A2 inhibitor Yes Yes No No Yes Yes No No
CYP2C19 inhibitor No Yes No Yes Yes No No No
CYP2C9 inhibitor Yes Yes No Yes No No No No
CYP2D6 inhibitor Yes Yes No No No Yes No Yes
CYP3A4 inhibitor Yes Yes No Yes No Yes No No
Log Kp (skin 

permeation) cm/s
− 5.22 − 6.01 − 6.80 − 6.12 − 6.23 − 6.60 − 6.19 − 7.61

Pan assay 
interference 
compounds 
(PAINS)

0 alert 0 alert 1 alert: 
quinone_A

0 alert 0 alert 1 alert: 
catechol_A

0 alert 0 alert

Brenk 1 alert: 
isolated_alkene

0 alert 0 alert 2 alerts: cumarine, 
michael_acceptor_1

0 alert 1 alert: 
catechol

1 alert: 
sulfonic_acid_2

0 alert

Leadlikeness No; 1 violation: 
XLOGP3 > 3.5

Yes Yes Yes Yes Yes No; 1 violation: 
Rotors>7

No; 1 violation: 
MW > 350

Synthetic 
accessibility

3.67 3.46 2.66 4.09 2.95 3.12 2.79 4.87
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Fig. 4. Bioavailability Radar for the relevant metabolites and the reference drug, Empagliflozin.
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3.3. ADMET analysis

Table 3 shows ADMET results of the seven metabolites from the root 
of A. antunesiana and the reference drug; Empagliflozin, whereas Fig. 4
shows the Bioavailability Radar for the relevant metabolites and the 
reference drug. Fig. 4 particularly illustrates six key physicochemical 
parameters that are taken into account: saturation, flexibility, solubility, 
lipophilicity, polarity, and size. For a compound to be considered “drug- 
like,” it must fall within the pink region defined by the characteristics 
represented on each axis [8]. The ADMET properties for seven metab
olites (L1 to L7) of A. antunesiana and reference antidiabetic drug, 
Empagliflozin, were evaluated to understand their potential as thera
peutic agents. The ADMET results provide valuable insights into the 
drug-likeness and pharmacokinetic properties of the selected metabo
lites from A. antunesiana compared to Empagliflozin.

3.3.1. Lipophilicity and solubility
The lipophilicity profiles of the selected metabolites indicate mod

erate values overall, with L1 (3.29) and L7 (2.66) exhibiting the highest 
average scores, suggesting that these metabolites are more lipophilic 
than Empagliflozin (1.97). Metabolites with high lipophilicity may face 
challenges in absorption and distribution due to poor aqueous solubility 
[31,32]. Although all metabolites maintained acceptable solubility 
values, Empagliflozin's solubility score (Log S of − 3.80) suggests supe
rior aqueous solubility, potentially enhancing its bioavailability in 
physiological environments compared to the tested metabolites. 
Notably, L1 exhibited the lowest solubility (Log S of − 4.91), which could 
limit its therapeutic efficacy unless optimized.

3.3.2. Molecular size, flexibility, and membrane permeability
Molecular weight and flexibility are key indicators of molecular 

interaction and binding efficacy, with highly flexible compounds often 
demonstrating improved binding adaptability [33]. Empagliflozin has 
the highest molecular weight (450.91 g/mol), and is flexible (6 rotatable 
bonds), contributing to its pharmacokinetic stability. Among the me
tabolites, L7, with 8 rotatable bonds, shows the highest flexibility, which 
may provide advantageous conformational adaptability in diverse 
binding environments. Polar surface area (TPSA), which influences 
membrane permeability, is highest in L3 (132.13 Å2) and L6 (131.36 
Å2), potentially reducing their oral bioavailability [34]. In contrast, 
Empagliflozin's TPSA (108.61 Å2) falls within a favorable range, 

enhancing its ability to permeate cellular membranes effectively.

3.3.3. Drug-likeness and rule compliance
All metabolites, along with Empagliflozin, adhere to the Lipinski, 

Ghose, Veber, Egan, and Muegge rules, signifying strong drug-likeness 
potential [35,36]. However, L3 violates the Egan rule due to its higher 
TPSA, and L7 and Empagliflozin demonstrate lead-likeness violations 
based on the number of rotatable bonds and molecular weight, respec
tively. These findings indicate that most metabolites could achieve good 
drug-likeness but may require further optimization for better lead- 
likeness, particularly concerning molecular size and flexibility [28].

3.3.4. Gastrointestinal absorption and blood-brain barrier permeability
All selected metabolites show high gastrointestinal (GI) absorption, 

which is critical for oral bioavailability [37–39]. This characteristic is an 
advantage in potential therapeutic use as orally administered drugs. 
Among the selected metabolites, L2, and L5 are predicted to cross the 
blood-brain barrier (BBB), indicating possible central nervous system 
(CNS) effects [8,40]. This trait can be either a therapeutic advantage or a 
safety concern, depending on the intended application and the specific 
target organ. Further evaluation may be required to assess CNS 
involvement if these metabolites are considered for systemic therapies.

3.3.5. Metabolizing enzyme inhibition and drug-drug interaction potential
Metabolizing enzyme inhibition analysis shows that some metabo

lites have the potential to inhibit cytochrome P450 enzymes, especially 
L1 and L2, which inhibit multiple enzymes such as CYP1A2, CYP2C9, 
and CYP3A4. Inhibiting these enzymes could impact metabolic path
ways, creating a potential for drug-drug interactions [41,42]. Empagli
flozin, however, demonstrates selective inhibition of CYP2D6, which 
may limit such interactions. The selective enzyme inhibition observed 
with Empagliflozin is generally favorable, as it minimizes the risk of 
unintended metabolic interference.

3.3.6. Toxicity and synthetic accessibility
Regarding toxicity alerts, L3 and L6 present one PAINS alert each due 

to their quinone and catechol structures, respectively, which may pose a 
risk of non-specific binding or toxicity [43]. Empagliflozin shows no 
PAINS or Brenk alerts, highlighting its superior medicinal chemistry 
profile in terms of safety [44]. L7, with two Brenk alerts (including 
sulfonic acid), suggests some safety concerns. The synthetic accessibility 

Fig. 4. (continued).
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scores suggest that L3 is the easiest to synthesize (2.66), while Empa
gliflozin has a relatively high synthetic accessibility score (4.87), indi
cating its complex structure and potentially higher production costs 
[45,46].

The findings indicate that several metabolites exhibit promising 
ADMET profiles, with L7 emerging as a compound with high flexibility, 
oral absorption, and good pharmacokinetic attributes, though its reac
tivity may require further investigation. L1 and L4 also display favorable 
drug-likeness properties. Empagliflozin, serving as the reference, dem
onstrates an optimal balance of pharmacokinetic attributes, fewer drug- 
drug interaction risks, and a safer profile overall, though its complex 
synthesis could present a manufacturing challenge. Future optimization 
efforts for these metabolites, along with in vitro testing, are essential to 
address the identified risks and improve the therapeutic potential of 
A. antunesiana metabolites in antidiabetic applications.

4. Predicted toxicity

4.1. Toxicity predictions for antidiabetic drug candidates and reference 
drug

ProTox-II is an essential tool in the process of drug design and 
development because it can predict the toxicities of small metabolites. In 
the current study, many criteria, including LD50, predicted hepatotox
icity, neurotoxicity, nephrotoxicity, respiratory toxicity, cardiotoxicity, 
carcinogenicity, immunotoxicity, mutagenicity, cytotoxicity, clinical 
toxicity, and nutritional toxicity were taken into account for the toxicity 
analysis. Table 4 shows toxicity analysis of metabolites (L1 to L7) and 
the reference antidiabetic drug, Empagliflozin.

In a nutshell, L2, L3, and L6 appear to show lower overall toxicity 
risks compared to the others, but they still present some challenges, 
particularly regarding nephrotoxicity and respiratory toxicity. L4, 
although having the lowest LD50 (indicating higher toxicity), shows an 
inactive profile for key toxicities like nephrotoxicity and hepatotoxicity. 
Empagliflozin, despite showing risks for nephrotoxicity and cardiotox
icity, maintains a safer overall profile compared to some of the metab
olites, especially L1 and L7, which present higher toxicity risks in 
multiple areas. Further in vivo toxicity testing is necessary to validate 

these predictions before considering any of these metabolites for ther
apeutic use.

4.2. Toxicity profile and LD50 analysis

The predicted LD50 values suggest that most of the metabolites, 
particularly L2 (4000 mg/kg), L3 (5000 mg/kg), and L6 (4000 mg/kg), 
exhibit lower toxicity risks, falling into toxicity class 5. L1 (2000 mg/ 
kg), L4 (832 mg/kg), and L7 (1653 mg/kg) have relatively lower LD50 
values and are categorized in class 4, indicating higher toxicity levels 
[7,47,48]. Empagliflozin (3000 mg/kg), though in class 5, still presents 
a moderate toxicity profile, which is a benchmark for evaluating other 
candidates.

4.3. Organ toxicity

It is vital to ascertain the safety of a drug candidate to avoid organ 
toxicity [49–51] [29–31]. Both the docking and ADME results highlight 
that L1 and L4 had strong binding interactions and relatively high lip
ophilicity. However, they also demonstrated potential nephrotoxicity 
and moderate hepatotoxicity risks, which could limit their therapeutic 
potential. Although Empagliflozin showed higher nephrotoxicity (0.93 
probability), its inactive hepatotoxicity profile makes it somewhat safer 
in this regard. In contrast, L2 and L3, which had favorable docking 
scores and ADME properties, showed lower nephrotoxicity predictions 
(0.51 and 0.69) and were also inactive for hepatotoxicity, making them 
better candidates from a toxicity standpoint. The neurotoxicity pre
dictions show that all tested metabolites, including Empagliflozin, are 
likely to be inactive in this regard, which is a positive outcome for CNS 
safety. However, respiratory toxicity predictions reveal active risks 
across all candidates (L1–L7), similar to Empagliflozin. This aspect re
quires careful consideration, particularly since respiratory issues could 
complicate diabetes management in vulnerable populations.

4.4. Toxicity end points

Toxicity endpoints are specific biological effects or outcomes used to 
assess the harmful effects of a substance on an organism or a system 

Table 4 
Toxicity analysis of metabolites (L1 to L7) from A. antunesiana and the reference drug, Empagliflozin.

Tested toxicities
Antidiabetic drug candidates

Empagliflozin (Reference 
antidiabetic drug)

L1 L2 L3 L4 L5 L6 L7 L8

Predicted LD50 (mg/kg) 2000 4000 5000 832 2000 4000 1653 3000
Predicted toxicity class 4 5 5 4 4 5 4 5
Hepatotoxicity (prediction/ 

probability)
Inactive/ 
0.69

Inactive/ 
0.69

Inactive/ 
0.66

Inactive/ 
0.63

Inactive/ 
0.64

Inactive/ 
0.69

Inactive/ 
0.66

Inactive/0.75

Neurotoxicity 
(prediction/ probability)

Inactive/ 
0.79

Inactive/ 
0.74

Inactive/ 
0.87

Inactive/ 
0.77

Inactive/ 
0.85

Inactive/ 
0.89

Inactive/ 
0.94

Inactive/0.89

Nephrotoxicity 
(prediction/ probability)

Active/ 
0.58

Active/ 
0.51

Active/ 
0.69

Inactive/ 
0.58

Active/ 
0.55

Active/ 
0.62

Active/ 
0.55

Active/0.89

Respiratory toxicity 
(prediction/ probability)

Active/ 
0.79

Active/ 
0.57

Active/ 
0.75

Active/ 
0.55

Active/ 
0.77

Active/ 
0.83

Active/ 
0.55

Active/0.84

Cardiotoxicity 
(prediction/probability)

Inactive/ 
0.98

Inactive/ 
0.71

Inactive/ 
0.69

Inactive/ 
0.66

Inactive/ 
0.77

Inactive/ 
0.99

Inactive/ 
0.63

Active/0.66

Carcinogenicity (prediction/ 
probability)

Inactive/ 
0.69

Inactive/ 
0.53

Inactive/ 
0.64

Inactive/ 
0.54

Active/ 
0.50

Active/ 
0.68

Inactive/ 
0.78

Inactive/0.68

Immunotoxicity (prediction/ 
probability)

Inactive/ 
0.66

Active/ 
0.81

Inactive/ 
0.96

Active/ 
0.90

Inactive/ 
0.94

Inactive/ 
0.86

Inactive/ 
0.99

Inactive/0.58

Mutagenicity (prediction/ 
probability)

Inactive/ 
0.64

Inactive/ 
0.69

Inactive/ 
0.78

Inactive/ 
0.54

Inactive/ 
0.74

Active/ 
0.51

Inactive/ 
0.72

Inactive/0.73

Cytotoxicity (prediction/ 
probability)

Inactive/ 
0.79

Inactive/ 
0.82

Inactive/ 
0.96

Inactive/ 
0.67

Inactive/ 
0.61

Inactive/ 
0.99

Inactive/ 
0.71

Inactive/0.69

Clinical toxicity 
(prediction/ probability)

Inactive/ 
0.59

Inactive/ 
0.60

Active/ 
0.56

Inactive/ 
0.56

Inactive/ 
0.52

Inactive/ 
0.53

Inactive/ 
0.53

Active/0.52

Nutritional toxicity 
(prediction/ probability)

Active/ 
0.62

Active/ 
0.59

Inactive/ 
0.66

Active/ 
0.69

Active/ 
0.56

Active/ 
0.63

Inactive/ 
0.81

Inactive/0.51
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[52–54]. These endpoints are critical in toxicological studies to deter
mine the safety profile of chemical compounds, pharmaceuticals, or 
environmental substances. Toxicity endpoints help identify the type, 
severity, and probability of adverse effects that may arise from exposure 
to a substance. For carcinogenicity, most metabolites, especially L2 and 
L3, showed favorable predictions of inactivity, aligning with profile of 
Empagliflozin. However, L5 and L6 raised concerns for active carcino
genic potential, which may compromise their safety profile despite 
favorable docking interactions. Mutagenicity results were similarly 
favorable, with L6 being the only metabolite showing an active profile, 
indicating possible genotoxicity risks. The cytotoxicity analysis shows 
that none of the metabolites, including Empagliflozin, are predicted to 
cause cellular damage, further supporting their safety for therapeutic 
use. Clinical toxicity, however, highlights active predictions for L3 and 
Empagliflozin. Given that L3 also had favorable docking and ADME 
results, further in vivo toxicity testing is required to fully understand its 
clinical impact.

4.5. Best drug candidates

Based on the comprehensive analysis, L2 and L3 emerge as the most 
promising candidates. They demonstrate: 

1. Favorable docking results: Moderate binding energies and inhibition 
constants.

2. Favorable ADME properties: Both show high GI absorption and 
acceptable drug-likeness criteria.

3. Low toxicity profiles: Particularly, low risks for nephrotoxicity, 
hepatotoxicity, and carcinogenicity, along with favorable LD50 
values.

While metabolites such as L1 and L4 had stronger docking in
teractions, their higher toxicity risks, especially in nephrotoxicity and 
respiratory toxicity, reduce their potential for further development.

It may suffice to emphasize that L2 and L3 are the most viable 
antidiabetic drug candidates when compared to Empagliflozin, war
ranting further investigation for their clinical use. However, given 
Empagliflozin's extensive clinical validation and moderate toxicity 
profile, these metabolites would still require in-depth pharmacological 
and in vivo safety studies before they could be considered for thera
peutic application.

5. Conclusions

This study provides a comprehensive evaluation of seven metabolites 
from Albizia antunesiana as potential antidiabetic agents, comparing 
them to Empagliflozin through molecular docking, ADME, and toxicity 
analyses. Docking results identified L1, L4, and L7 as having strong 
binding affinities, while ADME results showed favorable drug-likeness 
and high gastrointestinal absorption for most metabolites. Toxicity 
analysis highlighted L2 and L3 as the safest candidates, with low toxicity 
risks. Overall, L2 and L3 stand out as promising antidiabetic drug can
didates, with further investigation warranted for their development. 
Future research should prioritize in vivo studies to validate the efficacy 
and safety of L2 and L3 in diabetic models. Additionally, conducting 
molecular dynamics simulations and free energy calculations showed 
good dynamic behavior of the reference drug and L3. Exploring the 
mechanisms of action of these metabolites in future studies will further 
elucidate their therapeutic potential. Finally, investigating the phar
macokinetics of L2 and L3 in clinical settings could yield valuable in
sights into their effectiveness and application.
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