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1. Introduction

Cancer continues to pose a significant global 
public health challenge, with persistently high 
prevalence and mortality rates. At present, the 
second leading cause of death worldwide, cancer, 
is associated with increasing numbers of new 
cases and fatalities. By 2040, annual cancer cases 
are estimated to rise to 29.5 million, accompanied 

by 16.4 million deaths.1-4 Despite advances in 
diagnostic and therapeutic methods, the side 
effects of present treatments and the complex, 
heterogeneous nature of cancer subtypes 
perpetuate disparities in outcomes.5,6 Significant 
progress in understanding the molecular basis of 
cancer has enabled the identification of critical 
targets involved in tumor growth, survival, 
and metastasis.6-8 This knowledge has fueled 
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the development of targeted anti-cancer agents designed 
to improve efficacy while minimizing toxicity. Although 
these approaches offer advantages, challenges, such as drug 
resistance, tumor heterogeneity, and the limited reliability of 
pre-clinical models remain. These challenges underscore the 
urgent need for more reliable and physiologically relevant drug 
screening platforms to accelerate the development of safer and 
more effective anti-cancer therapies.

There has been growing interest in plant-derived secondary 
metabolites, also known as phytochemicals, in the search for 
low-toxicity, cost-effective potential anti-cancer regimens.9-11 
Phytochemicals comprise a broad and diverse group of 
bioactive compounds that can influence various cellular 
processes involved in cancer initiation and progression.10,11 
Their structural diversity includes classes, such as alkaloids, 
flavonoids, and terpenoids, as well as unique molecular 
frameworks, such as indole, imidazole, benzofuran, and 
naphthoquinones.12-14 Importantly, these compounds generally 
exhibit low toxicity toward normal cells. Phenolic acids, 
encompassing benzoic and cinnamic acid derivatives, are 
a notable subset of phytochemicals found in many plant-
based foods and beverages, known for their wide-ranging 
biological activities and potential roles in cancer prevention 
and treatment. Numerous studies highlight their capacity to 
interfere with cancer cell functions by disrupting microtubule 
dynamics and triggering apoptosis. Nevertheless, challenges 
related to their bioavailability, optimal dosing, target 
specificity, and successful clinical translation must be addressed 
to fully realize their therapeutic potential.15 Consequently, 
innovative and scientifically rigorous drug screening strategies 
capable of accurately evaluating the therapeutic potential of 
phytochemicals are essential for advancing next-generation 
anti-cancer therapies.

Researchers are increasingly combining active phytochemicals 
with existing drugs to create hybrid formulations, presenting 
a promising approach to drug discovery and addressing 
limited treatment options.16-19 The literature reveals the 
potential to repurpose established drugs to treat multiple 
diseases by targeting a single enzyme. Metformin (MET), a 
commonly prescribed anti-diabetic medication, has garnered 
attention due to its potential anti-cancer properties, which 
have been explored through structural optimization, chemical 
modification, hybridization, and synergistic formulation.20-22 
MET is highly water-soluble and lowers glucose levels by 
modulating cellular energy metabolism rather than acting as 
a target-specific inhibitor. Its anti-cancer effects are mediated 
by multiple mechanisms, including the activation of AMP-
activated protein kinase and the regulation of insulin signaling 
pathways.21,23-25 Structural alterations and the combination of 
MET with other pharmacophores can potentially enhance 
its efficacy against cancer while overcoming challenges, such 
as low bioavailability and side effects. Advances in medicinal 

chemistry have led to the development of various MET 
derivatives and hybrids with enhanced pharmacokinetic and 
pharmacodynamic profiles, exhibiting promising anti-cancer 
activity through diverse mechanisms.26,27

Our previous paper reported the synthesis and characterization 
of 10 hybrid candidates (M1–M10) that combine MET with 
different phenolic acids.28 These compounds demonstrated 
promising therapeutic potential for cancer treatment. In 
this study, we employed a computer-aided drug design 
platform to evaluate the anti-cancer efficacy, toxicity profiles, 
structural characteristics, and drug-likeness properties of these 
compounds. This comprehensive computational approach 
aims to identify the most promising hybrid candidate for 
subsequent experimental validation, thereby enhancing the 
likelihood of success in clinical trials.

A systematic literature search was conducted across PubMed, 
Scopus, Web of Science, and Google Scholar through June 
2025 to identify studies on MET–phenolic acid hybrids and 
their anti-cancer potential. The search used combinations 
of keywords, such as “metformin–phenolic acid hybrids,” 
“ALOX5 inhibition,” “MMP-9 inhibition,” “molecular 
docking,” and “molecular dynamics simulation.” Relevant 
peer-reviewed articles and computational studies were 
included, while non-English publications, incomplete reports, 
and unrelated studies were excluded. The selected references 
provided a comprehensive foundation for the design, docking, 
and molecular dynamics analyses conducted in this study.

2. Materials and methods

The in silico study was performed on the Linux-Ubuntu 
20.04 (Canonical Ltd, England) operating system, utilizing a 
range of bioinformatics and cheminformatics software tools 
to systematically conduct the computational analyses.29,30 All 
chemical structures and schematic illustrations were created 
using ChemDraw Professional (v20.0; PerkinElmer, United 
States of America [USA]) and BioRender (BioRender.com, 
Canada), respectively. These software tools were employed to 
ensure high-quality, original images suitable for publication. 
No copyrighted or previously published material from third 
parties was used in preparing the figures for this study.

2.1. Computational protocols for ligand setup and target 

selection in molecular docking

We selected 10 phenolic acids—benzoic acid (A1), cinnamic 
acid (A2), caffeic acid (A3), ferulic acid (A4), gallic acid (A5), 
para-hydroxybenzoic acid (A6), para-coumaric acid (A7), 
protocatechuic acid (A8), salicylic acid (A9), and vanillic acid 
(A10)—from the literature to synthesize 10 MET–phenolic acid 
derivatives: MET–benzoic acid conjugate C11H15N5O (M1), 
MET–cinnamic acid conjugate C13H17N5O (M2), MET–caffeic 
acid conjugate C13H17N5O3 (M3), MET–ferulic acid conjugate 
C14H19N5O3 (M4), MET–gallic acid conjugate C11H15N5O4 
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(M5), MET–para-hydroxybenzoic acid conjugate C11H15N5O2 
(M6), and MET–coumaric acid conjugate C13H17N5O2 (M7), 
MET–protocatechuic acid conjugate C11H15N5O3 (M8), MET–
salicylic acid conjugate C11H15N5O2 (M9), and MET–vanillic 
acid conjugate C12H17N5O3 (M10).28 Figure  1 illustrates the 
synthetic pathway and chemical structures of the synthesized 
hybrids. The hybrid compounds were drawn using ChemDraw 
20.0 (PerkinElmer, USA) and saved as individual.mol files.31,32 
The native phytochemical MET and two standard anti-
cancer drugs were retrieved from the PubChem data archive 
in a structure data file (.sdf) format. Native, hybrid, and 
standard drug structures were then optimized in Avogadro 

(an open-source molecular builder and visualization tool; 
http://avogadro.cc/) and subsequently used as ligands in 
virtual screening and molecular docking studies. The Swiss 
Target Prediction tool (https://www.swisstargetprediction.ch) 
and a literature review were employed to identify two cancer-
associated enzymes, arachidonate 5-lipoxygenase (ALOX5) 
and matrix metalloproteinase 9 (MMP-9), as potential targets. 
Their crystallographic structures were retrieved from the 
Protein Data Bank (PDB IDs: 7TTL for ALOX5 and 1GKC 
for MMP9), and molecular docking studies were performed. 
Doxorubicin (DOX) and marimastat (MT or BB-2516) were 
used as standard drugs for comparison.32 Virtual screening and 

Figure 1. Synthetic pathway and chemical structures of the synthesized hybrids
Abbreviations: DCC: Dicyclohexylcarbodiimide; DMAP: 4-dimethylaminopyridine; DMF: Dimethylformamide; M1: Metformin (MET)–benzoic 
acid conjugate; M2: MET–cinnamic acid conjugate; M3: MET–caffeic acid conjugate; M4: MET–ferulic acid conjugate; M5: MET–gallic acid 
conjugate; M6: MET–para-hydroxybenzoic acid conjugate; M7: MET–coumaric acid conjugate; M8: MET–protocatechuic acid conjugate; 
M9: MET–salicylic acid conjugate; M10: MET–vanillic acid conjugate; temp.: Temperature.

http://avogadro.cc/
https://www.swisstargetprediction.ch
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molecular docking were performed using PyRx-AutoDock 
software (PyRx is open-source, user-friendly virtual screening 
software for computational drug discovery; https://pyrx.
sourceforge.io/), and interactions within the docking 
complexes were analyzed using Discovery Studio Visualizer 
(Dassault Systèmes BIOVIA, France). Docking scores were 
interpreted such that more negative values indicated stronger 
binding affinities, as predicted by AutoDock (Scripps Research 
Institute, USA).32

2.2. Prediction of physicochemical properties and 

toxicity

Physicochemical criteria, known as Lipinski’s Rule of Five 
(RO5), were applied to identify ideal oral drug candidates. 
RO5 defines standardized parameters based on chemical 
structure that predict oral bioavailability, facilitating the 
selection of optimal drug compounds.30,33,34 The SwissADME 
tool was used to record the physicochemical profiles, 
including molecular weight (MW), the number of hydrogen 
bond acceptors and hydrogen bond donors, the partition 
coefficient between n-octanol and water (logP), and the 

topological surface area (http://www.swissadme.ch/). 
The ProTox tool (http://tox.charite.de/protoxII/) was 
used to predict toxicity profiles, including hepatotoxicity, 
carcinogenicity, immunotoxicity, mutagenicity, cytotoxicity, 
toxicity class, and the median lethal dose (LD50 in mg/kg), 
based on the chemical structures of individual native, hybrid, 
and standard drugs.33

2.3. Prediction of the absorption, distribution, 

metabolism, excretion, and toxicity properties and 

drug-likeness profiles

We assessed the absorption, distribution, metabolism, excretion, 
and toxicity profiles of the proposed hybrids and standard anti-
cancer drugs using the SwissADME tool (SIB Swiss Institute 
of Bioinformatics, Switzerland). The tool predicted blood–
brain barrier (BBB) penetration, gastrointestinal absorption, 
P-glycoprotein (P-gp) substrate status, interactions with 
cytochrome P450 enzymes, bioavailability scores, and skin 
permeability coefficients. In addition, the MolSoft tool 
(ICM-Pro, MolSoft LLC, USA) was used to predict drug-
likeness scores and select lead candidates.32,33

Table 1. Anti‑cancer potency, measured as molecular docking scores (kcal/mol), for selected phenolic acids (A1−A10) and their hybrid forms 
with MET (M1−M10) against two target enzymes, including their druggability profiles

S. No. Molecular docking scores Predicted druggability profiles

ALOX5 (PDB ID: 7TTL) MMP9 (PDB ID: 1GKC) RO5 (Y/N) DLS LLS BA LD
50

 (mg/kg) TC

A1 −5.9 −6.3 Y −1.00 No 0.85 290 III

A2 −6.5 −7.0 Y −1.17 No 0.85 2,500 V

A3 −7.3 −7.7 Y −0.35 No 0.56 2,980 V

A4 −7.0 −7.3 Y −0.61 No 0.85 1,772 IV

A5 −6.6 −6.5 Y −0.22 No 0.56 2,000 IV

A6 −6.2 −6.4 Y −0.37 No 0.85 2,200 V

A7 −6.8 −7.2 Y −0.81 No 0.85 2,850 V

A8 −6.5 −6.7 Y 0.23 No 0.56 2,000 IV

A9 −6.1 −7.1 Y 0.02 No 0.85 1,034 IV

A10 −6.6 −6.6 Y −0.18 No 0.85 2,000 IV

M1 −8.3 −9.0 Y −0.38 No 0.55 520 IV

M2 −8.2 −9.3 Y 0.06 Yes 0.55 600 IV

M3 −8.8 −9.6 Y 0.65 Yes 0.55 456 IV

M4 −7.7 −9.0 Y 0.16 No 0.55 640 IV

M5 −8.6 −9.4 Y 0.95 Yes 0.55 2,750 IV

M6 −8.5 −9.1 Y 0.70 No 0.55 2,000 IV

M7 −8.2 −9.1 Y 0.57 Yes 0.55 500 IV

M8 −8.4 −9.3 Y 0.96 Yes 0.55 2,750 IV

M9 −8.3 −9.2 Y 0.77 No 0.55 2,300 IV

M10 −7.6 −9.1 Y 0.44 Yes 0.55 1,950 IV

MET* −5.5 −5.1 Y −0.82 No 0.55 680 IV

DOX* −9.1 −8.3 N 0.97 No 0.17 205 III

MT* −6.3 −7.3 Y −0.93 No 0.55 2,000 IV

Notes: *DOX and MT served as standard reference drugs for comparison with MET.
Abbreviations: ALOX5: Arachidonate 5‑lipoxygenase; A1: Benzoic acid; A2: Cinnamic acid ; A3: Caffeic acid; A4: Ferulic acid; A5: Gallic acid; A6: para‑hydroxybenzoic acid; 
A7: para‑coumaric acid; A8: Protocatechuic acid; A9: Salicylic acid; A10: Vanillic acid; BA: Bioavailability; DLS: Drug‑likeness score; DOX: Doxorubicin; LD50: Median lethal 
dose; LLS: Lead‑likeness score; MET: Metformin; MMP9: Matrix metalloproteinase 9; MT: Marimastat; M1: MET–benzoic acid conjugate; M2: MET–cinnamic acid conjugate; 
M3: MET–caffeic acid conjugate; M4: MET–ferulic acid conjugate; M5: MET–gallic acid conjugate; M6: MET–para‑hydroxybenzoic acid conjugate; M7: MET–coumaric acid 
conjugate; M8: MET–protocatechuic acid conjugate; M9: MET–salicylic acid conjugate; M10: MET–vanillic acid conjugate; N: No; PDB: Protein Data bank; RO5: Lipinski Rule of 
Five; TC: Toxic class; Y: Yes.

https://pyrx.sourceforge.io/
https://pyrx.sourceforge.io/
http://www.swissadme.ch/
http://tox.charite.de/protoxII/
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2.4. Molecular dynamics simulation

For 100-nanosecond molecular dynamics simulations, we 
chose four complexes—MMP9-A3, MMP9-M3, MMP9-MET, 
and MMP9-MT—based on docking scores and drug-likeness 
profiles. Protein-ligand interactions were simulated using 
the GROMACS 2022 program (https://www.gromacs.org/) 
and the AMBER99SB-ILDN force field to assess complex 
stability.34,35 Following established procedures, the ACPYPE 
server was used to compute the ligand parameters and 
prepare the systems for molecular dynamics simulation.32,35 
Root-mean-square deviation (RMSD) and root-mean-square 
fluctuation (RMSF) plots were computed from the molecular 
dynamics trajectories using the “gmx rms” and “gmx rmsf” 
commands, respectively. In addition, the radius of gyration 
for each MMP9 system over the 100-nanosecond simulation 
period was analyzed using the “gmx gyrate” command.32,35

3. Results

3.1. Ligand readiness and receptor site choice for 

docking studies

We recorded the molecular docking scores of phenolic acids 
(A3–A10) and MET–phenolic acid conjugates (M1–M10), as 
well as MET and two standard drugs, DOX and MT, along 

with their binding affinity against the two target enzymes 
(ALOX5 and MMP9) (Table 1). Phenolic acids showed a range 
of docking scores against ALOX5 from −6 to −7 kcal/mol, 
but much greater binding affinity against MMP9, with scores 
ranging from −6 to −8 kcal/mol. A3 (caffeic acid) was the most 
active phenolic acid among the 10, exhibiting docking scores of 
−7.3 and −7.7 kcal/mol for the two target enzymes, respectively, 
whereas MET exhibited scores of −5.5 and −5.1 kcal/mol 
(Table 1). In addition, MET exhibited highly effective binding 
to both target enzymes when chemically hybridized with 
10 distinct phenolic acids (M1–M10). The hybrid candidates 
demonstrated binding affinity against ALOX5, with docking 
scores ranging from −7 to −9 kcal/mol, while the scores 
against MMP9 were relatively higher, reaching up to 
−10  kcal/mol (Table  1). M3 (MET−A3) followed the same 
pattern as the individual phytochemicals, exhibiting relatively 
high binding affinities of −8.8 and −9.6 kcal/mol for the two 
target enzymes. When compared with the two United States 
Food and Drug Administration-approved anti-cancer drugs, 
DOX and MT, M3 exhibited a binding affinity equivalent to 
that of DOX (−9.1  and −8.3 kcal/mol). Nevertheless, MT, 
an MMP-9  inhibitor, exhibited weaker binding interactions 
(−6.3 and −7.3 kcal/mol) than the conjugated hybrids. From 
the perspective of protein−ligand interactions, M3 formed 

Figure 2. Protein–ligand interactions of the most promising hybrid candidate (M3: metformin–caffeic acid) against two putative target enzymes, 
visualized in 3D and 2D using Discovery Studio Visualizer (Dassault Systèmes BIOVIA, France)
Abbreviations: ALA: Alanine; ARG: Arginine; GLU: Glutamine; HIS: Histidine; LEU: Leucine; MET: Methionine; PRO: Proline; 
THR: Threonine: TYR: Tyrosine; VAL: Valine.

B
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a greater number of noncovalent connections with MMP9 
compared to ALOX5, suggesting that M3 exhibited superior 
binding affinity (Figure 2). Overall, docking scores indicated 
that the hybrid candidates were more effective than the 
individual compounds, suggesting that this strategy may be 
suitable for developing future anti-cancer drugs.

3.2. Assessment of physicochemical properties and 

potential toxicity

We analyzed the RO5 profiles for phenolic acids, conjugated 
hybrids, MET, MT, and DOX (Table 2). The recorded profiles 
indicated that all candidates, except DOX, met the ideal 
parameters of RO5, primarily because of their elevated MWs. 
This observation was consistent for the proposed hybrid 
candidates, which have the potential to serve as active oral 
drug candidates (Tables 1 and 2). Typically, a high XlogP score 
for a hybrid candidate suggests the potential to advance a lead 
compound into mainstream medicine. The RO5 information 
helped us identify the optimum oral candidates.

Tables  1 and 2 also present the LD50 and toxicity profiles. 
The predicted toxicity profiles show that phenolic acids are 

generally safer than the conjugated hybrids. dindicated that 
A4 had an elevated immunogenicity risk, whereas A3 and A8 
exhibited a substantial carcinogenicity risk (Table 2). A5 and 
A7 had low carcinogenicity profiles, indicated byc, whereas A1, 
A2, and A9 showed a moderate possibility of hepatotoxicity. 
M3, M4, M10, and DOX exhibited significant immunotoxicity 
risks, whereas the other profiles were classified asb anda, 
indicating moderate and high safety, respectively. In terms of 
toxicity, phenolic acids and conjugated hybrids were classified 
in classes IV and V, respectively, suggesting that they may be 
toxic at higher doses (2,000−5,000 mg/kg). On the other hand, 
A3 and DOX were placed in lower categories, indicating that 
they may be toxic at lower concentrations (50−200  mg/kg) 
(Table 1). Overall, the toxicity profiles indicate that the hybrid 
candidates are safer than DOX.

3.3. Absorption, distribution, metabolism, excretion, 

and toxicity and drug-likeness profile prediction

Table  3 displays the pharmacokinetic characteristics of the 
phenolic acids, conjugated hybrids, and standard drugs. All 
potential candidates, except M5 and DOX, showed high 

Table 2. Physicochemical profiles based on the Lipinski Rule of Five, along with predicted toxicity profiles of phenolic acids (A1−A10) and 
their hybrid forms with MET (M1−M10)

S. 

No.

Lipinski rule of five Toxicity profiles

MW XlogP HBD HBA tPSA HP CG IT MG CT

A1 122.12 1.87 1 2 37.30 A(0.54)c IA(0.74)a IA(0.99)a IA(0.99)a IA(0.86)a

A2 148.16 2.13 1 2 37.30 A(0.54)c IA(0.82)a IA(0.95)a IA(0.96)a IA(0.83)a

A3 180.16 1.15 3 4 77.76 IA(0.57)b A(0.78)d IA(0.50)b IA(0.98)a IA(0.86)a

A4 194.18 1.51 2 4 66.76 IA(0.51)b IA(0.61)b A(0.91)d IA(0.96)a IA(0.88)a

A5 170.12 0.70 4 5 97.99 IA(0.61)b A(0.56)c IA(0.99)a IA(0.94)a IA(0.91)a

A6 138.12 1.58 2 3 57.53 IA(0.52)b IA(0.51)b IA(0.99)a IA(0.99)a IA(0.86)a

A7 164.16 1.46 2 3 57.53 IA(0.51)b A(0.50)c IA(0.91)a IA(0.93)a IA(0.81)a

A8 154.12 1.15 3 4 77.76 IA(0.59)b A(0.72)d IA(0.99)a IA(0.97)a IA(0.90)a

A9 138.12 2.26 2 3 57.53 A(0.51)c IA(0.67)b IA(0.99)a IA(0.98)a IA(0.86)a

A10 168.15 1.43 2 4 66.76 IA(0.55)b IA(0.64)b IA(0.97)a IA(0.96)a IA(0.93)a

M1 233.27 1.33 4 3 92.07 IA(0.62)b IA(0.67)b IA(0.98)a IA(0.70)a IA(0.68)b

M2 259.31 1.76 4 3 92.07 IA(0.60)b IA(0.64)b IA(0.81)a IA(0.70)a IA(0.67)b

M3 291.31 1.03 6 5 132.53 IA(0.59)b IA(0.57)b A(0.86)d IA(0.65)b IA(0.60)b

M4 305.33 1.39 5 5 121.53 IA(0.58)b IA(0.59)b A(0.98)d IA(0.64)b IA(0.69)b

M5 281.27 0.82 7 6 152.76 IA(0.62)b IA(0.56)b IA(0.75)a IA(0.66)b IA(0.69)b

M6 249.27 0.98 5 4 112.30 IA(0.61)b IA(0.59)b IA(0.95)a IA(0.69)b IA(0.70)a

M7 275.31 1.40 5 4 112.30 IA(0.59)b IA(0.58)b IA(0.62)b IA(0.69)b IA(0.70)a

M8 265.27 1.03 6 5 132.53 IA(0.62)b IA(0.57)b IA(0.77)a IA(0.66)b IA(0.67)b

M9 249.27 0.07 5 4 112.30 IA(0.62)b IA(0.59)b IA(0.76)a IA(0.65)b IA(0.70)a

M10 279.30 1.31 5 5 121.53 IA(0.60)b IA(0.59)b A(0.79)d IA(0.65)b IA(0.69)b

MET 129.16 −1.3 3 1 91.5 IA(0.74)a IA(0.68)b IA(0.99)a IA(0.59)b IA(0.69)b

DOX 543.5 1.3 6 12 206 IA(0.86)a IA(0.90)a A(0.99)d A(0.98)d A(0.94)d

MT 331.41 0.5 5 5 128 IA(0.56)b IA(0.54)b IA(0.97)a IA(0.54)b IA(0.59)b

Note: The letters “A” and “IA” denote active and inactive profiles, respectively, with aindicating safe, bmoderately safe, cmoderate risk, and dhigh risk.
Abbreviations: A1: Benzoic acid; A2: Cinnamic acid; A3: Caffeic acid; A4: Ferulic acid; A5: Gallic acid; A6: para‑hydroxybenzoic acid; A7: para‑coumaric acid; A8: Protocatechuic acid; 
A9: Salicylic acid; A10: Vanillic acid; CG: Carcinogenicity; CT: Cytotoxicity; DOX: Doxorubicin; HBA: Hydrogen bond acceptor; HBD: Hydrogen bond donor; HP: Hepatotoxicity; 
IT: Immunotoxicity; MET: Metformin; MG: Mutagenicity; MT: Marimastat; MW: Molecular weight; M1: MET–benzoic acid conjugate; M2: MET–cinnamic acid conjugate; 
M3: MET–caffeic acid conjugate; M4: MET–ferulic acid conjugate; M5: MET–gallic acid conjugate; M6: MET–para‑hydroxybenzoic acid conjugate; M7: MET–coumaric acid 
conjugate; M8: MET–protocatechuic acid conjugate; M9: MET–salicylic acid conjugate; M10: MET–vanillic acid conjugate; tPSA: Topological polar surface area; XlogP: Partition 
coefficient between n‑octanol and water.
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gastrointestinal absorption according to the data. However, 
A1, A2, A4, A6, A7, and A9 demonstrated the ability to cross 
the BBB. Another desirable pharmacokinetic property of the 
conjugated hybrids is that they do not cross the BBB, in contrast 
to some hybrid candidates that show a tendency similar to the 
standard drugs. In addition, P-gp transporter interactions, as 
well as the skin permeability coefficient profiles, indicated that 
when phenolic acids are chemically combined with MET, they 
exhibit improved pharmacokinetic profiles compared to pure 
phenolic acids (Table 3). Drug-likeness scores were favorable 
for the conjugated hybrid candidates but unfavorable for the 
individual phenolic acids. While most hybrids exhibited a lead-
likeness score and a higher probability of clinical success, the 
phenolic acids did not possess lead-likeness scores. However, 
MET and MT demonstrated negative drug-likeness scores. In 
Figure 3, we present a comparative analysis of phenolic acid 
A3, the conjugated hybrid M3, conventional MET, and MT 
profiles. Chemical conjugation with MET appeared to be a 
promising strategy for developing new anti-cancer drugs by 
leveraging the most effective phenolic acids and enhancing 
drug-likeness profiles for practical applications.

3.4. Molecular dynamics simulation

We analyzed the stability and dynamics of the 
MMP9−A3, MMP9−MET, MMP9−M3, and MMP9−MT 

docking complexes over a 100-nanosecond time frame. 
Figure 4 presents the molecular docking parameters.

Root-mean-square deviation analysis revealed that all complexes 
underwent an initial equilibration phase with deviations during 
the first 1−25 nanoseconds, followed by a stable phase between 26 
and 60 nanoseconds, and moderate fluctuations toward the end 
of the trajectory (Figure 4A). Among them, MMP9–M3 showed 
the lowest overall deviation (0.2–0.3  nm), indicating higher 
structural stability, whereas MMP9–MET and MMP9−MT 
exhibited larger fluctuations (0.1–0.4 nm). Ligand RMSD profiles 
further confirmed that while all ligands deviated during the 
first 25 nanoseconds, M3 and A3 subsequently attained highly 
stable conformations. In contrast, MT remained comparatively 
unstable until the end of the simulation (Figure 4B).

Root-mean-square fluctuation plots demonstrated residue-
level flexibility, with all complexes showing pronounced 
fluctuations within the 170–200 residue region. Notably, 
MMP9–M3 exhibited an additional deviation around residue 
410 extending to the C-terminal region, possibly reflecting 
adaptive binding dynamics (Figure 4C).

Radius of gyration analysis revealed the compactness of protein 
structures across all complexes, with similar fluctuations 
observed up to 20 nanoseconds. MMP9–M3 maintained a 
more consistent radius of gyration profile beyond this period 

Table 3. Predicted pharmacokinetic profiles of phenolic acids (A1 to A10) and their hybrid forms with MET (M1−M10)

S. No. GI
abs

BBB P‑gp CYP1A2 CYP2C19 CYP2C9 CYP2D6 CYP3A4 Log Kp

A1 High Yes No No No No No No −5.72

A2 High Yes No No No No No No −5.69

A3 High No No No No No No No −6.58

A4 High Yes No No No No No No −6.41

A5 High No No No No No No Yes −6.84

A6 High Yes No No No No No No −6.02

A7 High Yes No No No No No No −6.26

A8 High No No No No No No Yes −6.42

A9 High Yes No No No No No No −5.54

A10 High No No No No No No No −6.31

M1 High No No No No No No No −6.78

M2 High No No No No No No No −6.63

M3 High No No No No No No No −7.35

M4 High No No No No No No No −7.18

M5 Low No No No No No No No −7.43

M6 High No No No No No No No −7.12

M7 High No No No No No No No −6.99

M8 High No No No No No No No −7.19

M9 High No No No No No No No −7.77

M10 High No No No No No No No −7.07

MET High No No No No No No No −7.99

DOX Low No Yes No No No No No −8.71

MT High No No No No No No No −7.96

Abbreviations: A1:. Benzoic acid; A2: Cinnamic acid ; A3: Caffeic acid; A4: Ferulic acid; A5: Gallic acid; A6: para‑hydroxybenzoic acid; A7: para‑coumaric acid; A8: Protocatechuic 
acid; A9: Salicylic acid; A10: Vanillic acid; BBB: Blood−brain barrier; DOX: Doxorubicin; GIabs: Gastrointestinal absorption; Log Kp: Skin permeability coefficients; MET: Metformin; 
MT: Marimastat; M1: MET–benzoic acid conjugate; M2: MET–cinnamic acid conjugate; M3: MET–caffeic acid conjugate; M4: MET–ferulic acid conjugate; M5: MET–gallic 
acid conjugate; M6: MET–para‑hydroxybenzoic acid conjugate; M7: MET–coumaric acid conjugate; M8: MET–protocatechuic acid conjugate; M9: MET–salicylic acid conjugate; 
M10: MET–vanillic acid conjugate; P‑gp: p‑glycoprotein. 
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Figure  3. Graphical illustration of chemical structures with respect to predicted physicochemical profiles (Lipinski RO5), toxicity profiles, 
and overall drug-likeness scores of metformin, caffeic acid, and their proposed hybrid form (M3), along with an MMP9 inhibitor standard 
anti-cancer drug in a comparative analysis platform
Abbreviations: Flex: Flexibility; Insatu: Unsaturation; Insolu: Insolubility; LD50: Median lethal dose; Lipo: Lipophilicity; MMP9: Matrix 
metalloproteinase 9; M3: Metformin–caffeic acid conjugate; RO5: Rule of five.

compared with other complexes, suggesting a more stable and 
compact structure overall (Figure 4D).

Hydrogen bond analysis further supported these observations. 
MMP9–M3 maintained a higher and more consistent number 
of hydrogen bonds (7–8 throughout the trajectory; Figure 4F), 
compared to A3 (initially 5, dropping to 2; Figure  4E), MT 
(5 decreasing to 2; Figure  4G), and MET (constant at ~6; 
Figure 4H).

Taken together, the molecular dynamics results illustrate that 
the MMP9−M3 complex exhibits superior dynamic stability, 
compactness, and persistent hydrogen bonding compared 
with the other tested complexes, supporting its potential as a 
promising candidate for targeting MMP9 in cancer therapy.

4. Discussion

Continued research into phytochemical hybridization 
promises to revolutionize cancer treatment by improving 
patient outcomes through diverse and complex anti-cancer 
mechanisms.16,17,35 These compounds regulate intracellular 
signaling pathways that control the cell cycle, DNA repair, 
and apoptosis, while also inhibiting angiogenesis and 
metastasis.18,19,25 Although phytochemicals show promising 
therapeutic potential, challenges, such as poor bioavailability, 

complex mechanisms, and the need for clinical translation 
hinder their development as anti-cancer agents.

Based on computational analyses, we examined the structure−
activity relationships of individual and native candidates, 
demonstrating that MET conjugated with cinnamic acid (M3) 
exhibits superior anti-cancer efficacy and drug-likeness compared 
to MET−benzoic acid hybrids. MET and A3 individually 
exhibited potential anti-cancer effects; however, their chemical 
conjugation produced a lead candidate (M3) with enhanced 
efficacy. The position of the hydroxyl group in benzoic and 
cinnamic acids significantly modulates their biological potency.

While many studies of this nature already exist,21,24,25 this 
investigation stands out by employing an advanced computer-
aided drug design platform that systematically identifies 
potential leads before experimental evaluation. By narrowing 
the field down to the most promising candidate with the highest 
likelihood of clinical success, this approach may ultimately save 
time and resources in the drug development process. Utilizing 
a synergistic medicinal chemistry approach that combines 
known drugs with bioactive phytochemicals or scaffolds offers 
a promising solution to circumvent challenges associated 
with drug unavailability and to facilitate the development of 
effective novel agents.
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Academic and pharmaceutical researchers often employ 
computational or bioinformatics methods during the early 
phases of drug development to gather additional information 
on the druggability of rejected candidates and to advance 
promising candidates into further experimental trials.33-36 
Coding and programming form the backbone of computational 
tools, allowing researchers to narrow down the field to a 
manageable number of candidates for validation through 
rigorous cross-verification in both in vitro and in vivo models. 

This process ensures reproducibility, enhances experimental 
robustness, and confirms the reliability of findings before 
mainstream application. In addition, to obtain more accurate 
findings and greater experimental success, it is essential to 
have a well-formulated hypothesis and a basic understanding 
of coding or programming.35-38 The phytochemical-based 
approach provides an effective strategy for repurposing existing 
drugs and platforms, facilitating the integration of bioactive 
phytochemicals into mainstream therapeutic applications.

Figure 4. Molecular dynamics simulations demonstrating the conformational stability of caffeic acid (A3), metformin–caffeic acid conjugate 
(M3), and metformin (MET), compared with the standard drug marimastat (MT), complexed with the target enzyme matrix metalloproteinase 
9 (MMP9) over 100 nanoseconds. (A) Root-mean-square deviation (RMSD) plots of backbone proteins; (B) RMSD plots of ligands; 
(C) Root-mean-square fluctuation (RMSF) plots; (D) Radius of gyration (Rg) plots; (E), Hydrogen bond interactions of A3; (F) Hydrogen bond 
interactions of M3; (G) Hydrogen bond interactions of MT; and (H) Hydrogen bond interactions of MET.
Abbreviations: lsq: Least squares; UNK: Unknown ligand.
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5. Conclusions 

Present circumstances demand the development of novel 
therapeutic candidates to reduce cancer mortality and improve 
patient survival rates. MET−phenolic acid conjugates, 
particularly those involving cinnamic acid, have been identified 
as potent candidates in innovative oncology drug discovery. 
To maximize the therapeutic efficacy of these compounds in 
oncology, it is essential to conduct thorough research to delineate 
their mode of action, refine their pharmacological profiles, and 
systematically evaluate their clinical effectiveness. The combined 
application of molecular docking and molecular dynamics 
simulations has facilitated the rational design and optimization of 
MET−phenolic acid hybrids with enhanced anti-cancer efficacy. 
The transformation of anti-diabetic drugs into anti-cancer 
agents through conjugation with phenolic acids represents a 
highly effective strategy for combating cancer. Phenolic acids 
demonstrated anti-cancer activity only at higher concentrations 
and exhibited limited druggability, limiting their widespread 
therapeutic use. Chemical hybridization with MET−caffeic acid 
(M3) resulted in improved docking scores, enhanced stability, 
and favorable druggability profiles. Further experimental 
validation is required to confirm its anti-cancer potential and 
to substantiate computational findings for clinical application. 
In this study, we demonstrated that the M3 hybrid exhibited 
superior stability, drug-likeness, and predicted safety compared 
to other hybrids and reference compounds. These findings are 
consistent with previous reports on the anti-cancer activities 
of MET and caffeic acid, supporting the potential of hybrid 
molecules as promising candidates. In addition to the promising 
in silico outcomes, it is essential to acknowledge that our study 
lacks direct experimental validation of the interaction between 
M3 (caffeic acid and MET) and its target proteins. Future studies 
will therefore focus on employing molecular biology techniques, 
such as western blotting to assess changes in pathway-related 
protein expression, and surface plasmon resonance to quantify 
kinetic interaction profiles. These approaches will be crucial 
for confirming the predicted interactions, strengthening the 
mechanistic understanding of M3, and bridging the gap between 
computational predictions and biological validation. Such 
follow-up studies could establish the mechanism of action of M3 
in cancer models and evaluate its therapeutic potential in vivo.
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