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Abstract Resistance to apoptosis mediated by overexpression of anti-apoptotic proteins such as
B-cell ymphoma-extra-large (Bcl-xL) is notable in most cancers. Natural acetogenins, including
muricin | and muricin H from Annona species, are structurally unique compounds with cytotoxic
potential, yet their mechanisms of action in ovarian cancer remain unexplored. This study
integrates molecular docking, ADMET profiling, network pharmacology, and molecular dynamics
(MD) simulations to investigate the potential of muricin | and H as Bcl-xL inhibitors. Molecular
docking revealed strong binding affinities of muricin I/Bcl-xL and muricin H/Bcl-xL complexes with
binding energies of —11.9 kcal/mol and —11.6 kcal/mol, respectively, suggesting potential inhibitory
activity. ADMET analysis showed favourable pharmacokinetic profiles, including good oral
bioavailability and low predicted toxicity (class 1V). To further contextualize these findings, network
pharmacology was employed to identify overlapping targets with ovarian cancer and apoptosis-
related genes. Enrichment and protein—protein interaction analyses highlighted Bcl-xL and related
apoptosis pathways as central nodes along with chemoresistance signalling, with key hub genes
such as BCL2 and CASP3 linking to platinum resistance pathways. These findings reflect the
polypharmacological nature of muricin compounds and suggest potential synergistic effects
relevant to tumour progression. Finally, 100 ns of MD simulations confirmed the structural stability
of muricins/Bcl-xL complexes, with consistent RMSD values of 1.29 + 0.23 A (muricin 1) and 1.31
0.16 A (muricin H), supporting strong and stable binding interactions. This is the first study to
identify muricin | and muricin H as Bcl-xL inhibitors, highlighting their potential as natural multi-
target pro-apoptotic agents.
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Introduction

Apoptosis, or programmed cell death, is tightly regulated by the Bcl-2 family of proteins, which govern
the intrinsic (mitochondrial) apoptotic pathway. This family includes both pro-apoptotic members (e.g.
BAX and BAK) and anti-apoptotic members (e.g. Bcl-2, Bcl-xL, Mcl-1) that form a regulatory network
controlling mitochondrial outer membrane permeabilization (MOMP) through complex protein—protein
interactions involving BH3 domains [1]. Activation of BAX and BAK induces oligomerization and pore
formation in the mitochondrial membrane, facilitating cytochrome c release and downstream caspase
activation, while anti-apoptotic proteins preserve mitochondrial integrity to inhibit apoptosis [2].
Dysregulation of Bcl-2 family proteins is implicated in many diseases, notably cancer. In fact, most
malignancies rely on one or more anti-apoptotic Bcl-2 proteins for survival, making these proteins
attractive drug targets [3-4]. In recent years, structure-based design has yielded small-molecule BH3
mimetics that bind the conserved hydrophobic groove of Bcl-2 family proteins [4]. ABT-737 for instance
was developed via NMR screening and structure-based design to inhibit Bcl-xL, and its derivatives
(navitoclax, venetoclax) demonstrated the power of rational design in targeting protein—protein interfaces
[5-6]. However, development of selective Bcl-xL inhibitors has been challenging, due to on-target
toxicities (e.g. thrombocytopenia). Thus, there remains a need for novel Bcl-xL inhibitors that can
overcome resistance mechanisms [4].
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Bcl-xL is a key anti-apoptotic protein located at the mitochondrial outer membrane, where it binds and
sequesters pro-apoptotic BH3-only proteins to inhibit MOMP. Overexpression of Bcl-xL is frequently
observed in tumours and is directly linked to chemotherapy resistance [7]. Recent studies in breast
cancer models show that high Bcl-xL levels correlate with poor response to chemotherapeutic agents,
whereas genetic or pharmacological inhibition of Bcl-xL significantly enhances apoptosis and drug
sensitivity [8]. This role of Bcl-xL in chemoresistance has motivated the search for BH3-mimetic
compounds that can selectively antagonize it. Although BH3-mimetic drugs (e.g. ABT-737 and related
compounds) validate this strategy, their clinical use is limited by toxicity.

Natural products with BH3-like motifs are an alternative source of inhibitors. In fact, acetogenins from
the Annonaceae family (notably Annona muricata) have attracted attention for their anticancer activity.
Annona muricata (soursop) is a tropical plant long known for bioactive acetogenins with potent cytotoxic
effects [9]. Liaw et al. [10] first reported isolation of two new monotetrahydrofuran acetogenins, muricin
H and muricin | from A. muricata seeds that these compounds showed significant cytotoxicity against
human hepatoma cell lines (HepG2 and 2,2,15). Computational studies further support the idea that
acetogenins can act as Bcl-xL inhibitors. Molecular docking and dynamics were performed in numerous
A. muricata acetogenins against anti-apoptotic Bcl-2 proteins and found that several acetogenins bind
strongly to Bcl-xL, with scores exceeding those of known inhibitors [9]. Likewise, Nordin et al. [11] used
AutoDock Vina to dock a series of acetogenins and found that muricin H and | form high-affinity
complexes with Bcl-xL, comparable to the reference BH3 mimetic ABT-737.

The unique structural features of muricin H and | with multiple tetrahydrofuran rings and oxygen
functionalities suggest they might interact with protein targets in novel ways. Building on these insights,
muricin H and muricin | emerge as compelling BH3-mimetic candidates targeting Bcl xL. To investigate
their potential, cheminformatics-driven workflow was employed, comprising molecular docking and MD
simulations for future optimization and experimental validation targeting Bcl xL.

Materials and Method

SwissADME physicochemical and drug-likeness profiling

The Pharmacokinetic and drug-likeness properties of muricinl and muricinH were predicted using
SwissADME, a web-based platform offering rapid in silico evaluation of physicochemical parameters,
pharmacokinetics, and medicinal chemistry accessibility [12]. Compound structures, encoded as
SMILES strings, were submitted via the Swiss Institute of Bioinformatics server followed by the
calculation of key descriptors, including Log P (lipophilicity), ESOL Log S (solubility), gastrointestinal
absorption, blood—brain barrier permeability, P-glycoprotein substrate status, bioavailability, rule-of-five
and other drug-likeness filters, PAINS/Brenk alerts, and synthetic accessibility.

pkCSM QSAR-based ADMET prediction

To assess metabolic fate and toxicity risks, pkCSM was used as a graph-based signature QSAR tool
that predicts multiple ADMET endpoints. SMILES representations of muricin | and H were uploaded to
the pkCSM web server [13]. The predictions included water solubility, Caco-2 permeability, human
intestinal absorption, P-gp substrate/inhibitor status, volume of distribution (VDss), blood-brain barrier
(log BB), fraction unbound in plasma, CYP substrate/inhibition profiles, total clearance, renal OCT2
substrate liability, and toxicity endpoints such as AMES mutagenicity, hERG inhibition, hepatotoxicity,
LD50, and chronic toxicity (LOAEL). These parameters informed pharmacokinetic modelling and safety
profiling for each compound.

PASS online mechanistic activity prediction

Predicted anticancer mechanisms were analysed using PASS Online, which applies naive Bayesian
classifiers trained on multilevel atom-neighbourhood descriptors to estimate the probability of specific
biological activities (Pa) and inactivity (Pi) [14]. SMILES inputs for muricin | and H were submitted to the
server. Outputs considered included antineoplastic, apoptosis agonist, antimetastatic, caspase-3
stimulant, electron transport complex | inhibitor, and TP53 expression enhancer activities. Activities with
Pa greater than Pi were deemed potentially relevant and prioritised for interpretation and follow-up
validation.

Functional enrichment and integrative network construction

Gene ontology (GO; BP, CC, MF) and Kyoto Encyclopaedia of Genes and Genomes (KEGG) pathway
enrichment analyses were performed using DAVID v6.8 with Benjamini-Hochberg false-discovery rate
(FDR) correction. Enrichment was considered significant at adjusted p <0.05. This analytic framework
is validated against current standards in network pharmacology. Subsequently, an integrative network

e-ISSN 2289-599X | DOI: https://doi.org/10.11113/mjfas.v22n3.4885 518



MJ FAS Khimani et al. | Malaysian Journal of Fundamental and Applied Sciences, Vol. 22 (2026) 517-537

was constructed in Cytoscape (v3.9.1) encompassing muricin I, muricin H, overlapping gene targets,
and enriched KEGG pathways (adjusted p <0.05). Compound—gene and gene—pathway interactions
were represented as edges connecting nodes denoting compounds, targets, and pathways [15].

Network pharmacology analysis of muricin | and muricin H

Chemical structures of muricin | and muricin H were obtained from PubChem in canonical SMILES
format. Two independent target prediction platforms were employed, including SwissTargetPrediction
[16] and PharmMapper [17]. Predictions were restricted to homo sapiens targets. For consistency, only
targets with a SwissTargetPrediction probability = 0.60 or PharmMapper fit score = 4.0 were included for
subsequent analysis.

To define the disease context, gene sets related to ovarian cancer and apoptosis were retrieved.
GeneCards entries with relevance score =10 and DisGeNET entries with score =0.30 were retained,
generating 1,689 ovarian cancer genes and 1,320 apoptosis related genes. These were followed by an
intersection analysis of drug targets and disease-associated genes. Specifically, the predicted targets of
muricin | and muricin H were compared with ovarian cancer and apoptosis-related gene sets using Venny
2.1. This approach identified key overlapping targets for each compound, as well as shared targets
reflecting their combined action. Such overlap analyses are commonly employed to elucidate multi-target
mechanisms of drug action [18-20].

Construction and topological analysis of protein—protein

interaction (PPI) network

The union of overlapping gene targets was submitted to STRING, employing a moderate confidence
threshold (score =0.400) to retrieve a PPl network. The resultant network was visualised using
Cytoscape v3.9.1, and the CytoHubba plugin was used to identify hub genes via degree ranking.

Target protein structure retrieval and preparation for docking

The high-resolution crystal structure of Bcl xL (PDB ID: 3ZK6) was sourced from the RCSB PDB [21].
Water molecules within 5 A of the active site were removed using Discovery Studio Visualizer 2020 to
prevent interference during docking. The Bcl-xL chain A model was modelled using SWISS-MODEL, an
automated homology-modelling server that selects templates from the PDB based on sequence identity
and alignment quality [22]. Missing residues were incorporated during model building, followed by energy
minimisation to enhance structural accuracy. Structural integrity was confirmed via Ramachandran
analysis using PROCHECK, ensuring >90% of residues occupy allowed regions. Missing hydrogens and
partial charges (Kollman) were then introduced to complete the preparation of the receptor for in silico
studies. The three-dimensional conformation of the target protein, providing insights into its structural
features, is depicted in Figure1.

Figure 1. Three-dimensional ribbon presentation of Bcl-xL
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Ligand structures preparation for docking

Two-dimensional structures of muricin H and |, as shown in Figure 2 were downloaded from PubChem
and converted to PDB using Discovery Studio Visualizer. Protonation states suitable for physiological
pH (7.0) were assigned, along with polar hydrogen atoms. Ligands were prepared for docking via
AutoDock Tools, involving the addition of Gasteiger partial charges and conversion to PDBQT format
while retaining non-polar hydrogens for proper torsion handling.
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Figure 2. Ligand structures. (a) muricin H. (b) muricin |

Molecular docking simulation

Following receptor and ligand preparation, molecular docking was performed using AutoDock Vina to
predict the binding modes of muricin H and | within the BH3-binding groove of Bcl xL [23]. Docking was
conducted within a grid box generated using AutoGrid4, centred on the canonical BH3-binding cleft. The
Lamarckian Genetic Algorithm (LGA), a hybrid global-local search method, was employed to explore
conformational space and identify energetically favourable ligand orientations. Each docking run
produced multiple binding poses, which were ranked by predicted binding affinity (in kcal/mol). The top-
ranked conformations were subsequently analysed using to identify hydrogen bonding, hydrophobic
contacts, and m—1r stacking interactions. These interactions were used to characterize the binding
profiles of muricin H and | within the Bcl xL active site. To ensure methodological reliability, the docking
protocol was previously validated using the co-crystallized ligand of Bcl-xL, yielding an RMSD value of
0.852 A between the redocked and native conformations. This result derived from prior in-house studies,
confirms the accuracy of the docking setup in reproducing experimentally determined binding poses and
supports the validity of the present docking predictions.

Molecular dynamics based structural and dynamic

characterization of muricins/Bcl-xL complexes

To validate the binding poses from docking, all-atom MD simulations were conducted using AMBER
2022.1 [24]. The ff19SB force field, optimised for accurate protein backbone conformations was paired
with the OPC water model, as ff19SB+OPC is recommended for high-fidelity protein simulations despite
slightly increased computational cost [25]. The muricin ligands were parameterised via the general
Amber force field (GAFF). Each complex was centred in an octahedral box of OPC water with an 8 A
buffer and neutralised with Na*/CI~ ions. Energy minimisation was performed using steepest descent
and conjugate gradient methods until convergence. Equilibration involved a two-step process: initial NVT
ensemble heating (0-300K) with positional restraints over 10 ns, followed by NPT (pressure= 1 atm)
ensemble equilibration with gradual restraint removal. Production MD runs were conducted for 100 ns
under NPT conditions at constant temperature (300K) and pressure (1 atm) with timesteps of 2fs,
employing Langevin dynamics for temperature control and isotropic scaling for pressure regulation.
Long-range electrostatics were treated with the Particle Mesh Ewald (PME) method, and SHAKE
constraints preserved bonds involving hydrogen atoms. Visual Molecular Dynamics (VMD) was used to
visually analyse simulated trajectory data [26]. A 100 ns production trajectory was used to examine the
ligands' binding capabilities. The CPPTRAJ tool was used to calculate stability metrics such as RMSD,
root mean square fluctuation (RMSF), study of radius of gyration (RoG), and H-bond [27]. Graphs were
generated via Xmgrace.
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Results and Discussion

In silico physicochemical and drug-likeness profiling via
SwissADME

The pharmacokinetic profile of muricin H and muricin I, which are two naturally occurring acetogenins,
has been assessed by SwissADME and revealed some interesting properties for drug development as
shown in Table 1. Firstly, the compounds have high lipophilicity with a high Log P of 8.29 and 7.70 for
muricin | and muricin H, respectively. This is expected to enhance the cell membrane permeability and
target engagement potential of the compounds. However, their poor aqueous solubility (ESOL Log S of
-8.30 and -7.99, respectively) and low gastrointestinal absorption compromise oral bioavailability. The
compounds were also non-permeant across the blood-brain barrier (BBB) and identified as P-
glycoprotein (P-gp) substrates, indicating susceptibility to efflux mechanisms and further limiting
systemic exposure following oral administration. Their bioavailability scores of 0.17 reflect these
absorption limitations. The SwissADME bioavailability score is a composite score ranging between 0 and
1, a score lower than 0.2 is considered to be indicative of poor oral bioavailability due to a combination
of low aqueous solubility, high lipophilicity, active efflux, and limited passive permeability. The observed
score of 0.17, which is the same in both cases of muricins, is comparable to the score of most lipophilic
natural products and indicates that formulation strategies should be implemented to address the
absorption barriers before conducting in vivo tests. Importantly, neither compound inhibits major
cytochrome P450 enzymes (CYP1A2, 2C9, 2C19, or 2D6), though both are predicted to undergo
metabolism via CYP3A4, which could impact pharmacokinetics if co-administered with CYP3A4
modulators. Additionally, both muricin | and muricin H possess high molecular weights (>580 Da) and
Log P values exceeding 4.15, thereby violating two of Lipinski’s rule-of-five criteria. Despite these
limitations, neither muricin | nor H triggers PAINS or Brenk alerts, reducing concerns regarding chemical
reactivity or promiscuity. Furthermore, their synthetic accessibility scores (7.30 for muricin | and 7.07 for
muricin H) suggest that these compounds, while moderately complex, are within range for synthesis and
derivatisation.

Table 1. SwissADME-predicted physicochemical and pharmacokinetic parameters of muricin H and muricin 1.

Property Muricin H Muricin |
Molecular weight (Da) 580.9 606.9
Consensus Log P 7.70 8.29
ESOL Log S (solubility) -7.99 -8.30
Gastrointestinal absorption Low Low
BBB permeant No No
P-gp substrate Yes Yes
Bioavailability score 0.17 0.17
Lipinski violations (MW, Log P) 2 2
CYP non-inhibition (1A2,2C9,2C19,2D6) Yes Yes
CYP3A4 substrate Likely Likely
Skin permeability Log Kp -2.79 cm/s -2.70 cm/s
PAINS/Brenk alerts None None
Synthetic accessibility 7.07 7.30

Muricin | and H are found to possess encouraging properties as intracellularly targeted lead compounds,
in large part because of their high lipophilicity (log P = 7.5 or more), and are thus likely to be targeted by
passive diffusion across lipid-rich cell membranes. Despite the fact that high lipophilicity typically
correlates with low aqueous solubility and low oral bioavailability, it can facilitate selective accumulation
in intracellular compartments, including the cytoplasm or mitochondria, as has been observed with some
lipophilic anticancer agents [28-29]. Notably, both muricin | and H did not cause PAINS or Brenk alerts,
which corroborates the structural integrity of these scaffolds and minimizes the risks of assay
interference and false-positive results in phenotypic screening. Moreover, the two compounds exhibit
low predicted inhibition of major cytochrome P450 isoforms, with their metabolism being linked to
CYP3A4. This profile combined with moderate synthetic accessibility scores (~7.1) are indicative that
these molecules can be further optimized by existing medicinal chemistry programs.

Although their binding and specificity profiles are favourable, low aqueous solubility and low oral
bioavailability are major issues. Nevertheless, these shortcomings can be mitigated with well-evaluated
formulation strategies. Solid lipid nanoparticles (SLNs), nanostructured lipid carriers, and self-
emulsifying drug delivery systems are examples of lipid-based drug delivery systems that have proved
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effective in improving the bioavailability of highly lipophilic compounds. These systems have the ability
to enhance solubilization, lower efflux-based clearance, and enhance lymphatic transport of hydrophobic
drugs [30-33]. Consequently, the development of muricin | and H with lipid-based delivery vehicles is a
potential approach to increase systemic exposure and pharmacological efficacy. Simultaneously,
rational scaffold optimization, especially the control of lipophilicity and molecular weight, can also be
further used to enhance pharmacokinetic behavior without affecting biological activity. Together, these
strategies offer a viable platform of progressing muricin scaffolds in silico hits to experimentally validated
therapeutic candidates.

QSAR-based prediction of pharmacokinetics and toxicological
liabilities

In addition to the SwissADME-based results, the pharmacokinetic and toxicity predictions obtained from
the QSAR analysis were also considered for both muricin | and H to further confirm their drug-likeness
and potential use for therapy (Table 2). Although both compounds have a moderate intestinal absorption
potential of about 77%, they have low passive permeability according to their profiles, with Caco-2
permeability near the threshold of 0.498 — 0.501 log Papp.When determining adequate passive intestinal
absorption, the Caco-2 permeability threshold is typically 0.5 log Papp or higher (10 -6 cm/s); a lower
value means that absorption is probably rate-limited by passive permeability. The fact that the observed
value is close to this cutoff suggests that even slight structural optimization to lower the molecular weight
or lipophilicity may significantly enhance intestinal permeability and overall oral bioavailability.
Additionally, both were identified as P-glycoprotein (P-gp) substrates, reinforcing concerns about efflux-
limited bioavailability. Only P-gp Il inhibition was predicted for both, which could influence retention in P-
gp-expressing tissues. For distribution, neither compound is likely to cross the blood-brain barrier (log
BB: -1.43) or penetrate the CNS (log PS: —3.089 and - 3.132). The low predicted fraction unbound and
volume of distribution indicate that only a small fraction of the circulating drug (around 6% of the total) is
pharmacologically active and the drug is mainly bound to plasma proteins mostly albumin or a-acid
glycoprotein. The ability to bind high plasma proteins may increase half-life as the drug is not filtered by
the kidneys as much; however, it also reduces the amount of free drug that is available to interact with
the tumor site. This is a clinically relevant factor because compounds with high protein binding are highly
likely to have a large difference in activity at different levels of plasma proteins, which change in cancer
patients. In terms of metabolism, both compounds are substrates of CYP3A4, but not of CYP2D6, and
they are not inhibitors of any major CYP isoforms (CYP1A2, 2C9, 2C19, 2D6, or 3A4), suggesting a low
risk of metabolic drug—drug interactions. However, CYP3A4-dependent clearance implies potential
variability due to polymorphism or co-administered inhibitors.

The excretion profile indicates a moderate clearance rate, and neither compound is predicted to be a
substrate of the renal OCT2 transporter, suggesting hepatic metabolism as the primary elimination route.
From a toxicity standpoint, both muricin | and H are non-mutagenic (AMES-), non-cardiotoxic (hERG
I/lI-), and non-sensitising to skin, though both demonstrate hepatotoxic potential, consistent with prior in
silico predictions. The predicted hepatotoxicity is a similar concern to most natural acetogenins and
lipophilic compounds, possibly due to their high Log P values that favor hepatic accumulation and
CYP3A4-biomediated bioactivation to reactive intermediates. It is worth mentioning though that in silico
hepatotoxicity models have high false-positive rates and would be necessary to experimentally validate
using primary hepatic cell models or mitochondrial toxicity screens, before concluding on clinical hepatic
risk. Acute and chronic oral toxicities are within the range for further toxicological characterisation of the
compounds, indicated by the LDso and LOAEL values. These QSAR-based profiles are in agreement
with the SwissADME results and highlight the need for sophisticated formulation and optimisation
strategies for the advancement of muricin derivatives.
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Table 2. QSAR-derived pharmacokinetic and toxicological properties of tested muricins.

Property Muricin H Muricin | Unit
Absorption
Water Solubility -5.313 -5.129 log mol/L
Caco-2 Permeability 0.501 0.498 log Papp (107° cm/s)
Intestinal Absorption 76.423 77.10 %
Skin Permeability —2.732 —2.733 log Kp
P-gp Substrate Yes Yes —
P-gp | /1l Inhibitor Yes/ Yes No/ Yes —
Distribution
Volume of Distribution (VDss) -0.718 —0.858 log L/kg
Fraction Unbound (Fu) 0.047 0.058 -
BBB Permeability —1.433 -1.431 log BB
CNS Permeability -3.132 -3.089 log PS
Metabolism
CYP2D6 Substrate No No -
CYP3A4 Substrate Yes Yes -
CYP Inhibition (1A2, 2C9, 2C19, No No B
2D6, 3A4)
Excretion
Total Clearance 1.791 1.819 log mL/min/kg
Renal OCT2 Substrate No No -
Toxicity
AMES Toxicity No No -
hERG | /1l Inhibitor No / No No / No -
Max Tolerated Dose (Human) —0.095 -0.138 log mg/kg/day
LDso (Oral Rat) 1.978 2.064 mol/kg
LOAEL (Oral Rat, Chronic) 0.244 0.249 log mg/kg_bw/day
Hepatotoxicity Yes Yes —
Skin Sensitization No No -
T. pyriformis Toxicity 0.294 0.289 log pg/L
Minnow Toxicity -3.006 -3.356 log mM

Although these physicochemical and pharmacokinetic properties can serve as a valuable basis, a more
detailed assessment of the therapeutic potential of muricin | and H demand a systems perspective. Here,
network pharmacology provides a useful platform to explain multi-target effects and pathway-scale
effects in complex disease networks like ovarian cancer. Though conventionally used with multi-
component herbal formulations [34], its use with single bioactive natural compounds is gaining
recognition as an effective method. It is specifically applicable considering that several small molecules
introduce polypharmacological interactions with numerous protein targets that regulate numerous
biological pathways [35]. Network pharmacology approach was used to describe the target landscape of
muricin | and H in ovarian cancer. Target profiling demonstrated that both compounds shared a strong
overlap with ovarian cancer related and apoptosis related networks. In particular, muricin | and H
overlapped common targets in curated gene sets associated with ovarian cancer, and apoptotic
signaling, with significant enrichment in key regulators of cell death pathways.

PASS predicted anticancer mechanisms of muricin H & muricin |

To further elucidate the therapeutic potential of muricin | and muricin H, the present study employed
PASS Online, a Bayesian-based tool utilising multilevel atom-centred descriptors to predict biological
activities based solely on chemical structure as shown in Table 3. Among the predicted anticancer
mechanisms, both compounds showed strong antineoplastic potential, with Pa values of 0.618 for
muricin | and 0.598 for muricin H, indicating a high likelihood of tumour-growth inhibition. Muricin | scored
highest as an apoptosis agonist (Pa = 0.539), while muricin H showed slightly lower apoptotic potential
(Pa = 0.467), consistent with programmed cell-death induction. Notably, muricin H demonstrated
moderate antimetastatic activity (Pa = 0.442), whereas muricin | showed no such prediction, suggesting
differential applicability. Neither compound was predicted to activate caspase 3, implying apoptosis may
proceed via caspase-independent pathways. Caspase-independent apoptosis is generally associated
with the mitochondria-to-nucleus translocation of apoptosis-inhibiting factor (AIF) or endonuclease G,
which is activated by mitochondrial outer membrane permeabilization (MOMP). This process has been
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reported with a number of the annonaceous acetogenins and is compatible with the predicted activity of
both muricins with the electron transport complex | inhibition activity that would induce mitochondrial
dysfunction and MOMP in the absence of canonical caspase-3 executioner activity. Both also scored on
electron transport complex | inhibition (Pa = 0.480 and 0.578 for muricin | and H, respectively),
suggesting mitochondrial disruption and metabolic stress induction in tumour cells. Importantly, only
muricin H exhibited moderate TP53 expression enhancement (Pa = 0.321), while muricin | did not (Pa =
0.134), indicating a possible preference for TP53-competent cancers versus TP53-independent
contexts. Collectively, these PASS-derived predictions suggest that muricin | may modulate
mitochondrial apoptosis pathways, while muricin H may function through a broader anti-cancer spectrum,
including metastasis suppression and TP53 pathway engagement. These insights provide a mechanistic
basis for targeted experimental validation and anticancer lead optimisation.

Table 3. PASS Online—predicted anticancer activities for muricin H and muricin |

Activity Mechanism Muricin H Muricin |
Antineoplastic (Tumor-growth inhibition) 0.598 0.618
Apoptosis agonist 0.467 0.539
Antimetastatic 0.442 0.000
Caspase-3 stimulant - -
ET Complex | inhibitor 0.578 0.480

The preliminary findings on the potential biological functionality of muricin | and muricin H against cancer-
related targets were obtained using PASS Online predictions. As indicated in Table 3, the activity (Pa)
of both compounds is greater than 0.5, typically a widely adopted value that shows a likely probability of
biological activity in vivo [36]. These projections justify their possible usefulness as anticancer
candidates, but they are to be considered as directional as opposed to conclusive. Remarkably, muricin
| exhibited a relatively greater amount of the predicted activity of endpoints associated with apoptosis,
indicating a reduced likelihood of triggering mitochondrial (intrinsic) apoptotic pathways. This finding is
also mechanistically consistent with the postulated Bcl-xL inhibitory mode of action, i.e., the Bcl-xL-
Bax/Bak blockage of interactions triggers mitochondrial outer membrane permeabilization and
cytochrome c release [37]. Conversely, muricin H is more predictive of antimetastatic activity, suggesting
that it may disrupt pathways that regulate epithelial-mesenchymal transition (EMT), cell adhesion, or
locomotion. These effects are in line with the reported processes of structurally related acetogenins and
annonaceous metabolites [38]. Interestingly, neither compound was estimated to directly activate
caspase-3. This can indicate that caspase-independent apoptotic pathways are involved, which may
occur via mitochondrial dysfunction or demonstrate translocation of the AIF as observed in other species
of this family of compounds [39].

Integrated target—disease gene mapping and PPl network—based

hub gene analysis

A total of 137 targets were predicted for muricin | and 128 targets for muricin H under stringent thresholds
(probability =0.60 or fit score =24.0). These targets were intersected with curated lists of 1,689 ovarian
cancer genes and 1,320 apoptosis-related genes, yielding 22 overlapping genes for muricin |, 19 for
muricin H, and 11 common genes shared by both compounds (Figure 3a). Meanwhile, Figure 3(b)
displays that a protein—protein interaction (PPI) network of the 30 overlapping genes using STRING
(score =20.400). The network comprised 30 nodes and 82 edges while TP53, BCL2, CASP3, BAX, and
TNF were identified as the top five hub proteins.
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Figure 3. Overlapping targets and their interactions are explored using integrative approaches. [A] Venn
diagram depicting overlapping targets among muricin |, muricin H, and ovarian cancer/apoptosis-
associated genes and [B] Protein—Protein Interaction network of the overlapping targets visualized in
Cytoscape; red nodes represent hub genes.

Among the top hub genes identified through protein—protein interaction network construction was BCL-
2 (encoding the anti-apoptotic Bcl-xL), CASP3, TP53, BAX, and TNF. Such alignment underlines that
muricins engage the intrinsic apoptosis machinery, indeed, BCL-2 family proteins are known to “play a
central role in regulating apoptosis” across all apoptotic pathways, while caspase-3 is the key executioner
protease in cell death. In particular, BCL-2 and its close homologue Bcl-xL inhibit apoptosis by trapping
pro-apoptotic BH3-only proteins (including BAD, BIM and NOXA) as well as by inhibiting the
oligomerization of BAX/BAK at the outer mitochondrial membrane. BAX/BAK-mediated cytochrome-c
release is thus directly triggered by inhaling Bcl-xL and results in caspase-9 and caspase-3 activation by
activating the apoptosome. The simultaneous appearance of CASP3 and BCL2 as hub nodes in the PPI
network therefore mechanically connects the predicted binding activity of the muricins at Bcl-xL to the
subsequent executioner caspase activation to give a consistent account of apoptotic pathway. The
strong presence of BCL-2 and CASP3 in our network supports previous findings showing that BCL-2/Bcl-
xL and caspase-3 expression are closely associated with platinum response in ovarian cancer [40-41].
Thus, both in silico binding data and network analysis suggest that the studied ligands can
simultaneously inhibit anti-apoptotic BCL-2/Bcl-xL and activate downstream caspases, recapitulating a
well-established mechanism of chemosensitisation.

Functional enrichment reveals apoptosis and platinum resistance

GO enrichment identified top pathways including apoptotic signalling, oxidative response, and
mitochondrial membrane regulation. KEGG analysis highlighted five shared pathways: apoptosis, p53
signalling, PI3K-Akt, TNF, and critically platinum drug resistance. It is notable that the platinum drug
resistance KEGG pathway (hsa01524) is also included in the case of ovarian cancer, where first-line
platinum-based chemotherapy (carboplatin/cisplatin) often proves ineffective because of the
development of resistance. This route involves several mechanisms of resistance such as increased
DNA repair (ERCC1, BRCA1), augmented efflux (MRP2) and anti-apoptotic signalling through BCL-2
overexpression. Enrichment of muricin targets in this pathway suggests that muricin H and | can serve
as chemosensitive with the ability to reinstate platinum sensitivity by acting on overlapping nodes and
are of specific interest as combination-therapy agents in platinum-resistant ovarian cancer. These
findings support a multi-target mechanism of action for muricin | and H. KEGG enrichment bar chart is
illustrated in Figure 4. Detailed KEGG maps for apoptosis and platinum resistance are presented in
Figure 5 and Figure 6.
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and [B] Bar plot of the top 10 enriched KEGG pathways; bar height indicates —log,, (p-value).
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Pathway enrichment reinforced this apoptosis-centric mechanism. Targets of both muricins were highly
enriched in KEGG apoptosis, p53 signalling, PI3K-Akt, TNF and “platinum drug resistance” pathways,
indicating a concerted impact on survival signalling. Platinum agents ultimately kill ovarian cells by
inducing mitochondrial apoptosis, and resistance is often mediated by anti-apoptotic shifts (e.g. BCL-2
overexpression) or Akt/NF-kB survival signalling [41]. Notably, co-targeting BCL-2 with inhibitors is
known to restore caspase-3/9 activation and reverse platinum resistance in ovarian models. By engaging
multiple nodes (BCL-2 family, TP53/BAX pro-apoptotic axis, caspases) and upstream pathways
(PI3K/Akt survival signalling, TNF/NF-kB), the muricin exhibits a multi-target mode that should lower the
apoptotic threshold and counteract chemoresistance. In sum, integrated analysis predicts that muricin
I/H converge on key apoptotic hubs and platinum resistance pathways, synergistically enhancing
programmed cell death in ovarian cancer cells as supported by peer-reviewed mechanistic studies [41].
This systems level approach bridges molecular pharmacology with systems biology and provides a more
comprehensive mechanistic framework for therapeutic exploration of individual natural compounds.

Structural insights from docking reveals key binding interactions

of muricin H and muricin | with Bcl-xL

The docking results for muricin H and | against the Bcl-xL active site are summarized in Table 4 and
illustrated in Figure 7 and Figure 8. Both ligands demonstrated strong docking scores with muricin H at
—11.6 kcal/mol and muricin | at —11.9 kcal/mol, matching the potency range reported for other natural
acetogenin Bcl-xL inhibitors (approx. —10 to —12 kcal/mol). Structurally, each ligand formed three
hydrogen bonds with Bcl-xL, prominently involving the residue Arg139. In the muricin H-Bcl-xL complex,
Arg139 formed two hydrogen bonds with the tetrahydrofuran moiety (2.84 A) and its side chain (2.76 A)
as demonstrated in Figure 7. These interactions are consistent with literature characterising Arg139 as
a critical hotspot in both docking and MD studies of Bcl-xL inhibitors. For muricin |, three hydrogen bonds
were observed at Arg100 (2.94 A), Arg139 (2.33A), and Glu129 (1.98 A), the latter representing the
shortest bond, indicative of a particularly tight interaction. As shown in Figure 7, all amino acid residues
of muricin | include Phe105, Leu108, Leu130, Arg139, Val141, Ala142, Phe97, Tyr101, Tyr195 were
among the identical residues that demonstrated hydrophobic interactions with muricin H and inside the
Bcl-xL binding cavity.

Table 4. The interaction profile and binding affinities of muricin H and muricin | with Bcl-xL are shown in the docking data.

Binding Affinity

Ligand (kcal/mol) Hydrogen Bonding Hydrophobic Interaction
Muricin H -11.6 Arg139, Arg139, Leu130 Phe105, Ala93, Arg102, Leu108 Leu130, Arg139,
Val141, Ala142, Phe97, Tyr101, Phe146, Tyr195
Muricin | -11.9 Arg139, Arg100, Glu129 Phe105, Leu108, Leu130, Arg139, Val141, Ala142,

Phe97, Tyr101, Tyr195
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Figure 7. lllustration of the binding interaction of [A] muricin H and [B] muricin | into Bcl-xL in two
dimensions. Dashed lines between ligands and protein residues show various interactions.

e-ISSN 2289-599X | DOI:

https://doi.org/10.11113/mjfas.v22n3.4885 528



MJ FAS Khimani et al. | Malaysian Journal of Fundamental and Applied Sciences, Vol. 22 (2026) 517-537

Hydrophobicity

300
200
100
000
100

-200
300

A B

Figure 8. The hydrophobicity of the amino acid residues inside the binding cavity is revealed by the
molecular interaction between A muricin H and B muricin | with the Bcl-xL binding pocket.

Both muricins H and | demonstrated stronger binding affinity for Bcl xL than the standard inhibitor ABT
737, which exhibits a binding affinity of approximately —9.2 kcal/mol [11]. A conserved interaction with
Arg139, a residue pivotal for the high affinity binding of BH3 only pro apoptotic peptides, was observed
for both muricins and ABT 737. Arg139 resides within the hydrophobic groove, specifically at the P2/P4
sub-pockets, where it plays a critical role in mediating inhibition. Consistent with previous docking studies
of natural acetogenins, the formation of a strong conventional hydrogen bond was found with Arg139,
confirming its role as a binding hotspot [42]. Other residues that occupy the binding pocket such as
Glu96, Tyr101, Ser106, Asp107, Leu108, and Tyr195 are also essential in the recognition of the ligands.
The subsites with the highest contribution in the binding of a ligand seems to be connected with P2
pocket, which is characterized by its depth and conformational flexibility, compared with the
comparatively shallow P4 pocket [2]. P2 subpocket of Bcl-xL is bordered by Phe97, Tyr101 and Arg139
that create a deep and hydrophobic pocket that can accommodate large and flexible ligand moieties. Its
conformation flexibility is due to the mobility of the a2 and 3 helices that flank the groove that can undergo
induced-fit rearrangement upon the binding of a ligand. Such versatility comes as a result of the mobility
of the alpha2 and alpha3 helices surrounding the binding groove that can be subjected to induced-fit
changes in conformation when the ligand is bound. This structural plasticity is especially beneficial to
large natural products such as muricins, with long polyketide chains, which need an open and flexible
binding space. Based on this, the tighter interactions that can be seen in the P2 pocket, compared to P4,
can be attributed to the stronger binding affinities of muricins over smaller synthetic ligands.

Docking analyses of muricins H and | revealed a network of stabilizing interactions within the Bcl xL
binding pocket, including both hydrogen bonds and hydrophobic contacts. Hydrogen bonding, a
directional and energetically significant interaction, consistently ranks among the most critical
contributors to protein—-ligand binding affinity [43]. Specifically, muricin H and | formed hydrogen bonds
with residues such as Ser106 and Leu108, mirroring the common bonding motifs seen in potent Bcl xL
inhibitors [44-45]. Moreover, there were notable hydrophobic interactions, especially with Tyr101 and
Phe105, characteristic of lipophilic hot spot in P4 subsite. The hydrophobic contacts with ABT-737 are
also mediated by these residues, which underscores a common binding mode between high-affinity Bcl-
xL ligands [11]. In addition, these residues form the hydrophobic groove of chain A of the crystallographic
Bcl-xL structure and have been shown to interact with a number of other inhibitors [46]. Lastly, the
presence of residues like Arg100, and Glu129, especially Glu129 in the case of muricin | is also
congruent with prior structural and molecular dynamics experiments implying the importance of the
residues in ligand stabilization at the interface of BH1 and BH3 [47-48].

Dissecting structural deviations for global and core backbone

stability through molecular dynamic

To evaluate the dynamic stability and conformational integrity of the muricins/Bcl-xL complexes, all-atom
MD simulations of 100 ns were performed and analysed the RMSD across three domains: the full protein
backbone, the core protein excluding flexible loops, and the ligands. The global RMSD profile as
illustrated in Figure 9(a) revealed moderate fluctuations throughout the simulation, with muricin H
exhibiting slightly higher deviations compared to muricin |, indicating the greater overall flexibility, a
common outcome when simulating proteins with dynamic loop regions. Crucially, once loop regions were
excluded in Figure 9(b), core backbones for both complexes stabilised featuring the average RMSD of
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1.31£0.16 and 1.29 + 0.23 for muricin H and muricin I, respectively, consistent with accepted thresholds
(<2 A\) for robust protein-ligand cores. Ligand RMSDs as seen in Figure 9(c) remained stable after
~25ns, fluctuating well below the 4 A. Throughout the 100 ns timescale, no ligand dissociation or
significant pose reorientation was observed, affirming the persistence of the docking pose in line with
established MD-docking validation protocols. Consequently, although global RMSD values reflect loop
mobility, core region stability and persistent ligand binding provide compelling evidence of structurally
sound muricin/Bcl-xL complexes, bolstering confidence in the original docking models.
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Figure 9. RMSD of Bcl-xL coupled with murucin H and muricin | in a 100 ns simulation. A RMSD for
entire protein. B without loops. C RMSD of ligands

Based on these results, MD simulations revealed additional information regarding the conformational
flexibility and long-term stability of the muricin | and H in the Bcl-xL protein binding pocket. As shown in
Figure 9, the muricin I/Bcl-xL complex was rapidly stabilised, and after 27 ns RMSD values levelled off,
indicating a stable interaction between the ligand and the protein during the 100 ns simulation [49-51].
Muricin H, however, exhibited a smooth yet progressive rise in RMSD, interrupted by oscillations, which
suggests increased flexibility and dynamic movement in the binding site. The differences in the RMSD
trajectories between muricin H and | might indicate different binding mechanisms, but the biological
meaning of this variation remains under study. Although continued oscillations in the RMSD of muricin
H are observed during the simulation, this may indicate: (i) adaptive binding conformations, (ii)
inadequate convergence of the simulation, or (iii) inward flexibility in the binding pocket that does not
necessarily suggest weaker binding. The small disparity in the average values of RMSF (2.95 + 2.59 A
vs 2.73 + 2.24 A) is within the normal range of simulation error and is not to be interpreted without further
experimental support. This local or induced flexibility may enable induced-fit interactions or allosteric
modulation of Bcl-xL, which might increase its anti-apoptotic signalling inhibitory activity. Notably, the
simulation demonstrated that the two ligands stayed in the binding cleft and this is indicative of their
affinity and fitting into the Bcl-xL pocket, which is a characteristic required of an apoptosis-targeting
anticancer agent.

Residue level fluctuations and functional motion

The RMSF analysis revealed that both muricins/Bcl xL complexes exhibit notable residue flexibility within
the binding pocket as shown in Figure 10. In the muricin H complex, residues such as Glu44 and Glu45
showed elevated fluctuations (RMSF: 13.18 and 13.05 A\), indicating dynamic and variable interactions
with the ligand. Similarly, the muricin | complex displayed increased RMSF at Val66 and Val67 (RMSF:
10.03 and 9.59 A), denoting analogous mobility within the binding site. Despite these local fluctuations,
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the overall average RMSF for both complexes remained modest featuring the values of 2.95 + 2.59 A for
muricin H and 2.73+2.24 A for muricin|, consistent with values reported for stable protein-ligand
systems, where average RMSF typically falls between 1-3 A, barring highly flexible loop regions. RMSF
serves as a robust indicator of residue-level dynamics, with peaks identifying regions of elevated mobility
while baseline RMSF reflects structural rigidity. These findings suggest that, although specific binding-
pocket residues exhibit transient flexibility, the core protein—ligand interface remains structurally stable.
Taken together, this dynamic profile suggests that both muricin H and | engage Bcl xL through persistent
and reliable interactions, reinforcing the structural validity of their docking conformations.

mmm Muricin H
mmm Muricin [

IIIII]III
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Figure 10. RMSF values for the MD simulation of the Bcl-xL protein with muricin H and muricin .

RMSF analysis served to characterise the residue-level flexibility of Bcl-xL upon binding with muricin H
and |. Distinct fluctuations were observed in specific regions of the protein—ligand complexes, suggesting
that ligand-induced conformational changes may influence the anti-apoptotic activity of Bcl-xL. Notably,
elevated RMSF values often indicate enhanced local flexibility due to structural adaptation around the
ligand, whereas lower values are associated with stable domains such as the canonical hydrophobic
groove responsible for sequestering pro-apoptotic BH3-only proteins [52]. Localized increases in RMSF
observed for both muricin H and | may thus reflect an induced flexibility that facilitates displacement of
native Bcl-xL ligands, ultimately favouring pro-apoptotic signalling.

Insights into structural integrity across the simulation

The radius of gyration (RoG) is an important parameter that defines the distribution of atoms around the
center of mass. In addition, it acts as an indicator of the compactness of the protein structure. Lower and
constant RoG values indicate the maintenance of a well-folded and structurally stable conformation over
time [53, 54]. In the present study, the muricin I/Bcl-xL complex showed a slightly lower mean RoG
compared to the muricin H. This indicates the enhanced compactness of the structure and the
stabilization of the interface.
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Figure 11. Analyzing the radius of gyration (RoG) in the molecular dynamics (MD) simulation trajectory
of muricin H and muricin | with the Bcl-xL protein over a 100 ns time interval.
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In line with this observation, the muricin H/Bcl-xL and muricin I/Bcl-xL complexes were in comparatively
similar state of structural compactness during the entire 100 ns simulation, with a mean RoG of 17.86 +
0.55 and 17.39 + 0.31 respectively. The RoG profiles of both systems were strongly plateauing, which is
typical of stable protein-ligand complexes. Changes within the range of 0.5A are mostly accepted and
regarded to be a sign of conformational stability. Thus, the low degree of variation in both simulations
implies that neither of the muricin ligands triggers notable unfolding or abnormal compaction of Bcl-xL,
which supports the structural integrity of the complexes and strengthens their validity as stable docking
models. This reduced RoG of the muricin I/Bcl-xL complex could be due to conformational changes at
the Bcl-xL binding groove, especially the rearrangements of the a-helices forming the BH3-binding site.
The BH3-binding groove is surrounded in Bcl-xL by helical 5 residues (alphat, 2, 3, and 5) mainly. A
decrease in RoG and constant RMSD (as seen in the case of muricin 1) is associated with a compaction
of these helices around the ligand, effectively reducing the width of the groove and enhancing van der
Waals and hydrophobic complementarity. Interactions with BH3 peptides or ligands typically induce an
opening of the hydrophobic groove where a3 shifts away from the peptide and in most cases becomes
less helical and disordered, though to different degrees depending on the peptide, while the a4 helix
moves towards the peptide, and overall, the groove becomes more open and V-shaped. Conformational
rearrangement with backbone mobility and side chain rearrangement of residues located specifically in
helices 2, 3, and 5 can be caused by small molecule binding. This form of induced conformational
rearrangement involving major backbone refolding and helical segment motions in the binding site have
been found in other high-affinity Bcl-xL inhibitors, and this sort of interaction has been linked to be more
selective and stable in binding the site [55-57]. On the other hand, muricin H triggered a relatively mild
effect on RoG, indicating a more flexible or loosely packed structure. These changes in structural
dynamics are supported by previous studies showing that the ligand has the potential to influence the
tertiary structure of Bcl-xL, which may trigger a pro-apoptotic effect [58].

Post-dynamic interaction

Following the completion of the 100ns MD trajectory, a thorough post-simulation analysis of
intermolecular contacts was conducted to assess the stability and persistence of ligand—protein
interactions, critical for validating docking accuracy. Interaction profiling revealed that residues Arg139,
Leu130, Phe105, Tyr101, and Tyr195 consistently participate in hydrogen bond formation as illustrated
in Figure 12. These contacts were not transient but persisted throughout the simulation, indicating strong
anchoring of muricin H within the Bcl-xL binding groove. A similar network of stabilizing interactions was
observed, with Arg139, Glu129, Leu108, Tyr101, and Tyr195 forming durable hydrogen bonds over the
course of the MD simulation. Notably, Tyr101 and Tyr195 are common to both complexes, highlighting
them as conserved “hot-spot” residues pivotal to ligand binding. These observations underscore the
reliability of the predicted docking conformations and the formation of stable, functionally relevant
interactions under dynamic physiological conditions.
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Figure 12. An illustration of the interactions between the ligands and Bcl-xL complex from simulated
trajectories. [A] muricin H and [B] muricin |. The overlap of initial structures (stick model) and their binding
configurations are shown on the diagram's left side. The accompanying right-side panel displays a more
thorough view.

Further insight into binding stability was obtained through dynamic hydrogen bonding and hydrophobic
interaction analyses. While docking simulations primarily revealed hydrophobic contacts, MD trajectories
uncovered additional time-dependent hydrogen bonds, suggesting the presence of transient stabilising
interactions. Dynamic or transiently formed H-bonds Time-dependent hydrogen bonds, also known as
dynamic or time-dependent H-bonds, are hydrogen bonds that form and break over nanosecond
timescales due to thermal fluctuations in the protein and ligand. In contrast to the challenges of static
docking, MD trajectories record occupancy of these bonds throughout the entire simulation window;
bonds with occupancy at least 30 percent are typically viewed as pharmacologically important
contributors to binding free energy. The presence of these bonds in both muricin complexes (Figure 12)
not predicted by docking indicates that the actual binding affinity can be lower than that determined by
the docking scores alone, further supporting the argument that these compounds are true Bcl-xL
inhibitors. Despite their structural similarity, muricin H and | displayed differential residue-level binding
preferences within the Bcl-xL pocket. These differences underscore the importance of subtle scaffold
features in dictating interaction specificity and protein conformational response, which are critical for
rational inhibitor optimisation.

Conclusions

This study shows that both muricin | and H are able to form stable and structurally coherent complexes
with the anti-apoptotic protein Bcl-xL in a long-term MD simulation. It is interesting to note that the rapid
stabilisation of muricin | was a consequence of tight and consistent interaction whereas greater flexibility
in RMSD was observed in muricin H, which indicates that an induced-fit mechanism could be involved
and thereby improves the inhibitory activity. The observed dynamic profiles are in agreement with other
similar phytochemical-Bcl-xL complexes, in which conformational plasticity between ligand-protein
interactions is associated with ability to induce apoptosis. RMSF and RoG studies have shown that
muricin | induce structural compaction and rigidity in the Bcl-xL hydrophobic binding groove, but that
muricin H permits more localised flexibility. These behaviours are consistent with results of recent
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natural-product BCL-2 family inhibitors, in which analogous dynamic changes mediated anti-apoptotic
function interference. Moreover, hydrogen bonding and hydrophobic contacts mapping using MD shows
stable interactions across the two ligands, which serve as a molecular explanation of selective binding.
Taken together, these results make muricin | and H strong Bcl-xL-inhibitory candidates. Their unique
dynamic interplay of stable interaction to adaptive flexibility provides the structural strategies to the
explicit design of the next generation of inhibitors that can induce robust apoptotic activities. These
insights provide a good basis of the further development of muricin-based scaffolds into therapeutic
development. Quantitative binding-affinity measurements (MM/PBSA), experimental structural validation
and functional assays should be the future aims of the research to support these encouraging
computational predictions.
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