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Malaria remains a major global health challenge, necessitating the discovery of novel therapeutic agents. This study investigates
secondary metabolites from Penicillium spp. as potential inhibitors of Plasmodium falciparum lactate dehydrogenase (PfLDH),
a critical enzyme in the parasite’s glycolytic pathway. A curated library of Penicillium-derived compounds underwent drug-
likeness and toxicity screening, resulting in the identification of 42 viable candidates. Molecular docking simulations revealed
three promising compounds—Penicilactone B, Penicillimide, and Penicillisocoumarin A—with binding affinities exceeding those
of the positive controls, NADH, and pyruvate. Among these, Penicilactone B exhibited the strongest binding affinity (=8.71 kcal/
mol) and the lowest inhibitory constant (414.77 nM). Molecular dynamics simulations confirmed the stability of these compounds
within the PfLDH binding pocket over a 200-ns trajectory, with Penicilactone B demonstrating the most stable interactions. Oft-
target predictions suggested minimal interaction with human lactate dehydrogenase, indicating a potentially favorable safety
profile. Penicilactone B emerged as the most promising candidate due to its molecular stability, efficient binding, and favorable
solvent interactions. Penicillisocoumarin A also showed potential, supported by its pharmacokinetic properties and safety in-
dicators. These findings highlight the potential of penicillium-derived secondary metabolites as a promising source for novel
antimalarial therapies targeting PELDH. Future research should focus on experimental validation, pharmacokinetic optimization,
and efficacy testing against diverse Plasmodium strains.

Keywords: antimalarial drug development; computer-aided drug discovery (CADD); malaria; penicillium-derived secondary
metabolites; Plasmodium falciparum lactate dehydrogenase (PfLDH)
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Summary

e Penicillium-derived metabolites identified as potent
PfLDH inhibitors for malaria.

e Penicilactone B shows balanced molecular stability,
packing, and solvent interaction.

e Penicillisocoumarin A shows a promising pharma-
cokinetic profile and safety.

e Molecular dynamics simulations confirm the stability
of key compounds over 200 ns.

o Off-target activity prediction confirmed no human
lactate dehydrogenase interaction.

1. Introduction

Malaria remains a major global health threat, particularly in
tropical and subtropical regions. In 2023, an estimated 263
million malaria cases were reported worldwide, with ap-
proximately 597,000 deaths—most of which occurred in
sub-Saharan Africa [1]. In 2018 alone, estimated 228 million
cases and 405,000 deaths were recorded globally, under-
scoring the persistent burden of this parasitic disease.
Malaria is transmitted through the bite of infected Anopheles
mosquitoes, with Plasmodium falciparum (P. falciparum)
being the most pathogenic of the five Plasmodium species
infecting humans, capable of causing severe and potentially
fatal disease [2].

The World Health Organization (WHO) currently
recommends artemisinin-based combination therapies
(ACTs) as the first-line treatment for uncomplicated
P. falciparum malaria [3]. These therapies combine arte-
misinin derivatives with other antimalarials, such as quin-
oline compounds, which act by inhibiting hematin
polymerization, thereby intoxicating the parasite with fer-
riprotoporphyrin IX generated during hemoglobin degra-
dation [4]. Other ACT components, such as pyrimethamine
and proguanil, inhibit the tetrahydrofolic acid cycle, thus
depleting a critical cofactor for DNA synthesis. Despite the
efficacy of ACTs, their widespread use has led to the
emergence of artemisinin-resistant P. falciparum strains,
particularly in Southeast Asia and Africa [5, 6]. Resistance is
also observed in other malaria species; for instance,
P. vivax—the most prevalent human malaria parasite
worldwide—has demonstrated resistance to chloroquine [7].

Efforts to combat malaria are hindered not only by
emerging drug resistance but also by the lack of a fully
effective vaccine. Resistance is thought to result from mu-
tations in drug target active sites or biochemical changes in
the drug receptor landscape [8]. This highlights the urgent
need to identify novel lead compounds and alternative
antimalarial agents capable of overcoming resistance.
Strategic efforts to discover new molecular targets for ra-
tional drug design are therefore critical [9].

One such promising target is P. falciparum lactate de-
hydrogenase (PfLDH), a key enzyme in the parasite’s an-
aerobic glycolytic pathway during the erythrocytic stage.
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PfLDH catalyzes the conversion of pyruvate to lactate, fa-
cilitating the regeneration of NAD" and thereby enabling
continuous ATP production in the absence of a complete
tricarboxylic acid (TCA) cycle [10, 11]. As P. falciparum
depends heavily on glycolysis for energy, inhibition of
PfLDH disrupts ATP production and ultimately leads to
parasite death, making it a valuable drug target [12].

PfLDH differs significantly from human lactate de-
hydrogenase isozymes (hLDHs) in terms of amino acid
composition, substrate specificity, and structural confor-
mation [13]. A distinctive five-residue insertion (DKEWN)
in the substrate specificity loop of PfLDH alters the active-
site architecture, displaces the nicotinamide ring, and ex-
pands the binding pocket volume compared to hLDH
[14-16]. These structural distinctions enhance the feasibility
of designing selective inhibitors with minimal off-target
effects in human hosts [17]. Furthermore, the flexible
binding modes within the PfLDH active site provide ad-
ditional opportunities for structure-based inhibitor design,
especially for overcoming emerging drug resistance [18].

In the search for novel therapeutics, secondary metab-
olites from microorganisms—particularly fungi in the genus
Penicillium—have shown significant promise. Penicillium is
renowned for its ability to produce a wide range of bioactive
compounds with pharmaceutical applications [19]. Over the
years, research on Penicillium spp., especially endophytes,
has expanded beyond antibiotic production to include
metabolites with diverse biological activities [20]. Notable
examples include the antibiotic penicillin, discovered by
Fleming [21]; the cholesterol-lowering drug compactin
(mevastatin) [22, 23]; and the antifungal agent griseofulvin
[24]. Additionally, Penicillium-derived compounds have
demonstrated anti-inflammatory [25-27], antioxidant
[28, 29], anticancer [30-33], immunosuppressive [34],
antifibrotic [35], antidiabetic [36-38], antiobesity [39, 40],
neuroprotective [41], antimicrobial [42, 43], antiviral [44],
and antiparasitic [45, 46] activities. These examples un-
derscore the pharmaceutical potential of Penicillium as
a source of bioactive secondary metabolites.

Traditional drug discovery, while historically successful,
is often limited by high costs, extended timelines, and high
attrition rates during clinical development [47]. In response,
computer-aided drug discovery (CADD) has emerged as
a powerful complement to conventional methods. CADD
leverages computational tools to efficiently screen large
compound libraries, predict target interactions, and opti-
mize pharmacokinetic properties prior to synthesis—ther-
eby accelerating and de-risking the drug development
process [48].

Within the CADD framework, virtual screening (VS)
plays a central role in prioritizing potential drug candidates
based on their predicted binding affinities. Oselusi et al.
demonstrated how both structure-based virtual screening
(SBVS) and ligand-based virtual screening (LBVS) ap-
proaches expedite the discovery of novel antimicrobial
agents [49]. Vemula et al. emphasized the integration of VS
with artificial intelligence (AI) and machine learning to
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compress drug development timelines [50]. Gupta et al.
further highlighted the synergy between VS and deep
learning in early-stage drug discovery applications, in-
cluding target identification and toxicity prediction [51].
In this context, the present study aims to investigate
secondary metabolites derived from Penicillium spp. as
potential inhibitors of PfLDH. Through a comprehensive
computational pipeline—including drug-likeness evalua-
tion, VS, molecular docking, and molecular dynamics (MD)
simulations—this study seeks to identify promising PFLDH
inhibitors that could serve as new antimalarial agents. This
approach not only addresses a critical global health challenge
but also contributes to the development of innovative
therapeutics to combat drug-resistant malaria.

2. Materials and Methods

2.1.  Penicillium-Derived Natural Compound Library
Preparation. To construct the compound library, secondary
metabolites derived from Penicillium spp. were meticulously
selected using the Natural Products Atlas 2.0, an open-access
database that provides a comprehensive platform for ex-
ploring microbial-derived natural products [52].

2.2. Drug-Likeness and Pharmacokinetics Evaluation. The
evaluation of the Penicillium-sourced compounds for drug-
likeness and pharmacokinetic properties was conducted using
SwissADME, a freely available web-based tool designed for
assessing small molecules’ pharmacokinetics, drug-likeness,
and medicinal chemistry compliance [53]. The analysis in-
cluded several widely accepted drug-likeness filters, namely,
Lipinski’s rule of five (Pfizer) [54], Ghose filter (Amgen) [55],
Veber filter (GSK) [56], Egan filter (Pharmacia) [57], and
Muegge filter (Bayer) [58], in addition to the Abbott bio-
availability score [59] and Pan Assay Interference Com-
pounds (PAINS) alerts [60]. Pharmacokinetic parameters
assessed included gastrointestinal (GI) absorption, blood-
brain barrier (BBB) permeability, P-glycoprotein (P-gp)
substrate status, and inhibition of cytochrome P450 (CYP)
enzymes. Inclusion Criteria: All natural compounds from the
internal library were included. Exclusion Criteria: Com-
pounds were excluded if they had excessive molecular size
(SMILES > 200 characters), poor GI absorption, BBB per-
meability, P-gp substrate activity, or inhibitory activity against
CYP isoforms (CYP1A2, CYP2C19, CYP2C9, CYP2D6, and
CYP3A4). Compounds that failed at least one drug-likeness
filter, had a bioavailability score < 0.55, or triggered PAINS
alerts were also excluded.

2.3. Toxicity Prediction. Toxicity prediction was performed
using ADMETIlab 2.0, a machine learning-based online
platform for predicting absorption, distribution, meta-
bolism, excretion, and toxicity (ADMET) profiles [61]. Key
toxicity endpoints included inhibition of the human ether-
a-go-go-related gene (hERG), human hepatotoxicity (H-
HT), drug-induced liver injury (DILI), mutagenicity (Ames
test), acute oral toxicity (rat model), FDA maximum rec-
ommended daily dose (FDAMDD), carcinogenicity, and

respiratory toxicity. Inclusion Criteria: Only compounds
that passed drug-likeness and pharmacokinetic screening
were considered. Exclusion Criteria: Compounds predicted
to be hERG blockers, hepatotoxic, DILI-inducing, muta-
genic, acutely toxic, carcinogenic, or respiratory toxic were
excluded.

2.4. Ligand Structure Preparation. Three-dimensional (3D)
structures of the ligands were retrieved from the PubChem
database [62]. Preparation steps included the addition of polar
hydrogens, assignment of Gasteiger charges, and merging of
nonpolar hydrogens using AutoDock Tools (ADT) version
4.2 [63-65]. Ligands were then energy-minimized using Open
Babel [66] with the Universal Force Field (UFF) and the
Conjugate Gradients algorithm (200 steps, 1-step update
frequency, and convergence threshold of 0.1 kcal/mol). Final
structures were saved in PDBQT format.

2.5. PfLDH Structure Preparation. The crystal structure of
PfLDH complexed with NADH and oxamate (PDB ID:
1LDG) was obtained from the Protein Data Bank (https://
www.rcsb.org/). The 1.74-A structure was cleaned using
BIOVIA Discovery Studio Visualizer [67] by removing water
molecules and co-crystallized ligands. ADT version 4.2
[64, 65] was used to add polar hydrogens, assign Kollman
charges, merge nonpolar hydrogens, and define atom types
and partial charges [68]. The resulting structure was saved in
PDBQT format for docking.

2.6. Molecular Docking Simulations. Docking simulations
were conducted using AutoDock 4.2. Grid maps of the active
site were generated using AutoGrid4 [64], with a spacing of
0.375 A and grid box dimensions of 60 x 60 x 60 A centered
at x: 30.86, y: 26.38, and z: 37.39. The Lamarckian genetic
algorithm (GA) was applied with 50 GA runs per ligand,
a population size of 200, 2.5 million energy evaluations,
a mutation rate of 0.02, and a crossover rate of 0.80 [69, 70].
Each ligand underwent 10,000 docking trials, repeated five
times. Binding energies (AGy;,4) and inhibitory constants
(Ki) were calculated using ADT [64, 65]. NADH and oxamic
acid were used as controls and docked with identical settings
to validate the protocol by comparing their docked poses
with crystallographic conformations.

2.7. Protein and Ligand Visualizations. Molecular visuali-
zations were generated using the Mol® Viewer tool [71],
providing high-resolution 3D renderings of protein-ligand
interactions and spatial configurations.

2.8. Comparison of Docking-Based and Deep Learning-Based
Binding Predictions. KDeep, a deep learning-based tool
representing a modern quantitative structure-activity re-
lationship (QSAR) approach, was used to validate docking-
based predictions. Trained on 3D protein-ligand complexes
from the PDBbind database, KDeep predicts binding free
energy (AGy;,q4, kcal/mol) and the negative logarithm of IC5,
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(pICso) [72]. Each docked PfLDH-ligand complex was
submitted to the KDeep web server (https://playmolecule.
org), and results were compared with AutoDock predictions.
Two correlation analyses were conducted: AGy;,q (Auto-
Dock vs. KDeep) and pKi (converted from AutoDock Ki) vs.
pICso (KDeep).

The pKi was calculated using the following equation:

pKi = —log,, (Ki[M]). (1)

Pearson correlation coefficients () and p values were
computed to evaluate consistency. Statistical analysis was
performed using Stata version 16 [73].

2.9. MD Simulations. Utilizing the Desmond Schrodinger
program [74], MD simulations of the ligand-receptor
complexes were performed following a sequential and de-
tailed procedure as outlined in a previous study [75]. This
included both the selected hit compounds and NADH,
which was employed as a positive control to allow for
comparative analysis of structural stability and flexibility.
The process began with the precise assignment of hydrogen
bonds within each complex, followed by the application of
the OPLS4 force field [76]. Each complex was immersed in
a TIP3P water model, ensuring a minimum distance of 10 A
from the edge of the simulation box [77]. To replicate
physiological conditions, the system was supplemented with
a 0.15M saline solution containing sodium and chloride
ions, with chloride ions added in specific quantities to
neutralize the net charge of each complex. The simulation
environment was maintained at a pressure of 1.01325 bar
and a temperature of 310.15K to mimic physiological
conditions [78]. Presimulation preparations involved a dual-
phase energy minimization using Maestro’s standard pro-
tocol, integrating both the steepest descent [79] and LBFGS
[80] algorithms to allow the system to reach a local energy
minimum. The preparation protocol included an initial
(constant number of particles, volume, and temperature
[NVT]) ensemble simulation at 10K using Brownian dy-
namics, followed by a 12-ps NVT simulation at the same
temperature to allow rapid temperature equilibration, all
while maintaining restraints on nonhydrogen atoms. Sub-
sequent (constant number of particles, pressure, and tem-
perature [NPT]) ensemble simulations were carried out at
varied temperatures and pressures, incorporating distinct
relaxation constants and velocity resampling every 1 ps [74].
The principal simulation phase lasted 200 ns under NPT
conditions, with simulation data recorded every 200 ps,
yielding approximately 1000 frames per system [81]. The
equations of motion were integrated using the RESPA in-
tegrator [82] with appropriately designated time steps.
Temperature and pressure constancy were ensured using the
Nose-Hoover thermostat and the Martyna-Tobias-Klein
barostat methods, respectively. A cutoff radius of 9.0 A was
employed for calculating both electrostatic and Lennard-
Jones interactions. This comprehensive MD setup was ap-
plied uniformly across all ligand-receptor systems, in-
cluding the NADH-PfLDH complex, to ensure consistency.
This elaborate and systematic approach was critical in
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accurately depicting the MD within each ligand-receptor
complex. For postsimulation analysis, the Simulation In-
teraction Diagram tool from the Desmond Schrédinger suite
was used [74].

2.10. Off-Target Activity Prediction. Potential off-target ef-
fects in humans were predicted using SwissTargetPrediction
[83], which assesses molecular similarity to known bioactive
ligands and infers probable protein targets [84, 85]. This
approach provides insights into the likelihood of unintended
interactions based on structural resemblance to compounds
with known biological targets.

3. Results

3.1.  Penicillium-Derived Natural Compound Library
Preparation. A detailed compilation of secondary metabolites
derived from Penicillium species was established using the
Natural Products Atlas 2.0 database. This process led to the
identification of 2181 compounds across different Penicillium
species, underscoring the vast diversity and potential of these
fungi for drug discovery applications (Supporting File 1).

3.2.  Drug-Likeness, Pharmacokinetics, and Toxicity
Prediction. A thorough assessment of the drug-likeness and
pharmacokinetics of the entire collection of 2181 natural
compounds in our in-house library identified 214 com-
pounds that met all the established drug-likeness criteria, as
outlined in the Materials and Methods (Supporting File 2).
The evaluation included key parameters such as molecular
weight, hydrogen bond donors and acceptors, rotatable
bond count, topological polar surface area (TPSA), and
compliance with medicinal chemistry filters (e.g., Lipinski,
Ghose, Veber, Egan, Muegge). Furthermore, specific phar-
macokinetic properties related to absorption and meta-
bolism were evaluated using SwissADME. These included GI
absorption, BBB permeability, P-gp substrate status, and the
potential to inhibit five major CYP isoenzymes - CYP1A2,
CYP2C19, CYP2C9, CYP2D6, and CYP3A4. Compounds
with low GI absorption, ability to cross the BBB, P-gp
substrate activity, or CYP450 inhibition potential were ex-
cluded from further analysis. A subsequent toxicity as-
sessment using ADMETIab 2.0 led to the exclusion of 172
compounds due to predicted risks such as hERG inhibition,
H-HT, DILI, mutagenicity (Ames test), acute oral toxicity in
rats, low FDAMDD, carcinogenicity, or respiratory toxicity
(Supporting File 3). After these rigorous evaluations, a final
set of 42 compounds remained for molecular docking
simulations, offering significant potential for investigating
therapeutic interactions and advancing the search for
promising drug candidates.

3.3. Molecular Docking Simulations. Prior to the molecular
docking process, the 3D configurations of the ligands were
obtained from the PubChem database [62]. Ten compounds
were excluded due to structural deficiencies. Subsequently,
molecular docking simulations for 32 natural compounds
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against PILDH were conducted using AutoDock 4. Notably,
three compounds—Penicilactone B (NPA026699), Pen-
icillimide (NPA029942), and Penicillisocoumarin A
(NPA030332)—demonstrated significant binding at the
precise locations of the PILDH active site. These compounds
exhibited stronger binding energies compared to the positive
controls, NADH (PfLDH’s coenzyme), and pyruvate
(PfLDH’s substrate) (Table 1).

3.3.1. Validation of Docking Protocol. To assess the reliability
of the molecular docking procedure, NADH and oxamic
acid—both co-crystallized ligands of PfLDH (PDB ID:
1LDG)—were docked into the enzyme’s active site using the
same protocol applied to the test compounds. The resulting
poses were then compared with their experimentally de-
termined conformations. As illustrated in Figure 1, both
ligands docked into the same canonical binding sites as
observed in the crystal structure: NADH occupied the NAD-
binding pocket, while oxamic acid aligned within the
substrate-binding region. This result demonstrates that the
docking procedure was capable of directing both ligands into
their appropriate binding regions without prior spatial bias.
More specifically, the docked pose of NADH exhibited
strong alignment with its crystallographic counterpart at the
nicotinamide-ribose region, preserving key interactions near
the catalytic loop of PfLDH. While the adenine ring dis-
played a flipped orientation compared to the crystal
structure—likely due to the conformational flexibility of
NADH and the limitations of rigid-receptor docking—the
core binding geometry remained consistent, maintaining
critical interaction zones. Similarly, oxamic acid’s docked
conformation aligned closely with its co-crystallized form in
terms of position within the substrate-binding site. Although
the docked molecule displayed a flipped orientation com-
pared to the crystal structure—likely a consequence of its
molecular symmetry and the energetically similar nature of
its termini—the functional groups responsible for anchor-
ing, including the carboxyl and amide moieties, remained
within key interacting regions. Overall, the observed overlap
between docked and native conformations of both ligands
indicates that the docking protocol employed in this study
can recapitulate biologically relevant binding modes. De-
spite minor deviations, especially in the flexible regions of
NADH, the approach provides sufficient accuracy and re-
liability for VS applications targeting PILDH.

3.3.2. Interactions of Positive Controls With PfLDH.
NADH (PfLDH’s coenzyme) demonstrated substantial
binding potential toward PfLDH, with binding energies
(AGy;gq) of —8.2kcal/mol. Interaction analysis revealed
hydrogen bonds with PILDH residues Gly27, Gly29, Asp53,
Gly99, Phel00, Asn140, Argl71, and Ser245, along with van
der Waals interactions with residues Ser28, Met30, Ile54,
Val55, Thr97, Ala98, Thr101, Trpl07, Leull2, Asnllé,
Val138, Thr139, Leul63, Leul67, His195, Ala236, Val240,
and Pro246. Additionally, NADH formed interactions with
PfLDH residues Ile31 and Pro250 via alkyl interactions
(Figures 2 and 3(a)).

Pyruvate (PfLDH’s substrate) displayed binding energies
of —5.64kcal/mol. Interaction analysis revealed hydrogen
bonds with PfLDH residues Argl09, Asn140, Argl71, and
His195, along with van der Waals interactions with residues
Trp107, Leul67, Ala236, Ser245, Pro246, and Pro250 (Fig-
ures 2 and 3(b)).

Oxamic acid, a known inhibitor of PfLDH, exhibited
a binding energy of —5.25kcal/mol. Interaction analysis
showed that it formed hydrogen bonds with key residues
Argl09, Argl71, His195, and Ser245 of PfLDH. Addition-
ally, van der Waals interactions were observed with residues
such as Trpl07, Asnl40, Leul67, Ala236, Pro246, and
Pro250 (Figures 2 and 3(c)).

3.3.3. Interactions of Top-Ranked Compounds With PfLDH.
Penicilactone B (NPA026699) exhibited notable affinity for
PfLDH with binding energies of —8.71 kcal/mol. The in-
hibitory constant (Ki) of Penicilactone B toward PILDH was
quantified as 414.77 nM, as presented in Table 1. Interaction
analysis revealed hydrogen bonds with PfLDH residues
Phel00, Argl09, Argl71, His195, and Pro246, along with
van der Waals interactions with residues Ile31, Thr97,
Thr101, Leull2, Asnl16, Val138, Thr139, Asn140, Leul67,
Ala236, Ser245, and Pro250. Additionally, Penicilactone B
formed an interaction with PfLDH residue Trpl07 via
ni-alkyl interaction (Figures 2 and 4(a)).

Penicillimide (NPA029942) displayed remarkable
binding potential to PfLDH with binding energies (AGy;,q)
of —8.26 kcal/mol. The inhibitory constant of Penicillimide
toward PfLDH was quantified as 880.81 nM, as presented in
Table 1. Interaction analysis revealed hydrogen bonds with
PfLDH residues Phel00, Thr139, Asnl40, His195, and
Ser245, along with van der Waals interactions with residues
Gly29, Met30, Gly32, Thr97, Gly99, Thr101, Trp107, Argl09,
Leull2, Asnll6, Vall38, Leul63, Leul67, Argl7l, and
Pro246. Additionally, Penicillimide formed interactions
with PfLDH residues Ile31, Ala236, Pro246, and Pro250 via
alkyl interactions (Figures 2 and 4(b)).

Penicillisocoumarin A (NPA030332) demonstrated
binding potential to PfLDH with binding energies (AGy;,q)
of —8.28kcal/mol. The inhibitory constant of Pen-
icillisocoumarin A toward PfLDH was quantified as
846.72nM, as presented in Table 1. Interaction analysis
revealed hydrogen bonds with PfLDH residues Thr97,
Phel00, Argl09, Asn140, and His195, along with van der
Waals interactions with residues Ile31, Ala98, Gly99, Thr101,
Trp107, Leull2, Asnll6, Thr139, Leul63, Leul67, Ser245,
Pro246, and Pro250. Additionally, Penicillisocoumarin A
formed an interaction with PfLDH residue Val138 via alkyl
interactions (Figures 2 and 4(c)).

The molecular docking simulations suggest that Pen-
icilactone B, Penicillimide, and Penicillisocoumarin A have
significant binding affinity toward PfLDH, surpassing the
binding energies of the positive controls, NADH, and py-
ruvate. These compounds exhibit multiple interactions with
key residues in the active site of PfLDH, indicating their
potential as potent inhibitors. The identified hydrogen
bonds, van der Waals interactions, and alkyl/m-alkyl
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FiGure 1: Validation of the docking protocol. Structural alignment of docked and cocrystallized conformations of NADH and oxamic acid
within the Plasmodium falciparum lactate dehydrogenase (PfLDH) active site confirms the reliability of the docking procedure. Both
ligands—retrieved from PubChem and redocked using the same parameters applied to test compounds—accurately occupied their expected
binding pockets, closely resembling the conformations observed in the crystal structure (PDB ID: 1LDG).

interactions are crucial for the stability and efficacy of these
potential inhibitors.

3.4. Comparison of Docking-Based and Deep Learning—Based
Binding Predictions. To further assess the reliability of the
docking protocol and support the observed binding affini-
ties, an additional analysis was conducted using KDeep—a
deep learning-based predictor trained on the PDBbind
dataset. For this purpose, the top-ranked ligands and pos-
itive controls were submitted to the KDeep web server. The
results included predicted binding free energies (AG,;,4) and
inhibition constants expressed as pICs,.

Correlation analyses were performed to compare the
binding free energies (AGy;,4) predicted by AutoDock and
KDeep, as well as the pKi values derived from AutoDock’s
inhibitory constants with the pICsy values predicted by
KDeep. The analysis revealed strong positive correlations in
both comparisons, with r=0.88 and p <0.001 for AG; 4
(AutoDock vs. KDeep), and r=0.87 and p <0.001 for pKi
(AutoDock) vs. pICso (KDeep).

These results demonstrate a high degree of consistency
between traditional molecular docking and deep learning-
based predictions. For instance, Penicilactone B and NADH
exhibited similarly favorable binding affinities and high
predicted inhibition constants across both platforms. While
some discrepancies in absolute values were noted—likely
due to differences in scoring functions and training meth-
odologies—the overall ranking of compounds remained
consistent.

These findings underscore the robustness of our VS
workflow and offer further validation for the selection of
promising lead compounds. Full data are summarized in
Supporting File 4, and corresponding scatter plots of cor-
relation analyses are shown in Figure 5.

3.5. MD Simulations. The dynamic movements of the docked
complexes and their binding stability under conditions
mimicking an in vivo environment were further examined
through MD simulations conducted over a 200-ns period using
the Desmond module of Schrédinger’s suite. The results
revealed that Penicilactone B, Penicillimide, and Pen-
icillisocoumarin A remained consistently bound within the
PfLDH binding pocket throughout the simulation, confirming
the complexes’ stability under simulated physiological condi-
tions (Supporting Videos 1-3). To validate the simulation
framework and provide a benchmark for comparison,
NADH—the natural cofactor of PfLDH—was included as
a positive control and simulated under identical conditions.
The comparative analyses of protein root mean square de-
viation (P-RMSD) and RMSF between NADH and the selected
compounds provided additional insights into the relative
stability and flexibility of each ligand-receptor complex.

3.5.1. P-RMSD. P-RMSD is calculated based on atom se-
lection after aligning all protein frames with the reference
frame backbone. Monitoring P-RMSD during the simula-
tion provides valuable insights into the protein’s structural
conformation. Figure 6 illustrates the P-RMSD values over
the simulation time for the PILDH protein interacting with
three compounds and the positive control NADH. The
P-RMSD values for all complexes show a trend in which the
deviation increases initially, indicating that the protein
undergoes some conformational changes upon binding with
the compounds. After this initial change, the P-RMSD
appears to plateau, suggesting that the protein-ligand
complexes reach a relatively stable conformation. For the
NADH-PfLDH complex, the average P-RMSD is approxi-
mately 2.681 £0.275 A, with a minimum and maximum of
1.112A and 3.366 A, respectively. For the Penicilactone
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FIGURE 2: Structural alignment of docked ligands within the PILDH active site. This multiligand overlay depicts the binding conformations
of NADH (cyan), pyruvate (magenta), oxamic acid (yellow), and the three top-scoring penicillium-derived metabolites—Penicillimide (light
azure), Penicilactone B (deep pink), and Penicillisocoumarin A (amber)—within the Plasmodium falciparum lactate dehydrogenase
(PfLDH) binding pocket. The magnified view highlights the spatial alignment of these ligands relative to the native coenzyme and substrate,
emphasizing their interactions with key catalytic residues and supporting their potential for competitive inhibition.

B-PfLDH complex, the average P-RMSD is approximately
2.408 +0.226 A. The minimum and maximum P-RMSDs are
1.228 A and 2.932 A, respectively. For the Penicillimide-
PfLDH complex, the average P-RMSD is approximately
2.676 +0.420 A, with a range from 1.174 A to 3.763 A. For
the Penicillisocoumarin A-PfLDH complex, the average
P-RMSD is approximately 3.110 +0.538 A, with a minimum
of 1.222 A and a maximum of 3.873 A. Overall, the behavior
of all complexes, as indicated by the average P-RMSD values,
points toward a reasonably stable interaction throughout the
simulation, with the expected level of flexibility necessary for
biological activity. The most stable complex was observed
with Penicilactone B, followed closely by NADH and
Penicillimide, while Penicillisocoumarin A exhibited the
highest average deviation, though still within an acceptable
range. Changes in the order of 1-3 A are considered ac-
ceptable for small, globular proteins. To further interpret
these results, it would be beneficial to consider other metrics
such as protein root mean square fluctuation (P-RMSEF),
protein-ligand contacts, ligand torsion profiles, and ligand

properties such as ligand RMSD, radius of gyration (rGyr),
intramolecular hydrogen bonds (intraHB), molecular sur-
face area (MolSA), solvent-accessible surface area (SASA),
and polar surface area (PSA), which can provide additional
layers of insight into the stability and behavior of the
complex (Figures 6(a) and 6(b)).

3.5.2. P-RMSF. P-RMSF is useful for characterizing local
changes along the protein chain. On the P-RMSF plot,
peaks indicate areas of the protein that fluctuate the most
during the simulation. Typically, the N- and C-terminal
tails fluctuate more than other parts of the protein.
Figure 6(c) illustrates the P-RMSF values over the simu-
lation time for the PfLDH protein interacting with three
compounds and the positive control NADH. For the
NADH-PfLDH complex, the RMSF profile showed mod-
erate flexibility with relatively low peak intensities across
most residue positions, reflecting its native compatibility
with the PfLDH binding pocket and stable interaction
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FiGURE 3: Two-dimensional interaction diagrams illustrating the binding modes of positive controls within the active site of Plasmodium
falciparum lactate dehydrogenase (PfLDH). The diagrams depict key interactions between the ligands and PfLDH amino acid residues,
including van der Waals forces (cyan), conventional hydrogen bonds (green), carbon-hydrogen bonds (orange), and alkyl interactions
(magenta). Panels (a—c) represent the following ligands: NADH (a), pyruvate (b), and oxamic acid (c).

pattern. Peaks were mainly observed at the terminal re-
gions, aligning with expectations for globular proteins. For
the Penicilactone B-PfLDH complex, the complex gener-
ally shows intermediate flexibility among the three, with
significant spikes in certain regions, indicating areas of the
protein that undergo more substantial movements relative
to the rest of the protein structure. For the
Penicillimide-PfLDH complex, the highest overall RMSF
values were observed, suggesting that it induces the greatest
flexibility within the protein structure. Peaks in RMSF
might indicate regions critical for conformational changes
or interactions that facilitate its binding or activity. For the
Penicillisocoumarin A-PfLDH complex, the complex
shows a more moderate level of fluctuation compared to

Penicillimide but is generally higher than Penicilactone
B. The data show a similar trend of flexibility, with sig-
nificant peaks indicating mobile regions (Figure 6(c)).

3.5.3. Protein-Ligand Interactions. During the simulation,
the protein-ligand interactions were closely monitored.
Stacked bar charts effectively illustrated that the complexes
exhibited various types of interactions, such as hydrogen
bonds, hydrophobic interactions, metal coordination, and
water bridges (Figure 7). These findings provide compre-
hensive molecular insights into the interaction dynamics
between the ligands Penicilactone B, Penicillimide, and
Penicillisocoumarin A with PfLDH, highlighting the critical
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F1GURE 4: Two-dimensional interaction diagrams illustrating the binding modes of penicillium-derived compounds within the active site of
Plasmodium falciparum lactate dehydrogenase (PfLDH). The diagrams depict key interactions between the ligands and PfLDH amino acid
residues, including van der Waals forces (cyan), conventional hydrogen bonds (green), carbon-hydrogen bonds (orange), and alkyl
interactions (magenta). Panels (a—c) represent the following ligands: Penicilactone B (a), Penicillimide (b), and Penicillisocoumarin A (c).

roles of hydrogen bonding, hydrophobic interactions, metal
coordination, and water bridge formations in stabilizing
these complexes. This conclusion is further supported by
Supporting Videos 1-3, which clearly demonstrate that all
three ligands remained consistently within the PfLDH
binding pocket and maintained stable interactions
throughout the 200-ns simulation period. These observa-
tions reinforce the reliability of the initial docked poses and
validate the docking protocol used.

3.5.4. Ligand Properties. In the realm of computational drug
design, the study of ligand properties plays a pivotal role in
predicting the behavior and interaction of potential drug
molecules with target proteins. Analyzing these properties
allows researchers to infer the efficacy, stability, and overall
suitability of ligands as therapeutic agents. Each property
provides specific insights that are crucial for optimizing drug
design and enhancing the understanding of molecular in-
teractions at the atomic level.
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FiGure 5: Correlation analysis between AutoDock 4 and KDeep predictions. (a) Scatter plot showing the correlation between predicted
binding free energies (AG, kcal/mol) obtained from AutoDock 4 and KDeep. A strong positive correlation was observed (r=0.88, p <0.001),
indicating consistency between the two prediction methods. (b) Scatter plot showing the correlation between predicted inhibition values
(pKi from AutoDock 4 vs. pICs, from KDeep). A similarly strong correlation was found (r=0.87, p <0.001), supporting the predictive
agreement in estimating inhibitory potential. Each data point (n = 35) in both panels represents an individual compound screened in this
study. Trend lines are included to illustrate the overall correlation patterns.
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FiGure 6: Continued.
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FIGURE 6: Analysis of root mean square deviation (RMSD) and root mean square fluctuation (RMSF) for PILDH complexed with three
penicillium-derived compounds and the positive control NADH. (a) RMSD analysis (0-200 ns): The root mean square deviation (RMSD) of
PfLDH in complex with Penicilactone B (magenta), Penicillimide (blue), Penicillisocoumarin A (orange), and NADH (green) over a 200-ns
simulation period. This plot illustrates the overall structural stability of the PELDH-ligand complexes throughout the entire simulation. (b)
RMSD analysis (150-200ns): A focused RMSD analysis of PILDH bound to Penicilactone B (magenta), Penicillimide (blue), Pen-
icillisocoumarin A (orange), and NADH (green) during the final 50 ns of the simulation. This section provides a detailed examination of the
structural stability of the complexes as they approach the conclusion of the simulation. (c¢) RMSF analysis: The root mean square fluctuation
(RMSF) of PfLDH in complex with Penicilactone B (magenta), Penicillimide (blue), Penicillisocoumarin A (orange), and NADH (green).
The RMSF plot reveals the flexibility of individual residues within the PfLDH enzyme when bound to each ligand, identifying regions with
high mobility that may influence ligand binding and enzymatic function.

Ligand root mean square deviation (L-RMSD) mea-  typically its initial conformation. This metric is funda-
sures the consistency of a ligand’s conformation  mental in assessing the conformational stability of a li-
throughout a simulation relative to a reference structure, = gand under physiological conditions. A low L-RMSD
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FIGURE 7: Interaction fractions of PELDH residues with Penicilactone B (a), Penicillimide (b), and Penicillisocoumarin A (c). The bar graphs
represent different types of interactions, including hydrogen bonds (green), hydrophobic interactions (purple), ionic interactions (pink),
and water bridges (blue). The y-axis indicates the interaction fraction, reflecting the frequency of these interactions throughout the
molecular dynamics simulation. Key residues such as ASN140 and VAL138 exhibit prominent interaction profiles, particularly through
hydrogen bonds and water bridges, highlighting their importance in ligand binding and stability.

indicates that the ligand maintains a stable conformation,
which is often associated with reliable binding and efficacy
in drug-receptor interactions. The results illustrated that
Penicilactone B had a mean L-RMSD of 2.217 A with
a standard deviation (SD) of 0.314A and reached
a maximum of 2.621 A. Penicillimide displayed a mean
L-RMSD of 1.490 A, with an SD of 0.319 A and a maxi-
mum value of 2.151 A. Penicillisocoumarin A showed
a mean L-RMSD of 1.098 A, an SD of 0.202A, and
a maximum of 1.799 A (Figure 8(a)). Although Pen-
icilactone B exhibited higher L-RMSD values compared to
the other compounds, this may reflect its conformational
flexibility that enables it to adapt and maintain stable
interactions within the binding site under dynamic
conditions. This flexibility may also enable the ligand to
accommodate transient fluctuations within the active site,
a characteristic often associated with effective inhibition
in physiological environments.

rGyr quantifies the compactness of a molecule in space,
serving as a measure of its “extendedness.” This property is
critical for understanding how a ligand might fit into the
binding pocket of its target protein. Molecules with smaller
rGyrs are generally more compact, potentially enhancing
their ability to fit into tight binding sites, which can affect
their biological activity and solubility. The results illustrated
that for Penicilactone B, the mean value was 3.484 A with
a SD of 0.167 A, a maximum of 4.000 A, and a minimum of
3.122 A. For Penicillimide, the mean was 3.954 A, the SD was
0.154 A, the maximum reached 4.313 A, and the minimum
was 3.284 A. Penicillisocoumarin A had a mean of 3.680 A,
an SD of 0.121, a maximum of 3.954 A, and a minimum of
3.175 A (Figure 8(b)).

IntraHB provides insights into the internal stability of
a ligand. Hydrogen bonds contribute significantly to the
structural integrity and rigidity of a molecule. Monitoring
the number of intraHB bonds helps predict the flexibility
and dynamic behavior of the ligand, which in turn influences
its interaction with the target protein. The results illustrated
that throughout the simulation time, ranging from 0.00 to
200.20 nanoseconds and across trajectories 0 to 1001,
intraHBs were counted as occurring 1 time for Penicilactone
B, 81 times for Penicillimide, and 149 times for Pen-
icillisocoumarin A (Figure 8(c)).

MolSA and SASA are measures of the total surface area
of a molecule. MolSA includes the van der Waals surface
area, which is crucial for understanding molecular recog-
nition processes. SASA, on the other hand, measures the
surface area accessible to solvent molecules, primarily water,
providing valuable information about the solvation prop-
erties and likely biological availability of the ligand. The
MOolSA results for each ligand indicate that Penicillimide has
the highest average MolSA at 286.343 A followed by
Penicilactone B at 266.876 A2, and Penicillisocoumarin A at
260.982 A%, Penicillimide also displayed the highest vari-
ability with a SD of 4.183 A> and a maximum MolSA of
294.374 A%, Penicilactone B and Penicillisocoumarin A
showed less variability, with SDs of 3.705 A? and 2.463 A%,
respectively. The minimum MolSA values observed were
253.495 A? for Penicilactone B, 265.466 A? for Penicillimide,
and 250.342 A? for Penicillisocoumarin A (Figure 9(a)). The
SASA results for each ligand reveal that Penicillisocoumarin
A had the highest average SASA at 45.107 A%, followed by
Penicilactone B with 37.888 A2, and Penicillimide with the
lowest at 20.685A” Penicilactone B showed the most
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FiGure 8: Ligand property analysis of PELDH complexes with penicillium-derived compounds. (a) Ligand root mean square deviation (L-
RMSD): L-RMSD measures the conformational stability of each ligand throughout a 200-ns simulation. Penicilactone B shows a mean L-
RMSD of 2.217 A, Penicillimide has a mean of 1.490 A, and Penicillisocoumarin A demonstrates the highest stability with a mean L-RMSD
of 1.098 A. (b) Radius of gyration (rGyr): This property quantifies the compactness of the ligands, with Penicillimide exhibiting the largest
mean rGyr value of 3.954 A, indicating a more extended conformation. In contrast, Penicilactone B and Penicillisocoumarin A are more
compact, with mean values of 3.484 A and 3.680 A, respectively. (c) Intramolecular hydrogen bond (intraHB): The intraHB analysis reveals
the internal stability of the ligands, with Penicillisocoumarin A forming the most intramolecular hydrogen bonds (149 occurrences),
followed by Penicillimide (81 occurrences) and Penicilactone B (one occurrence).

variation in its SASA values, with a SD of 35.597 A> and
a maximum SASA of 311.517 A%, indicating significant ex-
posure to solvent during the simulation. Penicillimide had
the least variability with a SD of 10.577 A> and a maximum
SASA of 72.516 A>. The minimum SASA values observed
were 2.495 A” for Penicilactone B, 0.686 A* for Penicillimide,
and 1.182 A? for Penicillisocoumarin A (Figure 9(b)).
Polar surface area (PSA) is particularly relevant in pre-
dicting the transport properties of a molecule, such as ab-
sorption, permeability, and solubility. This measure reflects the
area contributed by oxygen and nitrogen atoms, which are
capable of forming hydrogen bonds with water molecules,
influencing the ligand’s interaction with biological membranes.
The PSA results for each ligand are as follows: Penicilactone B
had an average PSA of 188.776 A* with a SD of 7.788 A%,
indicating moderate variability. The maximum and minimum
PSA values recorded for Penicilactone B were 208.525 A* and
160.404 A?, respectively. Penicillimide showed an average PSA
of 157.067 A%, the lowest among the three ligands, with a higher
SD of 9.448 A% suggesting greater fluctuation in its polar
surface exposure. The maximum and minimum PSA values for
Penicillimide were 188.749 A> and 133.688 A% respectively.
Penicillisocoumarin A had an average PSA of 177.371 A2, with
the least variability among the ligands, as indicated by a SD of
5.983 A2, Its PSA values ranged from a maximum of 193.924 A?
to a minimum of 149.897 A®. These results highlight the dif-
ferences in the potential hydrogen bonding capabilities and
solubility characteristics of the ligands (Figure 9(c)).

3.6. Off-Target Activity Prediction. SwissTargetPrediction is
an online tool designed to predict the targets of bioactive
small molecules in humans and other vertebrates. This tool is
valuable for understanding the molecular mechanisms un-
derlying a given phenotype or bioactivity, rationalizing
possible side effects, and predicting oft-target interactions of
known molecules. Since humans also possess the lactate
dehydrogenase enzyme, predicting off-target activity is
crucial to prevent potential adverse effects. Using the
SwissTargetPrediction platform, the off-target activities of
three compounds—Penicilactone B, Penicillimide, and
Penicillisocoumarin A—were assessed. The results suggest
that none of these compounds are likely to target hLDH.
While this prediction indicates a potentially low risk of
cross-reactivity with the human enzyme, it should be
interpreted with caution, as SwissTargetPrediction is based
on structural similarity and does not provide definitive
confirmation of biological activity. These results are detailed
in Supporting File 5.

4. Discussion

Based on the data and insights from the research, several key
points were illustrated regarding the potential of Pen-
icilactone B, Penicillimide, and Penicillisocoumarin A as
candidates for antimalarial drugs by inhibiting PfLDH.
The first key point concerns binding energies and in-
hibition constants. Penicilactone B, Penicillimide, and
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FIGURE 9: Analysis of ligand properties for Penicillium-derived compounds in complex with PILDH. (a) Molecular surface area (MolSA):
Penicillimide exhibits the highest average MolSA at 286.343 A% indicating a larger surface area for potential interactions, with a maximum
value reaching 294.374 A”. Penicilactone B and Penicillisocoumarin A follow with average MolSA values of 266.876 A” and 260.982 A2,
respectively, both showing lower variability. (b) Solvent-accessible surface area (SASA): Penicillisocoumarin A has the highest average SASA
at 45107 A?, suggesting the greatest exposure to solvent. Penicilactone B exhibits the most variability in SASA, with a standard deviation of
35.597 A” and a maximum of 311.517 A, indicating significant fluctuations in solvent exposure during the simulation. Penicillimide displays
the lowest average SASA at 20.685 A% and the least variability, suggesting a more consistent interaction with the solvent environment. (c)
Polar surface area (PSA): Penicilactone B shows the highest average PSA at 188.776 A, indicating a strong potential for hydrogen bonding
and interaction with biological membranes. Penicillimide, with the lowest average PSA of 157.067 A%, suggests lower polar surface exposure
and potentially different transport properties. Penicillisocoumarin A has a moderate average PSA of 177.371 A%, with the least variability

among the three ligands.

Penicillisocoumarin A demonstrated significant binding
affinity toward PfLDH, surpassing the binding energies of
the controls, NADH, and pyruvate. This suggests that these
compounds are effective at interacting with the PfLDH
active site. Penicilactone B exhibited the most potent
binding energy at —8.71 kcal/mol and the lowest inhibitory
constant at 414.77 nM, indicating strong and efficient in-
hibition of PfLDH. Meanwhile, Penicillimide and Pen-
icillisocoumarin A also showed competitive inhibition
constants, although they were less potent compared to
Penicilactone B. These findings align with previous research
on PfLDH inhibition. Specifically, studies involving bis-
quinoline derivatives and chromone-based inhibitors have
shown that similar classes of compounds, such as MAQ and
BAQ, exhibit strong binding to the PfLDH active site, al-
though they were described as weak inhibitors compared to
NADH [17, 86]. Likewise, chromone derivatives demon-
strated comparable interaction energies in their docking
studies, indicating their potential as PfLDH inhibitors [87].
These findings reinforce the potential of the studied com-
pounds as effective antimalarials targeting PfLDH, with
Penicilactone B showing the most potent inhibitory effect
based on binding affinity and inhibition constants. In ad-
dition to NADH and pyruvate, oxamic acid—a known

PfLDH inhibitor—was included in the docking study to
provide a benchmark for comparison. Oxamic acid
exhibited a binding energy of —5.25 kcal/mol, which is lower
than the binding affinities observed for Penicilactone B,
Penicillimide, and Penicillisocoumarin A. This suggests that
the selected compounds, particularly Penicilactone B, have
superior binding potential when compared to this estab-
lished inhibitor. Notably, oxamic acid formed hydrogen
bonds with key active-site residues such as Argl09, Argl71,
His195, and Ser245, and exhibited van der Waals in-
teractions with residues like Trp107, Asnl40, and Pro246.
These interactions partially overlap with those observed in
our lead compounds, lending further support to the idea that
the identified binding mode is pharmacologically relevant.
This comparison reinforces the potential of the screened
Penicillium-derived compounds as stronger PfLDH in-
hibitors than oxamic acid, which has previously been vali-
dated in structural and functional studies. Moreover, to
further validate the docking-based affinity predictions, deep
learning-based evaluations were performed using the
KDeep platform. Correlation analyses between AutoDock
and KDeep results showed a strong agreement, with »=0.88
(p <0.001) for AG,;,4 and r=0.87 (p < 0.001) for pKi versus
pIC50. These consistent trends across two distinct

B5UB017 SUOLULLIOD) BAIFeR1D) 3|cedl|dde au Aq pauenob ae saole WO ‘88N JO S3|n1 1oy A%e1q17 8UIIUO AB]1M UO (SUOIPUOD-PUE-SWR}L0D A8 | IMA eI 1 [ouUO//SHY) SUORIPUOD Pue swie L 8U3 88S *[5202/80/2T] uo Aiqiauliuo AB|IM 'V AN - SSFOOV DING3 Aq TE08E88/SIS/SSTT 0T/I0p/LI0D A8 | AIqIfeulUO//SARY Woiy papeo|uMoq ‘T ‘SZ0Z ‘89T9



Scientifica

computational approaches support the robustness of the
binding affinity rankings and reinforce the credibility of the
identified lead compounds.

The second key point addresses interaction analysis. All
three compounds interacted significantly within the binding
site of PELDH. These interactions included hydrogen bonds
and van der Waals interactions, which are essential for
strong and stable binding to the enzyme’s active site. The
variety and types of interactions, such as hydrogen bonds,
hydrophobic interactions, and van der Waals forces, suggest
that these compounds can robustly anchor themselves
within the PfLDH active site. This anchoring potentially
interferes with the enzyme’s normal function, exhibiting
antimalarial activity. These findings align with previous
research on quinoline-fluoroproline amide hybrids, which
showed that hydrogen bonding and hydrophobic in-
teractions play a critical role in stabilizing the ligand within
the PfLDH active site [87]. Similar interaction patterns were
reported in studies involving chromone derivatives and
other inhibitors, where key residues in the PfLDH enzyme
formed hydrogen bonds and van der Waals interactions with
the ligands, anchoring them effectively within the enzyme’s
binding pocket [17]. This corroborates our findings that such
interactions are crucial for inhibiting PfLDH activity,
reinforcing the potential antimalarial efficacy of these
compounds.

The third key point relates to MD simulations. Stability
assessments through MD simulations showed that all three
compounds maintained interactions within the PfLDH
binding pocket over a 200-ns period. This observation af-
firms the stability of these complexes under physiological-
like conditions. The P-RMSD values indicate that the
complexes remained relatively stable throughout the sim-
ulation period, with Penicilactone B exhibiting the most
stable behavior. This stability suggests that Penicilactone B
may provide consistent therapeutic effects with minimal
conformational changes that could affect drug eflicacy.
Similar research has demonstrated that MD simulations can
effectively predict the stability of ligand—enzyme complexes,
with P-RMSD values used as a measure of complex stability.
For instance, studies on quinoline-based compounds and
other known antimalarials have shown that low P-RMSD
values indicate stable binding within the PfLDH active site,
confirming the potential of these compounds to act as ef-
fective inhibitors [86]. In particular, our observation that
Penicilactone B exhibited the most stable behavior mirrors
findings from studies on other potent inhibitors. For ex-
ample, in MD simulations of aminoquinoline derivatives,
stable P-RMSD values were correlated with sustained in-
teractions in the active site and suggested better therapeutic
potential. The long-term stability of such compounds is
critical in maintaining consistent inhibitory activity, as
noted in research on other PfLDH inhibitors like amino
hydroquinoline-based ligands [87]. In this study, the in-
clusion of NADH as a positive control provided a valuable
benchmark for interpreting simulation results. The P-RMSD
and P-RMSF profiles of the NADH-PfLDH complex
showed moderate fluctuation with relatively stable behavior,
as expected for a native cofactor. When compared to NADH,
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Penicilactone B exhibited slightly better stability based on
average P-RMSD values and comparable P-RMSF trends,
highlighting its potential as a strong inhibitor candidate with
stability comparable to that of the natural ligand. This
comparative observation strengthens the confidence in our
simulation setup and suggests that Penicilactone B may
function effectively in the PfLDH binding pocket under
physiological conditions. Thus, its superior dynamic stabi-
lity—comparable to the native cofactor NADH—may offer
consistent therapeutic effects with minimal conformational
changes, supporting its potential as an antimalarial agent.

The fourth key point addresses comparative efficacy.
Penicilactone B exhibits molecular interactions similar to
those of the natural substrate and cofactor of PfLDH,
reinforcing its potential as a competitive inhibitor. Previous
studies have reported that inhibitors can bind to the active
site of PfLDH in three distinct modes: the pyruvate site, the
bridging site between the cofactor and pyruvate, or the
adenine binding site [18].

The fifth key point is off-target activity. According to
predictions generated by SwissTargetPrediction, these
compounds are unlikely to target hLDH, which suggests
a lower potential for causing side effects in human hosts.
While this prediction is not definitive, it supports the
possibility that these compounds may exhibit a favorable
safety profile as potential antimalarial agents. Selectivity
between PfLDH and hLDH remains a critical factor for
minimizing adverse effects in humans, an aspect that has
been emphasized in previous studies [88, 89].

The sixth key point relates to ligand properties. L-RMSD
is a critical metric in MD simulations, often used to assess
the stability of a ligand within a binding site over time. A
lower L-RMSD value generally indicates that the ligand
maintains a conformation close to its initial binding pose,
suggesting a stable and potentially effective interaction with
the target protein [90, 91]. In our study, Penicillisocoumarin
A exhibited the lowest mean L-RMSD of 1.098 A, indicating
that it maintained a conformation very close to its initial
structure, implying a high degree of stability and potentially
effective binding. Penicillimide, with a mean L-RMSD of
1.490 A, also showed high stability, suggesting robust and
reliable binding throughout the simulation. Penicilactone B,
with a slightly higher mean L-RMSD of 2.217 A but not over
3 A, displayed moderate variability, indicating consistent
interactions with the binding site, though with slightly more
conformational flexibility. rGyr is a crucial parameter in
understanding the overall compactness of a molecule, which
can directly influence how well a ligand fits into a binding
pocket. A lower rGyr value typically suggests a more
compact molecular structure, potentially allowing for better
accommodation within confined active sites of target pro-
teins [92, 93]. In our study, Penicillimide exhibited the
highest mean rGyr of 3.954 A, suggesting a less compact
structure that might struggle to fit into more restricted
binding sites, such as the active site of PELDH. On the other
hand, Penicillisocoumarin A and Penicilactone B, with lower
mean rGyr values of 3.680 A and 3.484 A, respectively,
demonstrated more compact structures that could poten-
tially fit better into the PfLDH active site. These findings are
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consistent with the general understanding that lower rGyr
values correlate with better ligand fitting in restricted protein
binding sites, enhancing the potential for effective inhibition
or modulation of the target protein. IntraHB plays a sig-
nificant role in determining the stability and flexibility of
molecules, which can directly influence their interactions
with biological targets. In the context of our study, Pen-
icillimide and Penicillisocoumarin A, which had higher
counts of intraHBs (81 and 149, respectively), likely benefit
from this increased internal stability, aiding in the main-
tenance of a favorable conformation for interacting with
P{fLDH [94, 95]. Conversely, Penicilactone B, with the fewest
intraHBs, may exhibit less internal stability but could possess
greater flexibility, allowing it to adapt more readily to the
enzyme’s binding site. This flexibility, while potentially re-
ducing overall stability, might be advantageous in certain
dynamic binding scenarios where adaptability is key [96, 97].
MolSA is crucial in drug discovery, indicating a molecule’s
potential for interaction, especially with protein binding
sites. Larger MolSAs typically enable greater interaction with
larger binding sites but may reduce specificity. Ertl et al. and
Duchowicz and Castro highlighted MolSA’s role in pre-
dicting drug transport, solubility, and bioavailability,
underscoring its importance in drug design [98, 99]. Our
study showed that Penicillimide’s high MolSA suggests
broader interaction but less specificity, while Penicilactone B
and Penicillisocoumarin A’s lower MolSAs indicate more
targeted binding to specific PfLDH residues. SASA is
a crucial metric in structural biology and drug design,
reflecting the extent to which a molecule is exposed to
solvent. Higher SASA values often correlate with increased
solubility and bioavailability, as the molecule is more ac-
cessible to solvent interactions. This property can signifi-
cantly influence a molecule’s pharmacokinetics and efficacy
[100-102]. Our study showed that Penicillisocoumarin A
had the highest SASA, indicating it is the most exposed to
solvent, potentially enhancing its solubility and bio-
availability. Conversely, Penicilactone B and Penicillimide,
with lower SASAs, may be less exposed to solvent, suggesting
more specific interactions within the PfLDH binding pocket.
PSA is a critical factor in drug design, particularly in pre-
dicting a compound’s transport properties, such as ab-
sorption and permeability. PSA is instrumental in assessing
how well a compound can interact with biological mem-
branes, influencing its solubility and bioavailability
[98, 103, 104]. In line with this, our study found that
Penicilactone B, with the highest mean PSA, likely has better
solubility and interaction with biological membranes, which
is beneficial for oral absorption. Conversely, Penicillimide,
which exhibited the lowest PSA, may have limited in-
teraction with aqueous environments, potentially reducing
its absorption. Based on the detailed analysis of these ligand
properties, Penicilactone B emerges as a strong candidate
due to its balance of molecular stability (moderate L-RMSD),
efficient packing (moderate rGyr), good solvent interaction
(moderate SASA and highest PSA), and sufficient molecular
recognition capabilities (moderate MolSA). These properties
collectively suggest that Penicilactone B can stably and ef-
fectively interact with PfLDH, maintaining good solubility
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and potentially favorable absorption characteristics. While
Penicillisocoumarin A shows the best stability (lowest L-
RMSD) and Penicillimide presents high internal rigidity
(high intraHB count), the overall balance of properties in
Penicilactone B aligns well with the requirements for ef-
fective drug-receptor interactions, making it a promising
lead for further development as an antimalarial drug.

The seventh key point addresses drug-likeness and
pharmacokinetics. Predicting the drug-likeness and phar-
macokinetics of Penicilactone B, Penicillimide, and Pen-
icillisocoumarin A based on their chemical and physical
properties provides insights into their potential as antima-
larial drug candidates (Table 2). Molecular Weight: Mo-
lecular weight is crucial in drug design, influencing
a compound’s oral bioavailability. Compounds with mo-
lecular weights under 500 g/mol, as suggested by Lipinski’s
“Rule of Five”, are generally more suitable for oral ad-
ministration due to better absorption and permeability.
Compounds above this threshold often face issues with
membrane permeability [54]. Our study found that Pen-
icilactone B (278.26 g/mol), Penicillimide (299.70 g/mol),
and Penicillisocoumarin A (264.27 g/mol) have molecular
weights within this ideal range, suggesting they are well-
suited for oral bioavailability and promising for further drug
development. XLogP3-AA (Partition Coefficient): The
partition coefficient is crucial for assessing a compound’s
lipophilicity, which affects its ability to permeate cell
membranes and its pharmacokinetic profile. Lipinski et al.
emphasized that moderate lipophilicity, with Logp values
between 1 and 3, typically enhances membrane permeability
and oral bioavailability [54]. In our study, Pen-
icillisocoumarin A, with an XLogP3-AA of 2.1, may have
superior membrane permeability compared to Penicilactone
B and Penicillimide. This moderate lipophilicity suggests it
can better penetrate cell membranes, supporting its potential
as an orally bioavailable drug. Hydrogen bond donor and
acceptor count: Hydrogen bond donors and acceptors are
crucial for determining the interaction of a drug with its
biological target, influencing its binding strength and
specificity. According to Lipinski et al., the “Rule of Five”
suggests that for a compound to have good absorption and
permeability, it should generally have no more than five
hydrogen bond donors (sum of OH and NH groups) and no
more than 10 hydrogen bond acceptors (sum of nitrogen
and oxygen atoms) [54]. In our study, all three com-
pounds—Penicilactone B, Penicillimide, and Pen-
icillisocoumarin A—have two hydrogen bond donors and
five to six hydrogen bond acceptors, aligning with Lipinski’s
guidelines. This balance is essential for forming hydrogen
bonds with the biological target, such as PELDH, the enzyme
targeted in malaria therapy. These interactions are crucial for
the compounds’ efficacy, as they contribute to the strength
and specificity of binding to the enzyme’s active site, en-
hancing the potential for effective inhibition. Rotatable bond
count: the number of rotatable bonds in a molecule is
a significant factor in drug design, as it affects the molecule’s
conformational flexibility and, consequently, its pharma-
cokinetic properties. Lipinski et al. discussed the importance
of molecular flexibility, particularly noting that fewer
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TasLE 2: The chemical and physical properties of the selected compounds Penicilactone B, Penicillimide, and Penicillisocoumarin A (https://

pubchem.ncbi.nlm.nih.gov/).

Compound name Penicilactone B Penicillimide Penicillisocoumarin A
PubChem CID 146683120 23900002 156581447
Molecular weight 278.26 g/mol 299.70 g/mol 264.27 g/mol
XLogP3-AA 1.7 0.9 2.1
Hydrogen bond donor count 2 2 2

Hydrogen bond acceptor count 6 5 5

Rotatable bond count 4 6 4
Topological polar surface area 93.1A2 92.7 A? 83.8 A%

rotatable bonds generally correlate with better oral bio-
availability due to more predictable interactions with bi-
ological targets. Molecules with fewer rotatable bonds tend
to have more rigid structures, which can lead to more
consistent binding to the target site, thus enhancing phar-
macokinetic predictability [54]. In our study, Penicilactone
B and Penicillisocoumarin A, each with four rotatable
bonds, are expected to exhibit less conformational flexibility,
resulting in more stable and predictable interactions with
their target, PILDH. Conversely, Penicillimide, with six
rotatable bonds, may exhibit greater flexibility, potentially
allowing it to explore different conformations within the
binding site. While this flexibility can sometimes be ad-
vantageous, offering the ligand multiple orientations to fit
into the active site, it may also lead to less predictable
pharmacokinetic behavior, which can be a disadvantage in
drug development. TPSA is a critical determinant of a drug’s
ability to permeate cell membranes, influencing absorption
and distribution. Lower TPSA values are generally associated
with better membrane permeability, which is advantageous
for drugs targeting intracellular sites. Lipinski et al. discussed
the importance of TPSA in drug design, noting that com-
pounds with lower TPSA values tend to have enhanced
membrane permeability and, therefore, better oral bio-
availability. Their work suggests that TPSA is a reliable
predictor of a compound’s ability to cross biological
membranes, which is essential for effective drug absorption
[54]. In our study, Penicillisocoumarin A, with the lowest
TPSA (83.8 Az), is likely to exhibit better membrane per-
meability compared to Penicilactone B (93.1 A*) and Pen-
icillimide (92.7 A%). This lower TPSA value suggests that
Penicillisocoumarin A may more effectively reach in-
tracellular targets, like PfLDH, making it a potentially more
effective therapeutic agent. To further strengthen the as-
sessment of pharmacokinetic suitability, this study also
incorporated predictive analyses of absorption and meta-
bolism. Absorption was evaluated through in silico pre-
diction of GI absorption and P-gp substrate status. All three
compounds showed high GI absorption and were not
identified as P-gp substrates, indicating favorable oral bio-
availability and minimal risk of efflux-related resistance.
Additionally, predictions of BBB permeability showed that
none of the compounds were likely to penetrate the CNS,
which supports a reduced risk of central nervous system side
effects—an advantageous feature for antimalarial agents that
act peripherally. For metabolism, the inhibitory potential of
the compounds toward five key CYP isoenzymes (CYP1A2,

CYP2C19, CYP2C9, CYP2D6, and CYP3A4) was evaluated.
None of the selected compounds were predicted to inhibit
these enzymes, suggesting a low probability of drug-drug
interactions and favorable metabolic stability. These insights
complement the physicochemical properties previously
discussed and collectively support the drug-likeness of the
compounds from both chemical and pharmacokinetic
perspectives.

The eighth key point is toxicology prediction. The tox-
icology predictions for Penicilactone B, Penicillimide, and
Penicillisocoumarin A indicate promising aspects regarding
their safety profiles as potential antimalarial drugs, based on
data from ADMETIlab 2.0 (Table 3). hERG Blockers: The
hERG encodes a potassium channel that is crucial for cardiac
repolarization. Blocking this channel can lead to cardiac
toxicity, including potentially fatal arrhythmias, making the
assessment of hERG blocking potential critical in drug
development [105, 106]. In our study, Penicillimide, Pen-
icilactone B, and Penicillisocoumarin A exhibited excellent
hERG scores, indicating a very low risk of blocking the
hERG channel. While Penicillimide showed a slightly higher
value (0.021) compared to Penicilactone B (0.004) and
Penicillisocoumarin A (0.01), all values were still within the
range considered safe, suggesting a low likelihood of causing
cardiac toxicity. This supports their potential as safe ther-
apeutic candidates. H-HT: H-HT is a critical factor in drug
development, as it indicates the potential of a compound to
cause liver toxicity [107, 108]. In our study, Penicilactone B
and Penicillisocoumarin A showed excellent H-HT scores
(0.04 and 0.19, respectively), indicating a lower potential for
causing liver toxicity. In contrast, Penicillimide scored
a medium risk (0.377), suggesting a higher hepatotoxic
potential compared to the other compounds. These pre-
dictions align with the emphasis on using in silico tools to
screen for potential toxicity early in the drug development
process, thereby reducing the risk of late-stage failures due to
adverse effects on liver health. DILL: DILI is a major concern
in drug development, as it can lead to severe liver damage
and is a common cause of drug withdrawal from the market
[109]. In our study, Penicillisocoumarin A demonstrated an
excellent DILI score (0.245), indicating a low risk of causing
liver injury. In contrast, Penicilactone B and Penicillimide
fell into the medium-risk category, with scores of 0.526 and
0.568, respectively, suggesting a moderate risk of DILI. These
findings underscore the importance of DILI prediction in
evaluating the safety profile of drug candidates. Ames
toxicity: Ames toxicity is a crucial factor in drug
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TaBLE 3: Toxicology prediction of the selected compounds Penicilactone B, Penicillimide, and Penicillisocoumarin A using ADMETIab 2.0.

Penicillisocoumarin A
(156581447)

Compound

name (PubChem CID) Penicilactone B (146683120) Penicillimide (23900002)

hERG blockers

Human hepatotoxicity (H-HT)
Drug-induced liver injury (DILI)

Ames toxicity

0.004 (excellent)
0.04 (excellent)
0.526 (medium)
0.012 (excellent)
0.019 (excellent)

0.021 (excellent)
0.377 (medium)
0.568 (medium)
0.026 (excellent)
0.12 (excellent)

0.01 (excellent)
0.19 (excellent)
0.245 (excellent)
0.068 (excellent)
0.027 (excellent)

Rat oral acute toxicity (ROA toxicity)

Maximum recommended daily dose (FDAMDD)
Carcinogenicity

Respiratory toxicity

0.501 (medium)
0.048 (excellent)
0.19 (excellent)

Note: Empirical decision: 0-0.3: excellent; 0.3-0.7: medium; 0.7-1.0: poor.

0.016 (excellent)
0.031 (excellent)
0.012 (excellent)

0.62 (medium)
0.205 (excellent)
0.179 (excellent)

development, as it assesses the mutagenic potential of
chemical compounds, which can indicate the likelihood of
a substance causing genetic mutations and potentially
leading to cancer [110]. In our study, Penicillimide and
Penicillisocoumarin A showed slightly higher Ames toxicity
scores (0.026 and 0.068, respectively) compared to Pen-
icilactone B (0.012). However, all compounds scored ex-
cellently, indicating a low potential for mutagenicity and
suggesting that they are safe from a genetic toxicity per-
spective. These excellent scores highlight the compounds’
potential as safe candidates for further drug development.
Rat oral acute toxicity (ROA toxicity): ROA toxicity is
a crucial parameter in drug development, as it helps predict
the potential toxic effects of a compound when ingested
[111]. In our study, Penicilactone B and Penicillisocoumarin
A showed better ROA toxicity profiles (0.019 and 0.027,
respectively) compared to Penicillimide (0.12). Although
Penicillimide had a higher toxicity score, all compounds
were still rated as excellent, indicating a low risk of acute
toxicity when administered orally. FDAMDD: FDAMDD is
a crucial parameter in drug development, indicating the
highest daily dose of a compound that can be administered
without causing significant adverse effects [112]. In our
study, Penicillimide showed an excellent FDAMDD score
(0.016), suggesting a higher permissible daily dose compared
to Penicilactone B (0.501) and Penicillisocoumarin A (0.62),
which scored in the medium range. This indicates that
Penicillimide may be safer at higher doses, whereas the
others may require lower daily doses to avoid toxicity.
Carcinogenicity: Carcinogenicity is a critical concern in drug
development, as it assesses the potential of a compound to
cause cancer. In our study, Penicillimide had the best car-
cinogenicity score (0.031), indicating the lowest potential for
cancer risk among the three compounds. Penicilactone B
and Penicillisocoumarin A also scored well (0.048 and 0.205,
respectively), but Penicillimide’s slightly better score sug-
gests it may be the safest in terms of carcinogenicity. All
compounds, however, fall within the excellent range, in-
dicating a low overall risk of carcinogenicity. Respiratory
toxicity: Respiratory toxicity is a critical concern in drug
development, as it assesses the potential of a compound to
cause harmful effects on the respiratory system [113]. In our
study, Penicillimide exhibited the lowest risk of respiratory
toxicity with a score of 0.012, suggesting it is the safest
among the three compounds. Penicilactone B and

Penicillisocoumarin A also demonstrated low risks, with
scores of 0.19 and 0.179, respectively. Despite slight varia-
tions, all compounds were rated as excellent, indicating a low
overall risk of causing respiratory toxicity. Based on the
toxicological prediction data, none of the compounds ex-
hibit serious toxicity concerns, suggesting that all could
potentially serve as favorable candidates for further devel-
opment as antimalarial drugs. Among them, Pen-
icillisocoumarin A might be considered the safest candidate
due to its consistently excellent scores across most
parameters.

5. Conclusions

In conclusion, Penicilactone B, Penicillimide, and Pen-
icillisocoumarin A represent promising leads for the de-
velopment of new antimalarial drugs targeting PfLDH.
Penicilactone B, in particular, stands out due to its potent
inhibitory effect, structural stability, and favorable phar-
macokinetic and toxicological profiles, making it a strong
candidate for further preclinical development.

However, it is important to acknowledge that key
challenges remain, particularly concerning bioavailability,
metabolic stability, and the potential for off-target effects.
While in silico predictions offer valuable initial insights, they
may not fully capture the complexity of biological systems.

Therefore, future research should begin with PfLDH
enzyme inhibition assays to validate the computational
predictions of binding affinity and inhibitory constants. This
should be followed by parasite growth inhibition assays
using cultured P. falciparum strains to assess the com-
pounds’ functional efficacy in a biological context. To
evaluate safety and selectivity, toxicity assays against human
cell lines (e.g., HepG2 or HEK293) should also be conducted.
These experiments will help verify not only the biological
activity but also the therapeutic window of the compounds.

Moreover, structure—activity relationship (SAR) analysis
and potential synergistic effects with current antimalarial
drugs should be explored to optimize efficacy and minimize
the risk of resistance development.
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