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Abstract

The PD-1/PD-L1 axis promotes tumour immune evasion and functions as a crucial immune
checkpoint, highlighting its importance as a primary target for immunotherapy in
colorectal cancer. Although there have been significant improvements in the use of
antibodies to treat colorectal cancer, therapeutic antibodies still face several challenges,
including immune responses and immunologically mediated toxicities. Natural compounds
are emerging as attractive small-molecule inhibitors of PD-L1 and enhancers of anticancer
T cell-mediated responses. We reviewed the marine natural products database to identify
potential lead compounds for developing new small-molecule inhibitors targeting the PD-
1/PD-L1 axis. Among the compounds examined, CMNPD3605 demonstrated the most
powerful inhibition of PD-1/PD-L1 interaction and showed greater promise than current
small-molecule inhibitors in clinical studies. In conclusion, this study identifies novel PD-
L1 inhibitors and sets up a computational framework for making small-molecule immune
checkpoint inhibitors that can be tested in living colorectal cancer models.

1. Introduction

The ability of cancer cells to evade the host immune response is one of the major key
feature during cancer progression [1]. The major control of the immunological escape
process is performed by the immunological checkpoints, interaction between PD-1 and PD-
L1 is one of the main mechanisms that carries out the immune evasion process. [2, 3].The
PD-L1 is an crucial molecule and plays a significant part in the process of preserving
immunological homeostasis inside the host [4]. Cancer cells expressed PD-L1 interact with
PD-1 receptors expressed by T cytotoxic cells and initiate Programmed cell death in T
cytotoxic cells resulting in decreased anticancer activity [5]. The PD-L1 is primarily
expressed by cancer cells, neutrophils, natural killer (NK) cells, and macrophage-lineage
cells and is absent from all other normal human tissues (Dong et al., 2002; Li et al., 2022;
Yin et al., 2021). Yin et al reported that extracellular vesicles (EVs) released from
colorectal cancer (CRC) cells that contain microRNAs reprogram macrophages towards
M2 phenotype and enhance the expression of PD-L1 through the regulation of PTEN/AKT
and SOCS1/STAT1 signaling pathways [6]. Consistent with this study, our results show
that exosomes released from CRC cells are capable of inducing PD-L1 expression in
macrophages, and these macrophages further upregulate PD-L1 levels in cancer cells, as
confirmed by RT-PCR analysis. PD-1/PD-L1 checkpoint blockade immunotherapy for
tumors showed promising results in patients with tumors, including lung cancer [7],
breast cancer [8], and gastric cancer [9]. Currently PD-1/PD-L1-directed monoclonal
antibodies (mAbs) are useful in clinical trials [10, 11]. Even though some cancer patients
respond to monoclonal antibody as a cure, a few problems are still related to the therapy.
For example, it is costly and not available in pill form, its production is arduous and
expensive, it is not well absorbed, and it has the potential to produce issues with the
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immune response at the location of the tumor [12, 13]. To deal with this issue, small
molecule inhibitors offer numerous benefit over monoclonal antibodies. These advantages
include the fact that they can be given orally, have a long half-life, can be easily reach the
tumor site, have minimal immune-related adverse effects and easy to transport and store
[14]. In order to enhance tumor immunotherapy, the substitution of monoclonal antibodies
(mAbs) with small molecule inhibitors is necessary, which will allow for the elimination of
the constraints that are associated with the former. Thus, there is a need to come up with
better and safer PD-L1 inhibitors.

We analysed the inhibitor binding and complex dynamics by using molecular docking and
MD simulations. Initially, molecules were sent through a series of tests to determine how
well they could connect to each other and how they interacted with one another. Following
the screening, a few compounds were shown to have exceptional promise. These
molecules exhibited high affinity and stable interactions in the PD-L1 binding site. The top
candidates were then comprehensively examined for their inhibitory capacity, biological
characteristics, ADMET behavior, and interaction modes with PD-L1. Molecular dynamics
simulations were performed on PD-L1 and its inhibitor-bound complexes for a duration of
200 nanoseconds. The purpose of these simulations was to strengthen the knowledge of
conformational behavior by shedding light on features of complex stability and
intermolecular interactions. In the context of cancer treatment, the findings collectively
lend support to the use of small-molecule inhibitors of PD-L1 as potential therapeutic
interventions.

2. Materials and methods

2.1. Cell lines and culture

The Colo 205 human colorectal carcinoma cell line and the THP-1 human monocytic cell
line were obtained from the National Centre for Cell Science (NCCS), Pune, India. Both
cell lines were maintained in RPMI-1640 medium (Gibco) supplemented with 10% heat-
inactivated fetal bovine serum (FBS; Gibco) and antibiotics (100 U/mL penicillin and 100
pg/mL streptomycin; Invitrogen). Cultures were incubated at 37°C in a humidified
atmosphere containing 5% COL. Differentiation of THP-1 monocytes into macrophages was
induced by treatment with 25 ng/mL phorbol 12-myristate 13-acetate (PMA; Sigma-
Aldrich) for 24 hours. Following differentiation, the PMA-containing medium was replaced
with fresh complete RPMI medium before exposure to exosomes.

2.2. Exosome isolation and characterization

Colo-205 cultures were allowed to grow to 70-80% confluence, and the culture medium

was replaced with serum-free media. The conditioned media were collected after 48 hours

and centrifuged at 300xg for 5 minutes and 2,000xg for 30 minutes to remove cell debris.
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Centrifuged supernatant was passed through a 0.22 ym PVDF filter, and then proceeded
to ultracentrifugation at 100000xg for 2 h to isolate exosomes. Subsequently, isolated
exosomes characterized through NTA and SEM.

2.2.1. Nanoparticle tracking analysis

To characterize the exosomes, nanoparticle tracking analysis (NTA) used to detect size as
well as concentrations of the sample. The NTA analysis was performed with Nanosight
(NTA Version: NTA 3.4 Build 3.4.003). The exosome samples were diluted 1000 times in
Milli-Q water before analysis

2.2.2. Scanning electron microscopy (SEM)

To confirm the size and morphology of exosomes scanning electron microscope was
utilized. 10 pL of the exosome suspension was diluted in PBS and then fixed with
glutaraldehyde for 15 minutes. The sample was then rinsed with PBS, dehydrated using
ethanol, and air-dried at room temperature for 24 hours. Finally, a coating of gold-
palladium was applied to the samples, and imaging was conducted using a scanning
electron microscope.

2.3. RNA isolation and quantitative real-time PCR
(qRT-PCR)

THP-1 and Colo-205 cells were collected and washed with PBS after respective
treatments. Total RNA was extracted using RNAiso Plus reagent (Takara Bio Inc., Japan)
following the manufacturer’s protocol. RNA concentration and purity were determined
using a Nanodrop spectrophotometer. For cDNA synthesis, 1000 ng of RNA was reverse-
transcribed using the Takara cDNA Synthesis Kit. gqRT-PCR was performed with SYBR
Green Master Mix on a QuantStudio 3 Real-Time PCR System (Applied Biosystems). Gene
expression of GAPDH and PD-L1 was quantified using the 2~-AACt method, with GAPDH
as the internal reference. Primer sequences are GAPDH: F 5'-AATCCCATCACCATCTTCCA-
3’, R5"-TGGACTCCACGACGTACTCA-3" and PD-L1: F 5-ATGGTGGTGCCGACTACAAG-3’' R
5- GGAATTGGTGGTGGTGGTCT-3’

2.4. Target structure preparation

The PD-L1-PD-1 complex structure (PDB ID: 4ZQK; Resolution: 2.45 A) [15] was initially
inspected to define the protein-protein interaction interface. Using UCSF Chimera [16],
residues at the PD-L1 interface located within 3 A proximity to PD-1 were identified and
catalogued through detailed inspection of the protein-protein complex. For all subsequent
simulations, the PD-L1 protein was isolated by removing the PD-1 chain and any non-
protein entities. The resulting PD-L1 structure was then prepared using the protein
preparation wizard module [17] of Schrodinger, which performed all necessary
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corrections including assignment of bond orders, addition of hydrogens, optimization of
hydrogen bonding networks, and assignment of protonation states at pH 7.0. The prepared
PD-L1 receptor, focused on its functional interface (F19, Y56, Q66, R113, A121, D122,
Y123, K124, R125) [18], was then used for grid generation for molecular docking studies
using the receptor grid generation module [19].

2.5. Ligand library processing

The ligand library was assembled from the Comprehensive Marine Natural Products
Database (CMNPD) [20], a manually curated, open-access resource that catalogs over
31,000 marine natural products with associated 2D/3D structures, physicochemical and
predicted ADMET properties, standardized bioactivity annotations, source-organism
taxonomy and geographic metadata, and literature citations. CMNPD supports
structure-based discovery workflows through downloadable bulk datasets and a web
interface that enables structure, substructure and property queries, visualisation and
network exploration, and provides compound-level report pages containing computed
descriptors, bioactivity records and bibliographic links. For reproducibility, the CMNPD
dataset (31,561 entries) was downloaded and a standardized LigPrep [21] workflow was
applied, which involved desalting, generating possible tautomers, correcting protonation
at physiological pH (7.0 + 2.0), and generating all relevant stereoisomers and low-energy
3D conformers. Ligands were minimized using the OPLS3e [22] force field and stored in
Maestro format for downstream virtual screening.

2.6. Virtual screening and ADMET predictions

A tiered virtual screening workflow was applied to the full CMNPD library against the PD-
L1 interface grid using Glide [23] HTVS, SP, and XP precision in sequence. High-
throughput virtual screening (HTVS) was perfomed for initial filtering, then standard
precision (SP) docking for pose refinement, and lastly, extra precision (XP) docking for
final ranking. The docking grid was centred on the mapped PD-L1 interface residues, and
van der Waals scaling was set at 0.8 for nonpolar atoms with a partial charge cutoff of
0.15 for diverse chemical sampling. Top hits from XP docking were ranked by GlideScore
and manually inspected to ensure meaningful engagement with interface residues. Lead
compounds: CMNPD16477, CMNPD21979 and CMNPD3605 were prioritized for further
study alongside the benchmark inhibitor INCB086550 [24]. Subsequently three prioritized
leads and the control were evaluated computationally for ADMET properties using pkCSM
[25]. Predicted endpoints included Caco-2 permeability, blood-brain barrier penetration,
CYP2D6 inhibition, AMES mutagenicity, hepatotoxicity, and skin sensitization. All three
leads passed the predefined ADMET filters and were advanced, along with the control, to
molecular dynamics simulations.

2.7. Molecular dynamics simulations
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Molecular dynamics (MD) simulations were employed to assess the stability and dynamic
behavior of the docked PD-L1-ligand complexes under explicit solvent conditions. The top-
ranking complexes from virtual screening and ADMET analyses were prepared for
simulation using the LEaP module of AmberTools19 [26]. Counterions were added as
needed to neutralize each system, which was then solvated in a periodic octahedral box of
TIP3P water molecules, providing a 10.0 A buffer in all directions [27]. Parameterization
was achieved by assigning the Amber ff14SB [28] force field to the protein, and the
Antechamber-derived AM1-BCC [29] atomic charge, along with the GAFF2 [30] force field
to ligand molecules. All simulations were conducted using the pmemd.cuda module of
AMBERI18 [26, 31-33]. Long-range electrostatic interactions were treated using the
particle-mesh Ewald (PME) [34] method, and all covalent bonds involving hydrogen atoms
were constrained using the SHAKE [35] algorithm. A 10 A non-bonded cutoff was applied.
Each simulation used a 2.0 fs time step. Energy minimization and multi-step heating to
300 K followed by equilibration were first performed, after which the systems were
subjected to 200 ns of unrestrained MD in the NPT ensemble at 1 atm and 300 K. Pressure
and Temperature during the simulations were controlled using the Berendsen barostat
[36] and Langevin thermostat [37, 38], respectively. All trajectory post-processing and
quantitative analyses, including RMSD, RMSF, hydrogen bonds, radius of gyration, and
solvent-accessible surface area, were performed using the CPPTRA]J [39] module in
AMBERI18.

2.8. Trajectory analysis

Protein stability was evaluated by calculating the backbone root-mean-square deviation
(RMSD) and root-mean-square fluctuation (RMSF), focusing on both global protein
behavior and specifically on the PD-L1 interface region. Ligand stability was monitored by
calculating the ligand RMSD relative to its initial docked conformation. To assess protein
compactness and folding, the radius of gyration (Rg) was computed over the molecular
dynamics trajectories, while solvent-accessible surface area (SASA) calculations provided
insights into changes in surface exposure. Hydrogen bond analysis between the protein
and the ligands was carried out with the CPPTRAJ module in AmberTools18. Standard
geometric definitions were used, considering donor-acceptor distances within 3.5A and
bond angles above 120°.

2.9. Binding free energy calculations and data
visualization

Binding free energies (A Gy;,q) were estimated using the Molecular Mechanics Poisson-
Boltzmann Surface Area (MM/PBSA) method [40, 41]. It was computed as:

A Gping= (Gcomplex) - (Gprotein) - (Gligand)
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where each G, represents the average free energies of the respective species i.e.,
complex, protein, or ligand, obtained from equilibrated molecular dynamics snapshots.
These total free energy values were further split into contributions from molecular
mechanics and solvation energies:

G= EMM"‘ Gsolv
Where
E MM=Ebonded + AEVdW + AEelec

and
Gsov=A4A Gpol +A an

Here, AE 4w and AE,,. are the van der Waals and electrostatic interaction energies, AG
is the polar solvation free energy estimated using the Poisson-Boltzmann equation, and

A G, is the non-polar solvation free energy calculated from solvent-accessible surface area
(SASA) models. The entropic term (— TAS) was excluded from the calculations because of
its high computational demand and statistical variability.

To assess how individual residues contribute to binding affinity, MM/PBSA energy
components were decomposed on a per-residue basis. Snapshots were taken every 100 ps
during the production run, and the resulting profiles were averaged to pinpoint residues
that play a central role in ligand binding and stabilisation of the PD-L1 interface. This
approach offers a clear quantitative view of the thermodynamic forces driving the
interaction. Data analysis and visualisation were carried out in Python (v3.13.5), using
NumPy for array handling and numerical routines, and Matplotlib for generating
publication-quality figures that highlight the key energetic trends across the dataset.

3. Results

3.1. Exosome-mediated upregulation of PD-L1 in
macrophages and CRC cells

Colo-205-derived exosomes were successfully isolated by ultracentrifugation and
subsequently characterized by nanoparticle tracking analysis (NTA), (Fig. 1A) and
scanning electron microscopy (SEM) (Fig. 1B) and used to treat cells. The Size and
morphology of the exosome are consistent with mentioned earlier in the research. To
quantify the expression of PD-L1, RT-PCR was performed, and the results showed that
exosomes derived from Colo 205 cells upregulate PD-L1 expression in macrophages. To
extend these findings, colo-205 cells were treated with conditioned medium obtained from
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exosome-treated macrophages for 48 hours, which resulted in a further elevation of PD-L1
expression relative to control cells. (Fig. 1C). Collectively, in TME, cancer cells increase
PD-L1 expression on themselves and stimulate its upregulation in macrophages, resulting
in a dual immunosuppressive mechanism that induces T-cell apoptosis and promotes
tumor immune evasion. Based on these observations, we turned to an in-silico approach
for the identification of potential PD-L1 inhibitors, aiming to design small molecules with
favourable binding and therapeutic properties.

3.2. Site-directed docking reveals high-affinity
marine natural products engaging the PD-L1- PD-1
interface

The PD-L1 receptor model used for in silico studies was derived from the crystal structure
of the PD-1-PD-L1 complex (PDB ID: 4ZQK). Structural analysis performed in UCSF
Chimera identified a prominent PD-1 binding interface on PD-L1, defined by nine key
residues: F19, Y56, Q66, R113, A121, D122, Y123, K124, and R125 (Fig. 2). These
residues were used to generate a focused Glide docking grid for all subsequent ligand
screening steps. Upon screening the CMNPD ligand library, comprising 31,561 marine-
derived compounds, via a hierarchical virtual screening workflow using the Glide module
targeting the PD-L1 interface grid, three marine-derived compounds i.e. CMNPD16477,
CMNPD21979, and CMNPD3605, were prioritized for further investigation based on
docking scores, pose quality, and residue-level interactions (Fig. 3). INCB086550, a
previously reported small-molecule PD-L1 inhibitor, was included as a control throughout
the workflow to benchmark docking performance, dynamic behaviour, and energetic
metrics. Prior to molecular dynamics simulations, all prioritized compounds and the
control inhibitor were evaluated using pkCSM for in silico ADMET profiling
(Supplementary information Table S1). CMNPD16477, CMNPD21979, and CMNPD3605
met the predefined thresholds for absorption, distribution, metabolism, and toxicity, and
were subsequently advanced to explicit solvent molecular dynamics simulations. All four
ligand-PD-L1 complexes were subjected to 200 ns all-atom explicit solvent molecular
dynamics simulations under identical conditions. Trajectories were inspected to assess
equilibration and production sampling. Each complex reached equilibrium within the
initial 10 to 30 ns, and the remaining trajectory was treated as the production phase.
Analysis of the trajectory mainly focused on overall structural stability, compactness,
flexibility, and interaction profiles. Summary statistics for key structural and interaction
parameters derived from the 200 ns production trajectories have been summarized in
Supplementary information Table S2.

3.3. Marine database-derived ligands enhance PD-
L1 structural stability and binding persistence
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To check how each ligand influences PD-L.1’s structural behaviour, Root Mean Square
Deviation (RMSD) analysis was done across the 200 ns simulation trajectory (Fig. 4A;
Supplementary information Table S2). RMSD evaluation showed that all protein-ligand
complexes reached stability rapidly and remained in equilibrium throughout the
simulation. Backbone deviations averaged between 1.13 and 1.31 A, with only brief, minor
fluctuations that stayed below 1.5 A. Compared to the control complex (1.31 +0.15 A), all
CMNPD ligand-bound systems exhibited lower or comparable RMSD values:
CMNPD16477 showed the lowest mean RMSD (1.13 + 0.13 A), suggesting enhanced
conformational rigidity, while CMNPD21979 (1.28 +0.18 A) and CMNPD3605 (1.19 +0.21
A) also maintained stable profiles. The RMSD profiles show that the CMNPD ligands
stabilize the PD-L1 structure as well as, or better than, the reference compound. All
ligand-bound complexes quickly reached equilibrium and remained stable throughout the
simulation. Subtle variations in the RMSD traces highlight how each ligand uniquely
influences the protein’s conformational stability and flexibility.

Using INCB086550 as a reference, the RMSD and distance profiles tracked over the 200
ns production runs highlighted unique interaction behaviours for each test compound.
(Fig. 5; Supplementary information Table S2). Compared to the control’s moderate ligand
mobility (ligand RMSD 3.09 + 0.22 A) and shortest pocket separation (6.34 + 0.67 A),
CMNPD16477 maintained the most conserved ligand pose (ligand RMSD 2.57 +0.17 A)
and a more stable pocket (pocket RMSD 0.61 +0.11 A), despite sampling the largest
ligand-pocket and ligand-protein separations (10.82 +0.67 A and 17.86 + 0.88 A),
indicating a stable but more external binding geometry. CMNPD21979 exhibited a broader
ensemble of ligand conformations (ligand RMSD 3.50 + 1.05 A) and induced the greatest
pocket flexibility (pocket RMSD 0.90 + 0.09 A), with intermediate ligand-pocket distance
(8.75+0.67 A) and the shortest ligand-protein separation (13.39 + 0.37 A), reflecting a
compact yet dynamically flexible placement. CMNPD3605 showed similar ligand
heterogeneity (ligand RMSD 3.37 + 1.19 A), but achieved the greatest rigidity in the local
pocket (pocket RMSD 0.45 + 0.08 A), with ligand-pocket and ligand-protein distances
(8.30+1.06 A and 15.87 + 0.98 A) falling between the other ligands. Across the
simulation, the binding pocket interaction with CMNPD3605 remained consistently stable,
even with ligand movement. All the selected compounds maintained steady ligand-protein
and ligand-pocket distances which indicate sustained binding with no signs of transient
dissociation. However, the control ligand experienced a brief dissociation near the 50 ns
time point. This consistent behaviour highlights robust interactions between the ligands
and the PD-L1 binding site. To gain deeper insight how these interactions influence PD-
L1’s structural dynamics, the next step involved analysing residue-level flexibility.

3.4. Root-mean-square fluctuation analysis reveals
PD-L1 stabilization by marine database-derived
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ligands

Upon analysing the RMSF values of PD-L1 residues 18-132, two regions were found to
show relatively increased fluctuation; one peak was around the residues 47-49 and
another lay approximately at residues 63-83. It is to be noted that both these regions are
located away from the key interacting surface consisting of residues F19, Y56, Q66, R113,
A121, D122, Y123, K124, and R125 and thus represent flexible loop regions that are
positioned far from the ligand-binding interface. Apart from the fluctuations seen in those
two regions, all three molecules showed reduced mobility at the interface and interacted
with the nine key residues, which reflects a stable binding surface (Fig. 4B;
Supplementary information Table S2). Minimum compound-specific fluctuations were
observed, but they stayed confined to limited regions. CMNPD3605 showed a slight
increase in flexibility at residue 66 (~ 0.8 A compared to ~ 0.5 A for the others), while
CMNPD21979 exhibited a modest rise at residues 124-125 (~ 0.7 A versus ~ 0.5-0.6 A).
Minor fluctuations did not compromise the stability of the interface. Overall, the findings
indicate that all three ligands reinforce the PD-1 binding surface. To validate this effect
further, global structural parameters were examined to evaluate protein integrity and
solvent exposure.

3.5. Protein compactness and solvent exposure
validate structural integrity of ligand-bound PD-L1
complexes

To evaluate how PD-L1 behaves when bound to the three ligands, the radius of gyration
(Rg) was assessed throughout the 200 ns production runs. The results provide a view of
the protein’s overall folding and show that it consistently retained a compact, stable
conformation in all ligand-bound states (Fig. 4C; Supplementary information Table S2). All
ligand-bound PD-L1 systems remained structurally compact and well-folded throughout
the simulation, with average radius of gyration (Rg) values showing minimal variation:
INCB086550 (13.62 +0.08 A), CMNPD16477 (13.60 +0.07 A), CMNPD21979 (13.69 +
0.09 A), and CMNPD3605 (13.67 +0.08 A). The close similarity in Rg values indicates that
each ligand helps PD-L1 retain its native compact fold, with no evidence of loosening or
unfolding. Among the tested compounds, CMNPD16477 showed the lowest average Rg,
suggesting a modest increase in protein compaction compared with both the reference
and the other ligand-bound systems. In all cases, the Rg stabilised early and remained
steady throughout the trajectory, in line with the low RMSD values and the strong
interface stability observed for these ligands. Taken together, these results confirm that
all three compounds support the structural integrity of PD-L1 during extended
simulations.
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Consistent with this, Solvent-accessible surface area (SASA) analysis over the 200 ns
trajectories revealed that all ligand-bound PD-L1 complexes maintained consistently low
and tightly grouped SASA values. This demonstrates that none of the compounds induced
significant unfolding or increased exposure of the protein surface (Fig. 4D; Supplementary
information Table S2). CMNPD16477 and CMNPD21979 exhibited nearly identical SASA
profiles, averaging 57.44 + 1.58 and 57.27 + 1.89 nml, respectively. CMNPD3605
displayed the lowest mean SASA( 57.03 + 1.94 nml) suggesting slightly reduced solvent
exposure at the binding interface. By contrast, the control compound INCB086550
recorded the highest average SASA (58.24 + 1.96 nml) reflecting a modest increase in
surface accessibility. The small differences limited fluctuations across all systems indicate
that structural adjustments did not disturb the overall fold of PD-L1. These results align
with the compactness observed in the ligand-bound states and support the conclusion that
each compound contributes to maintaining PD-L1’s structural integrity. To further
understand the molecular basis of this stability, hydrogen bonding analysis were carried
out to evaluate how consistently and selectively each ligand engages the PD-L1 interface.

3.6. Hydrogen bonding patterns indicate stable and
selective ligand anchoring at the PD-L1 interface

The hydrogen bonding pattern of the ligands at the PD-L1 interface played a central role
in defining their stability and selectivity (Fig. 6; Supplementary information Table S3).
CMNPD16477 consistently engaged GIn66 (16.45% occupancy) and Ser117 (19.45%),
supporting a stable binding pose that may support its inhibitory effect and target
specificity. In contrast, CMNPD21979 adopted a more flexible binding mode, with no
hydrogen bond occupancy exceeding 10%. For most of the trajectory, its hydrogen bond
count was close to zero, reflecting a tendency to assume multiple conformations and a less
persistent inhibitory profile.

Among the compounds tested, CMNPD3605 showed the most robust interaction pattern. It
formed durable hydrogen bonds with key interface residues, Arg113 and Arg125, with
Arg113 reaching 50.87% occupancy. Over the course of the simulation, CMNPD3605
maintained an average of 4-6 hydrogen bonds and occasionally reached as many as 11,
highlighting its strong anchoring and resistance to dissociation. By comparison, the
control compound INCB086550 exhibited moderate hydrogen bond occupancy with
several polar and charged residues, resulting in intermediate bond numbers and a more
diffuse interaction profile.

Overall, CMNPD3605 emerged as the most effective ligand in terms of hydrogen bonding,
surpassing the control compound by establishing a focused and long-lasting interaction
network. This strong and persistent binding suggests its potential to act as a potent
inhibitor of PD-L1 interactions, as summarized in Supplementary information Table S3. To
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further investigate the energetic basis of these interactions, binding free energy
calculations were performed.

3.7. End-state free energy decomposition identifies
CMNPD3605 as the most thermodynamically
favourable PD-L1 binder

To evaluate the binding strength of each compound with PD-L1, MM/PBSA calculations
were performed. This well-established method [42-44] breaks down the total binding free
energy into its individual components, as illustrated in Fig. 7. The accompanying bar chart
and table present the mean values and standard deviations for each term, together with
the overall A Gy,;,4 for every complex. The aim of this analysis was to clarify the energetic

contributions that either support or oppose stable ligand-protein interactions. Among the
compounds tested, CMNPD16477 exhibited the weakest binding affinity. CMNPD21979
contributed a strong van der Waals component (AE qw=—41.49 +£0.10 kcal/mol) and
achieved moderate overall binding strength. On the other hand, CMNPD3605 emerged as
the top-performing ligand, with the most favourable total binding free energy (AGbind = —
35.95 + 0.16 kcal/mol), outperforming even the reference compound INCB086550
(AGbind = — 31.28 +£ 0.23 kcal/mol). This result positions CMNPD3605 as the most
promising candidate among the marine database-derived ligands, offering a strong
thermodynamic profile that is better than the control. In all systems, van der Waals and
electrostatic interactions were the primary contributors to binding and solvation energies
were important in shaping the net affinity. Complex formation was always favored by
nonpolar solvation (AGpp) and inhibited by polar solvation (AGp) because of their positive
terms. Interestingly, CMNPD21979 exhibited very favourable interactions between van
der Waals, but the binding energy of the entire system was not optimum which highlights
the significance of balancing between solvation and electrostatic potential. Taken
together, these results, highlight CMNPD3605 as the most potent PD-L1 binder in the
series and a promising candidate to be developed as a PD-L1/PD-1 interaction inhibitor. In
order to identify the residues that are most important in this binding profile, a residue-
level energy decomposition was performed subsequently.

3.8. Residue-level MM /PBSA analysis pinpoints key
anchoring residues and confirms CMNPD3605 as
the most stabilizing ligand

To gain a more detailed insight into the role of individual residues in the stability of these
complexes, a residue-wise MM/PBSA decomposition was conducted on each of the ligand-
PD-L1 complexes (Supplementary information Table S4). When comparing overall ligand

contributions, the control compound INCB086550 showed the strongest stabilizing effect
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(— 22.65 kcal/mol), followed by CMNPD3605 (— 15.63 kcal/mol), CMNPD21979 (- 8.10
kcal/mol), and CMNPD16477 (— 7.48 kcal/mol). CMNPD3605 was the most striking ligand
of marine origin since its stabilization profile was closest to the control, and it was much
stronger than either of the others. In all systems arginine residues proved to be important
anchoring points. In the case of CMNPD3605, Argl113 and Argl125 were useful to complex
stability, with AG,;, values of —8.49 and — 7.89 kcal/mol, respectively. Arg113 interacted
with CMNPD21979 with less strength (— 2.43 kcal/mol). Tyr56 consistently provided
favourable van der Waals interactions, contributing modest stabilization (- 1.54 kcal/mol
for CMNPD16477 and — 3.07 kcal/mol for CMNPD21979). Additional support came from
residues like Alal121, Tyr123, and Metl115, which helped reinforce packing around the
main anchors. For example, Tyr123 contributed — 1.98 kcal/mol for CMNPD3605, while
Metl115 showed stabilizing effects across all ligands, ranging from — 0.96 to — 2.83
kcal/mol. Some polar residues, including Asp122 and Lys124, introduced desolvation
penalties when not fully compensated by new electrostatic contacts. For instance, Asp122
contributed + 0.97 kcal/mol in the CMNPD3605 complex, and Lys124 showed a G_total
value of + 1.56 kcal/mol in the control, consistent with unfavourable polar solvation terms.

Overall, CMNPD3605 attains superior per-residue stabilization by engaging both R113 and
R125 and by recruiting supportive van der Waals contacts (Met115, Tyr123), which
together explain its more favourable ligand-level AG,;,; relative to the other screened
compounds. These interactions explain its superior ligand-level AG < sub>total</sub>
compared to the other marine database-derived compounds. Full mean + SD values for
each residue are presented in Supplementary information Table S2. This comparative
decomposition clarifies the molecular basis for differences in PD-L1 inhibition across the
ligand series. CMNPD16477 contributes to structural stabilization and compactness,
CMNPD21979 offers a flexible binding mode suited to dynamic targets, and CMNPD3605
excels in forming persistent, high-occupancy interactions with critical interface residues.
CMNPD3605 demonstrated the most favorable thermodynamic profile among the novel
ligands, closely aligning with the control compound and emerging as the strongest
candidate for further development. Overall, all three ligands preserved PD-L1’s global fold
and compactness during the simulations, showing consistent binding and energetics that
support their potential as effective modulators. Taken together, the combination of robust
thermodynamic performance, specific binding interactions, and sustained structural
stability highlights CMNPD3605 as a promising lead for future therapeutic exploration.

4. Discussion and conclusion

Three candidate pharmaceuticals were identified using in-silico docking as stable binders
of the PD-L1 pocket, capable of inhibiting PD-1/PD-L1 interactions and preserving T cell-
mediated antitumor efficacy. The PD-1/PD-L1 axis is crucial in the majority of
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malignancies, and its inhibition is challenging due to its flat and hydrophobic surface.
Even so, seven FDA-approved antibodies available since 2006 have shown notable
anticancer effects [45]. Despite this progress, the adaptive nature and molecular
heterogeneity of tumors still few patients failing to respond to these highly specific
therapies [46]. The development of small-molecule inhibitors is essential to overcome the
challenges associated with antibodies. Small-molecule inhibitors offer distinct advantages
over antibody-based therapies, including suitability for oral administration, minimal
immunogenicity and a relatively short half-life, which allows rapid management of any
adverse reactions. Although PD-L1 is a challenging target due to its predominantly flat and
hydrophobic interface, our screened compound achieves stronger predicted binding and
stability than inhibitors currently available in clinical trials.

This study employed a comprehensive pipeline that included hierarchical virtual
screening, ADMET evaluation, and molecular dynamics simulation. Through this
integrated approach, marine natural product-derived ligands were identified as promising
new PD-L1 inhibitors. The analysis has shown that all the shortlisted CMNPD compounds
had some properties that were useful in stabilizing the PD-L1 structure and interact with
critical binding residues. The study focused on defining and targeting the important PD-L1
interface site and comparing the best binders with a recognized small-molecule inhibitor.
All selected compounds maintained the structural integrity and compactness of PD-L1
throughout the 200 ns molecular dynamics simulations. The stability of their binding was
further supported by van der Waals and electrostatic interactions, as confirmed by per-
residue MM/PBSA decomposition. The prominent interactions with Argl113 and Argl125
indicated that these residue sites are critical for effective inhibition.

The marine compounds were found to form more persistent and multivalent hydrogen
interactions with the interface residues in comparison with INCB086550, and thereby
increase more of the stabilization of the PD-L1 structure. Their unique chemical scaffolds
and binding characteristics suggest that they may offer potential benefits over existing
PD-L1 inhibitors. CMNPD16477 consistently reduced interface flexibility, promoted a
more compact protein structure, and formed stable polar contacts, together supporting a
persistent binding mode and the potential for prolonged inhibition. However, it had the
lowest binding affinity compared to the compounds that were analysed. CMNPD21979 did
not affect the overall compactness or interface integrity of the protein, but exhibited less
hydrogen bond occupancy and more ligand RMSD. CMNPD3605 was the best ligand
among the three test compounds in this study, as it demonstrated stable hydrogen
bonding and high binding free energy, indicative of high anchoring and increased affinity,
especially at the core residues of PD-L1. It showed long-lasting high-affinity binding with
important interface residues with the most favourable thermodynamic profile among the
marine database-derived compounds. CMNPD3605 was able to sustain a steady protein
conformation with time and provided similar or even better results than the benchmark
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inhibitor INCB086550. Based on these in silico results, CMNPD3605 represents a
promising candidate for further preclinical and clinical development as a PD-L1 inhibitor
for PD-L1-associated conditions.

To conclude, marine-derived ligands explored in this study show potential for further
development as small-molecule immune checkpoint inhibitors. The in-silico analyses
provided detailed insights into their binding mechanisms and stabilizing effects on the PD-
L1 interface, offering a foundation for future experimental validation. CMNPD3605 is the
most promising candidate for prompt preclinical and clinical assessment. Nonetheless, the
remaining two ligands, CMNPD16477 and CMNPD21979, demonstrated encouraging
molecular dynamics outcomes and could significantly benefit from focused optimization
and modification to enhance their therapeutic efficacy and inhibitory strength.
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Figure 1

Exosome characterization and PD-L1 expression analysis. Colo-205-derived exosomes
were isolated by ultracentrifugation and characterized by (A) nanoparticle tracking
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analysis (NTA) and (B) scanning electron microscopy (SEM) (C) CRC cells-derived
exosomes induced PD-L1 expression in macrophages and conditioned media (CM)
obtained from exosome-stimulated macrophages subsequently elevated PD-L1 expression
in CRC cells was quantified by RT-PCR *p<0.05, **p<0.005, ***p<0.0005, ****p<0.00005.
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Figure 2

Structural visualization and residue-level analysis of the PD-1/PD-L1 complex (PDB:
47QK), highlighting interface residues within 3A proximity. Identified contact residues
were used to define the PD-L1 binding grid for virtual screening.
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Figure 3

Virtual screening workflow and molecular interaction of small-molecule inhibitors with PD-
L1. (A) Schematic representation of the virtual screening workflow used to identify
potential PD-L1 inhibitors, including ligand selection, docking, and pharmacokinetic
evaluation steps. (B) Two-dimensional interaction diagrams illustrating the binding modes
of selected small-molecule inhibitors within the PD-L1 binding pocket, highlighting key
residues involved in hydrogen bonding and hydrophobic interactions.
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Figure 4

Molecular dynamics trajectory analysis. (A) RMSD showing overall structural stability
during the simulation. (B) RMSF depicting residue-wise flexibility. (C) The radius of
gyration (Rg) indicates protein compactness. (D) Solvent-accessible surface area (SASA)
reflects changes in solvent exposure over time.
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Figure 5

Molecular dynamics analysis of PD-L1 complexes with INCB086550, CMNPD16477,
CMNPD21979, and CMNPD3605. (A) Ligand RMSD(B) Binding pocket RMSD (C) Ligand-
pocket distance and (D)Ligand-protein distance plotted as a function of simulation time.
These traces illustrate the degree of ligand stability, pocket rigidity, and spatial
fluctuations for each system, allowing for direct comparison of binding persistence and
conformational dynamics.
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Figure 6

Protein-ligand hydrogen bond formation during 200 ns molecular dynamics simulations for
PD-L1 complexes with INCB086550, CMNPD16477, CMNPD21979, and CMNPD3605. (A)
Moving-average number of hydrogen bonds quantifies persistence and fluctuation of polar
contacts, and (B) total hydrogen bonds at each timestep reveal the overall temporal
pattern and differences in anchoring strategy among ligands.
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Figure 7

MM/PBSA binding free energy decomposition for PD-L.1 complexes with INCB086550,
CMNPD16477, CMNPD21979, and CMNPD3605. Bars depict the contributions (kcal/mol)
of van der Waals (AE_vdW), electrostatic (AE_elec), polar solvation (AG_pol), and
nonpolar (AG_np) terms, as well as total binding free energy (AG_bind), highlighting
differences in the thermodynamic drivers of binding across ligand systems.
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