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Abstract: In this study, we investigated the inhibitory potential of 60 flavonoids from six
distinct subgroups on the programmed cell death ligand 1 (PD-L1) dimer through molec-
ular docking and dynamics simulations. Using AutoDock Vina for docking, the binding
poses and affinities were evaluated, revealing an average binding affinity of —8.5 kcal/mol
for the flavonoids. Among them, ginkgetin exhibited the highest binding free energy
of —46.73 kcal/mol, indicating a strong interaction with PD-L1, while diosmin followed
closely, with —44.96 kcal/mol. Molecular dynamics simulations were used to further
elucidate the dynamic interactions and stability of the flavonoid—-PD-L1 complexes, with
the analyses showing minimal root mean square deviation (RMSD) and favorable root
mean square fluctuation (RMSF) profiles for several compounds, particularly formononetin,
idaein, and neohesperidin. Additionally, contact number and hydrogen bond analyses
were performed, which highlighted ginkgetin and diosmin as key flavonoids with signifi-
cant binding interactions, evidenced by their stable conformations and robust molecular
interactions throughout the simulations. Ultimately, a cell-based assay confirmed their
ability to inhibit the proliferation of cancer cells. These results, validated through cell-based
assays, indicate that the strategy of identifying natural compounds with anticancer activity
using computational modeling is highly effective.

Keywords: PD-L1; flavonoid; molecular docking; molecular dynamic simulation; cancer;
natural compounds

1. Introduction

Programmed death ligand 1 (PD-L1) is a membrane protein that is prominently ex-
pressed on tumor cell surfaces, where it binds to the programmed death 1 (PD-1) receptor
on T cells [1-3]. This interaction inactivates T cells, reducing their ability to recognize and
target tumor cells [4]. The inhibition of PD-1/PD-L1 binding can restore T cell function,
enhancing the antitumor activity and leading to tumor cell destruction [5,6]. As a result,
PD-L1 has become an important target in cancer immunotherapy, prompting research into
inhibitors that boost the immune response to cancer cells [7,8].

PD-1/PD-L1-blocking antibodies have shown therapeutic effectiveness in treating
cancers such as non-small-cell lung cancer, melanoma, bladder carcinoma, and gastric can-
cer [9,10]. Currently, six monoclonal antibodies—Nivolumab, Pembrolizumab, Avelumab,
Atezolizumab, Cemiplimab, and Durvalumab—are FDA-approved as PD-1/PD-L1 in-
hibitors [11,12]. However, the widespread clinical use of these antibodies is limited by
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their high production costs, low tissue penetration, and varied patient responses [13,14],
highlighting the need for alternative strategies to inhibit the PD-1/PD-L1 interaction [15,16].

Small-molecule inhibitors represent a promising alternative, offering benefits such
as improved stability, enhanced tumor penetration, and reduced side effects compared to
antibody therapies [17,18]. Triaryl scaffold compounds, such as BMS-202 and BMS-1166,
which were developed by Bristol Myers Squibb, have shown strong potential to inhibit
the PD-1/PD-L1 interaction by inducing PD-L1 dimerization [19]. While synthetic small-
molecule inhibitors offer notable advantages, an alternative and similarly effective strategy
involves identifying functional compounds from plant-derived natural products, leveraging
their structural diversity and potential bioactivity as PD-1/PD-L1 pathway modulators.
These natural products are gaining attention as potential checkpoint inhibitors due to
their complex structures, multitargeting capabilities, and reduced toxicity, making them
promising candidates for long-term immunotherapy [20,21]. Although most small-molecule
PD-L1 inhibitors, including plant-derived ones, remain in the early developmental stages,
further research in this area holds promise in facilitating new, effective cancer therapies [22].

In silico computational methods have become an essential strategy in drug discovery,
including the identification of PD-L1 inhibitors. Methods such as molecular docking have
been employed to derive the conformations of protein-ligand complexes and generate
pharmacophore hypotheses using the 3D crystal structure of human PD-L1 co-crystallized
with small-molecule inhibitors, including BMS-202 [23]. Researchers have implemented
drug repurposing strategies that combine pharmacophore modeling, molecular docking,
and molecular dynamics simulations to identify FDA-approved drugs as potential PD-L1
inhibitors, such as mirabegron and indacaterol, which have shown promising binding
affinities and stability with PD-L1 [24]. These methods have advanced the discovery of
novel PD-L1 inhibitors by enabling the evaluation of the binding energies of potential
inhibitors through computational strategies [25].

To investigate the potential of natural compounds as PD-L1 inhibitors, a comprehen-
sive computational study was conducted to compare the inhibitory effects of six flavonoid
subgroups on PD-L1. In the study’s initial stage, 60 flavonoids—10 from each of the flavonol,
flavan-3-ol, flavone, isoflavone, anthocyanidin, and flavanone subgroups—were selected
for analysis [26,27]. Molecular docking studies provided insights into the flavonoids’ ini-
tial binding affinities and binding poses with PD-L1. From each subgroup, the top five
compounds identified during docking were further analyzed through molecular dynam-
ics simulations to evaluate their long-term interactions with PD-L1 in a dynamic setting.
Post-molecular dynamics (MD) analyses of the simulation trajectories were then performed
to gain deeper insights into their binding mechanisms. This multi-tier computational
approach revealed the inhibitory potential of flavonoids from different subgroups, high-
lighting the various approaches of these subgroups in targeting the PD-L1 dimer structure.

2. Results and Discussion
2.1. Molecular Docking Studies

Molecular docking studies were conducted to assess the initial binding affinities and
poses of 60 flavonoids across six subgroups with the PD-L1 dimer using AutoDock Vina,
focusing specifically on the hydrophobic pocket. Each subgroup included ten flavonoids,
and two known PD-L1 inhibitors from Bristol Myers Squibb (BMS-202 and BMS-1166)
were included as references for comparison. As summarized in Table 1, the flavonoids
demonstrated an overall average binding affinity of —8.5 kcal/mol. Among the subgroups,
flavones and isoflavones displayed the highest average affinities at —9.0 kcal/mol, suggest-
ing greater static binding potential, whereas flavan-3-ols had the lowest affinity, averaging
—7.3 kcal/mol. The intermediate-affinity subgroups, namely flavonols, anthocyanidins,
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and flavanones, showed average docking affinities of —8.9 kcal/mol, —7.9 kcal/mol, and

—8.7 kcal/mol, respectively.

Table 1. Overview of 60 flavonoids’ characteristics, including their subgroups, sources, CAS numbers,

docking affinities, and delivery status in MD simulations.

Subgroup No. Compound Source CAS No. (lé g]l/l::g]) Simll\.l/[llztion
1 Quercetin Apples 117-39-5 -8.7 Yes
2 Kaempferol Broccoli 520-18-3 —7.6 No
3 Myricetin Walnuts 529-44-2 —8.5 No
4 Fisetin Strawberries 528-48-3 -9.5 Yes
5 Rutin Buckwheat 153-18-4 -84 No
Flavonols 6 Isorhamnetin Pears 480-19-3 82 No
7 Morin Osage orange 480-16-0 -8.0 No
8 Ginkgetin Ginkgo biloba 481-46-9 —10.5 Yes
9 Galangin Propolis 548-83-4 —-10.4 Yes
10 Robinetin Acacia 490-31-3 —-9.2 Yes
11 Catechin Tea 18829-70-4 -7.3 No
12 Epicatechin Dark chocolate 490-46-0 —8.5 Yes
13 ECG Green tea 1257-08-5 —-8.2 Yes
14 EGC Green tea 970-74-1 —8.6 Yes
15 EGCG Green tea 989-51-5 —8.5 Yes
Flavan-3-ols 16 Theaflavin Black tea 4670-05-7 92 Yes
17 Theaflavin-3-gallate Black tea 28543-07-9 -7.6 No
18 Procyanidin Bl Apples 20315-25-7 7.1 No
19 Procyanidin B2 Apples 29106-49-8 —6.8 No
20 Procyanidin C1 Cocoa 37064-30-5 -15 No
21 Apigenin Chamomile 520-36-5 —-9.0 Yes
22 Luteolin Celery 491-70-3 —8.8 No
23 Baicalein Chinese skullcap 491-67-8 —10.0 Yes
24 Chrysin Honey 480-40-0 -9.9 Yes
25 Tangeretin Tangerine 481-53-8 -8.1 No
s 26 Nobiletin Citrus fruits 478-01-3 8.2 No
27 Wogonin Scutellaria baicalensis 632-85-9 -84 No
28 Diosmin Citrus fruits 520-27-4 —-9.6 Yes
29 Acacetin Chamomile 480-44-4 —-8.9 No
30 Scutellarein Scutellaria species 529-53-3 -9.3 Yes
31 Genistein Soybeans 446-72-0 -9.0 No
32 Daidzein Soybeans 486-66-8 -9.6 Yes
33 Glycitein Soy products 40957-83-3 -9.0 No
34 Formononetin Red clover 485-72-3 -9.1 Yes
35 Biochanin A Red clover 491-80-5 —-8.9 No
Isoflavones 36 Sissotrin Red clover 5928-26-7 77 No
37 Puerarin Kudzu vine 3681-99-0 -9.0 No
38 Coumestrol Clover 479-13-0 —-9.6 Yes
39 Equol Soy derivatives 531-95-3 -9.2 Yes
40 Prunetin Prunes 552-59-0 -9.1 Yes
41 Cyanidin Berries 13306-05-3 —-8.7 Yes
42 Delphinidin Berries 13270-61-6 —-79 Yes
43 Malvidin Grapes 10463-84-0 -7.8 No
44 Pelargonidin Strawberries 7690-51-9 -79 No
Anthocyanidins 45 Peonidin Berries 134-01-0 —-79 Yes
46 Petunidin Berries 1429-30-7 -7.9 Yes
47 Rosinidin Rhododendrons 4092-64-2 -7.8 No
48 Capensinidin Capensia flowers 19077-85-1 -7.6 No
49 Callistephin Strawberries 18466-51-8 =75 No
50 Idaein Lingonberries 27661-36-5 —8.4 Yes
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Table 1. Cont.

Affinity MD

Subgroup No. Compound Source CAS No. (kcal/mol) Simulation
51 Hesperidin Citrus fruits 520-26-3 —-9.5 Yes
52 Naringenin Grapefruits 480-41-1 -9.0 Yes
53 Eriodictyol Lemons 552-58-9 —8.8 No
54 Isosakuranetin Citrus fruits 480-43-3 -7.1 No
i 55 Naringin Grapefruit 10236-47-2 —8.2 No
avanones 56 Neohesperidin Citrus fruits 13241-33-3 9.4 Yes
57 Sakuranetin Cherries 2957-21-3 —8.3 No
58 Sterubin Yerba santa 51857-11-5 —8.5 No
59 Pinocembrin Honey 480-39-7 -9.7 Yes
60 Hesperetin Citrus fruits 520-33-2 -89 Yes
Inhibi 61 BMS-202 Bristol Myers Squibb 1675203-84-5 —10.9 Yes
nhibitors 62 BMS-1166 Bristol Myers Squibb 1818314-88-3 -10.6 Yes

As shown in Table 1, the individual docking scores revealed significant binding
affinities for ginkgetin and galangin among the flavonols, with values of —10.5 kcal /mol
and —10.4 kcal/mol, respectively. These results are close to those of the reference com-
pounds, BMS-202 and BMS-1166, which showed binding affinities of —10.9 kcal/mol
and —10.6 kcal/mol, respectively. This suggests that flavones, isoflavones, and specific
flavonols, particularly ginkgetin and galangin, may be particularly effective for PD-L1
binding under static conditions. Notably, these top candidates nearly matched the static
binding efficacy of the BMS reference compounds in the initial docking assessments.

Figure 1 illustrates the hydrophobic pocket within the PD-L1 dimer, formed by regions
from both chain A and chain B. Chain A comprises three hydrophobic zones: Zone 1,
spanning residues 36-42; Zone 2, including residues 94-100; and Zone 3, covering residues
104-115. Additionally, chain B contributes a hydrophobic region, Zone 4, comprising
residues 48-51. Beta-sheets, specifically Zones 14, are key areas that function as binding
sites for PD-L1 when exposed to solvents and enclosed by T cells and the CC’ loops of
PD-1 proteins [28]. Inducing the dimerization of PD-L1 not only hides these beta-sheets in
a concealed position from the solvent but also pre-binds these areas on both sides of PD-L1
using small-molecule flavonoids, which will eliminate the possibility of future binding
with PD-1 on T cells due to the initial blockage [29]. These hydrophobic areas play a key
role in subsequent post-molecular dynamics analyses.

~ C

Zone 2 f“ d

1\\ &&

Figure 1. (A) The three-dimensional structure of the PD-L1 dimer associated with leading flavonoids

from every subgroup; (B) chain A of the PD-L1 dimer, highlighting its hydrophobic regions (Zones 1,
2, and 3); (C) chain B of the PD-L1 dimer, displaying its hydrophobic areas (Zones 1, 2, 3, and 4).
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2.2. Molecular Dynamics Simulations
2.2.1. Binding Free Energy Analysis (MM-PBSA)

Molecular docking studies are used to assess static interactions, while molecular
dynamics simulations provide insights into the dynamic behavior of PD-L1-flavonoid
interactions over time, allowing for an examination of the long-term stability of flavonoids
with the PD-L1 dimer. MD simulations were conducted on the top five flavonoids that
exhibited the highest docking affinities in each subgroup, as detailed in Table 1. Utilizing
the Molecular Mechanics Poisson—Boltzmann Surface Area (MM-PBSA) method with the
Generalized Born model, the calculation of total binding free energy for these compounds
yielded an average binding free energy of —34.47 kcal/mol, as illustrated in Figure 2. This
finding suggests that the binding efficiency of these flavonoids is favorable for naturally
derived compounds. The calculation of the binding free energy during MD studies utilizes
an algorithm to determine the energy difference between a vacuum and solvation. This
contrasts the simplified scoring functions adopted in docking studies [30] and ultimately
leads to a significant difference between the MM-PBSA results and docking affinities. The
correlation between the MM-PBSA and affinities is shown in Figure S1.
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Figure 2. The binding free energy (MM-PBSA) results of the molecular dynamics simulations for
subgroups of flavonoids and the BMS series, as well as the overall average binding energy for
each subset.

Among the subgroups, anthocyanidins exhibited the highest average binding energy
—38.76 kcal /mol, significantly enhancing their performance compared to lower-ranked
compounds in the docking studies, indicating improved stability in long-term binding.
In contrast, flavan-3-ols recorded the lowest average binding energy at —25.86 kcal/mol,
consistent with their poor docking affinity ratings and suggesting less efficient binding to
the PD-L1 dimer. Flavonols, flavones, isoflavones, and flavanones demonstrated moderate
performance, with average binding free energies of —35.62 kcal/mol, —36.11 kcal/mol,
—35.05 kcal/mol, and —35.40 kcal /mol, respectively.

Among the individual flavonoids, ginkgetin exhibited the highest binding free energy
at —46.73 kcal /mol, underscoring its strong affinity for PD-L1, as reflected in its docking
score. In contrast, epicatechin gallate (ECG) demonstrated the lowest binding energy at
—19.88 kcal/mol, with other catechins showing similarly low values. This low average
binding energy suggests that catechins may not be optimal candidates for PD-L1 inhibitors,
despite some studies exploring their potential in this role [31-33].

The reference compounds from Bristol Myers Squibb, such as BMS-202, displayed
notable binding energies, reaching a peak of —54.53 kcal/mol. This indicates that ginkgetin
could act as an effective inhibitor for PD-L1, comparable to BMS-202. Other lead-
ing individual flavonoids from each subgroup, besides ginkgetin, included theaflavin,
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diosmin, formononetin, idaein, and neohesperidin, which yielded MM-PBSA results of
—37.45 kcal/mol, —44.96 kcal /mol, —40.90 kcal/mol, —44.47 kcal /mol, and —40.3 kcal/mol,
respectively. After obtaining these findings, extensive post-MD analyses were conducted
on these high-performing flavonoids from each subgroup, focusing on deriving insights
into their interactions.

2.2.2. Molecular Interaction Analysis

A molecular interaction analysis was conducted to examine the PD-L1 dimer and
its interactions with the flavonoids under static conditions. Flavonoids possess a core
structure consisting of two aromatic rings and one heterocyclic ring, with minor varia-
tions across subgroups. Their distinctions primarily arise from the differences in their
extended structures.

Figure 3 illustrates how flavonoids interact with neighboring residues through a
variety of interaction types, including hydrogen bonds (both conventional and carbon),
m—ion interactions (m—cation and m—-anion), 7t—7 interactions (stacked and T-shaped), alkyl
interactions, m—sulfur interactions, and van der Waals forces. The three-ring core structure
enables various flavonoids to form multiple 7 connections within the hydrophobic pocket
of the PD-L1 dimer. Notably, some extended structures, such as ginkgetin—a biflavonoid
with a dual-core structure—demonstrated enhanced interactions through 7 connections,
while other flavonoids exhibited minimal 7 interactions within their extended structures.
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Figure 3. Insights into molecular interactions of top-tier flavonoids: (A) ginkgetin, (B) theaflavin,
(C) diosmin, (D) formononetin, (E) idaein, and (F) neohesperidin.
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As illustrated in Figure 4, the per-residue free energy analysis identified key residues
that significantly impacted the binding free energy of the PD-L1 dimer—flavonoid complexes
in chains A and B. In chain A, critical residues included Ile37 and Tyr39 from Zone 1, as well
as Met98, 11e99, and Ser100 from Zone 2, along with Ala104, Asp105, and Tyr106 from Zone
3. For chain B, the notable residues comprised Ile37 and Tyr39 from Zone 1 and GIn49 and
Val51 from Zone 4, in addition to Met98, 11e99, and Ser100 from Zone 2 and Ala104, Asp105,
and Tyr106 from Zone 3. This indicates that chain B contains a greater number of active
residues involved in flavonoid interactions, likely due to the presence of an additional
Zone 4. BMS-202 is known to bind to the Ig-like V-type domain of both chains in the PD-L1
dimer, termed Zone 1-4 in this study [34]. In the MM-PBSA approach, BMS-202 contributes
binding energy by binding to key residues in this area. As shown in Figure 4, six top-tier
flavonoids from each subgroup share significant interactions with PD-L1 in chains A and B,
indicating that these flavonoids can implement a similar binding mechanism to the BMS
series, despite the differences in their chemical structures, while also offering the advantage
of reducing side effects through lower toxicity [35]. According to Figure 3 and Figures
52-54, the core structure is the dominant binding part of each flavonoid, while the extended
structure hinders the drug from entering the hydrophobic pockets. Ginkgetin and diosmin,
with their unique cores and extended structures, can travel deeper into the binding site
and engage in similar binding interactions to those of BMS-202. This is considered a key
reason that these flavonoids exhibit higher binding free energies, approaching those of the
BMS series.
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Figure 4. The binding free energies of key residues in chains A (A) and B (B) of the PD-L1-flavonoid
complexes, along with their associated hydrophobic regions.

In chain A, Met98, Ala104, and Tyr106 emerged as the main contributors among these
residues, with all flavonoids exhibiting a notable energy contribution. As detailed in Table 2,
Met98 from Zone 2 contributes to the binding energy through one conventional hydrogen
bond and two m—alkyl interactions. Alal04, located in Zone 3, enhances this contribution
with two conventional hydrogen bonds and three carbon hydrogen bonds, underscoring
its significant role. Lastly, Tyr106 from Zone 3 primarily contributes through two 7—m
interactions and three van der Waals forces.

In chain B, Ile37, Tyr39, and Met98 were identified as the key residues with substantial
binding energy contributions. As illustrated in Table 2, Ile37 from Zone 1 contributed
through five m—alkyl interactions, while Tyr39 from Zone 1 added one conventional hydro-
gen bond and five 7—m interactions. Additionally, Met98 from Zone 2 contributed to the
binding free energy through two conventional hydrogen bonds and one carbon hydrogen
bond, highlighting its significant impact in chain B.
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Table 2. Varied interaction frequencies of six top-tier flavonoids with essential residues while
exhibiting the highest binding free energy during molecular dynamics studies.

Residue H Bond C-H Bond m-Ion T—TC m—Alkyl m-Sulfur  van der Waals

137A - 1 - - 3 -
Y39A -
M98A -

199A
S100A
A104A
D105A
Y106A

137B
Y39B
Q49B
V51B
M98B
199B
5100B
A104B
D105B
Y106B
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2.2.3. RMSD

Root mean square deviation (RMSD) calculations were performed for the PD-L1 dimer—
flavonoid complexes to evaluate the temporal evolution of the structural stability of the
PD-L1 dimer during interactions with flavonoids. Initially, the RMSD values increased
from 1 A in the first 5 ns of the simulation, subsequently stabilizing between 2 and 3 A, as
illustrated in Figure 5. The PD-L1-flavonoid complexes exhibited reasonable equilibrium
states throughout the molecular dynamics simulations.

4
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Figure 5. RMSDs from 100 ns MD simulations of key flavonoids across six subgroups, featuring a
5-95% box-and-whisker plot.

Figure 5 demonstrates that formononetin, idaein, and neohesperidin achieved lower
average RMSD values of 2.28 A, 2.26 A, and 2.25 A, respectively, indicating a more stable
conformational state among these flavonoids. In contrast, ginkgetin recorded the highest
average RMSD at 2.78 A, despite its strong performance in the MM-PBSA analysis, sug-
gesting comparatively higher backbone fluctuations. The mid-tier flavonoids, theaflavin
and diosmin, exhibited RMSD values of 2.58 A and 2.41 A, respectively. Throughout the
simulation, formononetin, idaein, and neohesperidin consistently maintained low RMSD
values with minor fluctuations, while ginkgetin demonstrated higher values with a broader
range of variation.

Ginkgetin and diosmin, identified as potential candidates with high binding energy
in this study, showed larger deviations than the other flavonoids, highlighting the interac-
tional differences in these compounds within the hydrophobic pocket of the PD-L1 dimer
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structure. Ginkgetin and diosmin exhibited leading contact numbers during the 100 ns
production phase; this will be detailed later. This indicates that, although these compounds
have greater conformational flexibility than the others, this flexibility occurs mainly within
the hydrophobic pocket. This suggests that there are various favorable binding modes,
which, along with their high binding free energies, position these two flavonoids as promis-
ing inhibitor candidates [36]. To understand the impacts of the simulation duration on the
RMSD, an extended 50 ns production phase was performed, as shown in Figure S5.

2.2.4. RMSF

Root mean square fluctuation (RMSF) analyses were conducted on the PD-L1-
flavonoid complexes to assess the flexibility of the residues in chains A and B of the
PD-L1 dimer. As shown in Figure 6, the six flavonoids exhibited closely aligned RMSF val-
ues, primarily ranging between 0.8 and 1.5 A, suggesting that the PD-L1 dimer—flavonoid
systems were relatively stable across all flavonoids. In the hydrophobic regions of both
chains, the RMSF values decreased to as little as 0.62 A, indicating minimal residue flexibil-
ity in these critical binding areas. This finding also suggests that there is a strong interaction
between the two PD-L1 chains, with the flavonoids serving as connectors.

- Ginkgetin Formononetin A
Theaflavin Idaein
Diosmin = Neohesperidin

¥/ 4SNd

Zone 1 Zone 2 Zone 3 Zone 1 Zone 4 Zone 2 Zone 3

0 — — — — —— — —-0
0 20 40 60 80 100 120 20 40 60 80 100 120
Residue Number Residue Number

Figure 6. RMSFs of the 100 ns MD simulations for chains A (A) and B (B) in various PD-L1-flavonoid
complex systems, with hydrophobic zones highlighted.

Notable differences were observed in the region spanning residues 52-66 in both
chains, located shortly after Zone 4, which consists of three turns linked by two coils.
Ginkgetin and theaflavin demonstrated less stability compared to the other flavonoids,
which may negatively impact their overall conformational stability. The peak RMSF values
were identified around residues 29, 45, 52, 77, and 102 in both chains, with corresponding
RMSF values of 2.71 A, 1.39 A, 1.45 A, 1.55 /3\, and 1.70 A, respectively, indicating that
these residues were relatively sensitive to fluctuations during the simulation. The final coil
residue, Prol116A, connects the terminal alpha-helix residues 117-126, primarily contributing
to the rising RMSF values observed in the last few residues. RMSF values exceeding 4 A
were excluded from the analysis due to their limited relevance.

2.2.5. Rg/SASA

Calculations of the radius of gyration (Rg) and the solvent-accessible surface area
(SASA) of the PD-L1 dimer—flavonoid complex systems were performed to assess their
structural compactness and solvent exposure. As illustrated in Figure 7, the average Ry
values ranged from 19.5 A to 20.5 A, indicating that the systems maintained a stable con-
formational state and demonstrated consistent folding. The median Rg values for the
flavonoids included were 20.19 A for ginkgetin, 20.45 A for theaflavin, 20.24 A for diosmin,
20.24 A for formononetin, 20.00 A for idaein, and 20.34 A for neohesperidin, highlighting
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the strong alignment in the data. During the simulations, theaflavin and diosmin exhibited
signs of unfolding at 40 ns and 90 ns, with corresponding Ry values of 21.2 Aand 219 A,
respectively. Additionally, diosmin demonstrated an increase in Ry after 85 ns, suggesting
a decreased degree of folding at these times. The Ry values for the various flavonoids
clustered around specific values; however, theaflavin and formononetin exhibited a notably
wider distribution compared to the other flavonoid groups. Although the system had
undergone pre-equilibration at a constant volume and pressure and completed a 100 ns
production run, some compounds, especially diosmin and theaflavin, still showed signifi-
cant conformational changes in the final period, as shown in Figure 7. This indicates that
these compounds may require a longer equilibration period, along with additional model
parameter settings, to achieve a relatively stabilized conformation [37].
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Figure 7. The radius of gyration (A) and the solvent-accessible surface area (B) of flavonoids from six
subgroups, with violin plots highlighting their moderate variability.

The SASA analysis results, presented in Figure 7, indicate that the flavonoids exhibited
greater alignment than the radius of gyration, reflecting the more analogous solvent-
exposed areas among these compounds. The median SASA values for the flavonoids
were as follows: 12,622 A2 for ginkgetin, 12,888 A2 for theaflavin, 12,437 A2 for diosmin,
12,686 A2 for formononetin, 12,592 A2 for idaein, and 12,583 A2 for neohesperidin. This
resulted in an overall average of 12,639.5 A2. Notably, theaflavin displayed a slightly larger
solvent-accessible surface area, suggesting that it may have undergone more significant
conformational changes compared to the other flavonoids.

2.2.6. Contact Number Analysis

The contact numbers were calculated to assess the frequency in various PD-L1 dimer—
flavonoid systems at a distance of 4.5 A. This analysis revealed notable differences in the
interaction counts. As illustrated in Figure 8, ginkgetin had the highest average contact
count, reaching 335.7 interactions per frame with the PD-L1 dimer, primarily due to its
interactions with I99A and S100A, indicating robust and active engagement. The contact
numbers varied significantly, particularly for formononetin, which interacted with residues
from Zone 3 of chain A and Zones 1 and 4 of chain B during the initial 40 ns of the simulation.
However, it lost most of its contacts by 100 ns, leading to an average of 29.4 interactions per
frame, suggesting that formononetin may be less effective for long-term PD-L1 inhibition.
Additionally, idaein displayed relatively few interactions, averaging 64.7 contacts per frame,
primarily involving key residues M98A and D105A. Flavonoids with moderate numbers
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of contacts included theaflavin, diosmin, and neohesperidin, which had average contact
counts of 262.2, 287.5, and 209.7 per frame, respectively.
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Figure 8. Number of contacts between PD-L1 dimer and flavonoids at crucial residues found in
hydrophobic zones: (A) ginkgetin, (B) theaflavin, (C) diosmin, (D) formononetin, (E) idaein, and
(F) neohesperidin.

2.2.7. Hydrogen Bond Analysis

Hydrogen bond analyses were performed on various flavonoid-PD-L1 dimer com-
plexes to investigate the H-bond interactions between the ligands and proteins. As illus-
trated in Figure 9, diosmin exhibited the highest number of hydrogen bonds with the PD-L1
dimer, averaging 3.2 H-bonds during the 100 ns MD simulation, while formononetin had
the lowest average at 0.2 H-bonds. Intermediate numbers of hydrogen bond contacts were
observed for ginkgetin, theaflavin, idaein, and neohesperidin, yielding average contact
numbers of 1.5, 1.4, 0.8, and 1.7, respectively. In the time-based analysis, ginkgetin and
diosmin initially formed relatively few H-bonds in the first 40 ns, but these numbers began
to increase thereafter. Conversely, formononetin and idaein started with a few bonds
but ultimately lost them all during the 100 ns simulation. Theaflavin and neohesperidin
maintained stable H-bonds throughout the simulation, indicating a consistent interaction
with the PD-L1 dimer via hydrogen bonds.
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Figure 9. Numbers of hydrogen bonds with the PD-L1 dimer in six leading flavonoids from each
subgroup, alongside the average number of hydrogen bonds.
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As illustrated in Figure 10, each flavonoid possesses seven to eight potential residues
at PD-L1 that form hydrogen bonds, while formononetin has only four. Most of these
residues originate from the key hydrophobic zones of the PD-L1 dimer. Details of the
bonding interactions are displayed in Figure 10.
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Figure 10. PD-L1 potential residues forming hydrogen bonds with flavonoids: (A) ginkgetin,
(B) theaflavin, (C) diosmin, (D) formononetin, (E) idaein, and (F) neohesperidin.

2.2.8. Principal Component Analysis

A principal component analysis (PCA) was performed on the different flavonoid
systems to examine the conformational dynamics by exploring the free energy landscape.
As illustrated in Figure 11, most flavonoids exhibited similarly focused basins, primarily
located within —5 to 5 nm in both the PC1 and PC2 projections. However, formononetin
and neohesperidin deviated significantly from this region, reaching —10 nm in PC1 and
10 nm in PC2, indicating less compact conformational clusters.
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Figure 11. Principal component analysis of flavonoids’ conformational dynamics when interacting
with the PD-L1 dimer.

In Figure 12, deeper colors (blue) indicate that the flavonoid systems achieve a lower en-
ergy state, which corresponds with the minimum energy of PD-L1 and its ligand. Through-
out the simulation, ginkgetin and theaflavin maintained generally stable conformations.
In contrast, diosmin and formononetin exhibited strong yet varied dynamics in their con-
formations, showing substantial changes in the projections across several nanometers,
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indicative of relatively unstable conformational behavior. Regarding idaein and neohes-
peridin, there were not only various conformational shifts but also notable energy changes,
typically characterized by significant increases in energy, which aligned with the contact
number analysis.
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Figure 12. Free energy landscapes of six top-tier flavonoids with the PD-L1 dimer: (A) ginkgetin,
(B) theaflavin, (C) diosmin, (D) formononetin, (E) idaein, and (F) neohesperidin.

2.2.9. ADMET Predictions

ADMET predictions were utilized to evaluate the clinical potential and drug-likeness
of six flavonoids. As indicated in Table 3, these flavonoids displayed variability in gas-
trointestinal absorption, with formononetin and ginkgetin leading the way, exhibiting high
absorption rates of 96.12% and 95.38%, respectively, while diosmin and neohesperidin
were anticipated to exhibit relatively low absorption in the gastrointestinal tract. All six
flavonoids were predicted to demonstrate negative results for blood-brain barrier perme-
ability and CYP3A4 inhibition, whereas formononetin was predicted to exhibit positive
results for both parameters. No compound was expected to show positive results for excre-
tion and toxicity, underscoring the low toxicity characteristic of food-derived flavonoids.
Lipinski’s rule of five (RO5) and pan-assay interference compounds (PAINS) were used to
obtain predictions regarding the drug-likeness and potential of the compounds considered
as candidates for PD-L1 inhibitors in clinical trials. In these assessments, ginkgetin and
formononetin were predicted to show no alerts in both RO5 and PAINS. Although ADMET
does not guarantee the feasibility and safety of potential candidates as PD-L1 inhibitors, the
superior results, particularly for ginkgetin, emphasize the favorable drug-likeness among
the six flavonoids [38].

Table 3. ADMET predictions with Lipinski’s rule of 5 and PAINS alerts for ginkgetin, theaflavin,
diosmin, formononetin, idaein, and neohesperidin.

Absorption Distribution Metabolism Excretion Toxicity

Compound GI Absorption BBB Permeabilit OCT2 Lipinski’s PAINS
1 vty Rule Alerts

(% Absorbed) (log BB) CYP3A4 Substrate AMES hERG I
Ginkgetin 95.38 —1.884 No No No No 0 alert 0 alert
Theaflavin 65.08 —-1.729 No No No No 3 alert 1 alert
Diosmin 29.32 —1.795 No No No No 3 alert 0 alert
Formononetin 96.12 0.157 Yes No No No 0 alert 0 alert
Idaein 45.39 —-1.713 No No No No 2 alert 1 alert
Neohesperidin 20.65 —1.720 No No No No 3 alert 0 alert
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2.2.10. MTT Assay

The cytotoxic effects of ginkgetin and diosmin on cancer cells were assessed through
the MTT assay. Figure 13 shows the impacts of these compounds on the viability of A549
lung cancer cells after a 48-h treatment period. Treatment with ginkgetin at 10 ug/mL and
50 pg/mL resulted in a cell viability of 97.69% and 84.16%, respectively. In comparison,
diosmin at concentrations of 10 pg/mL, 50 ug/mL, and 100 pg/mL reduced the cell
viability to 97.03%, 94.06%, and 90.10%, respectively, indicating that ginkgetin was more
effective. These results indicate that ginkgetin and diosmin, both natural compounds,
exhibit notable pro-apoptotic properties and may serve as effective inhibitors of PD-L1,
thereby influencing cancer cell survival.
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Figure 13. Effects of ginkgetin and diosmin on viability in A549 cells when administered at 10
and 50 pg/mL (ginkgetin) or 10, 50, and 100 pg/mL (diosmin) for 48 h; * p < 0.05, ** p < 0.01, and
*** p < 0.001 vs. control.

In addition to inhibiting PD-L1, flavonoids are widely known for their various sec-
ondary effects during cancer therapy due to their anti-inflammatory and antioxidant
properties. A study on ginkgetin has shown that it has the ability to inhibit the expression
of cytokines, including TNF-« and IL-6, through its anti-inflammatory properties, which
helps to reduce side effects during cancer therapy [39]. In addition, its antioxidant proper-
ties allow it to mitigate oxidative stress by inhibiting reactive oxygen species (ROS), which
helps to relieve oxidative side effects as well [40]. Studies have also indicated that diosmin
has the ability to inhibit ABCB1, while formononetin inhibits MRP1 and MRP2. These do-
mains can enhance chemosensitivity, leading to an increase in sensitivity to chemotherapy
by maintaining high drug concentrations [41,42].

Using the cytotoxic method of the MTT assay to evaluate the clinical potential of
ginkgetin and diosmin presents limitations in terms of providing insights into the interac-
tions between flavonoids and PD-L1, as well as in PD-1/PD-L1 interactions. In the future,
the complete mapping of the ability of these flavonoids to induce PD-L1 dimerization will
require experiments using surface plasmon resonance (SPR) and flow cytometry-based
binding assays [43]. The further application of cytokine profiling assays could provide
insights into the secondary effects exerted by different flavonoids on cancer cells during
cancer therapy through their anti-inflammatory action [44].

3. Materials and Methods

3.1. Protein and Chemical Structure Preparation

The 3D structure of the PD-L1 dimer (PDB ID: 7DY7) was obtained from the RCSB
Protein Data Bank for use in molecular docking and molecular dynamics studies [45]. This
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structure, which was resolved by Cheng Y. et al. through X-ray diffraction at a resolution of
2.42 A, was selected due to its greater completeness, with fewer missing atoms and alternate
locations, despite its relatively lower resolution compared to other available PD-L1 dimer
structures [46].

A total of 60 flavonoid compounds from six subgroups—flavonols, flavans, flavones,
isoflavones, anthocyanidins, and flavanones—were selected for this study, as detailed in
Table 1 and Figures S6 and S7 [47]. The 2D structures of these flavonoids were sourced from
PubChem and used for subsequent analysis [48]. For reference, small-molecule compounds
from Bristol Myers Squibb, known for their PD-L1-inhibitory capabilities, were included as
benchmark structures [49,50]. The reference structures, BMS-202 and BMS-1166, were also
acquired from PubChem for comparative purposes.

PD-L1 structure cleansing was performed using PyMOL 3.0.3 to eliminate water and
ligand molecules [51]. To obtain the 3D structures of the flavonoids, RDKit and Open
Babel were utilized to facilitate format conversion from PDB to PDBQT and 3D structure
generation [52,53]. Finally, the Kollman charges and hydrogen atoms were added to the
PD-L1 dimer structure using MGLTools 1.5.7 for molecular docking [54].

3.2. Molecular Docking

A diverse range of molecular docking programs are currently available for researchers,
including AutoDock, AutoDock Vina, DockThor, and GOLD [54-57]. In this study, we
conducted molecular docking studies using AutoDock Vina 1.1.2, which is renowned for
its excellent scoring accuracy and balanced computational efficiency. It was used to explore
the binding affinity and initial binding sites of various flavonoids on the PD-L1 dimer [55].
The grid box center was positioned based on the original binding site of ligand Compound
17 in the PD-L1 dimer structure (PDB ID: 7DY7). The grid coordinates were set to 144.2 A,
—13.2 A, and 19.8 A for the X, Y, and Z axes, respectively, with a cubic search area of 20 A
per side, encompassing the hydrophobic pocket between chains A and B of the PD-L1
dimer. For each flavonoid, the binding pose with the lowest binding affinity was visualized
and analyzed using VMD and Discovery Studio [58,59].

Various strategies were applied to validate the accuracy of the molecular docking
studies. Binding region validation was achieved through the web-based PrankWeb [60].
The grid box center and box size were validated by redocking the original ligand of 7DY7
to the PD-L1 dimer, as depicted in Figure S8. The discriminative ability of the docking
model was assessed by generating a receiver operating characteristic (ROC) curve using
60 flavonoids examined in this study, along with 60 flavonoid-like decoys generated with
the web-based DUDE server, as presented in Figure S9 [61]. Ultimately, as shown in
Figure S10, the docking affinities of the BMS series were compared to the experimental ICsg
values obtained from the studies conducted by Guzik, K. et al. in 2017 [50].

3.3. Molecular Dynamics Simulations

Molecular dynamics simulations were conducted using AMBER 22 and AMBERTools
23 in a Linux environment, aiming to assess the long-term stability and interactions between
the PD-L1 dimer and various flavonoid subgroups [62]. The 3D structures of the flavonoids
were refined using the AM1-BCC method in the Antechamber tool to assign partial atomic
charges [63]. Each system was solvated within an OPC octahedral water box with a 10 A
buffer and neutralized with Na* ions using the LEaP tool in AMBERTools [64]. The simula-
tions were performed with the AMBER ff19SB force field, selected for its compatibility with
the OPC water model, to ensure the accurate representation of protein—water interactions
throughout [65].
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A 5000-cycle CPU-based minimization procedure was conducted to optimize the initial
complex system to a lower energy state. This included 2500 cycles using the steepest descent
method, followed by 2500 cycles of conjugate gradient minimization. Following minimiza-
tion, a 20 ps CPU-based heating phase using the Langevin thermostat method was applied,
gradually raising the system’s temperature from 100 K to 310 K under constant-volume
(NVT) conditions. A subsequent 20 ps constant-pressure (NPT) equilibration step was then
conducted to allow a smooth transition between the thermodynamic conditions. During
the NVT and NPT phases, restraints were applied to the PD-L1 dimer at 50 kcal /mol/ A2
and 10 kcal/mol/ A2, respectively, to ensure system stability. The production phase com-
prised a 100 ns simulation, accelerated by two GPUs, under constant pressure, for the
top 5 flavonoids with the highest binding affinities in each subgroup [66]. The SHAKE
algorithm was applied to constrain the hydrogen bond lengths, while the Monte Carlo
barostat was used for pressure control [67,68]. Electrostatic interactions were computed
using the Particle Mesh Ewald (PME) method. The temperature during the production
phase was maintained at 310 K using a Langevin thermostat in order to replicate physio-
logical conditions. To ensure their accuracy and reproducibility, the molecular dynamics
simulations were repeated three times for all flavonoids tested.

3.4. Binding Free Energy Calculations

The gas-phase binding free energy was determined by calculating the molecular
mechanics (MM) energy difference between the bound complex and the unbound receptor
and ligand, as described in Equations (1) and (2) [69]. The enthalpic contributions (Eg/I M)
included van der Waals forces and electrostatic interactions, as well as bonded terms such
as bond stretching, angle bending, and dihedral torsion energies. Entropic contributions
) were examined using normal mode analysis to explain the entropy

0
(Snormal mode analysis

change in the binding energy.

0 _ 0 0 0
AGbind,vucuum - Gcomplex,vacuum B (Gligund,vacuum + Greceptor,vucuum) 1
0 _ r0 0
Goacuum = EMM —Tx Snormal mode analysis (2)

The solvation free energy was computed to justify solvent effects on the binding. The
estimation of the electrostatic contribution in both vacuum and solvent environments was
performed using the Generalized Born (GB) model, following Equations (3) and (4) [70]. The

difference between the vacuum and solvent values represented the electrostatic solvation

0
electrostatic

energy (AGgydrophobic) was estimated based on the solvent-accessible surface area (SASA).

free energy (G ). In addition to the electrostatic contribution, the hydrophobic

0 _ 0 0 0
AGbind,solv - AGCOMPZCX,SOZU - (AGligand,solv + AGreceptor,solv) (3)

0 _ ~0 0 0
AGsolv - GelectrastutiC,E:SO - Gelectrostatic,ezl + AGhydrophobic (4)

The total binding free energy (AGY, 4 TOTAL) Was obtained by combining the gas-phase
energy and the solvation free energy correction, representing the free energy of binding in
solution, as outlined in Equation (5).

0 A0 0
AGying rotar = AGpind vacuum T AGbpind solo ()

3.5. Principal Component Analysis Methodology

The principal component analysis (PCA) was undertaken using the cpptraj module
within AmberTools, aiming to explore the conformational variability of the system and
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identify the dominant poses of motion [71]. This technique was employed in order represent
the collective motions more simply, seeking to reduce the dimensionality of the data by
transforming the residue fluctuations into principal components (PC1, PC2) [72]. This
analysis was conducted based on the covariance matrix of atomic displacements, which
was used to map the free energy landscape. The calculations focused on C-alpha atoms in
all residues in both chains and the flavonoid structure so as to reduce the noise from the
side chain effect. Principal components capture the conformational changes in a system and
contribute to the later identification of dynamic shifts between different conformational
states and the exploration of their relationships with the corresponding free energy profiles.
Projections of the trajectory onto these principal components reveal the most relevant
motions contributing to the system’s structural dynamics and their potential influences on
the binding free energy.

3.6. ADMET Analysis

The ADMET parameters were predicted using the web-based servers SwissADME
and pkCSM [73,74]. Key parameters, including intestinal absorption, BBB permeability,
CYP3A4, renal OCT2 substrates, and AMES toxicity, were anticipated with pkCSM to
assess the clinical potential of the flavonoids as PD-L1 inhibitors. SwissADME was used to
validate the parameters gathered from pkCSM and to generate drug-likeness predictions
based on Lipinski’s rule of five, as well as medicinal chemistry features by assessing
PAINS alerts.

3.7. Cell Culture and MTT Assay

Ab549 cells were grown in RPMI-1640 medium, enriched with 10% FBS and 1% PS.
They were cultured in a humidified environment at 37 °C with 5% CO; [75]. To evaluate
the cell viability, the A549 cells were plated in 96-well plates at a density of 1 x 10* cells per
well and treated with different concentrations of the test agents (10, 50, and 100 pug/mL) for
48 h. The 3-[4,5-dimethylthiazol-2-yl]-2,5-diphenyl-tetrazolium bromide (MTT) assay was
used to quantitatively measure the cell viability by assessing the metabolic activity of the
cells [76].

3.8. Statistical Analysis

Data from the experiments are displayed as the mean + standard error of the mean
(S.E.M.). Statistical significance among the different treatment groups was assessed using
Student’s t-test. Differences were regarded as statistically significant for p-values below
0.05. This statistical method guarantees a comprehensive evaluation of the efficacy of the
treatments being investigated [77].

4. Conclusions

In this study, we comprehensively evaluated the inhibitory potential of 60 flavonoids
from six subgroups on the PD-L1 dimer, utilizing molecular docking and dynamics sim-
ulations. The docking results provided insights into the binding poses and affinities of
the initial flavonoids. Furthermore, the molecular dynamics simulations offered valuable
information about the dynamic interactions, revealing that ginkgetin, from the flavonol
group, exhibited the highest binding free energy of —46.73 kcal/mol among the six key
flavonoids, closely followed by diosmin at —44.96 kcal/mol. In-depth post-MD analyses
confirmed the stability and molecular interactions of these PD-L1-flavonoid complexes.
These MD-based computational approaches hold great promise regarding their application
in the development of natural product-derived therapeutics.
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Supplementary Materials: The following are available online: https://www.mdpi.com/article/
10.3390/molecules30040907/s1. Figure S1: Correlation between docking affinity and MM-PBSA;
Figure S2: Comparison of the binding modes between BMS-202 (gray) and flavonoids (A) ginkgetin
and (B) theaflavin; Figure S3: Comparison of the binding modes between BMS-202 (gray) and
flavonoids (A) diosmin and (B) formononetin; Figure S4: Comparison of the binding modes between
BMS-202 (gray) and flavonoids (A) idaein and (B) neohesperidin; Figure S5: RMSD from extended 50
ns MD simulations of key flavonoids across six subgroups, featuring a 5-95% box-and-whiskers plot
of an extended period; Figure S6: Two-dimensional structures of flavonols (No. 1-10), flavan-3-ols
(No. 11-20), and flavones (No. 21-30) involved in initial molecular docking studies; Figure S7:
Two-dimensional structures of isoflavones (No. 31-40), anthocyanidins (No. 41-50), flavanones
(No. 51-60), and BMS series (No. 61, 62) involved in initial molecular docking studies; Figure S8:
Comparison of the binding modes of the original (gray) and redocked (pink) Compound 17; Figure S9:
Receiver operating characteristic (ROC) curve generated for 60 flavonoids with 60 flavonoid-like
decoys; Figure S10: Linear relationship between docking affinities and experimental ICs values.
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