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In silico AHAAU3 AMUMEPU3ALIUN PD-L1,
WNHAYIIMPOBAHHO¥ PECBEPATPOAOM'

B. A. YPEAH", A. H. JABH/JOBCKHH", B. I. BEPECOB"

1)I/IHcmumym buousuxu u knemounou undxcenepuu HAH benapycu,
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AxruBanus T-kieTok yepe3 61okany B3aumoseiicteuii PD-1 u PD-L1 paccmarpuBaeTcs kak onHa 13 Hauboee mep-
CICKTHBHBIX CTPATETUH B JICUCHUW paka. Psi aHTHTEN, TapreTUPYIONUX CHTHAJIBHBINA IMyTh UMMYHHOTO YEK-ITOWHTA
PD-1 u PD-L1, 6511 0m00peHBI TSk TPUMEHEHHUS TI0CIIE YCIIEITHBIX KITMHIYECKUX UCTIBITaHni. OHAKO UCTIOIE30BaHIE
AQHTHTEI COTIPSDKEHO C TAKMMHU HETOCTaTKaMM, KaK HHU3Kas IIPOHUIIAEMOCTh B TKAHHU W OITYXOJH, TUTOXHE OMOIerpaaaIis
U opasibHasi OMOJOCTYIMHOCTb, BEICOKAsi CTOMMOCTH IIPOU3BO/ICTRA. [IprMeHeHe HU3KOMOJIEKYIISIPHBIX COSTUHEHUI MO-
JKET MO3BOJIUTh YCTPAHUTh HEAOCTATKU, UMCIOIIUE MECTO TPU HCIOJB30BAaHUUA AHTHUTE], MHIHOUPYIONUX UMMYHHBIC
YeK-NOHHTHL. B Hactosmiee Bpemst Oosiee 20 HU3KOMOJIEKYISIPHBIX MHTHOUTOpOB B3aumoneiicteust PD-1 u PD-L1, Ga-
30Basi CTPYKTypa KOTOPBIX OCHOBBIBACTCSI HA 3aMEIICHHBIX IPyIIIax Ou()eHma, CBI3aHHOTO C ApOMAaTHYCCKUM KOJIBI[OM
TTOCPECTBOM OCH3MTI(OUPHON CBs3H, OBLTH MISHTH(OUITMPOBAHEI W 3allaTeHTOBAHBI KOMITaHUeH Bpucmon — Maiiepc —
Ckeu66 (CIHA). CTpyKTypHBIE HCCICIOBaHUS TIOKA3aJIH, YTO BCE 3T COCOMHEHUS JACHCTBYIOT MTOCPEICTBOM HHIYKIINU
mumepm3aruu PD-L1, nenas 6enmoxk PD-L1 HexommneTeHTHBIM /i B3auMoneicTBusi ¢ PD-1. HenaBHO BBISBIEHO, 4TO
pecBeparpon naruoupyet B3aumonerictsue PD-1 u PD-L1, taioke nunnynupys numepusaiuio PD-L1, ogHako MexaHu3Mbl

1MaTepI/Ian CTaTbM MPEJACTABICH B BUJE JOKIaAa Ha MexayHapoaHOH HayuyHOU KoH(pepeHuun « MonekyaspHble, MeMOpaHHbIE
U KJICTOYHBIC OCHOBBI (PYHKIIHOHUPOBaHHsI OHOCHCTEMY, poBouBIIciics B pamkax XIV cwe3na bemopycckoro o01iecTBeHHOro 00be/H-
HeHus Gorodronoros u 6nopmnkoB (Munck, 17-19 urons 2020 r).
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9TOTO OCTAIOTCA HESICHBIMH. B HacTosIel paboTe UCIoap30BaHbl HHCTPYMEHTHI BEIUHMCIUTEIFHON CTPYKTYpHOH O10JI0-
run (IOCTpOEHUE Mojieliel OeJIoK — OesTOK 1 OeJIOK — JIMTAH/I B COUYSTAaHUH C METOIOM MOJIEKYJISIPHOM AMHAMUKH) B LEIISIX
YCTAHOBJICHUS CTPYKTYPHBIX MeXaHU3MOB AuMepu3zannu PD-L1, uHaynupoBaHHOM pecBepaTpoioMm.

Knroueswie cnosa: PD-1; PD-L1; pecBepaTpoi; BRIYUCIUTENbHAS CTPYKTYPHAs OHOJIOTHS.

bnazooapnocms. Hacrosimas pabora BBIIOJIHEHA B PaMKaxX FOCYAapCTBEHHON NPOrpaMMbl HayYHBIX MCCIIEAOBAHHI
«brnorexuonorum» (rpant Ne 1.45).
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T-cell activation through the blockade of PD-1 —PD-L1 interactions is recognised at present as one of the most promising
strategies in the cancer treatment and a number of antibodies targeting the PD-1 — PD-L1 immune checkpoint pathway
have been approved after successful clinical trials. However, the use of antibodies suffers from a number of shortcomings
including poor tissue and tumor penetration, long half-life time, poor oral bioavailability, and expensive production
costs. Small molecule based therapeutic approaches offer the potential to address the shortcomings of the antibody-based
checkpoint inhibitors. At present, more than twenty small molecular inhibitors of the PD-1 — PD-L1 interactions whose
scaffold is based on substituted biphenyl group connected to a further aromatic ring through a benzyl ether bond have been
identified and patented by Bristol — Mayers — Squibb (USA). Structural studies have shown that all these compounds act
by inducing the dimerisation of PD-L1 that makes PD-L1 non-competent for forming complex with PD-1. Very recently,
the dietary polyphenol resveratrol (RSV) has been reported to inhibit the PD-1 — PD-L1 interactions through the induction
of the PD-L1 dimerisation but the mechanisms remain unclear. Here, computational structural biology tools combining
protein — protein and protein — ligand docking with molecular dynamics simulations were used to gain structural insights
into the mechanisms of the RSV-induced dimerisation of PD-L1.

Keywords: PD-1; PD-L1; resveratrol; computational structural biology.
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Introduction

Among different therapeutic options, cancer immunotherapy has emerged most recently as a powerful stra-
tegy for treating various types of cancers [1-3]. Tumor cells express cancer-specific antigens derived from
genetic alterations, and as such have to be targeted by the immune cells. However, cancer cells have adapted to
escape this host defense mechanism by exploiting endogenous T-cell immune tolerance pathways, termed im-
mune checkpoints [4; 5]. The major among them is the PD-1 (programmed death 1) and PD-L1 (programmed
death ligand 1) immune checkpoint signaling pathway. PD-1 protein suppresses T-cell cytolytic function when
bound to its ligand PD-L1 [4; 5]. PD-L1 is upregulated on antigen-presenting cells in most cancer types via
induction of PD-L1 expression by YIFN (secreted from tumor infiltrating T-cells) and by constitutive expres-
sion of PD-L1 resulting from oncogene activation [4—6]. Indeed, the presence of PD-L1 in the tumor micro-
environment is generally correlated with poor prognosis in multiple cancer types [7]. Therefore, one may
expect that antagonising the protein — protein interactions of PD-1 with its ligands (PD-L1 and PD-L2) can
revert T-cell phenotypic exhaustion and thus result in the efficient killing of cancer cells. In line with this, anti-
bodies that target PD-1 or its binding to PD-L1 have shown unprecedented rates of durable clinical responses
in patients with various cancer types [4]. These antibodies have been successful as single agents in numerous
clinical trials and have revolutionised the field of antitumor immunoterapy. However, due to lower production
costs, higher stability, improved tumour penetration, amenability for oral administration and elimination of
immunogenicity, small-molecular weight inhibitors present a more promising option as compared to antibo-
dies as immune check point inhibitors. Despite these potential advantages of small molecule inhibitors (SMls),
their discovery has greatly lagged behind mABs. This is likely because PD-1 and PD-L1 proteins are predicted
to be challenging drug targets for small molecules [8] since the PD-1 — PD-L1 interaction interface is large
(1970 A?) and lacks deep hydrophobic pockets traditionally found in more druggable proteins [9]. In spite of
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this, to date, more than twenty small molecule antagonists that directly and selectively disrupt the association
between PD-1 and PD-L1 have been identified and disclosed in several patents authored by Bristol — Mayers —
Squibb (BMS) [10]. The affinities of these compounds towards PD-L1 determined with the use of the homo-
genous time-resolved fluorescence assay and application of the europium cryptate-labeled anti-Ig were in the
range of 0.6 nmol/L up to 20 pmol/L for ICs, values. Recently, the dietary polyphenol resveratrol, a natural
polyphenolic phytoalexin that is present in red wine, red grape skin, berries, peanuts, and other natural sources,
has been shown to enhance anti-tumor T-cell immunity, supposedly also by the stabilisation of inactive trimeric
structure, including two PD-L1 molecules and small molecular ligand, thus using indirect way of the PD-1 —
PD-L1 axis inhibition [11], however the structural insights into this process is absent. Here, computational
structural biology tools combining protein — protein and protein — ligand docking with molecular dynamics
simulations were used to gain structural insights into the mechanisms of the resveratrol induced dimerisation
of PD-L1 as well as the elucidation of structural determinants of its high inhibiting activity.

Materials and methods

Predicting the 3D structures of the PD-L1 — resveratrol complex. First, the coarse-grained model of the
PD-L1 dimer — resveratrol structure complex was predicted using the Glide program of the protein — ligand
docking [12]. In doing so, the protein was considered as rigid, whereas the ligand was treated as flexible.
Because the known experimental PD-L1 dimer structures when complexed with different BMS-ligands (PDB
codes: 5j80, 5j89, 5n2d, Sn2f, 5niu, Snix, 6nm7, 6nm8) differ from one another, all these dimers were prelimi-
nary analysed using Glide in terms of their interaction with resveratrol, and the lowest-energy configuration
including the protein dimer and ligand was selected to be used in subsequent molecular dynamics (MD) simu-
lations. Because BMS-ligands are known to bind to PD-L1 in extracellular environment [12], whereas the
membrane parts of PD-L1 monomers are positioned far apart and therefore do not interact, the similar situation
was proposed for PD-L1 interaction with resveratrol. Taking this into account and for the sake of simplicity,
membrane parts of PD-L1 were omitted from MD simulations. MD simulations were performed using the
GROMACS software [14] with the CHARMM36 all-atom force field [15]. The protein was solvated using
the TIP3P water model [16] in a dodecahedron box of 44 x 37 x 34 A and counterions were added to keep
systems neutral. Periodic boundary conditions were applied and Lennard-Jones interactions were truncated
at 12 A with a force switch smoothing function from 10 to 12 A. The integration time step was 2.0 fs. The
non-bonded interaction lists were generated with a cutoff distance of 16 A. The V-rescale thermostat [17] was
used to maintain the temperature at 300 K and the Parrinello — Rahman barostat for maintaining the pressure
at 1 bar [18]. Electrostatic interactions were calculated explicitly at a distance smaller than 1.0 nm, long-range
electrostatic interactions were treated by particle mesh Ewald summation at every step [19]. After 500 steps
steepest descent minimisation with the protein fixed and another 200 steps without the protein fixed, the sys-
tems were first heated to 300 K and then subjected to a 100 ps canonical ensemble (NVT) simulation followed
by a 100 ps isothermal — isobaric ensemble (NPT) simulation. After a subsequent 1 ns NPT simulation as
equilibration, the production simulations were run for 300 ns in the NVT ensemble with the Verlet leap-frog
algorithm coupled with mesh Ewald method for long-range electrostatics and Verlet cut-off with the distance
of 1 nm for short-range interactions [20]. GPU-acceleration was used in all MD simulations. The estimation of
the binding affinity of resveratrol to PD-L1 or the PD-L1 dimer was carried out using three different metrics:
Glide score [12], Prodigy-Lig affinity [21] and Kdeep affinity [22]. General characterisation of protein — ligand
interactions was carried out using protein — ligand interaction profiler (PLIP) [23].

Modeling PD-L1 — PD-L1 interaction within the PD-L1 dimer — resveratrol complex. The modeling of
PD-L1 - PD-L1 interaction was performed in a stepwise fashion using a four-staged computational molecular
docking protocol ((PIPER [24] + GRAMM-X [25] + HDock [26]) — RosettaDock [27; 28] — GalaxyRefine-
Complex [29] — RosettaDock (abbreviated by (P + G + H)R,GyRp)), where PIPER performs exhaustive glo-
bal rigid-body search of rigid-body docking decoys, GRAMM-X and HDOCK combine free rigid-body search
with the template-based one. Next the top-ranked decoys were first refined by the GalaxyRefineComplex ap-
proach during the second stage, followed by the refinement using the RosettaDock approach in the third stage.
When employing GalaxyRefineComplex in the second stage of the full protocol of the decoy set generation,
the refinement procedure was applied to a set of several top-scored protein complexes that had been obtained at
the first stage using the P + G + H combination. To discriminate the near-native complexes among the decoys,
the binding affinities together with the RosettaDock energy funnels and the total energy score decrease upon
binding were used in consensus manner. We estimated the binding affinities by two different ways: as interface
score of RosettaDock [27; 28] and as AG provided by the Prodigy server [30]. In addition, we estimated buried
surface area (BSA), geometric complementarity (interface van der Waals energy), number of salt bridges and
hydrogen bonds as main determinants of binding affinity [31; 32]. The Rosetta3 [33] interface analyser was

41



ZKypnaa Besopycckoro rocyiapcrseHHOro yuusepeurera. buonorus. 2021;1:39—47
Journal of the Belarusian State University. Biology. 2021;1:39—47

used to evaluate BSA, whereas the PPCheck server [34] was used to estimate van der Waals energy, number of
salt bridges and hydrogen bonds. All these metrics, which are based on essentially different physical concepts,
were used in consensus manner to strengthen the reliability of functional conclusions based on affinity esti-
mates. Since the availability of a low-energy template-based hit upon template-based docking can be viewed as
an equivalent of the knowledge of the binding site location, we considered the similarity between the relative
positions of proteins-partners in the final model and those in the highest-ranked rigid-body decoy obtained by
the template-based docking as an additional and important indication of the successful prediction.

Results and discussion

The evaluation of the affinities between resveratrol and PD-L1 dimers from atomistic complexes of
BMS-ligands with PD-L1. To establish the structure of the PD-L1 — resveratrol protein — ligand complex, the
structures of the aPD-L1 and bPD-L1 dimers from 5j80, 5niu, Snix, 5j89, 6nm7, 6nm8 were subjected to ligan-
ding by resveratrol using the Glide program of the protein — ligand docking [12]. In doing so, the protein was
considered as rigid, whereas the ligand was treated as flexible. Next, the affinities of the PD-L1 dimers — resve-
ratrol complexes were estimated using two different metrics: Glide score [12], and Prodigy-Lig affinity [21].
The consensus lowest-energy structure was saved to be used in subsequent MD refinements. The results of this
preliminary analysis is shown in table 1.

Table 1
Free energy estimates of the interactions between PD-L1 dimers
from 5j8o, Sniu, 5j89, Sn2d, Sn2f, 6nm7, 6nm8, 6r3k atomistic
structures and resveratrol, kcal/mol
PDB code
of the PD-L1 dimer AGgiige AGy, AG g AGp, yimer
structure used
5i80(1) -7.95 ~13.7 -73 -21.0
5i80(2) ~7.90 ~13.8 -73 21.1
Sniu(1) -8.19 -14.0 =75 -21.5
5niu(2) -7.56 ~13.9 -75 214
5niu(3) -7.33 ~13.9 -75 214
5n2d(1) —7.59 -13.8 -7.1 -20.9
5n2d(2) -7.55 ~13.8 7.1 -20.9
5n2d(3) -7.53 -13.8 -7.1 -20.9
Sn2f(1) —8.54 -13.7 -7.6 -21.3
5n21(2) -8.46 -13.8 -7.6 -21.4
5n2f(3) -8.45 ~13.7 -7.6 213
6r3k(1) -7.21 -13.7 -6.4 -20.6
6r3k(2) -7.15 -13.7 -6.4 -20.6
6r3k(3) —-7.09 -13.7 -6.4 -20.6
5i89(1) —7.48 -13.9 -7.9 -21.8
5i89(2) —7.45 -13.9 -7.9 -21.8
5i89(3) -7.35 ~13.9 -7.9 -21.8
5i89(4) -7.32 ~13.8 -7.9 21.7
6nm7(1) -8.98 -14.1 -8.0 -22.1
6nm7(2) -8.81 -14.1 -8.0 -22.1
6nm8(1) -8.06 -13.8 =77 -21.5
6nm8(1) -8.00 ~13.8 7.7 215

Note. AGgq0 AGp, are binding affinities obtained using Glide and Prodigy respectively; AG y is
the interprotein binding affinities between PD-L1 monomers A and B; AGp, e = AGp, + AGp.

From the results that have been obtained the complex of resveratrol with the PD-L1 dimer that was adopted
from 6nm7(1) structure was saved to be used in further refinement.

The refinement of the PD-L1 dimer — resveratrol complex using MD simulations. The best-scored
PD-L1 dimer — resveratrol structure obtained by Glide (with PD-L1 dimer structure adopted from 6nm7) was
next subjected to MD simulations as described in the section «Materials and methods». The root mean square
deviation (RMSD) and the root mean square fluctuation (RMSF) were employed to characterise the motions
of the ligand in respect to the protein and the stabilisation of the trimeric complex. The plots depicting RMSD
and RMSF are shown in fig. 1 and 2 respectively.
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The plot depicts structural stability, positioning and motion of resveratrol upon the formation of the com-
plex with the PD-L1 dimer.

Our findings show that the systems converged and attained stability early in the production run after
50 ns for the PD-L1 dimer — resveratrol complex. The final structure of the MD simulations was considered
as the structure of the complex (fig. 3). A comparison between the predicted structure and that obtained by
docking with Glide has shown a significant change both in the conformation and orientation of PD-L1 mole-
cules in all cases with RMSD of 1.122 A. The analysis of the PD-L1 dimer — resveratrol complex structure
using the PLIP [23] revealed the formation of 16 hydrophobic contacts and five hydrogen bonds (see fig. 3,
table 2).

The analysis of the protein — ligand binding affinity by Prodigy-Lig [21] resulted in binding affinity values
between the PD-L1 dimer and resveratrol of —14.2. The most important results of simulations are given in table 3.
The modeling has shown a rather high intermolecular shape and polar complementarity in the PD-L1 — PD-L1 —
resveratrol complex thus explaining the induction of PD-L1 dimerisation and inhibition of PD-1 —PD-L1 interac-
tion. Of note, AG;4. for interaction with resveratrol is higher than that for interaction with BMS-ligands, whereas
with AGp, the lowest value takes places namely with resveratrol. Nearly the same value (—9.252 kcal/mol) has
been earlier obtained with AutoDock [35]. This discrepancy can be explained by more accurate account of van
der Waals interactions by Prodigy as compared with Glide or AutoDock [35].
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Fig. 1. Resveratrol atoms RMSD during MD simulations
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Fig. 2. RMSF of resveratrol atoms
upon the formation of complexes with the PD-L1 dimer

43



ZKypnaa Besopycckoro rocyiapcrseHHOro yuusepcurera. buosnorus. 2021;1:39-47
Journal of the Belarusian State University. Biology. 2021;1:39-47

Resveratrol OH

HO N

OH

Resveratrol

Serl17A

1le54A Alal21A

Fig. 3. Structure of the PD-L1 dimer — resveratrol complex:
a — chemical structure of resveratrol; b — predicted 3D structure
of the extracellular part of PD-L1 dimer in complex with resveratrol
after 300 ns MD simulations (resveratrol arrangement between
two PD-L1 immunoglobulin domains is shown); ¢ — the closer view
of the PD-L1 dimer — resveratrol interface. Hydrogen bonds (HB1, HB2 and HB3)
are shown as blue lines. The hydrophobic contacts are shown as dotted black lines
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Table 2
Hydrophobic and polar contacts between resveratrol and PD-L1 dimer
Index Residue | AA(atom) | Distance, A Ligand atom
Hydrophobic contacts
1 HPH* 54A Ile(CD2) 3.55 Cl1
2 HPH* 54B Ile(CG2) 3.32 H21
3 HPH 56A Tyr(CQG) 3.33 C13
4 HPH 56B Tyr(CD1) 2.72 Cl1
5 HPH 56B Tyr(CG) 3.28 Co6
6 _HPH 66A GIn(HG2) 2.89 H25
7 _HPH 115A Met(CB) 3.59 C9
8 HPH 115B Met(CB) 3.79 C6
9 HPH 116B Ile(HG12) 3.71 H25
10 HPH 117A Ser(HB2) 3.74 H20
11_HPH 117B Ser(CB) 3.70 H28
12 HPH 121A Ala(CB) 3.54 C3
13 HPH 121B Ala(CB) 3.40 Cl11
14 HPH 122A Asp(N) 3.52 H24
15 HPH 123B Tyr(CB) 3.31 H26
16 HPH 122B Asp(HB2) 3.52 H27
Hydrogen bonds
1 HB** 56B Tyr(OH) 3.61 ol6
2 HB 66B GIn(N) 3.43 o7
3 HB 117A Ser(N) 3.57 ol6
4 HB 122B Asp(H) 3.97 07
5 HB 123B Tyr(HB2) 2.32 016
*HPH stands for hydrophobic contacts. **HB stands for hydrogen bonds.
Table 3
The most important results of interactions between resveratrol, BMS-8, BMS-37,
BMS-200, BMS-202, BMS-1001, BMS-1166, BMS-105 and PD-L1 dimer
~ PD-LI
in complex
with BMS-8
PD-L1 dimer — resveratrol 1-10 —-14.1 -9.0 -8.0 -222 |15 5 0 0 1.12
PD-L1 dimer — BMS-8* 146 -10.8 -11.9 -7.2 -18.0 9 0 0 2 0
PD-L1 dimer — BMS-37* 6-100 | -11.0 -12.0 7.1 —-18.1 9 0 0 1 0.97
PD-L1 dimer — BMS-105* 6-100 | -10.9 —11.8 -7.8 —-18.6 6 1 0 1 0.56
PD-L1 dimer — BMS-200* 80 -11.5 -12.7 -7.8 -19.3 6 2 0 1 1.17
PD-L1 dimer — BMS-202* 18 -12.1 —-13.5 -7.3 -19.4 8 2 0 1 1.08
PD-L1 dimer — BMS-1001* | 2-15 -12.5 -13.9 -7.2 -19.7 9 3 0 0 1.26
PD-L1 dimer — BMS-1166* 1.4 -12.9 -14.2 -6.9 -19.8 9 3 1 1 1.22

Note. AGp, yimer = AGp, + AG \g; nypy — number of hydrophobic contacts; n,y — number of hydrogen bonds; ngg — number of salt

bridges; n

T-st

— number of m-stacking pairs; * — complexes of PD-L1 dimer with BMS-8 (PDB code: 5j80), BMS-37 (PDB code: 5n2d),

BMS-105 (PDB codes: 6nnv, 6nmv), BMS-200 (PDB code: 5n2f), BMS-202 (PDB code: 5j89), BMS-1001 (PDB code: 6r3k), BMS-

1166 (PDB code: 5niu); ** — AGy,, stands for AGp, e
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Small molecules targeting the PD-1 — PD-L1 interaction are actively sought by academic institutions and
pharmaceutical companies with the hope of surpassing the success of antibodies due to expected better efficacy
of small molecules as compared to antibodies because of their better tumor penetration and oral availability.
Although this field is only in its initial stage, several small molecule immunomodulatory compounds at the
stage of preclinical development have been reported to date [13]. Whereas atomic-level structures of their
complexes with PD-L1 are known for a number of them, high-resolution structures for some of them posses-
sing ICs,, values in low nanomolar range are not determined to date, thus hampering the rational structure based
development of efficient drugs. In the present study, based on known X-ray structures (PDB codes: 5j80, 5j89,
5n2d, 5n2f, Sniu, 5nix, 6nm7, 6nm8), the prediction of the atomistic 3D structure of PD-L1 dimer with resve-
ratrol was carried out. As in known X-ray structures of PD-L1 — BMS-ligand complexes, PD-L1 interacts simul-
taneously with two monomers of PD-L1. The analysis of the receptor — ligand complexes allowed the detection
of the residues involved in dimer stabilisation. As in all previously characterised structures of the complexes of
PD-L1 with BMS-SMIs, resveratrol interacts with same key interaction residues, namely with [le54A, Tyr56A,
GIn66A, Metl15A, Serl17A, Alal21A, Aspl122A and 11e54B, Tyr56B, Met115B, Ser117B, Alal21B, Tyr123B.
Overall, the inhibition of PD-L1 immunosuppressive action occurs through multiple hydrophobic and electro-
static interactions that stabilise the trimeric complex including ligand and two monomers. Our studies show that
resveratrol stabilises the (PD-L1), — ligand trimeric complex more efficiently than known BMS-ligands and as
such can be seen as the promising hit compound for drug design of therapeutics for the suppression of PD-1 —
PD-L1 interaction.

Conclusion

Cancer immunomodulation involves the use of synthetic or natural agents capable of activating the immune
response to impede tumor cell dissemination. The nutraceutical resveratrol, a natural polyphenolic phytoalexin
that is present in red wine, red grape skin, berries, peanuts, and other natural sources, has recently been pro-
posed as a cancer immunomodulatory molecule by either acting on immune cells or by sensitising tumor cells
to the cytotoxic effects of immune cells [37]. Our computer-aided simulations combining docking with MD
have shown that resveratrol locates at the center of the PD-L1 homodimer, filling a deep hydrophobic pocket
that contributes multiple additional interactions between the PD-L1 monomers. Resveratrol almost perfectly
duplicate the target space of BMS-SMIs, which have a common scaffold and interact with the cavity formed
by two PD-L1 monomers and with key interactions with Ile54, Tyr56, Metl15, Ile116, Alal21, and Tyr123,
thereby blocking the PD-1 — PD-L1 interaction by inducing PD-L1 dimerisation. Due to its special structure
features, very strong binding takes place between PD-L1 monomers and ligands as well as between protein
monomers. This results in much higher stabilisation energy of trimeric complex of resveratrol with PD-L1
dimer as compared with the case of BMS-ligands, suggesting resveratrol as a promising hit-candidate for the
design of powerful drugs for immunological therapy.
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