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Computational approaches leveraging large-scale data validation play a pivotal role in advancing immunotherapies. The
identification of novel immune targets and the development of potential immune checkpoint inhibitors (ICls) are crucial for
improving cancer treatment outcomes. In this study, we focused on Dostarlimab, a monoclonal antibody targeting the
PD-1/PDLI pathways in cancer, as a potential ICI. The aim of this study was to use bioinformatics analyses to identify
immune targets and assess the efficacy of Dostarlimab against these targets. Specifically, we focused on six immune targets:
PDLI1, AURKA, MELK, NCAPG, PBK, and RACGAPI. Large-scale gene expression studies were performed to identify
potential immune targets. The interaction of Dostarlimab with the six chosen targets was assessed through molecular
docking. Protein—protein interaction (PPI) simulations were performed using the ClusPro webserver, and molecular
dynamics (MD) simulations were conducted using Desmond software. Our results demonstrated that among the selected
immune targets, PDL1, a well-known target, exhibited a relatively weak interaction with Dostarlimab. In contrast, the other
five targets (AURKA, MELK, NCAPG, PBK, and RACGAP1) showed robust affinity for Dostarlimab based on molecular
docking and dynamic simulations. This study suggested that Dostarlimab, an FDA-approved drug and an inhibitor of
PD1/PDL1 immunotherapy, has promising potential for use against a panel of immune targets associated with liver cancer.
Although PDLL1 is a recognized immune target, our findings suggest that the selected novel immune targets may improve
therapeutic outcomes. Clinical studies are warranted to validate these findings and establish the reliability of predictive
immune targets for the development of effective ICIs for liver cancer patients.

Keywords: Hepatocellular carcinoma, Immune therapy, Immune checkpoint inhibitors, Immune targets, Molecular docking,
Molecular simulations

In 1986, the US Food and Drug Administration
(FDA) approved the first immunotherapy drug, an
antitumor cytokine called interferon-2alpha (IFN-2a),
for leukemia treatment'. Following studies indicating
significant efficacy in the acute stage of leukemia, the
FDA granted approval for the use of IFN-2a in the
treatment of 3"-stage melanoma in  1995.
Subsequently, in 1998, it was licensed for the
treatment of both melanoma and renal cell carcinoma.
Interleukin-2 (IL-2), recognized as a T-cell growth
factor, exhibits immunological modulation that
stimulates T-cell proliferation”. Notably, IFN-20. has
reached FDA approval as the second most common
cytokine-based anticancer drug after IFN-20>*

The emergence of immune checkpoint inhibitors
(ICIs) as pivotal agents in cancer treatment has led to

*Correspondence:
Phone: +91-9502639348 (Mob)
E-mail: reddidamodar@gmail.com

the development of immunotherapies and various
formulations for standard cancer therapy’. Immune
checkpoint inhibitor therapies have focused on tumor
cells and can be effectively recognized and knocked
down by the immune system. Blocking ICI in human
cancer is called immune therapy’. The most
well-studied ICIs are programmed cell death 1
(PD1), programmed cell death 1 ligand (PDL-1),
and cytotoxic T Ilymphocyte-associated antigen
4 (CTLA4)™'. Another new group, the ICI
lymphocyte activation gene 3 (LAG-3) group,
was first reported by a French immunologist in 1990.
Its transmembrane protein is located in the
extracellular and cytoplasmic regions and is closely
related to the prognosis of human cancers. Its
expression is positively correlated with the
development of human tumors, such as lung and
hepatocellular carcinoma''. However, due to the
limitations of treatment and the low response of
cancer patients, there is a need to increase the
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significant discovery of antibody drugs and novel
immune targets for specific cancer immunotherapies'”.

On August 7, 2021, the FDA approved
Dostarlimab (Jemperll), a monoclonal antibody for
advanced deficient mismatch repair (dMMR)
endometrial cancer. Dostarlimab works on all types of
dMMR and microsatellite instability (MSI) tumors.
Abnormal DNA function should be restored to
maintain cell health”. In 2022, Dostarlimab, a PD-1
inhibitor, was reported to have a long-lasting effect on
dMMR in patients with rectal cancer. A clinical trial
(NCT04165772) showed promise for determining
what drives cancer therapy'®. Dostarlimab can bind to
PD-1 on T cells and block interactions; both ligands
are PD-L1 and PDL2, which activate the immune
response. This drug functions as a natural antitumor
response in cancer treatment; it is given as an
intravenous infusion for 30 min every 3 or 6 weeks,
depending on the cycle'.

Based on research reports our interest of the study
is Dostarlimab interacting with immune targets, the
heavy chain of Dostarlimab is responsible for
inhibiting PDL1 binding, while the light chain is
likely involved in this blockade'®"”. Crucial for drug
binding, Dostarlimab's high-affinity conformational
changes occur in the BC, CD, and FG loops of PD-1,
distinguishing its mechanism from that of nivolumab
and pembrolizumab'®. The structural changes are
unclear, but known epitopes might show critical
efficacy for cancer tumors with different antibodies.
However, antibodies that block PD-1 and PDL1 have
similar effects'. Therefore, the drug Dostarlimab
targets and blocks the interaction of PD-1/PDL1 to
promote an immune response against cancer cells.
Drugs known as immune checkpoint inhibitors could
show promising activity in liver cancer”. In this
research, we performed Dostarlimab molecular
docking and simulation interactions against unknown
immune targets and compared them with those of the
known immune target PDL1%'.

Materials and Methods
Protein data retrieval

The antigen (Ag) targets were selected based on
RNA sequence data from our earlier research work, as
referenced in Pulakuntla er «/*. The protein
sequences of the selected targets, Aurora kinase A
(AURKA) (UniProt ID: 014965), Maternal
embryonic leucine zipper kinase (MELK) (UniProt
ID: Q14680), Condensin complex subunit 3 NCAPG
(UniProt ID: Q9BPX3), Lymphokine-activated killer

T-cell-originated protein kinase (PBK) (UniProt ID:
Q96KB5), and RacGTPase-activating protein 1
(RACGAPI) (UniProt ID: Q9HOHS), were retrieved
from the UniProt database in fasta format
(https://www.uniprot.org/)>. In recently published
research, we selected the potential antibody (Ab)
Dostarlimab (an immune checkpoint inhibitor)™.

Functional antigen prediction and antibody modeling

In silico screening of gene targets provides
information about most protective  antigen
identification with vaxiJen 2.0 (http://www.ddg-
pharmfac.net/vaxijen/VaxiJen/VaxiJen.html)**. It was
developed for antigen classification based on the
physicochemical properties of the protein sequence.
The five protein targets were predicted based on the
predefined cutoff rank as protective antigens or
nonantigens. The immunogenic receptors PDL1 (PDB
ID: 4718), AURKA (PDB ID: 2J4Z), MELK (PDB
ID: 4IXP), NCAPG (PDB ID: 61GX), PBK (PDB ID:
5J0A), and RACGAP1 (PDB ID: 20VJ) were
downloaded from the PDB database
(https://www.rcsb.org/). The light and heavy chains of
the antibody Dostarlimab were downloaded from the
PDB database (PDB ID: 7WSL). The target and
ligand structures were downloaded and subsequently
prepared using Maestro software. The protein
structure, which included missing loops, underwent
loop modeling using the Swiss Model Server
(https:/swissmodel.expasy.org)”. In the loop
modeling process, we employed a user-specific
template method, using the same PDB ID as the
template for the respective protein. The resulting fully
prepared structures were then utilized for further
analysis. Dostarlimab high-affinity conformational
receptors C and A are heavy and light chains,
respectively.

Helper T lymphocyte (HTL) epitope analysis

HLA (human leukocyte antigen) class II epitope
analysis was performed using NetMHClIpan version 4.1
(https://services.healthtech.dtu.dk/services/NetMHClIpa
n-4.1/)®. The FASTA protein sequence was used as
input for the analysis of MHC-II molecules. The
prediction was performed based on high binding affinity,
and the best epitopes were filtered on the basis of the
ICsy threshold (500 nM) values, were able to forecast all
potential mutant epitopes by strong and weak binding
affinity since 9-mer peptides may comprise 90% of
neoantigens, we exclusively took them into
consideration.
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ClusPro Protein—protein docking using antibody mode

We used an antigen and antibody docking protocol
with the ClusPro server (http://cluspro.bu.edu/)®’.
Cluspro is one of the best servers in the critical
assessment of prediction interaction (CAPRI) for
protein docking. Protein-protein docking using
ClusPro, particularly in antibody mode, is a robust
method for predicting the interaction between
antibodies and their target antigens. ClusPro is a
powerful docking tool that combines rigid-body
docking with a clustering algorithm to predict the
most likely protein-protein interactions. In antibody
mode, ClusPro specifically optimizes the docking
process for the interaction between an antibody and
its antigen. This mode takes into account the unique
structural features of antibodies, such as their variable
regions and antigen-binding sites, to improve the
accuracy of the docking predictions. The server has
different scoring schemes. In this study, the CluSpro
server was accessed in antibody mode, where the
antibody structure was designated the receptor and the
target protein was designated the ligand. One of the
great applications of ClusPro is the prediction of
structural oligomeric subunits. Upon submission of
the data to the Cluspro server, the docking processes
were performed, and the results were retrieved and
analyzed based on scoring functions, energy
minimization, and other relevant criteria. The top-
ranking docking models were visualized using
Maestro, providing insights into the predicted
protein—protein interactions. The ranking prediction
of the generated poses was based on the size of the
cluster. The manual predictions have been processed
based on stability and optimization analysis and, in
some cases, based on biological information.
Protein—protein docking is more challenging due to
the large complex and finding of unknown binding
surfaces.

Molecular dynamic simulations

In this study, we employed molecular dynamics
simulations using Desmond software™ to investigate
the dynamic behavior of the complex system
Dostarlimab interacting with six immune targets
(PDL1, AURKA, MELK, PBK, NCAPG, and
RACGAPI1).For MD simulations, it is essential to
select the most representative docking poses to ensure
that the simulation results are meaningful and
reflective of the actual biological interaction. In
practice, the docking poses generated by ClusPro are
analyzed and filtered based on criteria such as the

binding energy, interface area, and the quality of the
predicted interaction. The top-ranked poses are then
chosen for further MD simulations. The simulations
were carried out at a physiological temperature of
300 K and pressure of 1.01325 bar within a 10 A
cubic box. The OPLS-2005 force field was applied to
accurately represent intermolecular interactions, and
TIP3P water molecules were used for solvation. The
system underwent initial energy minimization to
address steric clashes, followed by a gradual release
of constraints for system relaxation. Equilibration
stages (NVT and NPT) were performed to adjust the
temperature and pressure using thermostats and
barostats. Subsequently, production MD simulations
were conducted for 100 ns, the energies were
recorded at 1.2 ps intervals, and trajectories were
saved every 100 ps. In this study, the Noose-Hoover
chain thermostat method and the Martyna-Tobias-
Klein barostat method with isotropic coupling were
employed to control the system's temperature and
pressure. The equations of motion were integrated
using the leap-frog algorithm with a time step of 2 fs,
and the cut-off radius for short-range Coulomb
interactions was set to 9.0A%°. The simulations, which
were independently run six times, aimed to explore
the stability and dynamics of the Dostarlimab-
immune target interactions. The resulting trajectories
were analyzed using Desmond's tools, focusing on
parameters such as RMSD and RMSF to provide
insights into the system's behavior, thus contributing
to a comprehensive understanding of the molecular
dynamics of the studied complex. Principal
component analysis (PCA) and dynamic cross-
correlation matrix (DCCM) analysis were conducted

utilizing the 'Bio3D' package within the R
environment™’.
Results

VAXIJEN antigenic prediction

The selected proteins from early research work on
Microarry GEO datasets (AURKA, MELK, NCAPG,
PBK and RACGAPI), were retrieved from the
UniProt database; these proteins are selected based on
primarily involved directly or indirectly in multiple
cancer signaling pathways, such as the P53 pathway,
Hippo pathway, PI3k-Akt pathway, FOXO pathway,
and PI3k-mTOR signaling pathway’'. Gene selection
was based on physicochemical properties, and in the
immunogenicity analysis performed by VAXIJEN
2.0, the threshold cutoff value was 0.4 for the 5
immune targets. The predicted strong antigens
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identified in (Table 1) were AURKA (0.4829), MELK
(0.5048), NCAPG (0.4755), PBK (0.4611), and
RACGAP1 (0.6213). Further antigen and antibody
structural data files were retrieved from the PDB
database.

Helper T lymphocyte (HTL) epitope analysis

In this study, a comprehensive analysis of helper T
lymphocyte (HTL) epitopes was conducted, focusing
on 15-mer peptides binding to classll MHC
molecules. The prediction was performed for nine
superfamily alleles: DRBI1 0101, DRBI 0301,
DRB1 0401, DRB1 0701, DRB1 0801,
DRBI 0901, DRB1 1101, and DRBI1_150%. This
analysis aimed to identify potential epitopes within
the target proteins. The assessment was based on
ICso values, a measure of peptide-MHC binding
affinity. The analysis yielded epitope predictions
for each target protein, with 79 epitopes for AURKA,
164 epitopes for MELK, 89 epitopes for NCAPG,
79 epitopes for PBK and 181 epitopes for
RACGAPI1. NetMHCPan 4.0 epitope analysis.

Docking analysis

Docking of the antibody (Dostarlimab PDB ID:
7WSL) against known PDL1 (PDB ID: 4Z18) and 5
other antigens (AURKA (PDB ID: 2J47), MELK
(PDB ID: 4IXP), NCAPG (PDB ID: 6IGX), PBK
(PDB ID: 5J0A), and RACGAP1 (PDB ID: 20VJ))
was performed with the ClusPro server. The weighted
scores of the energy outputs of the clusters are given
in (Table 2). Cluster 0 of the PDL and Dostarlimab
complex had the lowest energy (-433.9 kcal/mol),
Cluster 7 of the AURKA and Dostarlimab complex
had the lowest energy (-466.9 kcal/mol), Cluster 16 of
the MELK complex had the lowest energy (-466.5
kcal/mol), Cluster 0 of the NCAPG and Dostarlimab
complex had the lowest energy (460.2 kcal/mol),
Cluster 9 of the PBK and Dostarlimab complex had
the lowest energy (-435.1 kcal/mol), and Cluster 1 of
the RACGAP1 and Dostarlimab complex had the
lowest energy (-460.2 kcal/mol).

The intermolecular interactions observed between
the antibody (PDB: 7WSL) and the antigen (PDB ID:
4718) in a protein—protein docking study are provided
in (Table 3). One notable interaction involves Tyr 100
on the heavy chain, which forms one hydrogen bond
with Lys 185 on the antigen. Another interaction Tyr
100 on the heavy chain engages in one hydrogen bond
with Asp 138 on the antigen. The tyrosine at position
59 on the heavy chain establishes a hydrogen bond

with Glul88 on the antigen. Another tyrosine at
position 57 on the heavy chain establishes a hydrogen
bond with GIln 107 on the antigen. Ser 56 on the
heavy chain establishes a hydrogen bond with Asp
103. Another Ser 52 on the heavy chain establishes a
hydrogen bond with Glu 187. Furthermore, Asp 33 on
the heavy chain is involved in two hydrogen bonds
and two salt bridges with Argl86 and Lys185 on the
antigen. The tyrosine at position 32 on the heavy
chain forms a hydrogen bond with Asnl138 on the
antigen. Moving to the light chain (A), Thr%4
participates in a hydrogen bond with Lys185 on the
antigen. The Ser92 light chain establishes hydrogen
bonds with Asnl83 on the antigen. Another
interaction, Thr53 on the light chain, engages in one
hydrogen bond with Lys178 on the antigen. Finally,
Trp 50 on the light chain interacts with Lys 178 on the
antigen through one hydrogen bond (Fig. 1A).

Table 1 — VAXIJEN antigenic prediction

Protein Threshold  Protective Antigen

antigen score prediction
AURKA 04 0.4829 Probable antigen
MELK 0.4 0.5048 Probable antigen
NCAPG 0.4 0.4755 Probable antigen
PBK 0.4 0.4611 Probable antigen
RCGAPI 04 0.6213 Probable antigen

Table 2 — Docking analysis of antigens and antibodies

Antibody Antigen Model No. Docking Score
(kcal/mol)

7WSL 4718 (PDL1) 0 -433.9

(Dostarlimab) 2J4Z (AURKA) 7 -466.9
41XP (MELK) 16 -466.5
61GX (NCAPG) 0 -460.2
5J0A (PBK) 9 -435.1
20VJ (RACGAP1) 1 -435.1

Table 3 — Intermolecular interactions between 7WSL and 4218

Antibody Antigen Specific

(PDB: 7WSL) (PDB ID: 47Z18) Interactions

C:Tyr 100 Lys 185 1x hb

C:Tyr 100 Asn 138 1x hb

C:Tyr 59 Glu 188 1x hb,

C:Tyr 57 Gln 107 1x hb

C:Ser 56 Asp 103 1x hb

C:Ser 52 Glu 187 1x hb

C:Asp 33 Arg 186 1x hb, 1x salt bridge

C:Asp 33 Lys 185 1x hb, 1x salt bridge

C:Tyr 32 Asn 138 1x hb

A:Tyr 94 Lys 185 Ix hb

A:Ser 92 Asn 183 1x hb

A:Thr 53 Lys 178 1x hb

A:Trp 50 Lys 178 1x hb

*A=Light chain; C=heavy chain; hb=hydrogen bond
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Fig. 1 — Intermolecular interactions between (A) 7WSL and 4Z18, (B) 7WSL and 2J4Z, (C) 7WSL and 4IXP, (D) 7WSL and 61GX,
(E) 7WSL and 5J0A, and (F) 7WSL and 20VJ, where green indicates 6 immune targets, 4218, 2J4Z, 41XP, 61GX, 5J0A and 20VJ (Ag),

and blue indicates 7WSL (Ab)

The intermolecular interactions observed between
the antibody (PDB: 7WSL) and the antigen (PDB ID:
2J47) in a protein—protein docking study are provided
in (Table 4). One notable interaction involves Asp
104 on the heavy chain, forming one hydrogen bond
and one salt bridge with Arg 220 on the antigen.
Additionally, Tyr 100 on the heavy chain engages in
two hydrogen bonds with Argl37 on the antigen.
Another interaction between Tyr 100 and Leu 215 is
characterized by a single hydrogen bond. The tyrosine
at position 57 on the heavy chain establishes a
hydrogen bond with Lys 141 on the antigen.
Furthermore, Asp 33 on the heavy chain is involved
in two hydrogen bonds and one salt bridge with Arg
137 on the antigen. The tyrosine at position 32 on the
heavy chain forms a hydrogen bond with Gln 223 on
the antigen. Moving to the light chain (A), Thr 31
participates in a hydrogen bond with Arg 151 on the
antigen. Finally, Asp28 on the light chain interacts
with Lys156 on the antigen through one hydrogen
bond and one salt bridge (Fig. 1B).

The intermolecular interactions observed between
the antibody (PDB: 7WSL) and the antigen (PDB ID:
4IXP) in a protein—protein docking study are provided
in (Table 5). One notable interaction involves Tyr 101

Table 4 — Intermolecular interactions between 7WSL and 2J4Z

Antibody Antigen Specific

(PDB: 7TWSL) (PDBID: 2J4Z) Interactions

C:Asp 104 Arg 220 1x hb, 1x salt bridge
C:Tyr 100 Arg 137 2x hb

C:Tyr 100 Leu 215 Ix hb

C:Tyr 57 Lys 141 1x hb

C:Asp 33 Arg 137 2x hb, 1x salt bridge
C:Tyr 32 Gln 223 1x hb

A:Thr 31 Arg 151 1x hb

A:Asp 28 Lys 156 1x hb, 1x salt bridge

*A=Light chain; C=heavy chain; hb=hydrogen bond

on the heavy chain, which forms one hydrogen bond
with Thr 19 on the antigen. Another interaction Tyr
100 on the heavy chain engages in two hydrogen
bonds with Glu 136 and Gly 20 on the antigen. Glul
on the heavy chain forms one hydrogen bond with
Met215 on the antigen. Moving to the light chain, Try
91 participates in a hydrogen bond with Lys 24 on the
antigen. The Ser63 light chain establishes hydrogen
bonds with Asp102 on the antigen. The Thr 53 light
chain establishes hydrogen bonds with GLU 93 on the
antigen. Another interaction occurs between Ser 52
and Asp 96 via a hydrogen bond. The tyrosine at
position 49 on the light chain establishes a hydrogen
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bond with Glu 136 on the antigen. Furthermore, Lys
45 on the light chain forms a salt bridge with Asp 212
on the antigen. Finally, Arg 18 on the light chain
interacts with Asp 102 on the antigen through two
hydrogen bonds and one salt bridge (Fig. 1C).

The intermolecular interactions observed between
the antibody (PDB: 7WSL) and the antigen (PDB ID:
6IGX) in a protein—protein docking study are
provided in (Table 6). One notable interaction
involves Tyr 101 on the heavy chain, which forms
one hydrogen bond with Asp 469 on the antigen.
Another interaction Tyr 100 on the heavy chain
engages through hydrogen bonding with Asn 470 on
the antigen. The Arg heavy chain interacts with the
Glu 607 antigen via one hydrogen bond. Furthermore,
Gly66 on the heavy chain forms two hydrogen bonds
with Glu618 and GIn617 on the antigen. Another Lys
65 on the heavy chain also forms two hydrogen
bonds, and one clashes with Ser 619 and Glu 618 on
the antigen. Additionally, Asp 62 on the heavy chain
forms three hydrogen bonds, two salt bridges and one
clash with Lys 602 and Lys 620 on the antigen. The
tyrosine at position 60 on the heavy chain established
one hydrogen bond with Glu618 on the antigen.
Again, tyrosine at position 59 on the heavy chain
forms one hydrogen bond with Asn 554 on the
antigen. Thr 58 on the heavy chain forms one
hydrogen with Glu618 on the antigen. Asp 33 on the
heavy chain established a hydrogen bond with Gly
515 on the antigen. Furthermore, Arg 19 formed one
hydrogen bond and one salt bridge with Glu616 on
the antigen. Finally, the light chain Asp 1 interacts
with Lys 600 on the antigen through one hydrogen
bond and one salt bridge (Fig. 1D).

The intermolecular interactions observed between
the antibody (PDB: 7WSL) and the antigen (PDB ID:
5JO0A) in a protein—protein docking study are provided
in (Table 7). One notable interaction involves Glu 151
on the heavy chain, which forms two hydrogen bonds
and one salt bridge with Lys 37 on the antigen.
Another interaction, Tyr 57 on the heavy chain,
engages through hydrogen bonding with Cys 112 on
the antigen. The Asp 33 heavy chain interacts through
a salt bridge with Arg 75 on the antigen. Furthermore,
Gly 26 on the heavy chain forms one hydrogen bond
with Ser 57 on the antigen. Another interaction, Glu 1
on the heavy chain, formed three hydrogen bonds, and
one clashed with Arg 54 and Ser 54 on the antigen.
Finally, only one interaction on the light chain, Trp
50, with Asn 71 on the antigen occurred through one
hydrogen bond (Fig. 1E).

Table 5 — Intermolecular interactions between 7WSL and 4IXP

Antibody Antigen Specific
(PDB: 7TWSL) (PDB ID: 4IXP) Interactions
C:Tyr 101 Thr 19 Ix hb

C:Tyr 100 Glu 136 1x hb

C:Tyr 100 Gly 20 1x hb

C:Glu 1 Met 215 1x hb

A:Tyr 91 Lys 24 Ix hb

A:Ser 63 Asp 102 1x hb

A:Thr 53 Glu 93 1x hb

A:Ser 52 Asp 96 1x hb

A:Tyr 49 Glu 136 Ix hb

A:Lys 45 Asp 212 1x salt bridge
A:Arg 18 Asp 102 2x hb, 1x salt bridge

*A=Light chain; C=heavy chain; hb=hydrogen bond

Table 6 — Intermolecular interactions between 7WSL and 61GX

Antibody Antigen Specific

(PDB: 7WSL) (PDB ID: 61GX) Interactions

C:Tyr 101 Asp 469 1x hb

C:Tyr 100 Asn 470 1x hb

C:Arg 87 Glu 607 1x hb, 1x salt bridge

C:Gly 66 Glu 618 Ix hb

C:Gly 66 Gln 617 1x hb

C:Lys 65 Ser 619 1x hb

C:Lys 65 Glu 618 1x hb, 1x clash

C:Asp 62 Lys 602 2x hb, 1x salt bridge,
1x clash

C:Asp 62 Lys 620 1x hb, 1x salt bridge

C:Tyr 60 Glu 618 1x hb

C:Tyr 59 Asn 554 1x hb

C:Thr 58 Glu 618 1x hb

C:Asp 33 Gly 515 Ix hb

C:Arg 19 Glu 616 1x hb, 1x salt bridge

A:Asp 1 Lys 600 2x hb, 1x salt bridge

* A=Light chain; C=heavy chain; hb=hydrogen bond

Table 7 — Intermolecular interactions between 7WSL and 5J0A

Antibody Antigen Specific

(PDB: 7TWSL) (PDB ID: 5J0A) Interactions

C:Glu 151 Lys 37 2x hb, 1x salt bridge
C:Tyr 57 Cys 112 1x hb

C:Asp 33 Arg 75 1x salt bridge

C:Gly 26 Ser 57 1x hb

C:Glu1l Arg 54 2x hb

C:Glul Ser 52 1x hb, 1x clash
A:Trp 50 Asn 71 1x hb

*A=Light chain; C=heavy chain; hb=hydrogen bond

The intermolecular interactions observed between
the antibody (PDB: 7WSL) and the antigen (PDB ID:
20VJ]) in a protein—protein docking study are
provided in (Table 8). One notable interaction
involves Try 105 on the heavy chain, forming one
hydrogen bond, and two clashes with Arg 391 on the
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Table 8 — Intermolecular interactions between 7WSL and 20VJ

Antibody Antigen Specific

(PDB: 7TWSL) (PDB ID: 5J0A) Interactions
C:Tyr 105 Arg 391 1x hb, 2x clash
C:Asp 104 Lys 394 1x salt bridge
C:Tyr 101 Lys 423 1x hb

C:Tyr 57 Val 509 1x hb

C:Ser 31 Lys 397 1x hb

C:Ser 30 Ser 346 Ix hb

C:Thr 28 Arg 402 1x hb

C:Phe 27 Arg 402 1x hb

A:Tyr 49 Gly 388 Ix hb

* A=Light chain; C=heavy chain; hb=hydrogen bond
antigen. Another interaction, Asp 104 on the

heavy chain, engages through a salt bridge with
Lys 394 on the antigen. The Tyr 101 heavy
chain interacts through one hydrogen bond with
Lys 423 on the antigen. Another Tyr 57 on the
heavy chain forms one hydrogen bond with Val
509 on the antigen. Furthermore, the interaction
of Ser31 on the heavy chain results in the formation
of one hydrogen bond with Lys397 on the antigen.
Another Ser30 residue on the heavy chain interacts
with Ser346 on the antigen through one hydrogen
bond. Thr 28 on the heavy chain forms a hydrogen
bond with Arg 402 on the antigen. Furthermore,
Phe 27 on the heavy chain established one hydrogen
bond with Arg 402 on the antigen. Finally, only
one interaction on the light chain, Tyr 49, with Gly
388 on the antigen occurred through one hydrogen
bond (Fig. 1F).

All docking complex interactions, distances (A),
and surface complementary data in the 3D structure of
the docked antigen, and the antibody binding complex
was visualized by Schrodinger’s Mastro tool.
Dostarlimab and the known immune target PDLI1
(4Z18) have a lower binding affinity than other
immune targets. The results for all antigen and
antibody complexes showed different docking scores,
indicating that the docked complexes were strong and
stable for immunological responses. Immune targets
have good binding affinity for Dostarlimab, so
we could consider Dostarlimab a good immune
checkpoint inhibitor for the activation of T cells to kill
cancer cells, and this antibody inhibitor could act as
an immunotherapy in liver cancer patients.

Molecular dynamics and simulation

RMSD
The RMSD values obtained from 100 ns MD

simulations provide a dynamic perspective on the

stability of the antibody (PDB ID: 7WSL) when
bound to different antigens (Fig. 2). This plot
indicates the deviation of the atomic positions from
the starting structure over the simulation period.

The complex with the antigen 7WSL-20V] had the
lowest average RMSD of 3.942 A, suggesting that the
antibody maintained a relatively stable conformation
throughout the simulation when bound to this
particular antigen. The small standard deviation of
0.697 A implies a consistent and well-defined binding
interface, indicating a robust and enduring interaction
between the antibody and 7WSL-20V]J.

Conversely, the complex with the antigen 7WSL-
4718 exhibited the highest average RMSD of 5.064
A, indicating a greater degree of structural fluctuation
during the MD simulation. This could imply a more
dynamic binding interaction, where the antibody
experiences significant conformational changes or
fluctuations in its interaction with 7WSL-4Z18. The
higher standard deviation of 0.884 A further supports
the notion of a less stable binding interface,
suggesting greater flexibility or variability in the
antibody-antigen interaction.

The intermediate RMSD values observed for the
complexes with the antigens 7WSL-2J4Z, 7WSL-
41XP, TWSL-61GX, and 7WSL-5J0A indicate varying
degrees of binding stability. These complexes exhibit
average RMSD values ranging from 4.463 A to 4.972 A,
reflecting moderate levels of structural fluctuations
during the 100 ns MD simulations. The corresponding
standard deviations, ranging from 0.657 A to 1.001 A,
provide insights into the extent of variability in the
binding interactions within these complexes.

The RMSD values obtained from 100 ns MD
simulations for different antigens binding to the
antibody (PDB ID: 7WSL) provide valuable insights
into the stability and dynamic behavior of these
complexes (Fig. 2). A comparison of the results
revealed that each antigen-antibody interaction
exhibited unique characteristics during the simulation.

The complex with the antigen 7WSL-2J4Z had the
lowest average RMSD of 2.606 A, indicating a
remarkably stable binding interaction. The small
standard deviation of 0.189 A further suggested that
the antibody maintained a consistent and well-defined
conformation when bound to 7WSL-2J4Z throughout
the simulation. Similarly, the complex with the
antigen 7WSL-20VJ demonstrated a low average
RMSD (2.873 A) and a small standard deviation
(0.194 A), indicating stable and uniform binding
dynamics.
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Fig. 2 — The RMSD values obtained from 100 ns MD simulations provide a dynamic perspective on the stability of the antibody

(PDB ID: 7WSL) when bound to different antigens (PDB IDs: 4718, 2J4Z, 41XP, 61GX, 5J0A and 20VJ)

In contrast, the complexes with the antigens
TWSL-61GX and 7WSL-5J0A showed significantly
greater average RMSD values (10.317 A and 8.512 A,
respectively). The larger standard deviations (1.566 A
and 1.036 A) associated with these complexes suggest
more dynamic and variable binding interactions.
These findings imply that the antibody undergoes
substantial structural fluctuations when bound to these
antigens during the simulated time frame.

Considering both the average RMSD and standard
deviation values, it can be concluded that the
complexes with the antigens 7WSL-2J47Z, 7WSL-
20V]J and 7TWSL-4IXP exhibit greater stability during
the 100 ns MD simulation. These complexes maintain
lower standard deviations and demonstrate less
variability in the binding interface, suggesting a
robust and consistent interaction between the antibody
and these specific antigens. Conversely, the
complexes with the antigens 7WSL-6IGX and 7WSL-
5JOA appear to have less stable binding interactions,

as reflected by higher average RMSD values and
larger standard deviations.

RMSF

Thle root mean square fluctuation (RMSF) values
provide a detailed perspective on the local structural
dynamics of the antibody (PDB ID: 7WSL) when
interacting with different antigens during a 100 ns
MD simulation. Analyzing the RMSF data for each
complex revealed distinct pattern of flexibility and
fluctuations within the antibody-antigen interfaces
(Fig. 3).

The complexes formed with the antigens 7WSL-
4718 and 7WSL-2J4Z exhibited similar average
RMSF values of 2.651 A and 2.645 A, respectively.
These values suggest moderate local structural
fluctuations in the binding interfaces, indicating a
balanced degree of flexibility in the antibody-antigen
interactions. The corresponding standard deviations of
0.701 A and 0.709 A further support the notion of
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consistent and comparable local dynamics in these
complexes.

In contrast, the complex with the antigen 7WSL-
4IXP had a slightly lower average RMSF of 1.840 A,
suggesting reduced local structural fluctuations at the
antibody-antigen interface. The smaller standard
deviation of 0.538 A emphasizes the uniformity and
stability of the local dynamics in this particular
complex. On the other end of the spectrum, the
complex with the antigen 7WSL-6IGX displays a
higher average RMSF of 2.857 A, indicating more
pronounced local structural fluctuations during the
MD simulation. The larger standard deviation of
1.159 A further highlights the increased variability
and heterogeneity in the local dynamics of the
antibody when bound to 7WSL-61GX.

The complex with the antigen 7WSL-4IXP, with
the smallest standard deviation of 0.538 A, showed a
more consistent and less variable pattern of local
structural fluctuations. In contrast, the complex with
the antigen 7WSL-61GX, characterized by the largest
standard deviation of 1.159 A, exhibited more diverse
and variable local structural dynamics. The RMSF
analysis underscores the varying degrees of flexibility
within the antibody-antigen complexes. While the
complexes with the antigens 7WSL-4Z18 and 7WSL-
2J47Z demonstrated moderate and comparable local
fluctuations, the complex with the antigen 7WSL-4IXP
exhibited reduced variability, and the complex with the
antigen 7WSL-61GX displayed greater local dynamics.

The RMSF values, representing the local
structuraldynamics of the antibody (PDB ID: 7WSL)

when bound to different antigens during a 100 MD
simulation (Fig. 4), provide nuanced insights into the
flexibility and stability of the antibody—antigen
complexes. The complex with antigen 7WSL-4Z18
exhibits an average RMSF of 3.169 A, accompanied
by a standard deviation of 1.010 A. In comparison,
the complex with antigen 7WSL-2J4Z displays a
slightly lower average RMSF of 2.260 A with a
standard deviation of 0.641 A. Despite the similar
average RMSF values, 7WSL-4Z18 shows a higher
standard deviation, implying more variability in local
fluctuations. This suggests that while both complexes
experience moderate local structural dynamics,
7WSL-2J4Z displays a more consistent pattern of
fluctuations.

In the case of the complex with the antigen 7WSL-
41XP, a notably lower average RMSF of 1.901 A and
a small standard deviation of 0.850 A are observed.
These wvalues indicate that this complex has a
relatively stabilized antibody-antigen interface, with
reduced local fluctuations and a consistent pattern of
structural dynamics. The complexes with the antigens
TWSL-6IGX and 7WSL-5J0A exhibited higher
average RMSF values of 3.629 A and 2.957 A,
respectively. The standard deviation for 7WSL-61GX
is 1.280 A, indicating relatively variable local
structural dynamics, while 7WSL-5J0A displays a
larger standard deviation of 2.137 A, suggesting
increased variability and flexibility in the antibody-
antigen interface. The complex with the antigen
T7WSL-20V] demonstrates an intermediate average
RMSF of 2.040 A with a relatively low standard
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Fig. 4 — The RMSF values, representing the local structural dynamics of the antibody (PDB ID: 7WSL) when bound to different
antigens (PDB IDs: 4718, 2J4Z, 4IXP, 61GX, 5J0A and 20VJ), were obtained during 100 MD simulations

deviation of 0.610 A. This implies a moderate level of
local fluctuations, and the small standard deviation
suggests a more consistent pattern of dynamics in this
complex.

Comparing these antigen-antibody complexes with
the RMSF values of the antibody alone revealed that
the presence of antigens influences the local dynamics
of the antibody. The antigens 7WSL-4IXP and
TWSL-20V] appeared to stabilize the antibody, while
the antigens 7WSL-6IGX and 7WSL-5J0A induced
greater flexibility. These findings contribute to a
comprehensive understanding of how different
antigens impact the dynamic behavior of antibody-
antigen interactions during MD simulations, shedding
light on the complex and dynamic nature of immune
responses.

Dynamic analysis with PCA and the DCCM

In this study, essential dynamics analysis was
conducted on each trajectory acquired from
protein—protein complexes using Schrodinger’s script,
generating principal components (PCs) from each MD
simulation trajectory. The distribution of PCs upon
Dostarlimab binding was displayed using the top two

PCs (PC1 and PC2) in comparison to the immune
target protein structures 7WSL-47Z18, 7TWSL-2J4Z,
TWSL-4IXP, 7WSL-6IGX, 7TWSL-5J0A, and 7WSL-
20VJ (Fig. 5A-F). According to these results, PCs
with distributions exhibit considerable changes in
protein  structure upon Dostarlimab  binding,
signifying dynamics in the immune targets and
Dostarlimab complex, which could lead to immune
activity involving T cells in the immune system. This
finding illustrates how the association between
immune targets and Dostarlimab residues supports the
PC results. Porcupine plots were constructed from
PCl and PC2 data, and overlay plots of all six
systems (7WSL-4Z18, 7WSL-2J4Z, 7WSL-4IXP,
TWSL-6IGX, 7WSL-5J0A, and 7WSL-20VJ) for
each antigen dataset were constructed to further
illustrate the directionality of motion and changes
upon antibody binding. This research revealed
significant  differences in the dynamics of
protein—protein complexes. Changes in the position,
number, and magnitude of immune targets arising
from each atom can be analyzed. When Dostarlimab
binds to each immune target, it can activate T cells in
the immune system, potentially aiding in killing
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Fig. 6 — DCCM analysis for the six systems.(A) 7WSL-4Z18, (B) 7TWSL-2J4Z, (C) TWSL-41XP, (D) 7TWSL-61GX, (E) 7WSL-5J0A and
(F) 7WSL-20V]. The color represents correlation motion, where blue indicates a high correlation and red indicates a negative correlation

cancer cells, inhibiting cancer growth, and preventing
cancer.

Dostarlimab and the immune target proteins in the
DCCM (dynamic cross-correlation map) were
significantly associated with 7WSL-4Z18, 7WSL-
2J4Z, TWSL-41XP, TWSL-6IGX, 7WSL-5J0A, and
TWSL-20V] (Fig. 6A-F). The cross-correlation
matrix, derived from the essential dynamics of MD

simulation trajectories, depicted correlated motion,
with blue indicating high correlation and red
indicating negative correlation. The substantial
number of pairwise correlated residues between
the immune target proteins and Dostarlimab
suggested persistent binding. Subsequent exploration
of the conformational states of these systems
through PCA and DCCM revealed that the 6 immune
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targets and Dostarlimab exhibited a smaller phase

space, with significantly reduced negatively
correlated movement.

In summary, while our study relies on
bioinformatics, its efficacy warrants validation

through subsequent in vitro tests. Through this
research, potential FDA-approved Dostarlimab
candidates were identified that potentially have
inhibitory effects on immune targets. Additionally, we
elucidated conformational differences in immune
proteins after binding with Dostarlimab, providing
valuable insights for potential cancer prevention
strategies, particularly for liver cancer patients.

Discussion

Currently, small molecule-based immunotherapy
and target-based personalized medicine focus on
cancer patient treatment. Its advantages include higher
oral bio-availability, lower cost, and good potential
with less toxicity and adverse effects®. However, the
pharmacokinetics of small molecules have received
limited attention due to their ability to mimic regular
intracellular  protein—protein interactions®.  The
greatest advantage of immune checkpoint inhibitors is
that they have attracted much attention, especially for
PD1/PDLI receptor interactions™. This computational
method could provide unique methods for modeling
immune checkpoint inhibitors and immune targets
(PD1/PDL1) to predict immune therapeutic
treatments®®. For this analysis, we used big data inputs
such as clinical data and genomic data such as
transcriptome data. Immunoinformatics analysis was
used to predict the immune targets AURKA, MELK,
NCAPG, PBK, and RACGAPI. It is essential to
determine how immune targets and immune
checkpoint inhibitors bind with high affinity and
block immune responses by modulating T-cell
activity’’.

Dostarlimab (7WSL), derived from a mouse
monoclonal antibody (mAb), was humanized by
grafting its heavy- and light-chain complementarity-
determining regions.  Dostarlimab's  preclinical
assessment showed it to be a promising anti-PD-1
antibody that effectively blocks PD-1 interaction with
PD-L1 and PD-L2, akin to established therapies®In
addition to Dostarlimab, otherPD-1/PDL1 inhibitors,
such as  Pembrolizumab, Nivolumab, and
Atezolizumab, have shown significant efficacy in
various oncological settings. While Dostarlimab has
demonstrated promising results, especially in certain

patient populations, it is essential to compare its
therapeutic potential with these established agents.
For example, Pembrolizumab has a broader range of
FDA-approved indications, and Nivolumab has been
widely studied in combination therapies, potentially
offering advantages in specific cases. The available
clinical data on response rates, survival outcomes, and
safety profiles to provide a comprehensive overview.
This comparative analysis highlights that while
Dostarlimab is a valuable addition to the therapeutic
arsenal, the choice of PD-1/PDL1 inhibitor should be
guided by  patient-specific ~ factors, tumor
characteristics, and prior treatment history. By
situating Dostarlimab within the broader landscape of
PD-1/PDL1 inhibitors, we aim to present a more
balanced and nuanced evaluation of its potential **.

Our investigation focused on assessing the
therapeutic potential of ICI compounds such as
Dostarlimab (7WSL) for the selective inhibition of the
target genes PDL1 (4Z18), AURKA (2J4Z), MELK
(4IXP), NCAPG (61GX), PBK (5J0A), and
RACGAP1 (20VJ). Through molecular docking and
dynamics simulation studies, we explored the
therapeutic viability of the screened compounds.
These target genes, which are strongly upregulated in
various cancers and are associated with poor overall
survival, were the targets of interest. Molecular
docking and dynamic analyses demonstrated the
potency of Dostarlimab as a target gene inhibitor, as
Dostarlimab exhibited increased binding affinity and
stability, findings consistent with the results of
molecular dynamics simulations™*.

The docking interactions between 7WSL and 2J4Z
and between 7WSL and 4IXP resulted in a high
binding affinity of -466.9 kcal/mol. AURKA up-
regulation in multiple cancers correlated with poorer
overall and relapse-free survival. Molecular docking
and dynamic analysis identified two new drug analogs
as potent AURKA inhibitors with superior binding
affinities and stabilities. The expression profiles and
prognostic significance of AURKA across various
cancers have been explored, and structurally similar
compounds have been explored for selective AURKA
inhibition*’. The missing hydrogen atoms, loop
segments, and residues were reconstructed. MELK
levels (-466.9 kcal/mol) were found to be correlated
with low overall survival and disease-free survival in
lung cancer patients. Moreover, molecular modeling
indicated its potential binding site for the catalytic
domain of MELK*.
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The binding affinities of 7WSL and 61GX were -
460.2 kcal/mol®™. The binding affinities of 7WSL,
5JOA and 7WSL-20V] were 435.1 kcal/mol.
Henceforth, directing efforts toward PBK RACGAP1
could emerge as a pivotal strategy in both cancer
prevention and therapy. Consequently, the present
review aims to scrutinize and assess the significance
of PBK and RACGAPI as potential drug targets in
cancer treatment while delineating recent discoveries
regarding their involvement in tumor progression.
Additionally, this review offers a comprehensive
outlook on the advancements made in discovering
and formulating PBK inhibitors, with an eye toward
prospective clinical utilization**. Overall, the
binding affinities of 7WSL and 4Z18 were
433.9 kcal/mol (Table 2), while compared with all
other targets, the effectiveness of the PDL1 core
immune target was reduced, and the combination of
these five immune targets could potentially be
effective for treating HCC patients*.

The MD simulation of the system timeframe was
100 ns, and the structural changes during the
simulation of the RMSD and RMSF values were
calculated. 7WSL-4Z18 exhibited the highest average
RMSD of 5.064 A, indicating a greater degree of
structural fluctuation during the MD simulation. The
RMSD values of the antigen (2J4Z, 4IXP, 6IGX,
5J0A, 20VJ) and antibody (7WSL) complexes
exhibited various degrees of binding stability. The
RMSD and standard deviation of the complex with
antigens exhibited stability with MD simulations. The
most stable antigens were 7WSL-2J4Z, 7TWSL-4IXP
and 7WSL-20VJ, whose RMSD values ranged from
4.463 A to 4.972 A and 3.942 A, respectively, with
standard deviations ranging from 0.657 A to 1.001 A
and 0.697 A, respectively. The less stable binding
complexes were 7WSL-61GX and 7WSL-5J0A, with
RMSD values of 10.317 A and 8.512 A, respectively,
which are greater than the standard deviations of
1.566 A and 1.036 A, respectively (Fig. 2).

The RMSF values, which represent the local
structural dynamics of the antibody (PDB ID: 7WSL)
when bound to different antigens during a 100 ns MD
simulation, indicate the flexibility and stability of the
antibody-antigen complexes. The complex antigens
TWSL-4Z18, TWSL-2J4Z 7WSL-4IXP, 7TWSL-20V],
7WSL-61GX and 7WSL-5J0A (Figs 3 and 4) could have
different impacts on the dynamics of antigen and
antibody interactions during molecular dynamics
simulations, and this complex system may respond to

immune reactions in various cancers. PCA and DCCM
serve as robust analytical tools applied in MD
simulations to gain insights into the dynamics and
correlated movements within biomolecular systems,
such as those involved in antigen—antibody interactions,
facilitating a deeper comprehension of their behavior
and functional properties. PCA reduces data
dimensionality while preserving variance, which is
crucial in MD simulations for analyzing biomolecular
conformational dynamics and identifying dominant
motions and correlated fluctuations. Computing the
covariance matrix from trajectory data reveals how each
motion mode influences the overall system dynamics.
PCl and PC2 typically capture (Fig. 5) significant
fluctuations, aiding in discerning collective motions,
conformational changes, or correlated fluctuations
within biomolecular systems, such as domain
movements or inter-regional interactions”. DCCM
analyses correlated motions among residue or atom pairs
in MD simulations, offering insight into biomolecular
system dynamics over time. Correlation coefficients are
organized into a dynamic cross-correlation matrix,
where each element signifies motion correlation
between specific residues or atoms. In Figure 6, which is
visualized as a heatmap, blue denotes positive (high)
correlations, indicating synchronized motions, while red
indicates negative correlations, representing opposite
movements ™,

Conclusion
This study emphasizes the importance of
computational  methods  for predicting and

understanding immune interactions, providing valuable
insights for future experimental and clinical studies.
The findings also highlight the potential of Dostarlimab
as an immune checkpoint inhibitor for liver cancer, and
novel immune targets present promising avenues for
further exploration and therapeutic development. The
comprehensive analysis of docking and molecular
dynamics simulations revealed interactions between the
antibody Dostarlimab (PDB ID: 7WSL) and various
antigens, including known targets such as PDLI1
(47218) and novel targets (AURKA, MELK, NCAPG,
PBK, and RACGAPI1). The docking analysis
highlighted specific clusters with the lowest energy
for each antigen-antibody complex, indicating
favorable  binding interactions. The detailed
examination of intermolecular interactions in
protein—protein docking studies revealed key residues
involved in hydrogen bonding, salt bridges, and
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clashes. These interactions play a crucial role in
stabilizing the complexes and influencing the binding
affinity. Notably, Tyr 100 and Asp 33 on the heavy
chain, as well as Thr 94 on the light chain, were
frequently involved in interactions across different
antigen—antibody complexes.

From the molecular dynamics simulations, the
RMSD values provided insights into the stability of
the complexes over a 100 ns timeframe. Antigen-
antibody complexes with AURKA, MELK, NCAPG,
PBK, and RACGAP1 exhibited varying degrees of
stability, with 7WSL-20VJ showing the lowest
average RMSD, indicating a relatively stable
interaction. In contrast, 7WSL-4Z18 demonstrated the
highest average RMSD, suggesting more dynamic
binding. The RMSF wvalues further delved into the
local structural dynamics, highlighting differences in
flexibility among the complexes. Antigen-antibody
complexes with 7WSL-4IXP displayed reduced local
fluctuations, while 7WSL-6IGX exhibited greater
flexibility. Comparing these results with the RMSF
values of the antibody alone revealed how each
antigen influenced the local dynamics. In the context
of immune checkpoint inhibitors, Dostarlimab
demonstrated good binding affinity and stability
across all antigen-antibody complexes, suggesting its
potential as an effective immune checkpoint inhibitor
for activating T cells and inducing immune responses.
The analysis of novel immune targets (AURKA,
MELK, NCAPG, PBK, and RACGAPI1) revealed
their potential as targets for further investigation in
liver cancer treatment.
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