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Abstract 

 

Peptides are low-cost, flexible, and biocompatible and can be designed to serve various 

functions in biotechnology and medicine. Peptides can be designed such that they fold 

spontaneously and adopt a specific conformation under specific conditions, including when in 

contact with the three-dimensional structure of a protein or the two-dimensional structure of 

graphene.   They are promising for design of functional materials for biotechnology and medical 

applications. I have studied peptide design for biotechnology, including peptide self-assembly on 

a graphene surface, and for medical applications such as cancer immunotherapy and treatment of 

coronavirus disease 2019 caused by SARS-CoV-2. 

 

In chapter 1, I describe my study of the self-assembly of a designed cyclic peptide on 

graphitic surfaces by molecular dynamics simulations. In experiments, it was found that 

hydrocarbon contaminants may interfere with this self-assembly, so we undertook a computational 

study of the behavior of these contaminants at the graphene–water interface and compared it to 

experimental data, as detailed in chapter 2. 

 

Peptides are also promising in medicine, particularly for inhibiting protein-protein 

interactions in situations where conventional small-molecule drugs can be unsuitable. Many 

viruses important for public health including SARS-CoV-2 and influenza enter cells by means of 

binding between viral proteins and cell surface proteins. The blockade of these undesirable protein-

protein interactions has definite clinical significance. Another medical application where blocking 

protein-protein interactions is essential is the immune checkpoint blockade used in cancer 



  

immunotherapy. Immune checkpoint proteins most studied for cancer immunotherapy have flat 

and relatively hydrophobic interfaces that have impeded small-molecule drug development. 

Therefore, the application of peptide molecules that mimic the interacting surface of a natural 

binding protein is a promising alternative to small- molecule drugs.  

 

Immunotherapy activates the patient’s own immune system to treat cancer. When any 

foreign substance enters in the body, immune cells recognize it as a threat and neutralize it. But 

unfortunately, cancer cells often evolve to evade the immune system. Cytotoxic T-Lymphocyte 

Associated protein 4 (CTLA4) plays a crucial role in self-recognition and is an immune checkpoint 

protein that cancer cells may express to prevent attack from the immune system. Cancer cells 

frequently overexpress proteins of the B7 family, which allows them to evade the immune response 

by binding between these B7 proteins and CTLA4 on the surface of T cells. As presented in chapter 

3, I have designed a 17-residue cyclic peptide targeting the CTLA4 protein that binds to it with a 

significant affinity. The binding activity was experimentally confirmed by the bio-layer 

interferometry (BLI) method. Studies performed by our collaborators showed an increase in CD8+ 

T cell-induced death of Lewis Lung Carcinoma (LLC) cells due to treatment with this peptide in 

vitro. In vivo, the designed peptide attenuated tumor growth in mouse models using orthotopic 

LLC cell allografts. 

 

A disease caused by severe acute respiratory syndrome coronavirus-2 (SARS-CoV-2), 

called as COVID-19, has threatened global public health and the global economy. The WHO has 

reported 434 confirmed million cases and 6 million deaths. Although effective vaccines have been 

developed against SARS-CoV-2, many regions in the world still have a low rate of vaccination 



  

and even vaccinated individuals may experience reinfection.  Deaths continue to be reported 

worldwide, exacerbated by continued mutation of the viral spike protein. SARS-CoV-2 enters the 

host cell through association of this spike protein, present on the envelope of the virus, and 

Angiotensin Converting Enzyme (ACE2), a protein expressed on the surface of host cells.  As 

detailed in chapter 4, I have designed a 17-residue long peptide targeting the receptor-binding 

domain (RBD) of the spike protein to prevent COVID-19 infection. My designed peptide binds to 

the spike protein RBD with nanomolar affinity and blocks the binding site of ACE2. I have 

confirmed the binding activity using a microcantilever-based method and determined the 

dissociation constant using a BLI system. SARS-CoV-2 continues to mutate and produce variants. 

I have tested the binding activity of the designed peptide for the Delta variant, considered highly 

transmissible and declared as a variant of the concern (VOC) by the WHO. The BLI experiment 

revealed weaker binding of the designed peptide for the Delta variant spike protein compared to 

that for the original wild-type due to the mutations present in the receptor-binding domain of the 

spike protein. 
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Chapter 1 - Self-assembly of a designed cyclic peptide on a graphitic 

surface by molecular dynamics simulations. 

1.1 Introduction 

Peptides can form a wide array of architectures with diverse functionalities in ways that 

are well understood compared to other classes of biologically compatible molecules. With pep-

tides, one can construct a novel molecular structure with the ability to mimic the complexes that 

exist in nature like virus-like protein assemblies1,  amyloid-like superstructures,2 metalloporphyrin 

arrays,3 antibacterial agents4, and various catalytic scaffolds.5  Because of their remarkable bioac-

tive properties, peptide assemblies have gained substantial interest in biomedical and material re-

search. Due to their extraordinary physical and electronic properties, 2D carbon nanomaterials 

have found increased applications over the past decade.6–8 Assembly of peptides on 2D carbon 

nanomaterials not only improves the mechanical resilience of the resulting structures but promotes 

formation of ordered structures by reducing their entropic cost (through restricting the molecules 

to quasi-2D structures) and facilitates the visualization of the structure by microscopic techniques.9  

But the hydrophobicity and susceptibility to aggregation of carbon nanomaterials has made their 

application to biology and biotechnology challenging. However, chemical functionalization and 

the amphiphilic properties of peptides may enhance the water dispersability of carbon nanomateri-

als.10,11  

 In this project, I performed molecular dynamics simulations of cyclic peptide structures 

designed by Dr. Comer and studied their self-assembly on a graphene surface.  
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1.2 Methods 

I was provided with the atomic structure of the peptide denoted CHP1404, which has the 

sequence cyc(SGTGGPGGGCGTGTGSGPGGTG). This peptide structure was designed by Dr. 

Comer using computational methods like sequence optimization (Rosetta and PyRosetta), temper-

ature replica-exchange simulation (NAMD), clustering of conformations (GROMACS), and free 

energy estimation (GBSA and the adaptive biased force algorithm implemented in the Colvar mod-

ule).12–17 

All molecular dynamics simulations were run using NAMD.18  The positions of the atoms 

were integrated with a time step of four femtoseconds, which was made stable by repartitioning 

hydrogen masses (on non-water hydrogen molecules) and  rigidifying bonds to hydrogen. The 

particle-mesh Ewald electrostatics was used to provide computationally efficient calculation of 

long-range electrostatic forces.19–22 Lennard-Jones forces were truncated at a cut-off distance of 

12 Å.23 The simulations were performed in the NPT ensemble . (constant atom number, pressure, 

temperature), the temperature and pressure were maintained by a Langevin thermostat and Lange-

vin piston barostat, respectively.24,25 The interatomic forces for peptides and graphene were de-

fined by CHARMM36m and CHARMM General force fields.26,27 The water was explicitly repre-

sented by the TIP3P model.28 All structures were prepared and analyzed using the VMD software 

suite.29 

1.2.1 Unfolding in free solution  

The peptide was replicated, making 4 individual molecules, and randomly placed in a 

93×93×52 Å3 cube of solvent containing 9250 water molecules and 150 mmol/L NaCl. Energy 

minimization was performed and followed by the equilibrium simulation for 20 ns. The peptides 

rapidly unfolded in a free solution. 
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1.2.2 Folding of peptides on a graphene surface  

The unfolded peptides from the above simulation were placed above two 88×82 Å2 gra-

phene layers at the 20 Å distance. Peptides and graphene layers were solvated in the 88×82×50 Å3 

cube of solvent containing 9603 water molecules and 150 mmol/L NaCl. Harmonic restraints were 

applied to backbone carbon atoms of the peptides to prevent unrealistic changes in their confor-

mations during equilibration of the systems. The lower layer of the graphene was restrained to 

represent a large graphite flake as used in experiments. After running minimization, restraints ap-

plied to maintain the peptide conformation were removed; however, harmonic restraints were ap-

plied to prevent the peptides from crossing the periodic boundary along the z axis and adsorbing 

to the lower layer of graphene. Production simulations were run for more than 1.5 μs at a temper-

ature of 370 K. 

1.3 Results and discussion 

1.3.1 Effects of graphene surface on a peptide folding  

The hairpin structure of a peptide CHP1404 (Fig. 1.1A) in free solution is not stable; within 

0.08 ns, all four molecules of a peptide lose their β-hairpin conformation (Fig. 1.1B). The peptide 

has a tendency to aggregate and form seemingly random conformations. This aggregated complex 

of peptide molecules was used as the starting structure to study peptide folding at the graphene–

water interface, so that a biased conformation of the peptide can be avoided. The peptide aggre-

gates were placed 2 nm above the graphene-water interface (Fig. 1.2A and C), and the simulation 

was run for more than 1.5 μs at a 370 K temperature. Peptides are mostly adsorbed on the graphene 

surface within 0.16 ns of simulation (Fig. 1.2B), and the aggregate of peptide molecules dispersed 

into individual molecules within 48.8 ns of simulation (Fig.1.2D).  The peptides adsorbed on a 

graphene surface in different orientations; two molecules were found in upright orientation while 
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other two molecules were oriented in upside-down orientation (Fig. 1.2D). After 104.4 ns of the 

simulation, all the peptides were lying flat on the graphene surface (Fig. 1.2E). However, after 

745.3 ns of the simulation, the two upright-oriented peptides were able to achieve the folded hair-

pin conformation (Fig. 1.2F), while the two peptides oriented upside-down did not fold. After 

854.8 ns, all peptides were arranged in a parallel formation on the graphene surface (Fig. 1.2G). 

However, the two upside-down peptides didn’t fold even after 1.5 μs of simulation and exhibited 

variability in their structure for the entire length of the simulation, while the folded peptides main-

tained their hairpin conformation for rest of the simulation.  

 

Figure 1.1 The hairpin structure of the peptide CHP1404.  

(A) The starting structure of the cyclic hairpin peptide molecules.  (B)  Peptide molecules rapidly 

unfold in the free water simulation. 

 



 

5 

 

 

Figure 1.2  Spontaneous folding of the peptide CHP1404.  

(A) The starting structure of peptides placed at a 20 Å distance from the graphene–water 

interface. (B) Peptides started adsorbing at 0.16 ns of the simulation. (C) The top view of 

a peptides on the surface of the graphene at 0 ns. (D) After 48.8 ns, two peptides were 

oriented upside-down and other two were upright. (E) All peptides were lying flat at 104.4 

ns. (F) At 745.3 ns, two peptides were found in hairpin conformation. (G) All four peptides 

seen arranged in parallel formation after 854.8 ns of the simulation. 
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1.1.1 Peptide-peptide interaction on a graphene surface  

The folded peptide molecules coordinate in pairs to form extended β-sheet-like structures. 

As you see in (Fig. 1.3A), those peptide molecules that were folded in the hairpin conformation 

after 745 ns are structurally similar to the original design of the CHP1404 peptide (Fig. 1.1A) and 

remain stable in a folded state for the rest of the simulation. However, the remaining two peptide 

molecules were structurally unstable, and very long simulations are likely required to achieve the 

hairpin conformation.  

 

Figure 1.3 Analysis of peptide self-assembly.  

(A) Root mean-square distance (RMSD) between the α carbons of the peptides in the simulation 

and those of a folded reference structure as a function of time. This plot indicates that two of the 

four molecules folded and attained structural similarity with the original design of the CHP1404 

peptide.  (B) Distance between the pair of folded peptides (black curve), unfolded peptides (red 
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curve) and mixture of folded and unfolded peptides (blue curve).  This distance is the shortest 

atom–atom distance between any part of each molecule. The folded peptides remain for a stable 

pair. (C) Number of intramolecular hydrogen bonds between the pair of folded peptides, unfolded 

peptides and a mixture of folded and unfolded peptides. (D) The orientation angle of the peptides 

with respect to the graphene surface as function of time shows that folded peptides maintained the 

angle of orientation more than 135° degrees, which corresponds to the upright orientation, while 

the unfolded peptides showed an orientation angle of less than 45° degrees, which is associated 

with upside-down orientation. 

In regard to the peptide-peptide interaction, the most commonly observed phenomenon 

was formation of intermolecular hydrogen bonds similar to a β-sheet. The distance between the 

pair of folded peptides varied for half of the simulation length, but after 745 ns the distance be-

tween them stayed constant, indicating that they formed a pair. The phenomenon of pairing of the 

peptides was corroborated with the intermolecular hydrogen bond analysis (Fig. 1.3C). It is ob-

served that the pair of folded peptides have a greater number of intermolecular hydrogen bonds 

after their pairing at 745 ns, which is consistent with the RMSD analysis of those peptide molecules 

and the analysis of the distance between them.   

When initially adsorbed from solution, the peptide is presumably equally likely to be in the 

orientation that we refer to as “upright,” which is associated with folded form, or the “upside-

down” orientation.  I measured the orientation of a peptide by calculating the vector product of the 

vector between consecutive residues as per (Eq. 1.1). 

𝐎 =
1

𝑛
∑(𝐫𝑖

CA − 𝐫𝑖−1
CA )

𝑛

𝑖=1

× (𝐫𝑖+1
CA − 𝐫𝑖

CA), 

𝜃 = cos−1 (𝐳̂ ∙
𝐎

|𝐎|
) 

where 𝑛 = 22 = number of residues, 

𝐫𝑖
CA = position of the Cα carbon of the 𝑖th residue, 

𝐳̂ = direction orthogonal to the graphene plane, 
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𝜃 =  angle between the orientation vector O and 𝐳̂. 

Equation 1.1 vector product of the vector between consecutive residues. 

 

The upright-oriented peptide has an orientation vector O that faces towards the graphene (θ > 

135°), while an upside-down-oriented peptide has an O that faces away from the graphene (θ < 

45°). As shown in (Fig. 1.3D), folded and unfolded peptides occupy upright and upside-down 

orientations, respectively, because it is difficult for the upside-down oriented peptides to fold. 
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Figure 1.4 Interaction between peptide and graphene.  

(A) Distance between the peptide’s cysteine side chain and the graphene surface. This distance 

was more consistent for the folded peptides than for the unfolded conformations. For the curves 

labeled “Folded peptides,” folding occurred by 745 ns (indicated by the dashed line); before 745 

ns both peptides were unfolded.  (B) Likewise, the distance between the glycine residue at the 

middle of the peptide and the graphene surface is more stable for the folded peptide. (C) The 

distance between glycine present at loop region and graphene surface fluctuates in both 

conformations of peptide. (D) Similarly, contact with the graphene surface is stable for the proline 

residues at the loop region. (E) The distance between the serine residue present at the linear region 

of the peptide stays consistent in the folded state (F) whereas the position of the serine at the loop 

oscillates in folded state. (G and H) The interaction of threonines with graphene surface was stable 

once the peptide folds for both threonines considered (one in the loop region and one in the linear 

region). (I) Residues glycine, serine and threonine adopt a planar backbone conformation at the 

graphene-water interface in the folded state. 

 

1.3.2 The role of particular amino acids in peptide-graphene interaction 

A previous study reported that the small peptide Ac-Ala-NHMe changes its conformational 

preferences on a graphitic surface from typical α-helical or β-sheet conformations to distinct planar 

versions, which are stabilized at the graphene surface due to amide-π stacking.30 Aromatic amino 

acids have demonstrated a high affinity for a graphene surface, whereas aliphatic and carboxylic 

amino acids have demonstrated a weak interaction with a graphene surface.31–33 Dr. Comer has 

selected electrically neutral residues like glycine, proline, threonine, cysteine, and serine to design 

the CHP1404 peptide that is highly likely to form the β planar conformation at the graphene–water 

interface.  Inspired from the natural structure of silk proteins containing GA repeats, Dr. Comer 

designed peptides with GX repeats, where X are residues other than glycine.  Cyclization of the 

peptide facilitates the planar β conformation. Previous studies suggest that the cyclization of a 

peptide by disulfide bonds can stabilize the β-sheet conformation in solution; however, the geom-

etry imposed by disulfide bonds is not quite optimal for the β-sheet conformation.34,35On the other 

hand, we found that head-to-tail cyclization can better stabilize the β-sheet conformation, and non-

glycine residues were added at specific locations to force the β turn to occur.  
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When the peptide adopts a stable folded conformation and the separation between parts of 

the peptide and the graphene layer remains consistent. On the hand, this separation can fluctuate 

considerably when the peptide is the unfolded state as it visits a wide variety of conformations. 

Hence to determine the conformational stability of peptide, I calculated the distance between in-

dividual amino acids and the upper graphene layer, using the convention that the reported distance 

is the shortest atom–atom distance between any part of the amino acid and any part of the graphene. 

The hydrophobic interaction between cysteine and the graphene surface was found to be more 

consistent when the peptide was in the folded state than when it was in the unfolded state (Fig. 

1.4A). As shown in (Fig. 1.4B), the distance between the graphene layer and glycine positioned in 

the linear region (Gly22 in Fig. 1.4I) of the peptide fluctuates in the unfolded state and the folding 

of peptide stabilizes the distance between this glycine and the graphene layer. In contrast, irrespec-

tive of the peptide conformation, inconsistency in the distance was found when glycine present in 

the loop region (Fig. 1.4C). Except for a few occurrences, proline exhibited consistent distance 

from graphene surface in irrespective of its position in the peptide and conformational state. Both 

prolines are in loop regions and force the turn to occur. Presumably, the pyrrolidine group of pro-

line consistently makes hydrophobic interaction with graphene surface for the entire length of the 

simulation (Fig. 1.4D and E). The serine residue at the linear region of the peptide stays at constant 

distance from graphene layer after folding of the peptide, whereas the distance of serine from gra-

phene remains inconsistent even after peptide folding for the serine residue present at the loop. 

Interestingly, in the unfolded peptide, the serine of loop region remains stable compared with the 

serine located in the linear region of the peptide (Fig. 1.4F and G).  The distance profile for the 

threonine, whether it was located near the loop or at the center of linear region, did not show a 
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difference in the folded state. However, in the unfolded state, the threonine located near loop re-

gion fluctuates more (Fig. 1.4H and I). Hence, it is depicted that due to amide–π stacking between 

planar amide and graphene, residues like glycine, serine and threonine present in the linear region 

of the peptide stabilize the distance with graphene's surface, while glycine located at the loop re-

gion did not form a planner geometry even in the folded state. A broken line in the figure–4 B, E 

and G shows that the peptides were fully folded after 745 nanoseconds of the simulation.  

 

1.4 Conclusion 

In this work, I investigated, using computational modeling and molecular dynamics simu-

lations, how a graphene surface affects folding of a peptide and influences a peptide-peptide inter-

action. I observed spontaneous folding of the peptide into a stable β-sheet-like structure and spon-

taneous pairing of two folded peptide molecules. As a result of my research, I have provided in-

sights into designing peptides for self-assembly on graphitic materials, which can be used to de-

velop biosensors and drug delivery devices.  

However, surface contamination on graphitic surfaces might interfere with the self-assem-

bly of peptides. Hence, identification and removal of surface contamination are crucial in biotech-

nology and medical applications of graphitic surfaces. I will discuss the identification of the or-

ganic contaminants on a graphene surface in the next chapter.   
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Chapter 2 - Identification of organic contaminants at the graphene-

water interface.  

Adopted in parts from the manuscripts “Organic contaminants and atmospheric nitrogen at the 

graphene-water interface: A simulation study” prepared by Ravindra Thakkar and Jeffrey Comer. 

Submitted to Nanoscale Advances – The Royal Society of Chemistry. (Under review) and 

“Atomically resolved interfacial water structures on crystalline hydrophilic and hydrophobic 

surfaces” Manuel R. Uhlig, Simone Benaglia, Ravindra Thakkar, Jeffrey Comer and Ricardo 

Garcia.  Nanoscale 13 (10), 5275-5283 DOI: 10.1039/D1NR00351H 

  

2.1 Introduction  

Aqueous solutions interact with solid surfaces in many biochemical processes, such as het-

erogeneous catalysis and biomineralization. As a promising solid surface material for nanotech-

nology, graphene can modulate peptide assembly when present on substrates. However, the tech-

nical application of graphene, graphite, and carbon nanotubes depends upon the interaction be-

tween the graphitic surface and the media. The presence of contaminants at the interface of gra-

phitic surface and water is found by physical experimental methods like atomic force microscopy, 

infrared spectroscopy, contact angle measurements, and capacitance measurements.1–5 The pres-

ence of contaminants was reported even on freshly cleaved graphitic surfaces, and the type of 

contaminants depended upon the environment to which graphite was exposed.  Kozbial et al. re-

ported a change in water contact angle after exposing freshly cleaved graphite to air and measured 

infrared spectrum peaks that suggested the presence of linear alkanes as contaminant.2  In another 

study, the decrease in capacitance of the freshly cleaved graphite in water due to hydrocarbon 

contamination was detected by Hurst et al.6 From these studies, it is speculated that these contam-
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inants are made up of hydrocarbon mixture. Ambient air and purified water have a trace of hydro-

carbon contaminants between ranges of 5 to 10 ppb. Adsorption of hydrocarbon contaminants 

affects the order of hydration on the graphitic surface.7 Although hydrocarbons only make up a 

small portion of ambient air; their high affinity makes them likely to adsorb on graphene sur-

faces.8,9 The laboratory environment and apparatus also may also serve as sources of hydrocarbon 

contamination. As Seibert et al. noted, syringes with plastic tips were able to cause stripes on the 

graphite surface, but such stripes were not observed when glass syringes were used.10 In the recent 

study, Garcia et al. observed that the force profile obtained by AFM for the graphene-water inter-

face is surprisingly similar to that obtained for the graphene-hexane interface. From the results of 

computational simulations, it is speculated that the water molecules were expelled from the inter-

face and replaced by alkane-like hydrocarbon molecules, forming a 15–20 Å thick layer between 

water and hydrophobic graphitic surface.3  

Molecular dynamics simulations can be a useful tool to screen the wide range of hydrocar-

bon materials and explore possibilities of their presence as contaminants at the graphene-water 

interface. Molecular dynamics simulations have not been used extensively to study hydrocarbon 

contaminants at the graphene-water interface. In the present study, a few volatile hydrocarbons 

like pentane, octane, toluene and dodecane commonly found in indoor air and in laboratories were 

selected and studied by molecular dynamics simulations. The results of these simulations were 

compared with the reported experimental evidence of contaminants at graphene-water interface.  
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2.2 Methods 

2.2.1 Molecular modeling and system construction 

The organic molecules pentane, octane, toluene, and dodecane, and the carbon atoms of 

graphene were represented by the CHARMM General Force Field.11 Two rectangular patches of 

graphene with dimensions of 2.9 nm × 3.0 nm containing 672 carbon atoms were built using the 

program VMD.12  The PackMol package was used to generate random configurations of 48, 34, 

30 and 20 molecules of pentane, toluene, octane, and dodecane, respectively, and added to the top 

of the graphene layers.13 A model of a fragment of an AFM tip was created from a diamondoid 

carbon framework using the Avogadro and the TopoTools module of the VMD program and pa-

rameterized with the CGenFF webserver.12,14–16 The relatively small forces measured in the exper-

iments suggest that contact between the AFM tip and surface occurs at an asperity only a few 

atoms in size. To model such an asperity, the central carbon was attached a methyl group that made 

direct contact with the graphitic surface; remaining carbon atoms were capped with either an OH 

group or two hydrogen atoms. Each system was solvated in a 6 nm3 cubic box. Each water mole-

cule was explicitly represented by the TIP3P model and kept rigid using the SETTLE algo-

rithm.17,18 An exemplary model of the system is shown in (Fig. 2.1). 

2.2.2 Molecular dynamics simulations 

All molecular dynamics simulations were performed using NAMD version 2.13.19 To improve the 

computational efficiency, non-water hydrogen mass was repartitioned, and a time step of 4 femto-

seconds was applied.20 Lennard-Jones interactions were smoothly truncated with a cut-off distance 

of 10 – 12 Å, and particle-mesh Ewald electrostatics with a grid spacing less than 1.2  Å was used 

to calculate long-ranged electrostatic interactions.21,22 All simulations were performed at 295 K 
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and 1.01325 bar pressure by using a Langevin thermostat and Langevin piston algorithm, respec-

tively.23,24 Periodic boundary conditions were imposed to make a pair of graphene sheets infinite 

in the 2D dimension. The lower layer of graphene was restrained to its initial position to mimic a 

mounted graphite flake as used in experiments. The solvent and solutes were allowed to interact 

with the unrestrained upper layer of the graphene. The orientation of the AFM tip model was 

maintained by applying restraints as implemented in the Colvars module of NAMD.25 Minimiza-

tion for each system was performed for 2000 steps prior to running the production simulation. 

 

Figure 2.1 A molecular model. 

A molecular system containing a model of a fragment of an AFM tip and pentane molecules at 

the water and graphite interface. The water is represented as gray transparent surface and carbon 

atoms of the AFM tip, graphene layer and pentane are shown as a green, gray and pink spheres, 

respectively. 
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2.2.3 Free energy calculation 

The adaptive biasing force (ABF) method was used to calculate the mean force on the AFM tip 

model as a function of the distance between this model and the graphene surface.26,27 ABF en-

hances sampling so that the accurate estimates of the mean force can be obtained over the entire 

domain (0.25–1.40 nm). Using the Colvars module, the transition coordinate was defined as the 

distance from the center of mass of the upper graphene sheet to the center of mass of the AFM tip 

model projected along the z-axis (the axis perpendicular to the graphene planes). The grid size for 

transition coordinate was set to 0.005 nm, and all ABF simulations were run for around 1.5 μs. 

 

2.3 Results and discussion 

2.3.1 Presence of hydrocarbon at a graphene-water interface 

As described in our previous paper, the simulation-derived force profile for the graphene–hexane 

interface agreed well with corresponding AFM-derived data. In contrast, the simulation-derived 

force profile for the graphene–water interface was wildly different than the AFM results for what 

is nominally a graphene–water system.  (Fig. 2.2A).3,28 This observation suggests the presence of 

some contaminants at the graphene-water interface that alter the structure of the interface. To test 

this hypothesis, we prepared four different molecular systems, each containing a graphene surface, 

the AFM tip model, and alkane molecules (pentane, toluene, octane, or dodecane) solvated in wa-

ter. Using the adaptive biasing force method, the average force on the AFM tip model was calcu-

lated as a function of distance from the graphene-water interface for each system.26 The resultant 

force profile for pentane, toluene, octane, and dodecane (Fig. 2.2B) showed high similarity with 

the force profile obtained for the graphene-hexane interface from the previous study (Fig. 2.2A). 
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Additionally, at the graphene-water interface, pentane, toluene, octane, and dodecane have a dis-

tance of ≈ 0.45 nm between the first two minima (denoted as the distance between two broken 

lines in Figures 2A and B).  This results corroborate with the previous AFM study that suggested 

0.5 nm spacing distance between first two maxima for the graphite-water and graphite-hexane 

interface.3 

 

 

Figure 2.2 The force profile a graphene-hexane and graphene-water interface. 

(A) The force profile a graphene-hexane interface obtained by AFM and computational simulation; 

(B) The force profile for graphene-water interface populated by alkane molecules (pentane, 

toluene, octane, or dodecane) as predicted by computational simulations. 

  

2.3.2 The mass density of hydrocarbons at a graphene-water interface 

As I discussed in the previous section, the distance between first and second minima in the 

force profile of octane, pentane, toluene, and dodecane from my study shows similarity with the 

distance between first and second minima in force profile of the graphene-hexane interface ob-

tained by AFM experiment by the previous study.3 However, the density of the hydrocarbon varies 
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depending on the molecular weight of the molecule. As shown in (Fig. 2.3), the density of dodec-

ane, a hydrocarbon containing higher molecular weight, was found higher at the first maxima com-

pared with the hydrocarbons containing lower molecular weight like pentane, octane, and toluene. 

However, the maximum of mass density for the water molecules are closer to the graphene layer 

as compared with the organic compounds. Interestingly, the distance between the first two density 

peaks for the toluene was found shorter than the first two maxima reported for the graphene-water 

interface by Uhlig et al.3 This observation suggests that the aromatic hydrocarbons are unlikely to 

be the dominant contaminants present on a graphene surface in experiments. 

 

Figure 2.3 The mass density profile for hydrocarbons on the graphene-water interface. The 

distance of maximum of the water mass density is indicated by a dotted blue line. 

 

2.3.3 An ordered arrangement of hydrocarbon on the graphene-water interface 

At the beginning of the simulation, dodecane molecules were arbitrarily dispersed in the water 

phase, but within 7 ns, dodecane molecules started adsorbing on the graphene surface. From the 

observation of the simulation trajectories for the system containing hydrocarbons, specifically, 

dodecane on the graphene-water interface, it is speculated that the hydrocarbons containing long-
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chain alkane form an ordered arrangement on the graphene-water interface. The dodecane mole-

cules have adopted a straight conformation to maximize the contact area by lying flat against the 

surface (Fig. 2.4). This arrangement of hydrocarbon molecules might be responsible for the stripes 

observed on the graphene-water interface by the AFM analysis in many previous studies.3,10,28–32 

These stripes possibly show the presence of long-chain hydrocarbon adsorbed on the graphene 

surface.10 

 

Figure 2.4 Ordered arrangement of dodecane on the graphene-water surface. 
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2.4 Conclusion 

In conclusion, the mass density and force profiles at the graphene-water interface in the presence 

of hydrocarbons predicted by simulations using an AFM tip model agree with the previous exper-

imental report. The presence of stripes on graphene surfaces observed by AFM is likely due to an 

ordered arrangement of linear hydrocarbons originating in the ambient medium that collect at the 

surface. Even the presence of trace amounts of hydrocarbons in purified water, ambient air, or 

laboratory apparatus can adsorb onto the graphene surface and able to alter its properties.  
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Chapter 3 - Computational design of cyclic peptide for cancer 

immunotherapy and its characterization.  

3.1 Introduction 

Immune cells typically infiltrate the tumor microenvironment and have the ability to detect 

cancer-specific antigens; however, cancer cells often evolve the ability to hijack self-tolerance 

mechanisms, inhibiting the immune response and allowing them to evade destruction.1,2 These 

self-tolerance mechanisms are referred as immune checkpoints and involve inhibitory receptors 

such as CTLA4, PD1, TIM3, LAG3, and BTLA, which are expressed on immune cells.  Immuno-

therapies based on antibodies that bind these receptors (CTLA4, PD1) or their natural ligands 

(PDL1 for the PD1/PDL1 pathway) have dramatically improved clinical results for some cancers. 

The first immune checkpoint inhibitor approved by the US Food and Drug Administration was 

ipilimumab,3 a monoclonal antibody that binds to CTLA4, preventing the binding of its natural 

ligands B7-1 and B7-2 (also known as CD80 and CD86).4,5 At the current time, approved immune 

checkpoint inhibitors that target PD1 and PDL1 also find clinical use. Targeting both the CTLA4 

and PD1 pathways appears promising and combined therapies can yield improved clinical out-

comes for some cancers.6 

Thus far, all successful immune checkpoint inhibitors have been monoclonal antibodies.  

However, such antibodies are difficult and expensive to produce and have short shelf lives,7 lead-

ing to unfavorable cost effectiveness in some cases.8 Small-molecule immune checkpoint inhibi-

tors could provide simpler synthesis and lower costs; however, developing potent small molecules 

has proven difficult due to the relatively at hydrophobic interfaces of immune checkpoint receptors 

and many of their ligands.7,9 Most proteins involved in inhibitory immune checkpoint signaling, 

including CTLA4, B7-1, B7-2, PD1, PDL1, PDL2, TIM3, LAG3, BTLA, B7-H4 (VTCN1), and 
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B7-H3 (CD276), have immunoglobulin-like V (IgV) domains and some also possess similar im-

munoglobulin-like C1 or C2 domains.10 These domains have a β-sandwich structure,11 consisting 

of two β-sheets lying face-to-face, which are tethered together by one or more disulfide bridges. 

The binding interfaces of these domains are typically found on the relatively flat surfaces of these 

β-sheets, which include no obviously druggable pockets. For instance, the human CTLA4:B7-2 

complex,12 has a binding interface involving the β-sheet faces of CTLA4 and B7-2, as well as the 

conserved MYPPPY (residues 99-104) loop of CTLA4 (Figure 3.4). Although this paper focuses 

on designing peptides that bind to this interface of CTLA4, we expect that the design principles 

might be used to design inhibitors for similar proteins involved immune checkpoint signaling.  

While protein-protein interfaces can be difficult targets for conventional small molecule 

drugs, peptides, by their nature, should be able to mimic natural protein-protein interactions.13 

Moreover, the facile synthesis and modification of peptides make them a promising alternative to 

antibodies and other drugs.14 Various studies have reported the therapeutic applications of syn-

thetic peptides in drug delivery, cell membrane penetration, and specific cell targeting and activa-

tion of immune response.15,16 Additionally, some clinical studies suggests that the application of 

peptides can be site-specific and safe for the drug delivery purpose.17 Tens of therapeutic peptides 

are already approved to treat cancer, diabetes, and cardio-vascular diseases.18 One major challenge 

to the use of therapeutic peptides is rapid degradation by proteolytic enzymes present in the phys-

iological environment.13 However, these limitations can be overcome by taking inspiration from 

natural protease-resistant peptides, which are often cyclized to improve the proteolytic stability. 

Like natural peptides, synthetic peptides can be cyclized by one or more disulfide bridges or by 

peptide linkages involving the N-terminus, C-terminus, or sidechains (usually Lys, Asp, or 
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Glu).19,20 Furthermore, crosslinks of various chemistries (referred to as “staples") can be used to 

cyclize peptides in ways never found in nature.13 

Computational protein design tools have matured over the last decade, enabling rational 

design of peptides with desired structure and function can be possible.21,22 Combining protein 

modeling programs like Rosetta,22–24 Modeller,25,26 and associated tools27 with molecular dynam-

ics simulation and free-energy calculation techniques, 28,29 results in a powerful platform for de-

signing therapeutic peptides.30,31 In this paper, we apply such an approach to designing a CTLA4-

binding peptide and verify its affinity experimentally by using the Bio-Layer Interferometry (BLI) 

method.32 

 

3.2 Material and methods 

3.2.1 Materials 

We contracted a commercial service (GenScript USA Inc., Pscataway, NJ, USA) to syn-

thesize the cyclic peptide and obtained human recombinant Avi-tagged CTLA4 and CD86 (as 

positive control) from commercial sources (R&D Systems, Inc., Minneapolis, MN USA). High 

precision streptavidin (SAX) BLItz biosensor tips were purchased from FortéBio; Freemont, CA, 

USA). 

Cell lines of the mouse immature dendritic cells JAWSII JAWSII (CRL-11904) and the 

mouse Lewis Lung Carcinoma cells LLC (CRL-1642) were obtained from American Type Culture 

Collection (ATCC, Manassas, VA). Cell culture media RPMI 1640, Fetal bovine serum (FBS), 2-

mercaptoethanol and Penicillin-streptomycin solution were purchased from Mediatech, Inc. (Ma-

nassas, VA), Biowest (Riverside, MO), Sigma-Aldrich (St. Louis, MO) and Lonza Rockland, Inc. 

(Allendale, NJ), respectively. The sodium pyruvate (200 mM), L-glutamine (200 mM), 50x 
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Gibco® brand antibiotic-antimycotic, 100x MEM non-essential and essential amino acids, were 

obtained from Thermo Fisher Scientific (Waltham, MA). The Ultra-LEAF™ Purified anti-mouse 

CD274 (B7-H1, PD-L1) antibody (10F.9G2), the LIVE/DEAD™ Fixable Violet Dead Cell Stain 

Kit (Invitrogen™) and Fluorescent conjugated antibodies targeting FoxP3 (R16-715) were pur-

chased from BioLegend (San Diego, CA), Thermo Fisher Scientific and BD Bioscience (Franklin 

Lakes, NJ), respectively. Fluorescent conjugated antibodies targeting mouse CD4 (H129.19), 

CD8b (YTS156.7.7), IFNγ (XMG1.2), CTLA4 (UC10-4B9), PD-1 (RMP1-30) and isotype con-

trols were obtained from BioLegend. 

C57BL/6 mice were purchased from Charles River Laboratories International, Inc and 

were acclimated for a week in a clean facility.  Kansas State University Institutional Animal Care 

and Use Committee (Protocol # 4393) and Institutional Biosafety Committee (Protocol # 1317) 

procedures were followed for all animal experiments. 

3.2.2 Peptide modeling 

An x-ray structure of the CTLA4:B7-2 protein complex was obtained from the Protein Data 

Bank (PDB ID: 1I85).12 The CTLA4 structure was missing some residues (residues 27-30 and 42-

44, inclusive), which we inserted using Modeller 9.13, a homology modeling tool.25,26 A single 

monomer unit of CTLA4 and B7-2 protein were extracted using VMD33 (a molecular modeling 

and visualization software) from the crystal structure (Fig. 3.1A). The hotspot residues at the bind-

ing interface between CTLA4 and B7-2 protein predicted using KFC web server.34,35 The fragment 

of B7-2 protein comprising residue numbers 85 to 101, which was found to be in close contact 

with CTLA4, was selected as a template for the peptide design. A CTLA4 protein and residue 

number 85 to 101 from B7-2 protein as shown in (Fig. 3.1B) was used for further processing. 
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Figure 3.1 Generating the template selection. 

(A) CTLA4 (gray) bound to its ligand B7-2 (green) from a published x-ray structure (PDB ID: 

1I85). Disulfide bridges are shown explicitly by bonds representation. (B) A template for the 

designed peptides created by extracting a fragment (residues 85-101) from the x-ray structure. 

 

The probable poses of template peptide on the receptor protein CTLA4 were predicted 

using FlexPepDock ab-initio, a module of the Rosetta, a protein modeling suite.27,36 VMD was 

used to modify the structure le for the template peptide and receptor to make its format compatible 

with the Rosetta (a molecular modeling suite). The secondary structure of the template peptide 

sequence was predicted using the protein structure prediction web-server Phyre2.37 and used as 

input for FlexPepDock.  

 Hundreds of different poses of the template peptide were generated. Few best poses with 

the lowest energies and RMSD values relative to the native structure were selected. Selected struc-

tures were processed with the series of algorithms (PyRosetta, a Python-based interface for Ro-

setta)38 to optimize side-chain and amino acid sequence.24,39 
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3.2.3 Molecular dynamics and free energy calculation using the MM-GBSA method 

Molecular dynamics simulations for each designed peptides bound to the CTLA4 receptor 

protein were carried out using NAMD 2.13, a scalable molecular dynamics simulation program.40 

The CHARMM36m force field41 was used to define forces between the atoms. The two terminal 

residues of resulting peptides were patched by a trans head-to-tail (N-terminal to C-terminal) pep-

tide bond. The structures of the complexes were solvated using the TIP3P42 water model, which 

was kept rigid using the SETTLE algorithm.43 Salt ions were added to give Na+ and Cl–  concen-

trations of approximately 150 mmol/L. Additional Na+ ions where included to neutralize the sys-

tem. An exemplary simulation system is shown in (Fig. 3.2). 

 

Figure 3.2 Explicit solvent model for the biomolecular system. 

The CTLA4 receptor protein represented as a gray surface and the designed peptide R10 (H, white; 

C, green; N, blue; O, red). Na+ and Cl– ions are shown as yellow and greens spheres, respectively. 

For clarity, the explicit water molecules are shown only as a transparent surface. 

 

The mass of solute hydrogen atoms was repartitioned to allow a 4 femtosecond time step 

to improve computational ecffiency.44 The Lennard-Jones interactions between pair of atoms was 
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calculated using cutoff distance of 12 Å, smoothly truncated beginning at 10 Å. A temperature of 

300 K and a pressure of 1.01325 bar were maintained using the Langevin thermostat45 and Lange-

vin piston method46, respectively. The electrostatic interactions were calculated by particle mesh 

Ewald (PME) method using grid spacing of 1.2 Å.47 Energy minimization for each system were 

performed.48 After minimization, 0.1 ns of molecular dynamics were performed with restraints 

applied to non-hydrogen atoms of the protein, followed by 1.0 ns with restraints applied to the 

only the Cα carbon atoms. The production simulation was performed without using any restraints 

and set to stop when the Cα atoms of the candidate peptide showed a root mean square displace-

ment (RMSD) of more than 25 Å from their initial positions. The Colvars module of NAMD was 

used to implement the stopping criterion.49 Every 200 ps, a frame of the trajectory was written for 

further analysis. For each of these frames, the binding free energy of the candidate peptide to the 

CTLA4 was estimated using the molecular mechanics generalized Born surface area (MM-GBSA) 

method.50–52 To implement the GBSA calculation, the structures of the receptor protein, candidate 

peptide, and protein-peptide complex were extracted from the output trajectories and snapshots 

were created. For each snapshot of the receptor protein, candidate peptide, and protein-peptide 

complex MM-GBSA calculated as per (Eq. 3.1). 

∆𝐺𝑏𝑖𝑛𝑑𝑖𝑛𝑔 = ∆𝐺𝑝𝑟𝑜𝑡𝑒𝑖𝑛:𝑝𝑒𝑝𝑡𝑖𝑑𝑒 − ∆𝐺𝑝𝑟𝑜𝑡𝑒𝑖𝑛 − ∆𝐺𝑝𝑒𝑝𝑡𝑖𝑑𝑒  

Equation 3.1 Binding free energy calculation by MM-GBSA method. 

 

The △G values were calculated using the NAMD implementation of generalized Born im-

plicit solvent with a dielectric constant of 78.5 and a surface tension 0.00542 kcal/(mol Å2). The 

conformational entropy was not calculated because it does not necessarily improve the accuracy 

of the relative MM-GBSA energies and a rigorous free-energy calculation method, which included 

this contribution, was applied in the promising cases. 
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3.2.4 Explicit Solvent Free Energy Calculations 

The MM-GBSA free energy of candidate peptide: CTLA4 complexes were compared with 

the CTLA4:B7-2 reference protein complex MM-GBSA results. The designed cyclic peptides with 

higher mean MM-GBSA binding affinity for the CTLA4 receptor protein were shortlisted for the 

rigorous calculation of ab-solute binding free energy using the geometric route.29,53 The simulation 

frame having the minimum MM-GBSA energy was used as the starting structure for the complex 

and used as input for the Binding Free Energy Estimator (BFEE), a plugin of VMD.54 To make 

the free energy calculation feasible, the calculation is partitioned into separate stages (Table–3.1). 

The basic idea is to calculate the free energy for turning on a cumulative series of restraints (stages 

1-6). The free energy for extracting the restrained ligand from the receptor is then calculated in 

stage 7, which is typically the most difficult and time-consuming step. The contribution associated 

with turning off the conformational restraints for the free ligand is calculated in stage 8. Finally, 

the contribution of the remaining geometrical restraints is computed analytically (which can be 

called stage 9). Because the initial and final states in these stages represent an unrestrained com-

plex and an unrestrained free ligand/protein, the sum of the free energy over all stages is the bind-

ing free energy (Eq. 3.2). Stages 2-5 were computed with the adaptive biasing force (ABF) 

method,55,56 consistent with the BFEE plugin: 

 

∆𝐺binding
0 = 𝑘B𝑇 ln 𝐶0  

Keq = exp {−β∆Gc
site + ∆G0

site + ∆Gα
site − kBT ln (S ∗ I ∗ C0) + ∆G0

bulk + ∆Gc
bulk} 

where 𝐶0 =
1

1660.539
Å−3 is the standard 1 mol/L concentration. 

 

Equation 3.2 Binding free energy calculation by explicit solvent geometric route. 

 

Table 3.1  Free energy values and simulation time for each stage of the BFEE method. 
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Free energy values and simulation time for each stage of BFEE, a rigorous absolute biding free 

energy calculation method. All stages were computed with ABF, except stage 9, which is 

computed analytically and requires no simulation. 

 

Stage System Free-Energy Term Free Energy 

(kcal/mol) 

Simulation time 

(ns) 

1 protein-ligand ∆Gconform –11.03±1.59  91 

2 protein-ligand ∆GӨ –0.23±0.02 19 

3 protein-ligand ∆Gφ –0.29±0.17 17 

4 protein-ligand ∆Gψ –0.20±0.02 19 

5 protein-ligand ∆Gθ –0.05±0.01 20 

6 protein-ligand ∆Gф –0.49±0.11 17 

7 protein-ligand −kBT ln (S ∗ I ∗ C0) –12.92±0.79 6954 

8 ligand only ∆Gconform
unbound +11.97±2.96 389 

9 ligand only ∆GӨфᴪ
unbound +6.61±0.00 0 

Total - ∆G0 –6.63±3.45 2380 

 

  

 

3.2.5 Peptide design workflow 

Fig. 3.3 illustrates the workflow for the cyclic peptide design. Fig. 3.3A shows the 

CTLA4/B7-2 complex structure. Fig. 3.3B shows a fragment from the B7-2 protein taken as the 

primary template peptide. Different poses of template peptide on CTLA4 were predicted (Fig. 

3.3C). The 4-5 structures with the most favorable poses from the above step were selected for 

sidechain and sequence optimization. Fig. 3.3D shows the template peptide in black carbon back-

bone and a one of the selected poses from the various favorable poses of the template peptide in 

green carbon backbone. All optimized peptides were cyclized by a head-to-tail peptide bond (one 

of the optimized peptides is shown in Fig. 3.3E). MD simulation and MM-GBSA calculations 

were carried out to estimate the binding affinity of all the designed cyclic peptides for CTLA4 

receptor protein (Fig. 3.3F). Peptides with noteworthy MM-GBSA scores and longer simulation 

times without dissociating were selected for rigorous binding free energy calculation (Fig. 3.3G). 
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Cyclic peptides with higher binding affinity were selected as subsequent templates for further op-

timization cycles till we achieved a significant affinity for binding between the cyclic peptide and 

CTLA4 receptor protein (Fig. 3.3H). 

 

Figure 3.3 Graphical representation of the work-flow for cyclic peptide design. 

 

3.2.6 Binding assay by bio-layer interferometry 

The peptide with the best predicted binding affinity (denoted R10) and ordered proteins 

were dissolved in PBS buffer. The binding affinity of best performing peptide for the CTLA4 

protein was evaluated using a BLItz bio-layer interferometer (FortéBio; Freemont, CA, USA) at 

room temperature. High precision streptavidin (SAX) BLItz biosensor tips (FortéBio; Freemont, 

CA, USA) were used to immobilize the CTLA4 protein and all the tips were hydrated for 15-30 

minutes in PBS buffer before each experiment. A plateau of the signal during the washing step 

(after loading the CTLA4 on biosensor tips) indicated immobilization of the CTLA4 protein on 

the high precision streptavidin (SAX) biosensor tip. The PBS buffer without the designed cyclic 

peptide or any protein was used to record the baseline. A solution of 400 nM of the CD86 protein, 
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a natural binding partner of CTLA4, was used as positive control and different molar concentra-

tions (150, 175 and 200 μM) of the designed peptide R10 were tested. The values the on and off 

rates and the dissociation constant were obtained using the BLItz Pro 1.2 software. 

 

3.2.7 Effects of designed peptide R10 on T cell-induced death of LCC cells 

The LLC lysate was subcutaneously injected into mice on Day 0 (0.5×106 cells/mouse in 

200 µl). A 1:1 ratio of X-ray (100 Gy) irradiated LLC cells and JAWSII immature dendritic cells 

were cocultured for 48 hours with LPS (1 g/ml). JAWS-irrLLC (above mentioned) cells were col-

lected and intravenously injected into mice on Day 7 (0.5×104 cells per mouse in 200 µl). The 

splenocytes were harvested on Day 21 and labeled with a MojoSort™ Mouse CD8+ T Cell Isola-

tion Kit (Biolegend, San Diego, CA) and isolated with a MACS® Column (Miltenyi Biotec, 

Bergisch Gladbach, Germany). Using purified CD8+ T cells, LLC cells were primed with antigens 

to produce antigen-primed CD8+ T cells (AP-CD8+ T cells). 

LLC cells expressing GFP were seeded into a 12-well plate (1x104 cells per well) and treated 

with murine interferon-gamma (mIFNγ) at 25 ng/ml for 48 hours. AP-CD8+ T cells were added 

to each well at a 1:16 ratio (LLC cells: AP-CD8+ T cells) and treated with 10 µM peptide R10, 

0.5 or 1.0 µg/ml mouse anti-PD-L1 antibody (αPD-L1). At 18 and 36 hours, the cytotoxicity of 

AP-CD8+ T cells for LLC cells was measured using LIVE/DEAD™ Fixable Violet Dead Cell 

Stain Kit and evaluated by BD LSRFortessa X-20 flow cytometer (BD Biosciences, San Jose, CA, 

USA). Using BD FACSDiva software (BD Bioscience), GFP+ LIVE/DEAD+ gating based spe-

cific death of GFP-LLC cells was identified.  
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3.2.8 Anti-tumor effects of the designed peptide R10 for murine lung carcinoma 

A 1.5×106 per 200µl LLC cells were inoculated in the C57BL/6 mice. A 0.5×106 cells/200µl 

JAWS-irrLLC were injected intravenously into all mice after 5 days. After 48 hours, mice were 

separated into negative control (PBS), positive control (anti-PD-L1; 10 mg/kg/day and IP every 

other day 4 times) and treatment group (peptide R10; 10 mg/kg/day and IP every other two days 3 

times). On 23rd day of LLC inoculation, all mice were sacrificed, and blood was collected by car-

diac puncture for cytometry analysis. Measured weights of lung and spleen and followed by his-

tological analysis. 

 

3.2.9 Effects of the designed peptide R10 on the T cell population and an expression 

of immune check points  

Leukocytes were isolated and immune-stained with antibodies anti-CD4, anti-FoxP3, anti-

CD8b, anti-INFγ to detect the population of helper, regulatory, cytotoxic and activated cytotoxic 

T cells, respectively by flow cytometry. Immune checkpoints CTLA4 and PD-1 expression was 

evaluated using antibodies anti-CTLA4 and anti-PD-1. An isotype control was used to verify non-

specific reaction of antibodies.  

 

3.2.10 Statistical analysis: 

Statistical significance of effects of the peptide R10 for in vivo and in vitro experiments 

were evaluated by ANOVA or unpaired t-test. All values were obtained from the multiple samples 

and were expressed as the mean ± standard deviation of the mean. Statistical significance was 

accepted with minimum 5% probability.   
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3.3 Results 

3.3.2 Template selection 

The prediction of hotspot residues at the CTLA4:B7-2 complex (PDB ID: 1I85)12 interface 

shows that the residues Ile86, His88 and Met95 of B7-2 make contact with the conserved 

MYPPPY loop of CTLA4,57 as illustrated in the (Fig. 3.4). We chose residues 85 to 101 of B7-2, 

(some of the residues are part of the β-hairpin) to serve as the template for designing the peptide. 

 

Figure 3.4 Interface of the CTLA4:B7-2 protein complex. 

CTLA4 receptor protein (gray) is represented as a surface with conserved motif MYPPPY in solid 

spheres. The B7-2 protein (green) is represented as by its secondary structure along with key 

residues represented as sticks. 

 

3.3.3 Flexible peptide docking 

We performed the flexible docking of the template peptide with the CTLA4 protein at the 

MYPPPY surface and hundreds of different poses of the template peptide were generated (Fig. 

3.5A). Out of these, a few poses with low docking scores and low RMSD values from the initial 
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template were selected using a plot of docking score versus RMSD (Fig. 3.5B). The resulting poses 

were applied for fixed-backbone sequence optimization by Rosetta. The selected structures had 

RMSD values of 4.6, 3.3, 2.4 and 3.9 Å with the template and docking scores of 167.2, 173.6, 

172.4 and 170.8. Because the FlexPepDock module of Rosetta does not currently support cyclic 

peptides, the linear version of the subsequent candidate peptides was used for the docking proce-

dure. The effect of cyclization on the backbone conformation was later tested in molecular dynam-

ics simulation. 

 

Figure 3.5 Flexible peptide docking and selection of favorable poses. 

(A) Selected docking poses for the template peptide (represented in different color stick models) 

The CTLA4 receptor protein (gray) is represented as a surface. (B) A docking score versus RMSD 

plot for the different poses of the template peptide on the CTLA4 surface generated by flexible 

peptide docking. 

 

3.3.4 Sidechain and sequence optimization  

This is the crucial step in the peptide design. The purpose of this step is to make the con-

nection between peptide and protein stronger by manipulating the sidechain and amino acid se-

quence of the peptide. For each selected pose, sequence and side chain optimization was carried 
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out. As this algorithm was based on Rosetta modeling software, it doesn’t include the information 

about cyclic nature of the peptide.  

The sequence logo in the (Fig. 3.6) represents the probability of the amino acids found at 

each position in the candidate peptides.58 It indicates that Pro8 and Gly10, which are part of the 

hairpin loop, can’t be replaced by other residues while maintaining the same backbone structure. 

 

 

Figure 3.6 The plot of probabilities for occurrence of amino acids at specific positions in the 

designed peptides. 

 

3.3.5 MD simulation and binding free energy calculation  

The MD simulation techniques allow us to explore more conformational dynamics taking 

the place between protein and ligand during the binding phenomena.59 We cyclized the optimized 

peptides by a head-to-tail peptide bond using in-house VMD scripts before running the simula-

tions. In the MD simulations the candidate peptides stayed bound with CTLA4 for more than a 

microsecond, which is an indication of considerable binding affinity. We performed the free en-

ergy calculations using the MM-GBSA method to short list the optimized peptides and performed 

a rigorous free energy calculation using the BFEE plugin of VMD (by the geometric rather than 
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alchemical route). We shortlisted 6 optimized peptides that had MM-GBSA scores less than –20 

kcal/mol (see Appendix A). Upon applying the rigorous calculation, the two most promising pep-

tides exhibited binding affinities of –10.21 ± 2.41 and –12.58 ± 3.76 kcal/mol, which may be 

sufficient to block the MYPPPY motif on the surface of the CTLA4 receptor for B7 family pro-

teins. As illustrated in (see Appendix B), we attempted cyclize the peptide by adding a disulfide 

bond between cysteine residues at the termini, but the results were not promising. Furthermore, 

head-to-tail cyclization may have advantages in promoting β-sheet structure. 

 

3.3.6 Binding assay by bio-layer interferometry  

A bio-layer interferometry-based binding assay was performed to determine the binding 

affinity of the designed peptide (R10) for the CTLA4 protein. First, we confirmed that the bioti-

nylated recombinant human CTLA4 Fc-chimera Avi-tagged protein was non-covalently immobi-

lized on the high precision streptavidin (SAX) biosensor tip. As shown in Fig. 3.7B, the CTLA4 

protein was immobilized on the high precision streptavidin biosensor tips (red curve), whereas we 

did not get any binding response while applying only PBS at the loading step (black curve). Im-

mobilization of CTLA4 on the high precision streptavidin biosensor tip was further confirmed 

when CD-86 was used as an analyte at the association step (Fig. 3.7A) (red curve). Our binding 

kinetics results revealed a dissociation constant of 60 ± 3 nM (Kd) for the binding of h-CTLA4 to 

CD-86, which is in agreement with the previous reports.60 Thus, the high precision streptavidin 

(SAX)  biosensor tip and CTLA4 protein could be used to evaluate the binding affinity of the 

designed peptide R10. The binding kinetics results for the R10 peptide are shown in (Fig. 3.7A). 

The Kd value for the designed peptide R10 was found to be 30 ± 6 μM, which overlaps with the 

range predicted by the BFEE calculation using MD simulations (34 to 4400 µM). 
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Figure 3.7 Time-based binding kinetics study of the R10 peptide binding to CTLA4 by bio-

layer interferometry. 

(A) Different molar concentrations of the R10 peptide were used. The CD-86 protein was used as 

a positive control and PBS solution alone served as a negative control. The experiments were 

performed using the biotinylated recombinant human CTLA4 Fc-chimera Avi-tagged protein 

loaded on a biosensor tip. The binding response was set zero at the beginning of the association, 

and the dissociation phase was initiated at 600 seconds. (B) Bio-layer interferometry experiment 

confirming loading of CTLA4 (human CTLA4 conjugated to Fc Avi tag) to the high precision 

streptavidin biosensor tip. 

 

3.3.7 Effects of designed peptide R10 on T cell-induced death of LCC cells 

Effects of the peptide R10 on T cell-induced death of LLC were assessed by in vitro co-

culturing with LLC cell antigen primed CD8+ T cells which was isolated from the spleen of the 

immature dendritic cell line (JAWSII) cells stimulated mouse with irradiated LLC cells. The death 

of LLC cells was measured after 18 and 36 hours by flow cytometry. As per (Fig. 3.8), results 

showed that after 18 hours the LLC-specific cell death was 43.8 ± 3.0% in the 10 μM peptide R10 

treated cells, 66.6 ± 1.5% in the 1.0 µg/ml anti-PD-L1 treated (positive control) group and 12.7 ± 

0.3% in the PBS treated group. However, 1.0 g/ml anti-PD-L1 was the most effective in promoting 

LLC cell death induced by AP-CD8+ T cells compared with other groups, but after 36 hours the 
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efficacy of anti-PD-L1was decreased to 27.5 ± 12.9% while the efficacy of the peptide R10 (68.2 

± 12.3%) was sustained significantly. According to these results, designed peptide R10 can effec-

tively inhibit the interaction between CTLA4 on AP-CD8+ T cells and CD80/CD86 on LLC cancer 

cells, thus facilitating the cytotoxic effect of AP-CD8+ T cells. 

 

 

Figure 3.8 The designed peptide R10 promotes antigen primed CD8+ T cell induced LLC 

cell death. 

Cocultured LLC cells with antigen primed CD8+ T cells treated with the peptide 10 µM R10 

(CTLA4-ip), anti-PD-L1 antibody (αPD-L1; 0.5 or 1.0 µg/ml) and Flow cytometry was used to 

identify dead cells after 18 and 36 hours of coculture.  

 

3.3.8 Anti-tumor effects of the designed peptide R10 for murine lung carcinoma 

LLC mouse allografts were used to test the effectiveness of peptide R10 against lung tumor 

growth. Irradiated LLC were coculture with the mouse dendritic cell line, JAWSII cells for 24 

hours and injected into all mice. After 48 hours, mice were treated with the 10mg/kg/day peptide 

R10 (CTLA4-ip), 10 mg/kg/day anti-PD-L1 as positive control or PBS as negative control and 

tumor growth was analyzed by macroscopic study. It was demonstrated that fewer tumor nodules 

(4 out of 5, Ave. 1.60 ± 0.80) were present in the mice treated with the designed peptide R10 
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(CTLA4-ip) compared with (5 out of 6, Ave. 3.50 ± 2.57) the PBS treated, a negative control group 

whereas anti-PD-L1 treated, positive control mice showed similar effects (4 out of 6, Ave. 1.17 ± 

1.07) as negative control group  (Fig. 3.9A and B). Based on results, it appears that R10, a novel 

designed peptide, triggers anticancer immunity by inhibiting tumor growth. 

 

 

Figure 3.9 The designed peptide R10 attenuates the tumor growth in mouse lung. 

Mice were treated with PBS (JAWS-irrLLC alone as negative control), the designed peptide R10 

(CTLA4-ip, 10mg/kg/day) or anti-PD-L1 antibody (10 mg/kg/day, as positive control) and the 

number of tumor nodules and its size were noted after 5 days of treatment. (A) The number of 

tumor nodules in each mouse and (B) the average number of tumor nodules in each group. (C) The 

volume of tumor in each mouse and (D) the average volume of tumor in each group. 
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3.3.9 Effects of the designed peptide R10 on the T cell population and an expression 

of immune check points 

Leukocytes were isolated from the peripheral blood of each mouse and cell population of 

CD4+ and CD8+ T cells was enumerated to evaluate the effects of the designed peptide R10 on 

the T-cell population and expression of immune checkpoint proteins using flow cytometry. 

As per Fig. 3.10A, in comparison to non-treated JAWS-irrLLC alone (1.05 ± 1.06%) and 

anti-PD-L1 mouse antibodies 0.83 ± 1.26%), designed peptide R10, CTLA4-ip (0.50 ± 0.74%) 

decreased T-regulator cell population. As per, the population of cytotoxic T-lymphocyte was found 

to be reduced when mice were treated with anti-PD-L1 antibody (3.01 ± 2.45%), while no 

significant difference in the cytotoxic T-lymphocyte population was detected between JAWS-

irrLLC alone group (5.10 ± 4.26%) and designed peptide R10 group (5.33 ± 1.85%). In all three 

groups, there was no clear difference in IFNγ and PD-1 expression levels (Fig. 3.10B). As shown 

in Fig. 3.10C, CD8+ cytotoxic T cell population did not affected by either of the treatment, but 

peptide R10 treatment tended to increase CTLA4 expression in T-regulatory cells (MFI: 863.02 ± 

269.34) compared to JAWS-irrLLC alone (MFI: 624.98 ± 324.71) and anti-PD-L1 antibody treated 

groups (MFI:570.84 ± 292.13). In contrast, treatment with the designed peptide R10 reduces 

CTLA4 expression in CD8+ IFNγ+ activated cytotoxic T cells (MFI: 9.71 ± 10.79) compared to 

the JAWS-irrLLC alone (MFI: 18.52 ± 27.59) and αPD-L1 group (MFI: 41.52 ± 79.83) (Fig. 

3.10D). Based on these results, it is possible that the immune-suppressive effect of T-regulatory 

cell on CD8+ cytotoxic T cells was effectively inhibited by the peptide R10 treatment, and that an 

anticancer immune response led to reduced tumor growth. 
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Figure 3.10 Population of CD4+, FoxP3+ regulatory T cell and CD8+, IFNγ+ cytotoxic T cell, 

and an expression level of immune check point proteins from the mouse blood. 

(A) Population of CD4+ FoxP3+ regulatory T cell (Treg) and CD8+ IFNγ+ cytotoxic T cell (IFNγ) 

(an average percentage). (B) Mean fluorescence intensity (MFI) of IFNγ and PD-1 in CD8+ 

cytotoxic T cells. (C) Mean fluorescence intensity (MFI) of CTLA4 in CD4+ T cells (open bar) 

and Treg (filled bar). (D) Mean fluorescence intensity (MFI) of CTLA4 in CD8+ cytotoxic T cell 

(open bar) and CD8+ IFNγ+ activated cytotoxic T cell (filled bar). 

 

3.4 Discussion 

As we mentioned in the above section, only two peptides (R7) and (R10), have shown 

significant binding activity with CTLA4 protein. The peptide R7 was too hydrophobic and could 

not be synthesized. Hence, we focused our study on the interaction of peptide R10 and CTLA4.  

 

3.4.2 Interaction of the R10 peptide with CTLA4 

A two-microsecond-long MD simulation of the designed peptide (R10) at the binding 

surface of the CTLA4 where B-7 family protein binds gives sufficient conformational sampling to 

allow us to identify stable interactions. As we can see from the (Fig. 3.11) three hydrogen bonds, 
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one hydrophobic interaction and one π–π stacking interaction can be identified between the R10 

peptide and CTLA4 protein. Fig. 3.12 shows some of these interactions in a 3D view. As shown 

in Fig. 3.13A shows the distance between the alcohol hydrogen atom of Thr53 of CTLA4 and the 

carbonyl oxygen of Ala13 of the peptide. Fig. 3.13B shows the minimum distance between any 

hydrogen atom of the guanidinium group of Arg35 of CTLA4 and the carbonyl oxygen atom of 

Arg15 of the peptide. Fig. 3.13C shows the minimum distance between the oxygen atom of the 

carboxylate group of Glu48 of CTLA4 and any hydrogen atom of the guanidinium group of Arg14 

of the peptide. All of these contacts are stable and stay bound for more than 1 microsecond. 

Furthermore, the aromatic ring of Tyr16 from the R10 peptide occupies the space between the 

aromatic rings of Tyr100 and Try104 of conserved motif (MYPPPY loop) of CTLA4 protein and 

makes a stable π–π stacking with Tyr104 of CTLA4 (Fig. 3.13E). Fig. 3.13D indicates a 

hydrophobic contact between the aliphatic sidechain of Pro8 of the peptide and the aliphatic 

sidechain of Glu59 of CTLA4.  

 

 
 

Figure 3.11 An atomic interaction between designed cyclic peptide R10 and CTLA4 in 2D. 
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A 2D diagram to illustrate the interaction between peptide R10 and CTLA4 in the frame of the 

MD simulation corresponding to the lowest MM-GBSA free energy. The residues (in a magenta) 

above the black dashed line belong to peptide R10, while those below (in orange) belong to 

CTLA4. The broken lines indicate hydrogen bonds between the R10 and CTLA4, while spoked 

arcs represent a hydrophobic contact. 

 

 
Figure 3.12 An atomic interaction between designed cyclic peptide R10 and CTLA4 in 3D. 

An atomic interaction between the CTLA4 protein (grey cartoon) and the R10 peptide (green stick 

model) in 3D. Hydrogen bonds and π-π interaction is represented by dotted black lines. 
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Figure 3.13 An atomic interaction between R10 peptide and CTLA4.  

Hydrogen bonds between (A) the alcohol hydrogen atom of Thr53 of CTLA4 and the carbonyl 

oxygen of Ala13 of the peptide, (B) a hydrogen atom of the guanidinium group of Arg35 of CTLA4 

and the carbonyl oxygen atom of Arg15 of the peptide, and (C) the oxygen atom of the carboxylate 

group of Glu48 of CTLA4 and a hydrogen atom of the guanidinium group of Arg14 of peptide. 

(D) Hydrophobic interaction the aliphatic sidechain of Pro8 of the peptide and the aliphatic 

sidechain of the Glu59 of CTLA4 (distance plotted is the minimum hydrogen-hydrogen distance). 

(E) Aromatic ring of Tyr16 making a π–π interaction with the aromatic ring of Tyr104 of CTLA4. 

 

3.4.3 Conformational stability of the R10 peptide 

We have analyzed the MD simulation of the peptide R10 in the absence of CTLA4 to study 

whether the peptide R10 adopts the conformation that is favorable to bind with CTLA4, or whether 

this conformation is induced upon binding.  We extracted structure of peptide R10 from the lowest 

energy frame on the surface of CTLA4 as reference structure. An RMSD analysis on the trajecto-

ries of the R10 peptide shown that the conformation of R10 in the absence of CTLA4 fluctuates 

more than when R10 is bound (Fig. 3.14). It can be seen that the R10 peptide adopts a stable 

conformation when it binds with its target protein CTLA4. In the presence of CTLA4, the R10 
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peptide remains stable on the surface of CTLA4 in the MD simulation, specifically between 500 

to 1000 ns. Furthermore, the intramolecular hydrogen bonds between the backbone peptide groups 

of Val5-Val12, Thr4-Val12, and Thr7-Gly10 remain stable in the bound form, maintaining the β-

sheet structure (Fig. 3.15). These results suggest that the bound conformation of the peptide is not 

stable in solution and that the β-sheet structure is induced by the surface of the CTLA4 protein. 

 

Figure 3.14 A conformational stability of peptide R10. 

RMSD analysis of R10 peptide in the presence (red curve) and absence (black curve) of CLTA-4 

protein comparing with lowest energy configuration of R10 peptide on the CTLA4 surface. 
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Figure 3.15 Intramolecular interactions of the R10 peptide when bound to CTLA4 and when 

in solution. 

Intramolecular hydrogen bonds between (A) the backbone carbonyl oxygen of Asp3 and the NH 

group of Lys14, (B) a carboxylate oxygen from the sidechain of Asp3 and a hydrogen atom from 

the amino group of Lys14, (C) the NH group of Val5 and the carbonyl oxygen of Val12, (D) the 

NH group of Val12 and the carbonyl oxygen of Val5, (E) the alcohol hydrogen atom of Thr7 and 

the carbonyl oxygen of Gly10, (F) the NH group of Thr7 and the carbonyl oxygen of Gly10, and 

(G) the carbonyl oxygen of Thr7 and the NH group. Distances are shown for the CTLA4-bound 

and unbound states of the R10 peptide.  

 

3.4.4 Bio-layer Interferometry analysis for the binding activity of R10 peptide for 

Template based protein 

Although Surface Plasmon Resonance is more sensitive, we preferred the BLI method due 

to its flexibility in sample preparation. BLI can be used with a range of buffer solutions as this 
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method is less affected by a change in the refractive index.61 An in vitro binding kinetics for de-

signed peptide R10 are shown in Fig. 3.7A PBS buffer showed low nonspecific binding, but this 

response was selected as a baseline. Association and dissociation signals generated by CD-86 con-

sidered as a positive control and comparable with the responses obtained from different concen-

tration of R10 peptide. Various concentrations (150, 175 and 200 µM) of R10 peptide were used 

to fit results globally and to determine dissociation constant (Kd). To improve the signal-to-noise 

ratio concentrations of the peptide R10 were used above its predicted (Kd) value, so that a sufficient 

number of binding events can be obtain. BLI based binding kinetics results indicate that our de 

novo protein design method can design the inhibitory peptide for the Template based protein with 

significant binding affinities. 

  

3.4.10 Correlation between tumor growth, immune cell population, and an 

expression of immune checkpoint proteins. 

The mouse with the high tumor growth showed high populations of T-regulatory and cy-

totoxic for each group of mice (Fig. 3.16A).  As per shown in the Fig. 3.16B, IFNγ and PD-1 were 

found to be highly expressed in CD8+ cytotoxic T cells. As a result of induction of exhaustion in 

CD8+ cytotoxic T cells, tumor growth in the mouse appears to be promoted. A mice group treated 

with anti-PD-L1 antibody reduces the expression of IFNγ and PD-1 and reduces the tumor growth. 

On other hand, a high level of CTLA4 expression was noted in CD4+ cells (Fig. 3.16C), CD8+ 

cytotoxic T cells (Fig. 3.16E), and CD8+ IFNγ+ activated cytotoxic T cells (Fig. 3.16F). In spite 

of anti-PD-L1 antibody treatment, a tumor growth may be accelerated by the inhibition of CD8+ 

cytotoxic T cells by CTLA4 pathway. As can be seen in Fig. 3.10 and Fig. 3.16D, the designed 

peptide R10 treated group had a higher level of CTLA4 expression than the other two groups. 
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According to these results, the treatment of the designed peptide R10 inhibits the immune suppres-

sive effects of T-regulatory cells for CD8+ cytotoxic T cell and prevents the growth of tumor. An 

anti-cancer activity of the designed peptide R10 was supported by the analysis of tumor growth 

and leukocyte count. 

. 

 

 

Figure 3.16 Correlation between tumor growth, immune cell population, and an expression 

of immune checkpoint proteins. 

The tumor volume of each mouse were correlated with the (A) population of CD4+ FoxP3+ reg-

ulatory T cell (Treg) and CD8+ IFNγ+ cytotoxic T cell (IFNγ), (B) mean fluorescence intensity 

(MFI) of IFNγ and PD-1 in CD8+ T cell, (C) MFI of CTLA4 in CD4+ T cell, (D) MFI of 
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CTLA4 in Treg, (E) MFI of CTLA4 in CD8+ cytotoxic T cell, and (F) MFI of CTLA4 in CD8+ 

IFNγ+ activated T cell. 

 

3.5 Conclusion 

The biolayer interferometry results indicate that the computationally predicted binding af-

finity value is reliable and that our de novo peptide design algorithm can be helpful in designing 

inhibitory peptides for disease-related proteins that can be used as therapeutics.  
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4.4 Abstract 

Although effective vaccines have been developed against SARS-CoV-2, many regions in 

the world still have low rates of vaccination and new variants with mutations in the viral spike 

protein have reduced the effectiveness of most available vaccines and treatments. There is an ur-

gent need for a drug to cure this disease and prevents infection. The SARS-CoV-2 virus enters the 

host cell through protein-protein interaction between the virus’s spike protein and the host’s An-

giotensin Converting Enzyme (ACE-2). We have designed a 17-residue peptide, using protein de-

sign software and molecular dynamics simulations, that binds with the spike protein receptor-bind-

ing domain (RBD) and blocks interaction of spike protein with ACE-2. We have confirmed the 

binding activity of the designed peptide for the original spike protein and the Delta variant spike 

protein using micro-cantilever and bio-layer interferometry (BLI) based methods. 

 

4.5 Introduction 

A new infectious respiratory disease was reported in Wuhan, China, in December 2019.1 

The virus causing this disease was identified as a novel coronavirus and termed as COVID-19 by 

the WHO. This virus has become a threat to global public health and the economy. As of today, 

more than 453 million people are infected, and 6 million deaths are reported due to this worldwide 

pandemic.2 This disease continues to cause disability and death across the globe, even after effec-

tive vaccines have been developed against SARS-CoV-2. Additionally, vaccination is less effec-

tive for immuno-compromised patients.3 Cases of reinfection in patients who had fully recovered 

from COVID-19 have been reported.4,5 Antibodies against SARS-CoV-2 seem to have a short life 

span, and the titer decreased in few months after the onset of symptoms.6 An inconsistency in the 
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ability to produce effective antibodies against the spike protein has been observed in various pa-

tients.7,8 An effective antiviral drug could complement vaccination and be a powerful tool in the 

continuing fight against COVID-19.9  

 

The virus causing COVID-19 exhibits 80% sequence similarity with SARS-CoV, a virus 

that emerged in 2002–2003, which is why the virus has been dubbed SARS-CoV-2.10 These coro-

naviruses enter the host cells by binding to the Angiotensin Converting Enzyme (ACE2), a receptor 

protein on surface of human cells. The receptor binding domain (RBD) of the prominent viral spike 

protein is responsible for this binding.11 The spike protein of SARS-CoV-2 has evolved to bind 

ACE2 with high affinity and is an important factor in its high contagiousness.12 X-ray crystallog-

raphy of  the complex between the SARS-CoV-2 spike protein and ACE2 has revealed some of 

the key amino acid residues where the ACE2 protein binds and provides valuable information 

needed to design therapeutic drugs that can block the spike protein surface, preventing entry of the 

of coronavirus into the host cell.13  

 

Several small drug molecules have been predicted to target the spike protein RBD by com-

putational studies. 14,15 However, small molecules are, by their nature, too small to occupy the 

entire portion of the RBD surface that forms the interface with ACE2 (Fig. 4.1A). Synthesis of 

custom peptides has become routine and commercialized, while synthesis of novel conventional 

small-molecule drugs remains specialized.16,17 Previous studies have reported that linear therapeu-

tic peptides based on the human ACE2 alpha-1 helix have been shown to have an inhibitory effect 

on the interaction between ACE2 and the spike protein RBD.18,19 However, linear peptides have 

poor conformational and proteolytic stability. Linear peptides are typically quite flexible and, 
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therefore, the entropic cost for adopting a more restricted conformation when bound to the target 

is high.20 The introduction of chemical crosslinks in the peptide, referred to as staples, helps to 

maintain the bound conformation and reduce the entropic cost for binding. Some stapled peptides 

that bind to the SARS-CoV-2 spike protein have been developed, but they did not prevent virus 

internalization into host cells.21 None of the work has discussed the effect of the designed peptides 

on the variants of the spike protein. These studies also did not address the Delta and Omicron 

variants of SARS-CoV-2, which have significantly mutated spike proteins that are less sensitive 

to host antibodies from recovered or vaccinated individuals.17,18  

 

 This study presents the de novo computational design of a stapled peptide and evaluation 

of its binding activity with the spike protein RBD and those of variants by molecular simulation 

and label-free binding techniques like micro-cantilever and bio-layer interferometry. 

 

 

4.6 Materials and methods 

4.6.10 Peptide modeling  

We analyzed the x-ray structure of the complex between the receptor-binding domain of the spike 

protein and the ACE2 protein (PDB ID: 6LZG).  To make peptide template, a fragment containing 

residues 26 to 42 were extracted from the ACE2 protein using VMD version 1.9.4 (Fig. 4.1B).22  

 

4.6.11 Flexible docking of template peptide with Spike protein RBD and sequence 

optimization 

Flexible peptide docking was performed using the FlexPepDock module of the Rosetta 

molecular modeling suite.23 Low energy conformations of the template peptide on the surface of 
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spike protein RBD were generated.  Based on energy score and root mean square deviation 

(RMSD) from the initial conformation, out of 500, around 3–5 peptide poses were selected for 

sidechain and sequence optimization. The optimization algorithm iterates between a conforma-

tional optimization phase, where it attempts to find the lowest energy conformation of the 

sidechains, and the design phase, where the algorithm applies the substitution of user-defined res-

idues that attempt to lower the energy of optimized conformation. The conformational optimiza-

tion phase includes rotational and translational movement of the entire peptide while keeping the 

carbon backbone fixed. 24–26 

 

4.6.12 Bio-molecular system preparation 

All the receptor protein models were built from the x-ray crystal structure of the spike 

protein RBD and human ACE2 complex (PDB ID:6LZG). All structures were parameterized using 

the CHARMM36m force field27 and input generator module of the CHARMM-GUI webserver.28 

Glycosylation was performed, and disulfide bonds between residues 379–432; 488–480; 391–525; 

336–361 were added. Models of spike protein RBD variants Alpha, Beta, Gamma, and Delta were 

generated by making the mutations N501Y; K417N, E484K, N501; K417T, E484K, N501 and 

E484Q, L452R respectively. The peptide structures with the optimized sequence were added to 

the appropriate binding site on spike protein RBD using ZDOCK, a protein-peptide docking algo-

rithm.29 The each protein-peptide complex was solvated using ≈9000 molecules of water (TIP3P 

water model), and 150 mM of sodium chloride ions were added, with additional ions to neutralize 

the system30. The overall volume of the system was (80 Å)3, and the number of atoms was ≈50,000. 
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4.6.13 Molecular dynamics simulation and MMGBSA calculation to estimate 

binding free energy  

All molecular dynamics simulations were performed in the NPT ensemble using the pro-

gram NAMD version 2.13, where a Langevin thermostat was applied to maintain a temperature of 

310 K and the Langevin piston barostat algorithm was used to maintain a pressure of 1 standard 

atmosphere.31–33 Interatomic forces were defined by CHARMM36m force field. The Lennard–

Jones interaction between pair of atoms calculated using a smooth 10–12 Å cut off distance and 

electrostatic interaction measured using Particle Mesh Ewald (PME) using 1.2 Å grid space.30,31 

Energy minimization for each system was performed for 1 ns and followed by a production simu-

lation for 2 μs without applying any restraints on the atoms. The NAMD Colvars module was 

applied to terminate the MD simulation if the conformation of the peptide changed more than cut 

off value (RMSD > 15 Å) from the bound state.36 At every 200 ps, the configuration of the bio-

molecular system was collected for further analysis.   

 

 The binding free energy for frame of the MD simulation for each system was estimated 

using molecular mechanics generalized Born surface area (MMGBSA)37,38 method as described in 

Eq. 4.1. The implementation of this method involves an implicit solvent with a dielectric constant 

of 78.5 and a surface tension of 0.00542 kcal/(mol Å2) to calculating the solvation free energy of 

the extracted protein, peptide, and protein-peptide complex for each frame of the MD trajectories.  

 

∆𝐺binding
GBSA = ∆𝐺protein:peptide

GBSA − ∆𝐺protein
GBSA − ∆𝐺peptide

GBSA   

Equation 4.1 Binding free energy. 
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4.6.14 Stapling of better performing peptides to maintain the favorable binding 

conformation 

Peptides were shortlisted based on the MMGBSA score. The most favorable configuration 

of the peptides was extracted. To maintain this most favorable conformation, sidechains that are 

away from the binding interface were selected for the i + 4 stapling process. Selected sidechains 

of aliphatic amino acids were linked using propane. Side chains of charged residues were con-

nected using extra peptide bond. The stapled peptide was parameterized using CHARMM36m 

force field.39 MD simulations and MMGBSA calculations were performed for each system of sta-

pled peptide and spike protein RBD.  

 

4.6.15 Absolute binding free energy calculation by geometric route  

The configuration corresponding to the lowest MMGBSA energy was extracted and used 

as an input for the Binding Free Energy Estimator (BFEE) plugin of VMD version 1.9.4.40 BFEE 

subdivides the binding free energy calculation into different sub-processes (Table–4.1). The key 

idea is that calculating the free energy for unbinding the peptide is much more efficient if artificial 

restraints are applied to the conformation and orientation of the peptide relative to the receptor.52 

In fact, the calculation is not feasible without these restraints. However, the restraints bias the 

result, so their effect must be calculated and removed to obtain the unbiased binding free energy. 

First, the free energy cost of adding these restraints to the bound peptide is determined by calcu-

lating a potential of mean force along each restrained coordinate using the extended adaptive bi-

asing force (eABF) method as implemented in the Colvars module.41,42 This comprises sub-pro-

cesses 1–6 in Table 4.2. Next the free energy of unbinding the restrained peptide is calculated 

(sub-process 7). The free energy gained by releasing the restraints for the unbound peptide in so-

lution are then calculated (sub-processes 8 and 9). Fewer MD simulations are needed to calculate 
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the effect of releasing the restraints because some can be computed analytically owing to the isot-

ropy of the unbound peptide in solution. The absolute binding free energy is calculated using Eq. 

4.2. 

∆𝐺binding
0 = 𝑘B𝑇 ln 𝐶0  

𝐾eq = exp {−𝛽(∆𝐺𝑐
site + ∆𝐺0

site + ∆𝐺𝛼
site − 𝑘B𝑇 ln (𝑆∗𝐼∗𝐶0) + ∆𝐺0

bulk + ∆𝐺𝑐
bulk)} 

where 𝐶0 =
1

1660.539
Å−3 is the standard 1 mol/L concentration. 

 

 

Equation 4.2 Binding free energy calculation by the explicit-solvent geometric route. 

 

Table 4.1  Sub-processes to calculate an entropic contribution involved in the protein-peptide 

association. 

 

Stage System Free-Energy Term Degree of freedom 

1 protein-ligand ∆𝐺conform RMSD of peptide in bound form.  

2 protein-ligand ∆𝐺Ө Movement of peptide in Euler angle 

(Ө) with respect to protein 

3 protein-ligand ∆𝐺φ Movement of peptide in Euler angle 

(𝜑) with respect to protein 

4 protein-ligand ∆𝐺ψ Movement of peptide in Euler angle 

(𝜓) with respect to protein 

5 protein-ligand ∆𝐺θ Movement of peptide in Polar angle 

(𝜃) with respect to protein 

6 protein-ligand ∆𝐺ф Movement of peptide in Polar angle 

(ф) with respect to protein 

7 protein-ligand −𝑘B𝑇 ln (S∗I∗C0) Separation of the peptide from pro-

tein 

8 ligand only ∆𝐺conform
unbound RMSD of the peptide in unbound 

form. 

9 ligand only ∆𝐺Өфᴪ
unbound Angular movement of unbound 

peptide. (calculated analytically) 
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4.6.16 Binding confirmation of the designed stapled peptide by the micro-cantilever 

method  

We purchased silicon cantilevers from Nanoworld Inc. and the SARS-CoV-2 spike protein 

RBD, the antibody for the spike protein RBD and influenza H1N1 hemagglutinin protein were 

procured from Sino Biological Inc; and 1-Ethyl-3-(3-dimethyl aminopropyl) carbodiimide and 

sulfo-NHS from ThermoFisher Scientific. The designed stapled peptide was commercially synthe-

sized from LifeTein LLC. The cantilever tips were plasma cleaned before immobilization. The 

microcantilevers were covalently immobilized by EDC-NHS chemistry using 100 µM of the de-

signed staple peptide (referred to as Pep39) prepared in PBS and 0.05 % BSA (pH = 7.4) solution.43 

The immobilized micro-cantilevers were brought into a microfluidic chamber containing the spike 

protein RBD. Antibodies to the spike RBD protein and the influenza H1N1 hemagglutinin protein 

(1 µg/ml each) were used as positive and negative controls, respectively. All experiments were 

conducted on a Bruker Bioscope Resolve liquid imaging system at a constant temperature, and 

cantilever deflection was measured using an in-built optical detector.  

 

4.6.17 Binding assay by the Bio-Layer Interferometry 

The biotinylated recombinant SARS-CoV-2 spike protein RBD with His-tag, recombinant 

SARS-CoV-2 spike B.1.617.2 with His-tag and recombinant human ACE-2 protein were pur-

chased from R&D Systems, Inc. High precision streptavidin (SAX) and anti-penta-His (high pre-

cision streptavidin (SAX) ) biosensors obtained from the Sartorius Corporation. A solution of the 

spike protein at a 1 μg/ml concentration was loaded onto the corresponding hydrated biosensors. 

Each labeled biosensor was placed in different molar concentrations (120, 48, 24, 4.8, and 0.48 

μM) of Pep39, and association was measured for 120 seconds and followed by dissociation with 
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PBS for 120 seconds. PBS buffer alone and 44 μg/ml human ACE-2 protein were used as a refer-

ence and a positive control, respectively. Experimental association and dissociation constants from 

all experiments were globally fitted using a 1:1 binding model to measure the dissociation constant 

Kd using the built-in software BLItzPro version 1.1. All binding assays were performed on the 

FortéBio BLItz instrument. 

 

4.7 Results and discussion 

4.7.10 Selection of the starting template for the peptide design 

The experimentally determined x-ray crystal structure of the spike protein RBD and ACE2 

protein complex (PDB ID: 6LZG) provided a high-resolution atomic model (2.50 Å). The α1–

helix of the hACE2 protein occupies a long and flat interface of the spike protein RBD, which is 

reported to have an area of around 225 Å2.45 Residues Thr27, Phe28, Lys31, His34, Try41 and 

Lys353 of ACE2 protein were identified as key residues using KFC2, the knowledge-based pro-

tein-protein interface prediction webserver web-server (Fig. 4.1A).13,44 Hence, residues 26 to 42 

from the α1–helix of the hACE-2 can provide an appropriate starting template. (Fig. 4.1B). 

 
 

Figure 4.1 Template selection. 
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(A) The crystal structure of the spike protein RBD and ACE2 protein complex (PDB ID 6lzg): The 

spike protein RBD (grey surface) and its key residues (brown labels) interacting with amino acids 

(green labels) of the ACE2 protein (green ribbon). (B) A fragment of the ACE2 protein containing 

amino acid numbers 26–42 was selected as a template for the peptide design. 

 

4.7.11 Docking and sequence modification to optimize peptide 

We applied the structure based FlexPepDock protocol to design a peptide that binds the 

spike protein RBD. FlexPepDock performs a large-scale search of the backbone conformational 

space. We selected poses that were both low energies according to Rosetta and had structural sim-

ilarity with the template peptide to create a peptide that binds to the RBD in the same location as 

the α1–helix of hACE2 protein.  The poses were selected by plotting the docking score vs. RMSD 

(Fig. 4.9). To increase the affinity of selected poses for the spike protein RBD, we applied a protein 

design protocol of Rosetta that performs sidechain and rotamer optimization to make the estimated 

binding energy more favorable. The selection of amino acids for substitution was unbiased (all 20 

canonical proteinogenic amino acids were available). Although multiple rounds of optimization 

gave a variety of sequences, certain positions on the peptide favored particular residues. For ex-

ample, the initial backbone structure was consistent with only proline and glycine at the 8th and 

10th positions, respectively. The 2nd, 12th, 13th, and 14th positions were dominated by hydrophobic 

residues. Fig. 4.2 shows the occurrence of residues at each position in the peptide. 46 

 

 
Figure 4.2 The plot of probabilities for occurrence of amino acids at specific positions in the 

designed peptides 
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The graphical representation of the frequency of residues at specific position on the peptide.  The 

height of symbols represents the relative frequency for the occurrence of that residue at the 

corresponding position. 

 

4.7.12 Estimation of the binding free energy of optimized peptides  

We performed all-atom explicit solvent molecular dynamics simulations for 41 optimized 

peptide structures with the spike protein RBD. We set up the simulations such that a simulation 

would terminate if the peptide structure deviated (in RMSD of Cα atoms) more than 15 Å from 

the starting configuration. We then estimated binding free energy calculation for all simulations 

by the MMGBSA method. The simulated time for which the peptide remained bound (RMSD < 

15 Å) was more correlated with the MMGBSA estimation of the binding free energy than the score 

assigned by the Rosetta. (see Appendix C). The Rosetta scoring system uses empirical methods, 

and entropy components have not incorporated. These results in the undesirable folding of opti-

mized peptides and the binding affinity may change.25,47–50 

 

4.7.13 Effect of stapling on the backbone conformation of the peptide  

Based on the MMGBSA score we shortlisted nine out of 41 optimized peptides. For all 

cases, the most favored conformation (according to the GBSA free energy function) of the peptide 

was completely changed from the starting conformation (Fig. 4.8). To maintain the α-helical struc-

ture of the peptide and presumably reduce the entropic cost of binding, we added a propene staple 

between Val13 and Ser17, and covalently linked the carboxylic acid group of Asp14 (after making 

a E14D mutation) to the primary amine of Lys10 creating an amide linkage (Fig. 4.3). We then 

performed an MD simulation followed by an MMGBSA calculation. Similar stapling strategies 

were applied to the other shortlisted peptides. Almost all the stapled peptides exhibited greater 
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conformational stability and stayed longer in bound state. In almost all cases, the MMGBSA bind-

ing free energy was more favorable for the stapled version than for the unstapled version. (see 

Appendix D).  

 
Figure 4.3 Favorable conformation of the optimized peptide on the spike protein RBD. 

The pose of an optimized peptide (green cartoon) having the most favorable GBSA free energy on 

the spike protein RBD (gray surface).  Some residues whose sidechains did not make contact with 

the protein were stapled (green labels), so as to improve the conformational stability of the peptide 

while not interfering with its interactions with residues of the spike protein RBD (black labels). 

 

4.7.14 Conformational flexibility of the receptor-bound peptide in the stapled and 

unstapled form  

We have analyzed the MD simulation trajectories for the stapled and unstapled versions of 

peptides in the presence of spike protein RBD and measured the deviation in atomic positions 

between the stapled and unstapled peptides relative to the structure of the unstapled peptide with 

the most favorable ∆𝐺binding
GBSA . The stapled peptides in the bound state exhibit higher rigidity and 

lower mobility compared to their unstapled versions. A comparison of RMSD for the stapled pep-

tide pep39 and its corresponding unstapled version is shown in Fig. 4.4. 
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Figure 4.4 Conformational stability of the designed peptide. 

Deviation in the atomic positions of the stapled and unstapled versions of the peptide pep39 on the 

surface of spike protein RBD. The RMSD is taken with respect to the stapled structure with the 

most favorable GBSA binding free energy (t ≈ 870 ns). 

 

4.7.15 Absolute binding free energy calculation for the designed stapled peptide 

The MMGBSA calculation gives an estimate for the binding affinity of the designed sta-

pled peptide for the spike protein RBD. However, we did not include the contribution from the 

conformational entropy and uses a continuum approximation for the hydration free energy, rather 

than explicit water molecules.51  Hence, to validate the binding affinity of the stapled peptide, an 

absolute binding free energy calculation by the geometric route was carried out using the BFEE 

plugin of VMD84. The BFEE method explicitly includes the effects individual water molecules 

and is more rigorously derived from statistical mechanics than the MMGBSA method. It has also 

been demonstrated to yield better agreement with experiment.52 The BFEE method includes en-

tropy contributions, including conformational entropy of the peptide and configurational entropy 

of hydrating water molecules; however, for this reason, it requires extensive sampling of these 
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degrees of freedom to yield correct results. This makes BFEE calculations computationally expen-

sive. Based on their MMGBSA score, we shortlisted 4 stapled peptides out of 15 and ran BFEE 

calculations. An eABF calculation for each sub-process was run, and the overall simulation length 

was more than 3.0 μs for all stapled peptides. The results obtained from the potential of mean force 

(PMF) calculations are given in see Appendix D. Here, we will discuss the best performing stapled 

peptide that is (pep39) in further detail. 

The contribution of each sub-process for absolute binding free energy is given in Table–

4.1.  The unbound stapled peptide does not always maintain the α-helical structure when unbound, 

while this structure is stable when the bound to the spike protein RBD. These results are corrobo-

rated by the RMSD analysis (performed for the conventional MD simulation) of the configuration 

of the stapled peptide in bound and unbound form (Fig. 4.10). An analysis of the PMF values 

computed from independent portions of the simulations for sub-process 2 to 7 show that they are 

well converged. Although the eABF calculations for sub-processes RMSD bound and RSMD un-

bound were ran for 1 and 3 μs respectively, PMF values did not appear to converge well (Figure–

4.12). This suggests that the estimation of conformational free energy of flexible macromolecules 

like peptides and proteins by computation methods remains a challenging task. This demands fur-

ther improvement in the computational techniques to measure the contribution of the RMSD of 

bound and unbound peptide ligand in the free energy calculations.53–55  

 

Table 4.2 The contribution of sub-processes in the absolute binding free energy calculation. 

 

Sub-process Free-Energy Term PMF 

(kcal/mol) 

Simulation 

time (ns) 

1 ∆𝐺conform −17.94 1100 

2 ∆𝐺Ө −0.25 18 

3 ∆𝐺φ −0.22 18 

4 ∆𝐺ψ −0.21 17 

5 ∆𝐺θ −0.09 19 
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6 ∆𝐺ф −0.11 16 

7 −𝑘B𝑇 ln (𝑆∗𝐼∗𝐶0) −29.03 1181 

8 ∆Gconform
unbound +14.75 2963 

9 ∆GӨфᴪ
unbound +6.80 – 

 Total    ∆Gbinding
0  −26.32 5332 

 

4.7.16 Interaction of the designed stapled peptide pep39 with the spike protein RBD 

We designed peptides to target key residues of the binding site on the RBD like Lys417, 

Leu455, Phe490, Gln493, and Tyr505 on RBD.56 An analysis of unbiased MD simulation trajec-

tories for pep39 bound to the spike protein RBD shows that the pep39 occupies the region where 

the host protein ACE2 binds. Fig. 4.11A shows the distance of pep39 from the binding site (con-

sisting of residues Trp353, Arg403, Lys417, Asn439, Val445, Leu455 Phe456, Gln493, Asn501, 

and Tyr505) is less than 3 Å for almost 1700 ns of MD simulation. Some important interactions 

between pep39 and RBD are shown in the 3-dimensional view in Fig. 4.11B. These include a 

hydrogen bond between the indole NH hydrogen of Trp9 and the sidechain amide oxygen of 

Gln493 of the spike protein RBD (Fig. 4.5A). A π–π interaction between the aromatic rings of the 

Phe12 of pep39 and Phe490 of the spike protein (Fig. 4.5B) is also present for more than 500 ns 

out of 2000 ns of the simulation. The hydrophobic interaction between the aliphatic side chain of 

Val8 and aromatic ring of Phe490 of the spike protein was maintained for the almost entire simu-

lation (Fig. 4.5C). Hence Phe490, one of the key residues in the binding site, was engaged with 

pep39 throughout the simulation. Overall, pep39 blocks the spike protein RBD surface where 

ACE2 protein binds.  
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Figure 4.5 An atomic interaction between designed stapled peptide and spike protein RBD. 

(A) H-bond involving the indole nitrogen of Trp9 and the sidechain amide oxygen of Gln493. (B) 

A π–π stacking interaction between Phe12 of pep39 and Phe490 of spike protein RBD. (C) The 

hydrophobic interaction between the aliphatic sidechain of Val8 and the aromatic ring of Phe490 

of the spike protein RBD. 
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4.7.17 Experimental confirmation of the binding activity of the designed stapled 

peptide pep39 

4.7.17.1 Micro-cantilever-based method  

On the basis of the deflection of the micro-cantilever, we were able to confirm the binding 

of pep39 on the surface of the spike protein RBD. The method involves the real-time monitoring 

of microcantilever bending (deflection) resulting from surface stress induced by a specific protein-

protein interaction on the cantilever surface.57,58 The maximum deflection (signal) achieved was 

33.27 nm for a 1 μg/ml target concentration, whereas the minimum signal of 8.46 nm  was observed 

for the lowest concentration of the target analyte (1 ng/ml). For the positive control (anti-spike 

protein antibody), a target concentration of 1 μg/ml was used, and we observed a maximum de-

flection of 81.88 nm. For the negative control, as expected, we measured the lowest deflection, 

4.71 nm, which is not significant and can be considered as noise (Figure–4.6A). 

 

4.7.17.2 Bio-layer interferometry method  

BLI analyses the interference pattern of white light reflected from a biosensor tip with 

conjugated with protein molecules and an internal reference surface.59,60 The binding kinetics be-

tween the protein and peptide molecules are measured in real-time by detecting the shift in the 

interference pattern of the white light caused by binding and unbinding events at the surface of the 

protein immobilized biosensor tip. Human recombinant ACE2 was used as a positive control to 

validate the biosensor tip. In agreement with the previous reports, our BLI analysis has demon-

strated a dissociation constant of 9 nM for binding between the spike protein RBD and ACE2 .61,62 

Concentrations of 120, 48, 24, 4.8, and 0.48 μM for pep39 were used to study binding activity with 

biotinylated recombinant SARS-CoV-2 spike protein RBD immobilized on high precision strep-
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tavidin (SAX) biosensor tips (Figure–4.6B). The results were globally fit to determine the disso-

ciation constant. The binding assay demonstrated that the pep39 binds to spike protein RBD with 

KD value of 570 ± 50 nM using BLItz Pro version1.1 software. 

 

 

 
Figure 4.6 Binding kinetics study of the designed stapled peptide pep39 and the spike protein 

RBD. 

(A) The deflection curve for the peptide pep39 immobilized on the cantilever in response to 

different concentrations of SARS-CoV-2 spike protein. Anti-S1 antibody served as a positive 

control and H1N1 protein, as a negative control. (B) The association and dissociation between 

immobilized spike protein RBD and different concentrations of pep39. Recombinant human ACE2 

protein used as a positive control and PBS buffer as a reference blank. 

 

4.7.18 Effect of pep39 on variants of the spike protein  

Like other RNA viruses, new variants of SARS-CoV-2 are emerging due to mutations. 

Variants with the mutations in the spike protein are major health concerns and alarming because 

they are more transmissible and capable of evading the immune response.63 Some variants like 

B.1.1.7 (Alpha), B.1.351 (Beta), P.1 (Gamma), and B.1.617.2 (Delta), which were first found in 

the United Kingdom, South Africa, Brazil, and India, respectively, were designated as variants of 

concern (VOC) by WHO.64–66  To evaluate the effect of pep39 on the VOCs, we performed almost 
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2 μs long MD simulations and MMGBSA calculation. Our designed stapled peptide pep39 stays 

bound with all VOCs for the entire length of the simulation with significant binding affinity (Ta-

ble–4.2).  Among all VOCs, the Delta variant caused a major  wave of COVID-19 pandemic.67–71  

Rui Wang et al. demonstrated that the Delta variant would be a vaccine breakthrough variant due 

to its ability to disrupt the antibody-RBD complexes using a computational study.71  We performed 

BLI analysis to confirm the binding activity of pep39 with spike protein Delta variant. Because 

the Delta variant contains mutations in the N-terminal domain (NTD) and the receptor-binding 

domain (RBD), we immobilized the complete spike protein Delta variant B.1.617.2 which has both 

subunits. 72 The BLI assay reported that the ACE2 protein binds to spike protein delta variant 

B.1.617.2 with KD 120 pM. As expected, the dissociation constant for the interaction of ACE2 and 

Delta variant is more favorable for binding than the wild-type spike protein. Our results with the 

positive control agreed well with previous studies.73 To evaluate binding activity of pep39 with 

the spike protein Delta variant, we used a broad range of pep39 concentrations (375, 187, 93, 46, 

25, 5  and 500 μM), and the data were globally fit to determine the dissociation constant. The 

binding assay demonstrated that the pep39 binds to spike protein Delta variant with an affinity of 

4.1 ± 1.4 μM using BLItz Pro version 1.1 (Fig. 4.7). 

 

Table 4.3 MD simulation of pep39 with spike protein RBD variants and resultant MMGBSA 

binding free energy. 

 

 

 

 

 

 

 

Sl. 

No 

Spike protein RBD 

Variants 

MD Simula-

tion Run 

time (ns) 

Rough Estimate of 

Binding Energy by 

MMGBSA (kcal/mol) 

1 Alpha 1866 -41.798 ± 0.076 

2 Beta 1845 -37.215 ± 0.095 

3 Gamma 1759 -37.700 ± 0.085 

4 Delta 2000 -41.295 ± 0.128 
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Figure 4.7 Binding kinetics study of the designed stapled peptide pep39 and Delta variant 

spike protein. 

The association and dissociation between immobilized delta variant spike protein and various 

concentrations of the designed stapled peptide pep39. Recombinant human ACE–2 protein used 

as a positive control and PBS buffer as a reference blank. 

 

In previous studies, computational models of some anti-microbial peptides, cell-penetrat-

ing peptides conjugated with FDA-approved drugs, de novo design of peptides, and lipopeptides 

were described to prevent the entry of SARS-CoV-2, but experimental validation remains to be 

reported.74–79 Danielle et al. have reported binding activity of stapled peptides based on the ACE2 

α1 helix, but designed peptides didn’t prevent virus internalization.21 Curreli et al. also used a 

similar strategy to design double stapled peptides; their peptides showed activity in the range of 

IC50 1.9 – 4.1 μM, but effects on the spike protein variant have not been reported yet.80 A bio-

chemically modified ACE2-targeting peptide derived from the spike protein showed significant 

inhibitory activity against ACE2 and spike protein association.81 Protein decoys, synthetic anti-

bodies, and nanobodies have been explored to target the epitopes on the spike protein and achieved 

desirable binding affinity and neutralization effects.82,83 Recent reports claims picomolar binding 
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affinity of a synthetic antibody with the spike protein and its variants. Prophylactic and therapeutic 

effects were reported in the laboratory animals.73  

 

These reports suggest, to inhibit the interaction between the spike protein and ACE2, a mac-

romolecule is required as a drug. However, the production cost is the major limitation for antibod-

ies and other macromolecular therapeutics and affordable options need to be explored.  Our de-

signed peptide exhibited a weaker binding affinity (500 nM for original spike protein RBD and 

4.1 μM for Delta variant) compared with some reported macromolecules, but still, this affinity is 

considerable. There is scope for further improvement in the peptide design algorithm. 

 

4.8 Conclusion 

Due to rapid mutation of SARS-CoV-2 and limitations of vaccination for immunocompetent 

patients, there is an urgent need for anti-SARS-CoV-2 therapeutics. The availability of an afford-

able drug is required to treat patient that belong to the lower income categories. The presented 

computational calculations and binding experiments confirm that our designed stapled peptide 

pep39 binds to the original spike protein and its Delta variant with considerable binding affinity 

and could be considered as a potential candidate for the COVID-19 therapeutics to end this pan-

demic. 
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4.11 Additional information 

 

 

 

Figure 4.8 Starting configuration and the most favorable pose of the optimized peptide. 

(A)The starting configuration of the best performing peptide with optimized sequence. (B) The 

same peptide in its the most binding favorable conformation (according to the GBSA free energy 

function). 

 

 
Figure 4.9 The docking score versus RMSD plot for the poses of template peptide on the 

spike protein RBD surface. 

 



 

91 

 

 
Figure 4.10 RMSD of the stapled peptide pep39 in bound and unbound form from a 

reference structure with the lowest GBSA free energy. 

 
Figure 4.11 Designed cyclic peptide pep39, block ACE–2 binding site of spike protein RBD. 

(A) Distance of peptide from the ACE-2 binding site on the spike protein RBD. (B) An interaction 

between designed peptide and spike protein RBD in 3D view.  
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Figure 4.12 Estimated PMF values for each sub-process of absolute biding free energy calculation. 

Sub-process is (A) RMSD of peptide in bound form, Movement of peptide in (B) Euler angle Ө, (C) 
Euler angle 𝝋, (D) Euler angle 𝝍, (E) Polar angle 𝜽, (F) Polar angle ф with respect to protein, (G) 
Separation of peptide from protein and (H) RMSD of peptide in unbound form. 
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 Manipulation in the sequence of the template peptide 

targeting CTLA4 protein. 

 

Manipulation in the template peptide sequence cyc(CIIHHKKPTGMIRIHQC) at its selected poses 

with post and pre optimization score, binding free energy by MM-GBSA and BFEE, a rigorous 

method. 

Sr. 

No. 
Sequence 

Optimization Score Duration of 

MD  Simula-

tion (ns) 

Free Energy 

by MMGBSA 

Free Energy by 

BFEE 

Pre de-

sign 

Post de-

sign 
(kcal/mol) (kcal/mol) 

1 Cyc(ECRYEPRPEGNILVSYS)  186.49 170.67 660.2 -22.67 ± 0.18 +2.61± 1.42 

2 Cyc(SIVTKLTPTGWVAASYS)  185.57 175.15 899.4 -26.40 ± 0.14 +3.51 ± 13.24 

3 Cyc(KVEFKRTPSGTITVSME) 176.95 165.86 12.8 -10.43 ± 0.64 N/A 

4 Cyc(KVVYEPKPEGNIVVEYE) 211.67 194.39 48.4 -12.42 ± 0.34 N/A 

5 Cyc(SAKFEPRPEGNIVVSYG) 202.6 200.6 134 -22.67 ± 0.24 N/A 

6 Cyc(EARYQPRPDGNVLVSYG) 204.99 206.02 254.6 -14.20 ± 0.19 N/A 

7 Cyc(SAKWNPKPEGAELIEEG) 226.5 222.82 16 -7.69 ± 0.67 N/A 

8 Cyc(SAEFIPTPDGNLLKSSG) 216.4 214.02 13.8 -8.79 ± 0.72 N/A 

9 Cyc(SIVVVLTPTGWVAASYS) 155.77 157.63 278 -26.94 ± 0.29 N/A 

10 Cyc(EIITKLTPTGWVAASYS) 156.02 157.61 86 -19.29 ± 0.35 N/A 

11 Cyc(SIEMELTPTGWVNKSSS) 159.12 157.96 44.2 -11.30 ± 0.33 N/A 

12 Cyc(SIITVLTPTGWVAAEFS) 154.32 155.7 1110.6 -32.76 ± 0.14 -10.21 ± 2.41 

13 Cyc(DIITILTPTGYVAAAYS) 152.66 154.02 395.6 -19.01 ± 0.18 N/A 

14 Cyc(SIITVLTPTGWVAAYYS) 153.1 155.36 1463.2 -23.31 ± 0.09 +5.11 ± 21.31 

15 Cyc(SIQCVLTPTGWVAARYS) 153.69 155.15 42.4 -23.59 ± 0.71 N/A 

16 Cyc(EIDTVLTPTGWVAKRYS) 152 153.85 2000 -22.30 ± 0.11 -12.58 ± 3.76 

17 Cyc(SIRMELTPTGWVAAEYE) 165.81 165.25 119.4 -18.47 ± 0.37 N/A 
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 Cyclization of peptide by disulfide bond.  

 
 

 

Manipulation in the template peptide sequence cyc(CIIHHKKPTGMIRIHQC) at its selected 

poses with pre and post-design, binding free energy by MM-GBSA and rigorous calculation.  

Sr. 

No. 
Sequence 

Optimization Score Duration of 

MD  Simu-

lation (ns) 

Free Energy 

by MMGBSA 

Free Energy 

by BFEE 

Pre de-

sign 

Post de-

sign 
(kcal/mol) (kcal/mol) 

1 Cyc(CIVHENRPEGLVRVHLC) 180.51 167.9 23.6 -5.16 ± 0.30 N/A 

2 Cyc(CVVFEPKPEGTEKVHEC) 218.12 211.6 74.2 -19.60 ± 0.53 N/A 

3 Cyc(CIIWEDQPNGKVCVHSC) 174.096 165.25 89.6 -10.99 ± 0.28 N/A 

4 Cyc(CVIEQYRPEGVVLIYEC) 182.95 172.16 578.8 -18.17 ± 0.14 +1.73 ± 4.84 

5 Cyc(CTVAIPLPDGKICVKSC) 167.7 160.96 59.6 -12.97 ± 0.32 N/A 

6 Cyc(CEVRKYSESGVIPIDSC) 177.21 176.28 106 -8.11 ± 0.27 N/A 

7 Cyc(CLITAASESGVYTIYEC) 172.99 169.36 4.6 -3.95 ± 1.03 N/A 

8 Cyc(CVLQQNAPEGIITIEEC) 159.66 161.89 28 -15.51 ± 0.94 N/A 

9 Cyc(CQITVPLPEGVVIVETC) 172.57 164.97 13.8 -5.66 ± 0.65 N/A 

10 Cyc(CLIVEYKPEGVEIIYEC) 191.79 191.78 37.6 -7.90 ± 0.34 N/A 

11 Cyc(CSTKQNMPEGTVLIYSC) 180.703 181.63 5.8 -2.29 ± 0.85 N/A 

12 Cyc(CVVSQDRPEGTVLLYTC)  162.55 164.24 402.4 -13.20 ± 0.15 N/A 

13 Cyc(CVIAYAAPEGYILVTVC)  218.21 223.39 162.2 -19.03 ± 0.19 N/A 
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 Sequence optimization for the template peptide 

targeting Spike protein RBD. 

ID Sequence Pre-design 

score 

Post-design 

score 

MD Sim Run 

time (ns) 

Rough Estimate of Binding 

Energy by MMGBSA 

(kcal/mol) 

1 NSLKELTEKEATDKYYK -225.63 -232.95 66.6 +10.845 ± 0.586 

2 SIEELIKKNKKTIEKYK -77.33 -99.762 321 -17.274 ± 0.198   

3 EDLKKWAKQLEELKYK -228.43 -237.75 198 -24.442 ± 0.369 

4 YESLLRFLTKLKDDKYK -231.29 -240.42 67.4 -12.467 ± 0.396 

5 ATEEETKKAKAEDKKYK -226.55 -239.59 193.4 -14.902 ± 0.334 

6 EEYEKMLESLKELKHYK -81.938 -105.68 183.4 -29.737 ± 0.351 

7 YTFKEKTDHEATDKYYK -225.63 -230.47 13.6 -03.171 ± 0.669 

8 YTFEVKEKHKRDIEKYK -77.33 -91.879 164.6 -12.253 ± 0.322 

9 YTFLKKWAHQAEELKYK -228.43 -229.85 231.2 -36.851 ± 0.518 

10 YTFLEKFLHKLKDKKYK -231.29 -236.83 76.2 -12.328 ± 0.405 

11 YTFEAKVKHEQEDKKYK -226.55 -235.7 12.8 -05.877 ± 0.730 

12 YTFEAKKKHEEELRHYK -81.938 -92.738 1032.8 -28.023 ± 0.178 

13 SEDLAKWAETLERLKYK -231.87 -230.58 131.6 -21.556 ± 0.449 

14 NVEKRTKEAKAEDSHYK -234.67 -234.14 1572.2 -30.562 ± 0.164 

15 SIEELIKRLKKTEEKYK -219.99 -220.31 1148.6 -24.423 ± 0.131 

16 YDDLEKWKKQLEELKYK -232.34 -229.13 31.2 -10.648 ± 0.376 

17 EEEEKTKKILTELAKYK -215.51 -218.78 265.4 -24.564 ± 0.311 

18 STEDEEKKAKAEDSLYK -237.45 -238.36 165.8 -12.937 ± 0.340 

19 STDQEYKKAVEHDRKYK -232.84 -233.12 13.6 -07.521 ± 0.551 

20 PDDLKIWAQILLEAFYK -233.18 -232.02 2000 -34.147 ± 0.097 

21 SIEDKIKKAKAVVAKYK -228.34 -229.62 245.2 -18.212 ± 0.289 

22 QTQDEWKKAVEEEKKYK -233.95 -234.59 155.8 -29.358 ± 0.118 

23 STDDEKKKALAEDQQYK -233.02 -236.3 1039.4 -17.186 ± 0.152 
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24 SELEKALKALSSLSTYK -225.2 -230.04 351.8 -22.292 ± 0.182 

25 EEEEKKKTAKKELDTYK -220.7 -226.02 274.6 -25.472 ± 0.336 

26 YEELKKWAKTLEEAKYK -230.58 -228.17 239.4 -16.526 ± 0.170 

27 SLEDLIEEAKRKIEKYK -220.1 -219.24 371.2 -16.070 ± 0.169 

28 TFLEEWLKQKEELKLK -168.15 -172.52 2000 -28.882 ± 0.092 

29 TFLELWKRQAKDLRYK -178.7 -181.95 435.4 -21.133 ± 0.240 

30 TFLEKWLKQADDLKNK -172.51 -175.92 111 -22.651 ± 0.477  

31 DELEITADKLRQAMEK -231.04 -233.77 365 -14.595 ± 0.178 

32 DELEVLAEQLREALAK -226.87 -230.03 83.8 -15.091 ± 0.310 

33 DPWEIWAKLLKESRDK -233.1 -237.51 1421 -29.714 ± 0.085 

34 GTEWLYKVWKAFVENMS NA NA 1350.8 -29.688 ± 0.122 

35 STEWLKKVHWKFHAKFS NA NA 29.6 -03.422 ± 0.468 

36 GTEEIYKRWATVMKKKK NA NA 880.2 -11.344 ± 0.098 

37 GTEWLKKVWEAFVKNMS NA NA 189.4 -28.698 ± 0.335 

38 GTEEIYLWMVTVHKQKK NA NA 151 -17.313 ± 0.471 

39 STEYLKRIFWMFHEYES NA NA 342 -29.252 ± 0.217 

40 NVEKRTKEAKAEDSHYK NA NA 1253.8 -45.021 ± 0.153 

41 QTQDEWKKAVEEEKKYK NA NA 1014.12 -23.381 ± 0.116 

 

 

Optimized peptide sequences with pre and post-design score, length of the simulation and 

estimated binding free energy by MM-GBSA method.  
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 Stapling of optimized peptide sequences targeting Spike protein RBD. 

 

Sl. No ID Sequence 
MD Sim Run Time (ns) 

Rough Estimate of Binding Energy by MMGBSA 

(kcal/mol) 
Absolute Binding En-

ergy by BFEE 

(kcal/mol) Stapled Unstapled Stapled Unstapled 

1 Ngu-123 GTEWLKKVWDAFVKNMS 2000 189.4 -24.958 ± 0.063 -24.958 ± 0.063 NA 

2 Ngu-335 STDYLKRIFWMFHEYES 1547 342 -28.557 ± 0.106 -29.252 ± 0.217 NA 

3 Ngu-129 PDDLKIWAQILDEAFKK 2000 
2000.0 

-29.000 ± 0.072 
-34.147 ± 0.097 

NA 

4 Ngu-129a PDDLKAWAQALDEAFKK 371 -18.303 ± 0.144 NA 

5 Ngu-29* NVEKRTKEAKAEDAHYK 2000 

1253.8 

-33.970 ± 0.119 

-45.021 ± 0.153 

-05.02 ± 15.37 

6 Ngu-29a NVEKRTDEAKAEDAHYK 162 -14.611 ± 0.901 NA 

7 Ngu-29b* NVEKRTKEAKAEDSHYK 2000 -44.746 ± 0.122  -13.31 ± 01.63 

8 Ngu29c NVDKRTKEAKAEDAHYK 77.6 -12.620 ± 0.455 NA 

9 Ta-93* YTFLKKWAHQAEEAKYK 1398.8 198.0 -33.945 ± 0.151 -36.851 ± 0.518 -17.41 ± 03.10 

10 Ta-200 PDPWAIWAKLLKESRDK 18.2 1421.0 -13.137 ± 0.491 -29.714 ± 0.085 NA 

11 Ta-196 YTFDAKKKHEDELKHYK 415.4 1032.80 -21.832 ± 0.213 -28.023 ± 0.178 NA 

12 Ta-26 YAFLAEWLKQKDELKLK 189.8 2000 -29.407 ± 0.259 -28.882 ± 0.092 NA 

13 Ta-39*** GTEWLYKVWKAFADNMA 2028.8 

1350.8 

-33.936 ± 0.071 

-29.688 ± 0.122 

-26.32 ± 08.64 

14 Ta-39a GTEWLYKVWKAFADNMA 2000 -28.884 ± 0.055 NA 

15 Ta-39us GTEWLYKVWKAFADNMA 1222 -27.037 ± 0.076  NA 

 

Optimized peptide sequences with pre and post-design score, length of the simulation and estimated binding free energy by MM-

GBSA method. 


