
ABSTRACT 

TAPDIYA, ARPAN. Computational Design of Peptide ligands as Biosensors for Early Detection 
of Ovarian Cancer. (Under the direction of Dr. Carol K. Hall). 
 

Ovarian cancer (OvCa) diagnosis remains a challenge due to the lack of specific and 

sensitive methods for detecting the presence of OvCa cells in the body. This often leads to delayed 

treatment and poor prognosis. Approximately 72% of OvCa cases are diagnosed at advanced 

stages (II and beyond), with a corresponding 5-year survival rate of only around 31%. Early 

detection, however, provides a much brighter outlook, with 5-year survival rates exceeding 90% 

for localized cancers (stage I). Extracellular vesicles (EVs), particularly exosomes, are emerging 

as promising minimally-invasive biomarkers for OvCa diagnosis. EVs contain a variety of 

biomolecules that reflect the originating cell's state. Analyzing EV protein profiles allows for the 

identification of tumor-specific antigens, offering a potential tool for early cancer detection. 

We aim to computationally design peptide ligands as a novel approach to improve OvCa 

early detection. These peptide probes bind to transmembrane proteins like tetraspanins (CD81, 

CD9) and EpCAM, a biomarker of malignant OvCa-derived EVs. Peptide probes potentially offer 

various advantages over traditional antibody-based immunoassays: (1) their smaller size allows 

better sensitivity, and (2) the computational design minimizes cross-reactivity.  

Towards this goal, we employ PepBD (Peptide Binding design), a Monte Carlo-based 

algorithm developed in our lab that iteratively searches for peptide sequences with high affinity 

and specificity toward target OvCa EV membrane proteins. The top-scoring sequences (~10-20) 

identified through PepBD are further evaluated using explicit-solvent molecular dynamics 

simulations to assess binding affinity. This rigorous approach ensures the selection of highly 

specific peptide candidates. Our experimental collaborators are synthesizing the designed peptides 

and characterizing them for their binding affinity and selectivity toward the target proteins.  Using 



established biochemical techniques such as Bio-layer Interferometry and single EV imaging 

techniques, we aim to achieve high analytical accuracy and precision in EV identification and 

biomarker analysis. 
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1. Introduction 

Cancer is a major health problem, causing about 1 in every 6 deaths worldwide[1]. In 2020, 

cancer resulted in nearly 19.3 million new cases and almost 10 million deaths worldwide[2]. Cancer 

can be classified according to distinct stages (stages 0, I, II, III and IV) based on the extent of its 

spread from the primary organ. Of all the types of cancers, approximately 50% of the cancers are 

diagnosed at an advanced stage[3,4]. Advanced cancer (stage II and beyond) is very difficult to cure 

and control as the number of treatment options are limited. The five-year survival period for stage 

I cancers of different types varies from 70% to 90% but for stage IV cancer the five-year survival 

period drops down to 10% to 20%[3]. Worrying about the probability of losing one’s life and the 

economic burden of cancer treatment increases rapidly with the progression of the disease, 

exacting a huge toll on patients and their families. Clearly, the identification of cancerous tumors 

at an early stage is important.  

Currently, cancer diagnosis involves a multifaceted approach that integrates clinical 

evaluation with laboratory testing, imaging studies and other procedures. General laboratory tests, 

including blood work and urinalysis, provide insights into the body's biochemical and molecular 

makeup. Abnormal lab results, however,  are not a sure sign of cancer. Therefore, imaging 

techniques such as PET, MRI and CT scans, and surgical procedures such as biopsies, are generally 

needed to identify the type of cancer and its rate of progression. Though these methods are 

necessary to confirm the presence of a tumor, they have some drawbacks. Imaging methods help 

in identifying suspicious tissues in the body but, without biopsies or further investigation, one 

cannot be sure if the change in the body is caused by cancer.  Such tests are generally limited to 

identifying only large groups of cancer cells. By the time imaging techniques are used for 

diagnosis, the malignancy may have progressed to become a large tumor. Also, the cost of such 
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imaging techniques is often very high, making it less feasible for patients with limited resources.  

For example, the average cost of a full body CT  or PET scan is around $3275[5] or $5750[6],  

respectively, in the United  States. Tissue biopsies, though considered to be the “gold standard”[7]  

for cancer diagnosis, are limited by the amount of tissue sample that can be removed for 

examination. Tumor heterogeneity, i.e. the diversity of malignant cells that make up the tumor, 

may not be captured effectively in small biopsy samples[8]. This could lead to misdiagnosis or 

ineffective treatment, causing more harm than good. The option of removing a large tissue sample 

also carries a risk for the patient, such as bleeding, damage to surrounding tissues, and infections. 

Additionally, obtaining large samples might not always be feasible, especially in sensitive or hard-

to-reach areas of the body. Thus, to avoid complications and provide the ideal treatment options, 

it is best to detect cancer at an early stage.  

For early detection, understanding the underlying biology of cancer development and 

progression is essential. Biomarkers are measurable indicators that quantitatively capture the 

biological characteristics of different processes in the body[9]. These can be used as tools that help 

to predict the onset, cause, and progression of a disease, and the likely outcome of a treatment[10]. 

Many proteins have been recognized as critical biomarkers in cancer diagnostics. For example, 

EpCAM (epithelial cell adhesion molecule), a transmembrane glycoprotein, is found to be 

overexpressed in tumors associated with epithelial cells. Around 85% of the patients diagnosed 

with adenocarcinoma (malignant tumors formed from glandular structures in epithelial tissue) and 

72% of the patients with squamous cell carcinoma have high and consistent expression of 

EpCAM[11]. Another protein biomarker, EGFR (epidermal growth factor receptor), has been found 

to be associated with the progression of tumor cells[12]. Several methods such as liquid biopsies 
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and immunoassays have been developed to detect such biomarkers, thereby aiding in early 

detection of cancer.  

Liquid biopsies are lab tests done on a sample of a bodily fluid[13] (blood, urine, salvia) to 

look for (1) circulating tumor cells (CTCs)[14], (2) extracellular vesicles (EVs) which may contain 

molecular information from tumor cells[14], and (3) pieces of cell-free DNA (cfDNA) plausibly 

originating from cancerous cells[15]. Compared to tissue biopsies, liquid biopsies are minimally 

invasive, therefore reducing the risk of complications. They also are more accessible than tissue 

biopsies as the samples can be easily collected and analyzed. These can also be conducted multiple 

times, thereby enabling dynamic monitoring of a tumor[16].  Liquid biopsies, though, tend to have 

lower sensitivity and specificity to certain cancer types and biomarkers than tissue biopsies, 

potentially leading to false-positive or false-negative results, and therefore inaccurate diagnosis[17]. 

For example, prostate-specific antigen (PSA) is a biomarker to identify prostate cancer in the early 

stages. However, the PSA level fluctuates with age, prostate size, etc[18]. Thus, relying solely on 

liquid biopsies to measure PSA levels may yield incorrect results, potentially leading to 

overdiagnosis and overtreatment. Despite some limitations, ongoing research in cancer biomarkers 

and advancements in liquid biopsies make it an increasingly valuable tool for the early detection 

of cancer.  

Immunoassay is another analytical method based on biosensing that is used for early 

detection of cancer. It depends on antibody-antigen interactions, where it relies on the ability of 

antibodies to recognize and specifically bind to target antigen proteins, thereby making the 

antibodies biological recognition elements (BREs). With the integration of a signal transducer, the 

binding between antibodies and antigens generates analytical outputs such as optical signals like 

fluorescence and electrochemical signals like potentiometry[19]. These signals are subsequently 
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compared against standard curves or reference ranges to determine the affinity and specificity of 

antibody binding with the antigen. Immunoassays are simple, fast, and cost-effective, and can be 

extended to detect multiple biomarkers by using multiple BREs simultaneously[20]. Nonetheless, 

when using antibodies as BREs, controlling the quality of immunoassays can be challenging. 

Antibodies, due to their large size, may exhibit accidental cross-reactivity with non-targeted 

proteins, resulting in background noise in the analytical signals[21]. Variability in the binding 

affinity of antibodies is also observed, potentially leading to inconsistent and non-reproducible 

results[22]. 

Short peptides are appealing alternative biological recognition elements (BREs) that show 

promise of overcoming the challenges associated with traditional antibody-based assays[23]. Short 

peptides containing 8 to 15 amino acid residues offer several technical advantages over antibodies 

due to their small size. Immunoassays with short peptides have the potential to produce more 

robust and consistent results than antibodies, while minimizing cross-reactivity and variability[24]. 

Their small size enables them to be more densely bound to target proteins than antibodies, creating 

a multivalency effect for enhanced assay signals. Additionally, their low cost, ease of synthesis, 

and enhanced environmental stability make them highly attractive choices for biosensors[23]. 

Several methods have been developed to discover short peptides for their use as BREs. In-vitro 

methods such as phage display library screening[25] and enzyme-linked immunosorbent assay 

(ELISA)[20] have successfully identified short peptides that bind a particular target antigen. While 

these methods are powerful tools, they have certain disadvantages that limit their effectiveness. 

Phage display libraries may have limited library diversity due to constraints on library size and 

sequence complexity[26]. This restricts the number of peptide sequences that can be screened, 

thereby reducing the probability of finding high-affinity peptide binders. Phage display libraries 
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may also have a selection bias towards the peptide sequences that are more efficiently displayed 

on the phage surface[27].  

Computational design of peptides is a promising approach to discover short peptides with 

specific biological functions. This methodology leverages computer algorithms and simulations to 

predict and design peptides tailored for desired purposes, such as targeting disease biomarkers or 

modulating cellular pathways. One key advantage of computational design is the ability to rapidly 

explore vast sequence spaces and identify peptides with optimized properties[28]. Computational 

methods can thereby save time and resources, compared to traditional experimental methods. 

Additionally, advances in computational power and algorithms have significantly enhanced the 

accuracy and efficiency of peptide design, enabling researchers to tackle increasingly complex 

design challenges. Importantly, this in-silico approach can complement experimental techniques 

like phage display by guiding the selection of peptide candidates for further validation[29]. By 

integrating computational predictions with in-vitro methods such as phage display, researchers can 

streamline the peptide discovery process, leading to the development of novel therapeutics and 

diagnostic tools with enhanced efficacy and specificity[28]. 

In this study, we aim to utilize the Hall group’s computational peptide design algorithm, 

PepBD (Peptide Binding Design)[29–32] to discover synthetic peptide ligands that can detect cancer 

biomarkers. The discovered peptide ligands could serve as BREs for new biosensor devices to 

detect cancer at an early stage. We specifically focus on designing peptide ligands that recognize 

membrane proteins in extracellular vesicles. Extracellular vesicles (EVs) are relatively new targets 

for bioassays and have unique physical and biological traits[7]. Although initially considered as 

“cell dust”, and a means to dispose of cellular components,  they are now recognized as a 

circulating source of biomarkers for different diseases[33]. These vesicles carry molecular cargo 



   

6 
 

derived from tumor cells and are found circulating in readily accessible body fluids. With regards 

to cancer, tumor-associated EVs have been used effectively as biomarkers to define tumor type 

and stage of malignancy. They are generally classified into three groups based on their biogenesis 

and their sizes[7]: (1) exosomes (size 40 nm to 200 nm), (2) microvesicles (200 nm to 2000 nm), 

and (3) apoptotic bodies (500 nm to 2000 nm). Exosomes and microvesicles are carriers of 

membrane proteins such as tetraspanins like CD81, CD63, and CD9[34]. These tetraspanin proteins 

have emerged as effective biomarkers for detecting circulating EVs, leading to their widespread 

adoption in exosome identification, quantification, and characterization[7].  Tetraspanins belong to 

a superfamily of transmembrane proteins (about 230 to 300 residues) featuring 4 transmembrane 

alpha-helices and 2 extracellular domains: the larger extracellular loop (LEL) spanning 90 to 100 

residues, and the shorter extracellular loop (SEL) consisting of 20 to 30 residues[35] (for structure 

of a tetraspanin protein refer Figure 1.1). The larger extracellular loop (LEL) plays an important 

role in mediating protein interactions and facilitates various cellular processes, including cell 

adhesion, migration, and signaling[36]. The distinctive structural and functional attributes of the 

LEL domain highlight its potential as a prime target for various biomedical applications, ranging 

from diagnostics to therapeutics. 

Figure 1.1 Structure of tetraspanin protein CD81. 
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We employed the PepBD algorithm to design synthetic peptide ligands that have a specific 

affinity for the LEL domain of tetraspanins CD81 and CD63 for EV detection. To do so,  we first 

searched for peptide ligands (called reference peptides) previously discovered through phage-

display screening that bind specifically to the LEL domain of each tetraspanin. These reference 

peptides served as the starting input for the PepBD algorithm. Using the PepBD algorithm and 

explicit-solvent molecular dynamics simulations in AMBER[37], we then designed new peptide 

sequences that exhibit higher affinity and specificity toward our target tetraspanins than the 

reference peptide. Subsequently, by using the Molecular Mechanics/Generalized Born Surface 

Area (MM/GBSA) method[38], we calculated the binding free energies for the newly designed 

peptide-protein complexes and compared them with binding free energies of the reference peptide-

protein complex. Five peptides demonstrating favorable binding free energies (i.e. | ΔGnew peptide-

protein | > | ΔGreference peptide-protein | ) have been selected for synthesis, experiments are now being 

performed to validate our computational findings.  

We collaborate with Dr. Hakho Lee and his team at Massachusetts General Hospital and 

Harvard Medical School to characterize the computationally designed peptide ligands for their 

specificity and affinity toward EV biomarkers. Immunoassays employing single EV-imaging 

techniques are adapted to characterize these peptide ligands. Dr. Lee and his team have also 

researched the presence of ovarian cancer (OvCa) biomarkers like epithelial cell adhesion 

molecule (EpCAM), epidermal growth factor receptor (EGFR), and CD24 in tumor-associated 

EVs[39]. We leverage our previous efforts in designing peptide ligands that specifically bind to 

EpCAM and combine them with these newly designed peptide ligands to screen for metastatic-

derived EVs. Our focus on ovarian cancer is driven by the high percentage of OvCa cases being 

diagnosed at advanced stages, and the high capacity of OvCa tumors to metastasize, making 
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Ovarian Cancer the most lethal gynecological cancer[40]. By conjugating two distinct peptide 

probes, one targeting tetraspanins for EV identification and the other targeting EpCAM, we aim 

to develop a robust method for early-stage ovarian cancer detection.  

Figure 1.2 illustrates the proposed magnetic bead-based peptide immunoassay technique 

for detecting ovarian cancer. In this method, magnetic beads are coated with peptide probes (A) 

designed to selectively bind to tetraspanin proteins CD81 and CD63, which are commonly present 

on the surface of extracellular vesicles (EVs).  Upon introduction of a patient's bodily fluid sample,  

EVs expressing these targeted proteins attach to the magnetic beads. A second set of peptide probes 

(B), labeled with a fluorescent dye, is also introduced with the fluid sample. These probes 

specifically target EpCAM which might be carried by these EVs if they were released from 

metastatic cells. If EpCAM is present on the captured EVs, the fluorescently labeled probes (B) 

will bind, producing a signal that can be detected through EV imaging analysis. The intensity of 

this fluorescent signal can then be measured to confirm the presence and potential abundance of 

ovarian cancer biomarkers within the isolated EVs. 

 
Figure 1.2: Mechanism of peptide-based immunoassay to capture EVs and detect the presence of 

ovarian cancer biomarkers. 
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2. Methods 

2.1 Overview of PepBD algorithm: Computational peptide design using the PepBD 

algorithm follows an iterative process to discover new peptide sequences that have greater binding 

affinity and specificity to a biomolecular target than a previously identified “reference peptide 

ligand”. The PepBD algorithm is based on the Monte Carlo method which explores the vast 

conformational and sequence space of peptides over numerous iterations. These designed peptides 

have potential applications in biomedicine and drug development[29–32].  

Hydration properties for peptides: For peptides to be effective as potential drugs or 

biosensors, they need to have specific properties such as good water solubility, charged residues 

to strengthen electrostatic interactions with the target receptor, and structural stability. PepBD 

incorporates this knowledge by categorizing each residue of the peptide sequence into 6 groups 

based on their hydrophobicity, charge (cationic or anionic), polarity, and size (refer to Table 2.1). 

Each category represents a specific “hydration property”[32].  Every charged residue is regarded 

as possessing one unit of charge. For instance, a positively charged residue represents +1 unit of 

charge, while a negatively charged residue signifies -1 unit of charge. By considering these 

properties, one can narrow down the sequence search space for PepBD to find peptides with 

specific characteristics.   

 
Table 2.1 Classification of amino acid residues types in PepBD[32] 

Hydration property type Residues 
Hydrophobic (H) LEU (L); VAL (V); ILE (I); MET (M); 

PHE (F) , TYR (Y); TRP (W) 

Positively charged / cationic (P) ARG (R); LYS (K) 
Negatively charged / anionic (N) GLU (E); ASP (D) 

Hydrophilic / Polar (L) SER (S); THR (T); ASN (N); GLN (Q); HIS (H) 
Others ALA (A); CYS (C); PRO (P) 
Glycine GLY (G) 
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Figure 2.1 Flow diagram for the PepBD algorithm[32] 

 

 

The workflow of PepBD (refer to Figure 2.1) can be broken down into five key steps:  
 

Step 1 - Initial complex generation: This step, independent of PepBD, utilizes techniques like 

docking (detailed later) to generate a starting complex containing a known peptide ligand ( referred 

to as the reference peptide) that has been previously identified for its ability to bind to the target 

receptor (generally a protein). The reference peptide-protein complex found through docking 

serves as the input structure for PepBD. The structure of the protein in the complex is kept fixed;  

the peptide sequence is optimized throughout the next steps of the design process.  

 

Step 2 – Trial move selection: This step begins with a random change (called a “trial move”) in 

either the peptide sequence or the peptide conformation (i.e. the backbone structure). A random 

number (R) is generated and is compared to a pre-defined probability (Psequence). If R < Psequence, 
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the algorithm proceeds with a sequence mutation. This can occur in two ways: (1) substitution of 

a random amino acid with a residue of similar hydration property at the same position in the peptide 

sequence or, (2) swapping two distinct random amino acids along the peptide within the sequence. 

A conformational change is selected when R > Psequence. There are three different ways in which a 

conformational change can be carried out: (1) concerted rotation (CONROT) that displaces three 

consecutive central residues of the peptide sequence while fixing the terminal residues[31], (2) 

rotation of either the N-terminus or the C-terminus of the peptide sequence plus two residues in 

the middle, and (3) rotation of the entire peptide backbone by selecting both the N and C-terminus 

and one residue in the middle.  

 
Step 3 – Side-chain repacking: After completing a trial move, the side-chain configuration of the 

mutated amino acid is optimized. This optimization involves evaluating various conformational 

isomers, or rotamers, of the mutated amino acids. It ensures that the newly selected residues can 

be repacked without encountering atomic overlap or steric hindrance by the existing residues in 

the peptide sequence. To accomplish this, the algorithm employs rotamers defined in the well-

established Lovell rotamer library[41]. This library is renowned for its reliability and versatility in 

protein design.  

 

Step 4 – Energy Minimization: The energy of the new trial peptide-receptor complex is 

minimized to achieve an energetically favorable and physically realistic conformation. The 

Broyden–Fletcher–Goldfarb–Shanno (BFGS) algorithm[42] is employed for this purpose. BFGS is 

a powerful iterative method that adjusts the coordinates of atoms in the peptide-receptor complex 

to minimize its energy while ensuring the removal of any rotamers that result in atomic overlap. 
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The energy  values during this process are computed by a scoring function, as described by 

Equation 1[43] 

𝜞(𝒔𝒄𝒐𝒓𝒆) =  𝜟𝑬𝒃𝒊𝒏𝒅𝒊𝒏𝒈 +  𝝀(𝑬𝒑𝒆𝒑𝒕𝒊𝒅𝒆ି𝑽𝑫𝑾
𝒃𝒐𝒖𝒏𝒅 +  𝑬𝒑𝒆𝒑𝒕𝒊𝒅𝒆ି𝑬𝑳𝑬

𝒃𝒐𝒖𝒏𝒅 +  𝑬𝒑𝒆𝒑𝒕𝒊𝒅𝒆ି𝑬𝑮𝑩
𝒃𝒐𝒖𝒏𝒅  )            (1)  

The first term of Eq. (1), ∆𝐸𝑏𝑖𝑛𝑑𝑖𝑛𝑔,  is the difference in the energy of the complex and the energies 

of the peptide and target  protein prior to binding. ∆𝐸𝑏𝑖𝑛𝑑𝑖𝑛𝑔 is calculated according to Equation 2 

𝜟𝑬𝒃𝒊𝒏𝒅𝒊𝒏𝒈 =  𝑬𝑻𝑶𝑻
𝒄𝒐𝒎𝒑𝒍𝒆𝒙

− 𝑬𝑻𝑶𝑻
𝒍𝒊𝒈𝒂𝒏𝒅

−  𝑬𝑻𝑶𝑻
𝒓𝒆𝒄𝒆𝒑𝒕𝒐𝒓

            (2) 

where 𝐸்ை்
௖௢௠௣௟௘௫

, 𝐸்ை்
௟௜௚௔௡ௗ

 and 𝐸்ை்
௥௘௖௘௣௧௢௥are total free energies of the complex, ligand and receptor. 

The free energy 𝐸்ை்
௫  is the sum of the internal energy, van der Waals energy (VDW), electrostatic 

energy (ELE), and polar solvation energy (EGB)  𝐸்ை்
௫ =  𝑈ூே் +  𝑈௏஽ௐ +  𝑈ா௅ா +  𝑈ாீ஻ . The 

second term is the peptide stability term and accounts for the energy of the free peptide in the 

bound-state configuration. It is the sum of the van der Waals energy (VDW), electrostatic energy 

(ELE), and polar solvation energy (EGB) of the peptide prior to binding.  

The parameter 𝝀 is a user-defined weighting factor and is used to account for the 

importance of the folding stability term in the scoring function[30]. A large 𝝀 value can change the 

outcome of the algorithm from binding a better peptide binder to finding a stable folded peptide. 

Based on previous studies, a value of 𝝀 = 0.010 has been found to provide a good balance between 

optimizing the peptide’s binding ability and its  capacity to fold into a stable structure. In Equation 

2, the van der Waals energy is calculated using the 6-12 Lennard Jones potential; the electrostatic 

energy calculations follow Coulomb’s Law and the polar solvation energy is computed using the 

generalized Born model.  

 

Step 5 – Accepting or rejecting the trial move: After evaluating the score of the new trial 

sequence, the algorithm decides whether or not to keep the changes it has made to the peptide 
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sequence. Since the algorithm is based on the Monte Carlo method, it utilizes the Metropolis 

criteria and accepts or rejects the trial move based on the calculated probability P  

                                     𝑷 = 𝒎𝒊𝒏 {𝟏, 𝒆𝒙𝒑 (  (𝜞𝒐𝒍𝒅 𝒔𝒄𝒐𝒓𝒆   −  𝜞𝒏𝒆𝒘 𝒔𝒄𝒐𝒓𝒆  )/𝒌𝑻)}                         (3)  

The new move is accepted under the following conditions: (1) If the new score is lower (i.e., more 

favorable) than the old score, the probability P will be greater than 1, and therefore, the new score 

will always be accepted; (2) If the new score is higher (i.e., less favorable) than the old score, the 

probability P will be calculated as 𝑷 = 𝐞𝐱𝐩(
𝜞(𝒐𝒍𝒅 𝒔𝒄𝒐𝒓𝒆) ି 𝜞(𝒏𝒆𝒘 𝒔𝒄𝒐𝒓𝒆)

𝒌𝑻(𝒙)
). In this case, the probability 

of acceptance depends on the energy difference between the old and new peptide sequences, and 

the system's temperature T. 

The parameter kT(x) (where x can be either conformation or sequence) is  adjustable  and 

depends on the type of mutation (sequence or conformational) that the algorithm chooses while 

performing Step 2. For example, if a conformational change was performed during the trial move 

in Step 2, the algorithm uses kT(conformation) to calculate the probability P;  similarly it uses 

kT(sequence) if the trial move was a sequence mutation. A high value of kT(x) increases the probability  

that the algorithm  accepts the mutations, which increases the probability of finding  peptide 

sequences that might not have favorable scores. On the other hand, a small value of kT(x) means 

that the algorithm rejects the mutations more frequently and thus the peptide search space is not 

explored efficiently. Therefore, choosing an appropriate value of kT(x)  is important as it enables 

PepBD to search through the peptide space efficiently. In this study, we initially ran trial 

simulations of 1000 steps with multiple values of kT(x) varying from 0.6 kcal/mol to 1.4 kcal/mol, 

and based on the evolution of peptide scores and the ability of the algorithm to map the peptide 

space, we fixed our values as kT(sequence) = 0.9 kcal/mol  and kT(conformation) = 1.2 kcal/mol.  
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 The root-mean square deviation δRMSD,  between the new trial peptide sequence and the 

original peptide sequence is calculated to ensure that  δRMSD is not too large (δRMSD < δMAX) and 

not too small (δRMSD > δMIN). In this study, we choose  δMAX = 4.0Å and δMIN  = 0.3Å.  To explore 

the peptide space comprehensively, we repeat Step 2 to 5 over 10,000 cycles. Each cycle involves 

mutating the peptide, optimizing its energy, and deciding whether or not to accept the changes 

using the Metropolis criteria. We further explore the peptide space by executing each 10,000-step 

cycle with three random seeds, generating three distinct random numbers R that are used for 

comparison with Psequence as described in Step 2.  

 

2.2 Initial reference peptide and docking:  In-silico peptide design using PepBD requires 

a starting input structure for the peptide-protein complex. To identify a suitable starting point, we 

first search for a known peptide ligand, called the reference peptide (RP), that binds to the target 

receptor (generally a protein). Techniques like phage display and ELISA library screening[25] can 

be valuable resources for finding such RPs. After finding potential RPs through literature review, 

we use computational docking simulations to generate the three-dimensional structure of the RP-

protein complex.  

Docking simulations are  employed to predict the structure of a molecular complex that 

depicts the interaction between a specific ligand molecule and a target receptor[44]. The tools that 

perform docking simulations require an independent structures for the reference peptide ligand and  

the target protein receptor. The structure of the target protein is generally available on the Protein 

Data Bank (PDB), which is a repository of experimentally determined protein structures. 

Through literature review, we can identify multiple short peptide sequences that have been 

discovered to bind to the target receptor through methods such as peptide assay-based screening. 
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Once the reference peptide is identified, we generate  its structure using the tLEaP program within 

the AMBER molecular dynamics suite[45]. The ff14SB force field[46] within AMBER defines 

parameters such as bond length, torsion angles etc. for each residue in the peptide sequence.  

To account for the inherent flexibility of both the peptide and the protein, we perform two 

independent  100-nanosecond MD simulations, one on the generated structure of the peptide and 

one on the structure of the target protein obtained from the PDB. The MD simulation details are 

in the following sub-section. These simulations capture stable conformational ensembles that are 

then used as inputs for docking simulations. We leverage two popular docking platforms, 

Haddock[47,48] and Autodock Vina[49,50], to identify potential binding conformations. Haddock can 

utilize information about known interacting residues to guide docking, while Autodock Vina 

efficiently explores the conformational space to find favorable binding poses. By using two 

platforms, we increase confidence in the identified binding conformation for the RP-protein 

complex, which serves as the foundation for subsequent optimization steps within the PepBD 

algorithm. 

 

2.3 Explicit-solvent molecular dynamics in AMBER: Explicit-solvent molecular 

dynamics (MD) simulations serve as a pivotal tool to analyze the dynamics of the binding process 

for the reference peptide and the top-scoring peptides obtained from PepBD to the target protein. 

The starting structure of the target protein complexed with the best-scoring peptides for the MD 

simulations were obtained from the design algorithm MD simulations are executed using the 

AMBER20 software suite. TIP3P water molecules[51] are introduced into the system. The system 

is enclosed in a periodically-truncated octahedral box with a size of 12 Å, accommodating 

approximately 8000 to 9000 water molecules.  
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The MD simulations start with a two-stage energy minimization process employing the 

steepest descent method. The initial stage comprises 1000 iterations focused solely on minimizing 

the energy of the peptide-protein complex. Subsequently, the second stage, comprising 2500 

iterations,  results in the energy minimization for the entire simulation box, encompassing both the 

complex and the modeled water molecules. Following energy minimization, the second phase of 

the simulation entails an NVT ensemble simulation conducted at a constant temperature of 298K 

for a duration of 100 ns. Hierarchical clustering analysis[53] is  employed on the last 5 ns of the 

simulation trajectories to identify representative structures of the complexes in solution. For post-

simulation analysis, the implicit-solvent molecular mechanics/generalized Born surface area 

(MM/GBSA) approach utilizing the uniform internal dielectric constant model is applied to the 

final 5 ns simulation trajectories. This method calculates the binding free energies for the peptide-

protein complex. To validate the robustness and reproducibility of the simulations, each MD 

simulation is independently replicated three times, ensuring the attainment of an equilibrium state 

and bolstering the reliability of the obtained results. 
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3. Results and Discussion 
 

3.1 Generating initial complex structures for PepBD: The PepBD algorithm requires 

the starting structure for the complex formed between the reference peptide and the target protein 

receptor. The structure of our target protein, the large extracellular loop (LEL) of tetraspanin 

CD81, was obtained from the Protein Data Bank; PDB ID: 1G8Q[54]. The reference peptide was 

obtained by considering work by Suwatthanarak et al.[55] , who discovered multiple 8-residue 

peptides that bind to the target protein CD81. The authors used  a peptide library-based array 

screening method to discover these sequences. Among these, peptide P152 (sequence: 

CFMKRLRK) was selected as the reference peptide due to its strong binding affinity for CD81. 

Using spot fluorescence intensity method and the Hill equation, these authors reported the 

estimated dissociation constant (KD) for the binding between the peptide P152 and CD81 as 0.91 

µM[56]. We hypothesized that the entire LEL domain (approximately 90 amino acids in length) 

could serve as a potential binding site for the reference peptide P152.  

Docking simulations in which peptide P152  was docked on the LEL domain of CD81 were 

conducted using both Autodock Vina and Haddock. The conformation of P152 with the LEL 

domain of CD81  that had the best docking score from both software platforms was subjected to 

explicit-solvent molecular dynamics (MD) simulations. Free energies were computed, and are 

presented in Table 3.1. The binding  conformations from Autodock Vina and from Haddock were 

analyzed. Interestingly, the two conformations exhibited similar  interactions between the charged 

residues of the peptide and the protein (refer Figure 3.1) In both  these conformations, two 

positively-charged residues on peptide P152 interact with three negatively-charged residues on the 

LEL domain of CD81. Based on the comparison of the free energies of the two conformations, we 
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selected the conformation from Autodock Vina for the first round of peptide design due to its lower 

free energy compared to that from Haddock.  

 
Table 3.1 Free energy using the MM/GBSA method of the reference peptide P152 and the LEL 

domain of CD81 (peptide-protein complex) obtained from Autodock Vina and Haddock. 

Energy type Energy values from docking software (kcal/mol) 
Autodock Vina Haddock 

Electrostatic ELE (1) -270.2 -445.98 
van der Waals VDW (2) -31.01 -20.93 

Non-polar solvation GBSUR (3) -5.76 -3.51 
Polar solvation GB (4) 272.15 438.55 

Total entropy change TSTOT (5) -23.16 -22.58 
Total = 1+2+3+4-5 -11.66 kcal/mol -9.29 kcal/mol 

 
Figure 3.1: (a and b): Best  conformation of P152 bound to the LEL domain of CD81 found 

through Autodock Vina with ΔG = -11.66 kcal/mol. This conformation serves as input for the first 

round of peptide design; (c and d): Best  conformation of P152 bound to the LEL domain of CD81 

found through Haddock with ΔG = -9.29 kcal/mol 
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3.2 First Round of Computational Peptide Design: Following the generation of the 

initial input structure from the docking simulations, we employed the PepBD algorithm to optimize 

the peptide sequence. The reference peptide, P152 (CFMKRLRK), comprises three hydrophobic 

residues (M – MET; F – PHE; L – LEU), one cysteine residue (C – CYS) and four positively 

charged residues (2 K’s – LYS; 2 R’s – ARG), resulting in a net charge of +4 units on the peptide 

P152 (Refer to Table 2.1 for the classification of each residue based on the hydration property). 

Analysis of the binding dynamics revealed that the positively-charged residues in peptide P152 

play a crucial role in the strong peptide-protein binding. To look for peptide sequences with 

specific hydration properties that make them suitable biosensor candidates, we explored seven 

design cases with various hydration properties (see Table 3.2) , primarily focusing on altering the 

net charge and the hydrophobicity of the peptides. We examined peptides with net charge ranging 

from 0 to +4 units. While the reference peptide lacked specific hydrophilic residues (as classified 

in Table 2.1), we ensured that at least one hydrophilic residue was included in each design case to 

enhance peptide solubility.  

Table 3.2: Seven different hydration property combinations explored in the first round of peptide 

designs for 8-mer sequences. 

Hydration 
property 

Case number 
1 2 3 4 

(same as reference 
peptide) 

5 6 7 

Nhydrophobic 3 3 2 3 3 2 2 
Nnegative 1 1 1 0 0 0 0 
Npositive 2 1 1 4 3 4 3 
Npolar 1 2 2 0 1 1 1 
Nothers 1 1 1 1 1 1 2 
NGlycine 0 0 1 0 0 0 0 

Overall charge +1 0 0 +4 +3 +3 +2 
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We performed 21 independent PepBD runs, with each of the seven hydration property 

constraints executed three times. In each repetition, a distinct randomly-generated number R was 

utilized. Each PepBD run started with a random trial peptide sequence and followed a unique 

search path. Key input parameters, such as kT(sequence), kT(conformation) and δRMSD  (as discussed in the 

methods section) remained consistent across all runs. PepBD scores were computed at each step 

using the previously-defined scoring function. As the search commenced with random sequences, 

the initial PepBD scores tend to be high. However, as the peptide space was efficiently explored, 

multiple minima appeared in the score profile, indicating potential peptides with favorable binding 

affinities for the target protein. Figure 3.2 illustrates a representative PepBD score and RMSD 

evolution profile with step number, while Table 3.3 lists the best-scoring 8-mer peptides identified 

in each case. The top-scoring peptides from the initial design round were predominantly positively 

charged. However, since the cell membrane possesses an overall negative charge, there was a 

concern by our collaborator, Dr. Lee, that these positively charged peptides could lead to  non-

specific binding with the cell membrane (which has a net negative charge), instead of with to the 

extracellular domain of the tetraspanin. This led us to perform an additional round of peptide 

design.  

 

Figure 3.2: PepBD score versus the step number in blue. RMSD evolution is depicted in red. This 

is a typical score profile with high scores at the start of the PepBD search. The algorithm discovers 

new peptide sequences and generates corresponding PepBD scores, which are calculated by the 

score function. Low scores  indicate potential peptide sequences with favorable binding free 

energy.  
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Table 3.3: Top scoring peptide from each hydration property case along with their PepBD scores 

in (kcal/mol) as calculated using the scoring function Γscore for first round of peptide design. 

Case number  Best peptide sequence PepBD score 
(kcal/mol) 

1  P1: DQWLRARW -46.22 
2  P2: DNWMRPQW -38.66 
3  P3: WWGLRPNE -42.63 
4  P4: RRWLRPRM -47.82 
5  P5: PRWRNWRW -52.63 
6  P6: QWWRRPRR -49.06 
7  P7: ARTQRPRW -45.004 

 

.  
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3.3 Second round of computational peptide design: To avoid non-specific binding of the 

designed peptides with the cell membrane, we initiated a second design round aiming for peptides 

that were negative or neutral in charge. Four new reference peptides, named SEEDs 1, 2, 3, and 4 

with a net charge of -1 (see Table 3.4), were generated by adding two negative residues to the 

peptide sequence P1 (DQWLRARW). This peptide was one of the best scoring sequences 

discovered in the first round of design and had a net charge of +1. Adding two negative residues 

to  P1 thus facilitated the creation of new reference peptides (SEED 1, 2, 3, and 4) with a net of 

charge -1.  

 

Table 3.4: New reference peptides (SEEDs 1, 2 3 and 4) generated by adding negative residues to 

the peptide P1: DQWLRARW which was obtained from the first round of design. Results from 

free energy calculations performed using the MM/GBSA method for the binding conformations 

obtained from Haddock and Autodock Vina for each SEED. 

Reference peptide 

Energy values from docking software 
(kcal/mol) 

Haddock Vina 

DDQWLRARWE  
(SEED 1) 

0.81 3.99 

DQWLDERARW  
(SEED 2) 

-8.08 -0.67 

DQWELRDARW 
(SEED 3) 

-17.91 2.09 

DQEWLRADRW 
(SEED 4) 

0.66 3.73 

 

Binding conformations were generated using these new reference peptides (SEEDs 1, 2, 3, 

and 4) through docking simulations performed using Autodock Vina and Haddock. Since binding 

between the original reference peptide P152 and the target protein was predominantly due to the 
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interaction between the positive residues on the reference peptide and the negative residues on the 

target protein, the mutations to include negative residues in the reference peptides necessitated the 

exploration of new binding conformations and locations. Molecular dynamics simulations were 

performed for 100ns on the best scoring conformations for each reference peptide obtained from 

the two docking softwares and were followed-up by free energy calculations.  

Binding conformations between the new reference peptides (SEEDs 1, 2, 3 and 4) and the 

LEL domain of CD81 that had negative free energies were identified as potential binding 

conformations for the second set of PepBD runs (Refer to Table 3.4). We only observed one 

favorable case of negative binding free energy from Autodock Vina for SEED 2 peptide (ΔG  = -

0.67 kcal/mol) whereas we observed two cases of negative binding free energy  from Haddock for 

SEED 2 and SEED 3 peptide; these had ΔG = -8.08 kcal/mol and ΔG = -17.91 kcal/mol 

respectively. We selected the binding conformations from Haddock for the second round of 

peptide design because of their more negative free energy values. One advantage of the binding 

conformations from Haddock was that they bound further away from the cell membrane (as 

represented in Figure 3.3)  than to those predicted by Autodock Vina. This had the further 

advantage that it minimized non-specific interactions with the cell membrane.  

 

Figure 3.3: Binding conformations for reference peptide SEED-3 obtained from Haddock (a) and 

from Autodock Vina (b). The binding site identified from Autdock Vina is closer to the cell 

membrane (represented in dotted black line) than the binding site identified from Haddock. 
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 For the second round of peptide design, we investigated seven different hydration property 

combinations, as outlined in Table 3.5, such that the net charge on the peptides discovered during 

this round of design was negative or neutral. The two selected binding conformations obtained 

from Haddock for reference peptide SEED-2 and SEED-3 underwent PepBD runs for each of the 

seven hydration property combinations.  We performed three PepBD runs for each hydration 

property combination using three different random numbers. Therefore, a total of 42 independent 

PepBD runs were performed for the second round of peptide design. ( 7 design cases ×

 3 random numbers ×  2 reference peptides  =  42 PepBD runs). 

 

Table 3.5: New seven cases of hydration properties explored in second round of design. 

Hydration property Case number 
1 2 3 4 

 
5 6 7 

Nhydrophobic 3 4 4 3 3 3 4 
Nnegative 3 2 1 2 2 2 3 
Npositive 2 1 1 1 2 1 2 
Npolar 1 1 2 1 1 2 1 
Nothers 1 2 2 3 2 2 0 
NGlycine 0 0 0 0 0 0 0 

Overall charge -1 -1 0 -1 0 -1 -1 
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The lowest-scoring peptides from each PepBD run were then subjected to an explicit 

solvent molecular dynamics simulation for 100 ns to assess their binding dynamics with the LEL 

domain of tetraspanin CD81. PepBD scores and free energies for the top 10 peptide candidates are 

presented in Table 3.6. A more negative value of free energy (ΔG) indicates a stronger binding 

affinity of the peptide sequence to the target protein. Four peptide candidates from design cases 

SEED3-case7, SEED3-case5, SEED3-case2, and SEED2-case3 exhibited lower binding free 

energy compared to the reference peptide, and hence were selected for experimental validation. 

Solubility scores were also computed to predict the solubility of the discovered peptides. Table 3.6 

includes these solubility scores, calculated using the CamSol Intrinsic method[58], which assesses 

the solubility profile for each residue in the peptide sequence and computes an overall solubility 

score. Scores greater than 1 indicate highly soluble peptides, while scores less than -1 denote 

poorly soluble peptides. 

It is important to note that a low binding free energy (ΔG) doesn't always correspond to a 

low dissociation constant (KD), which needs to be determined experimentally. One reason for this 

potential discrepancy is that the MM/GBSA method used for calculating binding free energies, 

relies on an implicit-solvent model. This method may not fully account for the influence of the 

solvent, water, thus failing to capture the true enthalpy and entropy changes during desolvation for 

both the LEL domain of CD81 and the peptides upon binding. Furthermore, the MM/GBSA 

method assumes that the conformational states of the peptide ligand and protein receptor remain 

unchanged upon binding to form a complex. This assumption may not accurately reflect the 

dynamic nature of protein-ligand interactions, potentially leading to a discrepancy in the predicted 

binding affinity and the experimentally calculated  dissociation constant.  
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Table 3.6: Final set of designed peptide ligands for LEL domain of CD81. The top scoring peptide 

sequences along with their PepBD scores, intrinsic solubility scores  as calculated through the 

CamSol method, and best binding free energies (ΔG in kcal/mol) computed from running three 

independent explicit-solvent MD simulations for 100ns. The peptide sequences in  bold italics  

have been selected for synthesis and experimental validation because of their low scores as 

compared to the other peptides.  

Sl. 
no. 

Search Peptide sequence Overall 
charge 

Γscore 
(kcal/mol) 

Solubility 
score 

∆G 
(kcal/mol) 

1 seed3-RP DQWELRDARW -1 - 1.88 -17.91 
2 seed2-RP DQWLDERARW -1 - 2.08 -8.08 
3 seed3-case7 EWYEWEHRRY -1 -48.95 1.98 -24.93 
4 seed3-case5 YHWPWEDRRA 0 -42.26 1.82 -24.81 
5 seed3-case2 ADWQYDPRYW -1 -44.68 1.68 -23.19 
6 seed2-case3 APMMMDRQHW 0 -40.28 1.77 -19.74 
7 seed3-case1 WWAEDDYRRN -1 -40.04 2.28 -17.23 
8 seed2-case7 DEWMRQRMWD -1 -40.55 1.88 -10.68 
9 seed2-case2 EHWMLDRAWA -1 -38.15 1.73 -9.21 

10 seed3-case4 HAAWDEARWF -1 -38.22 1.57 -9.09 
11 seed3-case6 PAWDWEHRFN -1 -40.49 1.83 -8.46 
12 seed2-case1 AWWMEERQER -1 -37.72 2.12 -6.49 
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4. Conclusion and Future scope of work 

The study presents the application of the PepBD algorithm to discover peptide sequences 

with enhanced binding affinity compared to known reference peptide ligands for the large 

extracellular domain of the tetraspanin protein CD81. Leveraging computational methodologies 

such as docking simulations, explicit-solvent molecular dynamics, and MM/GBSA, we identified 

multiple novel peptide sequences predicted to exhibit lower binding free energy than the original 

reference peptide P152. Among these, four top-performing peptides are currently undergoing 

experimental validation to assess their binding affinity towards the target protein.  

Ongoing efforts are directed towards  designing peptides that could bind to  our next target, 

CD63. Once the peptide designs for CD63 are finalized, these peptides, along with those designed 

for CD81, will be instrumental in the identification and quantification of extracellular vesicles. 

Subsequently, the designed peptide probes for tetraspanins will be combined with those targeting 

the ovarian cancer biomarker EpCAM, leading to the development of a microfluidic-based device 

for ovarian cancer detection. This interdisciplinary approach underscores the potential for peptide-

based strategies in advancing diagnostic technologies for critical medical conditions. 
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