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Abstract 

 

The inherent instability of peptides in biological fluids represents a significant challenge for their 

development as therapeutic agents. To advance the field, we have developed a database of peptide 

half-life called PEPlife2, which is an updated version of PEPlife. This extensive database 

comprises 4,486 entries, each comprehensively annotated with experimental conditions, sequence 

details, modifications, biological activity, and pharmacokinetic parameters. PEPlife2 empowers 

researchers with powerful data exploration tools, including interactive 3D structural visualization 

using NGL Viewer, sophisticated sequence-based search functionalities, and a convenient 

RESTful API. Furthermore, we conducted a thorough analysis of the database to discern key 

peptide characteristics and subsequently developed machine learning models for half-life 

prediction. Notably, a K-Nearest Neighbors model developed using dipeptide composition and 

modification features, yielded excellent predictive performance for modified peptides (validation 

R² = 0.83). While an XGBoost model based on amino acid composition was optimal for natural 

peptides, its accuracy was more modest (validation R² = 0.29). These results underscore 

promising avenues for enhancing predictive capabilities through the application of deep learning 

and large language models (LLMs). PEPlife2 is publicly available at 

https://webs.iiitd.edu.in/raghava/peplife2/. 
 

 



 

 

 

Chapter-1 

 

Introduction 

  



1.1 Definition and Function: 

Therapeutic peptides represent a distinct class of pharmacological agents composed of specific 

sequences of amino acids whose molecular weight ranges from 500 to 5000 Da [1]. These peptides 

play vital roles in human physiology and therapeutic applications, functioning as hormones, growth 

factors, neurotransmitters, ion channel modulators, and antimicrobial agents. Owing to their high 

specificity and strong binding affinity for cell surface receptors, therapeutic peptides much like 

biologics such as monoclonal antibodies and therapeutic proteins are capable of initiating 

intracellular signalling cascades [2–5]. 

1.2 Market Trends: 

With approximately 100 peptide-based drugs approved for clinical use and many others in various 

stages of clinical development, the global market for peptide therapeutics has experienced 

substantial growth in recent years [6]. A notable milestone in this field is the approval of 

semaglutide (Rybelsus, Novo Nordisk A/S), the first orally administered glucagon-like peptide-1 

receptor agonist (GLP-1RA) for the treatment of type 2 diabetes mellitus (T2DM) and obesity, 

marking a significant advancement in peptide drug delivery and efficacy [7,8]. As of 2024, 

semaglutide-based therapies dominate peptide drug sales, with Ozempic (injectable) generating 

$13.89 billion USD in revenue, followed by Trulicity at $7.13 billion USD, and Rybelsus at $2.72 

billion USD. Refer Figure 1 for sales of top top five selling GLP-1 agonists. [9] 

 

Figure 1: Sales of Top 5 selling GLP-1 agonists 

1.3 Therapeutic Peptides in Disease Treatment: 

1.3.1 Treatment of Diabetes Mellitus: 



Type 2 diabetes mellitus (T2DM), which predominantly affects middle-aged and older adults, is 

characterized by impaired glycemic control and acquired insulin deficiency. Peptide-based 

therapeutics, particularly insulin and glucagon-like peptide-1 receptor agonists (GLP-1RAs), have 

played a pivotal role in the management of this condition. The endogenous incretin hormone GLP-

1, secreted by L-cells in the ileum, exerts its effects through receptors expressed in various tissues, 

including the gastrointestinal tract, kidneys, lungs, cardiovascular system, central and peripheral 

nervous systems, and pancreatic β-cells. Upon binding to its receptor, GLP-1 enhances glucose-

dependent insulin secretion from β-cells, suppresses glucagon release from α-cells, promotes 

satiety, and delays gastric emptying [10]. However, native GLP-1 is rapidly inactivated by the 

enzyme dipeptidyl peptidase-4 (DPP-4), limiting its therapeutic potential. To overcome this 

limitation, synthetic GLP-1RAs have been developed to resist enzymatic degradation and provide 

prolonged receptor activation [11]. 

1.3.2 Treatment of Cardiovascular Disease: 

Acute myocardial infarction (AMI), a major manifestation of cardiovascular disease (CVD), 

remains the leading cause of death worldwide, accounting for an estimated 15.9 million fatalities 

annually. Peptides have emerged as promising therapeutic agents in this domain due to their 

favorable pharmacokinetic properties, including high solubility, low toxicity, minimal mitogenicity, 

and ease of structural modification to enhance stability and target affinity [12]. Consequently, 

various bioactive peptides have been identified that modulate key pathological mechanisms 

involved in myocardial ischemia-reperfusion injury (MIRI), such as apoptosis, necroptosis, 

inflammation, and autophagy [13]. 

1.3.3 Treatment of Obesity: 

A variety of anti-obesity medications have been developed to induce weight loss, most of which 

target digestive and absorptive pathways [14]. However, despite their potential efficacy, the clinical 

utility of these agents is often limited by adverse effects such as dizziness, insomnia, and 

hypertension, which negatively impact patient adherence [15]. In contrast, peptide-based therapies 

are gaining increasing attention in obesity treatment due to their favorable pharmacodynamic 

profiles, lower incidence of side effects, and reduced dosage requirements [16]. Several peptides 

such as leptin [17], neuropeptide Y (NPY) [18], and adrenomedullin 2 (AM2) [19] have been 

extensively studied for their roles in appetite regulation, lipid metabolism, and overall energy 

homeostasis. 

1.3.4 Treatment of Cancer: 



Anticancer peptides (ACPs) are short sequences of amino acids that exhibit selective cytotoxicity 

toward cancer cells, often through distinct amino acid motifs and structural features [20]. Compared 

to conventional therapies such as monoclonal antibodies and small-molecule drugs, ACPs offer 

several advantages, including high tumor selectivity, enhanced tissue penetration, and ease of 

chemical modification [21]. Numerous peptide-based vaccines and therapeutic candidates are 

currently undergoing clinical evaluation. One notable example is CIGB-300, an amidated, 

disulfide-cyclized undecapeptide linked to the TAT cell-penetrating peptide via a β-alanine spacer. 

CIGB-300 exerts its anticancer effects by inhibiting casein kinase 2 (CK2)-mediated 

phosphorylation, ultimately inducing apoptosis in cancer cells. Promising results from clinical 

studies have demonstrated its efficacy in patients with non-small cell lung cancer and cervical 

cancer [22–24]. 

1.3.5 Treatment of Infections: 

Antimicrobial peptides (AMPs), typically consisting of 10–50 amino acids, are characterized by a 

net positive charge ranging from +2 to +11 and a high proportion of hydrophobic residues, often 

comprising approximately 50% of their structure [25–27]. Several AMPs such as pexiganan, 

omiganan, and the synthetic peptide LTX-109—are currently undergoing clinical evaluation for the 

treatment of various bacterial infections. Pexiganan, a 22-amino-acid derivative of the amphibian 

peptide magainin, functions by disrupting bacterial membranes and has been assessed in Phase III 

clinical trials as a topical agent for bacterial infections associated with diabetic foot ulcers [28,29]. 

1.3.6 Treatment of Neurological diseases: 

Traditional small-molecule drugs often fail to effectively address the underlying causes of 

neurological disorders due to the intricate nature of neural processes, the typically irreversible 

progression of neurological degeneration [30,31], and the restrictive properties of the blood-brain 

barrier (BBB) [32]. These limitations frequently lead to suboptimal outcomes and unintended 

neurological side effects. Most pharmacological treatments for neurological conditions primarily 

function by modulating neurotransmitter activity. For instance, galantamine marketed as Reminyl, 

a reversible cholinesterase inhibitor commonly prescribed for the management of Alzheimer’s 

disease (AD) [33]. Similarly, fluoxetine, a selective serotonin reuptake inhibitor (SSRI) sold under 

the brand name Prozac, is widely used to treat depression, particularly in adolescents [34]. 

1.4 Challenges in peptide therapeutics: 

Peptide-based therapeutics face several developmental challenges, including poor absorption, rapid 

enzymatic degradation, low systemic stability, and swift excretion. These factors significantly 

constrain their therapeutic potential and limit overall efficacy. 



1.4.1 Enzymatic degradation and Renal Clearance: 

Due to the presence of amide bonds in their structure, peptides are highly susceptible to degradation 

by proteases and peptidases. This degradation is facilitated by both luminally secreted enzymes—

such as pepsin, elastase, trypsin, and chymotrypsin and brush-border membrane-bound enzymes, 

including endopeptidases, aminopeptidases, and carboxypeptidases. The human body contains over 

550 putative proteases, underscoring the challenge of maintaining peptide stability in vivo [35]. 

In addition to enzymatic degradation, peptides often exhibit short plasma half-lives, primarily due 

to rapid metabolic breakdown and efficient renal clearance. Hydrophilic peptides with molecular 

weights below 25 kDa can easily pass through the glomerular filtration barrier and are rapidly 

eliminated by the kidneys. Unlike many small molecules, peptides are not readily reabsorbed in the 

renal tubules, resulting in high renal clearance. Consequently, in patients with impaired kidney 

function, dosage adjustments are necessary to prevent drug accumulation, which may lead to 

toxicity or diminished therapeutic efficacy [36]. 

1.4.2 Low oral bioavailability: 

Oral administration remains the most common and preferred route for drug delivery due to its 

convenience and high patient compliance. Most drug absorption occurs in the gastrointestinal tract 

(GIT) [37]. However, macromolecular drugs such as peptides often exhibit poor oral bioavailability 

due to several limiting factors, which can be broadly classified into two categories. The first 

category pertains to the physicochemical properties of the drug itself, including molecular size, 

charge, polar surface area, lipophilicity, and the ability to donate or accept hydrogen bonds. The 

second category involves host-related biological barriers, such as hepatic metabolism, intestinal 

transport mechanisms, gastrointestinal transit time, efflux pumps, and the activity of luminal and 

mucosal enzymes [38]. 

1.4.3 Rapid systemic clearance: 

The short plasma half-lives of peptides and proteins are largely due to their rapid renal clearance 

attributable to their hydrophilic nature and relatively small size as well as enzymatic degradation 

by proteases found in the blood, liver, and kidneys. To address this, it is essential to identify the 

specific enzymes responsible for degrading a given peptide during systemic circulation. In addition 

to mapping the tissue distribution of peptidases and proteases, understanding their substrate 

specificity is particularly important. Developing strategies to extend plasma half-life could improve 

the pharmacokinetic properties of current therapeutics and potentially broaden their clinical 

applications [39]. 



1.4.4 Stability and Delivery challenge: 

Despite their high biological selectivity and favourable safety profiles, peptides often face 

challenges related to short plasma half-lives and poor proteolytic stability. These limitations can 

lead to the gradual loss of secondary structure, ultimately diminishing their biological activity over 

time [40]. Cell-penetrating peptides (CPPs), also known as cell transduction domains (CTDs), 

represent a novel class of peptides with the unique ability to cross cellular membranes. Owing to 

their efficient intracellular delivery capabilities, CPPs are promising vectors for transporting a wide 

range of therapeutic cargo, including peptides, DNA, siRNA, and small-molecule drugs [41–44]. 

CPPs can bind to target molecules through covalent or noncovalent interactions, such as 

hydrophobic or electrostatic forces, facilitating their transport across biological barriers [45]. 

Additionally, peptide stability against enzymatic degradation can be enhanced by chemically 

reinforcing structural motifs like α-helices. One such approach is hydrocarbon stapling, which 

helps maintain helical conformation and improves resistance to proteolysis [46]. These strategies 

offer promising solutions to the persistent challenges of peptide stability and systemic delivery. 

1.5 Strategies to enhance the stability of peptides: 

1.5.1 Cyclization: 

Cyclization is a widely used and relatively straightforward chemical strategy that enhances several 

key properties of linear peptides and peptidomimetics, including increased cell permeability, 

improved metabolic stability, and greater target selectivity [47]. The conformational rigidity of 

cyclic peptides reduces the entropic cost of target binding, thereby facilitating more efficient and 

selective interactions. In contrast, the structural flexibility of linear peptides increases the risk of 

off-target effects due to non-specific binding [48]. Various cyclization methods such as end-to-end 

(head-to-tail), side-chain-to-side-chain, and end-to-side-chain cyclization offer distinct advantages 

for optimizing the pharmacological and biophysical properties of peptides. 

1.5.2 D-amino acids: 

Endogenous proteins and peptides are composed primarily of L-amino acids, which are readily 

recognized and degraded by proteolytic enzymes. In contrast, D-amino acids exhibit greater 

resistance to enzymatic degradation due to their stereochemical configuration, which is not easily 

recognized by these enzymes. Therefore, substituting L-amino acids with D-amino acids in 

therapeutic peptides can significantly enhance their proteolytic stability [49]. 

1.5.3 Peptoids: 



Peptidoids, a class of peptidomimetics composed of N-substituted glycines, exhibit enhanced 

proteolytic stability due to the absence of amide bonds in their backbone. Their structural similarity 

to peptides also enables efficient synthesis through solid-phase methodologies [50]. 

1.5.4 N-methylation: 

Alkylation of the nitrogen atom in peptide amide bonds is a key chemical modification that 

enhances the pharmacokinetic properties such as absorption, half-life, and bioavailability and 

overall drug-like characteristics of therapeutic peptides. Among various N-alkylation strategies, N-

methylation is the most widely employed due to its versatility and ease of synthesis [51]. 

1.5.5 Delivery system for peptides: 

There is increasing interest in utilizing advanced delivery systems to protect therapeutic peptides 

from enzymatic degradation, rather than relying solely on chemical modifications. Various drug 

carriers such as nanoparticles, liposomes, dendrimers, micelles [52], polyelectrolyte complexes 

[53], hydrogels [54], and biomimetic or bio-derived nanocomposites [55] have been explored for 

this purpose. Among these, nanomaterials have shown particular promise for the targeted delivery 

of peptides and proteins. The effectiveness of nanoparticle-based delivery systems is closely linked 

to their physicochemical properties, including particle size, shape, surface charge, and porosity, all 

of which influence the structure–function relationship essential for efficient drug transport and 

release [56]. 

1.5.6 Protecting N- and C-terminus: 

Peptide degradation often occurs at the N- and C-termini through the action of various proteolytic 

enzymes present in the blood/plasma, liver, and kidneys, including exopeptidases, 

aminopeptidases, and carboxypeptidases. Modifying the terminal ends of peptides can significantly 

enhance their stability. In particular, N-acetylation and C-amidation have been shown to improve 

resistance to enzymatic degradation in multiple cases [57][58]. For example, N-terminal acetylated 

analogs of somatostatin exhibit substantially greater stability compared to the native peptide [59]. 

1.5.7 Modification of Amino acids:  

Modifications involving natural amino acids can enhance peptide stability by introducing steric 

hindrance or disrupting enzyme recognition sites [60]. 

1.5.8 Conjugation to macromolecules: 

Modifications using natural amino acids can improve peptide stability by introducing steric 

hindrance or interfering with enzyme recognition sites [60]. In addition, traditional polymer 



conjugation strategies have been developed to enhance the half-life and reduce the immunogenicity 

of proteins and peptides with poor systemic pharmacokinetics (PK). Polymers provide steric 

shielding that protects therapeutic molecules from opsonization, proteolytic degradation, and 

antidrug antibody interactions. Furthermore, the increased molecular size resulting from polymer 

attachment reduces renal clearance. Together, these effects significantly prolong the circulation 

half-life of polymer–protein and polymer–peptide conjugates, allowing serum concentrations to 

remain within the therapeutic window for extended durations [61]. 

 

Therefore, the application of such chemical and physical modifications presents an effective 

strategy to improve the stability and pharmacokinetic profiles of peptide-based therapeutics.  

1.6 PEPlife2 and Other Databases: 

Peptide half-life is defined as the time required for 50% of a peptide's concentration to degrade or 

be eliminated from a biological system. This critical pharmacokinetic parameter plays a pivotal 

role in determining dosing frequency, therapeutic efficacy, and the overall design of peptide-based 

drugs. Several factors influence peptide half-life, including the biological matrix, the presence of 

proteolytic enzymes, chemical and physical modifications, peptide concentration, chirality, and the 

type of assay employed (in vitro or in vivo). 

Specialized databases such as PEPlife [62] and PepTherDia [63] have been established to facilitate 

peptide research by offering curated data on peptide half-lives and associated pharmacological 

attributes. Among them, PEPlife stands out for its comprehensive collection of experimentally 

validated half-life data. Launched in 2016, PEPlife includes 2,229 entries encompassing 1,193 

distinct peptides and 37 unique proteins, with data compiled from studies conducted under diverse 

biological conditions. Additionally, the database has served as a foundation for the development of 

computational models aimed at predicting peptide stability and degradation kinetics [64]. 

In contrast, PepTherDia centers on more than 100 approved peptide therapeutics, offering detailed 

information on terminal half-life, administration routes, structural features, and clinical 

applications. Although it serves as a valuable resource for understanding the pharmacokinetic 

characteristics of marketed peptides, the half-life data it provides are not always derived from direct 

experimental measurements, but are frequently sourced from clinical trials or regulatory 

documentation. 

Although PEPlife has been a valuable tool, its lack of updates since its initial release in 2016 created 

a need for more current and comprehensive resources. This gap has been filled by the development 

of PEPlife2, a significantly enhanced version of the original database. PEPlife2 features 4,486 



entries and provides extensive information on peptide sequences, chemical composition, proteases 

involved, assay types, test samples, and notably, route of administration and physical modifications, 

details that were absent from the initial version. With its broader coverage and improved 

functionality, PEPlife2 represents a timely and robust resource for advancing research in peptide 

and protein therapeutics. 
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MATERIALS AND METHODS 

 

2.1 Data Curation: 

An updated version of the PEPlife database, first established in 2015, now includes data published 

from 2016 onward, expanding the original content with newly available information. Full-text 

records of granted patents were obtained from The Lens, and relevant literature was sourced from 

PubMed using the query “((half-life[Title/Abstract]) AND (peptide[Title/Abstract]) NOT Review,” 

targeting studies from May 2016 to November 2024. Only peptides with experimentally determined 

half-life values were considered for inclusion. The curated dataset comprises both natural and 

modified peptides, along with associated experimental parameters such as test sample, origin, 

biological media, physical modifications, chemical modification, sequence and reported half-lives. 

As of June 2024, 1243 articles were initially retrieved. Following the exclusion of irrelevant and 

review articles, approximately 950 publications were screened in detail, resulting in the selection 

of 449 articles for final curation. Additionally, 18 relevant patents identified through The Lens 

database were manually reviewed and incorporated into the dataset. 

2.2 Database Architecture and Web Interface: 

The PEPlife2 database was developed using the LAMP (Linux-Apache-MySQL-PHP) technology 

stack. The backend infrastructure was established with Apache (version 2.4.7) serving as the HTTP 

server and MySQL (version 5.7.31) as the database management system. The frontend interface, 

compatible with desktops, tablets, and smartphones, was implemented using HTML5, CSS3, PHP 

(version 7.3.21), and JavaScript (version 1.8). A user-friendly web interface was constructed using 

PHP to facilitate interaction with the database. The system architecture of PEPlife2 is illustrated in 

Figure 2. 



 

Figure 2: Architecture of PEPlife2 

 

2.3 Data Content of PEPlife2 Database: 

PEPlife2 is a well-curated resource that offers detailed information on the half-life of peptides and 

proteins, along with related biochemical properties and experimental parameters. The database 

includes fields such as: (1) PEPlife2 ID: Unique ID assigned to each entry, (2) PMID: PubMed ID, 

(3) Year: Year of Publication, (4) Sequence: Peptide or Protein Sequence, (5) Name of peptide, (6) 

Chirality: L/D/Mix, (7) N-terminal modification: Modification at N terminal of peptide, (8) C-

terminal modification: Modification at C terminal of peptide, (9) Linear or Cyclic structure, (10) 

Length of peptide, (11) Chemical modification: Modification other than terminal modification, (12) 

Origin of the peptide, (13) Biological activity of the peptide, (14) half-life, (15) Units of half-life, 

(16) sample on which the half-life was tested, (17) Assay used to measure half-life, (18) Patent ID 

if applicable, (19) Route of administration of peptide (IV/IM/IP/Oral), (20) Physical modification 

(Hydrogel/Nanosystem), (21) In-vitro/In-vitro (Experiment conducted in-vitro/in-vitro), (22) 

SMILES: SMILES format for peptide, (23) Incubation time of peptide, (24) Concentration of 

peptide used, (25) Protease present. 

The peptide and protein sequences in PEPlife2 were further utilized to generate secondary data 

such as tertiary structures and SMILES representations. Structural information in the database is 

depicted using 2D images. Where available, experimentally determined structures were obtained 

by matching sequences with entries in the Protein Data Bank (PDB). If no PDB match was found, 

peptide structures longer than five amino acids were predicted using the PEPstrMOD webserver 

[65]. Peptides with complex modifications (e.g., heparosan, Streptavidin) were excluded from 



structure prediction due to the unavailability of corresponding force field parameters. For 

sequences exceeding 40 residues, I-TASSER [66] was employed for structure prediction. In the 

case of peptides shorter than five amino acids, a linear structure was assumed, using default 

dihedral angles (ϕ and ψ = 180°), followed by energy minimization and molecular dynamics (MD) 

simulations. Secondary structural information for all peptides was derived from their predicted or 

retrieved tertiary structures using DSSP (Define Secondary Structure of Proteins) software [67], 

which categorizes residues into one of eight classes: Beta-bridge (B), Coil (C), Extended strand 

(E), 3/10 helix (G), Alpha-helix (H), Pi-helix (I), Bend (S), and Turn (T). 

2.4 Implementation of Tools: 

2.4.1 Search tool: 

PEPlife2 offers a user-friendly search interface comprising several modules for retrieving data. The 

Basic Search module enables users to perform straightforward queries using specific keywords 

across any individual field. Users can search one keyword at a time based on parameters such as 

“PMID”, “year”, “peptide name”, “sequence”, “terminal modifications”, “biological activity”, and 

“nature of the peptide”. 

For more complex queries, the Advanced Search module is available. It allows users to combine 

multiple fields simultaneously using Boolean operators such as “AND”, “OR”, and “NOT” for 

refined and comprehensive searches. 

The Peptide Sequence Search feature supports both “identical” and “subsequence” searches. 

Identical search retrieves exact sequence matches, whereas subsequence search returns all peptides 

that contain the specified sequence fragment. 

Additionally, the SMILES Search module enables atom-level structural searches using the 

SMILES notation of a peptide. Users can search by “substructure”, “exact structure”, “exact 

fragment”, or “superstructure”, offering high precision in structure-based retrieval. 

2.4.2 Browsing tool: 

PEPlife2 also features an intuitive browsing tool that enables users to explore the dataset based on 

several predefined categories. Users can browse peptides according to their half-life, with entries 

grouped into specific time ranges as represented in the "hl" (half-life) column. Another browsing 

option is based on the “organism or media” in which the peptide was tested, including sources such 

as cat, mare, human, rat, monkey, and others. The tool also allows navigation by “year of 

publication”, enabling users to access peptides introduced or studied in specific years. Peptides can 

also be filtered by their “length”, facilitating comparisons across sequences of varying sizes. Lastly, 



browsing by “modifications” is supported, covering “N-terminal”, “C-terminal”, and “chemical 

modifications”, helping users quickly identify structurally modified peptides. 

2.4.3 Analysis tool: 

To support similarity-based exploration, PEPlife2 incorporates a range of bioinformatics tools 

designed for both sequence and structural comparisons. Among these, the Basic Local Alignment 

Search Tool (BLAST) and the Smith-Waterman algorithm [68][69] are utilized to detect 

sequence similarities between user queries and database entries. Users can input peptide sequences 

in FASTA format, choosing either default or user-defined parameters, after which the system 

automatically executes a BLAST search against the database. For more refined local alignments, a 

dedicated Smith-Waterman-based engine enhances the precision of similarity analysis. The 

Peptide Mapping tool further allows identification of peptide segments within larger protein 

sequences, facilitating accurate localization of known peptides. A Sequence Alignment function 

enables direct comparison between submitted sequences and existing PEPlife2 entries. 

Additionally, the Structural Alignment module allows users to upload PDB files and perform 

three-dimensional structure comparisons against peptide structures stored in the database, offering 

deeper insights into structural relationships. 

2.5 Download: 

PEPlife 2.0 offers users convenient access to its full dataset through various downloadable formats 

like CSV or Excel. Peptide sequences, including both Natural and modified versions, can be 

retrieved in multi-FASTA format and structural data are available as PDB files which includes both 

experimentally validated and predicted structures.  

2.6 API: 

To streamline data access and support automated workflows, PEPlife 2.0 now includes a RESTful 

API for programmatic retrieval. This feature enables seamless integration with external tools by 

allowing users to query the database using straightforward URL requests. Data can be fetched based 

on criteria such as Linear/Cyclic, Organism/media, or peptide sequence category, and is 

delivered in JSON format. This approach eliminates the need for manual downloads and gives users 

full control over how the data is parsed and utilized in their own systems. 

Figure 3 illustrates the PEPlife2 webserver homepage, which features several key modules 

including the “Search,” “Browse,” and “Analysis” modules, along with additional tools like 

“Download” and “API” options for seamless access to the complete dataset. 



 

Figure 3: PEPlife2 Webserver Homepage 

 

RESULTS AND DISCUSSION 

The PEPlife2 database (https://webs.iiitd.edu.in/raghava/peplife2/) is an enhanced version of the 

original PEPlife database. It includes a total of 4,486 entries - 2,229 entries from the previous 

PEPlife, along with 2,183 new peptide entries and 74 miscellaneous entries. This total encompasses 

2,046 peptides sourced from 449 research publications and 211 peptides derived from 18 patents. 

The database features peptides of varying lengths, from single-residue peptides to those exceeding 

54 residues. The largest group consists of peptides between 1 and 10 residues, followed by those 

in the 11 to 21 residue range, and then peptides with 33 to 43 residues. The smallest group is 

comprised of peptides ranging from 44 to 54 residues. Most of the peptides in PEPlife2 are “linear”, 

with 3,728 entries, while “cyclic” peptides account for 655 entries. Additionally, terminal 

modifications are frequently observed, with 2,104 peptides exhibiting “N-terminal modifications” 

and 1,481 featuring “C-terminal modifications”. Various techniques, including “Mass 

spectrometry”, “HPLC”, and “ELISA”, were used to measure the half-life of the peptides. A 

comprehensive breakdown of peptides  and proteins by their length, Chirality of peptide (or mixed 

configuration), structural type, organism or media and the assays employed to determine their half-

life can be found in Figure 4 and 5. 

https://webs.iiitd.edu.in/raghava/peplife2/


 

Figure 4: Distribution of peptides and peptides based on (A) Chirality of amino acid and Structure 
(B) Length of peptides and proteins (C) N- and C-terminal modifications (D) Types of Assay used 

 

Figure 5: Distribution of organism or media used  

 



Additionally, a comprehensive breakdown of the distribution of unique peptides and their 

corresponding protein lengths is provided in Figure 6 below. 

 

Figure 6: Length Distribution for Unique peptide and Unique proteins 

 

The database compiles a comprehensive array of chemical modifications aimed at enhancing the 

stability and extending the half-life of peptides and proteins. Figure 7 illustrates the influence of 

these modifications on peptide half-life. Among the included modifications are N-methylation, 

PEGylation, amidation, acetylation, incorporation of unnatural amino acids, D-amino acid 

substitutions, fatty acid attachment (commonly at lysine residues), Fc conjugation, cyclization, and 

more. 



 

Figure 7: Effect of Chemical modifications on Peptide Half-life 

 

For instance, the peptide DR8 (sequence: DHNNPQIR-NH₂) exhibits a half-life of 70.19 ± 6.83 

minutes. When D-Alanine is substituted at position 7, its half-life increases significantly to 201.08 

± 58.86 minutes. Similarly, the peptide Ang(1–7) with sequence DRVYIHP shows enhanced 

stability when modified at both termini - N-terminal acetylation and C-terminal amidation—

yielding the modified peptide Ac-DRVYIHP-NH₂ (Ang-AA), which displays an extended half-life. 

Another example involves the incorporation of the unnatural amino acid Aib (α-aminoisobutyric 

acid) into the peptide SEQ ID NO 35. SEQ ID NO 35 with sequence Y-Aib-EGTFISDLSI-Aib-

KDRIHQEEFIQWLLAQGPSSGAPPPS has a half-life of 14.5 hours. With additional Aib 

substitutions (resulting in Y-Aib-EGTFISDLSI-Aib-KDR-Aib-HQ-Aib-

EFIEWLLAQRPSSGAPPPS), the half-life increases to 15.5 hours. 



In a case of physical modification, the AAP1 peptide conjugated to a gold nanorod (GNRs-AAP1-

1-Cy5) demonstrates an enhanced half-life of 0.18 hours due to the presence of the nanomaterial. 

To enable residue-level annotation of such modifications, the database employs the MAP 

(Modification and Annotation in Proteins) format [70]. This system allows for precise tagging of 

individual residues to denote chemical modifications, unnatural amino acids, mutations, 

cyclization, conjugation to macromolecules, and post-translational changes. For example if peptide 

has terminal modifications Acetylation and Amidation both then MAP format will be – 

LPFFGKH{nt:Acet}{ct:Amid}, if there is Fatty acid (C16) attachment then it can be written as 

LPFFGK{conj:palm}H{nt:Acet}{ct:Amid} and if there is unnatural amino acid substituitions then 

sequence can be written as FG{nnr:Aib}HKKAG. 

 

COMPARISON WITH PREVIOUS PEPlife VERSION: 

The original PEPlife database, released in 2016 and covering data up to 2015, contained 2,229 

entries corresponding to 1,193 unique peptides. Each record included comprehensive details such 

as the peptide's name, sequence, length, type of chemical modification, half-life, the assay used for 

half-life determination, and associated biological activity and classification. However, this earlier 

version lacked the capacity to accommodate updates related to peptide half-life, assay variations, 

sample types, physical modifications, and newer chemical modifications. As a result, an updated 

version became necessary. The new release PEPlife2 addresses these limitations by incorporating 

data published between 2016 and 2024. This expanded dataset is derived from 449 research articles 

and 18 patents, significantly increasing the scope and depth of the database. PEPlife2 introduces 

several key enhancements not present in the original version. These include: physical modifications 

(now a total of 19) (e.g., Gold Nanorods, Hydrogels), different test samples (now a total of 30), 

different assay used (now a total of 130). It also contain different types of half-life mentioned 

alongwith half-life if applicable. Here below is the detailed PEPlife2 statistics including unique 

peptides and proteins information for different fields in Figure 8 (https://www.biorender.com/). 



 

Figure 8: The Complete Stats of PEPlife 2.0 

 

PEPlife 2.0 introduces several major functional upgrades that significantly improve user experience 

and accessibility. One of the standout features is the integration of the NGL viewer, which enables 

interactive 3D visualization of peptide structures directly within the database interface. Each 

peptide entry is presented in a detailed peptide card, which includes essential information such as 

the PubMed ID (PMID), peptide/protein name, sequence, length, biological nature, and origin. 

Additional structural data are also provided, including the SMILES representation and a 

downloadable PDB file for further analysis. 

To support automated data workflows, PEPlife 2.0 now offers a RESTful API, allowing users to 

programmatically retrieve data through simple URL-based queries. Users can filter entries based 

on parameters such as peptide type (linear or cyclic), organism or media, or sequence category, 

with results returned in JSON format. This streamlined access eliminates the need for manual 

downloads and enables seamless integration with external tools and pipelines. 



Together, these enhancements make PEPlife 2.0 a far more comprehensive and user-friendly 

resource for researchers studying peptide stability and chemical modifications, significantly 

advancing beyond the capabilities of the original version. 

 

COMPARISON WITH OTHER DATABASES  

Currently there are only 2 dedicated database for peptide half-life which include PEPlife and 

PEPTherDia. PEPlife2 is the only database that provide comprehensive information about 

experimentally determined half-life along with other details like sequence, length, terminal 

modifications, chemical modifications, origin, test sample, protease, assay, incubation time, 

concentration, physical modification, etc. Below is the Table 1 for comparison with different 

databases. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



Table 1: Comparison of PEPlife2 with other database 

 PEPlife PEPTherDia PEPlife 2.O 

Primary focus Experimentally 

derived peptide half-

life 

Approved peptide 

therapeutics and 

diagnostics  

Experimentally derived 

peptide half-life 

Number of entries 2,229 entries 105 approved peptide 

drugs and diagnostics 

4,486 entries 

Half-life data Experimentally 

determined half-lives, 

assay-specific 

Terminal half-lives 

compiled from 

literature and DrugBank 

Experimentally 

determined half-lives, 

assay-specific 

Peptide Sequence Natural + Modified Natural + Modified Natural + Modified 

Modifications 

included 

Extensive Limited (Only 

modifications present in 

approved drugs) 

More extensive 

Structure data PDB files, SMILES, 

2D visualization with 

pre-requisite Jalview 

tool 

if available on 

DrugBank 

PDB files, SMILES, 3D 

visualization with no pre-

requisite NGL viewer 

API access No No Yes 

Download options Manual download of 

drug/peptide records 

Manual download of 

drug/peptide records 

Downloadable PDB, 

CSV, Excel, JSON 

formats and 

MAP,natural,modified 

sequence file 

Sequence alignment  Yes No Yes 

Data sources PubMed (335), 

DrugBank, patent lens 

(16) 

DrugBank, literature, 

company websites, 

clinical sources 

PubMed (449), patent 

lens (18) 

 

 

 

 

 



 

 

 

 

 

 

Chapter-3 

 

Mining of Peptides and 

Proteins  

 

 

 

 

 

 

 

 

 



Natural peptides, filtered to include lengths between 5 and 50 residues and sourced from 

mammalian blood with half-lives ranging from 20 seconds to 24 hours, were analyzed for their 

amino acid composition. The correlation between each amino acid and peptide half-life was 

calculated using Pearsonr revealing that Alanine had the strongest positive correlation, while 

Valine showed the weakest, as summarized in Table 2. 

Table 2: Correlation of Amino acid composition (AAC) with half-life for Natural peptide 

Amino acid Correlation with Half-life  

 

 A 0.20 

C 0.039 

D 0.096 

E 0.090 

F -0.13 

G -0.20 

H 0.10 

I 0.079 

K -0.094 

L -0.047 

M 0.0078 

N 0.11 

P -0.11 

Q -0.031 

R 0.039 

S -0.052 

T 0.072 

V -0.0051 

W 0.12 

Y -0.014 

 

 

 

 



 

Natural peptides, filtered to include lengths between 5 and 50 residues and sourced from 

mammalian blood with half-lives ranging from 20 seconds to 24 hours, were analyzed for their 

Amino acid frequency. The correlation between each amino acid and peptide half-life was 

calculated using Pearsonr revealing that Tryptophan had the strongest positive correlation, while 

Methionine showed the weakest, as summarized in Table 2. 

Table 3: Correlation of Amino acid frequency (AAF) with half-life for Natural peptide 

Amino acid / Length Correlation with Half-life  

 

 A 0.31 

C 0.026 

D 0.17 

E 0.16 

F -0.15 

G -0.18 

H 0.077 

I 0.21 

K -0.048 

L 0.044 

M 0.0097 

N 0.17 

P -0.19 

Q 0.04 

R 0.13 

S -0.039 

T 0.20 

V -0.097 

W 0.38 

Y 0.12 

Length 0.12 

 

 



 

 

The average amino acid composition (%) of peptides with long and short half-lives was 

compared. It was observed that peptides with longer half-lives were enriched in alanine, glycine, 

and serine, while those with shorter half-lives showed higher levels of arginine, serine, and 

glycine, as illustrated in Figure 9. 

 

Figure 9: Comparison of amino acid composition in the 20 peptides with the highest and lowest 

half-lives 

The average physico-chemical properties of peptides with long and short half-lives were compared. 

Peptides with longer half-lives were found to be more aliphatic, hydrophobic, sulfur-rich, negatively 

charged, and less cyclic than those with shorter half-lives, as shown in Figure 10. 
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Figure 10: Comparison of Physico-chemical properties in the 20 peptides with the highest and 

lowest half-lives 

To evaluate the impact of various modifications such as N-terminal and C-terminal alterations, 
incorporation of non-natural amino acids, and integration of D-amino acids on peptide half-life, 
the top 5 peptides with each modification were compared. The analysis revealed that N-terminal 
and C-terminal modifications had the most significant effect on extending half-life, while non-
natural amino acids had a moderate impact, and D-amino acid incorporation showed only a 
minimal effect as shown in Table 4. 

 

Table 4: Top 5 peptide half-lives (seconds) in natural form, with N-terminal and C-terminal 
modifications, and containing non-natural or D-amino acids. 

Natural N-terminal C-terminal Non-natural D-amino acid 

831600 4700160 5580000 874800 86400 

604800 2419200 1296000 609984 42480 

604800 475200 843120 471600 32400 

367200 421200 831600 374400 25200 

288000 378000 727200 272916 21600 
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Prediction of peptide half-life using various Machine learning model: 

 

Material and Methods: 

 

Figure 11: Structural overview of the predictive model for peptide half-life 

Most features were generated using Pfeature, but for modified peptides, additional binary 

profiles were included assigning a value of 1 if the peptide was N-terminally modified, C-

terminally modified, contained D-amino acids, or was cyclic otherwise, a value of 0 was used. 

Also, dataset used for Machine learning were peptides having length ranges from 5 to 50.  

 

RESULTS AND DISCUSSION: 

Performance of prediction model: 

For Natural peptides: 

Various machine learning models were trained separately using individual feature sets such as 

AAC, DPC, and ATC. Initially, models like SVR, Linear Regression, and Ridge were evaluated 

using 20 AAC features. Among them, XGBoost demonstrated the best performance, achieving a 



training R² of 0.66 with an RMSE of 1.31, and a validation R² of 0.29 with an RMSE of 1.82 as 

shown in Table 5. 

Table 5: ML performance for Natural peptide using AAC composition  

Amino acid composition (AAC)  
Training Validation 

Model             
MSE 

             
MAE 

               
RMSE 

            
PCC 

            
R2 

            
MSE 

             
MAE 

               
RMSE 

            
PCC 

            
R2 

SVR 2.89 1.17 1.7 0.69 0.42 3.63 1.49 1.91 0.56 0.22 
Linear 

Regressi
on                                   

3.66 1.47 1.91 0.53 0.27 4.72 1.6 2.17 0.32 -0.01 

Ridge 3.74 1.48 1.93 0.52 0.26 4.92 1.62 2.22 0.3 -0.06 
Lasso 5.12 1.77 2.26 

 
           

-0.02 
4.74 1.78 2.18 

 
           

-0.02 
Random 
Forest 

0.71 0.59 0.84 0.95 0.86 3.49 1.41 1.87 0.61 0.25 

Gradient 
Boosting 

0.58 0.55 0.76 0.96 0.88 3.49 1.44 1.87 0.57 0.25 

AdaBoos
t 

2.22 1.23 1.49 0.8 0.56 4.32 1.65 2.08 0.4 0.07 

K-
Nearest 
Neighbor

s 

3.21 1.27 1.79 0.61 0.36 3.98 1.49 2 0.47 0.14 

XGBoost 1.73 0.98 1.31 0.94 0.66 3.3 1.39 1.82 0.61 0.29 
LightGB

M 
3.27 1.38 1.81 0.71 0.35 3.85 1.58 1.96 0.48 0.17 

 

 

 

 

 

 



 

With DPC features (400), Random Forest Regressor demonstrated the best performance, 

achieving a training R² of 0.79 with an RMSE of 1.04, and a validation R² of 0.3 with an RMSE 

of 1.8 as shown in Table 6. 

Table 6: ML performance for Natural peptide using DPC composition  

Dipeptide Composition (DPC) 
  Training Validation  

Model             
MSE 

             
MAE 

               
RMSE 

            
PCC 

            
R2 

            
MSE 

             
MAE 

               
RMSE 

            
PCC 

            
R2 

SVR 2.63 1.12 1.62 0.73 0.48 3.3 1.44 1.82 0.67 0.29 
Linear 

Regressio
n 

1.68 0.96 1.29 0.82 0.67 7.36 1.82 2.71 0.37 -0.58 

Ridge 1.67 0.96 1.29 0.82 0.67 6.85 1.78 2.62 0.38 -0.47 
Lasso 5.12 1.77 2.26             

-0.02 
4.74 1.78 2.18              

-0.02 
Random 
Forest 

1.08 0.76 1.04 0.91 0.79 3.25 1.3 1.8 0.6 0.3 

Gradient 
Boosting 

1.08 0.79 1.04 0.91 0.78 3.91 1.43 1.98 0.49 0.16 

AdaBoos
t 

3.79 1.5 1.94 0.57 0.25 4.49 1.69 2.12 0.56 0.04 

K-
Nearest 
Neighbor

s 

2.64 1.21 1.62 0.7 0.47 3.57 1.46 1.89 0.52 0.23 

XGBoost 1.2 0.8 1.09 0.9 0.76 3.44 1.37 1.85 0.58 0.26 
LightGB

M 
3.63 1.45 1.9 0.57 0.28 3.86 1.56 1.97 0.58 0.17 

 

 

 

 

 



 

With ATC features (4), KNN demonstrated the best performance, achieving a training R² of 0.36 

with an RMSE of 1.79, and a validation R² of 0.3 with an RMSE of 1.81 as shown in Table 7. 

Table 7: ML performance for Natural peptide using ATC composition  

Atomic Composition (ATC) 
  Training Validation  

Model             
MSE 

             
MAE 

               
RMSE 

            
PCC 

            
R2 

            
MSE 

             
MAE 

               
RMSE 

            
PCC 

            
R2 

SVR 4.09 1.5 2.02 0.47 0.19 4.45 1.69 2.11 0.29 0.04 
Linear 

Regressio
n 

4.93 1.72 2.22 0.19 0.02 4.96 1.83 2.23 0           
-0.06 

Ridge 5.03 1.74 2.24 0.13 0 4.8 1.82 2.19 0.08 -0.03 
Lasso 5.12 1.77 2.26 

 
          

-0.02 
4.74 1.78 2.18 

 
-0.02 

Random 
Forest 

0.75 0.63 0.87 0.96 0.85 4.67 1.68 2.16 0.32 0 

Gradient 
Boosting 

0.89 0.69 0.94 0.94 0.82 5.42 1.8 2.33 0.21 -0.17 

AdaBoos
t 

2.98 1.41 1.72 0.71 0.41 5.56 1.92 2.36 0.09 -0.2 

K-
Nearest 
Neighbor

s 

3.21 1.37 1.79 0.6 0.36 3.27 1.41 1.81 0.59 0.3 

XGBoost 2.27 1.14 1.51 0.89 0.55 4.48 1.64 2.12 0.29 0.04 
LightGB

M 
3.85 1.53 1.96 0.61 0.23 4.52 1.74 2.13 0.26 0.03 

 

 

 

 

 



For modified peptides: 

With AAC features (20), LightGBM demonstrated the best performance, achieving a training R² 

of 0.99 with an RMSE of 0.5, and a validation R² of 0.67 with an RMSE of 2.67 as shown in 

Table 8. 

Table 8: ML performance for Modified peptide using AAC composition  

Amino acid composition (AAC) 
  Training Validation  

Model             
MSE 

             
MAE 

               
RMSE 

            
PCC 

            
R2 

            
MSE 

             
MAE 

               
RMSE 

            
PCC 

            
R2 

SVR 0.73 0.53 0.85 0.98 0.97 8.68 1.77 2.95 0.8 0.61 
Linear 

Regressio
n 

19.1 3 4.37 0.52 0.09 39.66 3.5 6.3 0.4 -0.8 

Ridge 19.2 3.01 4.38 0.52 0.08 40.68 3.51 6.38 0.4            
-0.85 

Lasso 25.67 4.23 5.07 
 

          
-0.22 

27.21 4.34 5.22 
 

-0.24 

Random 
Forest 

1.98 0.82 1.4 0.96 0.91 9.1 1.76 3.02 0.8 0.59 

Gradient 
Boosting 

2.41 0.95 1.55 0.95 0.89 9.31 1.87 3.05 0.78 0.58 

AdaBoos
t 

8.14 2.1 2.85 0.91 0.61 13.48 2.61 3.67 0.8 0.39 

K-
Nearest 
Neighbor

s 

5.58 1.33 2.36 0.87 0.73 8.8 1.67 2.97 0.8 0.6 

XGBoost 0 0.02 0.06 1 1 8.81 1.65 2.97 0.79 0.6 
LightGB

M 
0.26 0.28 0.5 0.99 0.99 7.15 1.55 2.67 0.83 0.67 

 

 

 

 



 

With DPC features (400), KNN demonstrated the best performance, achieving a training R² of 

0.85 with an RMSE of 1.78, and a validation R² of 0.83 with an RMSE of 1.83 as shown in Table 

9. 

Table 9: ML performance for Modified peptide using DPC composition  

Dipeptide Composition (DPC) 
  Training Validation  

Model             
MSE 

             
MAE 

               
RMSE 

            
PCC 

            
R2 

            
MSE 

             
MAE 

               
RMSE 

            
PCC 

            
R2 

SVR 0.56 0.19 0.75 0.99 0.97 6.31 1.48 2.51 0.84 0.69 
Linear 

Regressio
n 

4.99 1.37 2.23 0.89 0.77 36.11 3 6.01 0.65           
-0.78 

Ridge 4.97 1.37 2.23 0.89 0.77 35.05 2.97 5.92 0.65 -0.73 
Lasso 26.2 4.25 5.12              

-0.22 
25.24 4.26 5.02   -0.24 

Random 
Forest 

0.99 0.52 0.99 0.98 0.95 4.1 1.21 2.02 0.9 0.8 

Gradient 
Boosting 

4.84 1.42 2.2 0.92 0.77 9.42 2.05 3.07 0.76 0.54 

AdaBoos
t 

18.29 3.19 4.27 0.57 0.15 18.13 3.43 4.26 0.63 0.11 

K-
Nearest 
Neighbor

s 

3.18 1.02 1.78 0.93 0.85 3.35 1.04 1.83 0.92 0.83 

XGBoost 0.41 0.24 0.64 0.99 0.98 8.51 1.74 2.92 0.8 0.58 
LightGB

M 
3.04 1.04 1.74 0.93 0.86 6.35 1.57 2.52 0.84 0.69 

 

 

 

 

 



 

With ATC features (4), Ranom Forest Regressor demonstrated the best performance, achieving 

a training R² of 0.82 with an RMSE of 1.95, and a validation R² of 0.3 with an RMSE of 3.76 as 

shown in Table 10. 

Table 10: ML performance for Modified peptide using ATC composition  

Atomic Composition (ATC) 
  Training Validation  

Model             
MSE 

             
MAE 

               
RMSE 

            
PCC 

            
R2 

            
MSE 

             
MAE 

               
RMSE 

            
PCC 

            
R2 

SVR 14.34 2.61 3.79 0.62 0.33 15.16 2.75 3.89 0.57 0.25 
Linear 

Regressi
on 

22.11 3.6 4.7 0.36             
-0.03 

24.3 3.78 4.93 0.25 -0.2 

Ridge 22.42 3.63 4.73 0.35 -0.05 24.15 3.77 4.91 0.26           
-

0.19 
Lasso 26.2 4.25 5.12   -0.22 25.24 4.26 5.02   -

0.24 
Random 
Forest 

3.8 1.18 1.95 0.94 0.82 14.15 2.57 3.76 0.62 0.3 

Gradient 
Boosting 

8.46 1.91 2.91 0.82 0.6 15.65 2.87 3.96 0.56 0.23 

AdaBoos
t 

18.83 3.38 4.34 0.59 0.12 20.19 3.52 4.49 0.4 0 

K-
Nearest 
Neighbor

s 

12.67 2.39 3.56 0.69 0.41 14.9 2.65 3.86 0.59 0.27 

XGBoost 3.74 1.11 1.93 0.93 0.83 15.48 2.74 3.93 0.57 0.24 
LightGB

M 
7.48 1.75 2.73 0.83 0.65 14.96 2.74 3.87 0.59 0.26 

 

 

The best-performing model for modified peptides was K-Nearest Neighbors (KNN) using 

Dipeptide Composition (DPC) features, combined with binary indicators for N-terminal 

modification, C-terminal modification, presence of D-amino acids, and non-natural residues. This 

model achieved a training R² of 0.85 with an RMSE of 1.78, and a validation R² of 0.83 with an 

RMSE of 1.83, indicating strong performance without signs of overfitting. 

In contrast, for natural peptides, model performance was lower. The best result came from 

XGBoost with Amino Acid Composition (AAC) features, reaching a training R² of 0.66 (RMSE 

1.31) and a validation R² of only 0.29 (RMSE 1.82). 



This suggests that more advanced approaches, such as deep learning or large language models 

(LLMs), could be explored in the future to improve prediction accuracy, especially for natural 

peptides. 

 

 

 

 

 

 

 

 

 

 

 

 



 

 

 

Chapter-4 

 

Conclusion 
 

 

  



Peptides are promising therapeutic agents due to their high specificity and broad physiological 

roles, including functioning as hormones, neurotransmitters, and antimicrobial agents. However, 

their clinical development faces challenges such as enzymatic degradation, poor oral 

bioavailability, and rapid clearance. To improve stability and efficacy, several modification 

strategies have been explored, including cyclization, incorporation of D-amino acids and unnatural 

residues, and advanced delivery systems. 

To support rational peptide design, we developed PEPlife2 

(https://webs.iiitd.edu.in/raghava/peplife2/), a significantly expanded database containing 4,486 

entries with detailed annotations on sequence features, modifications, biological activity, assay 

conditions, and half-life data. PEPlife2 introduces tools like 3D visualization, residue-level 

modification mapping, and an API for programmatic access. 

We also implemented machine learning models to predict peptide half-life. The best-performing 

model for modified peptides was KNN using dipeptide composition (DPC) and binary indicators 

for structural modifications, achieving a training R² of 0.85 and validation R² of 0.83. For natural 

peptides, performance was lower, with XGBoost using amino acid composition (AAC) achieving 

a training R² of 0.66 and validation R² of 0.29. These results suggest that more advanced models, 

such as deep learning or large language models (LLMs), could further improve prediction 

accuracy. 

Overall, PEPlife2 is a valuable resource for peptide research, advancing the development of more 

stable and effective peptide-based therapeutics. 

. 
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